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Abstract

Background: The safety planning intervention (SPI) is a suicide prevention intervention that results in a written plan to help
patients reduce suicide risk. High-quality safety plans—that is, those that are the most complete, personalized, and specific—are
more effective in reducing suicide risk. Measuring SPI quality is labor-intensive, which means that clinicians rarely get specific,
actionable feedback on their use of the SPI.

Objective: This study aimed to develop the Safety Plan Fidelity Rater, an automated tool that assesses the quality of written
safety plans leveraging 3 large language models (LLMs)—GPT-4, LLaMA 3, and o3-mini.

Methods: Using 266 deidentified safety plans from outpatient mental health settings in New York, LLMs analyzed four key
steps: warning signs, internal coping strategies, making the environment safe, and reasons for living. We compared the predictive
performance of the three LLMs, optimizing scoring systems, prompts, and parameters.

Results: Findings showed that LLaMA 3 and o3-mini outperformed GPT-4, with different step-specific scoring systems
recommended based on weighted F1-scores.

Conclusions: These findings highlight LLMs’ potential to provide clinicians with timely and accurate feedback on safety plan
quality, which could greatly improve its implementation in community practice.

(JMIR Ment Health 2026;13:e79010)   doi:10.2196/79010

KEYWORDS

suicide; mental health informatics; generative AI; clinician support; patient-reported data; artificial intelligence

Introduction

The safety planning intervention (SPI) is a widely used,
evidence-based intervention to prevent suicide [1]. It is designed
to help patients develop awareness of their personal warning
signs and pre-plan specific strategies to use to prevent and
manage acute suicidal crises [1]. The written safety plan that
results from SPI has six steps: (1) identifying internal warning
signs of an impending acute suicidal crisis; (2) identifying
distracting activities the individual can do by themselves; (3)
identifying people and social settings that can be used for
distraction; (4) identifying friends and family that the individual
can reach out to for help; (5) identifying professionals and
professional resources the individual can reach out to for help;
and (6) developing an action plan to reduce access to lethal

means. In some cases, the written safety plan includes an
optional Step 7, which identifies the patient’s reasons for living.
SPI reduces suicidal behavior following emergency department
discharge by almost half compared to usual care [2].
Unfortunately, evidence suggests that clinicians do not
implement SPI as intended, which likely decreases its
effectiveness in reducing suicidal behavior [3-5].

Providing real-time feedback to clinicians could greatly enhance
their use of the SPI [4,6,7]; however, the current state of the
science requires direct observation by expert clinicians to
provide this feedback. Even providing useful, asynchronous
feedback based on recorded SPI sessions is challenging. While
an alternative approach of rating the quality of the written safety
plan is more scalable, using human coders still requires
significant time and training [8].
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Applying large language models (LLMs) in mental health care
services can improve service delivery [9]. Existing LLM
applications have primarily focused on risk prediction, rather
than on evaluating the quality of clinical care. One study found
that only 15% of LLM applications in mental health research
focused on supporting treatment and intervention practices,
whereas 47% concentrated on risk prediction [10]. Even among
the few studies on treatment and intervention support, most
have focused on clinical documentation summarization and
information extraction, rather than providing feedback on
treatment quality. There has been some attempt to use LLMs
to improve suicide prevention. For example, one study evaluated
the presence of the components of the SPI documented in the
electronic health record using traditional rule-based natural
language processing methods, finding that computational
approaches can be used to understand suicide prevention
interventions in real-world settings [11]. This effort could be
further advanced by applying LLM techniques to assess the
fidelity of written safety plans in a more nuanced and
contextually sensitive manner without the need for ontological
reasoning.

In this pilot study, we developed and pilot-tested an automated
Safety Plan Fidelity Rater (SPFR), an artificial intelligence (AI)
aid for scoring safety plans. We developed the SPFR by
comparing three LLMs based on their weighted F1-scores and
optimizing their prompts and parameters to maximize
performance. We hypothesized that o3-mini would outperform
GPT-4 and LLaMA 3 in effectively scoring written safety plans
compared to scores assigned by trained clinical coders because
of its advanced reasoning capabilities.

Methods

Data
We analyzed 266 deidentified written safety plans collected as
part of a Zero Suicide implementation project [12]. Safety plans
were collected from patients who received the SPI across 61
outpatient mental health clinics in New York State. Patient
demographic data were not available in this study; only the
written responses on the safety plans were used for analysis.
Written responses on the safety plan are intended to be
collaboratively developed by the clinician and the patient
together. Coders assessed safety plan response quality using
the SPI Scoring Algorithm (SPISA; GKB, unpublished data,
2023). The SPISA consists of 20 items measuring the quality
and completeness of written responses across seven steps of the
safety plan form: warning signs, internal coping strategies, social
contacts and social settings, social contacts for a crisis,
professionals for a crisis, making the environment safe, and

reasons for living. The quality of response codes evaluates how
specific and personalized the response is, as well as its relevance
to each step’s purpose. Completeness of response codes
evaluates whether a response is present or absent on a given
line. We focused on developing an automated scoring tool for
the quality of responses, particularly for the following four steps
of the Safety Plan: warning signs, internal coping strategies,
making the environment safe, and reasons for living. The
remaining three steps were excluded due to a high number of
missing entries following the deidentification process, as they
often contained personal information (eg, names and phone
numbers) that were redacted in compliance with the Health
Insurance Portability and Accountability Act of 1996 using the
Safe Harbor method.

Below are the definitions of the four target steps, along with
fictitious but realistic examples:

• Warning signs: specific thoughts, feelings, physiological
states, or behaviors that are associated with the development
of a suicidal crisis (eg, “not sleeping well,” “my heart starts
pounding faster”).

• Internal coping strategies: activities the patient can engage
in by themselves that distract from suicidal urges and allow
time for the crisis to pass (eg, “write in my journal,”
“listening to the Beatles”).

• Making the environment safe: an action plan that the client
will complete to reduce access to lethal means (eg, “get rid
of unused medication,” “lock up my firearm and give the
key to my brother”).

• Reasons for living: things that matter most to clients and
give them a sense of purpose and motivation to continue
living (eg, “my family,” “I want to go to college, become
a nurse, and help people”).

The maximum possible number of responses differed for each
step: 3 for warning signs, 3 for internal coping strategies, 2 for
making the environment safe, and 1 for reasons for living. If
more than the maximum number of responses were present for
a given step, the SPISA dictates for the highest coded responses
to be chosen up to the maximum number (eg, if for warning
signs, 4 responses were given of 3, 3, 2, and 1, then the top 3
highest scores of 3, 3, and 2 are chosen). Among 2210 individual
responses across four steps from the 266 safety plan forms, we
observed 772 responses for warning signs, 770 responses for
internal coping strategies, 405 responses for making the
environment safe, and 263 responses for reasons for living.

In Figure 1, we present a workflow diagram illustrating an
example of the safety plan steps, the SPFR development, and
output.
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Figure 1. Workflow of the Safety Plan Fidelity Rater development. LLM: large language model; OCR: optical character recognition; SPI: safety
planning intervention.

Optical Character Recognition
The original data files are PDF documents containing typed
safety plans without handwritten content. We applied Tesseract
[13], an open-source text recognition engine, to extract text for
LLM development. After converting the PDF files to TIFF
format using the Python Imaging Library (Python Software
Foundation), we applied Tesseract version 5 with default
configurations for English text extraction, generating plaintext
output.

Parsing
The original dataset included safety plan responses along with
metadata (eg, step titles, operational definitions, and page
numbers). First, to focus solely on responses, metadata elements
were removed. Second, documents with clear “Step X” headings
(eg, “Step 1. Warning signs”) were parsed directly to extract
the response content for each step. In cases without explicit step
markers, pattern matching based on recurring labels (eg,
“Warning signs: 1., 2.… Internal Coping Strategies: 1., 2.…”)
was used to segment the responses. Third, for the final step (eg,
“Step 7: Reasons for living”), which lacks a clear ending marker
(such as a “Step 8”), we used other textual indicators appearing
after the last step (eg, “The Stanley-Brown Safety Plan...”) to
identify the end of the response. Finally, after extracting the
responses for each step, they were further processed because

each response requires separate scoring. If the responses were
numbered (eg, “1. 2. 3.”), this numbering was used to split and
identify each response individually. In instances where the
responses were not numbered, the text was divided by new line
characters, and each line was treated as a distinct response.

Prompt Development and Scoring Algorithm
We used a zero-shot prompting strategy to rate each response
and compared the model performance of three scoring systems.
The prompt was developed based on the SPISA coding manual
and iteratively refined to enhance the model’s performance
throughout the process. We tested 3 scoring systems: the original
scoring system based on SPISA, a high-precision system, and
a low-to-moderate precision system. The 4-score original system
consists of four levels: (0) no response, (1) general, (2)
somewhat specific, and (3) highly specific. Examples of
responses with varying levels of precise specificity and
corresponding scores are provided in Textbox 1. The 3-score
high precision system has (0) no response, (1) general, and (2)
somewhat and highly specific. The 3-score low-to-moderate
precision system has (0) no response, (1) general and somewhat
specific, and (2) highly specific responses. To improve the
explainability of the rater [14], we also incorporated reasoning
generation for each score, ensuring that clinicians receive
interpretable feedback.
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Textbox 1. Prompt example for step 1: warning signs.

Instruction Prompt = '''Given the following responses, evaluate the quality of written personal "Warning signs among patients with suicide risk.
Warning signs are specific thoughts, feelings, physiological states, or behaviors that may indicate suicidal crisis. For each response, return a score
based on the criteria and provide clear reasoning for the score.

Criteria for scoring:

0 - No response provided, responses stating "Nothing provided" or "Nothing listed," or responses that do not clearly indicate that the clinician at least
tried to elicit a response (e.g., "Client was very guarded", "Client declined to answer").

1 - Not relevant to warning signs of suicide (e.g., "Call therapist"), vague thoughts (e.g., "Bad thoughts"), unexplained emotions (e.g., "Moody",
"Angry", "Sad", "Frustrated", "Stressed"), or unclear situations (e.g., "Relationship problems").

2 - Somewhat personalized. The response includes some specific details of the thoughts (e.g., "Repeated thoughts", "Don't want to talk to anyone"),
feelings (e.g., "Start to get anxious", "Not in a good mood"), and situations (e.g., "Not sleeping well", "I get headaches", "Having argument with
husband") but lacks enough detail to fully assess suicide risk.

3 - Highly personalized. The responses include specific thoughts (e.g., "Any suicidal thoughts, plans, or intentions," "When I think I can't take it
anymore," "Thoughts like I want to be left alone, leave me alone"), detailed feelings (e.g., "Feeling trapped and stuck," "Feeling an overwhelming
emptiness," "The feeling of having no one to talk to"), or intense symptoms (e.g., "Clenched fists," "Hearing voices", "Excessive sleep disturbance").

Combination responses: If a response combines multiple elements where each element would independently score a 2 (e.g., "Start to get anxious and
start crying"), assign a score of 3 instead of 2. If a response combines multiple elements where each element would independently score a 1, assign a
score of 1.

Response: {response_text}

Output:

Score: [score]

Reasoning: [Clearly outline the specific indicators used for assessment and explain how they are scored. Provide concrete examples or threshold
criteria to justify your decision, making the prediction results more explainable]'''

Large Language Models
Using Microsoft Azure Databricks, we assessed the performance
of the Safety Plan Fidelity Rater (SPFR) tool using the
SPISA-coded data and three LLMs: GPT-4, LLaMA 3, and
o3-mini. We originally selected only GPT-4 because it tends to
perform clinical coding tasks well, but we wanted to understand
whether an open-weight model, such as LLaMA 3, was
comparable in performance. In addition, o3-mini’s reasoning
ability outperformed this baseline model. For GPT-4 and
LLaMA 3, we compared models using 3 temperature settings
(0.1, 0.5, and 0.9). For o3-mini, we evaluated performance
across three reasoning effort levels (low, medium, and high).
Four steps of the safety plan were evaluated by comparing the
weighted F1-score (a measure of how accurately a model makes
predictions by balancing the impact of different types of

prediction errors and ensuring that categories with more data
have a greater influence on the final score, with scores ranging
from 0 to 100). In this study, we define the best-performing
model as the one with the highest weighted F1-score, indicating
the most accurate predictive performance. We selected F1-score
because it is a recommended metric especially for multiclass
prediction with imbalanced data [15], providing a more reliable
measure of model performance by balancing both precision and
recall. We additionally conducted a McNemar test to examine
whether the best-performing model is significantly better
statistically than the other LLMs.

In Textbox 1, we provide an example prompt for Step 1: warning
signs using the original 4-value SPISA scoring system and Table
1 for the associated predictions and reasoning for each of the 3
LLMs.
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Table . Examples of prediction results with reasoning for Step 1: warning signs for each large language model.

Prediction resultsLarge language model

GPT-4 • Response: ‘excessive sleeping, hearing voices’
• Rater’s score: 3
• Large language model prediction score: 3
• Reasoning: The response includes highly personalized and intense

symptoms that are specific and clearly indicative of a suicidal crisis.
“Excessive sleeping” and “hearing voices” are detailed and severe
indicators that highlight significant distress and potential danger,
both of which are crucial for assessing suicide risk. These elements
align with the criteria for a score of 3, which encompasses specific
and highly personalized thoughts, feelings, or symptoms.

LLaMA 3 • Response: ‘excessive sleeping, hearing voices’
• Rater’s score: 3
• Large language model prediction score: 3
• Reasoning: The response includes two specific indicators that are

highly relevant to warning signs of suicide.

o3-mini • Response: ‘excessive sleeping, hearing voices’
• Rater’s score: 3
• Large language model prediction score: 3
• Reasoning: The response includes two specific and detailed indicators.

“Excessive sleeping” is a concrete behavioral or physiological sign,
and “hearing voices” is an intense symptom that falls under highly
personalized indicators. Both elements are explicitly mentioned in
the criteria as examples of intense or specific warning signs, making
the overall response highly personalized. These details go beyond
vague or general statements and clearly indicate significant risk fac-
tors, justifying a score of 3.

Ethical Considerations
This study was approved by the University of Pennsylvania
Institutional Review Board (852245) with the data use
agreement and transfer (68141/02) from Columbia University.

Results

Data Characteristics
The number of responses scored by coders, with scores of 0, 1,
2, or 3, displayed an asymmetrical distribution (Figure 2). For
warning signs responses (n=772), the highest proportion of

responses (301/772, 38.99%) received a score of 2, followed
by 38.6% (298/772) scoring 3, 17.88% (138/772) scoring 1,
and 4.53% (35/772) scoring 0. For internal coping strategies
(n=770), 44.94% (346/770) of responses scored 1, followed by
29.87% (230/770) scoring 2, 19.61% (151/770) scoring 3, and
5.58% (43/770) scoring 0. Among responses on making the
environment safe (n=405), 36.54% (148/405) scored 1, followed
by 28.64% (116/405) scoring 0, 24.69% (100/405) scoring 2,
and 10.12% (41/405) scoring 3. Finally, for reasons for living
(n=263), most responses (69.96%, 184/263) scored 2, with
15.21% (40/263) scoring 3, 8.37% (22/263) scoring 0, and
6.46% (17/263) scoring 1 (Figure 2).
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Figure 2. Distribution of responses by quality scores coded by trained raters.

The prediction model for the quality scores of safety plan
responses varied according to different scoring systems and
LLMs (Table 2). We assessed four key questions: (1) How well
do LLMs perform using the original scoring system? (2) Do

LLMs have improved performance with high and
low-to-moderate precision scoring systems? (3) Does one LLM
outperform the others more consistently across steps? and (4)
Which LLM is most consistent in its ratings?

Table . Weighted F1-score across large language models. Mean refers to the average weighted F1-score across different hyperparameters (eg, temperature
for GPT-4 and LLaMA 3, reasoning effort for o3-mini).

o3-miniLLaMA 3GPT-4SPIa step

RangeMaxMinSDMeanRangeMaxMinSDMeanRangeMaxMinSDMean

Step 1: warning signs

3.6440.3036.661.7038.120.7552.2251.470.3151.780.6649.2348.570.2748.93    Original

1.4360.4659.030.7959.530.6779.12b78.450.3778.682.6074.7172.111.0773.51    High

2.1864.0261.841.1063.040.8365.9465.110.3865.391.1064.3963.293.0163.76    L-t-Mc

Step 2: internal coping strategies

4.1760.7356.561.8458.861.0660.6559.590.5460.191.3854.0852.700.5953.27    Original

3.9072.5768.671.6370.501.0773.1872.110.5572.771.3364.8563.520.5464.22    High

2.8381.13b78.301.6580.150.4079.5379.130.1779.331.8677.9476.080.7776.92    L-t-M

Step 6: making environment safe

2.0060.5258.520.8759.730.3358.6858.350.1458.520.9257.2456.320.3856.84    Original

1.6968.5566.860.7267.900.4567.6167.160.1967.380.8064.7263.920.3364.33    High

3.6076.56b72.961.9674.381.0874.8273.740.5674.402.1275.7373.611.1775.01    L-t-M

Step 7: reasons for living

9.5578.8169.264.5574.471.1479.5278.380.5878.863.5777.2273.651.6875.79    Original

0.5791.99b91.420.2491.720.6491.0290.380.2790.694.3089.9785.672.0788.23    High

9.0584.4475.394.0680.560.1984.3484.150.0984.213.1982.7179.521.7381.61    L-t-M

aSPI: safety planning intervention.
bThe best-performing model for this step.
cL-t-M: low-to-moderate precision system scale.
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How well do LLMs score the original scoring system? The
mean performance (F1-score) for original scoring systems ranged
by steps: warning signs: 38.12‐51.78; internal coping
strategies: 53.27‐60.19; making environment safe:
56.84‐59.73; and reasons for living: 74.47‐78.86.

Do LLMs have improved performance with high and
low-to-moderate precision scoring systems? We observed
increases in predictive power with augmented precision scoring
systems. The most elevated mean performance by scoring
systems ranged by steps: warning signs (high): 59.53‐78.68;
internal coping strategies (low-to-moderate): 76.92‐80.15;
making environment safe (low-to-moderate): 74.38‐75.01;
and reasons for living (high): 88.23‐91.72.

Does one LLM outperform the others more consistently across
steps? LLaMA 3 produced the best predictive performance with
the highest F1-score for warning signs (high): 79.12; o3-mini
produced the best predictive performance for internal coping

strategies (low-to-moderate): 81.13, making environment safe
(low-to-moderate): 76.56, and reasons for living (high): 91.99.

Which LLM is most consistent in its ratings? LLaMA 3 (0.72)
produced the most consistent performance, with the smallest
mean range difference across different parameter values,
compared to GPT-4 (1.99) and o3-mini (3.72).

Best-Performing Model for Each Step
The best-performing model for each step, defined as the model
with the highest weighted F1-score across LLMs and scoring
systems, was as follows (Figure 3). In addition, we conducted
a McNemar test to examine whether the best-performing model,
based on the highest weighted F1-score, differed significantly
from the other LLMs. In other words, we compared the model
with the highest weighted F1-score against each of the other
models; for example, GPT-4 versus LLaMA 3, LLaMA 3 versus
o3-mini, and o3-mini versus GPT-4.
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Figure 3. Best-performing model performance across steps, scoring systems, and large language models. L-t-M: low-to-moderate precision system
scale.

• Step 1: Warning signs: The best-performing system was
the high precision scoring system using LLaMA 3 with a
temperature of 0.1, achieving a weighted F1-score of
79.12%. According to the McNemar test result, this LLaMA
3-based model showed a statistically significantly higher
F1-score than both GPT-4 (P=.01) and o3-mini (P<.001).

• Step 2: Internal coping strategies: The best-performing
system was the low-to-moderate precision scoring system

using o3-mini with medium reasoning effort, achieving a
weighted F1-score of 81.13%. This model showed a
statistically significantly higher F1-score than GPT-4
(P<.001), but no significant difference compared to LLaMA
3 (P=.25).

• Step 6: Making the environment safe: The best-performing
system was the low-to-moderate precision scoring system
using o3-mini with medium reasoning effort, achieving a
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weighted F1-score of 76.56%. Although this model reported
the highest weighted F1-score among the 3 LLMs, there
were no statistically significant differences in F1-score
compared to GPT-4 (P=.08) or LLaMA 3 (P=.39).

• Step 7: Reasons for living: The best-performing system
was the high precision scoring system using o3-mini with
medium reasoning effort, achieving a weighted F1-score of
91.99%. This model reported no statistically significant
differences in F1-score compared to GPT-4 (0.87) and
LLaMa 3 (P=.10).

The confusion matrix in Figure 4 illustrates how well the
top-performing models’ predicted scores align with the raters’
scores across different categories. For Step 1, warning signs
responses with the high precision scoring system, among those
scored as 0 by coders, 54% (19/35) were correctly predicted as
0 by the LLM model, while 31% (11/35) were misclassified as
1, and 14% (5/35) were misclassified as 2. Among responses
scored as 1, 88% (121/138) were correctly predicted as 1, while
12% (17/138) were misclassified as 2. Among responses scored
as 2, 76% (455/599) were correctly predicted as 2, while 1%
(6/599) were misclassified as 0, and 23% (138/599) were
misclassified as 1.

Figure 4. Confusion matrix of the best-performing large language model.

For Step 2, internal coping strategies responses with the
low-to-moderate precision scoring system, among those scored
as 0 by coders, 51% (22/43) were correctly predicted as 0 by
the LLM model, while 44% (19/43) were misclassified as 1,
and 5% (2/43) were misclassified as 2. Among responses scored
as 1, 93% (536/576) were correctly predicted as 1, while 1%
(6/576) were misclassified as 0, and 6% (35/576) were
misclassified as 2. Among the responses rated as 2, 50%
(76/151) were correctly predicted as 2, while 50% (76/151)
were misclassified as 1.

For Step 6, making the environment safe responses with the
low-to-moderate precision scoring system, among those scored

as 0 by coders, 83% (96/116) were correctly predicted as 0 by
the LLM model, while 17% (20/116) were misclassified as 1.
Among responses scored as 1, 76% (188/248) were correctly
predicted as 1, while 16% (40/248) were misclassified as 0, and
8% (20/248) were misclassified as 2. Among responses scored
as 2, 61% (25/41) were correctly predicted as 2, 7% (3/41) were
misclassified as 0, and 32% (13/41) were misclassified as 1.

For Step 7, reasons for living responses with the high precision
scoring system, among those scored as 0 by coders, 82% (18/22)
were correctly predicted as 0 by the LLM model, while 9%
(2/22) were misclassified as 1, and another 9% (2/22) were
misclassified as 2. Among responses scored as 1 by coders,
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71% (12/17) were correctly predicted as 1, while 29% (5/17)
were misclassified as 2. Among responses scored as 2, 94%
(211/224) were correctly predicted as 2, and 6% (13/224) were
misclassified as 1.

The results across different steps indicate variations in precision
and recall for each score value (Figure 5). In Step 1, warning
signs, Score 0 demonstrated moderate precision (0.79) and low
recall (0.54); Score 1 had low precision (0.45) yet high recall
(0.88); and Score 2 had high precision (0.95) with moderate
recall (0.76). In Step 2, internal coping strategies, Score 0

achieved high precision (0.81) but had low recall (0.51); Score
1 showed both high precision (0.85) and recall (0.93); and Score
2 showed both low precision (0.67) and recall (0.50). In Step
6, making the environment safe, Score 0 had a moderate
precision (0.70) and high recall (0.83); Score 1 had high
precision (0.85) and moderate recall (0.76); and Score 2 had
both low precision (0.54) and recall (0.61). In Step 7, reason
for living, Score 0 had both high precision (0.95) and recall
(0.82); Score 1 had low precision (0.44) but moderate recall
(0.71); Score 2 had both high precision (0.97) and recall (0.94).

Figure 5. Precision and recall of the best-performing large language model.

Discussion

Principal Findings
We assessed the performance of 3 LLMs for scoring written
safety plans. SPFR accuracy improved when using the 3-point
scoring systems compared to the original 4-point scoring system.
No one LLM provided the most optimal performance across
steps and scoring systems. The findings of this study offer
significant methodological advancements and areas for future
research, particularly as they apply to the clinical implications
of this line of research.

From a clinical practice perspective, while existing LLM
applications in suicide prevention focus on screening, diagnosis,

or delivering eHealth services to patients [9,16], to our
knowledge, this study is innovative by demonstrating the utility
of LLM in assessing written safety plan quality. At this stage,
this work is too premature to apply different scoring systems
practically, and further research is needed to determine the best
LLM and scoring system to deploy across all steps of the safety
plan. Future research will also evaluate the associations of the
different scoring systems with patient outcomes (eg, suicidal
behavior) and determine if changing the original scoring system
is useful. A deeper understanding of different LLM-based
scoring systems across all the steps of the safety plan and their
clinical implications is essential for optimizing the provision
of reliable, accurate feedback to clinicians. Specifically, given
the preliminary nature of this work, further research is needed
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to optimize and select the best LLM model for scoring the entire
written safety plan, as this pilot work only focused on four of
the seven steps. In addition, before modifying the original
scoring system to improve rating performance, research is
needed to understand how potential modifications in scoring
might impact associations with patient outcomes (eg, suicidal
behavior) to determine if changes to the scoring system are both
face valid and warranted. For instance, we can test the
hypothesis that the SPFR implemented with the high precision
scoring system predicts patient suicidal behavior with greater
accuracy than the SPFR implemented with the low-to-moderate
scoring systems. Beyond predictive accuracy and associations
with patient outcomes, future research should also explore
different implementation strategies for providing feedback to
clinicians in order to design a tool that is most useful for clinical
practice. The ultimate goal of this line of research is to establish
that the automatic scoring system that is designed can enhance
the quality of written safety plans. Incorporating qualitative
evaluations, such as experts’ agreement with LLMs’ reasoning,
can further improve the interpretability and acceptability of
AI-generated feedback. Furthermore, embedding this tool within
electronic health records systems would enable direct integration
with documented safety plans, improving intervention quality
by providing timely and actionable feedback to clinicians. For
example, an integrated SPFR in the electronic health records
that automatically rates safety plans and provides pop-up
feedback to the clinician in real time may lead to increases in
the quality of patient safety plans, which, in turn, may result in
further reducing suicide risk for those patients who receive this
intervention.

From a methodological perspective, this study is a first step in
a line of inquiry about engineering questions to consider when
designing an automatic scoring tool, such as the SPFR, using
medical record data. At this phase, the reported LLM models
remain under experimental testing, and future work is needed
to evaluate and improve their clinical utility. Beyond selection
of which LLMs to assess, how to set the scoring systems, and
which are most consistent in their ratings, other potential
considerations include: (1) selecting one LLM model for all 7

steps of safety plan or select the best-performing model for each
step, (2) creating an LLM ensemble-based voting approach to
assign a single score for each step, and (3) introducing few-shot
learning and emerging methodologies to optimize LLM
performance. Further, ethical considerations will be essential
for the use of this tool in clinical practice. For instance,
improving the transparency of LLM predictions can help
clinicians understand the rationale behind the scores better,
thereby supporting informed and responsible decision-making.
In addition, evaluating these tools using data from more diverse
and generalizable samples will be important for reducing bias
and promoting the fairness of AI.

This study has several limitations. First, we assessed a selected
sample, which consisted of typed safety plans that closely
aligned with the Stanley-Brown Safety Plan form. Hence, these
findings may not generalize to settings where safety plans are
handwritten or vary in formatting. Our post hoc evaluation using
the McNemar test revealed that performance differences between
the LLMs (GPT-4, LLaMa 3, and o3-mini) were only partially
significant. Therefore, it may be premature to draw definitive
conclusions about which LLM performs best. Further evaluation
with larger and more generalizable datasets is recommended.

Related Works
This study is one of the few, but critical, emerging works in
automated methods for scoring, characterizing, and assessing
the efficacy of written safety plans. Boggs et al [11] developed
a natural language processing and rules-based system based on
the ConText algorithm for identifying documented professional
contacts, lethal means counseling for firearms, and lethal means
counseling for medication access and storage from safety plans.
Our study builds upon this work as the first study to apply LLMs
to automatically score the quality of safety plans.

Conclusions
From this pilot project, we conclude that LLMs have the
potential to support an automatic SPFR system and have
identified clear paths toward improving LLM scoring
performance and SPFR methodological development.
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Abstract

Background: Household chaos is an emerging risk factor for childhood obesity development, especially in families with lower
socioeconomic status (SES). It is unclear if changes in household chaos, especially in pregnancy, may mediate the effectiveness
of weight-related behavioral interventions.

Objective: This study aimed to describe how household chaos changed across gestation and determine whether household chaos
mediated the effect of an eHealth behavioral gestational weight gain (GWG) intervention in pregnant people with low SES.

Methods: Pregnant people who were enrolled in the US Special Supplemental Nutrition Program for Women, Infants, and
Children (WIC) were recruited for a randomized controlled trial testing the effectiveness of an eHealth-based pragmatic intervention
for GWG management. The usual care group received the standard WIC program guidance and monthly health coach support
with general pregnancy recommendations. The intervention group received the standard WIC program plus health information
via email and weekly health coach discussions to promote healthy eating and adequate physical activity. Weight and household

chaos were measured at baseline (early pregnancy, 10+0 to 16+6 weeks gestation) and at the end of the intervention (late pregnancy,

35+0 to 37+6 weeks gestation). Household chaos changes across time were examined using a paired t test for the continuous score
and using the McNemar test for household chaos category (improved or no change vs declined). Serial linear regression models
and mediation analyses assessed the relationship between the intervention group (predictor), household chaos change (mediator),
and GWG (outcome) with adjustment for covariates.

Results: Among 258 participants, 53.9% (n=139) were Black, 43.4% (n=112) were nulliparous, 36.0% (n=93) were obese, and
almost half (n=124, 48.1%) were classified as low household chaos at baseline. Overall, there were minimal changes in household
chaos scores from early to late pregnancy (P=.34), although scores and categories tended to be higher in late pregnancy. Household
chaos changes were divided; some improved or had no change (n=140, 54.3%), and some declined (n=118, 45.7%) across gestation.
Household chaos did not mediate the effect of the intervention on GWG.

Conclusions: In this sample, household chaos did not change across gestation and did not explain the effect of an eHealth
behavioral GWG intervention in pregnant people with lower SES. Routine-focused and multilevel interventions may improve
upon these findings to support an organized home for future parent and child health.

Trial Registration: ClinicalTrials.gov NCT04028843; https://www.clinicaltrials.gov/study/NCT04028843

(JMIR Ment Health 2026;13:e74146)   doi:10.2196/74146
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Introduction

The early pregnancy environment can shape the development
and future health of a child [1]. Maternal stress, either acute or
chronic, may negatively impact the intrauterine environment
through increasing allostatic load, which leads to physical and
neurological consequences [2]. Maternal stress, coupled with
poor mental health, has established negative implications for
adverse pregnancy outcomes [3], poor child cognition [4], and
overweight and obesity in adult offspring [5]. Individuals from
lower socioeconomic statuses (SES) may have a heightened
risk for prenatal stress due to continuous exposure to known
stressors [6] such as economic and housing instability [7].
Innovative approaches to lessen maternal stress and improve
mental health among populations facing economic disadvantages
may help improve long-term maternal and child health.

Interventions during pregnancy to improve maternal mental
health have mixed or null results, with some promising
interventions using mindfulness approaches [8]. However, when
considering stress, two separate systematic reviews of 41-44
studies documented that eHealth interventions were effective
at improving pregnant people’s stress [9], including people with
lower SES [10]. Lifestyle interventions for gestational weight
gain (GWG) management have the potential to aid in
establishing routine and healthy lifestyle behaviors and, in turn,
reduce stress. A GWG intervention that trained health
professionals improved anxiety in 205 pregnant people with
obesity [11]. These results are likely attributable to the
intervention’s focus on both diet and exercise, as a different
randomized controlled trial providing supervised exercise
training only did not improve maternal mental health [12].
Adopting a multibehavior lifestyle intervention for appropriate
GWG to eHealth modalities may improve upon existing
effective GWG interventions and reduce maternal stress,
including in people with lower SES who are traditionally hard
to reach, underserved, and have limited access to resources.

Household chaos is an established factor for poor child
development and childhood obesity [13]. Household chaos
differs from individual stress, as it evaluates stress at the home
level; it is characterized by crowding, disorder, and noise in the
home [14]. Higher levels of household chaos may negatively
impact pregnant people’s ability to sustain lifestyle behaviors
and manage stress, such as practicing mindfulness, having
adequate physical activity, or creating a routine within the day
[15]. Making individual changes such as reducing screen time
and prioritizing healthy lifestyle behaviors (eg, sleep and family
meals) may improve household chaos as demonstrated in a
randomized pilot study [16]. These healthy lifestyle behavior
improvements align with common elements of GWG
interventions. However, a systematic scoping review of 111
studies found no studies examining household chaos that were
conducted in pregnant people [13]. Household chaos literature
has primarily focused on parents with young children [13,15,16],
and existing evaluations in pregnancy have used household
chaos as a covariate [17], identifying a significant knowledge

gap. There is potential for household chaos to increase across
gestation as the mother prepares for birth, and this increase may
be offset by prenatal interventions targeting individual health
behaviors to improve maternal and child health. Accordingly,
an eHealth multicomponent lifestyle intervention to promote
recommended GWG was delivered in pregnant people enrolled
in the Special Supplemental Nutrition Program for Women,
Infants, and Children (WIC) [18,19]. There was no significant
difference in the incidence of appropriate GWG according to
prepregnancy BMI-specific National Academy of Medicine
2009 guidelines. However, the intervention group demonstrated
lower study-observed and weekly GWG as well as lower
deviation from GWG guidelines relative to the control group.
This paper describes the results of a preplanned, but not
preregistered, secondary analysis using data collected from the
trial [19], thereby filling a gap in the literature by examining
household chaos across gestation in the context of an
evidence-based lifestyle intervention. Accordingly, this study
seeks to (1) describe changes in household chaos and
stress-related constructs across pregnancy in a lower SES
population and (2) examine if changes in household chaos
mediate the effect of an eHealth intervention on appropriate
GWG in a lower SES population. We hypothesized that
household chaos would increase across gestation (aim 1);
further, household chaos changes would negatively impact and
mediate the effect of a lifestyle intervention on GWG (aim 2).

Methods

Participants and Procedures
Pregnant people enrolled in WIC within the US state of
Louisiana were recruited during 2019-2023 for a 2-arm parallel
design randomized controlled trial aimed at increasing adherence
to GWG recommendations [20]. In brief, women were eligible
to enroll if they had a singleton viable pregnancy, were WIC
recipients for their current pregnancy, were less than 16 weeks

gestational age, had a BMI between 18.5 and 40.0 kg/m2, had
access to a smartphone with internet access, and were willing
to be identified on social media to other participants. Exclusion
criteria were ages younger than 18 years or older than 40 years,
current drug use (including tobacco and alcohol),
non–pregnancy-related chronic disease (cancer, heart disease,
HIV, or type 1 or type 2 diabetes), hypertension (systolic blood
pressure >160 mm Hg or diastolic blood pressure >110 mm Hg
at screening), current unstable mental health or an eating
disorder, plan to move out of the state less than 1 year post
partum, or inability or unwillingness to complete a run-in period
task of keeping an activity diary with at least 80% compliance.
Eligible participants were randomized (stratified by their
respective state region and BMI category) to either a behavioral
intervention for appropriate GWG (alongside usual WIC
services; intervention group) or to receive usual WIC services
only (usual care group). The trial was designed to test the
hypothesis that individuals in the intervention group would have
a higher incidence of appropriate GWG (as defined by the
National Academy of Medicine) relative to the usual care group
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[21]. Details of the study protocol are further described
elsewhere [19].

This secondary analysis used data collected at the baseline visit

in early pregnancy (10+0 to 16+6 weeks gestation) and at the

end-of-intervention visit in late pregnancy (35+0 to 37+6 weeks
gestation). At baseline, participants completed a demographic
questionnaire and other questionnaires related to mental health,
and paper forms were entered into a secure online platform [22].
At the end-of-intervention visit, participants repeated the mental
health questionnaires in the same manner. Anthropometrics
were assessed in-person at both visits.

Intervention Groups
In brief, the behavioral intervention (“Healthy Beginnings”)
was an approximately 24-week eHealth intervention focused
on self-monitoring of weight and weight-related health behaviors
and included personalized feedback from a trained health coach
[19]. The intervention consisted of weekly lessons in the form
of short videos and content related to adequate physical activity,
healthy eating habits, and self-monitoring of weight based on
evidence-based practices. The lessons were supplemented with
weekly individual coaching check-ins, a closed Facebook group
to interact with other study participants, and rewards for
engaging in the intervention (eg, watching videos and
self-monitoring weight). Rewards could be redeemed for
pregnancy and postpartum-related items (eg, diapers).
Participants also received a cellular-enabled scale and a Fitbit
to promote self-monitoring and data from which coaches used
as additional tools for individual counseling sessions. Topics
specific to routine and stress included lessons on time
management, meal preparation, behavior chains, and building
social support, which all occurred in the first 8 lessons, while
later lessons (week 17-24) included information on mindfulness
and relaxation techniques, stress and sleep, and postpartum
depression (Table S1 in Multimedia Appendix 1). No major
changes to eligibility, version content, bugs, or content occurred
during the study.

The usual care group received standard WIC services, which
included general weight management advice, and received
monthly check-ins with a health coach to encourage study
retention. Closed Facebook groups included pregnancy-related
topics other than physical exercise and healthy eating (ie,
non–weight-related).

Household Chaos
The Confusion, Hubbub, and Order Scale was used to assess
household chaos in early and late pregnancy and was previously
validated in mothers of young children [14]. This 15-item
questionnaire investigates agreement with statements related to
the participant’s current household, including disorder,
crowding, and noise. Questions include four Likert scale
response options, ranging from “strongly disagree” to “strongly
agree,” with reverse coding for 8 questions. Responses were
summed, and total scores ranged from 15 to 60, with a higher
score indicating a more chaotic home. The total score was
further categorized based on previous investigations of
household chaos into 4 categories: low (score <25), moderate
to low (score 25-30), moderate to high (score 31-35), and high

(score >35) [23]. Change in household chaos across gestation
was calculated by subtracting early pregnancy scores from late
pregnancy scores.

Gestational Weight Gain
Height and weight were measured during study visits by study
staff before randomization in early pregnancy, and weight was
measured again in late pregnancy. Height was measured using
a portable stadiometer, and weight was measured twice using
a standardized, calibrated electronic scale (Tanita Corp) to the
nearest 0.1 kg with the participant wearing light clothing. BMI

was calculated using the standard formula (kg/m2). GWG was
calculated by subtracting early pregnancy weight from late
pregnancy weight.

Covariates
We explored potential covariates for inclusion in statistical
models based on past literature on maternal stress and household
chaos, which included demographics, other mental health
constructs, and gestational diabetes status [11,12]. At baseline,
participants completed a questionnaire on their race or ethnicity,
marital status, and parity. Participants also completed the
21-item Depression Anxiety Stress Scales (DASS-21), a
questionnaire containing statements related to subscales of
depression, anxiety, and stress [24]. Participants rated how much
a statement applied to them over the prior week with 4 response
options ranging from “never” to “always.” Subscale questions
were summed, with a higher score indicating more frequent
symptoms in that subscale. Consistent with another study of
prenatal stress and household chaos [17], baseline stress was
included as a covariate in our statistical models to isolate the
effect of household chaos. Gestational diabetes status was
obtained through abstraction from birth certificate records
received from the state following delivery in late pregnancy.
Sleep duration was measured using an accelerometer (ActiGraph
GT3x+) placed on the nondominant wrist and worn for 7 days
during early and late pregnancy. Overnight sleep time was
identified using GGIR version 3.0.5 [25]; this R package uses
an algorithm that identifies sleep based on raw accelerometer
data [26,27].

Statistical Analysis
Participants in both the intervention group and the usual care
group who had data for early and late pregnancy household
chaos, GWG, and covariates were retained for analysis.
Frequencies and means of baseline characteristics were
calculated for the entire sample and compared by intervention
group using chi-square or independent-sample t tests for
categorical and continuous data, respectively.

For the first aim, a paired t test was used to determine changes
in household chaos across gestation using the entire sample.
We also explored changes in depression, anxiety, and stress as
measured via the DASS-21 [24]. Household chaos category
changes across time were compared using a McNemar test.
Household chaos change score was categorized as improvement
or no change (score change ≤0) or worsening (score change
>0). The no change group was combined with the improvement
group, as this may be considered another positive indicator of
household chaos, since no changes were seen across a stressful
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time (ie, pregnancy). Identified covariates were compared
between these change groups. To further describe the sample
and changes across pregnancy, we also examined within-group
changes among BMI categories (normal weight, overweight,
obesity) and treatment groups using paired t tests. Within-group
comparisons of early pregnancy, late pregnancy, and change in
household chaos variables with weight-related variables were
examined using Pearson correlations.

For the second aim, the mediation model of intervention
(predictor), household chaos change (mediator), and GWG
(outcome) were tested. Given that the primary paper
demonstrates an intervention effect on GWG [18], this analysis
was not presented. Covariates that were associated with baseline
household chaos (P<.20) were retained, including race and
ethnicity (non-Hispanic White, non-Hispanic Black, Hispanic,
and mixed or other), parity (categories 0, 1, 2+), BMI category
at randomization, time of enrollment with regard to COVID-19
(before March 2020, March 2020-March 2021, April 2021, and
after), and gestational diabetes status (yes or no; Table S2 in
Multimedia Appendix 1). Time of enrollment registered slightly
above our threshold, but was retained due to existing literature
of higher chaos in low-income families during this period [28].
Baseline household chaos was significantly correlated with all
3 subscales of the DASS-21 (Table S3 in Multimedia Appendix
1), and the stress scale was chosen as a covariate to align with
past investigations of household chaos and stress [15]. For
mediation, we conducted a linear regression model of calculated
household chaos change with the intervention’s fixed effect and
adjustment for early pregnancy stress, race and ethnicity, parity,
BMI category, time of enrollment, gestational diabetes status,
and early pregnancy household chaos. Then we conducted two
more linear regression models: (1) the calculated GWG with
the fixed effect of the intervention group, and (2) the calculated

household chaos changes with the outcome of the calculated
GWG using a similar approach and adjustment for the same
covariates. Those models retained the same predictor, outcome,
and covariates for adjustment. This approach was conducted
with the PROCESS vs3.5 macro with 10,000 bootstrap intervals
with unstandardized estimates [29]. Analyses were conducted
using R statistical software (R Foundation for Statistical
Computing) and SAS (version 9.4; SAS Institute), and statistical
significance was set at P less than .05.

Ethical Considerations
Pennington Biomedical Research Center provided institutional
review board and ethics approval (2018-039-PBRC). Written
informed consent was obtained at the early pregnancy visit, and
from all participants in the study prior to study procedures. The
informed consent specified that every effort would be made to
maintain participant confidentiality, including through
deidentifying private information. Participants were
compensated US $25 for each study visit and up to US $150
for completion of all study visits.

Results

Overview
The trial randomized 351 pregnant people, and 348 had complete
baseline data (Tables S4 and S5 in Multimedia Appendix 1).
The 348 individuals were reduced to 258 individuals for
analysis, as 85 individuals did not complete the final visit and
5 did not have late pregnancy household chaos scores (Figure
1). There was no difference in early pregnancy household chaos
score between those included (mean 25.9, SD 7.4; n=258) and
those not included due to missing data (mean 26.6, SD 9.2;
n=60).
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Figure 1. CONSORT diagram for illustrating participant progression through the trial.

As shown in Table 1, there was a comparable distribution across
treatment groups. Participants were primarily non-Hispanic
Black (139/258, 53.9%), married or living with a significant
other (147/258, 57.0%), and nulliparous (112/258, 43.4%).

There was a significant difference in the parity distribution
between treatment groups (P=.02), but no other differences in
maternal characteristics or health outcomes (All P>.05).
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Table 1. Demographic characteristics of included pregnant people (N=258).

P valueaUsual care (n=123)Intervention (n=135)All (N=258)Maternal characteristics

.9927.5 (6.0)27.5 (6.0)27.5 (6.0)Maternal age (years), mean (SD)

.5875.3 (16.5)74.2 (16.4)74.8 (16.9)Weight (kg), mean (SD)

.1832.6 (5.0)31.8 (5.0)32.2 (5.0)BMI (kg/m2), mean (SD)

.9942 (34.1)47 (34.8)89 (34.5)Normal (18.5-24.9), n (%)

—b40 (29.6)36 (26.7)76 (29.5)Overweight (25-29.9), n (%)

—45 (36.6)48 (35.6)93 (36.0)Obese (30-40), n (%)

.35Race and ethnicity, n (%)

11 (8.9)7 (5.2)18 (7.0)Hispanic

40 (32.5)45 (33.3)85 (32.9)Non-Hispanic White

62 (50.4)77 (57.0)139 (53.9)Non-Hispanic Black

10 (8.1)6 (4.4)16 (6.2)Mixed or other

.30Marital status, n (%)

66 (53.7)81 (60.0)147 (57.0)Married/living with significant other

57 (46.3)54 (40.0)111 (43.0)Not married

.91Education level, n (%)

5 (4.1)4 (3.0)9 (3.5)Postgraduate work

14 (11.4)17 (12.6)31 (12.0)College degree

64 (52.0)64 (47.4)128 (49.6)1-3 years of college or technical school

33 (26.8)41 (30.4)74 (28.7)High school diploma or equivalent

7 (5.7)9 (6.7)16 (6.2)Some high school

.02cParity, n (%)

49 (39.8)63 (46.7)112 (43.4)0

42 (34.1)27 (20.0)69 (26.7)1

10 (8.1)24 (17.8)34 (13.2)2

22 (17.9)21 (15.6)43 (16.7)3+

.70Enrollment time, mean (SD)

7 (5.7)8 (5.9)15 (5.8)Pre–COVID-19 (2019-March 2020)

22 (17.9)19 (14.1)41 (15.9)COVID-19 (March 2020-March 2021)

94 (76.4)108 (80.0)202 (78.3)Post–COVID-19 (April 2021-2023)

.6810 (8.1)9 (6.7)19 (7.4)Gestational diabetes, n (%)

.699.3 (8.2)9.7 (8.9)9.7 (8.7)Baseline stress, mean (SD)

aComparisons between groups were conducted using chi-square (categorical variables) or linear regression (continuous variables).
bNot applicable.
cP<.05.

Aim 1: Household Chaos Across Pregnancy
Across both treatment groups combined, most individuals were
classified as having low (score <25, n=124, 48.1%) or moderate
or low (score 25-30, n=73, 28.3%) household chaos in early
pregnancy (Table 2). There were minimal changes in household

chaos scores from early to late pregnancy, although scores and
categories tended to be higher in late pregnancy (Table 2).
Similarly, there were no significant changes in depression or
stress scores, although there was a small improvement in anxiety
among the full sample (Table S6 in Multimedia Appendix 1).
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Table 2. Changes in household chaos across gestation (n=258).

P valueaChangeLate pregnancyEarly pregnancy

.340.49 (8.27)26.4 (8.5)25.9 (7.4)Total score, mean (SD)

.21—bCategory, n (%)

128 (49.6)124 (48.1)Low (<25)

70 (27.1)73 (28.3)Moderate-low (25-30)

22 (8.5)36 (14.0)Moderate-high (31-35)

37 (14.3)25 (9.7)High (36-60)

Household chaos improved or no change (n=140)

.01c–4.4 (5.0)23.4 (6.2)27.9 (7.6)Total score, mean (SD)

.01c—Category, n (%)

86 (61.4)49 (35.0)Low (<25)

40 (28.6)48 (34.3)Moderate-low (25-30)

6 (4.3)22 (15.7)Moderate-high (31-35)

8 (5.7)21 (15.0)High (36-60)

Household chaos worsened (n=118)

.01c6.3 (7.4)30.0 (9.4)23.6 (6.3)Total score, mean (SD)

.01c—Category, n (%)

42 (35.6)75 (63.6)Low (<25)

30 (25.4)25 (21.2)Moderate-low (25-30)

16 (13.6)14 (11.9)Moderate-high (31-35)

29 (24.6)4 (3.4)High (36-60)

aComparisons between groups were conducted using the McNemar test (categorical variables) or paired t test (continuous variables).
bNot applicable.
cP<.05.

Participants were categorized into improvement groups: either
household chaos improving or no change, or worsening (Table
2). Approximately half of the 258 participants (n=140, 54.3%)
had their household chaos improve (n=109, 42.2%) or had no
change (n=31, 12.0%), and the others had their household chaos
worsen (n=118, 45.7%). Both improvement groups had a mean
change of around 5 points, either an increase or decrease, which
resulted in shifts across the 5-point categories (P<.05). Using
two SDs of this population mean (14.60 units) [30], we found
only 6.2% (n=16) participants reported changes more than two
SDs, with 3.1% (n=8) of the sample reporting a clinically
significant decrease in household chaos scores and 3.1% (n=8)
of the reporting a clinically significant increase in household
chaos scores. Participants with improved or no change in
household chaos scores were mostly categorized in the
moderate-to-low chaos category in early pregnancy, but were
categorized as low chaos by late pregnancy scores (n=158,
61.2%). They also began with a higher (or worse) early
pregnancy household chaos score (mean 27.9, SD 7.6) compared
to those in the worsening group (mean 23.6, SD 6.3). The
worsening group was the converse, whereby the majority began
in the low chaos category and were categorized as
moderate-to-low chaos category in late pregnancy. Only early
pregnancy chaos was associated with the improvement category.

There were no other significant relationships between early
pregnancy covariates and household chaos improvement
category or change (all P>.05).

Within BMI categories independent of treatment assignment,
there were no significant changes in household chaos scores
across time (all P>.05; Table S6 in Multimedia Appendix 1).
In individuals who were overweight at enrollment (n=76), early
pregnancy weight was positively correlated with early pregnancy
household chaos scores (r=0.32; P=.004) and negatively
correlated with household chaos change (r=–0.22; P=.05).
Therefore, people with a higher weight within the overweight
category reported a higher household chaos score in early
pregnancy but lowered their chaos over time. There were no
other significant associations between early pregnancy scores,
household chaos change, and weight outcomes in BMI
categories.

When examining within-treatment groups and not BMI
categories, there were no significant changes in household chaos
across time (all P>.05; Table S6 in Multimedia Appendix 1).
In the intervention group (n=135), GWG was negatively
associated with late pregnancy household chaos (r=–0.17;
P=.03). Therefore, intervention group participants who gained
less weight had a higher late pregnancy household chaos score.
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Similarly, in the intervention group, early pregnancy household
chaos score was negatively associated with GWG (r=–0.13;
P=.12), but this was not statistically significant. There were no
other significant effects between household chaos scores at
either time point or the change thereof and weight outcomes in
treatment groups.

Aim 2: Mediation Model of Intervention, Household
Chaos, and Gestational Weight Gain
In the adjusted models, household chaos change did not differ
by treatment (P=.74). Both early pregnancy household chaos
(β=–0.53, SE 0.06; P=.001) and DASS-21–assessed stress
(β=0.15, SE 0.05; P=.004) were associated with household
chaos change in these models. Further, household chaos change
was not associated with GWG (P=.96). Higher parity (β=–1.06,
SE 0.40; P=.009), BMI category (β=–2.49, SE 0.39; P=.001),
and gestational diabetes status (β=–2.66, SE 1.27; P=.03) was
negatively associated with GWG (all P<.05). A mediation model
was not pursued, as there was no association between the
predictor and mediator or mediator and outcome.

Discussion

Principal Findings
The purpose of this paper was to examine household chaos
across pregnancy in a sample of pregnant people with lower
SES and to examine whether additional household chaos
negatively impacted the effect of a behavioral lifestyle
intervention on GWG. In this study, people began pregnancy
with generally low or moderate-to-low household chaos and
with differing, although minimal, progression across gestation.
The individual-focused eHealth behavioral intervention did not
change household chaos score, nor was the amount of household
chaos or its change related to GWG.

To our knowledge, there are limited reports of household chaos
during pregnancy [13]. The observed mean early and late
pregnancy household chaos scores were comparable to
lower-income mothers of 12-month-old infants (mean 25.1, SD
6.7) [31], but lower than parents of young children (score 31)
[32]. These lower household chaos scores may be attributed to
around half of the current sample (112/258, 43.4%) being
nulliparous. Accordingly, a minority of the current sample was
classified as “low” chaos at either point in gestation compared
to other samples using similar chaos categories: parents of young
children (27%) [23], and mothers of young children during the
COVID-19 pandemic (20%) [33]. Moreover, fewer pregnant
people in this sample were categorized as high chaos in early
pregnancy (~11%) compared to these past investigations of
primarily high-income parents of young children (range
24%-27%) [23,33]. This finding is surprising, given a mixed
methods study in this same state found that the COVID-19
pandemic and hurricanes negatively impacted pregnant people’s
home environment and their mental health, especially pregnant
people with low SES [34]. Two immediate explanations may
be presented. First, only pregnant people who live in homes
with low chaos may enroll in such intensive lifestyle intervention
due to additional support at home or time available; therefore,
these findings may be a result of selection bias and lower early

pregnancy chaos serving as a facilitator to participation. Further,
people in high-chaos homes may have delivered early; indeed,
distress during pregnancy is a known risk factor for preterm
birth [35]. Even so, there was no difference in the early
pregnancy household chaos score between those who were
included and those not included in the analysis. The second
consideration is that household chaos scores significantly
increase after the birth of the child, which may align with the
notable prevalence and impacts of postpartum depression [36].
This increase may be sustained as the child ages, as higher parity
was associated with a higher early pregnancy household chaos
score in this sample.

We did not find support for our first hypothesis that household
chaos scores would increase across gestation; we did not observe
changes in household chaos across gestation when explored
continuously, and there was an even split of improvement and
worsening of household chaos. The first consideration is that
the finding could reflect regression to the mean, whereby the
data may move closer to the mean after an extreme value. Still,
these results echo minimal changes across 12 months (1 point)
in a longitudinal investigation in infants of lower-income homes
[31]. Using a two SD cutoff of the current sample, we found
very few made clinically meaningful changes. However, these
results assume that this sample is a functional or normal
population [30]; yet, no such normative data exist in pregnancy.
Therefore, it is unclear if the 5-point changes in both
improvement and worsening groups could also be clinically
meaningful, as other longitudinal investigations have primarily
examined similar median mean splits [37] or used differing
scoring for the current questionnaire [16,38,39]. Changes
between improvement groups indicated that those with
moderate-to-low chaos improved their environment, while
individuals in the low household chaos category did not sustain
their routine environment. After months of additional anxiety,
parents may make changes to cope and reduce anxiety before
the arrival of the baby. These changes mirror another
longitudinal investigation whereby stress at 6 months post
partum led to improvements in sleep duration at 8 months post
partum [40]. Another consideration is that the explored
covariates (eg, age at enrollment and parity) did not change as
pregnancy progressed. Investigating time-varying covariates,
such as income and employment changes, may improve upon
these practices.

We did not find support for our second hypothesis, that
household chaos change would mediate the relationship between
the intervention and GWG. Rather, across household chaos
categories and despite any household chaos change, pregnant
people were able to gain less weight in the intervention. These
null results align with another obesity-focused intervention in
77 families of young children (ages 18 months-5 years) that
showed minimal change (~1 point) after a 6-month intervention
and 1-year follow-up [32], but contrast a routine-focused
intervention in 54 parents of young children (ages 2-4 years)
that decreased household chaos within 12 weeks [16]. Others
have hypothesized that the relationship between stress and GWG
is primarily explained by demographic factors, like low SES
and lower education [41,42]. Our analysis did find that early
pregnancy stress was a key covariate between the intervention
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group and household chaos change. This may suggest that early
pregnancy stress is a mediator of household chaos change. It is
possible that early pregnancy stress may negatively impact
household chaos or, in turn, lead to an increase in household
chaos. This current sample’s common factor of low SES may
build upon other higher-income GWG interventions, but may
also preclude associations between stress and GWG.
Examination of specific health behaviors across the intervention
may further elucidate the mechanism of household chaos and
gaining an appropriate amount of weight in pregnancy [43], as
household chaos is directly linked to maternal sleep in mothers
of young children [15]. In this intervention, it is possible that
participants adopted a healthier lifestyle, as indicated by gaining
less GWG, which may have positive implications for their future
parenting practices and reduce the impact of household chaos
on child development.

Strengths and Limitations

Strengths of this study include the innovative examination of
household chaos across pregnancy, an evidence-based pragmatic
eHealth lifestyles intervention that occurred within a vulnerable
population, and the concurrent measurement of stress concepts.
Limitations include the lack of assessment of other covariates,
missing household chaos data for some individuals in late
pregnancy, self-report of chaos measures, difficulty identifying
active intervention components, and potential lack of
generalizability to other pregnant populations. First, additional
information on household and economic stability [7], including
food insecurity [44], employment security, and family
composition (ie, number of children), may help identify further
contributors to household chaos in this population. Nevertheless,
the current assessment of household chaos did capture parity,
and the household chaos score was correlated with other
measures of mental health in this study (eg, depression, anxiety,
and stress), validating its assessment of poor mental health.
Second, identifying active intervention ingredients was difficult
as the intervention addressed critical concepts (eg, stress
reduction, routine, and the home environment) in multiple
intervention sessions. This multicomponent approach allowed
for significant intervention effects on GWG [18], but it limited
our ability to thoroughly examine intervention components on
maternal mental health. Moreover, this analysis was conducted
by group assignment, and further investigation into how higher
or lower amounts of household chaos may impact engagement
in the intervention is warranted. Third, these results are confined
to a self-reported questionnaire, which provides the opportunity

for social desirability bias to arise, potentially resulting in the
reporting of lower household chaos scores. Given the
intervention’s eHealth modality and the ensuing COVID-19
pandemic, an existing validated questionnaire was conducted
using a paper form rather than delivered during an in-home or
psychologist visit. Finally, the current investigation is confined
to pregnant people without current unstable mental health
conditions who were enrolled in a supplemental nutrition
program in a southern US state. These results may not apply to
pregnant people with current mental health disorders (eg,
prenatal depression), not participating in WIC, or living in other
US or global regions.

Future Directions

The current results suggest 4 major areas for future research,
policy, and practice. First, household chaos assessment across
pregnancy and postpartum may help identify critical time points
for intervention and such normative data for clinically
meaningful cutoffs. Second, evaluating the effect of in-person
intervention on household chaos may improve upon the current
study’s eHealth-based intervention. Though in-person
interventions may result in lower compliance [12], they may
foster higher social support and changes at home. Third, creating
a household chaos program for pregnancy may still be warranted
for high-chaos households or to prepare for the higher chaos
when the baby arrives. This potential program may include
focusing on household routines, reducing household screen
time, and promoting family cohesion for parent and family stress
reduction [16]. Moreover, reducing any household chaos in the
postpartum period may help support maternal mental and
physical health. Fourth, creating a multilevel program to
improve economic and housing stability may reduce household
stress and improve upon this individual-focused intervention.
Even so, it may be seen as a benefit that the current intervention
did not result in more household chaos in this population.

Conclusion
In this sample of pregnant people with lower SES, a low level
of household chaos was sustained across gestation. Accordingly,
this intervention was related to lower GWG, but not their
household chaos scores or change across 6 months. Beneficial
changes in lifestyle behaviors have positive implications for
adequate weight gain, reducing stress, and future positive
parenting practices. Routine-focused and multilevel
interventions may improve upon these findings to support an
organized home for future parent and child health.
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Abstract

Background: Depressive disorder affects over 300 million people globally, with only 30% to 40% of patients achieving remission
with initial antidepressant monotherapy. This low response rate highlights the critical need for digital mental health tools that
can identify treatment response early in the clinical pathway.

Objective: This study aimed to evaluate whether reasoning-based large language models (LLMs) could accurately predict
12-week remission in patients with depressive disorder undergoing antidepressant monotherapy and to assess the clinical validity
and interpretability of model-generated rationales for integration into digital mental health workflows.

Methods: We analyzed data from 390 patients in the MAKE Biomarker discovery study who were undergoing first-step
antidepressant monotherapy with 12 different medications, including escitalopram, paroxetine, sertraline, duloxetine, venlafaxine,
desvenlafaxine, milnacipran, mirtazapine, bupropion, vortioxetine, tianeptine, and trazodone, after excluding those with uncommon
medications (n=9) or missing biomarker data (n=32). Three LLMs (ChatGPT o1, o3-mini, and Claude 3.7 Sonnet) were tested
using advanced prompting strategies, including zero-shot chain-of-thought, atom-of-thoughts, and our novel referencing of deep
research prompt. Model performance was evaluated using balanced accuracy, sensitivity, specificity, positive predictive value,
and negative predictive value. Three psychiatrists independently assessed model outputs for clinical validity using 5-point Likert
scales across multiple dimensions.

Results: Claude 3.7 Sonnet with 32,000 reasoning tokens using the referencing of deep research prompt achieved the highest
performance (balanced accuracy=0.6697, sensitivity=0.7183, and specificity=0.6210). Medication-specific analysis revealed
negative predictive values of 0.75 or higher across major antidepressants, indicating particular utility in identifying likely
nonresponders. Clinical evaluation by psychiatrists showed favorable mean ratings for correctness (4.3, SD 0.7), consistency
(4.2, SD 0.8), specificity (4.2, SD 0.7), helpfulness (4.2, SD 1.0), and human likeness (3.6, SD 1.7) on 5-point scales.

Conclusions: These findings demonstrate that reasoning-based LLMs, particularly when enhanced with research-informed
prompting, show promise for predicting antidepressant response and could serve as interpretable adjunctive tools in depressive
disorder treatment planning, although prospective validation in real-world clinical settings remains essential.

(JMIR Ment Health 2026;13:e83352)   doi:10.2196/83352

KEYWORDS

artificial intelligence; clinical support systems; depressive disorder; large language models; natural language processing; prognosis;
treatment outcome

Introduction

Depressive disorder is one of the most prevalent and debilitating
psychiatric conditions worldwide, ranking as a primary
contributor to global disability and significantly influencing the
overall disease burden associated with mental disorders [1].

Given the substantial burden imposed by depressive disorder,
optimizing strategies for early diagnosis, effective treatment,
and personalized intervention remains a critical public health
priority. Despite the critical need for effective intervention, the
primary treatment objective of achieving remission, defined as
near-complete symptom resolution, remains challenging, with
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initial antidepressant monotherapy resulting in remission rates
of only 30% to 40% within 12 weeks [2,3]. This limited success
often necessitates multiple treatment trials, consequently
prolonging suffering, increasing health care use and suicide
risk, elevating dropout rates [4], and ultimately exacerbating
patient distress while significantly amplifying treatment
nonadherence [5].

Consequently, the early identification of patients who will not
achieve remission with a particular monotherapy regimen has
become a critical topic in both research and clinical practice.
Early identification of patients who are less likely to respond
to standard first-line treatments would allow clinicians to tailor
interventions more efficiently and reduce the time lost during
ineffective treatments [6]. Recent studies have explored the use
of machine learning (ML) models to predict remission in patients
with depressive disorder. However, these investigations have
encountered limitations, resulting from study design, which
may not reflect real-world clinical practice, including limited
diversity in the antidepressants administered and challenges in
clinically interpreting the predictions generated by ML models
[7-10].

In recent developments, large language models (LLMs) have
emerged as promising instruments for various psychiatric
applications, encompassing diagnostic assessment, risk
stratification, and clinical decision support [11-13]. Furthermore,
LLMs that enhance chain-of-thought reasoning, such as
OpenAI’s ChatGPT o1 [14], ChatGPT o3-mini [15], and
Anthropic’s Claude 3.7 Sonnet [16], have been developed and
applied within the medical field to improve diagnostic reasoning.
These reasoning-enhanced LLMs have demonstrated potential
across various medical specialties, yet their application to
predicting antidepressant treatment outcomes remains
unexplored [17-21].

Therefore, in this study, we aimed to evaluate whether
reasoning-enhanced LLMs could accurately predict 12-week
remission among patients with depressive disorder undergoing
monotherapy with 1 of 12 different antidepressants, including
selective serotonin reuptake inhibitors (SSRIs), serotonin and
norepinephrine reuptake inhibitors (SNRIs), or other
antidepressants. We also investigated the underlying clinical
rationale of these predictions and explored the feasibility of
proposing alternative treatment strategies when remission was
deemed unlikely.

Methods

Participants and Data Preprocessing
The dataset for this study was obtained from the MAKE
Biomarker Discovery for Enhancing Antidepressant Treatment

Effect and Response (MAKE BETTER) study [22]. Patients
with depressive disorders were consecutively recruited from
March 2012 to April 2017 at the outpatient psychiatry
department of Chonnam National University Hospital. From
the initial cohort, 431 patients who received first-step
monotherapy were identified. After excluding 9 patients
prescribed “other” medications and 32 lacking blood biomarker
data, a total of 390 patients were included in the final analysis.

Variables assessed included demographic characteristics,
personal and familial psychiatric histories, comorbidities,
responses to the 9-item Mini-International Neuropsychiatric
Interview [23], adverse childhood experiences before the age
of 16 years (physical, psychological, and sexual abuse),
depression subtypes (including melancholic, atypical, and
psychotic), and prescribed antidepressants and dosage.
Suicidality was assessed using a structured interview comprising
4 standardized questions addressing suicidal thoughts and intent
(eg, “Have you ever felt that life is not worth living?”). The
presence of suicidal ideation determined from these structured
questions was subsequently reflected in the Brief Psychiatric
Rating Scale [24] suicidality item rating. For analysis, only the
binary presence or absence of suicidal ideation was used, not
the raw Brief Psychiatric Rating Scale score. Additional
variables included the Hamilton Depression Rating Scale
(HAM-D) [25] score, health-related quality of life (EQ-5D)
[26], functional impairment (Sheehan Disability Scale) [27],
perceived stress (Perceived Stress Scale) [28], resilience
(Conner-Davidson Resilience Scale) [29], perceived social
support (Multidimensional Scale of Perceived Social Support)
[30], blood biomarkers at baseline, and early treatment response
at 2 weeks (≥20% reduction in HAM-D scores). For female
participants, fertility and depression-related factors were
evaluated, including age at menarche or menopause, hormonal
therapy use, and presence of peri- or postpartum or
postmenopausal depression. Further details on eligibility,
pharmacotherapy, clinical assessments, and biomarker
procedures are provided in Multimedia Appendix 1. The primary
outcome was 12-week remission, defined as an HAM-D score
≤7 sustained through the 12-week assessment point. All analyzed
participants were adults, consistent with the validated use of
psychiatric assessment tools and pharmacotherapy in adult
outpatient clinical practice.

Numeric coded data were transformed into structured,
narrative-style reports in natural language to enhance
interpretability by the LLMs, and the comprehensive structure
of patient information is depicted in Textbox 1.
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Textbox 1. Structured representation of patient information used for input to the large language models (LLMs). This figure illustrates the structured
format of patient information for individuals with major depressive disorder as prepared for LLM input. Each patient’s clinical data were inserted into
the (patient information) section of the experimental prompt template for subsequent model evaluation.

(Patient information)

• (Basic information)

• • Age: xx years

• Sex: Male or Female

• Height: xxx.x kg

• Weight: xx.x kg

• Smoking status: Non-smoker, Ex-smoker or Current smoker

• Drinking pattern: Non-drinker, E-drinker, or Current drinker

• Alcohol Use Disorders Identification Test (AUDIT) score: (For patients who are current drinkers)

(Female-specific information)

• Childbearing potential: Yes or No

• Pregnancy experience: Yes or No

• Pregnancy during pregnancy: Yes or No

• Postpartum depression syndrome: Yes or No

• Age at menopause: xx years

• Postmenopausal syndrome: Yes or No

• Onset of depression at menopause: Yes or No

(Comorbidities) (All applicable conditions, if any)

• Allergic/Immunologic disease, Heart disease, Hypertension, Stroke, Respiratory disease, Dermatologic disease, ear , nose and throat (ENT)
disease, Endocrine disease, Ophthalmic disease, Gastrointestinal disease, Genitourinary disease, Hematologic cancer, Solid tumor,
Musculoskeletal disease, and/or Neurological/Parkinson disease

(Depression subtype) (All applicable conditions, if any)

• Anxious, Melancholic, Atypical, or Psychotic

(Monotherapy and 2-week Response)

• Main AD (12w): Escitalopram, Paroxetine, Sertraline, Duloxetine, Venlafaxine, Desvenlafaxine, Milnacipran, Miratazapine, Bupropion,
Vortioxetine, Tianeptine, or Trazodone

• Mean dose (12w): xx.x mg - ADT equivalent dose: (12 w): xx.xxx mg

• Early response at 2 wells (≥20% HAM-D decrease): Yes or No

(Social-psychological assessments)

• HAM-D (Hamilton Depression Rating Scale) total score: xx

• EQ-5D (EuroQol-5 Dimension) index: x.xx

• SDS (Sheehan Disability Scale) total score: xx

• PSS (Perceived Stress Scale) total score: xx

• CD-RISC (Connor-Davidson Resilience Scale) total score: xx

• MSPSS (Multidimensional Scale of Perceived Social Support) average score: x.xxx

(Biomarkers)

• High-sensitivity C-reactive protein (hs-CRP): xxx mg L

• Tumor necrosis factor-alpha (TNF-α): xx.xx pg/mL

• Interleukin- 1 beta (IL-1ß): x.xx pg/mL

• Interleukin-6 (IL-6): x.xxx pg/mL
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Interleukin-4 receptor (I-4R): xxxxx pg/mL•

• Interleukin-10 (I-10): xxxxx pg/mL

• Leptin: xx.xx ng/mL

• Ghrelin: xxxxx pg/mL

• Total Cholesterol: xxx mg/dL

• Brain-derived neurotrophic factor (BDNF): xxxx ng/mL

(Mini-International Neuropsychiatric Interview: MINI) (Yes or No)

• Over the past 2 weeks, have you felt depressed or down most of the day, nearly every day?

• Over the past 2 weeks, have you experienced a significantly decreased interest or pleasure in most activities or things you usually enjoy?

• Have you had a nearly daily decrease or increase in appetite, or an unintentional weight loss or gain (±5% of your body weight in 1 month)?
If either is Yes, record Yes.

• Have you had insomnia or hypersomnia nearly every day (difficulty falling asleep, trouble staying asleep, early morning awakening, or
sleeping too much)?

• Have you spoken or moved more slowly than usual, or have you felt restless or unable to sit still nearly every day? If either is Yes, record
Yes.

• Have you felt fatigue or loss of energy nearly every day?

• Have you felt worthless or guilty nearly every day?

• Have you had difficulty concentrating or making decisions nearly every day?

• Have you had recurrent thoughts of self-harm, suicidal ideation, or a wish for death?

Ethical Considerations
This study was approved by the Chonnam National University
Hospital Institutional Review Board (CNUH 2012‐014).
Written informed consent was obtained from all participants.
For minors, parental permission and child assent would have
been required under institutional and national regulations;
however, no minors were enrolled in this study.

Study Design and Zero-Shot Prompting
This study follows the Transparent Reporting of a multivariable
prediction model for Individual Prognosis or Diagnosis

guidelines. The design flow is illustrated in Figure 1. Initially,
we conducted data preprocessing to prepare input for the LLMs.
Subsequently, we used 3 reasoning-based LLMs, including
ChatGPT o1 and o3-mini (OpenAI) and Claude 3.7 Sonnet
(Anthropic), via an application programming interface to predict
12-week remission in patients with depressive disorder,
generating clinical rationales for each prediction and treatment
strategies for patients anticipated to not achieve remission; each
output consisted of 5 distinct sentences.
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Figure 1. Methodological framework for LLM-based prediction of 12-wk remission in patients with depressive disorder. This figure depicts the
three-phase methodological approach used in this study: (1) data preprocessing of depressive disorder patients with monotherapy (n=390), including
transformation from numeric coded data to natural language format; (2) prompting experiment design; and (3) a comprehensive evaluation framework
encompassing quantitative, medication-specific, and clinical assessments. AoT: atom-of-thoughts; CoT: chain-of-thoughts; LLM: large language model;
NPV: negative predictive value; PPV: positive predictive value; RoD: referencing of deep research.

We conducted zero-shot experiments to assess the performance
of these LLMs. OpenAI’s models were evaluated across 3 levels
of “reasoning effort” parameters (low, medium, and high), while

the Anthropic model was tested at 3 reasoning budget token
settings (8000; 16,000; and 32,000 tokens). The detailed
structure of the zero-shot prompt is illustrated in Textbox 2.
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Textbox 2. Structure of zero-shot prompt. The prompt message remained consistent across all experiments, with only the (patient information) section
being systematically replaced with individual patient data for each experimental case.

(Zero-shot prompt)

You are an experienced psychiatrist specializing in depressive disorder. You can access a depressive disorder patient's baseline data, including
monotherapy prescribing information and 2-week response.

Your task:

1. Predict the depressive disorder patient's 12-week remission as “Yes” or “No.”

2. Provide a “Clinical Rationale” of exactly five sentences (1~5).

3. If you predict “No,” also provide the next “Treatment Strategy” of exactly five sentences (1~5).

4. Final Output Format (follow precisely):

Remission prediction <Yes or No>

Clinical Rationale:

1. ...

2. ...

3. ...

4. ...

5. ...

Treatment Strategy (only if you predict “No”)

1. ...

2. ...

3. ...

4. ...

5. ...

Below is the patient's baseline data, including (Basic Information), (including (Female-specific Information) if the patient is female), (Comorbidities),
(Mini-International Neuropsychiatric Interview), (Depression Subtype) if present, (Adverse Childhood Experiences (ACEs)) if present, (Depression
History & Suicidality), (Monotherapy & 2-week Response), (Social-Psychological Assessments), and (Biomarkers).

Please use this data to predict the 12-week remission status (Yes/No) and follow the instructions above.

(Patient Information):

The best-performing zero-shot model, based on balanced
accuracy, was further evaluated using advanced prompting
strategies to enhance reasoning and interpretability. Specifically,
the zero-shot chain-of-thought (CoT) prompting method [31]
and the atom-of-thoughts (AoT) technique [32], both of which
have shown strong performance on benchmark datasets, were
adapted for this study. We also introduced a novel “referencing
of deep research (RoD)” prompting strategy, which leverages
OpenAI’s deep research [33] to generate research reports that
are subsequently incorporated into the zero-shot prompt for
additional context.

Finally, our evaluation process comprised multiple sequential
phases. First, we conducted a comprehensive quantitative
assessment of the zero-shot prompting approaches.
Subsequently, using the best-performing model identified
through this initial evaluation, we implemented the advanced
prompting experiments and subjected them to identical
quantitative evaluation methodologies. For the best advanced
prompting model, we then performed medication-specific
evaluations. Additionally, board-certified medical doctors

evaluated the model-generated rationales and treatment
strategies.

Advanced Prompting
The zero-shot CoT was implemented by inserting the phrase
“Let’s think step by step” immediately before the patient
information section in the original zero-shot prompt.

The AoT technique comprised three phases: decomposition
(breaking the question into subquestions), contraction
(consolidating into an “atomic” question), and final solve
(generating predictions with rationale, and, if necessary,
subsequent treatment strategies). Detailed prompts appear in
Multimedia Appendix 2.

Furthermore, we introduced an RoD prompt to incorporate
external evidence regarding 12-week remission outcomes. First,
we used OpenAI’s deep research [33] to investigate prior studies
on the relationship between our variables of interest and 12-week
remission outcomes. A representative dialogue example
demonstrating the generation of “deep research report” is
presented in Figure 2.
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Figure 2. A representative dialogue example of “deep research report” generation. This figure illustrates an example dialogue where the user uses
OpenAI’s deep research functionality to generate a “deep research report.” MAKE BETTER study: MAKE Biomarker Discovery for Enhancing
Antidepressant Treatment Effect and Response study.

This systematic examination deliberately excluded publications
authored by contributors to the MAKE BETTER dataset to
mitigate potential confirmation bias and ensure methodological
independence in our analysis framework. We then consolidated

these findings into a “deep research report” and subsequently
integrated this report into the zero-shot prompt to design the
RoD prompt. The prompt for conducting the “deep research
report” and the RoD prompt is presented in Textbox 3.
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Textbox 3. The prompts of deep research and referencing of deep research. The deep research prompt template, used for OpenAI’s deep research
functionality, instructs the model to function as a research assistant. The hierarchical structure of the patient information is systematically mapped to
the prompt parameters, with bracketed “[]" items from the (patient information) corresponding to (big category) classifications, while hyphenated “-"
elements are allocated to (small category) designations. The referencing of the deep research prompt template incorporates outputs from deep research
operations into the (deep research report) section, emulating the clinical reasoning process whereby practitioners consult and integrate contemporary
research literature before formulating diagnostic conclusions. Sections marked as (omit) indicate portions where identical prompt text from previously
described templates has been elided for clarity.

(Deep Research Prompt)

You are a highly trained psychiatric research assistant.

Your goal is to investigate peer-reviewed journal articles about 12-week remission outcomes in depressive disorder patients receiving monotherapy.
The following types of monotherapy medications may be considered: escitalopram, paroxetine, sertraline, duloxetine, venlafaxine, desvenlafaxine,
milnacipran, mirtazapine, bupropion, vortioxetine, tianeptine, or trazodone.

You will focus on the following "(Big category)" variables and their possible relationship to remission rates:

(Small Category)

• Age, Sex ... (omitted) ... Homocysteine

1. Only consider peer-reviewed journal articles.

2. Exclude any articles by authors involved in the MAKE BETTER dataset.

3. Summarize your findings for each variable under the specified headings below.

4. If no evidence is found for a particular variable, write "None."

5. Provide a brief "Conclusion" section at the end, summarizing your overall findings.

Use the exact report format shown below, substituting only the bullet points with your findings or “None.” Then add the final “Conclusion” after these
bullet points.

(Big Category)

• (Small Category)

• ...

Conclusion:

(RoD prompt)

You are an experienced ... (omitted) ... 2-week response, as well as a deep research report summarizing findings on 12-week remission outcomes for
depressive disorder monotherapy.

Reason as needed, incorporating your own expertise and the research evidence contained in the deep research report below.

(Deep research report)

Your task:

1. ... (omitted) ...

2. ... (omitted) ...

3. ... (omitted) ...

4. Do not copy research text verbatim. Summarize relevant parts like a clinician referencing journal articles.

5. Final output format (follow precisely): ... (omitted) ...

The model was instructed to reference rather than directly
replicate relevant insights from the “deep research report” when
generating predictions and clinical rationales, thereby emulating
the manner in which a practicing clinician would consult and
synthesize findings from journal articles.

Evaluation
For the 12-week remission prediction task, we designated “yes”
as the positive class and “no” as the negative class. We
computed balanced accuracy, sensitivity, specificity, positive
predictive value (PPV), and negative predictive value (NPV)

to compare quantitative performance. Additionally, to evaluate
efficiency, we recorded both the inference generation cost and
the average generation time (in seconds). The best-performing
zero-shot model was selected based on balanced accuracy,
reflecting the equal importance of both classes.

Additionally, we performed benchmarking analyses using
logistic regression, random forest, and XGBoost models,
evaluated through a patient-level stratified 15% hold-out design
with repeated 10×5-fold cross-validation, reporting balanced
accuracy, sensitivity, specificity, PPV, and NPV with 95% CIs
across random seeds.
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Subsequently, we applied the CoT, AoT, and RoD prompting
methods to this best-performing model, compared their final
performance using the same metrics, and further examined the
medication-specific performance of the model that achieved the
highest overall balanced accuracy.

Finally, 3 evaluators (2 psychiatry residents with >2 years of
training and 1 psychiatrist specializing in depressive disorder
with >10 y of experience) independently reviewed the clinical
rationales and following treatment strategies generated for the
correctly predicted cases by the best-performing model. They
assessed these outputs across 5 domains (consistency,
correctness, specificity, helpfulness, and human likeness) using
a 5-point rating scale [34]. Consistency measured how closely
the generated text aligned with the predicted answers,
correctness evaluated its medical accuracy, specificity assessed
its level of detail, helpfulness examined its clinical use, and

human likeness considered how similar it was to typical human
judgment.

Results

Baseline Demographics and Clinical Characteristics
Table 1 summarizes the baseline demographics and clinical
characteristics across different monotherapy groups. The study
population consisted of 244 patients prescribed SSRIs
(escitalopram: n=159, 65%; paroxetine: n=60, 25%; and
sertraline: n=25, 10%), 33 patients receiving SNRIs (duloxetine:
n=20, 61%; venlafaxine: n=10, 30%; desvenlafaxine: n=2, 6%;
and milnacipran: n=1, 3%), 99 patients on mirtazapine, 9
patients prescribed bupropion, and 5 patients taking other
antidepressants (vortioxetine: n=3, 60%; tianeptine: n=1, 20%;
and trazodone: n=1, 20%).

Table . Baseline demographics and clinical characteristics of preprocessed patients with depressive disorder, stratified according to the types of
prescribed monotherapy (n=390).

Types of prescribed monotherapyCharacteristics

Others

(n=5)

Bupropion

(n=9)

Mirtazapine

(n=99)
SNRIb

(n=33)

SSRIa

(n=244)

Sex, n (%)

4 (80)4 (44)77 (78)25 (76)175 (72)Female

1 (20)5 (56)22 (22)8 (24)69 (28)Male

Employment status, n (%)

4 (80)7 (78)67 (68)25 (76)180 (74)Yes

1 (20)2 (22)32 (32)8 (24)64 (26)No

Living alone, n (%)

3 (60)2 (22)17 (17)2 (6)41 (17)Yes

2 (40)7 (78)82 (83)31 (94)203 (83)No

12-week remission, n (%)

1 (20)3 (33)42 (42)13 (39)83 (34)    Yes

4 (80)6 (67)57 (58)20 (61)161 (66)    No

58.6 (8.0)46.4 (14.6)60.4 (14.1)58.4 (9.5)56.8 (14.5)Age (y), mean (SD)

157.9 (8.7)165.1 (6.6)159.1 (7.7)157.3 (8.1)159.9 (8.9)Height (cm), mean
(SD)

60.7 (8.5)59.0 (11.8)59.4 (9.7)58.3 (9.2)59.7 (10.5)Weight (kg), mean
(SD)

22.2 (4.4)18.6 (4.7)21.2 (3.9)20.5 (4.1)20.4 (4.1)HAM-Dc, mean (SD)

aSSRI: selective serotonin reuptake inhibitor.
bSNRI: serotonin and norepinephrine reuptake inhibitor.
cHAM-D: the Hamilton Depression Rating Scale.

Among the total cohort (n=390), female participants constituted
the majority (285/390, 73%), with similar gender distribution
across the SSRIs (175/244, 72%), SNRIs (25/33, 76%), and
mirtazapine groups (77/99, 78%). Employment was reported
by 74% (180/244) of SSRI users, 76% (25/33) of SNRI users,
and 68% (67/99) of mirtazapine users. At the 12-week
assessment, 34% (83/244) of SSRI users, 39% (13/33) of SNRI
users, and 42% (42/99) of mirtazapine users achieved remission.

The mean baseline HAM-D scores ranged from 18.6 (SD 4.7)
to 22.2 (4.4) points, with participants in the mirtazapine group
being slightly older (mean 60.4, SD 14.1 y) than those in the
bupropion group (mean 46.4, SD 14.6 y).

Performance of Zero-Shot Prompting
The zero-shot performance section of Table 2 delineates the
comparative outcomes of zero-shot experiments conducted with
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OpenAI’s ChatGPT o1 and o3-mini models across 3 distinct
levels of reasoning effort, namely “low,” “medium,” and “high,”
as well as for Anthropic’s Claude 3.7 Sonnet under 3 varying
token budget settings (8000; 16,000; and 32,000 tokens). The
findings indicate that all models demonstrated sensitivity values
ranging from 0.6690 to 0.9085, suggesting that a significant

proportion of patients who achieved remission were accurately
identified. Conversely, specificity, which measures the correct
identification of patients who did not achieve remission,
exhibited lower values, ranging from 0.3185 to 0.6331 across
the evaluated LLMs.

Table . Quantitative performance of zero-shot and advanced prompting techniques across 390 samples, including balanced accuracy, sensitivity,

specificity, PPV,a and NPVb.

Total cost
(US $)

Time per
generation

(s)

NPVPPVSpecificitySensitivityBalanced

accuracy

Prompting, models, and

reasoning

parameters

Zero-shot

    ChatGPT o1

22.3611.440.85870.43290.31850.90850.6135        Low

35.2019.630.86920.45230.37500.90140.6382        Medium

53.0730.080.83470.45350.40730.85920.6333        High

    ChatGPT o3-mini

1.144.840.79530.44110.40730.81690.6121        Low

2.008.890.78630.44020.41530.80280.6091        Medium

4.3920.430.81020.45850.44760.81690.6323        High

    Claude 3.7 Sonnet

9.8122.230.76760.48290.57260.69720.6349        8000

10.9023.780.76960.51080.63310.66900.6511        16,000

11.5826.840.79170.51520.61290.71830.6656        32,000

Zero-shot CoTc

12.1327.240.75500.48950.60890.65490.6319    Claude 3.7 Sonnet with 32,000 tokens

Zero-shot AoTd

57.56126.920.73550.60530.81850.48590.6522    Claude 3.7 Sonnet with 32,000 tokens

Zero-shot RoDe

39.5643.880.79380.52040.62100.71830.6697    Claude 3.7 Sonnet with 32,000 tokens

aPPV: positive predictive value.
bNPV: negative predictive value.
cCoT: chain-of-thoughts.
dAoT: atom-of-thoughts.
eRoD: referencing of deep research.

As the reasoning effort increased, all 3 models showed
enhancements in both specificity and balanced accuracy.
Specifically, the ChatGPT o1 model’s specificity improved
from 0.3185 to 0.4073, with balanced accuracy rising from
0.6135 to 0.6333. Similarly, the ChatGPT o3-mini model
experienced an increase in specificity from 0.4073 to 0.4476,
alongside an improvement in balanced accuracy from 0.6121
to 0.6323. The Claude 3.7 Sonnet model also demonstrated an
increase in specificity from 0.5726 to 0.6129, with a modest
rise in balanced accuracy from 0.6349 to 0.6656.

From a computational efficiency standpoint, an increase in
reasoning level generally resulted in heightened time and cost
requirements across all models. Across all models evaluated,

ChatGPT o1 incurred the highest overall costs, with total
expenses ranging from $22.36 to $53.07. In contrast, ChatGPT
o3-mini emerged as the most cost-effective option, with total
costs between $1.14 and $4.39, rendering it the least expensive
model. Furthermore, ChatGPT o3-mini exhibited superior speed
efficiency, with task completion times ranging from 4.84 to
20.43 seconds, outperforming the other models in computational
efficiency.

Conversely, Claude 3.7 Sonnet maintained a relatively stable
computational profile across varying token budgets, with task
completion times ranging from 22.23 seconds at the 8000-token
setting to 26.84 seconds at the 32,000-token setting, and total
costs increasing modestly from $9.81 to $11.58. Despite
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requiring more time per task than ChatGPT o3-mini at lower
settings, Claude 3.7 Sonnet’s costs remained significantly lower
than those of ChatGPT o1 at higher reasoning levels, while
achieving the best overall performance, as evidenced by its
balanced accuracy of 0.6656 at the 32,000-token reasoning
budget. The detailed confusion matrices for all zero-shot
prompting experiments are presented in Multimedia Appendix
3.

Performance of Advanced Prompting
The advanced prompting (zero-shot CoT, AoT, and RoD)
performance section of Table 2 outlines the performance metrics
of 3 advanced prompt strategies applied to the Claude 3.7 Sonnet
model using a 32,000-token reasoning budget, which
demonstrated the best performance in the zero-shot context.

Among the advanced prompt strategies, the zero-shot CoT
exhibited a balanced accuracy of 0.6319, with sensitivity and
specificity values of 0.6549 and 0.6089, respectively, alongside
a PPV of 0.4895 and an NPV of 0.7550. This performance is
marginally lower than that of Claude 3.7 Sonnet’s zero-shot
approach, particularly in terms of sensitivity and balanced
accuracy.

The AoT strategy demonstrated a balanced accuracy of 0.6522,
with a sensitivity of 0.4859 and a specificity of 0.8185. Its PPV
and NPV were recorded at 0.6053 and 0.7355, respectively,
while the time per task reached 126.92 seconds, and total costs
escalated to $57.56, indicating a significant increase in

computational resource demands compared to the zero-shot
approach of Claude 3.7 Sonnet.

In contrast, the RoD approach achieved the highest balanced
accuracy among the advanced prompts at 0.6697, with a
sensitivity of 0.7183 and a specificity of 0.6210, slightly
surpassing the performance of Claude 3.7 Sonnet’s zero-shot
method. However, RoD’s time per task was approximately 1.63
times greater, and its total cost was approximately 3.42 times
that of the zero-shot setting. The detailed confusion matrices
for all advanced prompting experiments are presented in
Multimedia Appendix 4.

For reference, conventional ML models trained on the
numerically coded dataset achieved balanced accuracies ranging
from 0.6077 to 0.7371 and sensitivities from 0.3533 to 0.6364
with overlapping 95% CIs (Multimedia Appendix 5).

Medication-Specific Performance
Table 3 presents the performance metrics for the RoD strategy
across various antidepressants, including SSRIs (escitalopram,
paroxetine, and sertraline), SNRIs (duloxetine, venlafaxine,
desvenlafaxine, and milnacipran), mirtazapine, bupropion, and
others (vortioxetine, tianeptine, and trazodone), along with the
number of correct predictions for both remission and
nonremission outcomes. Among antidepressants with more than
50 cases, escitalopram (n=159), mirtazapine (n=99), and
paroxetine (n=60) achieved balanced accuracies of 0.6799,
0.6873, and 0.6375, respectively.
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Table . Quantitative performance of RoDa prompting by medications, applied to Claude 3.7 Sonnet configured with 32,000 reasoning budget tokens.

Correct predic-
tions

(no), n/N

Correct predic-
tions (yes),
n/N

NPVcPPVbSpecificitySensitivityBalanced accu-
racy

Medications

SSRId

65/10540/540.82280.50000.61900.74070.6799    Escitalopram

19/4016/200.82610.43240.47500.80000.6375    Paroxetine

12/166/90.80000.60000.75000.66670.7083    Sertraline

SNRIe

8/144/60.80000.40000.57140.66670.6190    Duloxetine

4/63/40.80000.60000.66670.75000.7083    Venlafaxine

0/02/20.00001.00000.00001.00000.5000    Desvenlafaxine

0/00/10.00000.00000.00000.00000.0000    Milnacipran

39/5729/420.75000.61700.68420.69050.6873Mirtazapine

5/62/30.83330.66670.83330.66670.7500Bupropion

Others

0/20/10.00000.00000.00000.00000.0000    Vortioxetine

1/10/01.00000.00001.00000.00000.5000    Tianeptine

1/10/01.00000.00001.00000.00000.5000    Trazodone

aRoD: referencing of deep research.
bPPV: positive predictive value.
cNPV: negative predictive value.
dSSRI: selective serotonin reuptake inhibitor.
eSNRI: serotonin and norepinephrine reuptake inhibitor.

Medical Doctor Evaluation of Model-Generated
Rationales and Treatment Strategies
A total of 3 clinical evaluators independently assessed the
clinical rationales and treatment strategies generated by the
best-performing model for 256 correctly predicted cases. As
presented in Table 4, the highest total rating was observed for
correctness (mean, 4.3, SD 0.7). Consistency, specificity, and
helpfulness also received favorable evaluations (means 4.2, 4.2,
and 4.2, respectively). Human likeness received the lowest but

still positive rating (mean 3.6, SD 1.7). Notably, the
board-certified psychiatrist rated helpfulness highest (mean 4.5,
SD 0.6), while consistency scores varied most between
evaluators, ranging from a mean of 3.4 to 4.9. To demonstrate
the interpretability of the model’s reasoning process, one
representative remission case (“yes”) and one nonremission
case (“no”) were selected as examples, each accompanied by
psychiatrist evaluations and comments. These illustrative cases
are presented in Multimedia Appendices 6 and 7.

Table . Evaluations on clinical rationales and treatment strategies assigned by a board-certified psychiatrist and psychiatry residents for the clinical

outputs produced by the best model across 256 correctly predicted cases.a

Human likeness, mean
(SD)

Helpfulness, mean
(SD)

Specificity, mean (SD)Correctness, mean
(SD)

Consistency, mean
(SD)

3.5 (0.5)4.5 (0.6)4.0 (0.5)4.3 (0.5)3.4 (0.6)Psychiatrist

3.9 (2.6)4.3 (0.7)4.2 (0.6)4.4 (0.7)4.3 (0.5)Resident 1

3.4 (1.2)3.9 (1.3)4.3 (0.8)4.2 (0.8)4.9 (0.4)Resident 2

3.6 (2.0)4.1 (1.1)4.3 (0.7)4.3 (0.7)4.6 (0.5)Residentsb

3.6 (1.7)4.2 (1.0)4.2 (0.7)4.3 (0.7)4.2 (0.8)Totalc

aAssessments were conducted across 5 domains using a 5-point scale (1-5), with higher scores indicating better performance.
bThe "residents" row represents the aggregated scores from both residents.
c"Total" indicates the combined assessment across all 3 evaluators.

JMIR Ment Health 2026 | vol. 13 | e83352 | p.41https://mental.jmir.org/2026/1/e83352
(page number not for citation purposes)

Park et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Discussion

Principal Findings
Reasoning-based LLMs, especially when guided by
research-informed prompting strategies, demonstrate promising
potential in predicting antidepressant treatment response among
patients with depressive disorder. To the best of our knowledge,
this is among the first applications of LLMs for forecasting
remission outcomes in depression, extending beyond prior
approaches that primarily used traditional statistical and ML
models [7-9,35,36].

In zero-shot contexts, all models showed higher sensitivity
(0.6690‐0.9085) than specificity (0.3185‐0.6331). Balanced
accuracy improved with enhanced reasoning: ChatGPT o1 by
3.22%, ChatGPT o3-mini by 3.3%, and Claude 3.7 Sonnet by
4.8%, with Claude achieving the highest performance (0.6656)
at 32,000 budget tokens. This supports prior findings on
reasoning capabilities’ importance in medical applications
[37,38], suggesting that enhanced reasoning depth improves
LLM performance in specific clinical tasks. Moreover, our
proposed RoD technique, which emulates how clinicians
incorporate contemporary research findings into their clinical
reasoning process, outperformed zero-shot CoT and AoT with
highest balanced accuracy (0.6697). While requiring further
research, RoD appears effective for psychiatric prediction tasks.
Compared with conventional ML baselines (Multimedia
Appendix 5), which achieved balanced accuracies of 0.6077 to
0.7371 and sensitivities of 0.3533 to 0.6364, our reasoning-based
LLM approach demonstrated higher sensitivity, indicating
improved identification of patients who ultimately achieved
remission. Analyzing medication-specific performance after
excluding antidepressants with fewer than 10 cases, NPV
remained high (>0.75) across all medications. For escitalopram,
which was the most frequently prescribed antidepressant in the
cohort (n=159), the RoD prompting approach achieved a
balanced accuracy of 0.6799. Although direct comparison is
limited by differences in sample size and methodology, this
value is numerically higher than the 0.61 balanced accuracy
reported in a prior partial least squares regression analysis of
92 escitalopram-treated patients [36], suggesting that
reasoning-based LLMs may achieve comparable or potentially
improved predictive capability within a single antidepressant
group.

A particularly noteworthy finding is the contrasting performance
between traditional reasoning approaches (CoT/AoT) and our
knowledge-augmented RoD strategy. While CoT and AoT
showed minimal improvement or even slight performance
degradation compared to zero-shot prompting, RoD achieved
consistent improvements across all metrics. This divergence
suggests that for clinical pattern-recognition tasks, the
decomposition of reasoning steps alone (as in CoT/AoT) may
introduce unnecessary complexity without meaningful benefit.
In contrast, RoD’s incorporation of synthesized research
evidence appears to provide crucial contextual priors that
enhance prediction accuracy. This mirrors actual clinical
practice, where psychiatrists integrate empirical evidence from

literature with patient-specific data rather than relying solely
on sequential logical reasoning.

The superior performance of RoD likely stems from its ability
to leverage documented patterns in depressive disorder treatment
outcomes, effectively providing the model with a knowledge
base of established clinical associations. This approach
compensates for the inherent limitations of LLMs in medical
domains, where training data may not adequately capture the
full spectrum of clinical scenarios. Furthermore, by grounding
predictions in research evidence, RoD may reduce the risk of
hallucinations or clinically implausible outputs that can occur
with pure reasoning approaches, a critical concern in medical
artificial intelligence (AI) applications [37]. These findings
align with recent evidence suggesting that retrieval-augmented
approaches enhance LLM reliability in clinical contexts [38].
The hybrid strategy combining LLM reasoning with structured
knowledge integration may represent an optimal approach for
clinical prediction tasks, particularly in psychiatry, where
outcomes are influenced by complex biopsychosocial factors
[39].

Clinical Implications
Clinical evaluation of the model-generated rationales and
treatment suggestions revealed high ratings for correctness,
consistency, specificity, and perceived helpfulness, indicating
that reasoning-based LLMs can produce clinically coherent and
contextually relevant outputs. Favorable assessments by
practicing clinicians further suggest their potential as valuable
adjuncts in real-world clinical decision-making, particularly for
the early identification of patients at risk of treatment
nonremission. Unlike prior models focused mainly on predictive
performance, our approach emphasizes interpretability and
clinician usability, which are key elements for real-world
application. By integrating biomarker and clinical data with
advanced reasoning, LLMs may support more personalized and
effective treatment decisions. Nonetheless, relatively lower
ratings for human likeness highlight the need for improved
communication style to foster trust and interpretability in clinical
practice.

The high NPV (>0.75) across all medication classes suggests
particular utility as a screening tool to identify patients unlikely
to achieve remission with standard first-line treatments. This
could enable a stratified care approach, where predicted
nonresponders receive enhanced monitoring, earlier treatment
adjustments, or augmentation strategies, potentially reducing
the typical 12-week trial-and-error period. Such implementation
aligns with recent frameworks for integrating AI into clinical
psychiatry that emphasize augmentation rather than replacement
of clinical judgment [40]. The RoD prompting strategy required
an average processing time of 43.88 seconds per patient,
suggesting that real-time clinical application is feasible within
standard consultation time frames.

From a health economics perspective, early identification of
nonresponders could substantially reduce costs associated with
prolonged ineffective treatments, emergency interventions, and
productivity losses. The ability to provide detailed clinical
rationales distinguishes our approach from black-box algorithms,
addressing a critical barrier to AI adoption in psychiatry, where
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understanding the reasoning behind recommendations is
essential for clinical acceptance and regulatory approval [41].
Moreover, the cloud-based nature of LLMs enables deployment
without specialized hardware, making this technology accessible
to resource-limited settings where psychiatric expertise may be
scarce [42].

Successful clinical implementation would require integration
with electronic health records, development of user-friendly
interfaces, and establishment of clear protocols for acting on
model predictions. The model’s ability to suggest alternative
treatment strategies when predicting nonremission provides
actionable guidance rather than mere risk stratification,
potentially improving clinical utility. Furthermore, the
transparent reasoning process could serve an educational
function, helping less experienced clinicians understand factors
influencing treatment response and potentially improving their
clinical reasoning skills over time [43]. Prospective validation
studies are warranted to confirm these findings in real-world
clinical settings.

Limitations
Despite promising findings, several limitations warrant
consideration. First, while our approach demonstrated robust
sensitivity (0.7183) and NPV (0.7938), the relatively low PPV
(0.5204) may generate false positives, potentially complicating
treatment planning for patients misclassified as achieving
remission [44]. The relatively modest PPV observed in our
model should be interpreted in light of the low remission
prevalence in our cohort, a condition known to constrain PPV
despite adequate discriminative performance. Although PPV
was modest, the model demonstrated balanced accuracy and
sensitivity at clinically meaningful levels, supporting its capacity
for reliable risk stratification in a heterogeneous depressive
population. Importantly, the high NPV suggests that the model
may be particularly effective for identifying patients unlikely
to achieve remission, thereby enabling early treatment
modifications or augmentation strategies to improve outcomes.
These findings emphasize that the model is intended as an
adjunctive decision-support tool, and its predictions should be
integrated with comprehensive clinical assessments.

Medication-specific analyses revealed sample imbalances (Table
3), with escitalopram dominating (n=159) and several
medications having fewer than 20 cases. Although overall model
performance remained robust, medication-specific metrics
should be interpreted with caution for drugs with limited
samples. This imbalance reflects real-world prescribing patterns

but limits our ability to make definitive conclusions about model
performance for less commonly prescribed antidepressants [45].
Future studies should either focus on medications with adequate
sample sizes or use targeted recruitment strategies to ensure
sufficient representation across all medication classes.

Our clinical evaluation methodology has notable limitations.
The assessment was conducted by only 3 evaluators from a
single institution, potentially introducing institutional bias and
limiting generalizability. More critically, evaluation was
restricted to correctly predicted cases, which likely inflates
perceived quality scores and fails to capture model behavior in
misclassification scenarios. Future studies should incorporate
multi-institutional evaluators and a comprehensive assessment
of both correct and incorrect predictions to provide more robust
validation of AI-assisted diagnostic approaches.

Finally, the RoD method requires further comparative evaluation
against alternative knowledge-augmented techniques to
determine its optimal application in psychiatric contexts.
Validation in ethnically diverse populations with larger numbers
of clinical expert appraisals remains essential. Prospective
randomized trials are needed to evaluate whether model
recommendations improve clinical outcomes and
decision-making in practice.

Conclusions
In conclusion, this study demonstrates the promising potential
of reasoning-based LLMs for predicting antidepressant treatment
response in patients with depressive disorder. Our findings
highlight the superior performance of the RoD technique, which
achieved the highest performance by integrating research
evidence with clinical reasoning, representing an important
advance toward AI-assisted clinical decision support in
psychiatry. The high NPV (>0.75) across medications suggests
particular use as a screening tool for identifying patients unlikely
to achieve remission with standard treatments. While limitations
exist, including the need for validation in diverse populations
and larger-scale clinical evaluations, the positive assessment
by clinical experts validates the potential use of these
approaches. Future research should focus on expanding
real-world treatment outcome datasets, conducting
multi-institutional clinical evaluations, and developing models
that can predict both the magnitude of treatment response and
suggest personalized next-step strategies. These advances could
enable clinicians to make more informed, evidence-based
decisions in selecting the most effective personalized treatment
strategies for patients with depressive disorder.
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Abstract

Background: This study aims to detect self-harm or suicide (SH-S) ideation language used by youth (aged 13-21 y) in their
private Instagram (Meta) conversations. While automated mental health tools have shown promise, there remains a gap in
understanding how nuanced youth language around SH-S can be effectively identified.

Objective: Our work aimed to develop interpretable models that go beyond binary classification to recognize the spectrum of
SH-S expressions.

Methods: We analyzed a dataset of Instagram private conversations donated by youth. A range of traditional machine learning
models (support vector machine, random forest, Naive Bayes, and extreme gradient boosting) and transformer-based architectures
(Bidirectional Encoder Representations from Transformers and Distilled Bidirectional Encoder Representations from Transformers)
were trained and evaluated. In addition to raw text, we incorporated contextual, psycholinguistic (linguistic injury word count),
sentiment (Valence Aware Dictionary and Sentiment Reasoner), and lexical (term frequency–inverse document frequency) features
to improve detection accuracy. We further explored how increasing conversational context—from message-level to subconversation
level—affected model performance.

Results: Distilled Bidirectional Encoder Representations from Transformers demonstrated a good performance in identifying
the presence of SH-S behaviors within individual messages, achieving an accuracy of 99%. However, when tasked with a more
fine-grained classification—differentiating among “self” (personal accounts of SH-S), “other” (references to SH-S experiences
involving others), and “hyperbole” (sarcastic, humorous, or exaggerated mentions not indicative of genuine risk)—the model’s
accuracy declined to 89%. Notably, by expanding the input window to include a broader conversational context, the model’s
performance on these granular categories improved to 91%, highlighting the importance of contextual understanding when
distinguishing between subtle variations in SH-S discourse.

Conclusions: Our findings underscore the importance of designing SH-S automatic detection systems sensitive to the dynamic
language of youth and social media. Contextual and sentiment-aware models improve detection and provide a nuanced understanding
of SH-S risk expression. This research lays the foundation for developing inclusive and ethically grounded interventions, while
also calling for future work to validate these models across platforms and populations.
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Introduction

Background
Youth increasingly turn to social media platforms to express
their feelings—even on highly sensitive topics such as self-harm
or suicide (SH-S) [1-3]. These platforms provide an outlet where
young individuals can seek support and solidarity by connecting
with others who share similar struggles [4,5]. The anonymity
and expansive reach of these networks allow users to express
themselves more freely than in offline contexts; however, such
openness can also expose them to potentially harmful content
and triggering material that may exacerbate mental health issues
[6]. In response, there have been growing efforts to predict SH-S
behavior on social media using automated techniques [7,8]. The
integration of machine learning (ML) and natural language
processing (NLP) into mental health applications shows
promising potential for early detection and intervention [9-11].
For instance, artificial intelligence (AI) chatbots implemented
in schools to support student mental health have demonstrated
how ML-powered technologies can address gaps where human
counselors are unavailable [12]. As mental health challenges
among youth rise, there is growing interest in using language
as a window into psychological well-being. In online settings
where traditional support structures may be absent, individuals
often express distress through subtle shifts in everyday
communication. NLP research in mental health has increasingly
focused on identifying language-based signals of psychological
distress in everyday communication. For instance, social media
studies have shown that individuals experiencing depression or
anxiety tend to use more first-person singular pronouns (eg, “I”
and “me”), negative emotion words (eg, “sad” and “worthless”),
and cognitive processing terms (eg, “think” and “understand”)
[13]. Other research highlights that temporal focus—such as a
shift toward past-tense verbs—and the use of absolutist language
(eg, “always,” “nothing,” and “never”) are predictive of
emotional dysregulation and suicidal ideation [14]. Individuals
who frequently use absolutist terms may be more prone to
anxiety and depression [15]. Additionally, research suggests
that languages with obligatory future tense marking (eg, “will
go” vs “go tomorrow”) are associated with lower national
suicide rates, possibly by promoting a more future-oriented
cognitive framework [16]. Beyond lexical cues, researchers
have used syntactic complexity, semantic coherence, and
sentiment trajectories to model psychological states across
platforms like Reddit, Twitter (subsequently rebranded as X),
and Tumblr [17]. However, when applied to the informal and
unstructured language of social media, these systems face
substantial challenges as youth often use dynamic slang,
hyperbolic expressions, and indirect language cues [18-20],
which can lead automated models to misinterpret benign or
humorous exaggerations as genuine distress signals [21]. The
resulting risk of overreaction or underreaction underscores the
critical need for context-sensitive approaches that balance timely

intervention with the preservation of safe expressive spaces
[22-25].

In this work, we explore the effectiveness of combining
traditional ML and transformer-based models (eg, Distilled
Bidirectional Encoder Representations from Transformers
[DistilBERT]), enriched with contextual, psycholinguistic,
sentiment, and lexical features. A key innovation lies in our
systematic evaluation of contextual window sizes, from single
messages to extended subconversations, to determine how
different levels of context affect model performance across
nuanced SH-S categories: personal disclosures (“self”),
references to others’ experiences (“other”), and nonserious,
exaggerated mentions (“hyperbole”). We move beyond binary
classification by systematically evaluating a 3-way schema
“self,” “other,” and “hyperbole,” which captures subtle
distinctions in SH-S expressions, with implications for more
precise triaging. To our knowledge, this is the first study to
analyze how varying context modeling strategies impact
fine-grained SH-S classification performance using real-world,
private youth data. By explicitly modeling the interplay between
message content and its conversational context, we aim to
develop more accurate, interpretable, and ethically grounded
models for SH-S detection. These findings have direct
implications for designing safer, context-aware digital
interventions that preserve youth agencies while supporting
mental health.

Previous Work
Social media platforms are increasingly recognized as pivotal
in identifying individuals exhibiting signs of SH-S [26].
Significant strides have been made by ML and social computing
scholars in addressing mental health issues like SH-S through
automated approaches [27]. Common practices in SH-S
detection on social media include advanced ML and NLP
techniques, such as Bidirectional Encoder Representations from
Transformers (BERT)–based transformer architectures, which
capture semantic meanings even when explicit keywords are
absent, enabling the identification of at-risk individuals by
detecting subtle linguistic markers associated with mental
distress [8,27,28]. Despite these advances, such approaches
have not been fully adapted to the specific language patterns
used by youth on social media [29]. Youth share their
experiences with SH-S in diverse ways, such as through
hyperbolic expressions (without intent), discussions of others’
SH-S experiences, and explicit self-disclosures. A qualitative
study by Ali et al [30] revealed that youth disclosures range
from hyperbolic expressions (without intent) to discussions of
others’ SH-S experiences and explicit self-disclosures.
Furthermore, previous research has identified distinctions within
SH-S, such as differentiating between suicidal ideation, the
likelihood of a suicide attempt, and shifts toward suicidal
ideation [7]. Most existing studies have employed binary
classification methods for SH-S detection, failing to capture the
multidimensionality of youth disclosures [31]. Given that online
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risks exist on a spectrum and can intensify over time, models
need to differentiate among varying levels of risk rather than
simply categorizing interactions as risky or not risky [32]. While
substantial research has provided insights into SH-S prediction
on public forums [33,34], there is limited understanding of how
such risky discussions unfold in youth private discourses [29].
Our work addresses this multidimensional nature of youth SH-S
disclosures in private conversation by performing multiclass
classification. Furthermore, previous work identified a key
limitation of existing SH-S detection systems is that, while they
effectively capture textual content using features such as
n-grams, bag-of-words, and deep learning–based word
embeddings [35], they often overlook critical contextual factors
and user characteristics, such as age and mental health history.
This gap can lead to misclassifications that either trigger
inappropriate interventions or miss genuine signals of distress
[36,37]. To address these challenges, recent work has
emphasized a human-centered machine learning approach, which
integrates insights from individuals with lived experiences and
those providing support to ensure that models are both accurate
and interpretable [38]. Incorporating first-person annotations
has proven particularly beneficial, as models trained on insider
labels tend to outperform those based on third-party annotations
[34,39,40]. Furthermore, transparent and explainable AI
methods—such as attention-based models and Shapley Additive
Explanations [41,42]—are being leveraged to highlight key
features driving model decisions, thereby enhancing trust and
accountability. Previous studies have shown that linguistic
markers, such as absolutist terms, temporal focus, and
future-oriented phrasing, are closely linked to mental health
outcomes like depression, anxiety, and suicidal ideation, which
underscore the value of subtle lexical and syntactic cues in
predicting psychological risk [14]. Our work extends this line
of research by exploring how such language patterns appear in
youth social media conversations. Finally, integrating both
linguistic and psychological signals, including sentiment shifts,
interaction patterns, and user history [43], is crucial for
accurately distinguishing between different forms of SH-S
language, such as humorous references, self-disclosures, and
discussions of others. By leveraging human-centered machine
learning principles, we aim to develop a system that not only
detects risk with high accuracy but also respects the agency and
lived experiences of individuals expressing distress online.

Goal of This Study and Research Questions
This study aims to develop a context-sensitive framework for
detecting and classifying diverse types of SH-S language in
youth private communications. Using data from the Instagram
Data Donation (IGDD) project [44], where youth (aged 13-21
y) self-labeled their private direct messages as safe or unsafe,
we build upon previous annotations of 2019 subconversations
from 151 participants [30]. The annotated data are divided into
three categories: (1) Self-disclosures of SH-S—explicit personal
disclosures of SH-S ideation, (2) SH-S experiences of
others—discussions involving SH-S incidents of others, and
(3) hyperbolic representations of SH-S—metaphorical or
humorous expressions of SH-S–related language.

The study is driven by 2 research questions (RQs). First, what
is the best approach to distinguish between different types of
SH-S language (humorous, disclosures about others, and
self-disclosures) at the message and subconversation levels?
Second, what are the contextual and linguistic characteristics
that help distinguish between the 3 types of SH-S discourse?

To address these questions, we evaluated several ML
models—including transformer-based architectures (BERT and
DistilBERT) and classical classifiers (support vector machine
[SVM], random forest, Naive Bayes, and extreme gradient
boosting [XGBoost])—and enriched them with features such
as contextual, psycholinguistic (linguistic injury word count
[LIWC]), sentiment (Valence Aware Dictionary and Sentiment
Reasoner), and lexical (term frequency–inverse document
frequency) indicators. DistilBERT achieved the highest accuracy
(99%) in distinguishing SH-S messages. Expanding the context
from single messages to subconversations improved model
accuracy to 91%. For RQ2, results highlighted that males tended
to use hyperbolic SH-S language, females discussed others’
experiences, and nonbinary individuals more often shared
personal SH-S experiences.

Methods

This section outlines the dataset, preprocessing steps, feature
engineering, classification models, and evaluation strategies
used to address our research questions.

Dataset
We used a subset of the IGDD project dataset by Razi et al [44],
specifically scoped and annotated by Ali et al [30]. In the study
by Razi et al [44], researchers collected ecologically valid social
media data through the IGDD project to study adolescent online
safety. They recruited 195 English-speaking adolescents (aged
13-21 y) in the United States who had active Instagram (Meta)
accounts during their teenage years and had experienced at least
2 direct message conversations that made them or someone else
feel unsafe or uncomfortable. The dataset includes 32,055
private conversations, providing valuable insights into youth
social media interactions and supporting ML models for online
risk detection. Ali et al [30] manually annotated the original
IGDD dataset for SH-S–related conversations, which resulted
in 1224 SH-S–related conversations from 151 youth. The
annotators had access to the entire conversation threads, and
interrater reliability was calculated (Cohen κ=0.76) during the
relevancy coding process to ensure consistency among the
annotators in flagging the conversations as involving SH-S
language. Interrater reliability was not calculated for the
qualitative analyses because the thematic analysis process
followed involved an inductive coding process where codes
were developed and refined iteratively rather than applied from
predetermined categories [45]. Since individual conversations
could cover multiple topics, they further segmented them into
distinct, topic-specific segments, referred to as subconversations.
This process resulted in 2019 subconversations and 35,963
messages from the original 1224 SH-S–related conversations
(Figure 1).
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Figure 1. Message level and subconversational level.

Annotation Categories
Each subconversation in the SH-S dataset (n=2019) was
annotated to capture context-specific interactions and
categorized into 3 primary classes.

Self-Disclosures of SH-S
Instances where users explicitly disclose personal SH-S ideation
(eg, “I’ve been cutting again. I don’t know how to stop.”). This
category comprises 1262 (62.5%) subconversations and a total
of 10,407 (28.9%) messages.

SH-S Experiences of Others
Conversations discussing SH-S incidents involving others (eg,
“Did you know she cut themselves?”). This category includes
259 (12.8%) subconversations and a total of 7507 (20.9%)
messages.

Hyperbolic Representations of SH-S
Instances where SH-S–related language is used humorously
without serious intent (eg, “This homework is killing me!”).
This category accounts for 498 (50.2%) subconversations and
a total of 18,049 (35.7%) messages (Figure 2).

Figure 2. Overview of dataset distribution. SH-S: self-harm or suicide.

Data Preprocessing
We applied a multistep preprocessing pipeline to clean the
dataset while preserving essential linguistic cues.

1. Noise removal: Punctuation, hyperlinks, stop words,
non-Latin words, and isolated numeric or single characters
were removed. Emojis were converted to text using the
Python demoji library to retain emotional cues.

2. Sensitive lexicon development: A lexicon of SH-S and
violence-related keywords was constructed based on
existing literature [46], guiding the filtering of messages
containing SH-S disclosures.

3. Text embedding and filtering: Subconversations were
embedded using Sentence-BERT (SBERT), and cosine
similarity was computed against the sensitive lexicon.
SBERT’s proven effectiveness in sentence-level retrieval
and paraphrase detection [47] allowed us to identify indirect
SH-S references.
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4. Data augmentation: BertAug [48] was applied to increase
the size and diversity of the training data by generating
semantically coherent variations, thereby enhancing model
robustness [49]

Table 1 represents the final number of subconversations for
each category of SH-S.

Table 1. Number of subconversation instances before and after augmentation.

Post augmentation, nOriginal instances, nCategory

996498Self-disclosures

518259SH-Sa experience of others

25921262Hyperbolic representations

41062019Total

aSH-S: self-harm or suicide.

The final dataset contained 4106 subconversations, offering a
more balanced distribution across the 3 categories. To assess
the impact of conversational context, we evaluated our
best-performing model on the SH-S versus non–SH-S dataset
at both the message-level (isolated messages) and the
sub-conversational level (15-20 messages of holistic units).
Previous research indicates that SH-S language is context
dependent [50].

Automatic SH-S Detection Approaches
To address RQ1, we implemented a diverse set of models:

• Transformer-based models: Fine-tuned pretrained BERT
[51] and DistilBERT [52] models, leveraging their deep
contextual understanding [53] and ability to capture subtle
SH-S cues [54].

• Sequential models: Long short-term memory [55],
convolutional neural network - bidirectional long short-term
memory, and gated recurrent unit [56] architectures were
used to model long-term dependencies and temporal patterns
in subconversations.

• Classical ML Models: SVM, random forest, Naive Bayes,
and XGBoost [57] were trained on engineered features to
provide interpretable baselines [50].

Analysis: Feature Engineering
For RQ2, we used a traditional non–end-to-end model
(XGBoost, selected for its binary classification performance
[57]) using features extracted from the annotated
subconversations.

• Contextual features: Demographic data (ie, sex from IGDD
survey responses) to explore influences on SH-S discourse.

• Psycholinguistic attributes: LIWC scores [58] covering
affective processes (eg, sadness and anger), cognitive
mechanisms (eg, causation and certainty), and social or
personal concerns, normalized by subconversation length.

• Sentiment analysis: Polarity scores computed using Valence
Aware Dictionary and Sentiment Reasoner [59] to capture
the emotional tone.

• Lexical features: Term frequency–inverse document
frequency [60] scores for the top 1000 terms to measure
term importance.

• Additional linguistic scores: Toxicity, politeness, humor,
empathy, and hate speech scores extracted using pretrained
models from Hugging Face [61].

Model Evaluation
Models were evaluated using standard metrics: accuracy,
precision, recall, F1-score, area under the curve (AUC), and
receiver operating characteristic curve. To mitigate overfitting,
we used stratified k-fold cross-validation with k=5, which
maintains the original class distribution across each fold. This
method provided reliable performance estimates, especially in
imbalanced datasets [62]. For deep learning models, validation
sets were further used to apply early stopping based on
validation loss to prevent overfitting [63]. Each model
underwent hyperparameter optimization to maximize
performance. For classical ML models (SVM, random forest,
and XGBoost), hyperparameters (eg, SVM kernel type,
XGBoost learning rate, max depth, and number of estimators)
were optimized using grid search with cross-validation, which
ensures that the hyperparameter evaluation is reliable and
generalizable, while grid search exhaustively identifies the best
combination of hyperparameters [64]. For deep learning models
(long short-term memory, convolutional neural network -
bidirectional long short-term memory, and gated recurrent unit),
the hyperparameters—such as hidden layer sizes, dropout rates,
learning rates, and batch sizes—were optimized using a random
search combined with early stopping. For transformer models
(BERT and DistilBERT), fine-tuning was performed with
learning rate schedulers (eg, linear decay), with hyperparameters
like learning rate, batch size, and warm-up steps optimized
based on validation loss.

For RQ1, we fine-tuned DistilBERT (distilbert-base-uncased)
separately for both message-level and snippet-level classification
tasks. The dataset was split into 70% training, 10% validation,
and 20% test, using stratified sampling to preserve class
distributions across all splits. The test set was completely held
out and used solely for final evaluation. All models were trained
using the AdamW optimizer with a learning rate of 5e-5, batch
size of 16, and a maximum input length of 512 tokens. We
trained for up to 10 epochs with early stopping based on
validation loss (patience=2) to prevent overfitting. For each
classification task, we performed 5-fold cross-validation on the
training set and reported average validation results across folds.
To reduce overfitting and improve generalization, we applied
data augmentation, including back-translation, synonym
replacement, and paraphrasing techniques. For each class, we
generated augmented samples to approximately double the
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training set size per class. Each original text was augmented up
to 5 times, depending on the number of additional examples
needed for that class. The augmenter used its default
replacement probability of 0.3, substituting words with
semantically appropriate synonyms. For back-translation, we
translated text from English to German, and back to English,
which added natural lexical and syntactic variation while
preserving meaning. We further ensured model stability through
a power analysis [65] to confirm that the training data size was
sufficient to detect performance differences across model
variants with acceptable statistical power. The reported
performance metrics reflect results on a completely held-out
test set and were consistent across folds and evaluation phases,
supporting model generalization and robustness.

Unpacking Results Qualitatively
To gain deeper insights beyond quantitative metrics, we
conducted a qualitative reading [35] focused on unpacking
model misclassifications, feature importance, and demographic
influences on SH-S discourse. First, we examined instances
where models failed at the message level but succeeded at the
subconversational level in RQ1. Second, unpacking
psycholinguistic feature contributions and additional features.
We conducted a detailed analysis of the LIWC features [58],
evaluating the influence of its 64 categories on model
predictions. This involved both quantitative and qualitative
steps, such as using Shapley Additive Explanations values, and
we identified which LIWC categories most significantly
influenced the model’s classification decisions. To validate
these findings, we manually reviewed subconversations with
high activations in key LIWC categories. Furthermore, to
understand the significance of each of the additional linguistic
features, that is, toxicity [66], politeness, humor, empathy, and
hate speech [67], we used ANOVA tests [68] to help understand
if there was any significance in prediction. Finally, we conducted
demographic analysis (sex and discourse types). To provide
additional context on the dataset, we include demographic
statistics from the IGDD survey responses, which describe the
characteristics of the 151 youth participants whose conversations
were analyzed in this study. Most participants identified as
female (n=107, 71%), followed by male (n=30, 20%), and
nonbinary or preferred not to self-identify (n=14, 9%). For RQ2,
we also explored potential demographic influences on SH-S
discourse. We conducted a chi-square [69] to examine the
relationship between sex and different types of discourse
(self-disclosure, SH-S experiences of others, and hyperbolic
representations). The test revealed statistically significant
differences (P<.05) in discourse types across sex groups.

Ethical Considerations
The secondary analysis of this dataset was reviewed and
approved by the Vanderbilt University Institutional Review
Board (IRB #222197). The original user study in which the data
were collected was approved by the University of Central
Florida Institutional Review Board (IRB #00001136). In the
original study, informed consent was obtained from all
participants; for any participants who were minors, consent or
assent procedures were completed in accordance with the
approving ethics board requirements. Participants in the IGDD
study were compensated with a US$50 Amazon gift card for
their time and data contribution. All team members who
accessed the data completed required human subjects protections
(Collaborative Institutional Training Initiative) and Protection
of Minors training before working with the dataset. Moreover,
we had a child abuse and imminent risk reporting protocol in
place, and any concerning posts were reviewed by the Director
of Risk Management and Child Protection to ensure that we
met mandated reporting requirements. To protect participant
privacy, all data were deidentified during the scoping process.
In addition, any quotations included in this manuscript have
been edited to remove or mask names, locations, and other
potentially personally identifiable details while preserving their
substantive meaning.

Results

Overview
In this section, we first present the results of the classifiers that
predict SH-S risks at the message level (ie, binary classification).
The classifiers were further evaluated with the best-performing
end-to-end model at the message and subconversational level
(RQ1). Next, we added different features to the best
non–end-to-end model (RQ2), and the results were presented,
highlighting the unpacking of contextual analysis of our model.

Automated Classification of SH-S in Private
Conversations of Youth (RQ1)

Binary Classification (Message Level)
For the classification task to identify SH-S versus non–SH-S
messages (binary classification), the DistilBERT (end-to-end
learner; accuracy=0.99, precision=0.99, F1-score=0.99,
recall=0.98, and AUC=0.99) model outperformed the other
models used across all assessed metrics (Table 2).
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Table 2. Performance metrics of various models in binary classification with non–self-harm or suicide data, categorized as end-to-end learners or
non–end-to-end learners.

TypeAUCaF1-scoreRecallPrecisionAccuracyModels

Non-E2Eb0.830.800.730.880.85Random forest

Non-E2E0.880.860.840.880.89SVMc

Non-E2E0.910.690.570.870.80Naive Bayes

Non-E2E0.980.930.940.910.94XGBoostd

E2E0.950.850.830.880.88CNNe

E2E0.900.870.880.850.89CNN-BiLSTMf

E2E0.900.810.790.830.85LSTMg

E2E0.920.800.780.820.84GRUh

E2E0.990.950.980.920.97BERTi

E2E0.990.990.980.990.99DistilBERTj

aAUC: area under the curve.
bE2E: end-to-end.
cSVM: support vector machine.
dXGBoost: extreme gradient boosting.
eCNN: convolutional neural network.
fBiLSTM: bidirectional long short-term memory.
gLSTM: long short-term memory.
hGRU: gated recurrent unit.
iBERT: Bidirectional Encoder Representations from Transformers.
jDistilBERT: Distilled Bidirectional Encoder Representations from Transformers.

This high level of accuracy was maintained even when keywords
associated with SH-S were removed from the dataset. The results
from the keyword removal process using SBERT, which was
a methodological approach, also indicated a notable performance
with the DistilBERT model, achieving high metrics: accuracy
at 0.88, F1-score at 0.87, precision at 0.80, recall at 0.95, and
an AUC of 0.94.

3-Class Classification (Message and Subconversational
Level)
Next, we compared the DistilBERT model’s performance on a
single message and a subconversational level. As seen from
Table 3, the inclusion of context at the subconversational level
resulted in a marked improvement in the model’s performance,
with all the accuracy metrics showing an increase.

Table 3. Performance metrics at the message and subconversation levels.

AccuracyF1-scoreRecallPrecisionLevel

0.89Message

0.890.890.89Overall

0.940.970.90Hyperbole

0.820.780.86Other

0.790.730.86Self

0.91Subconversation

0.910.910.91Overall

0.940.940.94Hyperbole

0.920.950.90Other

0.810.790.83Self

Our qualitative analysis of classification results confirmed that
end-to-end models like DistilBERT, which learn to predict
directly from raw text to classification labels, benefited from

larger context windows. Specifically, we observed an overall
improvement across all performance metrics when moving from
message-level to subconversation-level classification. The
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overall accuracy increased from 0.89 to 0.91, reflecting more
accurate predictions with a broader conversational context. This
trend was even more pronounced within individual classes. For
the “other” class, F1-score improved from 0.82 to 0.92, and for
the “self” class, from 0.79 to 0.81. The model was unable to
determine the true intent behind potentially alarming situations
when analyzing single messages in isolation. Specifically, the
model initially categorized self-disclosure messages indicating
imminent risk as hyperbole, likely due to the common use of
exaggerated language in casual conversations, particularly
among youth. However, responses from conversation partners
often provided critical interpretive signals that helped the model
correct its classification when additional context was introduced.

For example, in the following subconversation, the model
initially classified the message “And want to kill myself” as
hyperbole risk. Yet, when the model processed the entire
subconversation, it identified contextual cues such as “No don’t
kill yourself” indicating that the situation was serious rather
than exaggerated and highlighting an ongoing struggle and the
urgency of the distress being expressed.

P: And want to kill myself

O: I can’t believe you have to deal with this everyday

O: No don’t kill yourself, It’s not a good idea

P: I’m killing myself

For 2-way conversations, “P” refers to the primary participant,
whose conversation is being analyzed. “O” denotes the other
individual involved in the exchange. For group conversations,
we appended numbers “O1,” “O2,” “O3,” and so on, to denote
the other individuals participating in the group conversation.
Conversely, the opposite scenario occurred when the model
misclassified messages as immediate “self” risk. Upon further
examination of the context, it became clear that the youth was
either exaggerating their emotions or discussing the struggles
of someone else. This was likely because the messages appeared
to directly address an individual who may be struggling with
suicidal thoughts or because they contained words like “cut”
and “I,” which are often associated with personal distress and
self-harm. The pronoun “I” typically signals self-referential
language, which, when combined with distress-related terms,
may lead the model to interpret the message as expressing
suicidal intent. However, additional context, such as the presence
of laughter, such as “HAHAHAHAHA,” provided crucial
disambiguation, shifting the interpretation toward humor or

hyperbole. In the following subconversation, the initial
classification of self-risk was corrected when the broader
exchange revealed that the discussion was playful rather than
an actual self-harm disclosure:

O: Can you tell me The frick, Did you just cut,
HAHAHAHAHA

P: It’s my middle

O: I DON’T CARE, WHYD YOU CUT, NOO, Are
you kidding me. COME ON,

WIPE IT UP, And I’ll tell you, And take a picture of
it cleaned

O:Put a bandaid on your cut

P: I didn’t cut myself, It was food I KNEW IT. I knew
I used a different finger to draw red

In addition, when additional context from the broader
subconversation was added, it became evident that the
participants were not discussing their own distress but rather
engaging in third-person discussions about distressing events.
For example, in the following subconversation, the message
was initially classified as “self,” but with added context, it
became clear that the participants were reacting to the news of
someone else’s passing.

P: How are you feeling

O: Still in shock but, life goes on. Gotta keep moving
forward

P: And you should know, suicide is not the answer,
think about the good things in life

O: Yeah, you have to try and find peace

P: Yeah I couldn’t believe it. This is a sad news

O: May he rest in peace. I knew this guy

The improved performance at the subconversational level
demonstrates the benefit of incorporating context, providing
richer semantic information than isolated messages.

Table 4 below presents a qualitative breakdown of frequent
misclassifications. The most common confusion occurred
between self-disclosure and hyperbolic expression, particularly
when tone was ambiguous or sarcasm was present. Other
frequent errors stemmed from third-person framing,
generalizations, or lack of conversational context, underscoring
the limitations of message-level models.
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Table 4. Examples of misclassifications between message and subconversational levels.

Likely causeExample subconversationExample messageMisclassified
cases (actual), n
(%)

Misclassified
type

Third-person narra-
tive was judged as
suicide due to lack
of context

Have you ever seen [person’] video on her ex boyfriend?
Who repeatedly threatened suicide and harassed her if
she didn’t spend every single free moment talking to
him? She met him in person and thought she was safe
because he was a scrawny nerd and thought “I can totally
fight him if he forces himself on me.” She couldn’t de-
fend herself when she really needed it because she had
been too mentally worn down by her boyfriend to resist
and froze.”

Who repeatedly threatened suicide
and harassed her if she didn’t
spend every single free moment
talking to him?

5 (6.02)Other to self

Sarcasm, dramatic
and violent tone
interpreted literally
as personal disclo-
sure

guys i’m being stupid bc ive continued to snap thomas
and like minutes ago he snapped me “you cute :)” and
i literally wanna kms i’m disappointed in myself also
to add insult to injury he was in his boy scount ahhhh-
damnnn you got a boy scout noooo he’s not my lol you
right he’s your boy

guys i’m being stupid bc ive con-
tinued to snap thomas and like
minutes ago he snapped me “you
cute :)” and i literally wanna kms
i’m disappointed in myself also to
add insult to injury he was in his
boy scount uniform

15 (18.07)Hyperbole to
self

Ambiguous intent;
informal tone pre-
dicted as someone
else’s disclosure

“I do need to get over this disgusting possessiveness but
it could be good! not weird! And I’m not gonna private
lol that’s weirddddd Not flirty! She is just talking nor-
mally but my possessiveness is getting BAD how was
your orientation tho!!! she prolly just has a flirty person-
ality tho which sucks i think you should talk to her in
private message!!! lmao Well I have job orientation so
I couldn’t join lmoa They voice chatted w/o me too :
She is like,, talking to everyone in the groupchat and
just like about to die lol My jealousy/possessiveness is
getting REALLY bad lol”

She is like,, talking to everyone in
the groupchat and just like about
to die lol

2 (2.41)Hyperbole to
other

Figurative expres-
sions misread as
hyperbole

P: [‘Tomorrow! Guess I ’ ll keep him. ..

O: lol I cannotttttttt

P: Exactly

O: ooooh dad Meee

P: Wow but u up future [me] to kill myself

P: Omg describes me still to dry out feet Ok [person]]

Wow but u up future [me] to kill
myself

15 (18.07)Other to hyper-
bole

Third-person fram-
ing; lack of first-
person indicators
in the message lev-
el for prediction of
Self category. Ex-
panded context in
sub-conversational
level

P: and she wasn’t responding for at least minutes to an
hour

P: my friend sent me a suicide message-

O: that’s a lot of chat to read

O: lemme read the chat

O: wait? what happened?

P: she texted me, luckily she’s still here but she barely
has the strength to keep moving

O: I had to get the sword out just to use it to reach a pair
of scissors I accidentally got stuck somewhere-

my friend sent me a suicide mes-
sage

7 (8.43)Self to other

Overlapping emo-
tional expression
and slang

P: “I’d rethink my life choices My childhood Wellfuq
private

O: Ill join

P: I did and I’m gonna continue it bc it won’t let me die
this week next week I’ll continue to be dead

O: I CRI ERYTIME FAM I THOT U ENDED URSRLF

P: YESSS

P: I literally thought i was going to get shit done but
then i realized we’ve been blessed with the internet”

I did and I’m gonna continue it bc
it won’t let me die this week next
week I’ll continue to be dead

39 (46.99)Self to hyper-
bole
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Contextual and Psycholinguistic Characteristics of
Youth SH-S Conversation (RQ2): Psycholinguistic
Characteristics of Youth SH-S Conversation
We further unpacked the linguistic features and presented the
results from a qualitative analysis evaluating how the
psycholinguistic characteristics were associated with
classification results for each category (self, other, and
hyperbole). We completed this analysis at the subconversation
level rather than the message level due to more context, as
confirmed by RQ1 results. Our results show that
psycholinguistic words in each subconversation helped predict
each category. For example, the words associated with
tentativeness (“tentat”) showed high importance for prediction
in the “self” category. This suggested that individuals speaking
from personal experience expressed uncertainty or hesitation,
which could reflect the complexity of their feelings or situations.
This was seen in the use of words like “maybe,” “or,” “anyone,”
“if,” and “anything.” For example, in the following conversation,
tentative words helped with the prediction of a participant
reminiscing about something from their past:

P: i was all like “oh man what if this all gets so bad
that i like self harm or something i’m going to cry”
because i wanted attention and then fifth grade came
and i was just fine for no reason

O: haha so i remember i was like “if i don’t get this
many likes in this many days i’m leaving”

P: i remember posting this thing about how i was all
“depressed”

Furthermore, words associated with space, such as “spatial”
and “time” language, were prominent for the prediction of the
“hyperbole” category, which implied a discussion about SH-S
that involves words related to physical spaces or distances. This
may be relevant in conversations where individuals are talking
about other people or situations removed from themselves. For
example, in the following subconversation, spatial terminology
played a crucial role in amplifying the description of a strenuous
physical routine. The words underlining physical locations and
movements, such as “in the heat,” “up and down hills,” “on our
track,” “on the hot hard ground,” and “on the track,” constructed
a scenario rife with exertion. The hyperbolic essence is further
enhanced by the repetitive mention of these terms, intensifying
the narrative. The speaker used this spatial language to
dramatically overstate and exaggerate, typical of hyperbolic
discourses. For instance, phrases like “weird ass suicides on the

track” and the exaggerated claim of being ready to “pass out”
further illustrated the intensity of the workout for dramatic
effect.

O1: nahhh we be running with full pads in the heat up and down
hills and the sun shine directly on our track

O2: in the afternoon we run a mile do drills where
we gotta lay down on the hot hard ground

O3: we do bleachers we do laps if our group came
in last we do mad push ups crutches etc.. we do weird
ass suicides on the track.

In addition, language focused on family-related words (“home”)
and social processes (“social”) aided in the prediction of the
“other” category, which implied that discussions about others’
situations in a home or family context or interactions when
discussing others’ experiences with SH-S. For instance, the
following conversation talks about how social and family
keywords, that is, “roommate,” “person,” “person1,” “names,”
helped in prediction to models when talking about the
experiences of others.

P: The one that never showers has a new kid
roommate and everyone in the suite beside her is new.
Besides some that had accidents the rest r ppl that no
one wanted to room with.

O: Most returners with new kid roommates? Watch
out.

P: Yeahhhhhh. And it makes [person] hecka sad and
he’s been staying in my room with me cause it’s too
much for him.

O: Cause [person] has him and he’s dying cause
[person1] won’t talk about anything except suicide
and gays.

P: At least his room is clean and he showers better
than some annoying ppl.

As such, the psycholinguistic features aided the model in
prediction based on the higher frequency of specific features in
individual categories.

Identifying Key Differentiators in SH-S Conversations
To evaluate the role of additional linguistic features in
distinguishing between categories (hyperbole or humor, other,
and self), a 1-way ANOVA test was conducted. Table 5 presents
the results of the ANOVA analysis.

Table 5. ANOVA results for distinguishing conversational categories. Statistically significant features (P<.05) indicate meaningful variations across
categories.

P valueF test (df)Feature

<.001369.22 (2, 2141)EmpathyScore

<.001144.63 (2, 2141)Toxicity

<.00122.64 (2, 2141)PolitenessScore

<.00118.74 (2, 2141)HumorScore

.32 (nsa)1.14 (2, 2141)HateSpeechScore

ans: not significant.
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Among the features analyzed, EmpathyScore (P<.001) was the
strongest differentiator, particularly in self messages. This
suggests that self-harm disclosures often contain highly
empathetic language, either from the individual expressing
distress or from responders offering support.

P: It’s not very good please don’t get mad. It’s how
I calm myself. It helpss.

O: Oh, I am not mad. What matters to me right now
is that you’re feeling better...Though, is it okay if I
request that we attempt to find a safer method in the
future? There are endless ways, we can find one!

Here, the self message contains hesitation and a plea for
nonjudgment, while the response demonstrates high empathy
by validating the user’s feelings before gently encouraging an
alternative. These findings reinforce the importance of empathy
detection in SH-S identification—messages with high
“EmpathyScore” often signal distress and should be carefully
analyzed rather than dismissed as neutral or unimportant.
Additionally, toxicity (P<.01) was more prevalent in hyperbole
or humor messages, indicating that sarcasm and exaggeration
often introduce aggressive or negative wording. However, this
poses a challenge for SH-S detection, as some genuine
disclosures may also be flagged as toxic despite containing cries
for help.

P: I sent this to her and said you included [person]
before meeee Fucking kill me, LOL legit and we will
always be novices in their eyes even when we are not.

Here, the phrase “Fucking kill me” demonstrates self-harm
references with violent references increasing the overall toxicity

of the subconversation. Interestingly, toxicity and EmpathyScore
were positively correlated (r=0.41), highlighting a key challenge
identified in content moderation systems; messages flagged as
toxic also contain empathy. This indicates that toxicity does not
always equate to harmful intent—rather, some individuals
express distress in a way that appears toxic but is a plea for help.

P: he would call me a fat whore and a bitch, and
would tell me to kill myself, and i stayed with him for
six months and cried everyday.

In this message, the high toxicity score is due to the offensive
language describing verbal abuse, yet the high empathy score
reflects the emotional weight of the experience being shared.
If an AI system were to automatically filter high-toxicity
messages as humor, it might wrongly remove important
self-harm disclosures, preventing individuals from receiving
support. Therefore, there is a need for context-aware, explainable
moderation rather than strict toxicity-based filtering.

Contextual Characteristics of Youth SH-S
Conversation
Next, we unpacked the contextual factors and presented the
results from the relationship between “sex” feature and discourse
categories (“hyperbole,” “other,” and “self,”) as captured in
Figure 3, highlighting noteworthy patterns in the communication
styles among different sexes using a chi-square test. In this
analysis, standardized residuals with an absolute value greater
than 1.96 (indicated by an asterisk) denote a significant deviation
from expected frequencies (P<.05).

Figure 3. Residuals: sex versus category. The magnitude of the standardized residual (eg, above 2 or below –2) indicates the strength of this deviation
(|z|>1.96; P<.05), denoted with (*) with the value. SH-S: self-harm or suicide.

To examine sex-specific patterns in SH-S discourse, we
conducted a chi-squared test of independence between sex
identity (female, male, and other) and SH-S discourse categories
(hyperbole, other, and self). The analysis yielded a statistically
significant association (χ²4=57.16; n=2019; P<.001), indicating
that the distribution of SH-S expression types significantly
varied by sex. Standardized residuals revealed notable patterns
in language use across sex groups (Figure 3). Male participants

were substantially more likely than expected to use hyperbolic
SH-S language (residual=3.52*), reflecting a frequent use of
exaggerated or nonliteral references to SH-S. At the same time,
they were significantly less likely to discuss the SH-S
experiences of others (residual=–5.26*), suggesting that
third-person narratives were underrepresented in male-authored
conversations. Participants identifying as nonbinary exhibited
a distinct linguistic profile. They were less likely to use
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hyperbole (residual=–1.97) and more likely to disclose personal
SH-S experiences (residual=2.65*), reflecting a stronger
inclination toward emotionally vulnerable and direct expression
of mental health challenges. Female participants, on the other
hand, were more likely to reference others’ SH-S experiences
(residual=2.06*), indicating a tendency to discuss SH-S in the
context of third parties, such as in gossiping situations.

Discussion

Principal Findings
Prior studies have typically focused on binary classification of
SH-S or used public social media datasets. In contrast, our work
introduces a granular classification of SH-S disclosures. We
further examine how varying levels of conversational context
influence model performance and incorporate psycholinguistic
and contextual signals into transformer-based models to improve
interpretability. Our study highlights the effectiveness of using
transformer-based models, particularly DistilBERT, for detecting
SH-S ideation in youth’s private Instagram conversations.
DistilBERT achieved 99% accuracy in binary SH-S
classification and 91% accuracy in multiclass categorization
when extended to subconversational context. Incorporating
features, such as sentiment, psycholinguistic cues, and
contextual windows, significantly improved model performance.
We also uncovered meaningful sex-based patterns in SH-S
language: males were more likely to use hyperbolic expressions,
females tended to discuss others’ experiences, and nonbinary
individuals predominantly shared personal disclosures.

The Importance of Context in Detecting SH-S
The classification findings (RQ1) highlight the importance of
using our context-sensitive approach, which addresses the
limitations of traditional binary classification and the reliance
on single messages that constrained the model’s ability to
capture the nuanced meanings and intentions of SH-S discourses.
This approach enabled us to develop an automatic detection
model that distinguished between casual expressions and critical
SH-S situations, achieving an accuracy of 91%. Although this
level of accuracy is noteworthy, we advocate for a paradigm
shift in future research. Rather than focusing solely on
improving model accuracy or optimizing algorithms [70], greater
emphasis should be placed on identifying and understanding
the nuanced variations within SH-S–related content, as well as
determining the optimal conversational context necessary to
inform and enhance the detection capabilities. By incorporating
these dimensions into detection models, researchers could
differentiate low-risk expressions from those that signal
imminent danger and reduce both false negatives, where serious
risk may be overlooked, and false positives, where benign
expressions are mistakenly flagged, as we showed in our error
analysis. Recognizing these distinctions supports more targeted
and ethically responsible interventions, ensuring that individuals
in genuine need receive appropriate care while minimizing
unnecessary responses. Future models could advance this
framework by adopting more refined annotation schemes, as
previous work has identified various proxies indicative of mental
health challenges online. For example, online harassment has
been shown to precede declines in mental health [71], and

groups of teens who engaged in self-harm offline were found
to participate in high-risk sexual conversations with strangers
online [72]. These findings, along with the granular approach
used in this study, underscore the complexity of identifying
SH-S cases in online conversations, far beyond what a simple
binary classification can capture. In addition, we recommend
future research to leverage advanced techniques, such as
reinforcement learning [73], to dynamically identify and
integrate the most informative conversational context. Such
efforts will advance the field toward a more nuanced,
context-aware, and human-centered approach to SH-S detection
across both clinical and online environments.

Contextual and Linguistic Implications for Automated
SH-S Detection
The prominence of tentative words (eg, “maybe,” “if,” “anyone,”
and “anything”) in SH-S ideation disclosures suggests that
individuals may exhibit uncertainty or hesitation when
expressing their personal experiences [74]. This observation
aligns with previous psychological research, which indicates
that ambivalence is common among individuals contemplating
SH-S, reflecting an internal struggle or emotional distress [75].
Consequently, AI models for SH-S detection must be designed
to contextualize such uncertainty rather than dismiss it outright.
Flagging potential risk cases based solely on tentative language
may lead to overlooking individuals in distress; therefore, future
work should consider incorporating longitudinal analyses to
determine whether repeated use of tentative expressions
correlates with escalating distress over time [76]. Furthermore,
the model’s reliance on spatial references (eg, “on the track”
and “up and down hills”) and temporal references (eg, “in the
heat”) for classifying hyperbolic language highlights the role
of vivid, metaphorical descriptions in exaggerated narratives.
In social media conversations, hyperbole is frequently used as
a form of dark humor, exaggeration, or emphasis rather than as
an indication of genuine self-harm intent [30]. Previous studies
have demonstrated that language not only conveys information
but also shapes cognitive processes; for example, spatial and
temporal metaphors influence how individuals conceptualize
and articulate their experiences [77]. Given the prevalence of
such hyperbolic expressions among youth, detection systems
must adapt to evolving linguistic trends. The integration of
sentiment analysis and contextual embeddings is recommended
to enhance classification accuracy by distinguishing between
distress-driven hyperbole and casual or humorous exaggeration.
The frequent mention of social and familial words (eg,
“roommate,” “person,” and “home”) suggests that discussions
regarding others’ SH-S experiences are often framed within
interpersonal and domestic contexts. This linguistic pattern
reflects how individuals process and externalize their concerns
by embedding them in familiar social environments [78].
Research indicates that discussing traumatic events, such as
another’s SH-S, can serve as a coping mechanism, helping
individuals process their emotions through interpersonal
narratives [79]. For automated detection systems, it is critical
to differentiate between self-reports and third-party observations.
While discussions about others may not signal personal risk,
they can indicate a user’s concern for someone at risk [80].
Future research should explore networked conversational

JMIR Ment Health 2026 | vol. 13 | e76051 | p.59https://mental.jmir.org/2026/1/e76051
(page number not for citation purposes)

Qadir et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


analysis to identify patterns in how information about SH-S is
shared, potentially guiding the design of interventions that
support indirect reporting in real-time crisis situations.

Sex-Based Patterns in SH-S Detection
Our analysis reveals distinct sex-based patterns in SH-S
communications. Specifically, males in our dataset more
frequently used hyperbolic or exaggerated language, females
tended to discuss SH-S in the context of others’ experiences,
and nonbinary youth were more likely to share personal
self-disclosures. One potential explanation is that these
differences mirror varying psychological needs and coping
mechanisms, where males are using violent language [81]. For
example, males may use humor or hyperbole as a form of
emotional regulation or deflection [82], while females may rely
more on social or communal support, thus centering their
discussions on peers, friends, or family members [83].
Meanwhile, nonbinary youth could find direct self-disclosure
to be a more authentic way to articulate distress, potentially
reflecting lived experiences tied to identity-related stressors
[84]. Individual communication styles are shaped by intersecting
factors, such as cultural background, social context, and personal
history, which means no single sex group is homogeneous in
its expression of SH-S [85]. Additionally, differences in
disclosure may stem from how comfortable individuals feel
discussing mental health in private online spaces, rather than
from any inherent sex-based communication pattern [86]. Future
research should therefore investigate not only what different
sex groups share online but also the broader context—how,
when, and why they choose to share. An intersectional approach
that considers overlapping identities (eg, race, ethnicity, and
sexual orientation) may offer deeper insights and help prevent
models from misclassifying or overlooking at-risk behaviors.
Furthermore, detection systems need to account for these diverse
linguistic and psychological signals without reinforcing biases.
By doing so, we can develop more inclusive, accurate, and
ethically grounded tools for identifying and responding to SH-S
discourse across varying demographic groups.

Toward Clinical and Educational Applications
While our study primarily focuses on advancing SH-S detection
models through nuanced classification and context-aware
techniques, our findings lay important groundwork for
translation into real-world clinical and educational settings. One
of the major challenges for automated risk detection systems is
the high rate of false positives [87], which can overburden
already stretched mental health infrastructures and erode trust
among stakeholders [88]. Our approach can help address this
concern by enabling triaged classification systems (ie,
differentiating low-risk, hyperbolic expressions from high-risk,
and self-disclosure content) that prioritize urgency and minimize
unnecessary escalations. For instance, high-confidence “self”
messages may be routed for review by school counselors or
clinical professionals, while “other” or “hyperbole” cases can
prompt peer-based support, reflective check-ins, or educational
messaging. These differentiated outputs could be integrated into
existing digital mental health infrastructures such as Crisis Text
Line [89], Kognito simulations [90], or school-based early
warning systems to assist professionals in identifying emerging

risks. Rather than triggering blanket alerts, the model output
can inform tiered intervention protocols that optimize limited
human resources and reduce unnecessary escalations [91].
Importantly, such integration should not replace human support
but rather augment it by flagging concerning patterns at scale
while preserving user autonomy and privacy. Furthermore,
schools are well-positioned to implement suicide prevention
strategies [92] but often rely on direct disclosures, missing the
indirect language youth use online [93]. Our work suggests that
expanding these systems to include models trained on authentic
youth expressions, including hyperbole and third-person
narratives, could reduce false negatives and better capture subtle
signs of distress. Beyond detection, insights from our findings
have important implications for mental health education. In
school-based programs, educators can incorporate reflective
writing or discussion-based activities using examples of
SH-S–related messages to help students explore how emotions
are expressed online. For instance, educators can teach youth
how to express emotional distress more descriptively to reduce
misinterpretation and unintentional triggering. In addition, our
findings highlight the need to equip youth with the skills to
recognize when peers might be signaling distress, directly or
indirectly. These educational opportunities together can help
youth not only to seek help when needed but also to support
one another in navigating emotionally charged conversations
in safe and constructive ways.

Limitations and Future Work
A primary limitation of our study is the reliance on human
annotations from Ali et al [30], where the instances analyzed
were not flagged by the target participants themselves but were
instead annotated by researchers. Additionally, the challenges
of obtaining datasets in our domain may limit the
generalizability of our findings to other platforms. Another
limitation is that, due to the sensitive nature of the data, the
original researchers have only shared it on a limited basis with
trusted collaborators. This restricted access means that the
dataset cannot be made publicly available, thus limiting
opportunities for independent validation and replication of our
findings. Another limitation identified in our error analysis was
that existing models, like DistilBERT, do not explicitly account
for slang and may struggle with the informal language used by
youth. While some slang and code words, such as “kms” or
“dies,” were captured due to their frequency in the dataset and
contextual embeddings, less common or emerging terms may
still be missed. In addition, our model was trained exclusively
on English language data from US-based adolescents, which
may limit its applicability to non-English speaking or culturally
distinct youth populations.

Future studies should apply our approach to other youth datasets
where the data is flagged either by the participants themselves
or by clinicians. This would help ensure that the models are
responsive to the subjective experiences of individuals at risk.
Secondly, incorporating insights from clinical experts in
reviewing flagged data could provide a more comprehensive
understanding of risk levels and improve the classifiers’
accuracy. Further work should focus on enhancing ML models
by integrating slang and other colloquial expressions to improve
their accuracy in detecting SH-S language. Deeper attention
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should be paid to the detection of evolving code word
conversations used by youth to talk about distress in indirect
ways. The use of mutually exclusive labels (“self,” “other,” and
“hyperbole”) may oversimplify complex expressions that span
multiple categories. Future work could explore more flexible
annotation schemes—such as multilabel classification or
probabilistic tagging—to better capture the fluidity of online
discourse. Additionally, incorporating human-in-the-loop testing
or clinician usability assessments would offer valuable insight
into deployment challenges and model effectiveness in
real-world settings. Finally, researchers should work on
assessing the timeliness of detection, ensuring that the models
classify risks accurately in a time-sensitive manner. Future
extensions should also consider applying this work to other
languages (eg, Spanish and Chinese) and regions (eg, Asia and
Europe) to explore how cultural semantics shape youth
expressions of self-harm, sarcasm, and distress.

Conclusion
This study demonstrates the potential of ML
models—particularly transformer-based architectures like
DistilBERT—to accurately detect SH-S ideation within youth’s
private social media conversations. By moving beyond binary
classification and incorporating contextual, psycholinguistic,
sentiment, and lexical features, our approach captures the
nuanced spectrum of SH-S expressions, from hyperbole to
personal disclosures. Importantly, we find that expanding the
context window to subconversations significantly improves
classification accuracy, underscoring the critical role of
conversational context in understanding youth mental health
language. Furthermore, sex-specific patterns in SH-S expression
highlight the need for inclusive models that account for diverse
linguistic behaviors. As digital platforms become central to
youth communication, our findings emphasize the importance
of context-aware, ethically designed interventions that can
support timely and sensitive mental health responses.
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Abstract

Background: AVATAR therapy is a novel psychological therapy that aims to reduce distress associated with hearing voices.
The approach involves a series of therapist-facilitated dialogues between a voice-hearer and a digital embodiment of their main
distressing voice (the avatar), which aim to increase coping and self-empowerment.

Objective: This study explored therapeutic processes that are distinctive to AVATAR therapy, including direct early work with
voice content and the role of the therapist in dialogue enactment.

Methods: People with lived experience relating to psychosis (peer researchers) contributed to each stage of the study. Peer
researchers led semistructured interviews, which were conducted with 19 participants who received AVATAR therapy as part
of the AVATAR2 trial, including 3 participants who dropped out of therapy. Data were analyzed using interpretative
phenomenological analysis (n=5) and template analysis (n=14).

JMIR Ment Health 2026 | vol. 13 | e77566 | p.67https://mental.jmir.org/2026/1/e77566
(page number not for citation purposes)

Rutter-Eley et alJMIR MENTAL HEALTH

XSL•FO
RenderX

mailto:thomas.ward@kcl.ac.uk
http://www.w3.org/Style/XSL
http://www.renderx.com/


Results: Participants described the initial challenges of experiential work with distressing voice content; however, most reported
a meaningful increase in power and control over the course of dialogues and improvements with voices in daily life. A strong
therapeutic alliance was experienced by all participants, including those who chose to discontinue therapy, often mitigating the
discomfort associated with initial challenges by enhancing their sense of safety. Several important themes relating to individual
engagement were highlighted, such as the emotional intensity of the experience and the importance of participants’ determination
and open-minded attitudes despite initial doubts. Those who decided not to continue with therapy described challenges with the
realism of working dialogically with a digital representation of their distressing voice.

Conclusions: This study has provided a deeper understanding of the experience of engaging in AVATAR therapy, in particular
the challenges and opportunities of direct work with voice content. The importance of therapeutic alliance and establishing a
sense of voice presence has been emphasized. Implications for the planned optimization and wider implementation of AVATAR
therapy in routine care settings are discussed.

Trial Registration: ISRCTN Registry ISRCTN55682735; https://www.isrctn.com/ISRCTN55682735

(JMIR Ment Health 2026;13:e77566)   doi:10.2196/77566

KEYWORDS

auditory hallucinations; AVATAR therapy; peer research; psychosis; qualitative study

Introduction

Voice-hearing is a diverse experience that can occur in both
clinical and nonclinical populations. While some voices may
be experienced as neutral or positive, others are distressing,
hostile, and disruptive to daily life [1,2]. Recent developments
in psychological interventions for distressing voices have
foregrounded the relationship between the voice-hearer and
voice as a key treatment target [3-5]. AVATAR therapy is one
such approach, which aims to reduce the distress associated
with hearing negative voices [6]. In AVATAR therapy,
voice-hearers are supported to create the voice and image of a
digital avatar to represent their main distressing voice. There is
flexibility to customize facial and vocal features, including
nonhuman forms (eg, devil), and the avatar is voiced in real
time by the therapist using voice-transformation software. The
person interacts with the avatar in a series of dialogues,
supported by the therapist and interspersed with preparatory
and reflective discussions (including role play), with the aim
of taking back power and control from the voice [7,8]. Further
details on therapeutic processes and targets are described in the
main trial [9] and Ward et al [8]. Early work [7] identified 2
therapy phases. The focus of phase 1 is on exposure to the avatar
voice enactment (including verbatim voice content) and
encouraging the voice-hearer to respond assertively. In phase
2, the avatar concedes power to the voice-hearer, and the focus
shifts to other therapy targets, including self-esteem.

Building on Leff et al [6] work, this approach was tested in a
fully powered randomized controlled trial (RCT; AVATAR1),
which found that AVATAR therapy was more effective than
supportive counseling in reducing the frequency, distress, and
omnipotence of voices at 12 weeks post therapy with a large
between-group effect size of 0.8 for overall voice severity [7].
Following this, a multicenter RCT (AVATAR2 [9]) has recently
tested a 6-session version of AVATAR therapy (AVATAR-Brief
[AV-BRF], comprising the key elements of exposure,
assertiveness, and self-esteem) alongside an extended
(12-session) form of AVATAR therapy (AV-EXT). The
AV-EXT protocol was designed to foreground the understanding
of voices within the person’s broader life history [10] and

include a wider range of therapeutic targets, including trauma.
The AVATAR2 trial found that voice distress (primary outcome)
and voice severity significantly improved in both AV-BRF and
AV-EXT at the end of therapy, compared to treatment as usual
alone, with improvements maintained at 28 weeks but no longer
statistically significant. There was a significant and sustained
reduction in voice frequency for AV-EXT, but not AV-BRF.
While both therapy groups showed significant improvements
across a range of other secondary outcomes, AV-EXT showed
a wider range of positive effects in areas including increased
empowerment, voice understanding, and well-being, and these
tended to be stronger and longer lasting [9].

While AVATAR therapy shares common therapeutic aims with
other cognitive and relational therapies, there are several
distinctive aspects, notably direct exposure to feared stimuli
and real-time dialogues with a digital embodiment of the voice
enacted by the therapist [8,11]. This includes the experience of
“voice presence,” defined as the degree to which the dialogue
with the avatar is experienced “as if” talking to the voice [12,13].
These unique features raise important questions around the
blending of digital technology and relational therapy,
particularly regarding the experience of therapeutic alliance
(TA) within this distinct digital context, which differs from
app-based interventions discussed in existing literature [14-17].
The participant experience of AVATAR therapy was examined
within a previous qualitative study conducted as part of the
AVATAR1 trial [11]. The use of technology was generally well
accepted by participants, and the collaborative process of
designing the avatar and enacting the relationship with the voice
was reported to be helpful in facilitating therapeutic dialogue.
Participants described feeling supported by their therapist and
were able to identify specific learned strategies for managing
voices, such as standing up to the voice and choosing to
disengage. Although Rus-Calafell et al [11] provided important
support for the acceptability of AVATAR therapy, limitations
included the recruitment of only 1 (5%) therapy dropout and
the inclusion of patient and public involvement (PPI) into some
(eg, developing topic guide, conducting interviews) but not all
research processes. It was recommended that future qualitative
work should aim to build understanding of the specific
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challenges of early direct work with derogatory verbatim voice
content given that this represents a central aspect of the
AVATAR therapy approach and a potential point of difference
from other psychological approaches.

This study differed in that it used interpretative
phenomenological analysis (IPA), a qualitative approach that
aims to understand the emotions and personal meanings
associated with experiences in the context of an individual’s
lifeworld [18,19]. IPA was selected to provide in-depth,
idiographic insights into participants’ subjective experiences
[20]. Template analysis is a form of thematic analysis that
involves developing and refining a hierarchical coding template,
often beginning with a priori codes, which is iteratively applied
and modified across the dataset to organize themes in a
meaningful way [21]. As Frost [22] highlights, interpreting data
pluralistically using multiple methods of analysis can facilitate
a more unbiased and holistic perspective of participants’
experiences. Template analysis can be incorporated alongside
IPA to extend the scope of the analysis beyond an individual
case level, enabling identification of convergences and
divergences across participants, thus providing a more
comprehensive understanding [23]. This dual approach of IPA
and template analysis was used by Bond et al [24] to capture
both the nuances of individual experiences and the broader
shared themes, ensuring both depth and breadth [23].
Additionally, this analytic approach recognizes the potential
influence of the researcher on interpretation [25], highlighting
the value of a peer research approach to improve both the rigor
and relevance of qualitative analysis [26]. Therefore, involving
people with relevant lived experience, as demonstrated by Bond
et al [24], can enrich the depth, sensitivity, and ecological
validity of the analysis [27].

In this study, we aim to move beyond a validation of the
acceptability of the approach to provide a rich investigation of
therapeutic features that are distinctive to AVATAR therapy.
Using peer methods across all stages of the study and improving
representation of those who dropped out of therapy, we aim to
address the following research questions:

• How did participants experience working directly with
verbatim voice content?

• How was TA experienced by participants in the context of
AVATAR therapy?

• What were the experiences of participants who decided not
to continue with therapy?

Methods

Study Design and Setting
This qualitative study investigated participant experiences of
AVATAR therapy based on semistructured interviews. Adopting
a peer research approach, this study was nested within the
AVATAR2 trial (ISRCTN55682735, registered on January 22,
2020), a multicenter RCT conducted across 4 trial centers in
England and Scotland (Institute of Psychiatry, Psychology, and
Neuroscience, King’s College London; University College
London [UCL]; The University of Manchester; and University
of Glasgow). The additional research ethics approval for this

study was granted by the London-Camberwell St Giles Research
Ethics Committee in December 2022 (reference 20/LO/0657).

In line with open science processes, a preregistration form
(based on Haven et al [28] and Staniszewska et al [29]) detailing
the study protocol was published on the Open Science
Framework to ensure transparency and reliability [30].

Patient and Public Involvement
A total of 16 PPI representatives (termed peer researchers in
this study) were involved across all stages of this study, with
representation from all 4 trial sites. Most individuals had lived
experience of hearing distressing voices, with some having
received AVATAR therapy as part of the AVATAR1 or
AVATAR2 trial, as well as a small number of people who had
cared for a loved one who had experienced this. This included
(1) coproduction of participant-facing documentation, (2)
collaborative development of the topic guide, (3) codelivery of
interviews, and (4) contributions to data analysis. This peer
research approach aligns with the National Institute for Health
Research INVOLVE guidelines [31], which highlight 6 key
values—respect, support, transparency, responsiveness, fairness
of opportunity, and accountability. For example, all peer
researchers were paired with a site research worker who
provided flexible and personalized support in order to develop
a collaborative working relationship [32]. Peer researchers were
remunerated according to INVOLVE guidelines [31]. More
details are provided in Multimedia Appendix 1, and PPI across
the trial is further discussed in Owrid et al [32].

Participants
We recruited participants who had received AVATAR therapy
as part of the AVATAR2 trial [33]. This included those
randomized to the AV-BRF and AV-EXT arms. All participants
met eligibility criteria for the trial. Inclusion criteria were (1)
aged ≥18 years, (2) under the care of a mental health team, (3)
hearing a distressing voice in English for at least 6 months, (4)
adequate English to take part, and (5) schizophrenia spectrum
disorder or an affective disorder with psychotic symptoms.
Exclusion criteria were (1) lacking capacity to consent, (2)
currently undertaking individual psychological therapy for
voices, and (3) currently experiencing an acute mental health
crisis. In addition, specific inclusion criteria for this study were
as follows: (1) received AVATAR therapy in the AVATAR2
trial, (2) able and willing to provide informed consent to take
part in the interview, and (3) willing to have the interview
audio-recorded.

Sampling and Recruitment
As IPA principles require homogeneity around a phenomenon
of interest [19,34], this was implemented in terms of adults
experiencing distressing voices who have received AVATAR
therapy. A predetermined recruitment strategy was consistently
followed by trial coordinators at each site. This involved initially
using consecutive sampling methods to invite participants for
interview who had recently completed the final phase of the
AVATAR2 trial. To achieve representativeness across sample
characteristics and therapy delivery, purposive sampling
methods were then applied to ensure that (1) the sample
represented all 4 trial sites, (2) the gender and ethnicity of the
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sample were representative of participants across the trial, (3)
the sample represented both AV-BRF and AV-EXT therapy
arms, (4) the interviews covered experiences of working with
a range of therapists, and (5) those recruited included a
proportionate number of those who did not complete the
intervention.

The aim was to recruit 20 participants across the 4 trial sites,
including 4 participants who dropped out of therapy.

Interview Guide
Semistructured interviews were guided by a topic guide
(Multimedia Appendix 2) that was developed iteratively in
collaboration with peer researchers, trial coordinators, therapy
leads, and site research workers. Key areas of questioning were
based on the research questions and initially drafted by the study
team in line with IPA principles, such as focusing on the
individual’s emotional experiences and associated meanings.
The guide was then revised across 4 consultations, involving a
total of 5 peer researchers. For example, questions were
reworded to ask about “the voices” instead of “your voices” to
ensure destigmatizing and nonjudgmental language. Interview
questions explored participants’ (1) experience of dialoguing
with a representation of their distressing voice, (2) TA formed
with the therapist, and, where applicable, (3) reasons for not
completing therapy.

Interview Process
Interviews were conducted either in person, online via Microsoft
Teams, or via telephone, depending on participant preference.
All interviews were conducted by a site research worker and
peer researcher. In line with Harding et al [35], peer researchers
took the lead in interviewing all participants while the
accompanying site research worker provided support and input
as required. Peer researchers disclosed their relevant lived
experience when introducing themselves, but it was at their
discretion how much detail they shared during the interview.
A total of 14 peer researchers were involved in leading
interviews, all of whom attended training (Multimedia Appendix
3), role-play practice, and supervision. The lead author, ERE,
was available to peer researchers, site research workers, and
trial coordinators for support with all aspects of protocol delivery
to ensure a standardized approach.

Analysis
Data were analyzed using a dual approach of IPA and template
analysis, as described by Bond et al [24,36]. Nineteen is a
relatively large sample for IPA’s rigorous and idiographic
approach. Therefore, a small core sample of 5 (26.3%)
transcripts was included in IPA processes, with analysis then
extended across the remaining transcripts using template
analysis. In line with IPA principles, the selection of transcripts
was based on the richness of data and ensured diversity in trial
sites, gender, and ethnicity. To ensure homogeneity, as required
for IPA [19,34], all selected transcripts were from therapy
completers. This selection process was led by ERE with
guidance from experts in qualitative research methods and input
from peer researchers who conducted interviews.

IPA followed analytic processes described by Smith et al [18]
and Smith and Nizza [37]. The 4 peer researchers who conducted
the 5 selected interviews first listened to their interview
recordings to reflect on their emotional responses and
perspectives of participants’ experiences. ERE then met
individually with each peer researcher in 1-hour consultations
to discuss interpretations. Using a case-by-case approach,
line-by-line annotations were made for each transcript,
incorporating the peer researcher’s perspectives and noting
descriptive, linguistic, and conceptual comments. Identified
meanings were therefore informed by peer researchers’
interpretations and then formulated into experiential statements,
which were subsequently clustered and interpreted for each
case. Convergences and divergences of themes were then
considered across cases, generating group experiential themes
and subthemes. Excerpts of the analytic process are presented
in Multimedia Appendix 4.

Before applying template analysis, the resulting coding structure
(ie, group experiential themes and subthemes) alongside
illustrative quotes was reviewed by 6 peer researchers across 4
consultations to develop the provisional template (Multimedia
Appendix 5). This input extended initial interpretations by
drawing on lived experience, for example, emphasizing the
complexity of the avatar-voice association, highlighting the
profound nature of participants’ emotional experiences, and
helping to identify language that felt authentic. This template
was then used to guide template analysis of the remaining
transcripts, following the processes outlined by King et al [21].
Transcripts were introduced in subgroups, focusing first on
therapy completers and, second, on those who dropped out of
therapy. This clearly identified where these 2 subgroups aligned
and where new experiences arose. Where data diverged, new
codes were assigned, and the template was changed to
accommodate these perspectives. Once all transcripts had been
coded and the template had been developed iteratively, all
transcripts were reviewed again to ensure reliability.

Furthermore, 4 peer researchers reviewed the finalized template
and contributed to refining codes, wording themes, and
interpreting results. For example, the subtheme initially named
“Difficulties generalizing learning” was reworded to
“Difficulties translating changes to voices” to ensure accessible,
nonclinical language. Additionally, the subthemes “Initial doubts
and anxieties” and “Positive, open-minded attitudes” were
merged into “Open-minded attitudes despite initial doubts” to
reflect peer researchers’ interpretation that open-mindedness
acted as an overriding force against early anxieties.

IPA and template analyses were conducted by ERE with input
from peer researchers across the analytic process, ensuring that
lived experience actively contributed to meaning-making. The
outcome of this dual approach was a structure of key themes
and subthemes (ie, the finalized template) representing all 19
interviews, including the 5 transcripts analyzed using IPA.

Reflexivity
All members of the AVATAR2 team reflected on the
perspectives they brought to the study design, conduct, and
analysis through whole team meetings, peer group supervision
with site research workers and peer researchers, and the lead

JMIR Ment Health 2026 | vol. 13 | e77566 | p.70https://mental.jmir.org/2026/1/e77566
(page number not for citation purposes)

Rutter-Eley et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


author’s reflective research journal. The team approach and
wider context of the qualitative research program were published
on the Open Science Framework [30]. The lead author (ERE),
a White British female trainee clinical psychologist, had no
involvement in the AVATAR1 trial nor in the wider AVATAR2
trial, as her role was limited to this qualitative study, and had
no prior contact with participants. While her clinical experience
of working with people with psychosis, including delivering
cognitive behavioral therapy, may have fostered positive
attitudes toward psychological therapy, she had no clinical
experience specifically with AVATAR therapy. Completing
the Jacobson and Mustafa [38] positionality map supported
reflection on social identity and potential sources of bias.

Ethical Considerations
This study was approved by the London-Camberwell St Giles
Research Ethics Committee in December 2022 (reference
20/LO/0657) and was conducted in accordance with the
principles of the Declaration of Helsinki.

The participants in this qualitative study signed informed
consent before participating in the interview that included

consent for publication. All potentially identifiable information
has been removed from published material included in this
study. All interviews were audio-recorded, transcribed, and
anonymized. Participants were paid £20 (US $26.65) for taking
part in the interview.

Results

Participants
A total of 19 participants took part in qualitative interviews,
which were conducted between July and September 2023 and
took place between 11.4 and 96.4 (mean 53, SD 29.1) weeks
after their final AVATAR therapy session. Overall, 6 (31.6%)
participants were recruited from King’s College London, 4
(21.1%) from UCL, 4 (21.1%) from Manchester, and 5 (26.3%)
from Glasgow. Demographic and treatment information of
participants are presented in Table 1 alongside that for the whole
study sample of those who received AVATAR therapy
(AV-BRF and AV-EXT). Participants in the interview sample
were broadly representative of the wider sample; however,
differences were not statistically tested.

Table 1. Demographic and treatment information.

Interview sample (n=19)Whole sample (n=230)Variable

38.63 (14.06; 19-66)40.07 (13.49; 18-70)Age (years), mean (SD; range)

Gender, n (%)

13 (68.4)143 (62.2)Men

6 (31.6)85 (37)Women

0 (0)2 (0.9)Other

Ethnicity, n (%)

11 (57.9)136 (59.1)White

0 (0)13 (5.7)Black Caribbean

2 (10.5)21 (9.1)Black African

0 (0)7 (3)Black Other

1 (5.3)5 (2.2)Indian

0 (0)8 (3.5)Pakistani

1 (5.3)2 (0.9)Chinese

4 (21.1)38 (16.5)Other

Treatment arm, n (%)

10 (52.6)116 (50.4)Brief

9 (47.4)114 (49.6)Extended

Dropout, n (%)

3 (15.8)69 (30)Yes

16 (84.2)161 (70)No

A total of 9.9% (16/161) of therapy completers and 4.3% (3/69)
of those who discontinued therapy are represented in the sample.
Of those who dropped out of therapy, 2 participants decided
not to continue after 1 session prior to any avatar dialogue, and
1 participant dropped out after 8 sessions (including 5 avatar
dialogues). The 3 participants who dropped out, Grace, James,
and Alexander (pseudonyms), were all allocated to AV-EXT.

Key Findings
Integrating IPA and template analysis processes, 4 overarching
themes were identified, from which a total of 14 subthemes
emerged. Details of themes alongside the number of participants
are represented in Table 2 and subsequently presented in more
depth. This is summarized in Multimedia Appendix 6.
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Illustrative quotes are presented within the text and in Multimedia Appendix 7. Pseudonyms are used throughout.

Table 2. Themes and subthemes identified, with participant counts.

Noncompleters, n (%)Completers, n (%)Sample, n (%)Themes and subthemes

Shift in relationship with avatar and, consequently, voices

3 (100)15 (93.8)18 (94.7)Initial challenges adjusting to avatar

1 (33.3)13 (81.3)14 (73.7)Collaborative efforts facilitated meaningful connection to avatar

1 (33.3)15 (93.8)16 (84.2)With therapist support, participants felt empowered to stand up to avatar

2 (66.7)13 (81.3)15 (78.9)Positive shift with voices

Crucial role of person-centered therapist

3 (100)16 (100)19 (100)Felt safe, supported, and understood

2 (66.7)13 (81.3)15 (78.9)Person-centered flexibility

2 (66.7)14 (87.5)16 (84.2)Significant impact of therapeutic alliance

Individual approach and experience

3 (100)15 (93.8)18 (94.7)Open-minded attitudes despite initial doubts

1 (33.3)16 (100)17 (89.5)Determination facilitated engagement and outcomes

3 (100)14 (87.5)17 (89.5)Profound emotional experience

1 (33.3)11 (68.8)12 (63.2)Offered novel approach to tackle voices

Barriers to engagement and outcomes

3 (100)7 (43.8)10 (52.6)Emotional challenges with avatar

3 (100)5 (31.3)8 (42.1)Not the right approach for the individual at that time

0 (0)6 (37.5)6 (31.6)Difficulties translating changes to voices

Theme 1: Shift in Relationship With Avatar and,
Consequently, Voices
This theme explores how participants’ experiences of working
dialogically with verbatim voice content evolved across therapy.
The subthemes “Initial challenges adjusting to avatar” and
“Collaborative efforts facilitated meaningful connection to
avatar” focus on initial adjustment processes. Subsequently, the
subtheme “With therapist support, participants felt empowered
to stand up to avatar” explores communication in dialogues,
and the final subtheme, “Positive shift with voices,” highlights
improvements in coping.

Initial Challenges Adjusting to Avatar
Being exposed to derogatory voice content through the avatar
could be challenging at first, with initial reactions ranging from
fear to emotional disconnection. For 5 participants, the avatar
immediately provided an accurate representation and felt real,
evoking a similar emotional response to hearing voices. This
could lead to heightened anxiety.

That was probably one of the most difficult days of
my life, that very first session [...] I was a just a
complete utter mess that day. [Charlotte, AV-BRF,
completed therapy]

Conversely, 4 participants experienced emotional disconnection
due to discrepancies between the avatar and the voices.
Accurately matching these elements was a common challenge,
and many felt it was initially difficult to fully capture both the

content and intensity of such a dynamic and individualized
experience.

It was off-putting [...] it was harder for me to really
engage with it. [Stephen, AV-BRF, completed
therapy]

This was a spectrum of experience, and most reported only
short-term discomfort within early sessions. In particular, 6
participants described that it was initially strange to experience
the familiarities of verbatim voice content in a new context.

Rather than just, you know, in my mind, it was
actually there in front of me. [Grace, AV-EXT,
dropped out of therapy]

This tangible representation appeared particularly confronting
for participants who had used avoidance to cope.

I was pretty nervous to make things that I didn’t want
to be real seem more real. [Gabriel, AV-EXT,
completed therapy]

Fears arose that the avatar might merge with other distressing
experiences. In fact, this did occur for Gabriel, although he
highlighted that this was ultimately useful for his engagement
and overcoming difficulties, as it connected his experience of
the avatar to his experience of voices.

The face and the voice of the avatar then becoming
sort of combined with the other things that I was
seeing and hearing at the time. [Gabriel, AV-EXT,
completed therapy]
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Therefore, initial exposure to the avatar was a complex and
dynamic experience. For instance, Stephen initially struggled
with the software, particularly as he felt customization options
for creating a Black female face and voice were limited, so felt
emotionally detached from the avatar as it did not accurately
represent his voice experience. However, following the first
session, he noticed increased voices in daily life. While
temporarily challenging, this helped him make a stronger link
between the avatar and his voice experience and subsequently
enhanced his emotional engagement with the avatar.

In the time of doing it, I didn’t really feel anything
from it, it felt very gimmicky [...] as soon as I’d
finished the session then the voices kind of hit me and
they were quite intense. [Stephen, AV-BRF,
completed therapy]

For 5 participants, these challenges with heightened anxiety
and emotional disconnection impacted early dialogues, leading
to feeling unable to respond to the avatar or subconsciously
reverting to ignoring voice content.

Feelings of almost of being choked out, I couldn’t
really think straight. [Ishan, AV-EXT, completed
therapy]

Went into default mode of just ignoring it. [Stephen,
AV-BRF, completed therapy]

Collaborative Efforts Facilitated Meaningful Connection
to Avatar
Adjusting and collaboratively working through initial challenges
was crucial to relate to the avatar as if they were relating to the
voice. Nine participants reported that increased exposure over
time improved familiarity and comfort levels.

As I did one or two sessions, I just got used to it and
[...] I knew what was going to happen. [Zahid,
AV-BRF, completed therapy]

Participants learned to accept any inaccuracies and instead focus
on the experience of interacting with the avatar. Three
participants described making efforts to overlook discrepancies
and using their imagination to “fill in a lot of blanks” in order
to relate the avatar to the voice.

I realised it really wasn’t about being dead accurate
to what the voices was sounding like but more about
the interaction with it. [Ishan, AV-EXT, completed
therapy]

Therapists played a crucial role in adjusting software based on
participant feedback and enacting the avatar to represent the
voice both authentically and respectfully.

My therapist was so willing and helpful with that and
presented that in a way that was respectful but also
true to my experience, made it very visceral and real
for me. [Stephen, AV-BRF, completed therapy]

As verbatim voice content was often derogatory, this involved
open and ongoing conversations to ensure informed consent.
Individualized discussions around therapy aims and processes
helped participants to understand and engage meaningfully. For
Joshua, creating a story for the avatar enhanced his engagement.

As the avatar represented the voice of God, his therapist
supported him to frame the voice’s aggression as stemming
from a lack of understanding about human experience.
Therefore, dialogues were used as a space for him to explain to
the avatar the complexities of being human, with the aim of
helping the avatar to understand him better and reduce its anger.

We started to kind of like develop [...] a narrative to
the avatar and like understand the avatar in a way.
[Joshua, AV-BRF, completed therapy]

Collaborative efforts improved most participants’ connection
to the avatar, facilitating engagement and meaningful dialogues.

Once you get that, it’s so real and it has such a
profound effect that it doesn’t necessarily matter
whether it matches the voice. [Stephen, AV-BRF,
completed therapy]

However, challenges did persist for the 3 therapy completers
who did not perceive notable benefits from therapy (Zahid,
Georgia, and Mai Su), and they continued to struggle to connect
the avatar to the voice.

Getting the two together was [...] the difficult bit.
[Zahid, AV-BRF, completed therapy]

With Therapist Support, Participants Felt Empowered
to Stand Up to Avatar
Most participants experienced a gradual but distinct shift in
power dynamics across therapy. Initially, many felt overpowered
by the avatar, mirroring their day-to-day struggles with voices,
but 14 participants described gaining confidence over time. This
was frequently conceptualized as a “battle” in which participants
fought back and progressively gained control.

It actually felt quite good to stand up to it [...] I’ve
just let him use me as a big punch bag, but with
AVATAR therapy, I felt as if I was gaining more
control. [Charlotte, AV-BRF, completed therapy]

For 4 participants, focusing on the avatar’s face helped them
feel more assertive, as they could direct their communication
to something specific and externalized. The process of
responding to the avatar was highly individualized, depending
on the context and relationship with the voice. For some, it
involved learning to disengage, while others focused on more
compassionate communication.

It really wasn’t about winning; it was sort of about
leaving the conversation with the avatar at an
agreeable sort of level. [Ishan, AV-EXT, completed
therapy]

Therapist support before, during, and after dialogues was
identified as crucial in facilitating positive change. This included
role-play, reassurance, and reflective discussions. The therapist’s
unique position as both a participant and observer within
dialogues was distinctly valued in facilitating new insights.

I think the confidence grew basically just by practising
and [...] talking after the actual avatar session with
the therapist. [Ishan, AV-EXT, completed therapy]
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Positive Shift With Voices
As participants gained confidence in confronting the avatar,
many observed mirroring of improvements with voices. The
metaphor of a battlefield arose again as participants compared
being “in the trenches” prior to therapy to now equipped to fight
back, such as with “a shield to [...] block out the voices.”

I’m able to answer them back, in a much more direct
way that I used to. [William, AV-EXT, completed
therapy]

A total of 13 participants reported reductions in voice frequency
and severity due to improved confidence and abilities to cope
with voices. Consequently, 9 described improved quality of life,
such as increased social interaction made possible by the reduced
impact of voices. In addition, 8 participants reported an
improved understanding of voices supported by discussions
with the therapist, which helped them to accept and reframe
their experiences and develop effective coping strategies.
Although voices persisted for all participants, their impact
notably reduced for most.

They’re not as bad now, they kind of sit back and
leave me alone. [Caleb, AV-EXT, completed therapy]

Skills and insights gained could have a lasting impact, and 6
participants highlighted the importance of continued practice
to maintain positive changes. Experiences in AVATAR therapy
often had a ripple effect across participants’ lives, fostering
inner strengths and rebuilding self-esteem.

I felt empowered that like if I could get through that,
then there’s not really much that I can’t get through.
[Stephen, AV-BRF, completed therapy]

Theme 2: Crucial Role of Person-Centered Therapist
The role of the therapist in AVATAR therapy was emphasized.
The subthemes “Felt safe, supported, and understood” and
“Person-centered flexibility” highlight valued aspects of the
therapist’s approach and qualities, and the subtheme “Significant
impact of TA” explores the effect of the therapeutic relationship
on engagement and outcomes.

Felt Safe, Supported, and Understood
Initial discomfort, particularly when sharing verbatim voice
content, was prevalent due to fears of stigma, misunderstanding,
and judgment, often compounded by negative past experiences.

I find it really difficult to talk about him and that’s
why I try and keep him in, because I don’t want other
people judging. [Charlotte, AV-BRF, completed
therapy]

Despite these concerns, all participants described feeling secure
and supported early in therapy, which facilitated opening up.
Professional boundaries, confidentiality, and therapist credentials
contributed to this sense of safety.

I felt like it was a safe environment, it was quite
enclosed and isolated from other people. [Ishan,
AV-EXT, completed therapy]

A total of 18 participants highlighted the importance of core
therapeutic skills, such as empathy, transparency, and clear

communication. Participants felt heard and accepted without
judgment, fostering a trusting therapeutic relationship and
providing a valued contrast to past experiences.

I could feel the empathy and she wasn’t sympathetic,
but her empathy was there and [...] I was able to
confide in her. [Paula, AV-BRF, completed therapy]

In addition, 13 participants also described feeling deeply
understood, enhanced by therapists’ specialist knowledge about
voice-hearing. In fact, it was identified how therapists developed
a distinct depth of understanding through direct exposure to
voice content via the avatar. Gaining an ally in this way could
feel validating.

I feel like there’s only so much somebody can really
understand until they’re literally being face-to-face
[...] to role play that with me, I feel that there’s a
certain level of understanding that you get from that
that you wouldn’t get from other interventions.
[Stephen, AV-BRF, completed therapy]

Person-Centered Flexibility
A total of 14 participants highlighted that flexibility and
collaboration empowered them to engage, as they felt involved
as an equal partner. Unpressured, person-centered pacing and
choice were particularly valued, especially surrounding avatar
dialogues.

Always make sure I had a say, if I was able to
continue, if I wanted to stop, if I was able to do it,
whatever [...] nothing was imposed on me. [Paula,
AV-BRF, completed therapy]

Central to this experience, therapists remained attuned to
participants’ emotional and psychological states, so they were
flexible in responding to individual needs.

Could tell when I was not having a good day, which
was important to me [...] they recognised that and
were able to work around it, which really helped me.
[Matthew, AV-EXT, completed therapy]

Participants also valued therapist flexibility in offering space
to discuss issues outside of avatar dialogues, which helped to
explore alternative interpretations of their experiences and
develop new insights.

He was really, really helpful and flexible and just let
me speak about whatever I wanted to speak about.
[Gabriel, AV-EXT, completed therapy]

Collaborative use of other relevant materials, such as
psychoeducation, was highlighted by 4 participants for its value
in reducing stigma and enhancing understanding.

We went through a document on different types of
intrusive thoughts people have and I related to quite
a lot of them [...] so it does make me feel a bit more
normal. [Joshua, AV-BRF, completed therapy]

Additionally, 8 participants valued therapists being flexible in
rescheduling appointments, arranging transport, offering remote
options, and making check-in calls between sessions.
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There was a flexibility [...] that allowed me to be able
to complete. [Stephen, AV-BRF, completed therapy]

It felt important for therapists to embrace the participant’s
individuality, understand their identity, and acknowledge unique
needs, strengths, and values. This person-centered approach
enhanced TA, engagement, and outcomes.

I was allowed to be myself even while trying to get
help. [Paula, AV-BRF, completed therapy]

People are so simple but yet so incredibly complex
like the human mind is simple: [...] input, process,
output. But our souls and what we do, how we live,
everything inside it, that life and mind confuses things
and complicates things because that’s where the
differences come. [Alexander, AV-EXT, dropped out
of therapy]

Significant Impact of TA
TA was a central aspect of therapy, with 14 participants noting
its importance for experience, engagement, and outcomes.
Trusting the therapist was essential for participants to remain
engaged despite the emotional challenges of working with
verbatim voice content.

I was able to trust the process and trust her, but I had
to trust her to trust the process. [Paula, AV-BRF,
completed therapy]

Strong TA could also mitigate distressing aspects of therapy,
such as voices responding negatively to progress in dialogues.

The voices themselves [...] were like dismissive of it
[...] but when you have someone that [...] understands
you, it does make you feel better, and the voices don’t-
can’t change that. [Joshua, AV-BRF, completed
therapy]

While not identified as a notable issue for most, 2 participants
described difficult feelings in relation to knowing that it was
the therapist, someone they trusted, voicing derogatory voice
content and reenacting abuse within avatar dialogues,
particularly given the level of personal importance attached to
the therapeutic relationship. Additionally, 4 participants
highlighted that TA facilitated a clear separation between the
avatar and the therapist.

Sometimes, knowing it’s her that’s saying it [...] it
hurt a bit [laughs] because I liked her. [Charlotte,
AV-BRF, completed therapy]

The experience of TA itself had a positive impact in the short-
and long-term, enhancing confidence and self-compassion and
reducing stigma and self-blame.

The experience was empowering for me because I felt
[...] I was not a patient being given treatment, I feel
like I was treated as an equal. [Stephen, AV-BRF,
completed therapy]

This positive interpersonal experience reduced loneliness and
improved trust in other relationships.

Beginning to gain trust again, it was slow, but it
definitely opened the door to trusting again. [Paula,
AV-BRF, completed therapy]

Even those who did not complete therapy found this relationship
impactful, and the therapy completers who did not perceive
notable benefits (Zahid, Georgia, and Mai Su) found value in
speaking openly with their therapist despite feeling that the
AVATAR approach was not right for them at the time,
demonstrating the importance of TA. For example, Alexander
had previously lost hope that things could get better for him, as
he felt no one cared, so this experience presented a significant
catalyst for change.

People being genuinely supportive and actually trying
to help people like me was enough for me. It felt like,
no, maybe people do actually care, which was one of
the reasons why I gave up in the first place.
[Alexander, AV-EXT, dropped out of therapy]

Theme 3: Individual Approach and Experience
This theme emphasizes the impact of individual participants’
approaches and experiences. The subthemes “Open-minded
attitudes despite initial doubts” and “Determination facilitated
engagement and outcomes” highlight personal strengths. The
subtheme “Profound emotional experience” focuses on the depth
of emotional experience. The subtheme “Offered novel approach
to tackle voices” considers the novelty of the therapy approach
to the individual.

Open-Minded Attitudes Despite Initial Doubts
Most participants entered AVATAR therapy with some degree
of anxiety, ranging from mild worry to skepticism.

Nervous [...] a bit scared. [Georgia, AV-BRF,
completed therapy]

Concerns included doubts about AVATAR therapy’s
effectiveness, the computerized approach, and fears that working
directly with verbatim voice content might trigger negative
psychological experiences.

I was very hesitant and reluctant to do it because,
due to the nature of my voices, I had spent an
extensive amount of time ignoring them and not
engaging with them [...] so there was a fear of being
like triggered or traumatised. [Stephen, AV-BRF,
completed therapy]

A total of 17 participants highlighted open-mindedness as central
to initial engagement. Attitudes varied, and hope was often held
cautiously; however, most were motivated to “give it a go,”
often driven by past challenges in accessing psychological
support.

I just thought it doesn’t hurt to give it a try. [Zahid,
AV-BRF, completed therapy]

Although 10 participants emphasized the central role of internal
motivations, support from friends and family and trust in
referring clinicians could enhance willingness to engage.
Conversely, James described feeling pushed by his mental health
team to participate despite his own reservations, which was
disempowering and negatively impacted his engagement.

I wasn’t really given a choice. I was told that I would
want to do it, so therefore I should. And so I was just
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kind of shunted onto it. [James, AV-EXT, dropped
out of therapy]

Determination Facilitated Engagement and Outcomes
Determination was identified as important for maintaining
engagement and facilitating positive outcomes for 17
participants. Motivations typically centered on a drive to
overcome distressing voices and make progress, even when
therapy processes felt uncomfortable.

It was just because I had a strong motivation to get
past it all. [Asim, AV-BRF, completed therapy]

Noticing gradual improvements could feel meaningful and
reinforce motivations to continue. Paradoxically, Stephen found
that noticing symptoms initially worsen actually increased his
resolve to persevere.

The intensity of that after the first session was [...]
trying to dissuade me, but I’d already made my mind
up that I was going to do this and the fact that it did
happen [...] gave me more motivation to continue to
lean into it more. [Stephen, AV-BRF, completed
therapy]

Determination went beyond physically attending sessions, as 9
participants emphasized proactive efforts to be vulnerable and
fully participate. In this way, the therapy experience and
outcomes were perceived to be contingent on the depth of
engagement and commitment to processes involved.

I think it varies what you put into it [...] that’s what
makes a big difference. [William, AV-EXT,
completed therapy]

However, engagement could be negatively impacted by external
life stressors, which disrupted regular session attendance and
motivations to keep going.

I’m glad I didn’t have to do the 12-week sessions
because that would have been quite hard just to fit in
with all my [...] problems I had. [Mai Su, AV-BRF,
completed therapy]

Profound Emotional Experience
AVATAR therapy elicited a range of emotional experiences,
which could be complex and difficult to articulate. Therapy was
described as a meaningful journey by 15 participants, and the
experience often felt transformative in that completing therapy
led to personal growth, insights, and even a “paradigm shift.”

It felt like, you know when people go on TV shows
and they do social experiments, and then it’s like this
has changed my life like exponentially? It felt like
I’ve been through this weird experience that I
wouldn’t change for the world. [Stephen, AV-BRF,
completed therapy]

Relevant to this meaningful journey, the emotional demands of
therapy also presented challenges for 13 participants, such as
reliving traumatic memories, confronting underlying problems,
and feeling overwhelmed.

Difficult feelings of reliving what had happened to
me [...] what I had put to the back of my mind was

all coming out. [Grace, AV-EXT, dropped out of
therapy]

A total of 8 participants felt the depth of emotional experience
enhanced outcomes, perceived as a challenging but necessary
aspect of directly working through core issues. In this way,
while experiences often became initially and temporarily more
difficult, this eased across therapy and contributed to a
meaningful sense of achievement when emerging stronger.

I really did feel like I was going back to the worst
place [...] that I’ve been in terms of voices [...] that
was a bit difficult but it passed [...] and I’m glad that
it happened because I know how to deal with that
better now. [Gabriel, AV-EXT, completed therapy]

Additionally, therapy ending brought up mixed feelings. Some
participants described a sense of closure and readiness to
continue their recovery independently, while others experienced
sadness, loss, and difficulties adjusting.

I felt complete. [Stephen, AV-BRF, completed
therapy]

I was sad, goodbyes are always hard for me. [Caleb,
AV-EXT, completed therapy]

Offered Novel Approach to Tackle Voices
The unique approach of working directly with voice content
within avatar dialogues was highlighted as central to the success
of therapy by 7 participants. Many valued the opportunity to
experiment with different tactics, learn new skills, and practice
responding to voices in real time, which was often a novel
experience.

It gave me new perspectives on how to approach
managing voices, like different ways to test out what
would work for me. [Gabriel, AV-EXT, completed
therapy]

Some had never considered directly responding to voices, while
others found avatar dialogues provided the opportunity to
experience voices differently and achieve more effective
communication. The avatar diverging from voices and conceding
power could open new conversations and lead to voices also
shifting. In this way, 11 participants valued the novel approach
AVATAR therapy offered.

I would never have been able to have had this type
of level of connection with the voice because my
personal experience of it would never give that
response. [Stephen, AV-BRF, completed therapy]

However, Zahid felt AVATAR therapy offered him nothing
significantly new, and although the avatar conceded power, this
did not have any significant impact on voices.

It wasn’t anything different that I haven’t done.
[Zahid, AV-BRF, completed therapy]

Theme 4: Barriers to Engagement and Outcomes
The subthemes “Emotional challenges with avatar” and “Not
the right approach for the individual at that time” focus on
barriers and challenges faced by participants who dropped out
of therapy, also relevant to some therapy completers. The
subtheme “Difficulties translating changes to voices” relates to
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participants who completed therapy but struggled to access
positive outcomes.

Emotional Challenges With Avatar
While most participants described early difficulties that eased
over time (as discussed in “Initial challenges adjusting to
avatar”), for some these were experienced as more significant
emotional challenges. Such difficulties with digital
representation could be challenging for some therapy completers
to navigate, even among those who benefited, leading them to
initially question their ability to continue.

Initially I found the avatar very difficult [...] I
questioned whether I actually wanted to go through
with it. [Matthew, AV-EXT, completed therapy]

For the 3 completers who did not perceive benefit (Zahid,
Georgia, and Mai Su), the avatar continued to feel either
disconnected or frightening.

The avatar got a bit soft and started [...] back down
a bit so it wasn’t quite true to life, so I don’t know.
[Mai Su, AV-BRF, completed therapy]

It was very deep. [Georgia, AV-BRF, completed
therapy]

All 3 participants who discontinued therapy (Alexander, James,
and Grace) encountered emotional difficulties when working
with a digital representation. Alexander reported feeling
emotionally disconnected while cocreating the avatar, so he
chose to drop out of therapy prior to any dialogues.

They are not the same. I was talking to a stranger.
[...] There was no connection there at all. [Alexander,
AV-EXT, dropped out of therapy]

Although James also did not experience any avatar dialogues
before deciding to discontinue therapy, he described the “crude”
representation as an impassable barrier while acknowledging
that the concept behind AVATAR therapy may be useful for
some.

Freaked me out talking to this computer-generated
head on the screen. It didn’t look like anything that
I [pause] knew and so I just [...] left because I
couldn’t engage in therapy with an avatar. [James,
AV-EXT, dropped out of therapy]

Grace found the avatar distressing and struggled with the
emotional intensity. While she found the avatar a realistic
representation and was able to meaningfully access therapy
processes, she was fatigued by the sustained emotional intensity
of dialogues and associated memories. This led her to drop out
after 8 sessions, which involved 5 avatar dialogues.

I just felt I couldn’t talk any longer because it was
just too deep and I just I was getting home at night
and I was just crying and I thought I just can’t cope
with this. [Grace, AV-EXT, dropped out of therapy]

Not the Right Approach for the Individual at That Time
It was acknowledged that AVATAR therapy may not be suitable
for everyone, depending on mental state and stage in recovery.
For Alexander, choosing to discontinue therapy was experienced
as empowering. The act of seeking help and developing a

trusting relationship with his therapist provided a catalyst for
change, emphasizing his inner strengths and jumpstarting his
own path toward recovery. At this point, he felt therapy would
be an unhelpful distraction, particularly in the context of autism
and challenges with social interaction.

I was looking for the help and, as it turns out, the help
wasn’t outside, it was inside. [Alexander, AV-EXT,
dropped out of therapy]

Grace wondered if AVATAR therapy may have been easier for
her to navigate earlier in her recovery and expressed a desire to
learn strategies for managing difficult emotions, although she
gained meaningful benefits from the 8 sessions (5 dialogues)
she attended.

I don’t think they could have done anything else, it
was just up to me, I had to see what was good for me,
what was not good for me. [Grace, AV-EXT, dropped
out of therapy]

Some therapy completers (n=5) suggested that effectiveness
may vary depending on factors such as duration of voice-hearing
experiences and readiness for therapy demands. In the context
of their own challenges in early dialogues, it was speculated
that working directly with voice content may be particularly
difficult for those with “severe voices” and those who cope
using avoidance.

I think it might just be a bit too overwhelming
depending on the stage of and the seriousness of the
voices. [Ishan, AV-EXT, completed therapy]

Therefore, the importance of informed choice was emphasized,
particularly given James’ experiences of feeling pressured by
his referrer. Some mentioned that they were given insufficient
information about what to expect, and while acknowledging it
may be difficult to grasp what it will be like until directly
experiencing it, they suggested that showing a brief video of an
avatar dialogue could help to reduce uncertainty.

Although everything’s been explained, the words
didn’t help. I had to actually do it to find out.
[Alexander, AV-EXT, dropped out of therapy]

Difficulties Translating Changes to Voices
A barrier experienced by the 3 therapy completers who did not
report notable benefits related to issues translating improvements
from avatar dialogues to day-to-day interactions with voices.
Zahid, Georgia, and Mai Su were able to stand up to the avatar
but did not experience improvements with voices. Mai Su
described struggling with independent practice and reverting
to default responses.

When I’m at home and the voice talks to me and it’s
loud and I just don’t remember any of those sessions,
so I just scream back it. [Mai Su, AV-BRF, completed
therapy]

A total of 3 therapy completers who reported benefit from
AVATAR therapy also faced challenges in independently
applying the approach to voices, experiencing initial discomfort
and hesitancy.
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I didn’t really practice too much [...] because I needed
to build up more confidence [...] I felt like I wasn’t
ready yet in myself. [Ishan, AV-EXT, completed
therapy]

Progress was not always smooth or cumulative. For example,
Asim found voices increased in aggression after completing
therapy and valued an additional session with his therapist to
regain control. This highlights that, even when AVATAR
therapy is beneficial, there may be challenges in applying
learning to daily life, and there could be benefits of booster
sessions.

After I started using the AVATAR therapy, you know,
the stuff I learned, it was okay for a while but it came
back angrier. [Asim, AV-BRF, completed therapy]

The network of themes and subthemes is summarized in Figure
1, which illustrates the 4 overarching themes and their
interrelationships. The arrows between subthemes in the “Shift
in relationship with avatar and, consequently, voices” theme
highlight the sequential process of first adjusting to and building
a connection with the avatar before standing up to it and gaining
benefits.

Figure 1. Thematic network.

Discussion

Overview
This study used peer research methods and a dual approach of
IPA and template analysis to explore the experience of
AVATAR therapy, with a focus on direct work with voice
content and the role of TA. Findings align with many of the
themes identified in AVATAR1 qualitative work [11],
particularly in highlighting the value of communicating with a
digital representation, learning strategies, and the role of
therapist support. Those who discontinued therapy described
challenges with the realism of working dialogically with an
avatar, reflecting that this approach may not be effective for
everyone.

How Did Participants Experience Directly Working
With Verbatim Voice Content?
Despite initial challenges with early exposure and in vivo
communication, working dialogically with voice content led
most to experience an increased sense of power and control
over voices, consistent with other cognitive approaches for

distressing voices [39]. Participant accounts aligned with core
therapeutic aims and processes, particularly around
empowerment and self-esteem [8,40]. Consistent with inhibitory
learning theory [41], participants described challenging
distressing beliefs and targeting safety behaviors (including
submission) within avatar dialogues, resulting in reduced anxiety
over time. Positive outcomes were varied and individualized,
including reduced voice frequency and omnipotence, enhanced
understanding and acceptance, and improved interpersonal
functioning. This aligns with relational approaches for
distressing voices [3,7,42] and reflects the broader secondary
outcomes observed in the main trial, such as improved voice
understanding and empowerment [9].

Although use of technology initially caused some anxiety, its
role in externally representing voices was well accepted by
most, mirroring AVATAR1 qualitative findings [11]. Participant
accounts regarding their emotional connection to, or
disconnection from, the avatar relate to the concept of sense of
voice presence [12,13]. This is a key mechanism in fear
activation [43], promoting emotional processing and
generalization of learning [44,45]. In line with earlier work [13],
most participants reported at least some degree of voice presence
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during avatar dialogues. However, early challenges involved
either high levels of perceived realism leading to fear activation
(particularly in the context of safety behaviors, especially
avoidance, and reactivation of trauma memories) or difficulties
accessing voice presence inhibiting emotional processes. This
reflects the bidirectional relationship between presence and
emotion [46]. Participant accounts support the assertion that
engagement and positive outcomes are contingent on voices
being brought online within dialogues to activate emotion (ie,
anxiety) within a safe therapeutic space [13].

Some participants indicated that, in the context of a high sense
of voice presence, they experienced temporary symptom
exacerbation. However, consistent with previous findings [13],
the emotional intensity of this experience appeared
well-tolerated by most and promptly eased across therapy. In
fact, many specifically valued coming through this experience
because it meant they had directly confronted and overcome
core issues. This is consistent with evidence of temporary
symptom exacerbation when working through challenges in
trauma-focused imaginal exposure [47] and other exposure
therapies [48,49].

Participants identified how open-minded attitudes, resilience,
and determination helped to overcome the challenge of direct
work with voice content, particularly when navigating
anxiety-provoking early dialogues. While often conflated with
attendance [50], many emphasized that engagement went beyond
simply turning up each week and involved “leaning into” therapy
to access voice presence, emotional processes, and meaningful
outcomes. The emotional experience of therapy ending was also
highly individualized across both AV-BRF and AV-EXT, with
some experiencing a profound sense of closure and others
struggling with loss. This variability reflects individual
differences and the diverse meanings and relationships involved
in voice-hearing, highlighting that the experience of therapy
ending can be shaped by personal meaning and relational factors
[51].

Generalizing learning from avatar dialogues to voices in daily
life could be challenging, reflecting broader literature and
emphasizing the need for continued use of skills [52]. The 3
therapy completers did not experience notable positive
outcomes, possibly reflecting reported challenges in accessing
voice presence, as this has been linked to the transfer of
knowledge and skills [13].

It is important to note that participants who discontinued therapy
were underanalyzed in relation to voice presence, with only 1
included in the theme “Collaborative efforts facilitated
meaningful connection to avatar.” The 2 other participants
disengaged prior to any dialogues in the context of challenges
with the realism of the software, meaning they did not reach
the point of establishing presence. These issues are further
considered in relation to dropout experiences below.

How Was TA Experienced by Participants in the
Context of AVATAR Therapy?
Participant accounts align with the concept of TA [53],
emphasizing therapist qualities like warmth and empathy. Strong
TA was established for all, including those who dropped out,

underscoring its central role in therapy experience, engagement,
and outcomes, consistent with other psychosis interventions
[54-56]. Developing trust was perceived to be vital given
sensitive therapy processes, such as sharing verbatim voice
content, exposure to feared stimuli, and working with trauma.
In particular, participants valued transparent, respectful
conversations to ensure an appropriate balance of voice presence
and safety, particularly when reenacting abuse via the avatar
[8]. Therefore, TA could mitigate the impact of the therapist
operating the avatar and facilitate continued engagement despite
anxiety. Therapists’ emotional attunement within avatar
dialogues enabled person-centered therapeutic input, which
progressively reduced across therapy [40].

Despite initial concerns about the impact of technology on TA,
most participants felt they had adequate access to human
therapist support. In fact, the digitally mediated environment
was perceived to provide therapists with unique insights into
participants’ live experiences and behaviors, creating valuable
opportunities for validation. Participants also valued therapists’
respectful curiosity about their experiences, values, beliefs,
strengths, and cultural background. In this way, many described
feeling empowered to take an active role in their therapy,
emphasizing collaboration and choice [57,58].

What Were the Experiences of Participants Who
Decided Not to Continue With Therapy?
Choosing to discontinue therapy could be an empowering
choice, providing insights for recovery, but could also be
experienced negatively, reflecting the contrasting experiences
of therapy dropout [59]. This also emphasizes that attendance
is only one component of engagement, and it is possible to
meaningfully access therapeutic processes without reaching a
treatment dose [50].

While challenges of exposure to the avatar eased promptly for
most, the emotional toll of dialogues across therapy led 1
participant to drop out after 5 dialogues (8 sessions).
Additionally, 2 other participants chose to discontinue prior to
any dialogues due to difficulties with the realism of the avatar
software. This suggests that AVATAR therapy may be
overwhelming if voice-hearing experiences elicit high levels of
anxiety [60], and, conversely, insufficient realism may disrupt
voice presence and engagement. In this way, both too much and
too little realism can create difficulties in establishing voice
presence and activating target emotions in a safe setting, posing
a risk for disengagement. However, many therapy completers
who benefited from AVATAR therapy reported similar
challenges in early sessions and initially questioned whether to
continue, highlighting the role of personal choice. Factors such
as life events outside of therapy, access to resources, and social
functioning may influence an individual’s decision to continue
with therapy despite challenges [61-63]. This was endorsed by
therapy completers who acknowledged that AVATAR therapy
may not be effective for all, depending on factors such as stage
in recovery, stressful life events, and physical health, consistent
with wider literature [47,64-66]. Taken together, this indicates
that dropout may not simply reflect limitations in software
realism but also readiness for exposure and suitability of the
intervention for the individual at that time.
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Similarly to AVATAR1 qualitative findings [11], 1 autistic
participant struggled to engage with the idea of digitally
embodying the voice, possibly suggesting additional challenges
for those with this comorbidity. This highlights the need for
further research specifically focused on autistic voice-hearers.

Strengths and Limitations
The study demonstrated methodological rigor with adherence
to peer research methods and IPA principles, such as using a
phenomenological approach, ensuring reflexivity, and using an
iterative process of analysis [18]. Steps were taken to standardize
interview delivery through training, role-play, co-interviewers,
and supervision. The peer researcher status of interviewers likely
supported participants to feel comfortable, understood, and
willing to open up [67]. Additionally, efforts were made to
include participants who discontinued AVATAR therapy,
enhancing learning around potential reasons for making this
decision.

While integrating 2 qualitative analysis methods enabled both
depth and breadth [36], this introduced epistemological tension
as IPA emphasizes idiographic depth while template analysis
prioritizes cross-case patterns. The careful layering of these
methods was guided by advice from experts in qualitative
research methods and supported by reflexive practices and peer
research methods. However, some complexity may have been
reduced when moving to broader themes, with the risk of
diluting the nuance of individual voices. This highlights the
trade-off between depth and generalizability [21].

Selecting transcripts for IPA based on richness of data (often
defined in terms of depth, detail, and context provided within
narratives) has been questioned due to the associated risk of
bias in privileging some accounts over others [22]. In line with
IPA principles, transcripts of participants who discontinued
therapy were not included in IPA to ensure homogeneity [19,34].
While the integration of template analysis enabled clear
comparison of completers and noncompleters and ensured that
all participants’ perspectives were systematically incorporated
[23], this may have privileged voices that were more positive
and engaged. This could limit the transferability of findings, as
the therapeutic processes identified in detail may not fully reflect
the experiences of those who disengaged or found the
intervention unsuitable.

Participants were invited for an interview after completing the
28-week follow-up to avoid any influence on trial outcomes.
Therefore, interviews were conducted several months after
completing AVATAR therapy, enabling exploration of
long-term perceived impacts. However, this delay may have
also introduced recall bias or retrospective reinterpretation of
participants’experiences during therapy. Social desirability bias
and self-selection bias may have impacted study recruitment.
While we recruited a broadly representative sample with
increased numbers of participants who dropped out of therapy
compared to AVATAR1, only 4.3% (3/69) of those who dropped
out were represented compared to 9.9% (16/161) of therapy
completers. As it was not possible to recruit the intended 4
participants who dropped out, and the interview sample included
2 participants who dropped out prior to any dialogues, we have
likely missed valuable experiences and perspectives from those

who were not willing to participate. Additionally, as this study
focused on TA between the voice-hearer and therapist, we may
have missed important insights into the “triangle of alliance”
between the participant, therapist, and digital platform (ie,
avatar) [68].

A total of 10.5% (2/19) of participants were from Black
backgrounds compared to 17.8% (41/230) in the wider
AVATAR2 sample. The experiences of Black participants are
the focus of a stand-alone qualitative study within the
AVATAR2 Programme of Qualitative Research, which is
currently being prepared for publication [69]. Concomitant
recruitment for both qualitative studies is a likely factor in the
lower representation of Black participants within this study.

Implications for Optimization and Implementation
The AVATAR2 trial aimed to evaluate the efficacy of 2 forms
of AVATAR therapy, determine optimal therapy delivery, and
consider implementation in National Health Service (NHS)
settings. Supported by a National Institute for Health and Care
Excellence Early Value Assessment [70], which has recently
recommended further testing in routine NHS settings, these
qualitative findings will support the optimization and wider
implementation of this approach.

Establishing voice presence and activating target emotions
within a safe setting has been emphasized as central to
engagement and outcomes. Software developments may improve
the realism of digital representation, enhancing sense of voice
presence. Findings emphasize the need for improvements to the
tailoring of avatars across different ethnicities and genders to
ensure equal opportunities to establish voice presence. However,
as technology advances, increased realism might activate strong
emotional responses and increase fear within the digital
environment, particularly pertinent given the ongoing trial of
AVATAR-VR [71]. Therefore, flexible therapist support will
be crucial to ensure participants feel safe, balancing exposure
with tolerability [8,47]. Meanwhile, dropout experiences suggest
that difficulties establishing presence may not only reflect
technological limitations in software realism but also individual
readiness and suitability, emphasizing the importance of
personalizing AVATAR therapy to the person’s stage of
recovery and capacity to tolerate exposure.

Limitations suggest that our findings are most transferable for
understanding therapeutic processes when engagement is
maintained, providing less insight into disengagement and
nonresponse. Therefore, future work should further explore the
perspectives of those who discontinue or gain limited benefit.
Such insights could inform early screening and tailoring, for
example, around readiness for exposure and tolerance of voice
presence.

In this context, integrating emotion regulation and anxiety
management techniques may enhance coping and sense of safety
[47,72], as demonstrated by Paulik et al [73] in supporting
voice-hearers to engage with exposure therapies. Therefore,
future research could consider if an emotion regulation phase
improves the tolerance of this experience, ensuring
trauma-informed care and integrating other therapeutic
approaches [47]. Additionally, tools to support normalizing
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discussions around common voice content and transparency
over potential temporary voice exacerbation could facilitate
collaborative engagement and reduce distress.

Findings highlight the importance of TA, fully informed consent,
and patient choice when proceeding with exposure and
dialogues. Peer support spaces could provide additional support,
increase motivation, and promote engagement and outcomes
[74,75]. Further research could explore the triadic relationship
between the participant, therapist, and avatar. In particular, it
would be valuable to examine how the concept of TA applies
to the avatar, given its role in representing the distressing voice
yet also the individualized relational context, meaning that there
may be a therapeutic focus on fostering compassion toward the
voice [8,76].

The range of emotional experiences across AV-BRF and
AV-EXT highlights the complexities and relevance of individual
differences. AVATAR2 RCT findings suggest that AV-EXT
produces stronger results, but this was in the context of higher

dropout rates. As AVATAR therapy moves from clinical trials
and into routine care, there are increased opportunities for
tailoring the therapy to context, including flexibility in duration,
use of booster sessions, and potential integration into long-term
therapy.

Conclusions
This study provides valuable insights into the participant
experience of AVATAR therapy, enriched by peer research
methods. Overall, experiences were positive, with all reporting
strong TA and most gaining power over the avatar and,
consequently, voices. There were challenges with in vivo
exposure and dialoguing with voice content, but this was often
mitigated by TA. Engagement and positive outcomes were
contingent on establishing voice presence and activating target
emotions while retaining a sense of safety. Potential barriers to
engagement and outcome have been suggested, emphasizing
the need for software developments, person-centered flexibility,
and informed choice.
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AV-EXT: extended (12-session) form of AVATAR therapy
IPA: interpretative phenomenological analysis
NHS: National Health Service
PPI: patient and public involvement
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Abstract

Background: The benefits of physical activity (PA) for both physical and mental health, including major depressive disorder
(MDD), are well established. Mobile devices, such as smartphones, offer a scalable way to monitor PA and its relationship with
depressive symptoms in daily life.

Objective: This study aimed to investigate the association between passive smartphone-recorded step counts and current
depressive symptoms in individuals with and without a lifetime diagnosis of MDD, using a naturalistic bring-your-own-device
approach.

Methods: We used the Remote Monitoring Application in Psychiatry (ReMAP) to collect passive step count data from participants’
personal smartphones. The sample included 181 individuals with a lifetime MDD diagnosis, assessed via the structured clinical
interview for the Diagnostic and Statistical Manual of Mental Disorders (Fourth Edition; DSM-IV), and 195 healthy controls
(HCs). Current depressive symptoms were assessed using the Beck Depression Inventory. PA was operationalized as daily and
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weekly step counts, passively recorded via smartphone sensors. Hierarchical models were applied to examine the association
between PA and depression severity.

Results: Patients with MDD exhibited significantly lower daily step counts (mean 3454, SD 2683) compared to HCs (mean
4699, SD 3175; P<.001) and showed reduced diurnal variability (β=–0.36; P=.003). Higher daily step counts were associated
with lower Beck Depression Inventory scores across the full sample (β=–0.06, 95% CI –0.09 to –0.02; P=.002), with similar
trends in both MDD and HC groups. Weekly step counts also significantly predicted lower concurrent depressive symptoms
(β=–0.29, 95% CI –0.43 to –0.14; P<.001), while patients with MDD displayed less variability in weekly activity levels than
HCs (β=–0.75; P=.001).

Conclusions: These findings underscore the potential of mobile devices to be used as effective tools for monitoring PA in
patients with MDD, supporting more customized and adaptive approaches to prevention and treatment. They also emphasize the
importance of incorporating PA into the clinical management of depression.

(JMIR Ment Health 2026;13:e81120)   doi:10.2196/81120

KEYWORDS

depression; physical activity; mood; smartphone; mobile phone; application; app

Introduction

Major depressive disorder (MDD) is a significant public health
concern that affects 15%‐18% of individuals over their lifetime
[1], resulting in impaired psychosocial functioning, reduced
quality of life, and shortened life expectancy [2,3].

Available treatment options are far from optimal, with only
about one-third of patients responding to antidepressant
medication as a first-line treatment for depression [4]. While
psychotherapy represents another recommended first-line
approach, response rates remain limited, and access barriers
persist [5]. Importantly, psychotherapy may offer a more suitable
context to integrate and promote adjunctive interventions, such
as physical activity (PA), which is increasingly recognized as
an effective component in the treatment of MDD.

The antidepressant effects of PA are well supported by
meta-analyses, showing moderate to large effect sizes, though
randomized controlled trials differ considerably in sample size,
exercise type, and control conditions [6]. While the beneficial
effects of PA on depressive symptoms are well established, the
intensity and duration of exercise that is most effective for the
treatment and prevention of MDD remain controversial [7].
Importantly, augmenting standard treatments with exercise has
shown improved outcomes and minimal risk of adverse effects
[8], and prospective data indicate that even subthreshold levels
are associated with a reduced risk of developing MDD [9].

PA modulates key biological processes implicated in depression,
including immune function, neuroplasticity, and the
hypothalamic-pituitary-adrenal axis [10,11], and may exert
antidepressant effects partly through reducing low-grade
inflammation, a shared feature of metabolic disorders and MDD
[12-14]. Despite the compelling evidence presented, adherence
to PA in the real world remains a challenge, and there is a
paucity of knowledge regarding the relationship between
naturally occurring daily activity and depressive symptoms
outside of structured interventions.

Step counting is a widely adopted and popular metric for
quantifying PA in both research and the general population
[15-21]. The proliferation of wearable devices and smartphone

apps has made step counting accessible and intuitive, facilitating
its use for self-monitoring and goal setting across diverse
populations. The American College of Sports Medicine
recognizes daily step counts as an easily interpretable unit of
locomotion increasingly used in public health recommendations,
research, and clinical practice [15,22]. This quantification is
typically performed via smartphones and wearables. There is
growing evidence that links step counts to physical and mental
health outcomes, including MDD [23,24]. Walking, as the most
prevalent form of PA, presents a strategy that is characterized
by its low-barrier nature and scalability, thereby accommodating
individual needs [25]. Step counts also provide an interpretable
and goal-oriented measure of overall activity, capturing not
only deliberate exercise but also habitual movement in daily
life [26,27].

However, the majority of prior research has relied on controlled
devices or structured interventions. In contrast, the present study
addresses a significant research gap by examining the
relationship between depressive symptoms and step counts in
a real-world, naturalistic setting using participants’ own
smartphones; a bring-your-own-device (BYOD) approach.
While there is variability in the accuracy of commercial sensors
such as wearables [28,29], smartphone-based step counts have
demonstrated reasonable validity under everyday conditions
[30,31]. Consequently, BYOD monitoring emerges as a
pragmatic and scalable instrument for large-scale mental health
research.

However, it remains unclear whether the antidepressant effects
of PA are primarily driven by the total number of steps per day
or by specific patterns of activity, such as daily variability or
potential threshold effects. For example, it is not yet known
whether very high activity levels may also be associated with
negative outcomes. Using smartphone-based data allows us to
explore such nuanced real-world activity patterns in greater
detail.

Accordingly, the present study investigates the association
between daily step counts and self-reported depressive
symptoms using Remote Monitoring Application in Psychiatry
(ReMAP), which enables continuous, passive behavioral
monitoring with high temporal resolution and validated symptom
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assessments [32,33]. Given the substantial evidence supporting
PA as an effective treatment and preventative measure for
depressive symptoms, our primary hypothesis posits that patients
with MDD exhibit lower PA levels, operationalized as daily
step counts, compared to healthy controls (HCs). Second, we
hypothesize that higher step counts are associated with lower
depression severity, as reflected in Beck depression inventory
(BDI) scores. Finally, we aim to explore whether variability in
step counts across the week is related to depression severity,
including the possibility that both low and excessively high
activity levels may be associated with worse outcomes.

Methods

Study Design
This study used a naturalistic, prospective, and longitudinal
cohort design. Participants with MDD and HCs were followed
over time through smartphone-based assessments of PA (daily
step counts) and depressive symptoms (repeated BDI
assessments). This design allowed for the observation of
within-person variation and between-group differences under
real-world conditions.

Participants
The sample included 181 participants with a lifetime diagnosis
of MDD and 195 HCs, resulting in a total of 376 participants
with available data from ReMAP. MDD diagnoses were
established based on the structured clinical interview for the
Diagnostic and Statistical Manual of Mental Disorders, Fourth
Edition (SCID) and verified clinical records. An acute depressive
episode was not required for inclusion, as the study focused on
lifetime MDD status and current variation in depressive
symptom severity.

Participants were recruited from several ongoing longitudinal
clinical cohorts: the Marburg/Münster Affective Disorder Cohort
Study (n=47) [34], the Münster Neuroimage Cohort (n=17)
[35,36], 2 subsamples of the SFB-TRR58 cohort (n=81; Z02
Münster and SpiderVR Münster) [37], and the TIP cohort
(n=28). These cohorts include both HC participants and patient
groups currently or formerly receiving inpatient treatment for
affective disorders, ensuring diagnostic validity through
structured assessment and clinical verification. The presence of
a current or lifetime diagnosis of mental disorders was assessed
using SCID interviews in all participants [38]. HC participants
were confirmed to be free of any current or past psychiatric
disorders based on SCID interviews. Participants with severe
physical or neurological conditions (eg, cardiovascular,
oncological, or neurodegenerative diseases) were excluded
during recruitment in all contributing cohorts to minimize
potential health-related confounding.

Depressive symptoms were assessed using the 21-item BDI
[26], a validated self-report measure of depressive symptom
severity (total score range 0‐63 and higher scores indicating
greater severity). For the present analyses, BDI total scores were
treated as continuous variables to capture dimensional variation
in depressive symptom burden rather than categorized into
discrete severity levels. Participants were required to complete
at least 3 BDI assessments, each separated by a minimum of 1

week, to capture within-subject fluctuations in depressive
symptoms in relation to PA.

For step count data, days exceeding 50,000 steps were excluded
to account for implausible or erroneous values.

The final sample (n=376; 181 MDD, 195 HCs) included all
participants meeting the inclusion criteria and providing
sufficient data for both step counts and BDI assessments. No a
priori sample size calculation was performed because this study
used existing data from several ongoing longitudinal cohorts.
To assess statistical sensitivity, a post hoc power analysis using
G*Power (v3.1; Heinrich Heine University Düsseldorf,
Germany) was conducted. Assuming an α of .05, power of 0.80,
and 8 predictors in a linear model approximation, the minimal

detectable effect was f2=0.052, indicating adequate power to
detect small-to-medium effects commonly observed in PA and
depression research.

ReMAP
ReMAP is a smartphone-based monitoring app developed at
the University of Münster [32]. Following a BYOD approach,
it passively records step counts and distance via Apple Health
or Google Fit and collects active self-reports such as the BDI
at regular intervals. All data are pseudonymized, encrypted, and
stored in compliance with data protection regulations. The
validity of ReMAP-derived measures has been demonstrated
in previous studies [33].

Depression
Depressive symptoms are measured with the BDI, consisting
of 21 items [39]. Both self-report and clinician-rated evaluations
have been shown to be consistent, affirming the reliability of
smartphone-based self-report measures in assessing depressive
symptoms [33]. To evaluate convergent validity in the present
sample, ReMAP-derived BDI (digital) scores were compared
with the paper-pencil BDI and the clinician-rated Hamilton
Depression Rating Scale (HAMD) at baseline using Pearson
correlations and intra-class correlation (ICC; 2-way, absolute
agreement, single measure).

Physical Activity
PA was measured as daily step counts using the ReMAP app.
Pedometers and accelerometers in phones generate step count
data and distance information. Android phones also use GPS
locations to better estimate distance [32].

To address the substantial variability in step data, both in daily
step counts and in day-to-day variability, we adopted the activity
level classification framework proposed by Tudor-Locke and
Bassett. This framework defines 3 categories based on
established PA guidelines: sedentary (≤4999 steps/d), moderate
(5000‐9999 steps/d), and high (>9999 steps/d) PA levels [19].
These categories, along with total step counts, were used to
characterize PA levels in subsequent analyses. To account for
differences in assessment timing, we focused the analysis on
the week surrounding each BDI measurement.
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Statistical Analysis

Comparative Analysis of PA Levels Between Patients
With MDD and HC
We conducted a descriptive analysis of PA levels categorized
as sedentary (≤4999 steps/d), moderate (5000‐9999 steps/d),
and high (>9999 steps/d) for patients with MDD and HCs [19].
Chi-square tests were used to assess significant differences in
baseline PA levels between diagnostic groups.

Association Between PA Levels and Depression Symptom
Severity
To examine the relationship between PA and depressive
symptom severity, we conducted linear mixed-effects models
with random intercepts for each participant. The BDI scores
served as the dependent variable, analyzed both in the overall
sample and separately within the MDD and HC groups. Missing
step count data were handled with a mixed linear model
approach. For each BDI measurement, step count data within
a 3-day window were considered for analysis. Given the
naturalistic study design and varying numbers of valid step
count days and assessment intervals across participants, linear
mixed effects models were applied to account for the unbalanced
data structure and to include all available observations per
participant that met the inclusion and exclusion criteria. We
assessed the impact of both peak daily step counts within a week
and cumulative weekly step totals. In one model, PA was entered
as a categorical variable (sedentary, moderate, and high), while
in another, daily and weekly step counts were treated as
continuous predictors. For interpretability, the sum of daily and
weekly step counts was z-standardized prior to modeling, so
that coefficients represent the change in depressive symptom
scores per one standard deviation change in step counts.

In patients with MDD, psychotropic medication use was
statistically controlled for by including a composite medication
index representing the number and type of psychotropic
medications as an additional covariate in the linear mixed-effects
models.

Covariates were selected based on prior evidence of factors
influencing both PA and depressive symptom reporting in
smartphone-based monitoring studies. Age, gender, and
smartphone platform (iOS vs Android) were included to control
for demographic and technical variability. In a sensitivity
analysis, BMI was additionally included in the model to assess
the potential influence of physical health status.

Variability in PA and Its Relation to Depression Severity
As there are currently no established metrics for short-term
variability in daily PA levels in the context of MDD, we
conducted an exploratory analysis to quantify and compare
intra-week variability patterns. In total, 2 complementary
variables were derived from the data set listed below:

1. Weekly PA level variability: Each participant’s daily step
count was categorized into one of 3 PA levels: sedentary,
moderate, or high, based on established cutoffs. The weekly
variability score represents the number of distinct PA levels
reached within a week (range=1‐3). A value of 1 indicates

that all days fell within the same PA level (no variability),
whereas 3 indicates that all 3 PA levels occurred within the
same week (maximum variability). This metric was
designed to capture whether individuals who fluctuate
between different activity levels during a week differ in
depressive symptom severity compared to those with stable
activity patterns.

2. Daily PA level variability: This variable quantifies the
number of transitions (shifts) between PA levels across
consecutive days within a week (range =0‐6). A score of
0 indicates complete stability (no day-to-day change in PA
level), and 6 indicates the maximum variability, with a
change in PA level on every day of the week. This measure
captures short-term instability in PA behavior.

First, a cumulative log model was performed to analyze ordinal
weekly variability and to differentiate between diagnostic groups
(MDD vs HC). Second, a general linear mixed-effects model
with Poisson distribution was used to look at daily differences
in diagnostic groups (MDD vs HC). In both models, a random
intercept was added to account for repeated measurements for
each participant. The HC group was used as the reference
category.

Ethical Considerations
The study was reviewed and approved by the Ethics Committee
of the Medical Association of Westphalia-Lippe and the
Westphalian Wilhelms University of Münster (approval number
2017-615-f-S). All participants provided written informed
consent prior to participation. Data were collected and stored
in pseudonymized form in accordance with the General Data
Protection Regulation. To acknowledge their time and effort,
participants received a modest compensation of €20
(approximately US $22).

Results

Study Sample
The inclusion process and participant numbers at each stage are
summarized in Figure 1. The study included 376 participants
with a mean age of 44.76 (SD 13.83) years, of whom 268 were
female (Table 1). Of these, 181 participants met diagnostic
criteria for lifetime MDD based on the SCID. The mean BDI
score for the entire cohort was 7.36 (SD 9.24), and participants
reported a mean number of daily steps of 4113 (SD 3019).
Patients with MDD showed significantly lower mean daily step
counts than HC (3454, SD 2683 vs 4699, SD 3175 steps/day;
P<.001). ReMAP BDI scores showed moderate-to-strong
convergence with conventional assessments. Specifically,
correlations with paper-pencil BDI were r=0.77 (ICC=0.67,
95% CI 0.45‐0.81) and with Hamilton Depression Rating
Scale, r=0.57 (ICC=0.61, 95% CI 0.36‐0.78). These results
confirm adequate convergent validity of the digital ReMAP
BDI in the current sample, albeit with slightly lower coefficients
compared to those reported by Goltermann et al [33]. In an
additional sensitivity analysis including BMI as a covariate,
BMI did not significantly predict depressive symptom severity
(β=.007; P=.84), and the association between step counts and
depressive symptoms remained unchanged.
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Figure 1. Participant flow diagram following STROBE (Strengthening the Reporting of Observational Studies in Epidemiology) recommendations,
showing the number of individuals screened, excluded (with reasons), and included in the final analyses for healthy controls and participants with major
depressive disorder. BDI: Beck Depression Inventory; MDD: major depressive disorder.
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Table . Sociodemographic characteristics and comparison between patients with MDD and healthy controls during the study period.

Healthy controls (n=195)Participants with MDDa (n=181)Variables

45.24 (14.60)44.22 (12.89)Age (years), mean (SD)

Sex, n

5751    Male

138130    Female

Living situation, n (%)b

27 (18.6)34 (23.8)    Alone

66 (46)50 (35.6)    Partner

20 (13.7)17 (11.9)    Shared

31 (21.7)41 (28.7)    Other

Occupational status, n (%)b

60 (41.9)49 (34.2)    Full-time

36 (25)30 (21.5)    Part-time

1 (0.6)12 (8.2)    Unemployed

29 (20)25 (17.7)    Training

18 (12.5)26 (18.4)    Other

14.3 (2.79)13.6 (2.85)Education (years), mean (SD)b

3622 (2287)2978 (1980)Disposable household income (US $/month),

mean (SD)b

25.1 (5.03)27.3 (6.51)BMI, mean (SD)b

2.86 (3.70)12.42 (10.85)BDIc, mean (SD)

4699 (3175)3454 (2683)Step counts per day, mean (SD)

aMDD: major depressive disorder.
bData on living situation, occupational status, education, disposable household income, and BMI were available for a subsample (MDD: n=142; healthy
controls: n=144). Percentages and means are based on the available data.
cBDI: Beck Depression Inventory.

Comparative Analysis of PA Levels Between Patients
With MDD and HC
Chi-square tests revealed significant differences in the
distribution of baseline PA levels between patients with MDD

and HC (χ2
2=8.16; P=.02). Patients with MDD were more likely

to exhibit sedentary PA levels (75/181, 41.4%) compared to
HCs (55/195, 28.2%), whereas HCs were more likely to exhibit
high PA levels (64/195, 32.8%) than patients with MDD
(42/181, 23.2%). The moderate PA category included 35.4%

(64/181) of patients with MDD and 39% (76/195) of HCs. The
distribution of steps per day can be viewed in Multimedia
Appendix 1.

Association Between PA Levels and Depression
Symptom Severity
Higher PA levels, both categorical (b=–0.37; 95% CI –0.51 to
–0.22; P<.001) and total daily step counts (b=–.06; 95%CI –0.09
to –0.02; P=.002), were significantly associated with lower BDI
scores in the whole sample as well as in patients with MDD and
HC (Tables 2 and 3).
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Table . Linear mixed model of daily step count categories and depressive symptoms (Beck depression inventory).

HCbMDDaWhole sampleVariables

P valueEstimate (95% CI)P valueEstimate (95% CI)P valueEstimate (95% CI)

.03d1.87 (0.18 to 3.55)<.001c11.49 (5.95 to 17.04).391.26 (1.60 to 4.11)Intercept

.84–0.01 (–0.07 to 0.09).33–0.10 (–0.29 to 0.10).46–0.04 (–0.14 to 0.06)Moderate
physical ac-
tivity

<.001c–0.28 (–0.39 to –0.17)<.001c–0.52 (–0.83 to –0.21)<.001c–0.37 (–0.51 to –0.22)High physi-
cal activity

.550.01 (–0.02 to 0.04).730.02 (–0.09 to 0.14).600.01 (–0.04 to 0.07)Age

.470.38 (–0.65 to 1.41).561.01 (–2.37 to 4.4).410.72 (–0.99 to 2.43)Gender
(women)

.150.68 (–0.25 to 1.6).261.26 (–0.92 to 3.47).091.13 (–0.17 to 2.44)Platform
(Android)

————e<.001c10.73 (9.18 to 12.27)Diagnosis
(MDD)

aMDD: major depressive disorder.
bHC: healthy control.
cP<.001
dP<.05.
eNot available.

Table . Linear mixed model of z-standardized daily step counts and depressive symptoms (Beck Depression Inventory).

HCbMDDaWhole sampleVariables

P valueEstimate (95% CI)P valueEstimate (95% CI)P valueEstimate (95% CI)

.04d1.81 (0.13 to 3.50)<.001c11.36 (5.81 to 16.90).431.16 (–1.70 to 4.02)Intercept

.01d–0.05 (–0.08 to –0.02).06–0.06 (–0.13 to 0.003).002e–0.06 (–0.09 to –0.02)Step count
sum (z-stan-
dardized dai-
ly step
counts)

.530.01 (–0.02 to 0.04).720.02 (–0.09 to 0.14).590.02 (–0.04 to 0.07)Age

.460.39 (–0.65 to 1.43).551.05 (–2.34 to 4.43).400.73 (–0.97 to 2.44)Gender
(women)

.150.69 (–0.24 to 1.63).251.29 (–0.90 to 3.50).081.15 (–0.15 to 2.44)Platform
(Android)

————f<.001c10.74 (9.19 to 12.29)Diagnosis
(MDD)

aMDD: major depressive disorder.
bHC: healthy controls.
cP<.001
dP<.05
eP<.01
fNot available.

Analyses of PA patterns over an entire week revealed that
weekly step counts were associated with lower BDI scores
(b=–0.29, 95% CI –.43 to –.14; P<.001) within diagnostic

groups (Table 4), while no significant association was observed
for categorical step count levels (Table 5).
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Table . Linear mixed model of z-standardized weekly step counts and depressive symptoms (Beck Depression Inventory).

HCbMDDaWhole sampleVariables

P valueEstimate (95% CI)P valueEstimate (95% CI)P valueEstimate (95% CI)

.02d2.08 (0.38 to 3.78)<.001c11.13 (5.59 to 16.68).371.30 (–1.55 to 4.16)Intercept

<.001c-0.23 (–0.35 to -0.12)<.001c–0.37 (–0.64 to –0.10)<.001c–0.29 (–0.43 to –0.14)Step count
sum (z)

.670.01 (–0.03 to 0.04).780.02 (–0.10 to 0.13).700.01 (–0.04 to 0.67)Age

.600.28 (–0.76 to 1.33).710.65 (–2.70 to 4).520.55 (–1.15 to 2.25)Gender
(women)

.210.61 (–0.34 to 1.55).072.53 (–0.17 to 5.23).02d1.69 (0.23 to 3.15)Platform
(Android)

————e<.001c10.54 (9 to 12.07)Diagnosis
(MDD)

aMDD: major depressive disorder.
bHC: healthy control.
cP<.001
dP<.05
eNot available.

Table . Linear mixed model of weekly step count categories and depressive symptoms (Beck Depression Inventory).

HCbMDDaWhole sampleVariables

P valueEstimate (95% CI)P valueEstimate (95% CI)P valueEstimate (95% CI)

.03d1.94 (0.23 to 3.66)<.001c10.75 (5.18 to 16.32).461.07 (–1.79 to 3.95)Intercept

.510.08 (–0.16 to 0.32).430.20 (–0.30 to 0.70).340.13 (–0.14 to 0.41)Moderate

PAe

.30–0.14 (–0.42 to 0.13).12–0.48 (–1.10 to 0.13).10–0.27 (–0.60 to 0.05)High PA

.570.01 (–0.02 to 0.04).710.02 (–0.09 to 0.14).620.01 (–0.04 to 0.07)Age (years)

.550.32 (–0.72 to 1.37).650.78 (–2.58 to 4.13).480.62 (–1.08 to 2.31)Gender
(women)

.16.69 (–0.25 to 1.63).052.71 (–0.01 to 5.41).02d1.8 (–0.34 to 3.26)Platform
(Android)

————f<.001c10.58 (9.04 to 12.12)Diagnosis
(MDD)

aMDD: major depressive disorder.
bHC: healthy control.
cP<.001
dP<.05
ePA: physical activity.
fNot available.

Exploratory analyses of associations between PA levels and
individual symptoms revealed substantial heterogeneity in effect
sizes, with the strongest associations observed for irritability
(BDI 11), somatic preoccupation (BDI 20), and loss of libido
(BDI 21; Multimedia Appendix 1).

A lifetime diagnosis of MDD was consistently associated with
higher depressive symptom severity across all models.
Differences between smartphone platforms (Android vs iOS)
emerged only in models using weekly time frames.

In the MDD group, the medication index did not significantly
influence depressive symptom severity (β=0.0198, SE=0.0636;
t16682.8=0.312; P=.76), indicating that psychotropic medication
use was not a major confounding factor in the observed
associations.

Variability in PA

Weekly PA Level Variability
Analysis of the variability of different PA levels reached per
week (range 1‐3) revealed significant differences between
patients with MDD and HCs (β=–0.75, SE=0.23; P=.001).
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Patients with MDD showed less variability, with 40.9% (74/181)
remaining at the same PA level throughout the week compared
to 28.2% (55/195) of HCs. A higher proportion of HCs (54/195,
27.5%) compared to patients with MDD (31/181, 17.2%)
showed high flexibility by moving through all PA levels within
1 week. The supplementary material provides an additional
approach to assess variability, showing violin plots of the SD
of PA for MDD and HCs (Multimedia Appendix 1).

Daily PA Level Variability
The variability index, representing fluctuations in daily step
counts per week (ranging from no shifts to daily shifts), also

showed significant group differences (β=–0.36, SE=0.12;
P=.003). Patients with MDD were more likely to remain at the
same PA level throughout the entire week (37/181, 20.5%) or
to experience minimal daily changes (eg, 1 change per week:
15/181, 8.2%) compared to HCs (29/195, 14.9%; 11/195, 5.6%).
HCs more frequently showed higher day-to-day variability, with
14.9% (29/195) exhibiting 3 to 5 daily shifts compared to 9.1%
(17/181) of patients with MDD, and only 1 (0.3%) HC
participant showed daily shifts across all PA levels, compared
to none in the MDD group. Figure 2 illustrates the frequency
of day-to-day PA level changes across all observation weeks
included in the study.

Figure 2. Histogram of daily physical activity level variability per week by diagnosis. HC: healthy control; MDD: major depressive disorder; PA:
physical activity.

Discussion

Principal Findings
This naturalistic study investigated the association between
depressive symptom severity and PA as measured by
smartphone-based step counts collected via the ReMAP app.
Higher PA levels were consistently associated with lower BDI
scores across the full sample and within both MDD and HC
subgroups. In addition, patients with MDD engaged in less PA
compared to HCs and showed reduced day-to-day variability.
Moreover, the total number of steps accumulated during the
week emerged as a stronger predictor of depressive symptoms
than the average weekly activity level.

The findings of the present study hold several implications for
clinical practice and future research. First, our results support
the hypothesis of a protective effect of higher levels of PA,
including more unintentional movements interwoven in daily
life, on depression. Importantly, this is consistent with previous
findings from several studies. For example, a large body of
evidence from longitudinal studies shows that substantial health
benefits can be achieved at PA levels even below public
recommendations (for a meta-analysis, see [9].

Furthermore, our finding that even coarse step count
measurements from smartphones, without the need for dedicated
wearables, are associated with lower depressive symptom scores
highlights the real-world applicability and scalability of this
BYOD approach. As most individuals carry their smartphones
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daily, passive step tracking presents a feasible method for
capturing daily activity patterns and their protective effects on
depression, reinforcing its potential for mental health monitoring
and intervention. Several prior studies have consistently shown
that taking more steps correlates with a reduction in depressive
symptoms [24,27,40-42]. These studies raise public awareness
of the importance of PA in reducing the risk of depression, but
limitations in the study designs leave important questions
unanswered. Thus, PA has either been assessed by self-reported
questionnaires or focused on interventions [40,43]. Other studies
are limited by the use of a cross-sectional design, small sample
sizes, or depressive symptoms being surveyed in the general
population without a clinical diagnosis of depression or in
specific patient groups (eg, US veterans) [24,27,44-46]. Here,
we provide evidence that higher PA levels are positively
correlated with a reduction in smartphone-based versions of the
BDI, which has been shown to provide valid assessments of
depressive symptoms [33], in 185 patients with MDD from
ongoing longitudinal psychiatric phenotyping studies. As
previous studies that have objectively examined the impact of
PA on outcomes in patients with MDD have had sample sizes
up to 70 participants, our sample is by far the largest.

Moreover, we confirmed that patients with MDD are less
physically active than HCs, which is consistent with previous
research. Specifically, up to 86% of individuals with MDD do
not meet PA guidelines and have decreased PA (standardized
mean difference=–0.25, 95% CI –0.03 to 0.15) and increased
sedentary behavior (standardized mean difference=0.09, 95%
CI=0.01 to 0.18) compared to HCs [47].

Clinical Implications
Given the limited innovation in treatment and the high
nonresponse rates, improving care for depression remains a
major challenge. PA, which has proven benefits for both
prevention and symptom reduction with minimal side effects,
is still difficult to integrate into patients’ daily lives [6,9,48]. In
this regard, previous studies have identified depressive
symptoms such as loss of interest or pleasure in activities,
fatigue, or psychomotor retardation as relevant barriers to
engaging in PA [49,50]. Consistent with prior research, our
findings indicate that patients with MDD, averaging
approximately 4000 steps daily, fall markedly below the
established sedentary threshold of 5000 steps per day [24] and
average about 1000 steps per day fewer than HCs. As
body-tracking devices and smartphone apps have become
ubiquitous among us, monitoring and goal-setting for daily steps
offer tremendous opportunities for psychiatric clinical practice
to overcome some of the common barriers to PA experienced
by patients with MDD. For example, a meta-analysis of
randomized controlled trials showed a positive effect of mobile
apps or activity trackers on PA with any comparison
corresponding to 1850 steps per day [51]. The apps and trackers
seem to work best when complemented with personalization or
text messaging. In this context, personal smartphones emerge
as a practical and widely accessible means to facilitate PA
promotion.

However, before any recommendations regarding the number
of daily steps for individual patients can be made, it is

imperative to establish the appropriate threshold. Notably, results
from population-based electronic health records, some linked
to participants’ wearable devices, suggest that 8200 steps per
day may be associated with protection against common diseases,
including depression [41]. Ramsey and colleagues recently
demonstrated that an increase in steps per day was associated
with improvement in depressive symptoms in a longitudinal
study with moderate-to-severe MDD over a 24-month follow-up
period, suggesting that a 6500-step-per-day increment from the
sample mean would result in a clinically meaningful reduction
of 5 points in the Patient Health Questionnaire (PHQ-9) [24].

It should be noted, however, that merely the number of steps is
not sufficient to achieve significant benefits from PA in patients
with MDD. For example, some patients may feel overwhelmed
by an ambitious daily step goal and may have difficulty
maintaining it in their daily routine. Moreover, it is not yet
known how long it should take to gradually increase the number
of steps until the final target is reached, or whether “rest days”
of low-intensity exercise at regular intervals might have an
additional benefit.

Our findings highlight that patients with MDD exhibit less
variability in PA levels compared to HCs, which may reflect a
more rigid or constrained activity pattern. Notably, our analysis
revealed that the total number of steps accumulated during the
week was a stronger predictor of depressive symptoms than
average weekly activity levels, suggesting that fluctuations in
PA patterns, such as balancing lower activity on some days with
higher activity on others, may still have a protective effect
against depression severity. These findings underscore the
significance of personalized and adaptable activity patterns, as
opposed to rigid daily targets, when assessing PA in the context
of depression. Further research is needed to develop
evidence-based PA guidelines for patients with MDD that
account for individual performance levels and allow for adaptive
pacing. These guidelines have the potential to encourage more
widespread and sustainable use of PA as part of a comprehensive
approach to depression management. Beyond behavioral
patterns, the mechanistic basis for PA’s antidepressant effects
is increasingly understood. Preclinical studies indicate that PA
and antidepressant medications act on overlapping biological
pathways and may exert complementary effects on
depressive-like behavior [52]. In addition, PA positively affects
psychosocial factors such as self-esteem, social support, and
self-efficacy, which may synergize with biological mechanisms
to enhance its antidepressant effects [11].

Importantly, PA not only improves mental health outcomes but
also addresses key pathophysiological mechanisms shared
between MDD and common somatic comorbidities. These
include chronic low-grade inflammation and metabolic
dysregulation, which contribute to the elevated cardiovascular
risk in this population [53]. Taken together, our results
underscore the potential of tailored lifestyle interventions,
particularly PA-based programs, to mitigate depressive
symptoms and simultaneously reduce cardiometabolic risk.
Future studies should further explore such integrative treatment
strategies, especially in patients with MDD with complex
comorbidity profiles.
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Limitations
The results of this study should be viewed in the context of
several limitations. First, information about steps walked is
retrieved from Apple HealthKit or Google Fit by using
smartphone sensors. Using ReMAP, which has been
demonstrated to be a technically feasible tool, assessments of
PA and BDI were conducted with high temporal resolution with
both active and passive data collection, thus delivering data of
high ecological validity [32]. The use of mobile devices,
particularly smartphones, for remote monitoring and data
collection has grown rapidly in clinical research, providing
valuable insights into the daily lives of patients with MDD [54].
Despite their popularity, research is inconclusive as to whether
commercial devices are valid and reliable methods for estimating
parameters associated with PA, including steps, which generally
tend to be underestimated but still highly correlated with
measurements during laboratory-based assessment [28,29].
Importantly, there is still a lack of consistency in published
protocols regarding the validity and reliability of mobile apps
for measuring PA due to the variety of devices, limited valid
comparisons, and study protocols [30,31]. Therefore, optimizing
research efforts in this specific area is essential. However, when
comparing PA measurement techniques, commercial mobile
devices tend to be less accurate. In particular, lower velocities
and carrying the smartphone close to the hip, such as in a pants
pocket, seem to have a negative impact on reliability [30].
Moreover, considerable heterogeneity in the continuity of data
transmission was found: While the continuity of passive data
transfer appeared to be excellent for iOS users, a significantly
lower rate of passive events per day was observed for Android
users [32]. Although some accuracy is lost, smartphone-derived
data is very accessible to a large portion of the population and
is associated with high levels of adherence.

Second, the moderate-to-strong correspondence between digital
and conventional BDI scores observed here supports the validity
of the ReMAP BDI, though somewhat lower than in prior
controlled validation work [33], likely due to the naturalistic
design and narrower symptom range in our cohort. Moreover,
it is essential to acknowledge that this study adopted an
observational approach, precluding the drawing of causal
conclusions. While our findings suggest a robust association
between higher step counts and lower depressive symptom
severity, the directionality of this relationship remains unclear.
It is plausible that individuals with fewer depressive symptoms
are more likely to engage in PA, rather than PA directly reducing
symptom severity. This bidirectional relationship is supported
by our data, which consistently show that participants with
lower symptom levels were more active at all time points.
Therefore, interpretations regarding the antidepressant effects
of PA should be made with caution, and future research using
experimental or longitudinal designs is needed to disentangle
causal pathways.

Third, our data were limited to step-based measures of PA and
therefore did not capture non-stepping activities (eg, swimming
and cycling) or allow differentiation between activity types and
contexts (eg, daily walking vs structured exercise). As a result,
step counts represent overall locomotor activity rather than
specific forms or intensities of physical exercise. Future studies

integrating multimodal smartphone or wearable data (eg, GPS
or heart rate sensors) could provide a more comprehensive
understanding of both the type and intensity of PA.

Fourth, no information is available on any technical problems
or anomalies that may have occurred during the observation
phase, as there was no further mandatory direct contact with
the participants.

Fifth, it should also be noted that part of the data collection
overlapped with the COVID-19 pandemic, a global event that
profoundly affected daily routines, mobility, and mental health.
Exploratory analyses (not shown) indicated slightly higher
depressive symptom scores during pandemic relaxation periods
compared with lockdown phases, particularly among participants
with MDD. Nevertheless, the overall negative association
between PA and depressive symptoms remained stable across
pandemic phases. These findings align with our previous
ReMAP COVID-19 study [55] and other reports showing that
pandemic-related restrictions were associated with reduced PA
and increased depressive and anxiety symptoms [56-62]. The
pandemic context should therefore be considered an important
external factor when interpreting our results. Moreover, although
participants with severe somatic conditions were excluded and
BMI did not significantly affect the results, lifestyle factors
such as smoking status or alcohol consumption were not
available in all cohorts. Residual confounding by these variables
cannot be entirely ruled out and should be addressed in future
research.

Finally, the effects of PA are not independent of depression
treatment, including medication, psychotherapy, or other factors
that may affect depressive symptoms. Moreover, although
participants with severe somatic conditions were excluded and
BMI did not significantly affect the results, lifestyle factors
such as smoking status or alcohol consumption were not
available in all cohorts. Residual confounding by these variables
cannot be entirely ruled out and should be addressed in future
research.

Conclusions
In conclusion, our study indicates a strong link between PA and
reduced depressive symptom severity. In a large naturalistic
cohort, higher daily step counts were consistently linked to
lower depression scores, with cumulative weekly activity
emerging as a particularly relevant factor. This suggests that
flexible activity patterns, which allow for fluctuations across
days, may be as beneficial as consistently high daily PA.

Beyond its role as a protective behavioral factor, this study also
demonstrates the feasibility of using smartphone-based tools to
collect real-time PA data in patients with MDD. Such data could
facilitate the integration of personalized activity goals into
everyday life and inform adaptive, patient-centered
interventions. This approach holds great promise for application
in clinical settings, including as an adjunct to psychotherapy
and serving as a behavioral activator, adherence facilitator, or
feedback-enhancing tool.

Future research should aim to clarify the biological mechanisms
linking PA and depression and develop evidence-based,
individualized PA recommendations tailored to the needs of
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patients with MDD. These efforts may ultimately contribute to
improved treatment outcomes and promote sustainable lifestyle

changes in the management of depression.
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Abstract

Background: Depression and anxiety are prevalent but commonly missed and misdiagnosed, an important concern because
many patients do not experience spontaneous recovery, and the duration of untreated illness is associated with worse outcomes.

Objective: This study aims to explore the potential of using smartphone-tracked behavioral markers to support diagnostics and
improve recognition of these disorders.

Methods: We used the dedicated Behapp digital phenotyping platform to passively track location and app usage in 217 individuals,
comprising symptomatic (n=109; depression/anxiety diagnosis or symptoms) and asymptomatic individuals (n=108; no
diagnosis/symptoms). After quantifying 46 behavioral markers (eg, % time at home), we applied a machine learning approach
to (1) determine which markers are relevant for depression/anxiety recognition and (2) develop and evaluate diagnostic prediction
models for doing so.

Results: Our analysis identifies the total number of GPS-based trajectories as a potential marker of depression/anxiety, where
individuals with fewer trajectories are more likely to be symptomatic. Models using this feature in combination with demographics
or in isolation outperformed demographics-only models (area under the receiver operating characteristic curveMdn=0.60 vs 0.60
vs 0.51).

Conclusions: Collectively, these findings indicate that smartphone-tracked behavioral markers have limited discriminant ability
in our study but potential to support future depression/anxiety diagnostics.

(JMIR Ment Health 2026;13:e80765)   doi:10.2196/80765

KEYWORDS

mobile health; mobile phone; digital phenotype; digital biomarker; machine learning

Introduction

Depression and anxiety disorders commonly are not recognized
by general practitioners (eg, for depression,
sensitivity=47.3%‐50.1%; [1]). In practice, this diagnostic
issue is an important concern because many patients do not
experience (short-term) spontaneous recovery [2,3], and the
duration of untreated illness is associated with worse outcomes
[4]. Mounting evidence suggests depression/anxiety recognition
might be improved by diagnostic prediction models that rely
on smartphone-tracked behavioral markers such as homestay

and app use (eg, for depression, sensitivity=72.5%‐75.0%)
[5]. However, this research area—here referred to as digital
phenotyping—is considered to be in its infancy [6]. More work
is required to identify informative behavioral markers and
evaluate their potential diagnostic utility for health care
professionals.

Digital phenotyping refers to “moment-by-moment
quantification of the individual-level human phenotype in situ
using data from personal digital devices, in particular
smartphones” [7]. By accurately and unobtrusively capturing
mental illness dimensions in daily life (eg, sleep, social
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behavior), digital phenotyping could contribute to more precise
disease stratification in the long run (ie, deep phenotyping [8]).
However, an important first step is to evaluate if digital
phenotyping can help us broadly distinguish individuals with
and without depression/anxiety, above and beyond demographic
features known to predict these symptoms (eg, age, sex, and
years of education [9]). We here consider the potential use of
smartphone-tracked location and app use for depression/anxiety
recognition; other digital phenotyping data sources (eg,
Bluetooth, accelerometer, light sensor) are beyond the scope of
this article.

Theoretically, digital phenotyping should (to some extent) help
distinguish symptomatic from asymptomatic individuals. By
using the smartphone to continuously log individuals’
GPS-based location and phone use, we can quantify
smartphone-tracked behavioral markers such as time spent at
home [10-13] that overlap or correlate with psychopathological
symptoms [14]. For instance, specific anxiety disorders (eg,
agoraphobia, social phobia) are defined by avoidance of specific
contexts, and therefore, we might reasonably expect individuals
with these symptoms to spend less time at leisure places and
more time at home [15]. Similarly, smartphone app use might
be relevant as it captures information about a person’s social
activity (eg, time spent on communication apps such as
WhatsApp) [16] and sleep patterns [17,18], both of which are
altered in depression/anxiety.

In the past decade, digital phenotyping research has provided
evidence that passively logged location and smartphone use
might be promising for depression/anxiety recognition. One
relatively stable finding in the domain is that depression and
anxiety are related to reduced locational variability (eg, lower
variance and entropy, lower number of places visited, longer
homestay) [14,19-22]. Research further suggests smartphone
log data might contain diagnostically useful features [23]. For
instance, some—although limited—evidence indicates
depression might be indicated by greater duration [19,23] and
entropy of smartphone use [24], and that increased social media
and communication app use might predict momentary subjective
stress [25]. Collectively, evidence indicates digital phenotyping
data might have diagnostic utility.

An important limitation of digital phenotyping research remains
that applications in clinical samples are relatively uncommon
[26]. This is not surprising because these are more costly and
difficult to investigate than convenience samples, but it is
problematic because the envisioned use case of digital
phenotyping is clinical [27]. The unique contribution of our
study is that we analyze a sample of individuals with (n=109;
symptomatic group) and without clinically relevant
depression/anxiety symptoms (n=108; asymptomatic group) in
whom up to 43 days of digital phenotyping data were collected
with the Behapp platform [12,16,28,29] in the Netherlands
Study of Depression and Anxiety (NESDA) [30].

Using an explainable artificial intelligence (XAI) approach,
which has growing popularity in the domain (Shapley additive
explanations [SHAP] [31]; eg, [19]), we aim to (1) identify
which behavioral markers are indicative of depression/anxiety
and explore the strength and nature of this relation and (2)

develop and evaluate machine learning (ML) models that use
these markers to recognize depression/anxiety. Notably, as our
sample size is limited, we develop and evaluate this model not
for model deployment in clinical practice but rather as an
exploration to inform future, larger studies. Where applicable,
we report in line with the recently published TRIPOD-AI
(Transparent Reporting of a Multivariable Prediction Model for
Individual Prognosis or Diagnosis Plus Artificial Intelligence)
guidelines [32].

Methods

Data
We here analyze data collected in the NESDA [30], as part of
the Stress in Action consortium project [33]. This study uses
the method of Penninx et al [30], and the method description
partly reproduces their wording. NESDA participants were
initially included for a baseline assessment with clinical
interviews and surveys (2004‐2007) and assessed for the
seventh time at the 15-year follow-up (2019‐2023). NESDA
was designed to be representative of individuals with depressive
and anxiety disorders in different health care settings and stages
of the developmental history. Initially, participants were
recruited from mental health care organizations, primary care,
and the community setting. Participants were eligible if they
were between 18 and 65 years; fluent in Dutch; and did not
meet criteria for psychotic disorder, obsessive-compulsive
disorder, bipolar disorder, or severe addiction disorder.

Specially trained clinical research staff conducted the composite
international diagnostic interview [34] to determine if
participants met Diagnostic and Statistical Manual of Mental
Disorders, Fourth Edition (DSM-IV) criteria for depression and
anxiety disorders, and participants completed a battery of
self-report surveys using depression and anxiety symptom
measures, including the Inventory of Depressive
Symptomatology (IDS) [35] and Beck Anxiety Inventory [36].
A subset of NESDA participants installed a digital phenotyping
app (Behapp, for more information see [11,28,29]) on their
smartphone and provided the app permissions to continuously
log their location (longitude and latitude) and smartphone app
use (timestamps of when a specific app was opened and closed).
On average, Behapp was activated on the day of the interview
(SD 4 d), and self-report surveys were completed an average
of 12 days before app activation.

Participants
We enrolled a total of 405 participants in the NESDA digital
phenotyping study, 343 of whom had both clinical and digital
phenotyping data (n=62 without any digital phenotyping data,
who were excluded). Because iOS disallows app logging and
this is an essential data source for our study, we excluded
individuals with this operating system (n=24). Further, to ensure
digital phenotyping data quality, we excluded individuals with
fewer than 7 days of both app and GPS-based location data
(n=102). Hence, all analyses were conducted in 217 participants.
For a more extensive description of missingness patterns and a
demographic comparison between iOS and Android users, see
Multimedia Appendix 1. The overall sample size was determined
by feasibility constraints (ie, we included as many participants
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as possible and we retained those with sufficient available data)
rather than sample size calculation. We applied the commonly
used 80/20 train-test split to determine the sample size for model
development (training) and evaluation (testing). Power analysis
using powerROC [37] showed that our test set sample size (217
* 0.20 arriving at 43-44 participants) is sufficient to confirm an
area under the receiver operating characteristic curve
(AUROC)≥0.80 (prevalence of events in the test set=0.5, target
width for estimated AUROC 95% CI <0.60).

Ethical Considerations
The NESDA study, including its digital phenotyping substudy,
was approved by the Amsterdam UMC medical ethical
committee (reference number 2003‐183). All participants
provided informed consent for both clinical assessment and
digital phenotyping.

For participation in a face-to-face assessment wave, respondents
received a €15 (US $17.53) gift certificate and reimbursement
for travel expenses in appreciation of their time and cooperation.
All data were collected and processed in compliance with the
General Data Protection Regulation (GDPR). To ensure
participant privacy, we present only statistical aggregates that
do not contain any personally identifiable information.

Outcome
DSM-IV–based diagnoses of depressive disorders (dysthymia
and major depressive disorder [MDD]) and anxiety (social
anxiety disorder, panic disorder with and without agoraphobia,
agoraphobia, and generalized anxiety disorder) were established
with the Composite International Diagnostic Interview (version
2.1 [34]), either in person or via phone call. Depression and
anxiety symptom severity were assessed with the 30-item IDS
[35] and BAI [36]. Outcome assessment was consistent across
demographic groups. To evaluate if digital phenotyping data
can broadly differentiate between individuals with and without

symptoms, we combined these measures to form a binary
outcome variable: symptomatic and asymptomatic. Symptomatic
individuals had at least 1 depressive or anxiety disorder
diagnosis in the past 6 months or an IDS or a BAI score
exceeding thresholds specified in the survey manuals (IDS>13,
BAI>9). Asymptomatic individuals did not have a diagnosis,
and both IDS and BAI scores were below this threshold.

Predictors
We used the digital phenotyping platform Behapp to passively
collect smartphone-based data without storing any content of
web queries, messages, or calls, in compliance with the GDPR
[38]. The Behapp app has already been successfully used to
investigate neuropsychiatric phenotypes [10,11,13,16] and to
measure behavioral changes during the COVID-19 pandemic
[12]. In this study, the collected raw data consisted of GPS-based
location and foreground app usage data. We sampled the
participants’ latitude and longitude at least every 10 minutes
(with higher sampling frequencies during movement). For
foreground app usage, we logged when an individual opened
and closed a specific app. The Behapp itself is an app that runs
in the background and is only accessed for setting up data
collection and to restart the app when no data are being
collected.

Using the Behapp feature extraction pipeline, these raw data
were used to compute features (ie, measurable quantities), such
as total phone usage in hours per day or the percentage of time
spent at home. Table 1 provides a synthetic overview of these
features. Prior to model building, we applied data-driven feature
selection (see below) to all available features and trained models
using only the selected features. Note that although the feature
‘app addiction’ captures information that we believe
conceptually maps onto app addiction, it is unclear how it relates
to validated addiction surveys or addiction diagnoses.
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Table . Synthetic overview of Behapp digital phenotyping features.

ExampleDefinitionFeature group and

features

Location

Number of (unique) stay points
(average per day). A stay point is a

    

Number of (unique) stay points

• Day 1: Home, work, gym
• Day 2: Home, work, café

location where participants stay • Day 3: Home, theater, park
within a range of 150 m for more • ...
than 30 min. In the count of the • Number of stay points (to-

tal)=9unique stay points, repeated visits
of the same stay point (eg, office) • Number of stay points (average

per day)=9/3=3count as 1 visit or can be smaller
than 1 when individual has a single • Number of unique stay points

(total)=6stay point for most of data collec-
tion. • Number of unique stay points

(average per day)=6/3=2

Time spent at stay points (in min).    Time spent stationary • Day 1: Home (10 h), work (8
h), gym (1 h)

• Day 2: Home (13 h), work (9
h), café (2 h)

• Time spent at stay points (aver-
age per day)=(10 + 8 + 1) +
(13 + 9 + 2)/2 = 21.5

Most frequently visited stay point
of the top 3 stay points where most
time was spent at night.

    Home • Apartment a: 16 h
• Apartment b: 9 h, 12 h, 10 h,

11 h
• Night club location: 7 h
• Apartment b=>Home

Each set of location data points in
between stay points is saved sepa-

    Trajectories • Location 1 (2 h), travel (35
min), location 2 (3 h)=>trajec-
tory identifiedrately as a trajectory if they contain

a minimum of 20 data points (total-
ing at least 30 min).

• Location 1 (2 h), travel (25
min), location 2 (3 h)=>trajec-
tory not identified

App use

Number of times apps (in cate-
gories) were opened per day.

    

App frequency

• WhatsApp is categorized as a
communication app and Insta-
gram as a social media app

• Day 1: WhatsApp from 10:00
to 10:01, WhatsApp from
11:00 to 11:01, and Instagram
from 11:30 to 11:40

• Day 2: WhatsApp from 10:00
to 10:01

• Number of times communica-
tion apps opened=3/2=1.5

• Number of times social media
apps opened=1/2=0.5

Number of times apps (in cate-
gories) were opened at night (be-
tween 00:00 and 05:00).

    App frequency at night • —a

Duration (sum and mean) for which
apps (in categories) were opened per
day.

    App duration • Duration (sum, average per
day) communication apps = (2
+ 1)/2 = 1.5 min

• Duration (mean, average per
day) communication apps = (1
+ 1)/2 = 1 min

JMIR Ment Health 2026 | vol. 13 | e80765 | p.105https://mental.jmir.org/2026/1/e80765
(page number not for citation purposes)

Aalbers et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


ExampleDefinitionFeature group and

features

• —Duration (sum and mean) for which
apps (in categories) were opened at
night (between 00:00 and 05:00).

    App duration at night

• WhatsApp from 10:00 to 10:01
• WhatsApp from 11:00 to 11:01
• WhatsApp from 12:00 to 12:01

WhatsApp from 13:00 to 13:01
• No other usage until 14:00
• Addiction = 4/(4 * 3) = 0.33
• 4*3 represents the number of

20-min intervals between
10:00 and 14:00

A value between 0 and 1 where 1
means that in each time interval of
20 min apps have been used at least
once (average per day).

    App addiction

aNot applicable.

Analytical Methods
Figure 1 visualizes our ML pipeline (see [39] for all required
Python code). After extracting features from the raw location
and app usage data, we randomly split features and their
corresponding psychiatric labels into 5 partitions, each
containing (n=43) data points, corresponding to 20% of our
total sample. To uniformly distribute individuals with and
without depression/anxiety symptoms across data partitions,
we apply a stratified 5-fold data split. We then iteratively select
4 partitions (referred to as the training set) and use these for
minimum-maximum feature scaling, missing feature value
imputation, feature selection, and hyperparameter tuning (with

10-fold stratified cross-validation) of a linear (ElasticNet logistic
regression [LR]) and tree-based ML model (random forest [RF])
on each of 3 feature (sub)sets (ie, demographic, digital
phenotyping, combined), after which we evaluate models on
the remaining data partition (referred to as the test set). To
impute missing feature values, we computed the mean of each
feature in a training set and replaced the missing values in both
this training set and its associated test set with this value. This
procedure was repeated for all train-test set pairs. We repeat all
steps until each data partition has been held out of model training
once. Finally, for all trained models, we compute and visualize
SHAP [31] values to clarify how models make their predictions
based on specific feature values.
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Figure 1. Visualization of the study design and machine learning pipeline. SHAP: Shapley additive explanations.

Feature Selection
To reduce our initial feature set to a subset of potentially
informative items, we applied the well-known Boruta feature
selection algorithm [40], which selects an all-relevant subset of
features by first reshuffling the original features into so-called
“shadow features” and training RF classifiers to determine if
the former are more informative about the target than the latter.
The added value of RF, a tree-based ensemble model [41], over
a traditional linear model is the capacity to learn discontinuous,
interactive associations without making assumptions (eg,
absence of multicollinearity) that are likely to be violated in
digital phenotyping data (eg, multicollinearity due to feature
similarity).

Model Training
Using the Python library Scikit-learn [42] (version 1.5), we
applied grid search stratified 10-fold cross-validation to tune

hyperparameters of elasticNet-regularized LR [43] and RF [41]
to maximize the model’s AUROC in validation data. We
maximize the AUROC as this metric is typically used to assess
how well a diagnostic prediction model can differentiate
between individuals with and without a certain health outcome
[32].

Model Evaluation
To estimate how well models might differentiate between
individuals with and without depression/anxiety symptoms in
a real-world setting, we let trained models make predictions on
the hold-out test data (ie, 20% patients) and then evaluate to
what extent they can correctly classify individuals with and
without depression/anxiety. We used Scikit-learn (version 1.5)
to compute evaluation metrics applied in related work [19]
(accuracy, AUROC, F1, precision, and recall, computing F1,
precision, and recall separately for asymptomatic (F10,
Precision0, Recall0) and symptomatic individuals (F11,
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Precision1, Recall1). Because we use 5-fold nested
cross-validation—which means we train models on five train-test
splits—we also evaluate each trained model on 5 hold-out test
sets. For each trained model, we provide the median score for
each evaluation metric. To determine which model performed
best, we use the AUROC as our primary evaluation metric, as
this is typically done for binary classification tasks [32].

For theory-driven researchers and clinicians, an important
limitation of the RF classifier is that this model does not have
the interpretable parameters that make up linear models. We
therefore explain our models using the Python library SHAP
(version 0.46.0) to compute and visualize SHAP [31] values as
a beeswarm plot. A beeswarm plot visualizes how changes in
feature values affect probabilities output by the model. This
visualization might be thought of as a visual stand-in for
parameter estimates in linear models.

Results

Descriptives
Demographics were similar in the 2 groups, although female
participants were overrepresented in the symptomatic group

(Table 2). Relatively few individuals in the symptomatic group
had a current diagnosis, with MDD being the most common
diagnosis (n=26), followed by social phobia (n=16). However,
by design, self-reported depression and anxiety symptoms were
higher in the symptomatic than in the asymptomatic group. The
median individual had 42 days of GPS-based location data and
up to 43 days of app usage data. On average, symptomatic and
asymptomatic individuals differed most strongly in their total
number of leisure stay points, number of trajectories, duration
of entertainment apps, and number of apps used (Multimedia
Appendix 2). Most feature distributions were nonnormal, with
the highest densities generally at the left tail. Feature
distributions strongly overlap between symptomatic and
asymptomatic individuals. Minor distributional differences are
visible for features that quantify locational variability (ie, total
time spent stationary, percentage of stay points visited once,
total number of trajectories, total number of stay points, mean
time spent stationary, total time traveled), and communication
app use (Figure 2).

Table . Demographic and clinical descriptives for the asymptomatic and symptomatic groups.

Symptomatic (n=109)Asymptomatic (n=108)Domain and Variable

Demographics

53.39 (12.24)55.08 (12.82)    Age (years), mean (SD)

13.27 (3.28)13.86 (2.88)    Years of education, mean (SD)

78 (70.64)65 (60.19)    Sex (female), n (%)

Diagnosis in past 6 mo, n (%)

5 (4.59)—a    Agoraphobia

12 (11.01)—    Panic disorder

6 (5.50)—    Generalized anxiety disorder

16 (14.68)—    Social phobia

6 (5.50)—    Dysthymia

26 (23.85)—    MDDb

Symptom severity, mean (SD)

21.63 (8.40)6.22 (3.59)    IDSc total

11.00 (6.35)2.84 (2.50)    BAId total

Data availability (days), median (IQR; range; SD)

42.00 (30-43; 7-43; 10.09)42.00 (25.75-43; 7-43;
11.53)

    Location

43.00 (32-43; 8-43; 10.09)42.50 (25-43; 8-43; 11.77)    App usage

aNot applicable.
bMDD: major depressive disorder.
cIDS: Inventory of Depressive Symptomatology.
dBAI: Beck Anxiety Inventory.
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Figure 2. Multiboxplot representing distributions of minimum and maximum scaled digital phenotyping features for each group (symptomatic=dark
purple and asymptomatic=light purple). Plots are categorized by feature group (upper panel location, lower panel smartphone app use) and sorted by
overall feature mean.

Feature Selection
The total number of GPS-based trajectories was selected in all
train-test splits. Other features, the majority of which were
locational (n=7 vs n=3 app use), were generally selected in only
1 data split (eg, mean duration of communication app use).
Therefore, with respect to the full dataset and relative to all the
other features, a person’s number of location trajectories appears
to most reliably indicate depression/anxiety. After an initial
round of training and evaluating models, we observed
suboptimal model performance, which we attributed to
overfitting on feature selection. We therefore decided to retrain
all models with the total number of GPS-based trajectories as

the only digital phenotyping feature, as this was clearly the most
stable feature of the data, and we successfully improved model
performance by doing so. We present model performance and
explanations of these simplified models here. Please note that
model performance could be inflated due to decisions informed
by the hold-out test data.

Model Performance
To evaluate if features are predictive not only in the train but
also in the hold-out test data, we trained 2 common ML model
types (LR, RF) to recognize depression/anxiety from digital
phenotyping and demographic data. We considered the
predictive performance of models trained with only the total
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number of GPS-based trajectories as their feature and models
using a combination of the total number of GPS-based
trajectories and demographic features (age, sex, and years of
education). We compared how well these models performed
relative to two baseline models: a dummy model that uniformly
outputs asymptomatic or symptomatic groups and models trained
using only demographic features.

Considering median AUROC values as the primary metric, LR
trained on only the total number of GPS-based trajectories
performed best across train-test splits. AUROCs for this model

(AUROCMdn=0.61, Table 3) exceeded those of both baseline
models (dummy model AUROCMdn=0.50; LR demographics
model AUROCMdn=0.52). LR trained on the combined feature
groups (AUROCMdn=0.56) outperformed both baseline models
but performed worse than the LR using GPS-based trajectories.
Performance of RF models trained on combined feature groups
(AUROCMdn=0.60) was equal to that of RF models trained on
GPS-based trajectories (AUROCMdn=0.60) and better than both
baselines (dummy model AUROCMdn=0.50; RF demographics
model AUROCMdn=0.51).

Table . Model performance metrics (median-aggregated across hold-out test sets, range in parentheses).

AccuracyRecall1Recall0Precision1Precision0F11F10AUROCaFeature group
and model

Baseline model, median (IQR; range)

0.47 (0.45-
0.53; 0.45-
0.56)

0.45 (0.45-
0.52; 0.45-
0.55)

0.48 (0.45-
0.55; 0.45-
0.57)

0.48 (0.45-
0.52; 0.45-
0.57)

0.45 (0.45-
0.55; 0.45-
0.55)

0.47 (0.45-
0.52; 0.45-
0.56)

0.47 (0.45-
0.55; 0.45-
0.56)

0.50 (0.50-
0.50; 0.50-
0.50)

    DMb

All, median (IQR; range)

0.56 (0.52-
0.58; 0.47-
0.68)

0.64 (0.64-
0.71; 0.45-
0.82)

0.48 (0.41-
0.52; 0.41-
0.55)

0.54 (0.52-
0.58; 0.48-
0.64)

0.58 (0.53-
0.60; 0.45-
0.75)

0.61 (0.57-
0.61; 0.42-
0.72)

0.49 (0.47-
0.55; 0.46-
0.63)

0.56 (0.51-
0.65; 0.49-
0.67)

    LRc

0.57 (0.56-
0.58; 0.51-
0.61)

0.50 (0.45-
0.59; 0.41-
0.76)

0.64 (0.62-
0.64; 0.36-
0.71)

0.58 (0.53-
0.62; 0.53-
0.62)

0.56 (0.56-
0.61; 0.50-
0.62)

0.54 (0.53-
0.60; 0.46-
0.63)

0.60 (0.55-
0.62; 0.46-
0.62)

0.60 (0.60-
0.61; 0.58-
0.64)

    RFd

Digital phenotyping, median (IQR; range)

0.61 (0.53-
0.61; 0.52-
0.61)

0.59 (0.55-
0.59; 0.41-
0.71)

0.64 (0.50-
0.64; 0.48-
0.67)

0.58 (0.54-
0.62; 0.53-
0.63)

0.58 (0.53-
0.61; 0.52-
0.65)

0.59 (0.57-
0.60; 0.46-
0.64)

0.57 (0.56-
0.62; 0.5-0.62)

0.61 (0.60-
0.61; 0.56-
0.62)

    LR

0.54 (0.52-
0.58; 0.44-
0.59)

0.45 (0.41-
0.48; 0.36-
0.55)

0.67 (0.64-
0.68; 0.43-
0.68)

0.56 (0.53-
0.59; 0.45-
0.60)

0.52 (0.52-
0.58; 0.43-
0.58)

0.47 (0.45-
0.53; 0.43-
0.57)

0.59 (0.58-
0.61; 0.43-
0.62)

0.60 (0.58-
0.62; 0.52-
0.62)

    RF

Demographics, median (IQR; range)

0.56 (0.52-
0.56; 0.48-
0.64)

0.64 (0.64-
0.71; 0.64-
0.86)

0.41 (0.41-
0.41; 0.33-
0.48)

0.54 (0.52-
0.56; 0.50-
0.59)

0.56 (0.53-
0.60; 0.47-
0.75)

0.60 (0.57-
0.61; 0.56-
0.70)

0.49 (0.46-
0.51; 0.39-
0.53)

0.52 (0.51-
0.62; 0.48-
0.63)

    LR

0.51 (0.51-
0.53; 0.45-
0.55)

0.59 (0.55-
0.59; 0.50-
0.62)

0.48 (0.41-
0.50; 0.36-
0.52)

0.52 (0.50-
0.54; 0.46-
0.54)

0.53 (0.50-
0.53; 0.44-
0.55)

0.55 (0.51-
0.57; 0.50-
0.57)

0.50 (0.46-
0.51; 0.40-
0.52)

0.51 (0.51-
0.55; 0.47-
0.61)

    RF

aAUROC: area under the receiver operating characteristic curve.
b DM: dummy model. Accuracy is balanced for any minor class imbalance.
cLR: logistic regression.
dRF: random forest.

Model Explanation
As nonlinear ML models such as RF do not have directly
interpretable parameters, we computed and visualized SHAP
values as beeswarm plots. By inspecting these plots, we learn
how ML models transform feature values into probabilities, and
in doing so, we gain insight into the mapping from features to
the outcome that the models have learned. Figure 3 shows that
LR and RF models consistently learned a negative relation

between an individual’s total number of GPS-based trajectories
per day and depression/anxiety. This means that for individuals
with fewer trajectories, all models output a greater probability
that they have depression/anxiety. Though capturing a relation
with the same sign for this feature, LR and RF disagreed on its
feature importance relative to demographic features. RF
classifiers always assigned the highest feature importance to
the total number of GPS-based locational trajectories, whereas
LR always prioritized one or more demographic features.
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Figure 3. Beeswarm plots for the two model types trained using sex, age, years of education, and GPS-based number of trajectories as features. SHAP:
Shapley additive explanations.

Discussion

Principal Findings
To explore if digital phenotyping has the potential to support a
diagnosis of depression/anxiety, we applied XAI to a unique
combination of location, app use, and clinical assessment data
collected in a subsample of NESDA participants with (n=109;
symptomatic) and without depression/anxiety disorders or

clinically relevant symptoms (n=108; asymptomatic). Our
general findings suggest behavioral markers extracted from
location and app use data potentially carry information about
depression/anxiety, although their capacity to distinguish
between those with and without clinically relevant symptoms
is limited in the currently used data set.

Using a data-driven approach, we identify a number of
GPS-based trajectories as a candidate behavioral marker for
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future studies. The total number of GPS-based trajectories, a
locational feature that measures how frequently an individual
moves between different stay points, was consistently selected
across data splits, while other features were generally selected
only once. Descriptive statistics and XAI analysis showed that
individuals with fewer trajectories are more likely to be
symptomatic and that this relation holds above and beyond
demographic factors.

Our finding that individuals with fewer GPS-based trajectories
are more likely to have depression/anxiety symptoms fits with
previous empirical findings, providing more evidence that
GPS-based behavioral features map onto depression/anxiety
symptoms. A consistent finding in digital phenotyping has been
that those with reduced locational variability (eg, lower variance
and entropy, longer homestay) tend to have more depression
and/or anxiety symptoms [19-22]. Conceptually, this behavioral
feature fits with depression and anxiety symptoms that might
diminish an individual’s tendency to approach rewarding
experiences (eg, anhedonia) or might reinforce their tendency
to avoid negative experiences (eg, specific locations or situations
such as social situations). Such symptoms potentially might
cause individuals to get stuck in places (or rather to prevent
them from getting unstuck), which would manifest itself as
reduced GPS-based trajectories. Changes in GPS-based
trajectories might have clinical use in terms of monitoring
symptoms, but could also point to an intervention opportunity
where individuals are encouraged to increase their daily number
of trajectories.

Comparison With Prior Work
Model performance was less optimistic than in related ML work
[19,23,24] but is consistent with statistically oriented studies
that show weak relations between locational features and
depression/anxiety [21,22]. Adequate study-to-study
comparisons remain difficult to make, however, because digital
phenotyping and clinical measures, sample characteristics, and
modeling decisions differ from study to study and are likely to
explain performance gaps. Hence, as suggested by others [44],
an important avenue for digital phenotyping will be to harmonize
study designs (eg, data collection, feature extraction, model
types, cross-validation) to facilitate comparisons that are
required to more adequately monitor progress in the domain.
This call has been answered by academic consortia such as
Stress in Action [33] that aim to collect digital phenotyping data
at scale.

Model explanations using SHAP [31] showed our models have
learned associations that are partially consistent with previous
digital phenotyping studies. We found the total number of
trajectories—which is conceptually similar to standard measures
such as location variance or entropy—to be most important
relative to all other Behapp features and negatively related to
depression/anxiety, which matches previous findings
[20,22,23,45] and well-known patterns that characterize
depression/anxiety (eg, reduced motivation, social withdrawal
[23]). However, contrary to previous work [24], our study did
not identify any app use features as reliable predictors of
depression/anxiety. Conceivably, this is because the relation
between app use and depression/anxiety might hold in a specific

subgroup only, as previous evidence suggests the association
between app use and mental well-being potentially might differ
from person to person [25,46-48].

Our findings are of interest not only for the development of
diagnostic support systems but also for predict and preempt
systems that aim to facilitate relapse prevention [49]. Diagnostic
support systems aim to separate symptomatic from
asymptomatic individuals based on differences between
individuals (eg, symptomatic individuals tend to have fewer
locational trajectories than asymptomatic individuals), while
predict and preempt systems aim to identify onset of symptoms
within an individual, based on behavioral differences between
this individual’s asymptomatic and symptomatic periods (eg,
when an individual’s trajectories start to decrease, they are
increasingly symptomatic). Because our modeling approach,
strictly speaking, is limited to between-subject conclusions,
these findings do not necessarily imply that changes in the
number of locational trajectories are indicative of symptom
change. However, previous studies have already found
within-person associations between locational features and
depression/anxiety symptoms [21,22,50], indicating our findings
might generalize from between-person to within-person and
could potentially inform systems for relapse prevention.

Limitations
An important contribution of our work is that it investigated the
potential use of digital phenotyping in a sample that included
individuals with a current disorder. This is still relatively
uncommon in digital phenotyping [26] as clinical samples are
more difficult to study than convenience samples.
Notwithstanding, our findings should be considered in light of
the following limitations. Though larger than the average study
in the domain (N=217 vs NMean=82) [51], our sample size was
limited and had restricted demographics, in particular regarding
age range. Combined with the fact that we excluded iOS users
from our analysis, generalizability is limited to middle-aged
Android users. However, considering the small demographic
differences between Android and iOS users in our sample, this
issue seems limited. Android users, on average, were somewhat
older than iOS users, but did not differ in years of education
and gender. Recent work in larger samples, however, has shown
that Android ownership predicts lower levels of education,
income, and extraversion [52], while other evidence suggests
Android users are more likely to be men and older [53]. Future
digital phenotyping work is needed for both iOS and Android
users, as digital phenotyping screening tools ideally would be
deployed irrespective of an individual’s operating system (OS).
Because technical architecture and privacy frameworks for a
given OS might prevent certain data sources from being
collected (eg, app use in iOS), this means digital phenotyping
screening tools might need to be developed for each OS
separately.

It is also important to note that—within the feasibility constraints
on sample size that are very common in a clinical setting—we
were unable to evaluate how digital phenotyping features relate
to specific depression and anxiety disorder diagnoses. The
sample we analyzed contained a limited number of individuals
with current depression and anxiety diagnoses. However,

JMIR Ment Health 2026 | vol. 13 | e80765 | p.112https://mental.jmir.org/2026/1/e80765
(page number not for citation purposes)

Aalbers et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


because many individuals who experience substantial residual
symptoms would be unsuitable to be included in a control group,
we took this into account by combining participant diagnosis
and symptom self-report. Further, we know from NESDA
research reports that comorbidity between depression and
anxiety disorders is high, especially when looking at lifetime
prevalence. We have observed that about 60% to 80% of
NESDA respondents have had depression and anxiety diagnoses
[54] and, therefore, decided not to analyze them separately.
However, symptom heterogeneity in our sample might have
attenuated our ability to detect features that are relevant to
specific disorders, such as social anxiety disorder. In a more
homogeneous sample, other behavioral markers might be found
to be relevant and, given that these behavioral markers could
arguably map better onto specific symptom profiles, it is
thinkable that model performance would be improved. We
therefore encourage future work to consider comparisons of
symptomatically homogeneous groups. Notwithstanding,
research on heterogeneous samples such as our own is necessary
to detect transdiagnostic smartphone-tracked behavioral markers.

Finally, we acknowledge that model performance might have
been inflated as a result of data leakage. In an initial exploratory
round of model evaluation on hold-out test data, we discovered
model performance to be unstable across test sets (Multimedia
Appendix 3). We attributed this to the potential overfitting
feature selection in the individual training sets, which is a risk
in small sample sizes. To stabilize model performance, we
decided to only develop and evaluate models with the most
consistently selected feature (ie, total number of GPS
trajectories). Even though these generalized more reliably to
hold-out test sets within our sample, it could be that the total
number of GPS trajectories was consistently selected by chance
and that our post hoc decision to only retain this feature might
be tantamount to overfitting. Further, post hoc power
calculations using powerROC [37] showed that, with the model
performance in our study, our test sets were about three times
smaller than what would be required to convincingly show
models perform better than random guessing. It is therefore not
surprising that follow-up DeLong model comparison tests
showed no statistically significant differences in model
performance nor that model evaluation metrics confidence
intervals consistently overlapped with chance (Multimedia
Appendix 4). All in all, these findings should be interpreted
with caution and viewed as a first step that can inform
larger-scale follow-up studies.

Future Research Directions
We recommend the following for future work that aims to
develop a digital phenotyping-based symptom recognition
system that can adequately differentiate between symptomatic
and asymptomatic individuals. To ensure digital markers are
consistently defined across studies, digital phenotyping studies
would benefit from developing and adhering to an ontology of
digital markers (for an example under development, see [55]).
This ontology would ideally map digital markers (and
configurations thereof) to specific symptoms or syndromes and
could still include behavioral markers that were not marked as

relevant in the present dataset, but have a strong conceptual
mapping onto disorder definitions (eg, homestay is a clinical
marker of agoraphobia). In a sufficiently large dataset with
adequate diagnostic labels (conceivably in the order of thousands
of participants), such an ontology could be used to develop
multigroup classification models that can leverage digital
markers to identify individuals as having no symptoms or
(symptoms of) one or more specific disorders (eg, agoraphobia
or agoraphobia with MDD).

It is highly recommended to design future digital phenotyping
studies with model evaluation in mind, using a prior power
analysis. Given the model performance in this study, post hoc
sample size calculation suggests that at least 122 individuals
should be held out of training for model evaluation, meaning
that a sample size of over 600 individuals would have been
needed for both training and evaluation. Of note, fewer
individuals would be required for sufficient statistical power if
model performance is improved substantially, which might
possibly be achieved with greater symptom contrasts between
groups (ie, comparing individuals without symptoms to
individuals with severe symptoms) and greater symptom
homogeneity within groups (ie, comparing individuals without
symptoms to individuals with a specific disorder).

Development of a multimodal digital phenotyping toolkit,
longitudinal measurement of much larger samples, and
follow-up research on theoretically relevant markers is underway
in the Stress in Action consortium [33]. We envision that, over
time, this multimodal digital phenotyping toolkit might be used
to trigger traditional symptom screening instruments such as
the 9-item Patient Health Questionnaire (PHQ-9) when
symptoms are most likely (for a similar approach with
wearables, see [49]), given changes in an individual’s digital
phenotyping data. Symptom screening surveys have high
sensitivity for detecting mental illness. For instance, the PHQ-9
has a sensitivity of 0.88 (95% CI 0.83 to 0.92) and a specificity
of 0.85 (0.82-0.88) for MDD [56], which is unlikely to be
outmatched by digital phenotyping models. In practice, however,
individuals are unlikely to consistently complete symptom
surveys for extended periods, which can be a significant burden.
By using digital phenotyping, we might be able to help reduce
this burden and potentially improve early symptom detection.

Conclusion
In all, digital phenotyping, here operationalized as passive
logging of location and app use, offers insights into behavioral
patterns that could potentially differentiate individuals with
clinically relevant depression/anxiety symptoms from those
without. In the unique NESDA sample comprising both
symptomatic and asymptomatic individuals, we identified a
specific smartphone-tracked behavioral marker, namely the total
number of GPS-based trajectories, that may indicate these
symptoms. Our findings align with previous studies suggesting
ML models might be able to leverage smartphone-tracked
behavioral markers to recognize symptomatic individuals.
Although we show that such markers cannot support diagnostics
on their own, we believe they are sufficiently promising to be
considered in future deep phenotyping of depression and anxiety.
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Abstract

Background: Computer perception (CP) technologies—including digital phenotyping, affective computing, and related passive
sensing approaches—offer unprecedented opportunities to personalize health care, especially mental health care, yet they also
provoke concerns about privacy, bias, and the erosion of empathic, relationship-centered practice. At present, it remains elusive
what stakeholders who design, deploy, and experience these tools in real-world settings perceive as the risks and benefits of CP
technologies.

Objective: This study aims to explore key stakeholder perspectives on the potential benefits, risks, and concerns associated
with integrating CP technologies into patient care. A better understanding of these concerns is crucial for responding to and
mitigating such concerns via design implementation strategies that augment, rather than compromise, patient-centered and
humanistic care and associated outcomes.

Methods: We conducted in-depth, semistructured interviews with 102 stakeholders involved at key points in CP’s development
and implementation: adolescent patients (n=20) and their caregivers (n=20); frontline clinicians (n=20); technology developers
(n=21); and ethics, legal, policy, or philosophy scholars (n=21). Interviews (~ 45 minutes each) explored perceived benefits,
risks, and implementation challenges of CP in clinical care. Transcripts underwent thematic analysis by a multidisciplinary team;
reliability was enhanced through double coding and consensus adjudication.

Results: Stakeholders raised concerns across 7 themes: (1) Data Privacy and Protection (88/102, 86.3%); (2) Trustworthiness
and Integrity of CP Technologies (72/102, 70.6%); (3) direct and indirect Patient Harms (65/102, 63.7%); (4) Utility and
Implementation Challenges (60/102, 58.8%); (5) Patient-Specific Relevance (24/102, 23.5%); (6) Regulation and Governance
(17/102, 16.7%); and (7) Philosophical Critiques of reductionism (13/102, 12.7%). A cross-cutting insight was the primacy of
context and subjective meaning in determining whether CP outputs are clinically valid and actionable. Participants warned that
without attention to these factors, algorithms risk misclassification and dehumanization of care.

Conclusions: To operationalize humanistic safeguards, we propose “personalized road maps”: co-designed plans that predetermine
which metrics will be monitored, how and when feedback is shared, thresholds for clinical action, and procedures for reconciling
discrepancies between algorithmic inferences and lived experience. Road maps embed patient education, dynamic consent, and
tailored feedback, thereby aligning CP deployment with patient autonomy, therapeutic alliance, and ethical transparency. This
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multistakeholder study provides the first comprehensive, evidence-based account of relational, technical, and governance challenges
raised by CP tools in clinical care. By translating these insights into personalized road maps, we offer a practical framework for
developers, clinicians, and policy makers seeking to harness continuous behavioral data while preserving the humanistic core of
care.

(JMIR Ment Health 2026;13:e79182)   doi:10.2196/79182

KEYWORDS

computer perception; digital phenotyping; ethics; humanistic care; artificial intelligence; stakeholder engagement; context; consent;
affective computing

Introduction

Computer Perception Tools in Mental Health Care
Computer perception (CP) tools, including digital phenotyping,
affective computing, computational behavioral analysis, and
other approaches that entail continuous and passive data
collection using wearables and smartphone sensing, have been
positioned as a remedy for longstanding diagnostic and
informational gaps in mental health care. The term “computer
perception” references the artificial intelligence (AI) subfield
of computer “vision” but acknowledges a wider range of
perceptive modalities beyond vision alone (eg, “hearing”
through microphones, motion detection through accelerometers),
referring not only to sensory acquisition but also to a system’s
capacity to interpret, classify, and act upon such
data—analogous to human perceptual processing that integrates
recognition and interpretation. By leveraging sensors already
embedded in everyday devices, these systems promise scalable,
accessible surveillance of behaviors, as well as mood, cognition,
and sociability, potentially addressing medicine’s chronic
reliance on infrequent patient self-reports and clinician
observation to gain insights into psychosocial, behavioral, and
physiological states [1,2]. Although this study centers on mental
health care, the ethical and translational issues examined here
(ie, around inference, interpretation, and the integration of
perceptual data into care) extend to other domains of medicine
where continuous data streams are increasingly used for
diagnosis and decision-making. CP tools also promise a
personalized and patient-tailored diagnostic and therapeutic
approach, in line with precision medicine goals [3-5]. Early
studies suggest that CP-derived markers can forecast relapse in
bipolar disorder, detect prodromal psychosis, tailor just-in-time
behavioral prompts, and potentially widen access to mental
health care. Yet the very features that make CP appealing also
expose patients to unprecedented privacy risks, algorithmic
bias, and a potential erosion of empathic, relationship-centered
care [1,6-8].

Ethicists, regulators, and frontline stakeholders caution that
integrating such pervasive sensing into care can imperil core
values of confidentiality, fairness, and relational trust [9-12].
These impacts can be exacerbated by opaque algorithms, unclear
pathways for secondary data reuse, and difficulties in obtaining
meaningful informed consent in continuous monitoring
scenarios. A limited number of studies [13-15] provide a
foundation for understanding some of these concerns; however,
no empirical research to date offers a comprehensive view of
the wide-ranging perspectives held by diverse stakeholder

groups regarding the benefits and risks of integrating CP into
care. This study addresses this gap through an empirical
exploration of diverse stakeholder perspectives, with special
attention to impacts on humanistic, relationship-centered care.

The rationale for focusing on humanistic care is to underscore
that good care, whether technological or manual, depends on
recognizing the patient as a person with values, context, and
dignity. Humanistic and humanized care frameworks [16-18]
remind us that respectful dialogue, cultural sensitivity, and
patient partnership are interwoven into the moral fabric of good
practice [19]. Whether CP ultimately augments or erodes that
fabric depends on how well designers, clinicians, and regulators
anticipate the spectrum of ethical concerns voiced by those who
will build, deploy, or live with these systems. This study,
therefore, turns to those diverse stakeholders—developers,
clinicians, patients, caregivers, and ethics, legal, and policy
scholars—to ask how their concerns can guide the integration
of CP in ways that preserve, rather than diminish, the
humanization of care. While mental health provides a
particularly vivid setting for exploring these questions, the
concerns articulated by participants resonate across many areas
of health care and health technology innovation.

Background
What makes CP technologies unique is that they increasingly
involve algorithmic inferences about a person’s
moment-to-moment mental or sociobehavioral state, or about
predicted outcomes such as mood relapse, suicidality, or
treatment response [2,12,20,21]. These inferences are enabled
by the ingestion of vast amounts of behavioral, physiological,
and environmental signals from (usually) ordinary connected
devices such as smartphones and wearables. Less often, they
may involve implantable systems that continuously monitor
physiological [22,23] or neural activity [24]. In psychiatric
contexts, the approach is often called digital phenotyping,
entailing the use of smartphones, wearables, and ambient sensors
to stream accelerometry, GPS traces, keystroke dynamics,
speech acoustics, heart rate variability, and other passively
captured metadata. Those streams are preprocessed and
feature-engineered [25,26] and then fed into statistical or deep
learning models. Parallel work in affective computing [27]
extends the approach to facial microexpressions, vocal prosody,
or text sentiment to classify discrete emotions or arousal levels
in real time [28].

As CP systems sit at the intersection of pervasive sensing and
advancements in AI, they raise many of the same ethical issues
highlighted in broader AI systems. Concerns about algorithmic
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bias, transparency, explainability, interpretability, fairness, and
other aspects of “trustworthy” AI [29,30] are relevant. The rarity
with which CP tools are validated on large, diverse validation
cohorts means that algorithmic performance is likely to vary
dramatically across demographic and clinical groups, raising
reliability concerns and potentially amplifying health disparities
[31]. Critics have also warned against overreliance on
algorithmic inferences about patients’ health status [32,33],
especially in “black box” systems that resist clinical scrutiny
and accountability and compromise informed clinical
decision-making [34]. Others [15,35] underscore legal
uncertainties surrounding liability in cases of error, patient harm,
or mismanagement of outputs or other feedback. The US
National Institute of Standards and Technology’s AI Risk
Management Framework [36] and the European Union AI Act
[37] both categorize health-related CP tools as “high risk,”
demanding rigorous safety, fairness, and oversight provisions.

Similar to other AI systems, CP tools thrive on voluminous
datasets, not only across individuals but also for each individual,
often referred to as individual “big data” or “deep data” [38].
Ethical critiques thus consistently foreground privacy
vulnerabilities associated with sensitive behavioral data
[13,14,39,40], and there is expert consensus [13] around the
need for privacy and innovative consent approaches. Scholars
(eg, [35,41] and C Deeney, BA et al, unpublished data, August
2024) caution against unwanted or involuntary disclosure to
third parties, such as insurers or employers, especially in
scenarios where data are controlled by consumer-grade device
companies. Dynamic consent models have also been proposed
[40] to replace onetime or broad consent approaches with
ongoing, granular permissions; however, feasibility remains
challenging [42].

Challenges for Humanistic Care
Critics [9,43,44] have also converged on a deeper worry: as
algorithms assume a larger share of the responsibility to observe
and listen, the relational core of care risks being reduced to a
“metrics management” exercise, where clinicians and patients
spend their limited time consulting data trends rather than
discussing the patient’s lived experience and therapeutic goals.
Clinicians fear that multimodal dashboards could displace
narrative dialogue, shifting the burden of self-monitoring and,
by extension, responsibility for changes in functioning onto
patients in ways that compromise dignity and mutual trust
[9,45-47] and overprioritize technological over humanistic
solutions [48]. Some warn that automated detection and
treatment of illness may weaken the rapport and goal alignment
that bolster the therapeutic alliance, unless paired with explicit,
empathic communication strategies [49].

A limited set of empirical work reinforces these cautions. One
study [47] documented mental health clinician enthusiasm for
gaining rich, real-time insights but also highlighted concerns
about workflow overload and the potential for automation bias,
that is, deferring to algorithmic outputs even when they conflict
with a clinician’s intuitions or a patient’s lived story. Another
study [46] highlighted clinicians’ concerns that prioritizing
passive data trends over self-reported narratives or active

responses to clinical assessments could reduce opportunities
for patients to reflect on their mental health, leading to
diminished patient engagement. Experts [9,21] have raised flags
that such asymmetries can tilt encounters toward dehumanization
and require careful planning and implementation to achieve the
goal of making otherwise invisible patterns visible and clinically
useful.

These relational stakes bring long-standing ethical principles
into focus and urge clinicians and researchers to keep dignity,
empathy, patient empowerment, and shared decision-making
at the forefront of clinical care. However, it remains unclear
how best to do this in ways that engage multiple and often
competing perspectives. Our study addresses this gap by
exploring the range of concerns through interviews with over
100 stakeholders who design, deploy, and are the intended users
of CP technologies. We catalogue considerations that extend
beyond well-elaborated privacy and bias debates to the less
operationalized relational harms that data-centric care may
impose. By situating these concerns within established
humanistic frameworks of dignity, empathy, and shared
decision-making [17,18], we offer an anticipatory road map for
researchers, developers, clinicians, and patients. The goal is not
merely to identify technical fixes, but to ensure that as CP
systems mature, they deepen rather than diminish the
person-centered relationships that remain the centerpiece of
care.

Methods

Study Design
As part of a 4-year study funded by the National Center for
Advancing Translational Sciences (R01TR004243), we
conducted in-depth, semistructured interviews (total n=102),
including adolescent patients (n=20) and caregiver (n=20) dyads,
clinicians (n=20), developers (n=21), and ethics, legal, policy,
and philosophy scholars (n=21), to explore their perspectives
on potential benefits, risks, and concerns around the integration
of CP technologies into care.

Participants
Respondents were recruited from a “sister” study
(5R01MH125958) aiming to validate CP tools designed to
quantify objective digital biobehavioral markers of
socioemotional functioning. Participants included a clinical
sample of adolescents (aged 12-17 years) with varied diagnoses,
including autism, Tourette, anxiety, obsessive-compulsive
disorder, and attention-deficit/hyperactivity disorder, as well
as their caregivers (typically biological parents; Table 1).
Diagnostic presentations for all adolescents were confirmed by
expert providers using established clinical measures.
Adolescent-caregiver dyads were referred to the study by the
sister study’s coordinator and then contacted by a research
assistant via phone or email to schedule an interview. Clinicians
and developers (Table 2) were identified through an online
literature search and existing professional networks. Participants
were interviewed between January 2023 and August 2023.
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Table 1. Demographics for interviewed adolescents and caregivers.a

Total (N=40), n (%)Caregivers (n=20), n (%)Adolescents (n=20), n (%)Demographics

Gender

14 (35)2 (10)12 (60)Male

26 (65)18 (90)8 (40)Female

Race

1 (3)1 (5)0 (0)American Indian or Alaska Native

2 (5)1 (5)1 (5)Asian

0 (0)0 (0)0 (0)Native Hawaiian or Other Pacific Islander

9 (23)4 (20)5 (25)African American/Black

32 (80)15 (75)17 (85)White

Ethnicity

6 (15)2 (10)4 (20)Hispanic or Latino

34 (85)18 (90)16 (80)Not Hispanic or Latino

Marital status

13 (33)13 (65)N/AbMarried and living with spouse

1 (3)1 (5)N/AWidowed

4 (10)4 (20)N/ADivorced

1 (3)1 (5)N/ASeparated

1 (3)1 (5)N/ANever Married

Education level

0 (0)0 (0)N/AHigh school only or less

2 (5)2 (10)N/ATrade school/associate’s degree

10 (25)10 (50)N/ABachelor’s degree

4 (10)4 (20)N/AMaster’s degree

4 (10)4 (20)N/ADoctoral degree

Parental status

18 (45)18 (90)N/ABiological parent

0 (0)0 (0)N/AStep parent

2 (5)2 (10)N/AAdoptive parent

Diagnosed condition

4 (10)N/A4 (20)Obsessive-compulsive disorder

5 (13)N/A5 (25)Autism

3 (8)N/A3 (15)Attention-deficit/hyperactivity disorder

4 (10)N/A4c (20)Anxiety

1 (3)N/A1 (5)Tourette

9 (23)N/A9 (45)No clinical diagnosis or symptoms

N/A48.3 (6.4)14.9 (2.2)Average age, mean (SD)

aValues may not total 100% owing to overlapping categories (eg, comorbidities), nonmutually exclusive response options, and skipped questions.
bN/A: not applicable.
c1 self-reported.
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Table 2. Demographics for interviewed clinicians, developers, and ELPP.a

Total (N=62), n (%)Scholars (n=21), n (%)Developers (n=21), n (%)Clinicians (n=20), n (%)Demographics

Gender

44 (55)16 (76)18 (86)10 (50)Male

18 (29)5 (24)3 (14)10 (50)Female

Race

0 (0)0 (0)0 (0)0 (0)American Indian or Alaska Native

7 (11)2 (10)1 (5)4 (20)Asian

0 (0)0 (0)0 (0)0 (0)Native Hawaiian, Pacific Islander, or
Other

1 (2)0 (0)1 (5)0 (0)African American/Black

42 (68)16 (76)12 (57)14 (70)White

13 (21)4 (19)6 (29)3 (15)Unreported/unknown

Ethnicity

1 (2)1 (5)0 (0)0 (0)Hispanic or Latino

46 (74)16 (76)13 (62)17 (85)Not Hispanic or Latino

14 (23)4 (19)7 (33)3 (15)Unreported/unknown

Profession

3 (5)N/AN/Ab3 (15)Clinician

14 (23)N/AN/A14 (70)Clinician-researcher

7 (11)N/A4 (19)3 (15)Clinician-developer

17 (34)N/A17 (81)N/ADeveloper

6 (10)6 (29)N/AN/AEthicist

4 (6)4 (19)N/AN/ALawyer

1 (2)1 (5)N/AN/APhilosopher

10 (16)10 (48)N/AN/AOther

Specialty

7 (11)N/AN/A7 (35)Psychiatry

7 (11)N/AN/A7 (35)Psychology

4 (6)N/AN/A4 (20)Neuroscience

15 (24)N/A15 (71)N/AIndustry

3 (5)N/A3 (14)N/AAcademic

3 (5)N/A3 (14)N/ACross-Sector

6 (10)6 (29)N/AN/AEthics

4 (6)4 (19)N/AN/ALaw

1 (2)1 (5)N/AN/APhilosophy

12 (16)10 (48)N/A2 (10)Other

aSome values may not total the number of stakeholders per group or 100% because certain responses were missing, some response options were
nonmutually exclusive, and respondents were allowed to skip questions.
bN/A: not applicable.

Data Collection
Separate but parallel interview guides were developed for all
stakeholders, with the same constructs explored across groups,
including perceived benefits and concerns regarding integrating

CP tools into clinical care; impacts on care; attitudes toward
automatic and passive detection of emotional and behavioral
states; perceived accuracy and potential for misinterpretation,
misattribution, or misclassification of symptoms or conditions;
clinical utility and actionability; data security and privacy
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concerns; potential for unintended uses; perceived
generalizability and potential for bias; and other emergent
concerns. These domains were chosen based on issues raised
in the clinical and ethics literature and with guidance from
experienced bioethicists and mental health experts. Initial drafts
of the interview guides were piloted with 2 psychologists (EAS
and CJZ) specializing in adolescent mental health, resulting in
minor clarifications in wording. Interviews were conducted via
a secure videoconferencing platform (Zoom for Healthcare;
Zoom Communications, Inc) and lasted an average of ~45
minutes. Participants watched a brief 1.5-minute “explainer”
video defining CP as denoting AI systems (devices + algorithms)
that not only sense but also infer and act upon multimodal
behavioral and physiological signals. Demographic items were
included to explore possible sociodemographic variation in
perspectives and to facilitate downstream analyses or
meta-analytic comparisons. Participants could select more than
1 racial or ethnic category, and no participant was required to
respond to any demographic question.

Ethics Approval
This study was reviewed and approved by the Baylor College
of Medicine Institutional Review Board (H-52227), which
waived the requirement for written consent, as the research
procedures (interviews, deidentification of transcripts, and
storage on secure servers) involved minimal risk to participating
stakeholders; thus, participants provided verbal consent. Minors
provided assent with parental consent. Identifiable participant
information was stored behind a university firewall in a
password-protected system with 2-factor authentication. All
results are reported in aggregate and not linked to any
identifiable participants, including in supplementary documents.
All participants also completed a brief demographic
questionnaire in REDCap (Research Electronic Data Capture;
Vanderbilt University) via an emailed link.

Data Analysis
Interviews were audio-recorded, transcribed verbatim, and
analyzed using MAXQDA software (VERBI Software). Led
by a qualitative methods expert (KMKQ), team members
developed a codebook to identify thematic patterns in adolescent
and caregiver responses to the topics described above. Each
interview was coded by merging the work of 2 separate coders
to reduce interpretability bias and enhance reliability. All team
members received extensive training in qualitative analysis
before participating in coding. We used thematic content
analysis [50,51] to inductively identify themes by progressively

abstracting relevant quotes, a process that entails reading every
quotation to which a given code was attributed, paraphrasing
each quotation (primary abstraction), further identifying which
constructs were addressed by each quotation (secondary
abstraction), and organizing constructs into themes. The
multidisciplinary team responsible for thematic analysis
consisted of the principal investigator (KMKQ), who is a
medical anthropologist and bioethicist with expertise in
qualitative and mixed methods research, bioethics, and the social
and ethical dimensions of AI and digital phenotyping; and 3
research associates—2 master’s-level researchers with
backgrounds in psychology, neuroscience, bioethics, and
cognitive science, and 1 postbaccalaureate researcher with
training in psychology and computer science. This combination
of disciplinary and methodological perspectives was
intentionally designed to reduce interpretive homogeneity and
promote reflexivity. To enhance the validity of our findings, all
abstractions were validated by at least one other member of the
research team. In rare cases where abstractions reflected
different interpretations, members of the research team met to
reach consensus. Coding meetings emphasized interpretive
dialogue rather than consensus by conformity, ensuring that
thematic reliability reflected triangulation across diverse
epistemic standpoints rather than agreement among individuals
with similar expectations. Frequencies were also calculated for
each theme by counting the number of individuals within each
stakeholder group who contributed at least one quote coded
under that theme. These frequencies and percentages are
presented solely as descriptive indicators and are not intended
to imply statistical significance or support inferential claims.

Results

Themes Identified
Stakeholders raised a wide range of concerns around the
following themes (Table 3): (1) Trustworthiness and Integrity
of CP Technologies (72/102, 70.6%; Multimedia Appendix 1);
2) Patient-Specific Relevance (24/102, 23.5%; Multimedia
Appendix 2); (3) Utility and Implementation Challenges
(60/102, 58.8%; Multimedia Appendix 3); (4) Regulation and
Governance (17/102, 16.7%; Multimedia Appendix 4; (5) Data
Privacy and Protection (88/102, 86.3%; Multimedia Appendix
5); (6) Patient Harms (65/102, 63.7%; Multimedia Appendix
6); and (7) Philosophical Critiques (13/102, 12.7%; Multimedia
Appendix 7). All themes and subthemes are elaborated below,
with illustrative quotations in the associated Multimedia
Appendices 1-7.

JMIR Ment Health 2026 | vol. 13 | e79182 | p.123https://mental.jmir.org/2026/1/e79182
(page number not for citation purposes)

Kostick-Quenet et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 3. Theme frequencies.a

Total (N=102),
n (%)

Ethics, law, policy, and philoso-
phy scholars (n=21), n (%)

Caregivers
(n=20), n (%)

Adolescents
(n=20), n (%)

Clinicians
(n=20), n (%)

Developers
(n=21), n (%)

Theme

72 (70.6)17 (81)15 (75)8 (40)15 (75)17 (81)Trustworthiness and Integrity

24 (23.5)8 (38)7 (35)3 (15)3 (15)3 (14)Patient-Specific Relevance

60 (58.8)17 (81)9 (45)4 (20)15 (75)15 (71)Utility and Implementation

17 (16.7)8 (38)1 (5)0 (0)4 (20)4 (19)Regulation and Governance

88 (86.3)19 (90)20 (100)16 (80)17 (85)16 (76)Data Privacy and Protection

65 (63.7)18 (86)18 (90)4 (20)16 (80)9 (43)Patient Harms

13 (12.7)7 (33)2 (10)0 (0)2 (10)2 (10)Philosophical Critiques

aFrequencies and percentages are calculated within groups except for when they are in the “Total” column, where they are calculated across groups.

Trustworthiness and Integrity of CP Technologies

Data Quality Constraints and Confounds
Developers, more than other stakeholder groups, raised concerns
about the reliability of data streams from consumer-grade
devices, emphasizing that variations in user behavior and
differences in hardware performance can make it difficult to
distinguish true physiological changes from sensor-related
errors. They cautioned that without standardized protocols for
device calibration and data collection, models built on such
inputs may fail when deployed across different environments
or patient populations.

Algorithmic Bias and Generalizability
Participants across all stakeholder groups also raised concerns
about additional forms of algorithmic bias. Several scholars
noted that many AI models are trained on relatively homogenous
datasets, limiting their generalizability to more diverse
populations. As these datasets often disproportionately represent
individuals from more privileged groups (eg, younger, healthier,
or majority-ethnic cohorts), algorithms may underperform or
misclassify signals in marginalized communities. Participants
further cautioned that unequal access to digital health
technologies can skew training data even more, reinforcing
systemic biases and potentially excluding the very populations
most likely to benefit from improved care.

Construct Validity
Clinicians, developers, and scholars alike cautioned that the
diagnostic constructs and clinical assessment tools used to
validate most CP tools often lack strong links to clinically
meaningful phenomena and fail to accommodate transdiagnostic
symptom presentations, cultural and contextual variability, and
temporal fluctuations in mental health. As a result, the digital
markers derived from these tools risk remaining insufficiently
grounded. Participants emphasized the need for rigorous
validation studies to ensure that digital biomarkers accurately
reflect patient states and that any interventions based on these
measures are anchored in well-established clinical evidence.

Patient-Specific Relevance

Accounting for Heterogeneity in Symptom Expression
and Subjectivity
Stakeholders consistently emphasized that any use of digital
health tools must first account for the immense diversity in how
individuals experience and express their health and then situate
those signals within each person’s unique context. Respondents
across groups cautioned that a one-size-fits-all algorithm may
miss or misinterpret patients who exhibit emotional or
behavioral states differently from others; for example, some
noted that while certain individuals express distress outwardly,
others internalize such feelings, rendering them “invisible” to
CP tools searching for external markers. Others added that
accurate interpretation often depends on integrating multiple
data streams; heart rate alone, for instance, may not distinguish
stress from exercise without information about the broader
context or behavioral pattern.

Accounting for Context and Meaning
Patients and caregivers, more than other groups, raised concerns
that algorithms cannot effectively account for the rich social
and cultural factors that shape patients’ experiences and
behaviors, or how patients assign meaning to their symptoms
and events. Some also emphasized the importance of proximate
contextual features, such as fluctuations tied to work demands,
family stressors, or lifestyle changes. Patients, in particular,
worried that algorithms might draw conclusions based on
fleeting or temporary signals rather than longer-term trends.
Respondents across groups cautioned that such
“decontextualized” metrics lack the construct validity required
for clinical actionability, as they are likely to reflect inferences
stripped of subjective meaning and, therefore, clinical
significance.

Utility and Implementation Challenges

Role of CP in Clinical Care
Stakeholders from all groups voiced a set of interrelated
concerns about how CP tools are integrated into clinical
workflows. Scholars and clinicians cautioned that clinicians
may lean too heavily on algorithmic outputs, risking a form of
“deskilling” in which they stop rigorously scrutinizing the data
for quality or epistemic inconsistencies. They warned that
clinicians may begin to accept CP suggestions uncritically
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(automation bias), thereby sidelining the human, relational
interpretations developed through patient-provider dialogue.

Managing Risk and Liability
Clinicians, more than other groups, highlighted the dual dangers
of missed events and overalerting. They noted that false
negatives—instances where the system fails to detect
deterioration—could leave patients unprotected, while excessive
false positives could overwhelm clinicians and erode confidence
in the tool, ultimately undermining patient safety rather than
enhancing it. Clinicians also raised concerns about whether they
may eventually be expected to use CP tools as these systems
continue to evolve, or held liable if they choose not to, thereby
compromising their autonomy in clinical decision-making.

Barriers to Utility
All stakeholder groups stressed that CP outputs must be
interpretable and meaningful in real-world contexts to be
actionable. Clinicians emphasized that data trends and inferences
should be delivered through intuitive summaries and
visualizations, accompanied by concise, actionable
recommendations. They noted that this is complicated by the
fact that the clinical significance of data trends may vary from
one situation to another (see the “Patient-Specific Relevance”
section), making consistent interpretation challenging.
Developers and clinicians also raised concerns about the
potential for confirmation bias, in which users may selectively
interpret or emphasize data that confirm their expectations,
thereby undermining the goal of these technologies to contribute
novel informational value to clinical assessments.

Regulation and Governance

Unclear or Insufficient Regulatory Frameworks
Clinicians and scholars, more than other groups, described 2
distinct but related regulatory challenges. First, many CP
applications can (and in their view, should) fall under existing
clinical-use regulations, such as those governing medical
devices; yet, few concrete guidelines exist for implementing
these requirements in practice. Ethics and policy experts noted
that when CP tools nominally qualify as regulated devices,
organizations may feel more comfortable adopting them;
however, the absence of clear, step-by-step governance pathways
often leaves developers and clinicians uncertain about how to
operationalize data privacy, security, and ethical review
processes. Second, participants emphasized that a large swath
of CP technologies occupies a “regulatory gray zone” due to
their overlap with devices in the consumer “wellness” sector,
particularly those that collect passive or contextual data outside
traditional care encounters. Scholars worried that without
specifying oversight requirements for continuous, ambient
monitoring, regulators risk leaving patients exposed to unvetted
algorithms and unclear lines of accountability.

Responsibility for Ethical Technology Development and
Compliance
Developers, scholars, and clinicians primarily expressed
concerns about how innovation pressures interact with ethical
safeguards. On the one hand, experts described the burden of
balancing innovation against regulatory demands, noting that

small teams sometimes struggle to absorb the time and cost
required for formal ethics and security reviews. They also raised
concerns about the deployment of closed-source, proprietary
algorithms, which are often faster to market but opaque. These
were contrasted with open-source alternatives, which permit
external audit but come with greater technical support
obligations. Across both choices, questions about liability were
raised, with respondents arguing that without explicit legal
clarity, neither developers nor health care providers know with
certainty who would be held accountable if CP assessments
lead to harm.

Need for Stakeholder Involvement
Respondents from all groups expressed strong consensus that
regulation and governance structures must be co-designed with
the people intended to benefit from these technologies. Ethics
scholars argued that embedding patients’ and caregivers’ lived
experiences into standards setting is vital to ensuring that tools
address real-world needs. Clinicians highlighted the importance
of rigorously interrogating when and under what circumstances
CP outputs truly matter to patient care, rather than assuming
that technological assessments will always be relevant.
Participants across groups also called for interdisciplinary
collaboration among technologists, clinicians, ethicists, and end
users to bridge gaps in expertise, surface hidden risks, and
develop governance models that are both practical and ethically
robust.

Data Privacy and Protection

Consent and Awareness
Patients described anxiety about unwanted or unintended
disclosure of intimate behavioral and physiological data, noting
that continuous collection can feel like a privacy breach. Other
stakeholder types likewise questioned the appropriateness of
capturing real-time location or mental health indicators,
characterizing such practices as invasive and, in some cases,
“creepy.” This unease was compounded by awareness that
elements of coercion may come into play: individuals could
feel pressured to share their data so as not to jeopardize access
to health care services. Adding to these worries, stakeholders
noted that explanations of data practices are often obscure,
leaving patients unaware or uncertain about what exactly they
are consenting to, who may access their data, what inferences
could be drawn from it, and what kinds of feedback to expect.
As a result, patients may be ill-equipped to make informed
decisions about engaging with these CP tools or about what
types of feedback to receive or decline (eg, exercising a “right
not to know”).

Many participants, especially researchers, clinicians, and ethics
scholars, criticized current informed consent practices as
outdated and one-dimensional. They noted that patients typically
encounter a single form at the outset of care (broad consent)
without fully understanding the breadth of data being collected
or the myriad ways it might later be used. Several respondents
urged a shift toward dynamic consent models, in which patients
receive clear, ongoing explanations and can granularly and
dynamically opt in or out of specific data uses. They emphasized
that such processes—which treat consent as an evolving
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conversation—are better suited to the continuous, ecological
monitoring characteristic of CP approaches.

Secondary Use and Misuses
Many patients and caregivers reported being comfortable with
primary clinical uses of CP data but expressed concern about
secondary applications and potential misuses. Stakeholders
across groups noted that, without clear legal protections, patient
information could be repurposed for discriminatory profiling
or accessed by commercial actors, with existing regulations
offering little guidance on how to manage these downstream
uses. They argued that the commodification and monetization
of personal behavioral and physiological data, in the absence
of robust data protection frameworks, could erode patient and
caregiver trust in clinicians and health care systems and
discourage future participation in digital health programs.

Monitoring and Surveillance
Stakeholders also observed that when individuals feel monitored
rather than supported, they may withhold information, worry
about data misuse, and question their providers’ trustworthiness.
This concern may be particularly relevant for vulnerable
populations, such as people experiencing psychosis, who may
perceive passive monitoring as surveillance, and older adults
who may have difficulty using wearables and apps—highlighting
the need for adaptive protocols, additional safeguards, and
alternative engagement strategies that respect each patient’s
autonomy and comfort. They emphasized that passive
monitoring can shift the experience from feeling supported to
feeling observed, an effect that may be especially pronounced
among vulnerable groups; for example, people experiencing
psychosis may interpret continuous tracking as intrusive
surveillance, and members of historically exploited populations
may hold significant reservations.

Patient Impacts and Harms

Overview
Stakeholders highlighted numerous ways in which the above
concerns may translate into direct or indirect harms for patients:

Harms Due to Inaccurate or Premature Diagnoses
Stakeholders from all groups cautioned that algorithmic
assessments delivered without sufficient clinical context can
trigger a cascade of inappropriate interventions. They warned
that acting on false positives or early “flags” could expose
patients to unnecessary tests, treatments, or stigma long before
a human expert has had an opportunity to validate the finding.
They also noted the potential negative impacts when algorithmic
conclusions diverge from patients’ own perceptions and
experiences, creating conflict without clear pathways for
resolution.

Diminished Human Connection in Health Care
A recurring theme, particularly among clinicians and patients,
was the potential breakdown of the human connection in health
care. Many stakeholders noted that an overreliance on
data-driven CP tools could transform care into a more
transactional and less empathetic process. Clinicians especially
underscored the importance of maintaining therapeutic

relationships grounded in respect, empathy, and alliance,
warning that digital tools—while potentially efficient—could
diminish the “human touch” that is central to healing. Many
patients and caregivers echoed this concern, fearing that health
care interactions could become increasingly impersonal.
Scholars and clinicians also discussed the potential for digital
health tools to contribute to epistemic injustice, whereby
patients’ lived experiences may be undervalued in comparison
to data-driven assessments. Some stakeholders expressed
concern that an emphasis on objective data could lead clinicians
to discount patients’ subjective experiences—especially in
complex domains such as mental health, where self-reports
already face considerable scrutiny. They warned that such
dismissal could erode patient autonomy and contribute to a
dehumanization of care, particularly if clinicians and patients
allow algorithmic inferences to assume an increasingly
prominent role relative to human judgment in decision-making.

Responsibility Shifts and “Empowerment” Pitfalls
Another significant concern raised by clinicians involved the
shifting of responsibility from health care providers to patients.
As digital tools increasingly monitor and manage health, patients
are often expected to assume a larger role in their own care.
While some viewed this shift as empowering, many clinicians
feared it could overwhelm patients—especially those without
the skills, knowledge, or interest to interpret continuous data
feedback—potentially leading to confusion, stress, and
unintended burdens.

Ethics scholars also noted that although the rhetoric of
“empowerment” is often used to promote these tools, it can
effectively shift responsibility onto individuals—particularly
those with greater resources—while leaving vulnerable
populations with few mechanisms to address complex health
inequalities. They emphasized that this shift not only places an
undue burden on patients to manage their health independently
but also predisposes them to blame when improvements do not
occur, potentially worsening feelings of shame or anxiety.
Several ethics and policy scholars argued that this trend is
reinforced by the technology sector’s tendency to view patients
as consumers rather than individuals needing care, thereby
framing health management as an individual rather than a
collective responsibility.

Additionally, clinicians noted the risk that patients may defer
responsibility to technology—such as smartphones—under the
assumption that these tools will manage their health for them,
which can diminish active engagement in their own care. They
cautioned that when patients come to believe that their devices
will “speak” on their behalf, they may become less inclined,
and over time less able, to reflect on and articulate their own
experiences and behavioral patterns.

Access Inequities and Disproportionate Burdens to
Vulnerable Populations
Clinicians and scholars voiced further concerns about the
potential of CP tools to exacerbate inequities and
disproportionately burden vulnerable populations. Scholars
emphasized that marginalized groups—including those
experiencing poverty, homelessness, and other forms of
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marginalization—may be excluded from the benefits of these
technologies due to a lack of access or capacity. For example,
individuals without consistent access to, or familiarity with,
technology might struggle to effectively use or trust these tools,
limiting potential benefits and skewing training datasets in ways
that perpetuate harmful biases and further exacerbate inequities.

Further, caregivers and ethicists, in particular, raised significant
reservations about CP tools being leveraged or co-opted for
surveillance, especially in communities with a history of being
monitored, such as psychiatric and other vulnerable groups.
Pressured consent emerged as another concern, particularly for
individuals in lower social positions who might feel compelled
to use these tools despite discomfort or uncertainty. Finally,
stakeholders highlighted the risk of involuntary monitoring or
detention, noting that misdiagnoses or inaccurate data could
lead to wrongful decisions with severe consequences for
individuals’ rights and treatment.

Threats to Privacy and Self-Determination
Stakeholders from all groups voiced strong concerns about the
threats to privacy and autonomy posed by digital health tools.
They highlighted the potential misuse of sensitive health data
and the lack of transparency in how such information is collected
and used. Scholars emphasized the need for stronger regulatory
frameworks to ensure that patients’ privacy is protected and
that they retain control over their personal health data. They
warned that without adequate safeguards, the widespread
adoption of these technologies could lead to breaches of trust
and unauthorized access to sensitive information.

Clinicians noted that certain patient populations are likely to be
disproportionately affected by these concerns and may require
particularly robust clinical justifications, as well as enhanced
protections or alternative approaches, to ensure that CP tools
benefit their care while safeguarding their rights to
self-determination and protection against discrimination.

Epistemic Injustice and Deprioritization of Patient
Voices
Stakeholders cautioned that CP tools risk sidelining patients’
own experiences by privileging algorithmic inferences over
first-person testimony. Ethics scholars noted that even highly
accurate systems can produce outputs that contradict a patient’s
self-knowledge, potentially leading clinicians to discount lived
perceptions and destabilize trust. Caregivers emphasized that
real-time observations—such as a parent’s instinct about a
child’s well-being—must carry equal or greater weight than
sensor data to avoid silencing those closest to the patient.

Overemphasis on Self-Optimization
Experts warned that voluntary self-tracking can evolve into a
cultural expectation, similar to how smartphones have become
indispensable. What begins as clinically guided monitoring risks
morphing into relentless personal optimization, pressuring
individuals to engage in continuous self-surveillance.
Stakeholders argued that blurring the line between medical
indication and consumer-driven tracking reduces complex
human experiences to mere data points and undermines broader
notions of well-being that cannot be quantified.

Philosophical Critiques of CP

CP Is Insufficient to Capture Emotional States
Certain scholars cautioned that CP technologies cannot fully
capture the rich complexity of human emotion. They argued
that feelings are not reducible to physiological impulses or static
signals, but instead unfold in nuanced, dynamic patterns that
resist algorithmic measurement.

CP Cannot Infer Emotion via Behavior
Relatedly, some stakeholders emphasized that CP tools cannot
reliably infer emotion from behavior alone. While sensors can
record facial movements, voice acoustics, heart rate fluctuations,
and other behavioral or physiological signals, these outward
markers do not necessarily reflect internal experience and always
require human interpretation. One scholar likened this need for
interpretation to how a radiologist must analyze and
contextualize an image.

CP Algorithms Embed Human Biases
Other participants emphasized that, because CP algorithms
inevitably incorporate human biases, they cannot serve as purely
objective indicators of pathology. They noted that every
algorithm is trained on manually labeled data and thus carries
forward the cultural assumptions and biases of its creators. They
argued that reliance on precoded categories can obscure these
underlying prejudices by presenting CP outputs as seemingly
“objective.”

CP Inferences Are Not More Valuable Than Subjective
Patient Insights
Some scholars challenged the overprioritization of data over
dialogue, emphasizing that personal narratives—rooted in lived,
phenomenological experience—provide primary and
indispensable insights into illness that digital metrics cannot
replace. They contended that patient testimony must “stand on
equal footing” with any algorithmic outputs.

CP Reflects Techno-Solutionism
Scholars warned that addressing illness primarily through a
technological lens reflects a broader misconception that
technology can solve all problems. They emphasized the
importance of attending to the social, political, and cultural
dimensions of health. These stakeholders argued that an
overemphasis on what can be measured or automated risks
shaping health care interventions around the capabilities of
machines rather than the holistic needs of people.

Discussion

Corroborating Existing Recommendations
Our investigation highlights the broad and varied concerns of
diverse stakeholders—developers, clinicians, patients,
caregivers, and ethics and policy experts—regarding the
integration of CP into clinical care. Understanding and
addressing these concerns is critical for designing
implementation strategies that enhance, rather than compromise,
patient-centered and humanistic care. Many of the themes echo
longstanding critiques of data-centrism in medicine: CP
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represents the latest iteration of placing ever richer “deep data”
streams at the center of care, now amplified by powerful AI and
machine learning analytics. Accordingly, stakeholders reiterate
familiar principles from the trustworthy AI framework, including
explainability, interpretability, bias mitigation, fairness, and
transparency. The opaque, “black-box” nature of many
proprietary CP algorithms further compounds these challenges,
leaving patients and caregivers without clear evidence of how
inferences about mood, cognition, or behavior are generated.
Respondents in our study, echoing prior calls, advocate for
robust, domain-specific validation standards, enhanced
algorithmic transparency, liability frameworks for errors,
mechanisms for contesting outputs, and guidance on reliably
interpreting CP results across diverse clinical settings. These
imperatives are neither new nor contested; there is a broad
consensus on the need for trustworthy algorithms coupled with
humanistic care.

Similarly, the call for implementation frameworks that protect
clinician judgment, patient agency, and the therapeutic alliance
is well established. Stakeholders cautioned that uncritical,
algorithm-driven monitoring risks displacing empathic dialogue
by prioritizing decontextualized or biased metrics over patients’
own narratives, shifting the therapeutic focus from shared
understanding to automated inference. These concerns are most
pronounced for CP systems that directly infer diagnosis
(classification) or prognosis (prediction), but may be less
significant when CP is used to surface raw patterns—such as
sleep or activity metrics—for human-guided interpretation. For
example, rather than allowing an algorithm to label sleep
patterns as pathological, clinicians could use a patient’s baseline
sleep data—compared with population benchmarks—to ask,
“What’s keeping you up at night?” and collaboratively determine
what constitutes normal sleep for that individual in the context
of work, family, or lifestyle factors. D’Alfonso and colleagues
[9] describe this distinction as “manual” versus “AI-driven” use
of CP, emphasizing the degree of human involvement in
interpreting data. At the time of writing, most CP tools are not
yet robust enough to rely solely on AI-driven inferences and
therefore require substantial human interpretation to be clinically
useful. However, as we argue elsewhere [52], this may not
always remain the case; following the trajectory of AI in other
domains, CP algorithms are likely to evolve to provide valid,
accurate, patient-specific, and trustworthy inferences.
Establishing humanistic approaches well in advance is a widely
recognized and consensus goal.

Novel Insights: The Importance of Context and
Subjectivity
Our respondents highlighted 2 fundamental considerations for
effectively and humanely integrating CP tools into care that
have not been fully addressed elsewhere: the importance of
context and subjectivity in determining the clinical significance
of CP outputs. Stakeholders across all groups emphasized that
observable behaviors—such as steps, voice tone, and facial
micro-movements—are clinically actionable only when
clinicians understand what those behaviors signify for the
individual producing them and how the surrounding context
shapes that meaning.

This caution echoes the “Theory of Constructed Emotion”
proposed by Barrett et al [53] and supported by like-minded
scholars [54-57], who challenge the classical view that emotions
are biologically hard-wired states expressed through universal
behavioral markers. Instead, the brain constructs each feeling
from past experiences, cultural learning, and moment-to-moment
interpretation; the same smile, for example, can signify joy,
embarrassment, or compliance depending on context [28,58].
When CP systems infer affect solely from facial features, vocal
prosody, heart rate variability, or other external cues, they risk
reducing this complexity to generic labels—an error that
disproportionately misinterprets individuals across different
cultures, age groups, or clinical presentations [59].

To counter such reductionism, future CP strategies must
integrate subjective meaning and environmental context
alongside sensor data. Technically, this involves pairing passive
streams with structured self-report or ecological annotations
that capture the patient’s interpretation of events and the
situational factors influencing them. Operationally, it requires
structured conversations—from the earliest visits through
follow-up—that identify which symptoms most constrain a
person’s quality of life and how those symptoms might be
detected digitally. The “Digital Measures That Matter to
Patients” framework proposed by Manta and colleagues [60]
provides concrete guidance, linking meaningful aspects of health
to sensor-derived concepts of interest, outcomes, and end points
within a patient-centered hierarchy.

In practice, applying this framework could mean, for example,
that a patient who values uninterrupted sleep over daytime mood
stability prioritizes actigraphy-based sleep metrics, whereas
another concerned about social withdrawal might ask the system
to flag sustained reductions in communication patterns. By
integrating patient narratives and contextual details into metric
selection and interpretation, clinicians can transform CP from
a one-size-fits-all detector into a context-aware, individually
tailored decision-support tool—remaining faithful to the
subjective richness that stakeholders emphasize must never be
lost.

A Prototype for Humanistic Care With CP

Personalized Road Maps for CP Integration
To address these challenges, we introduce the concept of
personalized road maps [61] for integrating CP into clinical
care—a structured, co-designed plan that embeds humanistic
values at every stage of digital phenotyping. Rather than treating
data feedback as a series of discrete disclosures, personalized
road maps are collaboratively developed by patients, caregivers,
and clinician-researchers at the point of consent. Together, they
specify the following:

• Which metrics (eg, activity patterns, speech markers, sleep
variability) will be monitored and shared

• When and how these data will be returned—whether in real
time, during clinic visits, through periodic summaries, or
some strategic (nonarbitrary) mix of approaches

• Thresholds for action, delineating what combinations of
signals should trigger outreach, referral, or adjustment of
treatment
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• Conflict resolution procedures for managing epistemic
conflicts when CP outputs diverge from a patient’s
self-report or a clinician’s judgment.

This iterative framework balances patient agency with clinical
and ethical guardrails, inviting patients to contribute lived
knowledge (eg, recognizing that reduced SMS text messaging
often precedes mood dips), while researchers share their clinical
expertise. Together, both parties anticipate and develop shared
understandings of how their perspectives may be enriched by
predictive insights from CP data trends and inferences. This
approach reflects a view, articulated by others [49], that
technology and humane care are not mutually exclusive, but
can, in fact, be symbiotic. The personalized road map is designed
to foster that symbiosis, serving as a living decision-support
tool that aligns computational power with at least three
operationalized, person-centered goals of care, including those
listed below.

Empowerment and Shared Decision-Making
By inviting patients to coselect which CP signals matter most
and how they wish to receive feedback, personalized road maps
transform passive monitoring into an active partnership. This
builds on Schmidt and D’Alfonso’s [47] finding that clinicians
and clients value systems where patients can “switch off”
sensors, control data sharing, and iteratively refine monitoring
parameters. Patients can collaboratively choreograph the timing,
dose, and content of feedback to align with their treatment goals.
Embedding these choices upstream helps prevent downstream
surprises or distress when digital inferences arise.

Trust and Therapeutic Alliance
Clear, cocrafted expectations—about what data will be returned,
when, and under what conditions—help mitigate nocebo effects
and overreliance on opaque risk scores. As Nghiem et al [46]
observed, passive patient-generated health data are most useful
when presented at clinically meaningful moments, rather than
overwhelming clinicians in real time. Personalized road maps
can specify this timing, ensuring that data review occurs within
empathetic, dialogic encounters rather than disrupting them.

Ethical Transparency and Anticipation of Conflict
Documenting both the inclusion and exclusion of specific CP
metrics is inspired by the “open notes” movement, providing
patients with insight into the analytic process. This approach
preserves their right to understand which factors shape their
treatment pathways, as well as their right “not to know” certain
inferences that might be counterproductive to clinical progress.
Road maps also embed anticipatory strategies for epistemic
conflicts. For example, if a wearable flags elevated stress while
a patient reports feeling calm, the road map can offer
coidentified strategies to guide the clinician and patient through
a respectful dialogue about potential device errors, contextual
factors, or unrecognized symptoms, rather than defaulting to
algorithmic authority or privileging patient report.

Innovating Consent for CP Approaches
As CP technologies transition from clinical research into routine
care, these road maps will support clinical teams in their
fiduciary responsibility to educate patients about anticipated

benefits and risks, while transparently conveying areas of
uncertainty. Enhancing existing consent procedures should
begin with identifying the knowledge needs of patients and
caregivers to enable truly informed consent. In a recent
publication, we reported the results of an empirical, qualitative
analysis [62] exploring the perspectives of adolescent patients
and their caregivers participating in clinical laboratory research
involving extensive CP data collection. Our findings
demonstrated that patients and caregivers have information
needs spanning 7 key themes: (1) clinical utility and value; (2)
evidence, explainability, evaluation, and contestation; (3)
accuracy and trustworthiness; (4) data security, privacy, and
potential misuse; (5) patient consent, control, and autonomy;
(6) the physician-patient relationship; and (7) patient safety,
well-being, and dignity. A separate analysis (C Deeney, BA et
al, unpublished data, August 2024) found that most patients and
caregivers consider CP data highly sensitive and are reluctant
to share these data beyond their clinical teams. While many
participants expressed trust in existing data protections to
safeguard CP data, they often misunderstood or overestimated
the extent to which protections such as the Health Insurance
Portability and Accountability Act (HIPAA) apply. Based on
these findings, we proposed 5 key strategies: (1) educating
patients on the limitations of existing data protections; (2)
conducting targeted research, including forensic analyses, into
secondary data exchanges to identify privacy breaches or
reidentification risks; (3) enacting regulations that mandate
greater transparency in health data transactions; (4)
implementing computational mechanisms, such as distributed
ledger technologies, to enhance data traceability and auditability;
and (5) adopting dynamic consent models that allow patients
to continuously manage and update their consent preferences.

Other scholars have similarly argued that static, onetime
signatures are inadequate for the continuous, highly contextual
data streams generated by CP tools. A systematic review of
ethical considerations for passive data sensing [63] proposed
interactive informed consent interfaces that allow participants
to add social annotations, “talkback” questions, and multimodal
visual aids—features shown to enhance comprehension and
engagement [64,65]. Others have called for context-sensitive
consent models [66,67], allowing patients to recalibrate
permissions as circumstances change and enabling built-in data
expiration options, so individuals can set automatic sunset dates
[68]. These consent innovations should be embedded within
the personalized road map architecture to ensure that consent
remains an evolving, rather than static, agreement.

Operationalizing Humanistic Use of CP
Most would agree that maintaining a sense of humanity in care
is critical—and in fact, we already have a reasonably clear vision
of what humanistic practice entails, even if current systems fall
short. Humanistic care is compassionate, respectful, and
empathetic. It is also collaborative, culturally sensitive, and
empowering. The formative research presented here corroborates
a substantial body of prior work [69-71] demonstrating how
diverse stakeholders conceptualize and idealize humanistic care.
In other words, further studies to delineate what constitutes
humanistic practice and to demonstrate its benefits for patients,
clinicians, and communities are no longer the priority; that
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foundational work has already been done. What is now required
is rigorous, context-specific evidence identifying which CP
integration strategies most effectively embody these established
humanistic care ideals—that is, which organizational policies,
device design features, relational practices, and value-based
attitudes to incorporate, and which to eschew. We still lack
evidence-based guidelines for integrating CP, and the only way
to develop them is to investigate a wide spectrum of
implementation contexts to determine which combinations of
features produce desired outcomes, for which patients, and under
what circumstances. Our analysis highlights several feature
domains that require systematic evaluation:

• Data handling: collection methods, governance structures,
and privacy safeguards

• Feedback logistics: cadence, routing, and escalation
pathways

• Patient support: education, engagement, and
shared-decision tools

• Analytics: modeling choices, interpretive aids, and
decision-support mechanisms

• usability, accessibility, and visualization elements
• Workflow integration: infrastructure requirements and task

allocation
• Clinician readiness: training, supervision, and capacity

building

Each domain contains multiple variables whose effects may
differ by setting. Treating these variables as elements of a
“constellation” and iteratively testing how their configurations
influence clinical and humanistic outcomes will allow us to
identify the scenarios in which specific approaches add
value—and those in which they do not. Such empirical
investigation may reveal that CP approaches are not suitable
for every patient or clinical scenario.

Concluding Reflections
Integrating CP technologies into everyday clinical workflows
surfaces specific tensions that can undermine even the most
deeply held humanistic ideals. Numerous forces compete with

our ability—or even our desire—to deliver humanistic care. In
the case of CP, one of the most pervasive is the shared
conviction—among clinicians, patients, and caregivers
alike—that data speak more objectively than lived experience.
As our stakeholders cautioned, centering illness interpretations
on digital signals risks reframing patients’ stories through the
lens of machine-generated feedback. Anthropologists describe
this phenomenon as an “idiom”: a culturally patterned mode of
expression—verbal, behavioral, or somatic—through which
distress or well-being is communicated in ways that reflect
shared meaning based on local beliefs and values. Classic idioms
of distress, such as “heavy heart” [72,73], “ataque de nervios”
[74], or notions of hot-cold imbalance [75], function less as
discrete biomedical signs and more as symbolic languages
linking individual suffering to broader cultural meanings, social
relationships, and moral concerns. If data become the dominant
idiom through which we express or even conceptualize illness,
we may lose the ability to recognize, convey, and intervene in
the complex multitude of factors influencing health and illness.

These idiomatic shifts pose far graver threats than concerns
about false alarms, opaque metrics, or data privacy—issues that,
while critically important, are largely tractable and already
receiving extensive scholarly and technical attention. By
contrast, the greater danger lies in narrowing our collective
capacity to perceive human realities by privileging quantifiable
signals over the nuanced psychosocial factors that shape how
illness is understood and experienced. From this perspective,
dehumanized care represents not merely a violation of respect
or rights, but a siphoning of human insight, potentially eroding
clinicians’ curiosity and compassion as well as patients’ ability
to articulate their own experiences.

Ironically, this outcome runs counter to CP’s original promise:
to provide objective, reliable insights into complex disease states
and, in doing so, bring us closer to the ground truths of human
suffering. Data alone cannot constitute those truths. The critical
question—one that our study helps illuminate—is how to
integrate these deep data into care in ways that strengthen, rather
than undermine, the humanistic foundations of clinical practice.

 

Acknowledgments
We sincerely thank all the clinicians, developers, ELPP scholars, patients, and caregivers who participated in interviews and
shared their valuable perspectives. We also extend our gratitude to the research coordinators from our “sister” study who assisted
with patient recruitment, including Rebecca Greenberg, Jessica Foy, and Yuen Yu.

Funding
This research was funded by the National Center for Advancing Translational Sciences (grant R01TR004243) and the National
Institute of Mental Health (5R01MH125958). The views expressed here are solely those of the authors and do not necessarily
reflect the official policies of the National Institutes of Health (NIH) or the US Government.

Data Availability
The datasets presented in this article are not readily available because full datasets must remain unavailable to ensure deidentification
of interview participants. Requests to access the datasets should be directed to KMKQ.

JMIR Ment Health 2026 | vol. 13 | e79182 | p.130https://mental.jmir.org/2026/1/e79182
(page number not for citation purposes)

Kostick-Quenet et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Conflicts of Interest
ES reports receiving research funding to his institution from the Ream Foundation, the International OCD Foundation, and the
National Institutes of Health (NIH). He was a consultant for Brainsway and Biohaven Pharmaceuticals within the past 12 months.
He owns less than US $5000 in stock in NView. He also receives book royalties from Elsevier, Wiley, Oxford, the American
Psychological Association, Guildford, Springer, Routledge, and Jessica Kingsley. The remaining authors declare that the research
was conducted without any commercial or financial relationships that could be construed as a potential conflict of interest.

Multimedia Appendix 1
Accuracy, validity, and trustworthiness of computer perception tools.
[DOCX File , 18 KB - mental_v13i1e79182_app1.docx ]

Multimedia Appendix 2
Patient-specific relevance.
[DOCX File , 22 KB - mental_v13i1e79182_app2.docx ]

Multimedia Appendix 3
Utility and implementation challenges.
[DOCX File , 17 KB - mental_v13i1e79182_app3.docx ]

Multimedia Appendix 4
Regulation and governance of computer perception technologies.
[DOCX File , 25 KB - mental_v13i1e79182_app4.docx ]

Multimedia Appendix 5
Data privacy and protection.
[DOCX File , 18 KB - mental_v13i1e79182_app5.docx ]

Multimedia Appendix 6
Patient impacts and harms.
[DOCX File , 36 KB - mental_v13i1e79182_app6.docx ]

Multimedia Appendix 7
Philosophical critiques of computer perception.
[DOCX File , 21 KB - mental_v13i1e79182_app7.docx ]

References
1. Akre S, Seok D, Douglas C, Aguilera A, Carini S, Dunn J, et al. Advancing digital sensing in mental health research. NPJ

Digit Med 2024 Dec 18;7(1):362 [FREE Full text] [doi: 10.1038/s41746-024-01343-x] [Medline: 39695319]
2. Insel TR. Digital phenotyping: technology for a new science of behavior. JAMA 2017 Oct 03;318(13):1215-1216. [doi:

10.1001/jama.2017.11295] [Medline: 28973224]
3. Babu M, Lautman Z, Lin X, Sobota MHB, Snyder MP. Wearable devices: implications for precision medicine and the

future of health care. Annu Rev Med 2024 Jan 29;75:401-415 [FREE Full text] [doi: 10.1146/annurev-med-052422-020437]
[Medline: 37983384]

4. Liu JJ, Borsari B, Li Y, Liu SX, Gao Y, Xin X, et al. Digital phenotyping from wearables using AI characterizes psychiatric
disorders and identifies genetic associations. medRxiv. Published online December 18, 2024 2024 Oct 18:4219 [FREE Full
text] [doi: 10.1101/2024.09.23.24314219] [Medline: 39399036]

5. Orsolini L, Fiorani M, Volpe U. Digital phenotyping in bipolar disorder: which integration with clinical endophenotypes
and biomarkers? Int J Mol Sci 2020 Oct 16;21(20):1-20 [FREE Full text] [doi: 10.3390/ijms21207684] [Medline: 33081393]

6. Bufano P, Laurino M, Said S, Tognetti A, Menicucci D. Digital phenotyping for monitoring mental disorders: systematic
review. J Med Internet Res 2023 Dec 13;25:e46778 [FREE Full text] [doi: 10.2196/46778] [Medline: 38090800]

7. Mobbs D, Wise T, Suthana N, Guzmán N, Kriegeskorte N, Leibo JZ. Promises and challenges of human computational
ethology. Neuron 2021 Jul 21;109(14):2224-2238 [FREE Full text] [doi: 10.1016/j.neuron.2021.05.021] [Medline: 34143951]

8. Torous J, Gershon A, Hays R, Onnela J, Baker JT. Digital phenotyping for the busy psychiatrist: clinical implications and
relevance. Psychiatric Annals 2019 May 01;49(5):196-201. [doi: 10.3928/00485713-20190417-01]

9. D'Alfonso S, Coghlan S, Schmidt S, Mangelsdorf S. Ethical dimensions of digital phenotyping within the context of mental
healthcare. Journal of Technology in Behavioral Science 2025:132-147 [FREE Full text] [doi: 10.1007/s41347-024-00423-9]

JMIR Ment Health 2026 | vol. 13 | e79182 | p.131https://mental.jmir.org/2026/1/e79182
(page number not for citation purposes)

Kostick-Quenet et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=mental_v13i1e79182_app1.docx&filename=617c2fe1a956b5dc58a698116b289bb6.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app1.docx&filename=617c2fe1a956b5dc58a698116b289bb6.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app2.docx&filename=8eba8da282ed795625d7bc347339494c.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app2.docx&filename=8eba8da282ed795625d7bc347339494c.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app3.docx&filename=03018eaa66125248466fbcce8f9c509d.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app3.docx&filename=03018eaa66125248466fbcce8f9c509d.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app4.docx&filename=ace788853c9c3c0faf2dc0a9f5967fe2.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app4.docx&filename=ace788853c9c3c0faf2dc0a9f5967fe2.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app5.docx&filename=8c9176ebf716b5b416e9a7e8f978b18c.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app5.docx&filename=8c9176ebf716b5b416e9a7e8f978b18c.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app6.docx&filename=e399bbdc80333642199d4c5f9f1fa462.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app6.docx&filename=e399bbdc80333642199d4c5f9f1fa462.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app7.docx&filename=b8915ae8a2202f2fea6ec340e66ec0ff.docx
https://jmir.org/api/download?alt_name=mental_v13i1e79182_app7.docx&filename=b8915ae8a2202f2fea6ec340e66ec0ff.docx
https://doi.org/10.1038/s41746-024-01343-x
http://dx.doi.org/10.1038/s41746-024-01343-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39695319&dopt=Abstract
http://dx.doi.org/10.1001/jama.2017.11295
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28973224&dopt=Abstract
https://www.annualreviews.org/content/journals/10.1146/annurev-med-052422-020437?crawler=true&mimetype=application/pdf
http://dx.doi.org/10.1146/annurev-med-052422-020437
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37983384&dopt=Abstract
https://doi.org/10.1101/2024.09.23.24314219
https://doi.org/10.1101/2024.09.23.24314219
http://dx.doi.org/10.1101/2024.09.23.24314219
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39399036&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijms21207684
http://dx.doi.org/10.3390/ijms21207684
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33081393&dopt=Abstract
https://www.jmir.org/2023//e46778/
http://dx.doi.org/10.2196/46778
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38090800&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0896-6273(21)00374-3
http://dx.doi.org/10.1016/j.neuron.2021.05.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34143951&dopt=Abstract
http://dx.doi.org/10.3928/00485713-20190417-01
https://doi.org/10.1007/s41347-024-00423-9
http://dx.doi.org/10.1007/s41347-024-00423-9
http://www.w3.org/Style/XSL
http://www.renderx.com/


10. Huckvale K, Venkatesh S, Christensen H. Toward clinical digital phenotyping: a timely opportunity to consider purpose,
quality, and safety. NPJ Digit Med 2019;2:88 [FREE Full text] [doi: 10.1038/s41746-019-0166-1] [Medline: 31508498]

11. Martinez-Martin N, Insel TR, Dagum P, Greely HT, Cho MK. Data mining for health: staking out the ethical territory of
digital phenotyping. NPJ Digit Med 2018;1:1-5 [FREE Full text] [doi: 10.1038/s41746-018-0075-8] [Medline: 31211249]

12. Mohr DC, Zhang M, Schueller SM. Personal sensing: understanding mental health using ubiquitous sensors and machine
learning. Annu Rev Clin Psychol 2017 May 08;13:23-47 [FREE Full text] [doi: 10.1146/annurev-clinpsy-032816-044949]
[Medline: 28375728]

13. Martinez-Martin N, Greely HT, Cho MK. Ethical development of digital phenotyping tools for mental health applications:
Delphi study. JMIR Mhealth Uhealth 2021 Jul 28;9(7):e27343 [FREE Full text] [doi: 10.2196/27343] [Medline: 34319252]

14. Mulvenna MD, Bond R, Delaney J, Dawoodbhoy FM, Boger J, Potts C, et al. Ethical issues in democratizing digital
phenotypes and machine learning in the next generation of digital health technologies. Philos Technol 2021;34(4):1945-1960
[FREE Full text] [doi: 10.1007/s13347-021-00445-8] [Medline: 33777664]

15. Shen FX, Silverman BC, Monette P, Kimble S, Rauch SL, Baker JT. An ethics checklist for digital health research in
psychiatry: viewpoint. J Med Internet Res 2022 Feb 09;24(2):e31146 [FREE Full text] [doi: 10.2196/31146] [Medline:
35138261]

16. Kitson A, Marshall A, Bassett K, Zeitz K. What are the core elements of patient-centred care? A narrative review and
synthesis of the literature from health policy, medicine and nursing. J Adv Nurs 2013 Jan;69(1):4-15. [doi:
10.1111/j.1365-2648.2012.06064.x] [Medline: 22709336]

17. Todres L, Galvin KT, Holloway I. The humanization of healthcare: a value framework for qualitative research. International
Journal of Qualitative Studies on Health and Well-being 2009 Jul 12;4(2):68-77. [doi: 10.1080/17482620802646204]

18. Watson J. Nursing: The Philosophy and Science of Caring. Boulder, CO: Colorado University Press; 2008.
19. Shared decision-making in mental health care. Substance Abuse and Mental Health Services Administration (SAMHSA).

Rockville, MD: Center for Mental Health Services, Substance Abuse and Mental Health Services Administration; 2010.
URL: https://library.samhsa.gov/sites/default/files/sma09-4371.pdf [accessed 2025-05-07]

20. Insel TR. Digital phenotyping: a global tool for psychiatry. World Psychiatry 2018 Oct;17(3):276-277 [FREE Full text]
[doi: 10.1002/wps.20550] [Medline: 30192103]

21. Oudin A, Maatoug R, Bourla A, Ferreri F, Bonnot O, Millet B, et al. Digital phenotyping: data-driven psychiatry to redefine
mental health. J Med Internet Res 2023 Oct 04;25:e44502 [FREE Full text] [doi: 10.2196/44502] [Medline: 37792430]

22. Kostick-Quenet K, Estep J, Blumenthal-Barby JS. Ethical concerns for remote computer perception in cardiology: new
stages for digital health technologies, artificial intelligence, and machine learning. Circ Cardiovasc Qual Outcomes 2024
May;17(5):e010717. [doi: 10.1161/CIRCOUTCOMES.123.010717] [Medline: 38771912]

23. Pai A, Santiago R, Glantz N, Bevier W, Barua S, Sabharwal A, et al. Multimodal digital phenotyping of diet, physical
activity, and glycemia in Hispanic/Latino adults with or at risk of type 2 diabetes. NPJ Digit Med 2024 Jan 11;7(1):7 [FREE
Full text] [doi: 10.1038/s41746-023-00985-7] [Medline: 38212415]

24. Provenza NR, Reddy S, Allam AK, Rajesh SV, Diab N, Reyes G, et al. Disruption of neural periodicity predicts clinical
response after deep brain stimulation for obsessive-compulsive disorder. Nat Med 2024 Oct;30(10):3004-3014. [doi:
10.1038/s41591-024-03125-0] [Medline: 38997607]

25. Leaning IE, Ikani N, Savage HS, Leow A, Beckmann C, Ruhé HG, et al. From smartphone data to clinically relevant
predictions: a systematic review of digital phenotyping methods in depression. Neurosci Biobehav Rev 2024 Mar;158:105541
[FREE Full text] [doi: 10.1016/j.neubiorev.2024.105541] [Medline: 38215802]

26. Onnela lab. Harvard TH Chan School of Public Health. URL: https://hsph.harvard.edu/research/onnela-lab/papers-2/
[accessed 2025-05-07]

27. Picard RW. Affective Computing. Cambridge, MA: The MIT Press; 2000.
28. Barrett LF, Mesquita B, Gendron M. Context in emotion perception. Curr Dir Psychol Sci 2011 Oct 05;20(5):286-290.

[doi: 10.1177/0963721411422522]
29. Alderman JE, Palmer J, Laws E, McCradden MD, Ordish J, Ghassemi M, et al. Tackling algorithmic bias and promoting

transparency in health datasets: the STANDING Together consensus recommendations. Lancet Digit Health 2025
Jan;7(1):e64-e88 [FREE Full text] [doi: 10.1016/S2589-7500(24)00224-3] [Medline: 39701919]

30. Trustworthy and responsible AI resource center - AI risks and trustworthiness. National Institute of Standards and Technology
(NIST). URL: https://airc.nist.gov/airmf-resources/airmf/3-sec-characteristics/ [accessed 2025-04-16]

31. Adler DA, Stamatis CA, Meyerhoff J, Mohr DC, Wang F, Aranovich GJ, et al. Measuring algorithmic bias to analyze the
reliability of AI tools that predict depression risk using smartphone sensed-behavioral data. Res Sq 2024 Apr 22:1-11 [FREE
Full text] [doi: 10.21203/rs.3.rs-3044613/v1] [Medline: 38746448]

32. Cross JL, Choma MA, Onofrey JA. Bias in medical AI: implications for clinical decision-making. PLoS Digit Health 2024
Nov;3(11):e0000651. [doi: 10.1371/journal.pdig.0000651] [Medline: 39509461]

33. Khera R, Simon MA, Ross JS. Automation bias and assistive AI: risk of harm from AI-driven clinical decision support.
JAMA 2023 Dec 19;330(23):2255-2257. [doi: 10.1001/jama.2023.22557] [Medline: 38112824]

JMIR Ment Health 2026 | vol. 13 | e79182 | p.132https://mental.jmir.org/2026/1/e79182
(page number not for citation purposes)

Kostick-Quenet et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://doi.org/10.1038/s41746-019-0166-1
http://dx.doi.org/10.1038/s41746-019-0166-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31508498&dopt=Abstract
https://doi.org/10.1038/s41746-018-0075-8
http://dx.doi.org/10.1038/s41746-018-0075-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31211249&dopt=Abstract
https://europepmc.org/abstract/MED/28375728
http://dx.doi.org/10.1146/annurev-clinpsy-032816-044949
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28375728&dopt=Abstract
https://mhealth.jmir.org/2021/7/e27343/
http://dx.doi.org/10.2196/27343
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34319252&dopt=Abstract
https://europepmc.org/abstract/MED/33777664
http://dx.doi.org/10.1007/s13347-021-00445-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33777664&dopt=Abstract
https://www.jmir.org/2022/2/e31146/
http://dx.doi.org/10.2196/31146
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35138261&dopt=Abstract
http://dx.doi.org/10.1111/j.1365-2648.2012.06064.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22709336&dopt=Abstract
http://dx.doi.org/10.1080/17482620802646204
https://library.samhsa.gov/sites/default/files/sma09-4371.pdf
https://europepmc.org/abstract/MED/30192103
http://dx.doi.org/10.1002/wps.20550
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30192103&dopt=Abstract
https://www.jmir.org/2023//e44502/
http://dx.doi.org/10.2196/44502
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37792430&dopt=Abstract
http://dx.doi.org/10.1161/CIRCOUTCOMES.123.010717
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38771912&dopt=Abstract
https://doi.org/10.1038/s41746-023-00985-7
https://doi.org/10.1038/s41746-023-00985-7
http://dx.doi.org/10.1038/s41746-023-00985-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38212415&dopt=Abstract
http://dx.doi.org/10.1038/s41591-024-03125-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38997607&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0149-7634(24)00009-5
http://dx.doi.org/10.1016/j.neubiorev.2024.105541
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38215802&dopt=Abstract
https://hsph.harvard.edu/research/onnela-lab/papers-2/
http://dx.doi.org/10.1177/0963721411422522
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(24)00224-3
http://dx.doi.org/10.1016/S2589-7500(24)00224-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39701919&dopt=Abstract
https://airc.nist.gov/airmf-resources/airmf/3-sec-characteristics/
https://europepmc.org/abstract/MED/38746448
https://europepmc.org/abstract/MED/38746448
http://dx.doi.org/10.21203/rs.3.rs-3044613/v1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38746448&dopt=Abstract
http://dx.doi.org/10.1371/journal.pdig.0000651
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39509461&dopt=Abstract
http://dx.doi.org/10.1001/jama.2023.22557
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38112824&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


34. Walsh CG, Chaudhry B, Dua P, Goodman KW, Kaplan B, Kavuluru R, et al. Stigma, biomarkers, and algorithmic bias:
recommendations for precision behavioral health with artificial intelligence. JAMIA Open 2020 Apr;3(1):9-15 [FREE Full
text] [doi: 10.1093/jamiaopen/ooz054] [Medline: 32607482]

35. Shen FX, Baum ML, Martinez-Martin N, Miner AS, Abraham M, Brownstein CA, et al. Returning individual research
results from digital phenotyping in psychiatry. Am J Bioeth 2024 Feb;24(2):69-90 [FREE Full text] [doi:
10.1080/15265161.2023.2180109] [Medline: 37155651]

36. Tabassi E. Artificial intelligence risk management framework (AI RMF 1.0). National Institute of Standards and Technology
(NIST). URL: https://doi.org/10.6028/NIST.AI.100-1 [accessed 2025-05-07]

37. European Union. Regulation (EU) 2024/1689 of the European Parliament and of the Council of 13 June 2024 Laying down
Harmonised Rules on Artificial Intelligence and Amending Regulations (EC) No 300/2008, (EU) No 167/2013, (EU) No
168/2013, (EU) 2018/858, (EU) 2018/1139 and (EU) 2019/2144 and Directives 2014/90/EU, (EU) 2016/797 and (EU)
2020/1828 (Artificial Intelligence Act). Official Journal of the European Union/European Union. 2024. URL: https://eur-lex.
europa.eu/eli/reg/2024/1689/oj/eng [accessed 2025-05-07]

38. Bahmani A. Deep data and precision health. Inside Precision Medicine 2022 Aug 01;9(4):44-46. [doi: 10.1089/ipm.09.04.12]
39. Hurley ME, Sonig A, Herrington J, Storch EA, Lázaro-Muñoz G, Blumenthal-Barby J, et al. Ethical considerations for

integrating multimodal computer perception and neurotechnology. Front Hum Neurosci 2024;18:1332451 [FREE Full text]
[doi: 10.3389/fnhum.2024.1332451] [Medline: 38435745]

40. Perez-Pozuelo I, Spathis D, Gifford-Moore J, Morley J, Cowls J. Digital phenotyping and sensitive health data: implications
for data governance. J Am Med Inform Assoc 2021 Aug 13;28(9):2002-2008 [FREE Full text] [doi: 10.1093/jamia/ocab012]
[Medline: 33647989]

41. Häuselmann A. Fit for purpose? Affective computing meets EU data protection law. International Data Privacy Law 2021
Aug;11(3):245-256. [doi: 10.1093/idpl/ipab008]

42. Lay W, Gasparini L, Siero W, Hughes EK. A rapid review of the benefits and challenges of dynamic consent. Research
Ethics 2024 Sep 09;21(1):180-202. [doi: 10.1177/17470161241278064]

43. Brodkin E, Pallathra A. Missing Each Other: How To Cultivate Meaningful Connections. New York, NY: Robinson; Jan
26, 2021.

44. Stroud AM, Curtis SH, Weir IB, Stout JJ, Barry BA, Bobo WV, et al. Physician perspectives on the potential benefits and
risks of applying artificial intelligence in psychiatric medicine: qualitative study. JMIR Ment Health 2025 Feb 10;12:e64414
[FREE Full text] [doi: 10.2196/64414] [Medline: 39928397]

45. Martani A, Starke G. Personal responsibility for health: the impact of digitalisation. Journal of Medical Law and Ethics
2019 Dec 31;7(3):241-258. [doi: 10.7590/221354020x15815920230933]

46. Nghiem J, Adler DA, Estrin D, Livesey C, Choudhury T. Understanding mental health clinicians' perceptions and concerns
regarding using passive patient-generated health data for clinical decision-making: qualitative semistructured interview
study. JMIR Form Res 2023 Aug 10;7:e47380 [FREE Full text] [doi: 10.2196/47380] [Medline: 37561561]

47. Schmidt S, D'Alfonso S. Clinician perspectives on how digital phenotyping can inform client treatment. Acta Psychol
(Amst) 2023 May;235:103886 [FREE Full text] [doi: 10.1016/j.actpsy.2023.103886] [Medline: 36921359]

48. Howard M. Wearables, the marketplace and efficiency in healthcare: how will i know that you’re thinking of me? Philos
Technol 2021 Aug 25;34(4):1545-1568. [doi: 10.1007/s13347-021-00473-4]

49. Warraich HJ, Califf RM, Krumholz HM. The digital transformation of medicine can revitalize the patient-clinician
relationship. NPJ Digit Med 2018;1:49 [FREE Full text] [doi: 10.1038/s41746-018-0060-2] [Medline: 31304328]

50. Boyatzis R. Transforming Qualitative Information: Thematic Analysis and Code Development. Thousand Oaks, CA: Sage
Publications, Inc; 1998.

51. Braun V, Clarke V. Using thematic analysis in psychology. Qualitative Research in Psychology 2008 Jul 21;3(2):77-101.
[doi: 10.1191/1478088706qp063oa]

52. Kostick-Quenet KM, Hurley M, Herrington J, Storch EA. Rethinking ethics for an era of trusted computational tools.
Psychiatric Clinics of North America 2025 Oct;1:1 (forthcoming). [doi: 10.1016/j.psc.2025.08.016]

53. Barrett LF, Adolphs R, Marsella S, Martinez AM, Pollak SD. Emotional expressions reconsidered: challenges to inferring
emotion from human facial movements. Psychol Sci Public Interest 2019 Jul;20(1):1-68 [FREE Full text] [doi:
10.1177/1529100619832930] [Medline: 31313636]

54. Birk RH, Samuel G. Digital phenotyping for mental health: reviewing the challenges of using data to monitor and predict
mental health problems. Curr Psychiatry Rep 2022 Oct;24(10):523-528. [doi: 10.1007/s11920-022-01358-9] [Medline:
36001220]

55. H Birk R, Samuel G. Can digital data diagnose mental health problems? A sociological exploration of 'digital phenotyping'.
Sociol Health Illn 2020 Nov;42(8):1873-1887. [doi: 10.1111/1467-9566.13175] [Medline: 32914445]

56. Chen A. A Neuroscientist explains the origins of emotions. The Verge. 2017 Apr 17. URL: https://www.theverge.com/
2017/4/10/15245690/how-emotions-are-made-neuroscience-lisa-feldman-barrett [accessed 2025-04-14]

57. Le Mau T, Hoemann K, Lyons SH, Fugate JMB, Brown EN, Gendron M, et al. Professional actors demonstrate variability,
not stereotypical expressions, when portraying emotional states in photographs. Nat Commun 2021 Aug 19;12(1):5037
[FREE Full text] [doi: 10.1038/s41467-021-25352-6] [Medline: 34413313]

JMIR Ment Health 2026 | vol. 13 | e79182 | p.133https://mental.jmir.org/2026/1/e79182
(page number not for citation purposes)

Kostick-Quenet et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://europepmc.org/abstract/MED/32607482
https://europepmc.org/abstract/MED/32607482
http://dx.doi.org/10.1093/jamiaopen/ooz054
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32607482&dopt=Abstract
https://www.tandfonline.com/doi/10.1080/15265161.2023.2180109?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1080/15265161.2023.2180109
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37155651&dopt=Abstract
https://doi.org/10.6028/NIST.AI.100-1
https://eur-lex.europa.eu/eli/reg/2024/1689/oj/eng
https://eur-lex.europa.eu/eli/reg/2024/1689/oj/eng
http://dx.doi.org/10.1089/ipm.09.04.12
https://europepmc.org/abstract/MED/38435745
http://dx.doi.org/10.3389/fnhum.2024.1332451
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38435745&dopt=Abstract
https://europepmc.org/abstract/MED/33647989
http://dx.doi.org/10.1093/jamia/ocab012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33647989&dopt=Abstract
http://dx.doi.org/10.1093/idpl/ipab008
http://dx.doi.org/10.1177/17470161241278064
https://mental.jmir.org/2025//e64414/
http://dx.doi.org/10.2196/64414
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39928397&dopt=Abstract
http://dx.doi.org/10.7590/221354020x15815920230933
https://formative.jmir.org/2023//e47380/
http://dx.doi.org/10.2196/47380
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37561561&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0001-6918(23)00062-8
http://dx.doi.org/10.1016/j.actpsy.2023.103886
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36921359&dopt=Abstract
http://dx.doi.org/10.1007/s13347-021-00473-4
https://doi.org/10.1038/s41746-018-0060-2
http://dx.doi.org/10.1038/s41746-018-0060-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304328&dopt=Abstract
http://dx.doi.org/10.1191/1478088706qp063oa
http://dx.doi.org/10.1016/j.psc.2025.08.016
https://europepmc.org/abstract/MED/31313636
http://dx.doi.org/10.1177/1529100619832930
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31313636&dopt=Abstract
http://dx.doi.org/10.1007/s11920-022-01358-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36001220&dopt=Abstract
http://dx.doi.org/10.1111/1467-9566.13175
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32914445&dopt=Abstract
https://www.theverge.com/2017/4/10/15245690/how-emotions-are-made-neuroscience-lisa-feldman-barrett
https://www.theverge.com/2017/4/10/15245690/how-emotions-are-made-neuroscience-lisa-feldman-barrett
https://doi.org/10.1038/s41467-021-25352-6
http://dx.doi.org/10.1038/s41467-021-25352-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34413313&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


58. Barrett LF. The theory of constructed emotion: an active inference account of interoception and categorization. Soc Cogn
Affect Neurosci 2017 Jan 01;12(1):1-23 [FREE Full text] [doi: 10.1093/scan/nsw154] [Medline: 27798257]

59. Emanuel A, Eldar E. Emotions as computations. Neurosci Biobehav Rev 2023 Jan;144(1):104977-104940 [FREE Full text]
[doi: 10.1016/j.neubiorev.2022.104977] [Medline: 36435390]

60. Manta C, Patrick-Lake B, Goldsack JC. Digital measures that matter to patients: a framework to guide the selection and
development of digital measures of health. Digit Biomark 2020;4(3):69-77 [FREE Full text] [doi: 10.1159/000509725]
[Medline: 33083687]

61. Kostick-Quenet KM, Herrington J, Storch EA. Personalized roadmaps for returning results from digital phenotyping. Am
J Bioeth 2024 Feb;24(2):102-105. [doi: 10.1080/15265161.2023.2296454] [Medline: 38295237]

62. Sonig A, Deeney C, Hurley ME, Storch EA, Herrington J, Lázaro-Muñoz G, et al. What patients and caregivers want to
know when consenting to the use of digital behavioral markers. NPP—Digit Psychiatry Neurosci 2024 Dec 06;2(1):1-15.
[doi: 10.1038/s44277-024-00022-9]

63. Maher NA, Senders JT, Hulsbergen AFC, Lamba N, Parker M, Onnela J, et al. Passive data collection and use in healthcare:
a systematic review of ethical issues. Int J Med Inform 2019 Sep;129:242-247. [doi: 10.1016/j.ijmedinf.2019.06.015]
[Medline: 31445262]

64. O'Doherty KC, Christofides E, Yen J, Bentzen HB, Burke W, Hallowell N, et al. If you build it, they will come: unintended
future uses of organised health data collections. BMC Med Ethics 2016 Sep 06;17(1):54 [FREE Full text] [doi:
10.1186/s12910-016-0137-x] [Medline: 27600117]

65. Segura Anaya LH, Alsadoon A, Costadopoulos N, Prasad PWC. Ethical implications of user perceptions of wearable
devices. Sci Eng Ethics 2018 Feb;24(1):1-28. [doi: 10.1007/s11948-017-9872-8] [Medline: 28155094]

66. Kreitmair KV, Cho MK, Magnus DC. Consent and engagement, security, and authentic living using wearable and mobile
health technology. Nat Biotechnol 2017 Jul 12;35(7):617-620. [doi: 10.1038/nbt.3887] [Medline: 28700542]

67. Lee H, Lee U. Dynamic consent for sensor-driven research. 2021 Presented at: Thirteenth International Conference on
Mobile Computing and Ubiquitous Network (ICMU); November 17-19, 2021; Tokyo, Japan. [doi:
10.23919/icmu50196.2021.9638790]

68. Rake EA, van Gelder MMHJ, Grim DC, Heeren B, Engelen LJLPG, van de Belt TH. Personalized consent flow in
contemporary data sharing for medical research: a viewpoint. Biomed Res Int 2017;2017:7147212 [FREE Full text] [doi:
10.1155/2017/7147212] [Medline: 28638834]

69. Basile MJ, Rubin E, Wilson ME, Polo J, Jacome SN, Brown SM, et al. Humanizing the ICU patient: a qualitative exploration
of behaviors experienced by patients, caregivers, and ICU staff. Crit Care Explor 2021 Jun;3(6):e0463 [FREE Full text]
[doi: 10.1097/CCE.0000000000000463] [Medline: 34151284]

70. Busch IM, Moretti F, Travaini G, Wu AW, Rimondini M. Humanization of care: key elements identified by patients,
caregivers, and healthcare providers. a systematic review. Patient 2019 Oct;12(5):461-474. [doi: 10.1007/s40271-019-00370-1]
[Medline: 31203515]

71. Meneses-La-Riva ME, Suyo-Vega JA, Fernández-Bedoya VH. Humanized care from the nurse-patient perspective in a
hospital setting: a systematic review of experiences disclosed in Spanish and Portuguese scientific articles. Front Public
Health 2021;9:737506 [FREE Full text] [doi: 10.3389/fpubh.2021.737506] [Medline: 34926369]

72. Berendt E, Tanta K. The 'heart' of things: a conceptual metaphoric analysis of heart and related body parts in Thai, Japanese
and English. Intercultural Communication Studies 2011 Jan 1;20(1):7 [FREE Full text]

73. Fabian K, Fannoh J, Washington GG, Geninyan WB, Nyachienga B, Cyrus G, et al. "My heart die in me": idioms of distress
and the development of a screening tool for mental suffering in Southeast Liberia. Cult Med Psychiatry 2018
Sep;42(3):684-703 [FREE Full text] [doi: 10.1007/s11013-018-9581-z] [Medline: 29728795]

74. Koydemir S, Essau C. Anxiety and anxiety disorders in young people: a cross-cultural perspective. In: Understanding
Uniqueness and Diversity in Child and Adolescent Mental Health. Amsterdam, the Netherlands: Elsevier; 2018:115-134.

75. Vásquez-Londoño CA, Cubillos-Cuadrado L, Forero-Ozer A, Escobar-Espinosa P, Cubillos-López DO, Castaño-Betancur
DF. Principle of hot and cold and its clinical application in Latin American and Caribbean Medicines. Adv Exp Med Biol
2021;1343:57-83. [doi: 10.1007/978-3-030-80983-6_5] [Medline: 35015277]

Abbreviations
AI: artificial intelligence
CP: computer perception
HIPAA: Health Insurance Portability and Accountability Act
REDCap: Research Electronic Data Capture

JMIR Ment Health 2026 | vol. 13 | e79182 | p.134https://mental.jmir.org/2026/1/e79182
(page number not for citation purposes)

Kostick-Quenet et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://europepmc.org/abstract/MED/27798257
http://dx.doi.org/10.1093/scan/nsw154
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27798257&dopt=Abstract
https://europepmc.org/abstract/MED/36435390
http://dx.doi.org/10.1016/j.neubiorev.2022.104977
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36435390&dopt=Abstract
https://doi.org/10.1159/000509725
http://dx.doi.org/10.1159/000509725
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33083687&dopt=Abstract
http://dx.doi.org/10.1080/15265161.2023.2296454
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38295237&dopt=Abstract
http://dx.doi.org/10.1038/s44277-024-00022-9
http://dx.doi.org/10.1016/j.ijmedinf.2019.06.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31445262&dopt=Abstract
https://bmcmedethics.biomedcentral.com/articles/10.1186/s12910-016-0137-x
http://dx.doi.org/10.1186/s12910-016-0137-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27600117&dopt=Abstract
http://dx.doi.org/10.1007/s11948-017-9872-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28155094&dopt=Abstract
http://dx.doi.org/10.1038/nbt.3887
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28700542&dopt=Abstract
http://dx.doi.org/10.23919/icmu50196.2021.9638790
https://europepmc.org/abstract/MED/28638834
http://dx.doi.org/10.1155/2017/7147212
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28638834&dopt=Abstract
https://europepmc.org/abstract/MED/34151284
http://dx.doi.org/10.1097/CCE.0000000000000463
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34151284&dopt=Abstract
http://dx.doi.org/10.1007/s40271-019-00370-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31203515&dopt=Abstract
https://europepmc.org/abstract/MED/34926369
http://dx.doi.org/10.3389/fpubh.2021.737506
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34926369&dopt=Abstract
https://www.sciltp.com/journals/ics/articles/2011061012
https://europepmc.org/abstract/MED/29728795
http://dx.doi.org/10.1007/s11013-018-9581-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29728795&dopt=Abstract
http://dx.doi.org/10.1007/978-3-030-80983-6_5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35015277&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by J Torous; submitted 17.Jun.2025; peer-reviewed by M Pulier; comments to author 26.Aug.2025; revised version received
20.Nov.2025; accepted 21.Nov.2025; published 05.Jan.2026.

Please cite as:
Kostick-Quenet KM, Hurley ME, Ayaz S, Herrington JD, Zampella CJ, Parish-Morris J, Tunç B, Lázaro-Muñoz G, Blumenthal-Barby
J, Storch EA
Stakeholder Perspectives on Humanistic Implementation of Computer Perception in Health Care: Qualitative Study
JMIR Ment Health 2026;13:e79182
URL: https://mental.jmir.org/2026/1/e79182 
doi:10.2196/79182
PMID:

©Kristin M Kostick-Quenet, Meghan E Hurley, Syed Ayaz, John D Herrington, Casey J Zampella, Julia Parish-Morris, Birkan
Tunç, Gabriel Lázaro-Muñoz, Jennifer Blumenthal-Barby, Eric A Storch. Originally published in JMIR Mental Health
(https://mental.jmir.org), 05.Jan.2026. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in JMIR Mental Health, is properly cited. The complete bibliographic
information, a link to the original publication on https://mental.jmir.org/, as well as this copyright and license information must
be included.

JMIR Ment Health 2026 | vol. 13 | e79182 | p.135https://mental.jmir.org/2026/1/e79182
(page number not for citation purposes)

Kostick-Quenet et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://mental.jmir.org/2026/1/e79182
http://dx.doi.org/10.2196/79182
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


The Performance of Wearable Device–Based Artificial Intelligence
in Detecting Depression: Systematic Review and Meta-Analysis

Jiawen Liu1,2, MA; Junhui Wang3, MEng; Zhaobin Wu4, MEng; Mohamad Ibrani Shahrimin Bin Adam Assim2, PhD
1Liuzhou Railway Vocational Technical College, 2 Wenyuan Road, Yufeng District, Liuzhou, China
2Faculty of Humanities, Management and Science, Universiti Putra Malaysia, Sarawak, Malaysia
3School of Mechanical and Automotive Engineering, Guangxi University of Science and Technology, Liuzhou, China
4School of Automation, Guangxi University of Science and Technology, Liuzhou, China

Corresponding Author:
Jiawen Liu, MA
Liuzhou Railway Vocational Technical College, 2 Wenyuan Road, Yufeng District, Liuzhou, China

Abstract

Background: In recent years, advances in wearable sensor technology and artificial intelligence (AI) have provided new
possibilities for detecting and monitoring depression.

Objective: This study systematically reviewed and meta-analyzed the diagnostic and predictive performance of wearable
device–based AI models for detecting depression and predicting depressive episodes and explored factors influencing outcomes.

Methods: Following PRISMA-DTA (Preferred Reporting Items for a Systematic Review and Meta-Analysis of Diagnostic Test
Accuracy) guidelines, the PubMed, Embase, Web of Science, and PsycINFO databases were searched from inception to May 27,
2025. Eligible studies used AI algorithms on wearable device data for depression detection or episode prediction. Sensitivity,
specificity, diagnostic odds ratio, and area under the curve (AUC) were pooled using a bivariate random effects model. Risk of
bias was assessed using Prediction Model Risk of Bias Assessment Tool plus artificial intelligence (PROBAST+ AI), and certainty
of evidence was assessed using the Grading of Recommendations Assessment, Development, and Evaluation (GRADE) tool.

Results: We included 16 studies (32 datasets) with 1189 patients and 13,593 samples. For depression detection, pooled sensitivity
and specificity were 0.89 (95% CI 0.83‐0.93) and 0.93 (95% CI 0.87‐0.96), with a diagnostic odds ratio of 110.47 (95% CI
33.33‐366.17) and AUC of 0.96 (95% CI 0.94‐0.98). Random forest models showed the best performance (sensitivity=0.89,
specificity=0.91, AUC=0.97). Subgroup analyses indicated that study design, AI method, reference standard, and input type
significantly affected diagnostic accuracy (P<.05). For depressive episode prediction (3 datasets), pooled sensitivity was 0.86
(95% CI 0.80‐0.91), and pooled specificity was 0.65 (95% CI 0.59‐0.71). The overall risk of bias was low to moderate, with
no evidence of publication bias.

Conclusions: Wearable device–based AI models achieved high accuracy for detecting depression and moderate utility in
predicting episodes. However, heterogeneity, reliance on retrospective and public datasets, and lack of standardized methods
limited generalizability.

Trial Registration: PROSPERO CRD420251070778; https://www.crd.york.ac.uk/PROSPERO/view/CRD420251070778

(JMIR Ment Health 2026;13:e85319)   doi:10.2196/85319
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Introduction

Depression is a highly prevalent psychiatric disorder. According
to World Health Organization (WHO) statistics, there are more
than 350 million people with depression worldwide, and it is
predicted that, by 2030, depression will become the leading
cause of the global disease burden [1]. Patients with depression
often experience persistent low mood, anhedonia, sleep
disturbances, and cognitive impairment accompanied by a
significantly increased risk of self-harm and suicide [2].
Depression not only has a significant impact at the individual

level but also imposes a heavy economic burden on health care
systems and society as a whole [3].

Traditionally, the diagnosis of depression relies on standardized
clinical criteria and rating scales. The Diagnostic and Statistical
Manual of Mental Disorders, Fourth Edition (DSM-IV) and
Fifth Edition (DSM-V) provide operationalized criteria. These
still depend on subjective symptom assessment and patient
self-report, making them susceptible to reporting bias and
interrater variability [4]. The Hamilton Depression Rating Scale
(HDRS) and Montgomery-Åsberg Depression Rating Scale
(MADRS) are commonly used to quantify disease severity.
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However, their accuracy depends on the clinician’s expertise
and may vary due to different interpretations of symptom
severity [5]. The Patient Health Questionnaire-9 (PHQ-9) is
widely used in clinical and research settings due to its ease of
administration; however, it remains limited by recall bias and
the patient’s willingness or ability to express psychological
distress accurately [6]. Although these scale and interview-based
diagnostic methods are well-established, they lack objective
biomarkers. They are limited in providing real-time and
ecologically valid assessments, especially as symptom
presentation may fluctuate over short periods.

In recent years, advances in wearable sensor technology and
artificial intelligence (AI) have provided new possibilities for
detecting and monitoring depression [7]. Wearable devices,
such as wristbands and smartwatches, can collect longitudinal,
multimodal physiological and behavioral data (eg, heart rate
variability, sleep patterns, skin temperature, geolocation) [8,9].
This provides a more objective and continuous approach to
assessing depressive symptoms. AI methods based on these
data sources have demonstrated promising accuracy for
depression classification and severity prediction, with studies
reporting identification accuracies ranging from approximately
76% to >90% depending on the sample size, data type, and
analytical strategy [10,11]. However, significant differences
exist in the diagnostic performance reported across studies,
largely due to variations in algorithms, wearable devices, and
study populations [12,13]. Prior reviews, such as that by
Abd-Alrazaq et al [14], have examined digital or sensor-based
approaches for mental health detection, but these have mainly
focused on feasibility or cross-sectional screening rather than
on the predictive capacity of wearable device–based AI for
future depressive episodes [15-17]. As systematic evaluations
centered specifically on wearable-derived physiological and
behavioral data remain limited, our review adds value by
assessing the ability of wearable AI models to forecast
depressive episodes, incorporating additional summary metrics
such as the area under the curve (AUC) and diagnostic odds
ratio (DOR) for a more comprehensive evaluation, and
conducting subgroup analyses by algorithm type to clarify how
methodological factors influence diagnostic performance.

We aimed to conduct a systematic review and meta-analysis to
comprehensively assess the diagnostic performance of wearable
device–based AI in depression detection and depressive episode
prediction. Furthermore, we sought to evaluate how this
performance is influenced by key methodological variables
through subgroup analyses, focusing on factors such as study
design, reference standard, AI algorithm type, and data source.

Methods

The meta-analysis rigorously adhered to the PRISMA-DTA
(Preferred Reporting Items for Systematic Reviews and

Meta-Analyses of Diagnostic Test Accuracy) reporting
guidelines [18]. The completed checklist is available as
Checklist 1. Prior to study initiation, the research protocol was
registered in the PROSPERO registry (registration ID:
CRD420251070778).

Ethical Considerations
Because this is a systematic review and meta-analysis, ethics
approval and consent to participate were not applicable. The
manuscript does not include any identifiable participant image
nor other personal or clinical details.

Search Strategy
A comprehensive literature search was conducted in 4 electronic
databases: PubMed, Embase, Web of Science, and PsycINFO.
The search was finalized on May 27, 2025. The search strategy
incorporated 3 key groups of terms: (1) AI-related terms (eg,
“artificial intelligence,” “machine learning,” “deep learning”),
(2) disease-related terms (eg, “mood disorders,” “depression,”
“psychological stress”), and (3) wearable device–related terms
(eg, “wearable electronic devices,” “smart watch,”
“accelerometer”). Both free-text terms and MeSH terms were
used in combination. No restrictions were applied regarding
language or publication year during the search. Detailed search
strategies for each database are provided in Table S1 in
Multimedia Appendix 1. In addition to systematic electronic
searches, we performed backward and forward reference list
checking of all included studies to find relevant publications in
similar meta-analyses [14].

Inclusion and Exclusion Criteria
The PITROS (participants, index text, target conditions,
reference standard, outcomes, and settings) framework was
developed for the inclusion criteria. The detail is shown in Table
1. Studies were excluded if (1) the title or abstract was not
relevant; (2) the publication type was a review, preprint,
meta-analysis, conference abstract, or letter to the editor; (3)
the study was not published in English; (4) AI was applied solely
to predict treatment or intervention effects for depression, rather
than detection or diagnosis; (5) data collection was not
performed using wearable devices, including cases where only
traditional medical equipment, handheld devices (such as
smartphones), or implantable devices were used; or (6) data
were collected exclusively via questionnaires or interviews
without wearable device input. The screening process was
conducted independently by two reviewers (JL and JW), with
initial selection based on titles and abstracts, followed by a
full-text assessment according to the inclusion and exclusion
criteria. Duplicate references were identified and removed using
EndNote and manual verification. Discrepancies were resolved
through discussion and, if unresolved, by consulting a third
reviewer (ZW).
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Table . Summary of the inclusion criteria using the PITROS framework.

DetailsCriteria

Individuals with a clinical diagnosis of depression as well as healthy
controls

Participants (P)

Use of noninvasive wearable devices (eg, smartwatches) to collect physi-
ological data for the development and evaluation of artificial intelligence
(AI) algorithms aimed at detecting depression or predicting a depressive
episode

Index test (I)

Positive group: individuals who met the standardized criteria for depression
or those experiencing a depressive episode; negative group: healthy indi-
viduals or those not experiencing an episode

Target conditions (T)

Validated diagnostic scales or criteria such as the Montgomery-Åsberg
Depression Rating Scale (MADRS); Patient Health Questionnaire-9 (PHQ-
9); Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition
(DSM-IV); Diagnostic and Statistical Manual of Mental Disorders, Fifth
Edition (DSM-V); and Hamilton Depression Rating Scale (HDRS) used
to verify wearable device–based AI algorithm performance

Reference standard (R)

Sensitivity, specificity, diagnostic odds ratio (DOR), and area under the
curve (AUC)

Outcomes (O)

Retrospective or prospective studies conducted in contexts such as public
databases or local hospitals

Settings (S)

Quality Assessment
The quality assessment of the included studies was performed
using the latest Prediction Model Risk of Bias Assessment Tool
plus artificial intelligence (PROBAST+ AI) tool, which has
replaced the previous PROBAST 2019 version [19]. This
comprehensive instrument is structured into 2 phases—model
development and model evaluation—with each phase
comprising 7 domains. These domains address key aspects,
including participants and data sources, predictors, outcome
assessment, and analysis. Each domain is rated as a low (L),
high (H), or unclear (U) risk of bias based on clearly defined
signaling questions. The signaling questions are categorized as
“Yes,” “Probably Yes,” “Probably No,” “No,” “No
Information,” and, where applicable, “Not Applicable.” A
domain is considered at low risk of bias if all signaling questions
are answered with “Yes” or “Probably Yes.” Conversely, the
presence of any “No” or “Probably No” responses in a domain
indicates a potential high risk of bias. If neither of these are
present but “No Information” is shown, the risk of bias is
classified as unclear. Detailed signaling questions and summary
tables are provided in Multimedia Appendix 1 (Table S2 and
Table S3).

To improve the accuracy during the quality assessment process,
two reviewers (JL and JW) independently evaluated the risk of
bias for each included study using the PROBAST+ AI tool. In
cases where discrepancies arose, consensus was achieved
through discussion and critical analysis.

Certainty of Evidence
The Grading of Recommendations, Assessment, Development,
and Evaluation (GRADE) framework was used to assess the
certainty of evidence for sensitivity, specificity, and DOR in
detecting depression [20]. The evaluation focused on 5 key
domains: risk of bias, inconsistency, indirectness, imprecision,
and publication bias. If sufficient rationale was identified in any

of these domains, the certainty of evidence was downgraded
accordingly. Detailed assessment criteria and procedures are
provided in Table S4 in Multimedia Appendix 1.

Data Extraction
Data extraction was conducted independently by 2 reviewers
(JL and JW) who assessed the full-text articles to determine
their potential eligibility for inclusion. In instances of
disagreement, a third reviewer (ZW) acted as an arbitrator to
achieve consensus. Extracted data encompassed study
characteristics, patient characteristics, and technical parameters,
including first author, year of publication, country, study design,
target condition, reference standard, age, number of female
participants, total participants, the positive sample size, and
total sample size. Additionally, information specific to AI
technical information was collected, such as the name of
wearable devices, placement of wearable devices, data input,
dataset source, AI method, AI algorithm, validation approach,
and diagnostic performance measures.

True positive (TP) was defined as cases in which the AI model,
based on wearable device data, identified depression or a
depressive episode, and this was confirmed using the reference
standard (MADRS, HDRS, PHQ-9, DSM-IV, or DSM-V). True
negative (TN) was defined as nondepressed cases or a
nondepressive episode as determined using both the AI model
and the reference standard. False positive (FP) referred to cases
where the AI model identified depression or a depressive
episode, but this was not confirmed using the reference standard.
Conversely, false negative (FN) referred to cases where the AI
model failed to identify depression or depressive episodes that
were confirmed using the reference standard. For eligible studies
included in the systematic review but lacking sufficient data for
meta-analysis, the corresponding authors were contacted via
email to obtain the necessary information. If diagnostic
contingency tables were not directly available in the
publications, TP, FP, FN, and TN values were primarily
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back-calculated using reported sensitivity, specificity, the
positive sample sizes identified using the reference standard,
and the total sample size.

Outcome Measures
The core outcome parameters analyzed in this systematic review
consisted of sensitivity, specificity, DOR, and AUC values
extracted from internal validation populations. Sensitivity
metrics, also designated as recall or TP rates, quantified the AI
model’s capability to properly identify confirmed depression
cases or a depressive episode, calculated as TP/(TP+ FN).
Specificity, representing TN rates, reflected the algorithm’s
accuracy for recognizing nondepressed participants or a
nondepressive episode determined via TN/(TN+ FP). AUC
represents the area under the receiver operating characteristic
curve and serves as a comprehensive measure of the model’s
ability to distinguish between positive (depressed or depressive
episode) and negative (nondepressed or nondepressive episode)
cases. The DOR, an integrative measure of diagnostic
performance, combines both sensitivity and specificity,
expressing the odds of a positive test result among patients with
depression relative to those without depression [21]. For studies
evaluating multiple types of AI algorithms, all relevant results
were extracted to facilitate direct comparison across different
algorithmic methods.

Statistical Analysis
A bivariate random effects model was used to meta-analyze and
assess the diagnostic performance [22]. Forest plots were used
to visually present the pooled sensitivity, specificity, and DOR
for internal validation datasets, while a summary receiver
operating characteristic curve was constructed to display the
95% confidence and prediction regions for the overall estimates
[23]. The prediction region indicates the likely range of
sensitivity and specificity for future studies, and the pooled
AUC was also computed. Heterogeneity across studies was
assessed using the Higgins I² statistic, with values of 25%, 50%,
and 75% denoting low, moderate, and high heterogeneity,
respectively [24]. For internal validation datasets with
substantial heterogeneity (I²>50%), we used bivariate boxplots

to identify outliers beyond the 95% CI and to explore potential
sources of heterogeneity. In addition, according to the predefined
protocol, subgroup analyses were conducted using z tests to
evaluate the impact of potential variables on the results.
Variables included study design (retrospective vs prospective),
reference standard (MADRS vs other reference standards), AI
method (machine learning vs deep learning), type of input data
(only activity data vs others), and data source (open vs closed).

Radar plots were generated to illustrate the distribution of
algorithms among the included studies, and bubble plots were
used to visualize the trends in the DOR of AI models over time.
The Fagan nomogram was applied to evaluate the clinical impact
of the AI models [25]. Assessment of publication bias was
performed using the Deeks funnel plot asymmetry test, involving
a regression of the adequate sample size against the log DOR.
All statistical analyses were conducted using the “midas” and
“metadta” packages in Stata version 15.1 and R version 4.3.1.
A P value <.05 was considered statistically significant.

Results

Study Selection
A total of 1656 potentially relevant articles were identified
through the searches of the 4 primary databases. After removing
513 duplicates, 1143 unique records remained for preliminary
screening. During this phase, 1114 records were excluded due
to apparent irrelevance, as determined by their titles and
abstracts, or because they did not meet the required publication
types. As a result, 60 articles proceeded to the full-text review.
Following a detailed assessment, exclusions included the
following: 32 studies for insufficient or incomplete diagnostic
data (lack of TP, FP, FN, or TN information), 7 for overlapping
populations, 2 for not focusing on depression, 2 for not using
wearable devices for data collection, and 1 for being published
in a language other than English. In addition, we identified 3
records through nondatabase sources. Ultimately, 16 studies
fulfilled all inclusion criteria and were included in the
meta-analysis [10-13,16,17,26-35]. The study selection process
adhered to the PRISMA guidelines, as detailed in Figure 1.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram illustrating the study selection process. AI:
artificial intelligence, FN: false negative, FP: false positive, TN: true negative, TP: true positive.

Study Description and Quality Assessment
A total of 16 eligible studies were included, encompassing 32
internal validation datasets with an aggregate of 1189 patients
and 13,593 samples. Data derived from the Depresjon dataset
were used in 11 studies [10,11,13,17,26-30,32,35]. The included
studies were published between 2019 and 2023. Geographically,
one-half (8/16, 50%) were conducted in the Americas (Mexico:
n=6; United States, n=2) [10,11,17,27-29,32,35], while the
remainder were carried out in Asia (Japan, n=2; China, n=1;
Korea, n=1; India, n=1; Saudi Arabia, n=1) [12,13,16,31,33,34]
and Europe (Poland, n=1; Norway, n=1) [26,30]. The study
designs comprised 10 retrospective [10,11,13,26-30,32,35] and
6 prospective [12,16,17,31,33,34] studies. Regarding reference
standards, 10 studies used the MADRS [10,11,13,26-30,32,35],
2 studies used the PHQ-9 [16,17], 1 study used the DSM-IV
[34], 1 study used the DSM-V [33], 1 study used the HDRS
[12], and 1 study used both the DSM-V and the PHQ-9 [31].
Depression diagnosis was evaluated in 14 studies [10-13,26-35],
whereas 2 focused on the identification of depressive episodes
[16,17].

Data collection was primarily performed using wrist-worn
wearable devices (15 studies) [10-13,16,17,26-33,35], while
head-worn devices were used in 1 study [34]. In 10 studies, the
data input consisted solely of activity data
[10,11,13,26-30,32,35], A combination of activity and sleep
data was used in 1 study [33], 1 study relied on
electrocardiogram data [34] , and 4 studies incorporated more
than 3 types of parameters such as activity data, sleep data, and
heart rate for model training [12,16,17,31]. The majority of
studies (13/16, 81%) applied machine learning methods
[10-13,16,17,26,28,29,31-33,35], while 2 studies used deep
learning methods and 1 study used both machine learning and
deep learning methods [30]. Data sources were classified as
open in 11 studies [10,11,13,26-30,32,34,35] and closed in 5
studies [12,16,17,31,33]. Summaries of the study, patient, and
technical characteristics are provided in Table 2 and Multimedia
Appendix 1 (Table S5 and Table S6). Among AI algorithms,
random forest (RF) was the most frequently implemented (10/32,
31%), with a detailed distribution of the algorithm shown in
Figure S1 in Multimedia Appendix 1.
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Table . Study and patient characteristics of the included studies.

Total sam-
ple size, n

Positive
sample
size, n

Total partic-
ipants, n

Gender (fe-
male), n
(%)

Age (years)Reference
standard

Target con-
dition

Study de-
sign

CountryYearAuthor

55235530 (55)40.1bMADRSaDepression
vs healthy

Retrospec-
tive

Poland2021Adamczyk
et al [26]

201201261NRe18‐60dPHQ-9cDepressive
episode

ProspectiveChina2021Bai et al
[16]

116365530 (55)40.1bMADRSDepression
vs healthy

Retrospec-
tive

Mexico2022Espino-
Salinas et
al [27]

24839625530 (55)40.1bMADRSDepression
vs healthy

Retrospec-
tive

Mexico2019Galván-Te-
jada et al
[28]

55235530 (55)40.1bMADRSDepression
vs healthy

Retrospec-
tive

United
States

2019Jacobson et
al [29]

55235530 (55)40.1bMADRSDepression
vs healthy

Retrospec-
tive

Norway2020Jakobsen et
al [30]

4703555541 (75)15.5 (12‐

18)f
PHQ-9Depressive

episode
ProspectiveUnited

States
2022Mullick et

al [17]

60043020NRNRDSM‐5g,
PHQ-9

Depression
vs healthy

ProspectiveKorea2020Narziev et
al [31]

55235530 (55)40.1bMADRSDepression
vs healthy

Retrospec-
tive

Mexico2019Pacheco-
González
et al [10]

357412295530 (55)40.1bMADRSDepression
vs healthy

Retrospec-
tive

Mexico2020Rodríguez-
Ruiz et al
[32]

129343910953 (49)40.1bMADRSDepression
vs healthy

Retrospec-
tive

Mexico2022Rodríguez-
Ruiz et al
[11]

69406936 (52)35.6

(11.3)h
DSM-5Depression

vs healthy
ProspectiveJapan2023Sato et al

[33]

64346424 (38)39.3 (12‐

77)f
DSM-4iDepression

vs healthy
ProspectiveIndia2023Sharma et

al [34]

2361128640 (47)60.2bHDRSjDepression
vs healthy

ProspectiveJapan2020Tazawa et
al [12]

412516545530 (55)40.1bMADRSDepression
vs healthy

Retrospec-
tive

Mexico2019Zanella-
Calzada et
al [35]

142465530 (55)20‐69dMADRSDepression
vs healthy

Retrospec-
tive

Saudi Ara-
bia

2023Zakariah
and
Alotaibi
[13]

aMADRS: Montgomery-Åsberg Depression Rating Scale.
bMean.
cPHQ-9: Patient Health Questionnaire-9.
dRange.
eNR: not reported.
fMedian (range).
gDSM-5: Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition.
hMean (SD).
iDSM-4: Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition.
jHDRS: Hamilton Depression Rating Scale.
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The risk of bias for the included studies was assessed using the
PROBAST+ AI quality assessment tool, with results
summarized in Figure 2 and Multimedia Appendix 1 (Table S3
and Table S4). For model development, the overall quality
judgment rated 37.5% (6/16) of studies as high risk and the
remaining 62% (10/16) as low risk. In terms of applicability
concerns, 6% (1/16) of studies were rated as high risk, while
94% (15/16) were rated as low risk. For model validation, the
overall risk of bias judgment classified 44% (7/16) of studies
as high risk, 19% (3/16) as unclear risk, and 38% (6/16) as low

risk. Regarding applicability concerns for model validation,
19% (3/16) of the studies were considered high risk, and 81%
(13/16) were rated as low risk. Overall, high-risk items were
relatively infrequent, with most studies judged as low risk,
indicating that the general methodological quality of the
included studies is acceptable. The certainty of evidence, as
evaluated using the GRADE framework, ranged from low to
high across outcomes, suggesting that the certainty of the
evidence was generally moderate (Table S4 in Multimedia
Appendix 1).

Figure 2. PROBAST+ AI (Prediction Model Risk of Bias Assessment Tool plus artificial intelligence) quality assessment, including risk of bias (high,
low, or unclear) of the included studies: (A) model development and (B) model validation.

Diagnostic Performance of Individual Studies
In the study by Rodríguez-Ruiz et al [32], the detection of
depression using an RF model trained on activity data achieved
the highest sensitivity (0.99) among all included studies. Their
study also reported the highest specificity (0.99) for detecting
depression. In addition, for predicting depressive episodes, the
study by Bai et al [16] achieved the highest sensitivity (0.90)
using a k nearest neighbor (KNN) model trained on activity
data, heart rate data, location information, sleep data,
smartphone use data, and social interaction data. This study also
reported the highest specificity (0.66) for depressive episode

prediction using an RF model trained on the same multimodal
data sources.

Diagnostic Performance of Different AI Algorithms
for Depression in the Internal Validation Set
Within the internal validation cohorts, the DOR for depression
detection using wearable device–based AI algorithms
demonstrated a progressive increase from 2019 to 2023, with
the highest DOR observed for the Uniform Manifold
Approximation and Projection and neural network
(UMAP&NN) algorithm and the lowest for the naïve Bayes
algorithm (Figure S2 in Multimedia Appendix 1). Subgroup
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analysis according to algorithm type revealed that the RF
algorithm was used in 9 datasets and exhibited robust and
promising performance: Sensitivity was 0.89 (95% CI
0.81‐0.94), specificity was 0.91 (95% CI 0.80‐0.96), and the
AUC was 0.97 (95% CI 0.95‐0.98; Table S7 in Multimedia
Appendix 1).

Diagnostic Performance of Wearable Device–Based
AI Models for Depression in the Internal Validation
Set
A total of 29 datasets from 14 studies were included in the
pooled analysis of diagnostic performance. The combined

sensitivity of AI models for depression detection was 0.89 (95%
CI 0.83‐0.93; moderate certainty), and the specificity was 0.93
(95% CI 0.87‐0.96; moderate certainty). The pooled DOR
was 110.47 (95% CI 33.33‐366.17; low certainty), as
illustrated in Figures 3 and 4. Additionally, the AUC for the
models was 0.96 (95% CI 0.94‐0.98; Figure 5). Using a pretest
probability of 20%, the Fagan nomogram demonstrated a
positive likelihood ratio of 76% and a negative likelihood ratio
of 3% (Figure S3 in Multimedia Appendix 1). No evidence of
publication bias was detected according to the Deeks funnel
plot asymmetry test (P=.23; Figure S4 in Multimedia Appendix
1).

Figure 3. Forest plot of sensitivity and specificity for depression detection using artificial intelligence (AI) in wearable devices, with each row representing
an individual study evaluating the performance of different AI algorithms for detecting depression [10,11,12,13,26,27,28,29,30,32,33,34,35]. Boxes:
point estimates; horizontal lines: 95% CIs; diamond at the bottom: pooled estimate. CNN: convolutional neural network; DNN: deep neural network;
KNN: k nearest neighbor; LR: logistic regression; LSTM: long short-term memory; NB: naïve Bayes; NN: neural network; RF: random forest; SVM:
support vector machine; UMAP: Uniform Manifold Approximation and Projection.
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Figure 4. Forest plot of diagnostic performance of wearable device–based artificial intelligence (AI) models for depression in the internal validation
set [10,11,12,13,26,27,28,29,30,31,32,33,34,35]. CNN: convolutional neural network; DNN: deep neural network; KNN: k nearest neighbor; LR: logistic
regression; LSTM: long short-term memory; NB: naïve Bayes; NN: neural network; RF: random forest; SVM: support vector machine; UMAP: Uniform
Manifold Approximation and Projection.
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Figure 5. Summary receiver operating characteristic (SROC) curve for depression diagnosis using artificial intelligence (AI) in wearable devices,
showing the individual study estimates of sensitivity (SENS) and specificity (SPEC; blue circles) and the summary operating point with pooled sensitivity
and specificity and corresponding 95% CIs (red diamond). AUC: area under the curve.

Bivariate Boxplot and Subgroup Analysis of Wearable
Device–Based AI Models in Internal Validation Set
Substantial heterogeneity was observed in both sensitivity
(I²=96.52%) and specificity (I²=97.43%) for depression
diagnosis. The bivariate boxplot illustrates that the results from
Pacheco-González et al [10] (naïve Bayes and KNN), Zakariah
and Alotaibi [13] (UMAP&NN), and Rodríguez-Ruiz et al [32]
(RF) fall outside the 95% confidence region, suggesting that

these studies may represent potential sources of heterogeneity
(Figure 6). Subgroup analyses further demonstrated significant
differences in the sensitivity and specificity of AI models
according to study design (retrospective vs prospective),
reference standard (MADRS vs other reference standards), AI
method (machine learning vs deep learning), and data input
(only activity data vs other types of data), with all comparisons
yielding P<.05 (Table S8 in Multimedia Appendix 1).
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Figure 6. Bivariate boxplot of logit-transformed sensitivity and specificity for wearable device–based artificial intelligence (AI) depression detection
[10,13,32]. The inner shaded oval indicates the median distribution of the data points, while the outer shaded oval represents the 95% confidence
boundary. KNN: k nearest neighbor; NB: naïve Bayes; NN: neural network; RF: random forest; UMAP: Uniform Manifold Approximation and Projection.

Predictive Performance of Wearable Device–Based AI
Models for Depressive Episodes in the Internal
Validation Set
A total of 3 datasets from 2 studies were included in the pooled
analysis of predictive performance for depressive episodes. The
wearable device–based AI models demonstrated a sensitivity
of 0.86 (95% CI 0.80‐0.91; high certainty) and specificity of
0.65 (95% CI 0.59‐0.71; high certainty), as shown in Figure
S5 in Multimedia Appendix 1.

Discussion

Principle Findings
Our results demonstrate that wearable device–based AI achieves
promising diagnostic performance in depression diagnosis, with
sensitivity, specificity, DOR, and AUC of 0.89, 0.93, 110.47,
and 0.96, respectively, showing extremely high diagnostic
performance. The superior performance of wearable AI systems
in depression detection can be attributed to several key
mechanisms. First, these devices enable continuous and
objective monitoring of multiple physiological and behavioral
parameters intrinsically related to depressive symptoms,
including motor activity data, sleep data, heart rate data, and
disruptions to the circadian rhythm [35,36]. Studies consistently
show that, compared with healthy controls, patients with
depression exhibit significantly reduced motor activity, altered

sleep patterns, and decreased step counts, with these differences
being particularly pronounced during specific periods (11 AM
to 6 PM) [7]. Second, machine learning algorithms, particularly
when combined with dimensionality reduction techniques such
as UMAP&NN and ensemble methods like RF and deep neural
networks, can identify complex, nonlinear relationships among
multiple sensor modalities that may not be apparent in traditional
clinical assessments [13]. The integration of features such as
skin temperature and sleep duration–related parameters, along
with their correlations, has proven particularly valuable in
predictive models [37]. Third, the longitudinal nature of
wearable data collection enables the detection of subtle changes
in behavioral patterns over time, allowing for the early
identification of depressive episodes even before their clinical
manifestations. This continuous monitoring approach minimizes
the biases inherent in traditional self-report measures and
provides a more comprehensive assessment of patient status
[38].

Our results show that wearable device–based AI has a sensitivity
of 0.86 and a specificity of 0.65 for detecting depressive
episodes, indicating relatively low specificity. The low
specificity of wearable AI systems for detecting depressive
episodes may be attributed to several factors. First, in the studies
we included, patient populations were patients with major
depression who tend to have more complex clinical presentations
and comorbidities, which may lead to the overlap of
physiological signaling patterns with other psychiatric or
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physical disorders, thus increasing the rate of FPs [16,17,39].
Additionally, data collected by wearable devices are often
affected by user compliance, device wearing habits, and external
interferences, which can lead to increased data noise and thus
affect the specificity of the model [40]. However, it is important
to note that our study on depressive episodes had only 3 datasets
and a relatively small sample size, which may affect the stability
and reliability of the results. Small sample sizes limit the
efficacy of statistical analyses, potentially leading to wider CIs
and increased uncertainty in the results. Future prospective
studies with larger sample sizes are needed to obtain more robust
results.

Interestingly, the results of our subgroup analyses showed that
both sensitivity and specificity from prospective studies were
significantly higher than those from retrospective studies. The
superior diagnostic performance demonstrated by prospective
studies in wearable AI depression diagnosis can be attributed
to several key mechanisms. First, the prospective study design
enables researchers to standardize control over the data
collection process, ensuring consistency in wearable device
configuration, wearing time, and data quality, whereas
retrospective studies often face inconsistent data collection
standards. Second, prospective studies can minimize selection
bias and recall bias because patients and controls are identified
at the beginning of the study, thereby avoiding the risk of sample
selection based on known outcomes [12].

Consistent with previous knowledge, our subgroup analysis
results showed that both sensitivity and specificity from deep
learning algorithms were significantly higher than those from
traditional machine learning algorithms. The mechanism by
which deep learning algorithms exhibit superior diagnostic
performance in wearable AI depression detection can be
attributed to their unique architectural advantages and data
processing capabilities. First, deep learning models such as deep
neural networks and convolutional neural networks possess
powerful automatic feature extraction capabilities. This allows
them to learn and recognize complex nonlinear patterns directly
from raw wearable device data. In contrast, traditional machine
learning methods, such as RF, tend to rely on manually
engineered statistical features [41]. Second, deep learning
models can capture higher-order interactions and temporal
dependencies in the data through a multilayer neural network
structure, which is crucial for understanding the complex
physiological and behavioral patterns of individuals with
depression [42]. The results of this study are consistent with
those of the study by Jakobsen et al [30], where the sensitivity
(0.65) and specificity (0.78) of the convolutional neural network
algorithm were similarly shown to be superior to that of the RF
algorithm (sensitivity=0.61, specificity=0.75) in their study.

Another interesting finding of our meta-analysis was that AI
models trained solely on activity data demonstrated significantly
lower sensitivity and specificity than algorithms trained on a
combination of multiple data types, such as sleep, heart rate,
and activity data. This difference in performance can be
attributed to the fact that depression manifests itself through
multiple pathophysiological pathways that affect autonomic
nervous system function, circadian rhythms, and behavioral
patterns [41]. Unimodal approaches may miss critical diagnostic

information captured by other sensors, such as heart rate
variability, which plays a key role in depression detection as an
essential indicator of autonomic dysfunction [43]. The accuracy
of the algorithm trained using a combination of multiple datasets
(76.67%) was significantly better than that of the AI model
trained on activity data (69.24%), as reported by Bai et al [16],
further confirming the results of this study.

Compared With Previous Studies
In 2023, Abd-Alrazaq et al [44] conducted a meta-analysis of
wearable device–based AI anxiety tests and reported a sensitivity
of 0.79, a specificity of 0.92, and an accuracy of 0.82. Compared
with these benchmark results, our study demonstrated that
wearable device–based AI depression tests achieved superior
diagnostic performance, with sensitivity and specificity of 0.89
and 0.91, respectively. These differences in diagnostic
performance may stem from fundamental differences in disease
specificity. As noted in the literature, anxiety and depression
are related but have different manifestations [44]. Specifically,
physiologic indicators of anxiety focus on acute physiologic
responses such as elevated heart rate, sweating, and muscle
tension, whereas physiologic indicators of depression are more
often characterized by chronic changes in sleep patterns,
physical activity levels, and mood states [45]. Because of this,
chronic physiological changes in depression may be more easily
and accurately captured and recognized by existing wearable
device technologies than acute physiological responses to
anxiety.

Additionally, in 2023, Abd-Alrazaq et al [14] conducted another
meta-analysis on the performance of wearable device–based AI
for depression detection, which showed a sensitivity of 0.87
and specificity of 0.93. Our results showed that the sensitivity
and specificity of wearable device–based AI depression
detection were 0.89 and 0.91, respectively, which were generally
similar to the results of their study. However, compared with
previous studies, our study offers several key innovations. First,
it also evaluates the predictive ability for depressive episodes,
expanding the scope beyond standard diagnostic assessment.
Second, we incorporated additional metrics, such as the AUC
and DOR, to provide a more comprehensive evaluation of the
diagnostic accuracy of wearable devices. Third, we conducted
separate analyses for specific AI algorithms and examined the
trends in diagnostic performance over time. Finally, we included
more detailed subgroup analyses based on study design,
reference standard, AI method, type of input data, and data
source, thereby assessing how these factors influence the
outcome measures.

Heterogeneity
Our meta-analysis revealed substantial heterogeneity in the
pooled estimates, which is a common and expected finding in
meta-analyses of AI-based diagnostic tools. This high degree
of heterogeneity reflects the inherent methodological diversity
across studies, stemming from variability in datasets, wearable
sensor types, data preprocessing pipelines, and AI model
architectures. Although our bivariate box-and-whisker plots
identified the study by Rodríguez-Ruiz et al [32] as a potential
outlier, likely due to its exclusive use of nocturnal data for
classification, the overall heterogeneity was multifaceted. Our
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subgroup analyses further confirmed that study design, AI
methodology, input data type, and reference standard
significantly influenced diagnostic performance metrics.
Therefore, the observed heterogeneity should be interpreted not
only as a limitation of the included studies but also as an
indicator of the current state of a rapidly evolving and
technically diverse research domain.

Interpreting the Results
When interpreting our results, this study demonstrated that
wearable device–based AI exhibits promising performance for
diagnosing depression but shows limited effectiveness for
predicting depressive episodes. This finding suggests that
wearable device–based AI has potential applications in the field
of depression diagnosis, and the future deployment of such
technologies in daily medical practice may facilitate early
identification of and timely intervention in depression. However,
it should be clear that these models, at the current level of
technology, cannot yet be used as an independent diagnostic
tool or basis for clinical decision-making, and the final diagnosis
still needs to be comprehensively evaluated by clinical
professionals in combination with standardized assessment tools
[46]. It is noteworthy that the vast majority of the studies
included in the analysis used wrist-worn wearable devices, while
only a few studies explored the application of devices on other
body parts [34]. This suggests that research on expanding the
application sites of wearable devices may be a direction worth
exploring in the future. Additionally, the current evidence is
based predominantly on internal validation datasets. The general
scarcity of rigorous external validation across the literature
represents a critical barrier to the clinical translation and
real-world reliability of these models, highlighting a key area
for future research [45,47].

Limitations
Several limitations of this meta-analysis should be considered
when interpreting the results. First, most of the included studies

(10/16, 63%) used a retrospective design, which may have
introduced potential selection bias and information bias, as
retrospective studies rely on pre-existing data and may have
incomplete data or variable quality [48]. Therefore,
well-designed prospective studies are needed to validate the
findings of this meta-analysis to provide higher-quality evidence.
Second, regarding the definition of a gold standard, there were
significant differences in the reference standards used across
different studies, including variations in depression assessment
scales and diagnostic criteria. We attempted to assess the impact
of varying gold standards through subgroup analyses, which
showed that different subgroup analyses did affect the estimates
of sensitivity and specificity, suggesting that the results need
to be interpreted with caution and future studies need to be more
standardized and consistent in terms of the gold standard
qualification [49]. Third, most studies (11/16, 69%) relied on
a public dataset (Depresjon datasets) as their primary data
sources, which may limit the model’s generalizability and
applicability across different populations. In the future, there is
a need to collect patient data from more regions and health care
organizations to train AI models with more diverse data and
validate the external validity of the results [47,50].

Conclusion
In conclusion, this study demonstrates that wearable
device–based AI exhibits promising performance for diagnosing
depression but shows limited ability for predicting depressive
episodes. Deep learning algorithms and the integration of
multimodal data inputs significantly outperformed traditional
approaches. However, substantial heterogeneity among studies,
along with the predominance of retrospective designs and
reliance on public datasets, limits the generalizability of these
findings. Future research should focus on large-scale,
prospective studies with standardized protocols to enhance
clinical applicability and ensure broader external validity.
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Abstract

Background: The ubiquitous use of smartphones has given rise to maladaptive patterns of use, often termed “problematic
smartphone use” (PSU), which disproportionately impacts children and young people and is associated with poor mental health.
Emerging evidence suggests that patterns of smartphone use (eg, PSU and high smartphone screen time) may also influence
eating patterns and contribute to symptoms associated with eating disorders (ED), although the nature of this relationship remains
poorly understood.

Objective: The aim of this systematic review was to examine the association between PSU and ED psychopathology or ED-related
outcomes (eg, body dissatisfaction, emotional eating, and food addiction) in clinical and nonclinical populations and explore
potential moderators and mediators.

Methods: This preregistered systematic review conducted according to PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines searched 3 databases (PubMed, Embase, and Web of Science) for studies published after
January 2011 reporting data on PSU and ED psychopathology.

Results: Thirty-five studies met the prespecified eligibility criteria, with almost all reporting cross-sectional data in nonclinical
populations (n=52,584; mean age 17.0, SD 5.5 years). Most studies were assessed as being of good quality (n=28, 78%) according
to a modified version of the Newcastle-Ottawa Scale. In these nonclinical samples, the vast majority of studies reported a positive
association between PSU and ED psychopathology, which was largely consistent across age groups and countries. Identified
mediators of this relationship included greater emotional regulation difficulties and anxious and depressive symptoms. Positive
associations were also found across studies between PSU and several ED-related outcomes including food addiction, body
dissatisfaction, uncontrolled eating, and emotional overeating. Daily smartphone screen time was consistently related to higher
ED psychopathology. According to a GRADE (Grading of Recommendations, Assessment, Development, and Evaluation)
assessment of the evidence, most outcomes were rated as low certainty, largely due to the cross-sectional nature of evidence,
which contributed to a high risk of bias.

Conclusions: PSU and greater daily smartphone screen time are associated with higher ED symptoms, body image dissatisfaction,
and broader disordered eating behaviors. Due to a paucity of studies in clinical populations, these conclusions are generalizable
only to nonclinical populations (ie, those without a formal diagnosis of an ED). Further longitudinal research in clinical populations
is needed to fully contextualize the impact of PSU and smartphone screen time on ED risk and severity.

(JMIR Ment Health 2026;13:e88572)   doi:10.2196/88572
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Introduction

Eating disorders (EDs) encompass a group of psychiatric
conditions characterized by persistent disturbances in eating
behaviors that can result in significant physical, psychological,
and social morbidity [1]. According to the DSM-5 (Diagnostic
and Statistical Manual of Mental Disorders [Fifth Edition]),
the primary diagnostic categories include Anorexia Nervosa,
Bulimia Nervosa, Binge Eating Disorder, Other Specified
Feeding and Eating Disorder, and Avoidant/Restrictive Food
Intake Disorder [2], although between these diagnostic
categories, there are often similarities in symptom presentation
(eg, binge eating and food restriction). The typical onset of EDs
is in adolescence or young adulthood, and estimates of lifetime
risk range from 8.4% (3.3%‐18.6%) for women and 2.2%
(0.8%‐6.5%) for men, with atypical EDs such as Other
Specified Feeding and Eating Disorder and binge-type EDs
such as Binge Eating Disorder and Bulimia Nervosa being more
common [3]. However, these figures likely underestimate the
true burden since many individuals with subclinical or
“prodromal” ED symptoms do not seek help [4]. For example,
studies have estimated that 22% of adolescents [5] and 31% of
adults [6] experience some form of disordered eating.

Across modern theoretical models, there is a consensus that
EDs have complex origins including sociocultural, biological,
psychological, and environmental factors [7-11], some of which
are modifiable targets for intervention. Estimates of recovery
are variable depending on the type of ED, although outcomes
improve substantially when the illness is identified and treatment
is provided early [12]. This underscores the importance of
identifying modifiable risk factors for both clinical and
subclinical ED symptoms to develop effective prevention
programs and early intervention strategies [13]. Factors
associated with smartphones such as excessive usage and
nocturnal screen exposure may constitute such modifiable risk
factors [14].

The use of smartphones is ubiquitous, having become deeply
integrated into daily life, and has fundamentally changed the
way people communicate, work, and engage with society [15].
There is debate over the role of smartphones in society as there
are clear benefits in terms of social connectedness and
productivity, but there is also a growing scientific literature
detailing its harms to health [16,17]. The exposure of individuals
to harm from smartphones has been operationalized in 2 ways,
by a crude measure of the amount of time the devices are used
(herein smartphone screen time) and by maladaptive use
mirroring a behavioral addiction, described as problematic
smartphone use (PSU).

In brief, PSU refers to a behavioral or psychological dependence
on smartphones. This encompasses the inability to regulate or
control smartphone use, preoccupation with the smartphone,
and use of smartphones in inappropriate situations such as when
driving an automobile, which has detrimental effects on daily
living. PSU is distinguished from normal smartphone usage, or
broader measures of smartphone use such as screen time, by
symptoms such as severe cravings or withdrawal symptoms
(eg, anger, restlessness, and anxiety) that interfere with

functioning, as well as excessive use and difficulty
self-regulating usage. Importantly, PSU has not yet been
formally recognized in the DSM-5 or the ICD-11 (International
Classification of Diseases, Eleventh Revision) [18,19],
highlighting an ongoing debate over whether PSU reflects a
distinct clinical diagnosis or a broader maladaptive smartphone
behavior, although it has been argued that it can still
operationally be considered a form of behavioral addiction [20].
PSU is, however, the preferred term used in this paper in order
to avoid overpathologizing, as has been highlighted within this
debate.

PSU is an increasing issue impacting individuals across the
lifespan, although it disproportionately impacts adolescents and
young adults, with approximately 1 in 4 young people
experiencing PSU [20]. It has been linked to adverse mental
health outcomes including higher rates of depressive and anxiety
symptoms [20], as well as wider impacts on sleep quality [21]
and feelings of loneliness via a reduction in face-to-face
interaction [22]. Physical consequences of PSU include
sedentary behavior, neck and shoulder pain, and reduced
physical fitness [23-25]. In line with this, poorer dietary quality
and higher levels of nutritional deficiencies have been found to
be associated with PSU in students [26]. A high incidence of
depressive and anxiety comorbidity [27], sleep problems [28,29],
and feelings of loneliness and isolation [30] are all commonly
seen in EDs, which may contribute to their onset and
maintenance.

Although prior systematic reviews have examined problematic
internet usage [31,32], social media exposure [33-43], and
specific harmful online content [44,45] in relation to ED
symptoms and related constructs such as body image and body
dysmorphia, in various clinical and nonclinical populations,
none have examined PSU specifically. Aspects of PSU may be
more relevant to EDs, given that core behaviors in EDs (eg,
calorie counting and overexercising) may be facilitated by
smartphone apps such as calorie and fitness trackers, as well as
social media apps that may facilitate bodily or lifestyle
comparison. People with EDs often experience social isolation
[30,46], which could also increase their reliance on smartphones
or alter their relationship with their smartphone.

Through systematically collating the results of available studies,
this study aims to investigate the association between PSU (or
associated measures such as smartphone screen time) and
symptoms associated with EDs. For completeness, we included
outcome measures associated with ED psychopathology that
are risk factors for the development of an ED (eg, body
dissatisfaction and excessive exercise [47]) or overlap with ED
presentations (eg, emotional eating and food addiction [48,49]).
Secondary aims are to identify potential sources of heterogeneity
such as moderators (eg, age group, and sex of the participants)
as well as mediators of this association.

Methods

This systematic review is reported according to the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines [50]. The study protocol was
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preregistered via PROSPERO on February 27, 2025 (registration
number CRD420250654159).

Search Strategy
A systematic search was conducted on September 26, 2025,
independently by 3 reviewers (QY, LCL, and VR) across 3
electronic databases (PubMed, Embase, and Web of Science)
for studies published from January 1, 2011 (after which research
incorporating smartphones began to emerge [20,51]).

Databases were searched for papers including in their titles and
abstracts terms, such as “cell phone” or “smartphone” or “app”
in combination with “addiction” or “problematic behavior” or
“dependence” and “eating disorder” or “disordered eating” or
“body dissatisfaction” or “emotional eating” (see Table S1 in
Multimedia Appendix 1 for a full description of the search terms
used per database). The searches were supplemented by manual
screening of reference lists from included studies and citation
tracking via Google Scholar to identify additional eligible
studies not retrieved in the initial search.

Eligibility Criteria
Studies were included if they (1) examined the quantitative
association between PSU and ED symptoms, using measures
of effect size (eg, correlation coefficients and ß values), group
differences (eg, t values and F values), and/or statistical
significance (eg, P values); (2) assessed PSU using validated
self-report measures that map onto at least 1 aspect of the criteria
for behavioral addiction [20] (eg, Smartphone Addiction Scale
[SAS] and Problematic Mobile Phone Use Questionnaire), or
related indicators such as smartphone screen time (eg, hours
per minutes of daily phone use); (3) assessed ED
psychopathology or related symptoms using either validated
self-report questionnaires (eg, Eating Disorder
Examination-Questionnaire, Eating Disorder Inventory, Binge
Eating Scale, Appearance Evaluation Scale, and Exercise
Addiction Inventory) or structured diagnostic interviews (eg,
SCID-5 and MINI); and (4) were published in English in
peer-reviewed journals.

Studies were excluded if they (1) used PSU measures that were
not specific to smartphone use, or that combined smartphone
use with broader internet use or screen-based activity without
reporting data separately; (2) were systematic reviews, scoping
reviews, narrative reviews, meta-analyses, theses, commentaries,
editorials, conference abstracts, or book chapters; (3) did not
include validated measures for both PSU and ED symptoms;
or (4) were published before January 1, 2011. Data from
participants of any gender, age, or nationality were included.

Data Screening and Extraction
Titles and abstracts were screened independently by 2 reviewers
(QY and LCL) against basic eligibility criteria including
language type, sample type, study focus, and paper type, and
noneligible studies were excluded. Full-text papers of potentially
eligible studies were then screened independently by the same
2 reviewers. Reasons for exclusion at the full-text stage were
documented. Disagreements at any stage of the screening
process were first discussed between the 2 reviewers, and

unresolved cases were referred to the wider team (VRR, JLK,
and BC).

Data extraction was carried out by 2 reviewers (QY and LCL)
using a bespoke database and 50% of the extracted data were
independently reviewed by another reviewer (JLK). Extracted
variables included publication details (author, year), country,
study design, setting, sample characteristics (eg, size, age, and
gender), clinical characteristics (eg, ED diagnosis, BMI, and
comorbidities), and the validated measures used to assess ED
symptoms and PSU. Extracted data relating to results of the
studies included a narrative summary of results, statistical results
(eg, P values, r values, ß values, F values, and 95% CIs),
covariates, and findings relating to studied moderators or
mediators where applicable.

Assessment of Study Quality and Certainty of Evidence
The quality assessment of included studies was carried out
independently by 2 reviewers (QY and LCL) using a version
of the Newcastle-Ottawa Scale (NOS) [52] modified for
assessing cross-sectional studies and adapted to the topic of this
review (Table S2 in Multimedia Appendix 1 [23,53-86]). The
NOS is a widely used tool for assessing the quality of
non–randomized observational studies according to 3
overarching categories: (1) the selection of the study groups,
(2) the comparability of the groups, and (3) the ascertainment
of the outcomes. Stars are awarded for each item, which
determines the overall quality of the domain. Each study was
then judged overall as good, fair, or poor quality. Studies were
rated as “good” when all domains were rated good or only 1
was rated fair, with no poor ratings. They were rated as “fair”
when 1 poor rating was present alongside otherwise fair or good
domains, or when multiple domains were fair without any poor.
Finally, studies were rated as “poor” when 2 or more domains
were rated poor, or when a single poor rating was found in a
critical domain such as outcome measure. Discrepancies were
resolved by consensus and consultation with senior reviewers
(JLK and BC).

Following preregistration, the decision was made to include an
assessment of the quality and certainty of evidence using the
evidence-grading system developed by the GRADE (Grading
of Recommendations, Assessment, Development, and
Evaluation) collaboration (Table S3 in Multimedia Appendix
1) [87]. One senior author (JLK) initially applied the GRADE
system, followed by an assessment of the evidence ratings for
each outcome with another senior reviewer (BC). A final
decision on the ratings was reached through discussion and
consensus. As our review included only cross-sectional data
(ie, observational studies), we downgraded the evidence for
each outcome, starting from low quality, when there was a
serious limitation in relation to a particular factor or by 2 levels
if we considered that there was a very serious limitation.
Evidence was only upgraded in the case of very large, consistent,
and plausible associations, in line with GRADE guidance for
observational studies. The GRADEpro (Evidence Prime) [88]
software was used to determine the certainty of evidence and
generate the Summary of Findings table (Table S3 in Multimedia
Appendix 1).
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Data Synthesis
Due to the contextual heterogeneity of the included studies in
terms of population characteristics, outcome measures, and
different statistical reporting formats, a narrative synthesis was
conducted to summarize the findings. To explore patterns across
studies, results were organized into key themes according to
ED outcome, with the primary focus being results relating to
ED symptomatology, with other themes including body image
and broader altered or disordered eating behaviors (eg, food
addiction and emotional eating). Within these themes, results
were synthesized according to statistical approach, including
between-group comparisons, linear associations (regression
models and correlations), and mediation and moderation
analyses. Results were also narratively synthesized for measures

of PSU and smartphone screen time separately. Study
characteristics and a brief summary of the key results, including
statistical notation where available and appropriate, are
presented per individual study in a summary table. No data
conversions or sensitivity analyses were performed.

Results

Search Results
A total of 3002 papers were identified, of which the full texts
of 340 were assessed against the full eligibility criteria. Of these,
28 met the criteria for inclusion and an additional 7 studies were
identified through backward and forward citation tracking,
resulting in a total of 35 studies included in the review (Figure
1).

Figure 1. Flow diagram of included studies (adapted from Page et al [89], with permission).

Characteristics of Included Studies
Table 1 shows the methodological and sample characteristics
of the included studies. The combined sample size across studies
was 52,584, ranging from 86 [53] to 10,246 [54]. Studies were
published between 2019 and 2025 and were conducted in Turkey
(n=9), China (n=9), the United States (n=4), Germany (n=3),

Spain (n=2), the United Arab Emirates (n=1), Bahrain (n=1),
Italy (n=1), Austria (n=1), Brazil (n=1), South Korea (n=1),
India (n=1), and Singapore (n=1). The vast majority of studies
(n=32) was cross-sectional, apart from 3 studies that were
prospective cohort, randomized controlled trials, and
longitudinal studies, reporting cross-sectional data available for
inclusion in this study.

JMIR Ment Health 2026 | vol. 13 | e88572 | p.157https://mental.jmir.org/2026/1/e88572
(page number not for citation purposes)

Keeler et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table . Study and sample characteristics of included studies (n=35)a.

EDc measurePSUb measureAge (years),
mean (SD)

Gender, (fe-
male), %

Sample, NSettingStudy designReference, coun-
try

YFASf 2.0NMP-QeNRd, 19.9 (5.3)78.6350University (nurs-
ing students)

Cross-sectionalBernabé-Mateo
et al (2025) [72],

Spain

BAS-2hMPAIg12‐16 14.2
(0.9)

50.7808Junior high
schools in south-
ern China

Cross-sectionalChen et al
(2025) [81],

China

KSADS-5jMPIQi9‐14, 9.9 (0.6)48.610,246CommunityProspective co-
hort reporting

Chu et al (2024)
[54],

United States cross-sectional
data

BIAS-BDm;

MBSRQ-ASn
SAS-SVl

Daily screen
time (hour and
minute per day)

≥18, 24.0 (4.6)10086School and uni-
versity

RCTk with
cross-sectional
data

de Heselle and
Montag (2024)
[53],

Germany

DEBQp, YFAS-

Cq
APUo13‐16, 14.6

(1.1)
55.9111CommunityCross-sectionalDomoff et al

(2020) [85],

United States

BIDSrSAS-SV14‐18, 16.0
(1.1)

60443High schoolCross-sectionalEmirtekin et al
(2019) [80],
Turkey

EATtPUs18‐33, 21.0
(2.1)

67.4319UniversityCross-sectionalGokce and Ozer
(2021) [67],
Turkey

BDD-Qu; MIDIvSAS-SVNR (NR)64.23425UniversityCross-sectionalGrant et al
(2019) [65],
United States

EAT-26SAS-SVNR, 21.2 (5.1)79.5552UniversityCross-sectionalHasan et al
(2023) [64],

United Arab
Emirates

YFASNMP-Q18‐35, 27.2
(5.1)

54654CommunityCross-sectionalJahrami et al
(2021) [73],
Bahrain

EAT-40SAS18‐32, 21.1
(2.0)

59.9347UniversityCross-sectionalKardeş et al
(2023) [57],
Turkey

C-EDE-QSxMPATSw18‐22, 18.9
(0.9)

50.71181UniversityLongitudinal
study with cross-
sectional data

Li et al (2022)
[23], China

DEBQMPAINR, 19.2 (0.9)82.2437University (nurs-
ing students)

Cross-sectionalLi et al (2025)
[76], China

BDSySAS11‐15, 12.4
(0.7)

44.41036High schoolCross-sectionalLiu et al (2020)
[78], China

BPSSzSAS-SV18‐32, 19.9
(1.7)

53.85909UniversityCross-sectionalLiu et al (2023)
[79], China

BESabSPAI-IaaNR, 14.2 (1.4)56.7647Middle and high
school

Cross-sectionalLo Coco et al
(2022) [82],
Italy

SCOFFacSAS-SV16 (med, IQR:
14‐19)

48.39270High school and
college

Cross-sectionalMa et al (2025)
[69], China
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EDc measurePSUb measureAge (years),
mean (SD)

Gender, (fe-
male), %

Sample, NSettingStudy designReference, coun-
try

SCOFFSAS-SV

Daily smart-
phone use (hours
per day)

14‐20 (med,
IQR: 17, 15‐
18)

82.4913School and uni-
versity

Cross-sectionalMayerhofer et al
(2024) [63],
Austria

BSQadSmartphone
screen time
(minute per day)

14‐19, 15.9
(1.3)

100405SchoolCross-sectionalMiranda et al
(2021) [84],
Brazil

EAT-40SAS-SVNR, 22.3 (3.1)59.8358UniversityCross-sectionalÖrnek and Gün-
doğmuş (2022)
[60], Turkey

YFAS-C; CE-

BQae
Korean Smart-
phone Overde-
pendence Scale
for Adolescents

NR, 12.9 (0.7)55.5209SchoolCross-sectionalPark et al (2022)
[71], South Ko-
rea

YFAS; CEBQSAS-SV18‐65 (med,
IQR: 35, 31‐
45)

85.6113Hospital clinicCross-sectionalPekgör and
Eryılmaz (2021)
[55], Turkey

BSSagERA-RSIaf13‐16, 14.9
(0.8)

56.2447SchoolCross-sectionalPeris et al (2020)
[83], Spain

EAT-26SAS-SV14‐18, 16.0
(1.1)

47.3112High schoolCross-sectionalPiko et al (2022)
[58], India

EDE-QahDaily screen
time (hour per
day)

18‐49, 23.1
(4.6)

100119CommunityCross-sectionalRozgonjuk et al
(2023) [70],
Germany

EAT-26SAS18‐50, 26.5
(9.6)

62.7643CommunityCross-sectionalSanlier et al
(2024) [62],
Turkey

TFEQaiSAS-SV15‐26, 16.3
(1.2)

79.9437SchoolCross-sectionalSezer et al
(2025) [74],
Turkey

EAT-40SAS

Daily smart-
phone screen
time (hour per
day)

19‐29, 20.7
(1.6)

73.5437UniversityCross-sectionalTayhan and Ya-
bancı (2021)
[59], Turkey

TFEQSAS-SV18‐45, 21.1
(3.0)

82.9604CommunityCross-sectionalTürkkan et al
(2025) [75],
Turkey

EAT-26MPAI

Daily smart-
phone screen
time (hour per
day)

17‐29, (21.4
(3.2)

61.11112UniversityCross-sectionalWang et al
(2023) [61], Chi-
na

BSQ, BAS-2Daily screen
time (hour day)

11‐14, 13.1
(1.3)

51.045SchoolCross-sectionalWatkins et al
(2025) [56],
United States

ISRakMPPUS-27aj14‐67, 25.9
(11.1)

78.2398CommunityCross-sectionalWickord and
Quaiser-Pohl
(2022) [68],
Germany

EAT-26SAS-SVNR, 19.9 (1.3)61.44325UniversityCross-sectionalWu et al [2021]
[66], China

SAS

DEBQ

SAS-SV17‐32, 19.8
(1.75)

54.15986UniversityCross-sectionalYang et al
(2022) [77], Chi-
na
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EDc measurePSUb measureAge (years),
mean (SD)

Gender, (fe-
male), %

Sample, NSettingStudy designReference, coun-
try

BES-21Daily smart-
phone screen
time (hour per
day)

13‐18,15.1
(1.3)

100100CommunityCross-sectionalYang et al
(2020) [86], Sin-
gapore

aThe main findings of the included studies can be found in Table S4 in Multimedia Appendix 1 [23,53-86].
bPSU: problematic smartphone use.
cED: eating disorder.
dNR: not reported.
eNMP-Q: Nomophobia Questionnaire.
fYFAS: Yale Food Addiction Scale.
gMPAI: Mobile Phone Addiction Index.
hBAS-2: Body Appreciation Scale—2.
iMPIQ: Mobile Phone Involvement Questionnaire.
jKSADS-5: Kiddie Schedule for Affective Disorders and Schizophrenia.
kRCT: randomized controlled trial.
lSAS-SV: Smartphone Addiction Scale—Short Version.
mBIAS-BD: Body Image Assessment Scale-Body Dimension.
nMBSRQ-AS: Multidimensional Body-Self Relations Questionnaire Appearance Scale.
oAPU: Addictive Patterns of Use Scale.
pDEBQ: Dutch Eating Behavior Questionnaire.
qYFAS-C: Yale Food Addiction Scale for Children.
rBIDS: Body Image Dissatisfaction Scale.
sPU: Problematic Mobile Phone Use Scale.
tEAT: Eating Attitudes Test.
uBDD-Q: Body Dysmorphic Disorder Questionnaire.
vMIDI: Minnesota Impulse Disorder Interview.
wMPATS: Mobile Phone Addiction Tendency Scale.
xC-EDE-QS: Chinese version of Short Form of the Eating Disorder Examination Questionnaire.
yBDS: Body Dissatisfaction Scale.
zBPSS: The Satisfaction and Dissatisfaction with Body Parts Scale.
aaSPAI-I: Italian version of the Smartphone Addiction Inventory.
abBES: Body Esteem Scale.
acSCOFF: Sick Control One Fat Food.
adBSQ: Body Shape Questionnaire.
aeCEBQ: Child Eating Behavior Questionnaire.
afERA-RSI: Scale of Risk of Addiction to Social Media and the Internet for Adolescents.
agBSS: Body Self-esteem Scale.
ahEDE-Q: Eating Disorder Examination-Questionnaire.
aiTFEQ: Three-Factor Eating Questionnaire.
ajMPPUS-27: Mobile Phone Problematic Use Scale.
akISR: ICD-10 Symptom Rating Scale.

Most samples were recruited from nonclinical settings, including
universities (n=13), schools (n=11), both schools and universities
(n=2), and the community (n=8). One study recruited the sample
from a family medicine hospital polyclinic for weight loss [55].
Of the studies reporting age ranges (n=26), 11 studies were
conducted in adolescent populations only (ie, those aged 18
years and younger) and 11 in adults only, of which 6 were in
young adults (aged 18-35 years). Four studies included both
adolescents and adults. The pooled mean (SD) age across studies
was 17.0 (5.5) (reported by n=31 studies). Four studies were
conducted in female-only samples, and in the rest, the percentage
of female participants ranged from 44.4% to 85.6%.

In terms of the assessment of ED and ED-related symptoms,
the most commonly used instrument was the Eating Attitudes
Test (EAT [90]; n=9), used in its 26-item version in 5 studies,
40-item version in 3, and in 1 study the version was unclear.
Other measures of ED symptoms included the Eating Disorder
Examination Questionnaire (EDE-Q [91]; n=1) and in its
12-item form (Chinese version of Short Form of the Eating
Disorder Examination Questionnaire [92]; n=1), and diagnostic
or screening tools included the ICD-10 (International Statistical
Classification of Diseases, Tenth Revision) Symptom Rating
Scale (ICD-10 Symptom Rating Scale [ISR] [93]; n=1), the
Minnesota Impulse Disorders Interview [94], the Kiddie
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Schedule for Affective Disorders and Schizophrenia-5 (n=1
[95]), and the Sick, Control, One Stone, Fat, Food Questionnaire
(SCOFF [96]; n=2). In terms of measures of relevant wider
eating behaviors, the Yale Food Addiction Scale [97] was used
in 5 studies, with a version for children (Yale Food Addiction
Scale for Children [98]) in 2 studies. The Dutch Eating Behavior
Questionnaire [99] was used in 3 studies and the Three-Factor
Eating Questionnaire (TFEQ) [100] in 2 studies. Body image
dissatisfaction was measured in 12 studies, using a variety of
measures (Table 1).

The most common measure of PSU was the SAS (n=4 [101])
and its short form (SAS-SV; n=14 [102]). Three studies used
the Mobile Phone Addiction Index [103], 2 used the
Nomophobia Questionnaire [104], and other questionnaires
assessing PSU used in single studies included the Mobile Phone
Involvement Questionnaire [105], Addictive Patterns of Use
Scale [106], Problematic Mobile Phone Use Scale, Mobile
Phone Addiction Tendency Scale [107], Smartphone Addiction
Inventory—Italian version [108], Scale of Risk of Addiction to
Social Media and the Internet for Adolescents [109], Mobile
Phone Problematic Use Scale [110] and the Korean Smartphone
Overdependence Scale for Adolescents. Smartphone screen
time was measured in 8 studies. All of the aforementioned
instruments addressed at least 1 domain of PSU aligning with
the DSM-5 criteria for a behavioral addiction characterized by
smartphone use.

Quality Assessment of Included Studies
Seven studies included samples that were deemed representative
of the target population, whereas 18 studies included samples
that were deemed somewhat representative of the average target
population (eg, due to nonrandom sampling). Only 10 studies
provided justification for their sample size. Most used a
validated measurement tool for PSU to ascertain the exposure
(n=31), and very few studies used a nonvalidated measurement
tool (eg, self-reported smartphone use only) (n=4). In terms of
comparability, most studies accounted for age as a confounding
variable (n=23), and most also controlled for at least 1 additional
potential confounding factor (eg, sex, BMI; n=28). All studies
used a validated measurement tool for ED or ED-related
outcomes, and almost all studies presented an appropriate and
clearly described statistical test for the measurement of the
association (n=34). Overall, most included studies were rated
as good (n=28) and some were rated as fair (n=6), primarily
due to not controlling for confounding variables (Table S2 in
Multimedia Appendix 1). Two studies [55,56] received a rating
of “poor” as they used a nonrepresentative sample and failed
to account for any confounders to address potential sources of
bias.

Main Findings of Included Studies
The full results of the included studies together with their
characteristics are shown in Table S4 in Multimedia Appendix
1. Results were synthesized according to the type of ED or
ED-related outcome, stratified according to the analytical
approach taken. A total of 16 studies measured ED
psychopathology, 5 studies measured food addiction symptoms,
6 measured other eating behaviors, and 12 measured body
image–related outcomes.

ED Psychopathology and PSU Outcomes

Measures of PSU and Smartphone Addiction
Ten studies adopted a dichotomous approach to assessing the
relationship between PSU and ED psychopathology. Three of
these studies assessed PSU scores according to whether
individuals met a threshold on variations of the EAT
questionnaire, all finding that participants exceeding this
threshold (ie, at high risk of exhibiting disordered eating
attitudes) had higher smartphone addiction scores than those
who did not meet this threshold [57-59]. The GRADE of
evidence was rated as low certainty for this finding, largely due
to the cross-sectional nature of the studies. The remaining 7
studies examined ED psychopathology depending on whether
the individuals were classed as meeting the threshold for PSU
or smartphone addiction or not. In 3 studies using variations of
the EAT questionnaire, disordered eating attitude scores were
higher in those classed as smartphone addicted [60-62]. In 1
study, the chances of being screened for having disordered
eating with the SCOFF questionnaire were higher in those who
exceeded the smartphone addiction threshold [63]. In another
study, exhibiting PSU was associated with higher odds of
scoring highly in several specific ED-related symptom
categories, including fearing weight gain, self-worth tied to
weight, engaging in compensatory behaviors to prevent weight
gain, binge eating, and distress with binge eating [54].
Contrarily, 1 study found that higher PSU risk was not
associated with higher ED risk [64] and another study found
that PSU was not associated with higher odds of screening
positive for Binge Eating Disorder specifically [65]. Again, the
GRADE of evidence was rated as low certainty across these
findings.

Nine studies examined linear associations between PSU
measures and ED symptoms. Seven studies used different
variants of the EAT and various measures of smartphone
addiction or PSU, most (n=5) of which found a positive
association whereby greater PSU was associated with greater
disordered eating attitude scores [57,60-62,66]. One of these
studies controlled for a number of additional variables including
BMI, depression and anxiety scores, smartphone usage,
difficulty falling asleep at night, and frequency of physical
activity [61]. These findings were also consistent in 1 study
including age, gender, weight group, school use, age of
smartphone usage, and family income status as variables within
a multiple regression model [60]. On the contrary, 2 of these 7
studies failed to find a linear association between PSU scores
and scores on the EAT [64,67].

The remaining 2 studies examined the linear association between
PSU and other measures of ED psychopathology (EDE-Q and
ISR). One study found that problematic mobile phone usage
positively correlated with EDE-Q scores at baseline and at a
1-year follow-up [23]. The same study found that baseline
problematic mobile phone usage positively predicted ED
symptoms at 1 year but not vice versa [23]. Another study found
a positive correlation between PSU scores and ED symptoms
as measured by the ISR [68]. Overall, 7 out of 9 studies overall
found a positive relationship between PSU and ED
psychopathology. Due to the cross-sectional and associative
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nature of these studies, the GRADE of evidence was rated as
low certainty across these findings.

Four studies examined mediators [23,66,69] and moderators
[68]. In 1 study, the relationship between problematic mobile
phone usage and ED symptoms was mediated by lower
resilience scores [23]. Another study found that the relationship
between poor sleep quality and higher disordered eating
behaviors was mediated by greater PSU scores [66] as well as
a sequential mediation pathway with greater PSU scores and
greater psychological distress (both depression and anxiety)
[66]. PSU scores were also found to positively mediate the
relationship between depression and a likely ED diagnosis as
determined by the SCOFF, as well as the relationship between
loneliness and a likely ED, and the relationship between anxiety
and a likely ED [69]. These findings were consistent when
analyses were stratified by gender [69]. Finally, 1 study found
that the positive relationship between ED symptoms and PSU
was apparent only in “digital immigrants” (ie, individuals older
than 40 years) but not in “digital natives” (ie, individuals
younger than 40 years) [68].

Measures of Daily Smartphone Screen Time
In terms of daily smartphone use, it was found that people
scoring above 30 on the EAT-40 [59] and those with a history
of an ED diagnosis [70] had higher daily smartphone screen
time. One study examined ED risk across categories of daily
smartphone usage, finding that the odds of being screened
positive for disordered eating with the SCOFF was higher in
people using the smartphone for 7‐8 hours per day and more
than 8 hours per day, but not 3‐4 or 5‐6 hours per day,
compared with a reference category of 2 hours per day [63].

Across 3 studies investigating linear associations between ED
symptoms and smartphone screen time, 2 studies found a
positive association between smartphone screen time and
EAT-40 scores [59,61] and 1 study found a positive association
with EDE-Q global scores and all subscales other than the Eating
Concern subscale [70].

To summarize, across studies using different analytical
approaches, there appears to be a positive association between
measures of PSU, as well as smartphone screen time, and ED
psychopathology. Furthermore, PSU and smartphone screen
time (particularly where usage was more than 7 hours per day)
is greater in people scoring highly on measures of ED
psychopathology and vice versa; studies largely found greater
ED psychopathology in individuals meeting a threshold for PSU
or smartphone addiction.

Food Addiction and PSU Outcomes
Five studies assessed the association between PSU or
PSU-related outcomes and food addiction scores as measured
by the Yale Food Addiction Scale. One study found that South
Korean adolescents with a high risk of PSU had greater food
addiction scores than adolescents with a low risk of PSU [71].
On the contrary, a study in Turkish adults found no greater food
addiction scores in people categorized as having a smartphone
addiction compared with those without smartphone addiction,
although this study received a rating of “poor” as per the
modified NOS [55]. Additionally, 1 study found that food

addiction scores were no different across groups stratified by
presence, risk, or absence of nomophobia (the fear of being
without a mobile phone) [72]. An additional study examining
nomophobia found no linear association between nomophobia
and food addiction scores before and after adjusting for age,
sex, BMI, and insomnia [73]. Due to the cross-sectional nature
of the studies and high suspicion of publication bias, the
GRADE of evidence was rated as very low certainty for this
outcome. Publication bias cannot be ruled out, as the majority
of studies reporting positive associations had a combined sample
size similar to the single study reporting no association,
suggesting that studies with null findings may have been less
likely to have been published.

Despite this, 3 of these studies, as well as 1 additional study,
found that measures of smartphone addiction [55,85],
“overdependence” [71], or nomophobia [72] were positively
correlated with food addiction scores. Again, the grade of
evidence for these findings was rated as very low certainty. In
one of these studies, this was the case when adjusting for age,
sex, BMI, and socioeconomic status [71], but in another, the
association was not found when stratifying the analysis by
gender [72]. One study examining mediators reported that the
positive association between smartphone addiction and food
addiction was mediated by greater emotion regulation difficulties
[85].

Other Eating Behaviors and PSU Outcomes
Six studies examined the relationship between PSU-related
outcomes and other eating behaviors such as emotional eating,
cognitive restraint, and uncontrolled eating, as measured by the
TFEQ (n=2), Dutch Eating Behavior Questionnaire (n=4), or
Child Eating Behavior Questionnaire (n=1).

Both studies using the TFEQ found a positive correlation
between smartphone addiction scores and the subscales of the
TFEQ, including uncontrolled eating, cognitive restriction, and
emotional eating [74,75]. In the former study, these associations
remained significant when adding social media addiction scores
and digital game addiction scores to a multiple regression model
[74]. A positive association between smartphone addiction and
emotional eating was also found in 2 additional studies [76,77],
and in another study, it was found that adolescents with a higher
risk of PSU had greater emotional overeating scores than
adolescents with a lower risk of PSU [71]. Smartphone addiction
was also positively associated with restrained eating [76,77,85],
dysregulated eating [85], and external eating [76,77]. Similar
to the previous outcomes, the GRADE evidence for the
correlative findings pertaining to the relationship between PSU
scores and emotional eating, as well as restrictive eating, was
rated as low in both instances.

Three studies explored mediators [75,77,85]. It was found that
emotion regulation difficulties significantly mediated the
association between addictive phone use and dysregulated
eating, restrained eating, and food addiction in 1 study [85]. In
another, the relationship between body dissatisfaction and
restrained eating, emotional eating, and external eating was
mediated by smartphone addiction scores in 3 separate mediation
models [77]. In this study, sequential mediation effects were
found with smartphone addiction scores and depression
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symptoms as sequential mediators. Additionally, 1 study found
that the relationship between smartphone addiction and higher
BMI was positively mediated by all subscales of the TFEQ
(higher uncontrolled eating, cognitive restriction, and emotional
eating scores) in 3 separate mediation models [75].

Measure of Body Image and PSU Outcomes

Measures of PSU and Smartphone Addiction
Eleven studies examined the relationship between body
image–related outcomes and outcomes relating to PSU. One
study assessing body dysmorphic disorder found that the
presence of PSU was not associated with higher odds of
screening positive for body dysmorphic disorder [65].

Several other studies assessed linear associations between PSU
and body image and body dissatisfaction more broadly. In 4
studies, measures of smartphone addiction [77-79] and PSU
[80] were positively associated with body dissatisfaction.
Similarly, in 2 additional studies, smartphone addiction was
negatively associated with body appreciation [81] and body
esteem [82]. In the latter study, this association was found in
both girls and boys (sex did not moderate the effect), but a
positive association between smartphone addiction and
attribution (the evaluation attributed to others about one’s own
body and appearance) was found only in girls [82]. On the
contrary, one study did not find a positive correlation between
nomophobia scores and body satisfaction scores [83], and
another study failed to find an association between PSU scores
and body image dissatisfaction, appearance evaluation, and
body area satisfaction [53]. The GRADE of evidence was rated
as low certainty across these findings.

Across studies, identified mediators of the association between
body dissatisfaction and greater PSU or smartphone addiction
scores included depression and social anxiety (independently
[80]), intrusive imagery and fear of negative evaluation
(independently and sequentially [78]), and a tendency to present
a positive view of oneself online [79]. Additionally, 1 study
found that lower body appreciation mediated the relationship
between smartphone addiction and poorer intuitive eating [81].

Measures of Daily Smartphone Usage
Four studies assessed the relationship between body image
variables and smartphone screen time. One study in adolescents
found that those with higher smartphone screen time had higher
odds of having high body distortion and dissatisfaction than
those with adequate smartphone screen time [84]. Another study
found that smartphone screen time, together with social media
addiction scores and sex, positively predicted body shape
preoccupation scores [56]. However, another study found that
smartphone screen time was not linearly related to several
variables, including body image dissatisfaction, appearance
evaluation, orientation, and body area satisfaction [53].

One study explored mediators, finding that the relationship
between excessive smartphone use (>4 hours per day) and poorer
body esteem was sequentially mediated by greater cognitive
internalization of an ideal body image, greater appearance
comparison, followed by greater appearance anxiety [86].
However, this relationship was no longer significant when

controlling for total social media screen time, suggesting that
social media usage was a predominant contributor to these
results.

Discussion

Principal Findings
This systematic review assessing the association between PSU
and ED psychopathology included 35 studies, predominantly
reporting cross-sectional data in nonclinical populations. The
majority of studies were rated as good quality. Most samples
were recruited from schools and universities, and approximately
half were adolescents and half (mostly young) adults. Across
the included studies, it was broadly found that individuals
scoring highly on PSU measures scored more highly on
measures of ED psychopathology, and there were
weak-to-moderate positive linear associations found. These
findings were largely consistent across age groups and countries.
Additionally, higher daily smartphone use was consistently
related to higher ED psychopathology, particularly where daily
use exceeded 7 hours per day [63]. Measures of PSU were also
related to greater food addiction symptoms, broader disordered
eating behaviors (eg, uncontrolled eating, emotional overeating,
and cognitive restriction), and body dissatisfaction in most
studies. The findings assessing the relationship between
smartphone screen time and body dissatisfaction were more
mixed. Across outcomes, a GRADE assessment of the evidence
led to ratings of “low certainty” in most instances due to the
cross-sectional nature of the evidence, apart from the outcomes
relating to the association between PSU and food addiction,
which received ratings of “very low certainty” largely due to
substantially inconsistent findings across studies or potential
publication bias. Longitudinal and interventional studies are
needed to establish temporal and causal relationships.

The most consistently identified mediators of the relationship
between PSU and ED psychopathology related to increases in
negative affect, including emotion regulation difficulties and
anxiety and depressive symptomatology. Maladaptive
smartphone use may actively (or passively) increase one’s
exposure to content related to thinness and body shaping, which
may lead to negative affect via self-objectification [111] and
increase the risk of developing ED symptoms [112]. In addition,
night-time or late-evening smartphone use may interfere with
sleep quality. Sleep problems are reported transdiagnostically
across the ED spectrum [29] and in subclinical contexts are
related to several eating behaviors such as impulsive eating and
emotional eating [113]. Indeed, it was found that negative affect
as a result of PSU acted as sequential mediators from poor sleep
quality to higher ED behaviors in one study [66] and from
greater body dissatisfaction to greater disordered eating
behaviors in another [77]. Alternatively, individuals with ED
symptoms may use smartphones to relieve or avoid negative
emotions and stress [114], eventually developing a dependence
on smartphones. However, it was found in 1 study that baseline
PSU scores positively predicted ED symptoms at a 1-year
follow-up but not vice versa [23], which, tentatively, could be
a preliminary indicator of causality.
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Traits common in individuals with, or at risk of developing, an
ED, such as low self-esteem [115,116], perfectionism [117],
features of addiction such as greater reward sensitivity, and
impulsive traits such as negative urgency [118,119] and lack
of premeditation [120] that are associated with PSU [121], may
increase the risk of PSU or reliance on smartphones.
Smartphones, with their ubiquitous use in everyday life,
represent a convenient tool to consistently facilitate exposure
to both content reflecting idealized depictions of lives and bodies
and the opportunity to self-monitor one’s eating behaviors and
exercise in a gamified and engaging way. In people with EDs,
this convenience may be more pernicious, and the use of
non–social media smartphone apps such as calorie-tracking and
exercise-tracking apps [122,123], with reminders and gamified
features (eg, streaks), may additionally increase an individual’s
tendency to engage with their smartphone and reinforce
dependency on these apps [124]. It is possible that this may also
reinforce the addictive nature of some ED behaviors, such as
body checking, compulsive exercising, binge eating, calorie
counting, and restricting food intake. Moreover, individuals
prone to developing disordered eating behaviors may exhibit
an attentional bias toward ED-related content [125,126]. For
these individuals, engagement with algorithms that learn, adapt,
and are personalized via attention-related metrics may increase
exposure to ED-related content [127] and promote body
dissatisfaction via appearance and/or lifestyle comparison.

On the other hand, it is apparent from the results of this study
that even for people without diagnosed EDs, PSU is associated
with poorer body dissatisfaction and altered eating behaviors,
which are likely to cause distress. During adolescence,
individuals increasingly form their self-concept through
observing others and their surroundings, making social
comparison a mechanism for self-evaluation [128]. Smartphones
provide a more convenient way for such comparisons.
Adolescents with PSU may be frequently exposed to idealized
appearance images, making them more likely to compare their
own appearance with these “standards,” which leads to body
dissatisfaction and negative self-evaluation. For young people
and individuals at risk of developing an ED, or who are
exhibiting prodromal symptoms of EDs, prevention programs
and psychoeducation that incorporate media literacy may benefit
from specifically including content relating to PSU. Early
intervention pathways may benefit from incorporating
psychoeducational content that targets the quality and nature
of smartphone use, rather than focusing solely on reducing
smartphone screen time. Additionally, emphasizing the benefits
of engaging in more offline social interactions and activities
that can help bolster one’s social connectedness and support,
emotion regulation, and general psychological well-being may
also enhance the quality of their interpersonal relationships,
interpersonal confidence, and emotion regulation skills and
reduce dependence on smartphones.

Strengths and Limitations
To the authors’ knowledge, this review is the first to synthesize
existing evidence on the relationship between PSU and EDs,
as well as their related symptoms. The review adhered to a
preregistered protocol and a comprehensive search was
conducted across 3 databases, which was supplemented by

manual screening of reference lists from included studies and
citation tracking.

A major limitation pertaining to the included studies is that
almost all included studies used cross-sectional designs. Given
the cross-sectional nature of these data, it remains unclear
whether PSU independently contributes to adverse psychological
outcomes relating to ED symptoms, whether individuals with
preexisting vulnerabilities are more likely to engage in PSU, or
whether the relationship is bidirectional. Moreover, nearly all
studies relied on self-report measures of both PSU and ED
symptoms, which are subject to recall error and social
desirability bias. In several studies, potential confounding
variables such as gender, BMI, and age were considered;
however, others that might influence the relationship between
PSU and ED outcomes such as personality traits (eg,
compulsivity and neuroticism [129]) and psychiatric comorbidity
were not explored.

Such limitations underscore the need for future research using
longitudinal or experimental designs, alongside objective
measures and consideration of confounding factors, to strengthen
the causal inference and reduce bias. As such, it is also important
to acknowledge that ED outcomes were mostly assessed in
nonclinical populations and utilized self-report questionnaires
instead of formal diagnostic interviews, hospital admissions, or
referrals to specialist services, meaning the findings cannot be
fully generalized to clinical populations. Moreover, since
patterns of social media overuse or maladaptive usage have
been identified as plausible risk factors for the development of
EDs cross-culturally [34], it is possible that problematic social
media use contributed to our observed findings. Future studies
should endeavor to simultaneously measure problematic social
media usage and PSU, as well as specific app usage, to delineate
pathways between these factors and specific ED symptoms and
behaviors.

Conclusions and Considerations for Future Research
The studies included in this systematic review indicated a
significant and consistent association between PSU and ED
symptoms and related outcomes such as food addiction,
emotional overeating, and body dissatisfaction. The
identification of key mediators such as emotion regulation
difficulties, anxiety, and depression underscores the need to
adopt a transdiagnostic approach in ED prevention and
intervention. While these results align with existing literature
demonstrating an association between PSU and negative mental
health outcomes, the cross-sectional nature of the included
studies limits causal inferences. Nevertheless, the findings of
this review underscore the importance of integrating
psychoeducation on PSU into ED prevention strategies and
early intervention frameworks to enhance the timely detection
and treatment of ED symptoms.

Crucially, future longitudinal and experimental research should
seek to elucidate the bidirectional nature of this relationship,
include individuals with and without clinically diagnosed EDs,
and evaluate whether psychoeducational interventions targeting
PSU can reduce the onset and severity of ED symptoms in
at-risk populations. Patterns of use of specific apps that could
contribute to or explicate the nature of PSU within ED
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populations should be explored, alongside a collation of
qualitative evidence (eg, a qualitative metasynthesis) to enrich

our findings.
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Abstract

Background: The prevalence of mental health conditions among young people is high and further increasing. Despite this
considerable need, barriers remain to accessing and engaging with traditional mental health services. Online mental health peer
support is increasingly popular among young people seeking help. However, research examining the effectiveness of online
mental health peer support and user-centered experiences remains limited.

Objective: This systematic scoping review aimed to synthesize research evidence on the effectiveness and experiences of online
mental health peer support for young people, compare these across different forms, and identify possible applications of online
peer support.

Methods: This scoping review followed the 5-stage framework proposed by Arksey and O’Malley and revised by Levac et al.
Three reviewers screened the articles. The IBSS, SSCI, Scopus, PsycINFO, MEDLINE, and Social Policy and Practice databases
were searched by title and abstract. Retrieved studies (N=8327) were double-screened, and 38 articles met the inclusion criteria.
Studies were included if they focused on young people aged up to and including 25 years and if the intervention was online peer
support primarily aimed at supporting mental health.

Results: The number of participants (posts/comments) in each study ranged from 10 to 36,934. Seventeen studies reported on
the effectiveness of online peer support, and 28 studies reported on young users’ experiences. This review summarized evidence
of overall positive clinical outcomes, personal recovery outcomes (including improved social connectedness and other personal
recovery outcomes), and multidimensional experiences of online mental health peer support (such as fostering resonance or
fatigue).

Conclusions: Overall, online mental health peer support demonstrated positive effects on clinical and personal recovery outcomes.
However, findings related to user experiences were mixed. Experiences were influenced by factors such as safety, anonymity,
and the quality of peer interactions. These insights may inform the role alongside traditional services, attractive platform design,
and safeguarding. Future research should further explore the integration of online peer support with traditional services and
various digital platforms to better address young people’s mental health needs and further examine its effectiveness as well as
experiences in practice to maximize the peer support benefits and reduce risks.

(JMIR Ment Health 2026;13:e83139)   doi:10.2196/83139

KEYWORDS

online peer support; youth mental health; digital interventions; virtual communities; social media

Introduction

Mental health is a matter of global concern within the domain
of public health. In recent years, young people have faced
increasing risk of mental health challenges [1,2]. The United
Nations Children’s Fund [3] reported that 13% of young people
globally lived with a diagnosed mental health condition.
Similarly, official statistics from England show that the
proportion of probable mental disorders among young people
aged 17‐19 and 20‐25 years was as high as 23.3% and 21.7%,
respectively [4]. This trend may reflect both rising prevalence

and increased awareness, detection, and service demand.
Regardless of the relative contribution of these factors, the need
for mental health interventions for young people is growing [5].

Although young people experience mental health conditions at
higher rates, they often hesitate to seek help from conventional
services because of stigma or a desire to go it alone [6]. Young
people with mental health issues are more likely to seek support
from others facing similar concerns [7]. Therefore, peer support
is increasingly recognized as an important element of mental
health services [8]. Here, “peers” refers to individuals who share
experiences of mental distress [9], and peer support can be
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defined as “the process of providing and receiving assistance
between individuals who share characteristics or lived
experiences” (p. 1120) [10]. Peer support is based on the
fundamental principles of respect, shared responsibility, and
mutual agreement [11]. Initially developed offline, peer support
for youth mental health has been shown to produce positive
outcomes. A systematic review of five studies on offline peer
support found benefits, including reduced anxiety, increased
self-esteem, and higher perceived social support [12]. Halsall
et al [13] reported that offline peer support can enhance hope
and promote empowerment. Meanwhile, Conley et al [14]
proposed that offline peer support may reduce mental health
stigma, enhance stigma-related coping mechanisms, and boost
disclosure-related self-efficacy. These effects may, in turn,
increase the likelihood that young individuals access additional
services and support [14]. A recent scoping review also
demonstrated that offline peer support was associated with fewer
barriers for young adults accessing mental health services
compared with traditional care [15]. It is evident that offline
peer support appears to be a promising and relatively accessible
pathway toward improving young people’s mental health [16],
and it is gradually becoming embedded in national mental health
policy in many countries [9,17].

Despite the fact that offline peer support is undoubtedly
beneficial to youth mental health, there is an apparent decline
in interest among young people primarily due to the following
reasons. The rapid expansion of digital mental health services
has fundamentally transformed how mental health care is
delivered, prompting a significant shift in research priorities
toward online mental health peer support [11]. Reflecting this
transformation, the National Health Service in the United
Kingdom has committed increased financial investment to the
development and integration of digital platforms and online
support systems as part of its long-term strategic plan [18]. The
COVID-19 pandemic has further increased the provision and
use of online peer support interventions, with the aim of
equipping young people with necessary coping skills [10] and
enhancing their overall well-being [19]. Furthermore, social
media platforms are frequently employed by young individuals
to interact with others grappling with similar mental health
challenges [20]. Apart from external factors, young people
actively turn to online space for obtaining mental health support.
A mounting body of evidence suggests that online interventions
are particularly appealing to young people with mental health
issues [20-23]. Research indicates that young people as “digital
natives” frequently use the internet to seek mental health support
and report high levels of satisfaction with online resources
[21,24,25].

Consequently, online peer support has the potential to
complement existing mental health services facing high demand
and unmet needs. However, evidence on its effectiveness
remains mixed. For example, in a systematic review of online
peer support for youth mental health, Ali et al [26] found
positive effects in 2 out of 6 randomized controlled trials. While
some studies link online peer support with greater compassion,
improved clinical outcomes, and new social connections [27,28],
others highlight potential risks, such as distress from reading
mental health–related online content [29] and the possibility of

social contagion [30]. The online environment offers benefits
such as shared experience and anonymity; it also poses
challenges, including problematic interactions and
non–evidence-based advice.

In recent years, various forms of online mental health peer
support have emerged; however, the relative benefits and
drawbacks of these formats remain unclear. This systematic
scoping review, therefore, aims to synthesize evidence on the
effectiveness and experiences of online mental health peer
support for young people, compare these across different forms,
and identify possible applications of online peer support.
Specifically, this review addresses the following questions:

1. What evidence has been reported in the literature regarding
the effectiveness and experiences of online peer support?

2. Do effectiveness or experiences vary by type of online peer
support?

3. What are the implications of these findings for the
development of online peer support?

Methods

Overview
This systematic scoping review was conducted using the 5-stage
framework proposed by Arksey and O’Malley [31] and revised
by Levac et al [32]. This framework comprises the following
stages: identifying the research question; identifying relevant
studies; study selection; charting the data; and collating; and
then summarizing and reporting the results. The review was
also reported in accordance with the PRISMA-ScR (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
extension for Scoping Reviews; Checklist 1).

Search Strategy
The objective of this review was to identify studies examining
the effectiveness and experiences of online peer support for
young people experiencing mental health difficulties. Two
authors (SY and GD) drafted, developed, and implemented the
search strategy in consultation with an experienced university
librarian, who provided suggestions on search strings and
database selection. There was unanimous consensus among all
authors on the search strategy. A preliminary search was
conducted in 6 databases: IBSS, SSCI, Scopus, PsycINFO,
MEDLINE, and Social Policy and Practice databases using title
and abstract in January 2024. Each database used equivalent
searches. To ensure the inclusion of up-to-date articles, a second
search was conducted in February 2025, employing the identical
search strategy. The search did not use any database limits
related to date in order to gain a comprehensive overview. The
terms employed were predominantly derived from the realm of
online delivery, peer support, mental health challenges, and
young people in peer-reviewed articles. The following search
terms were used:

• online OR virtual OR internet OR web-based OR digital
• AND “peer support” OR “support group*” OR communit*

OR forum* OR chatroom*
• AND “mental health” OR “mental disorder*” OR “mental

distress” OR “mental illness*” OR psycho* OR depression
OR anxiet* OR personalit*

JMIR Ment Health 2026 | vol. 13 | e83139 | p.173https://mental.jmir.org/2026/1/e83139
(page number not for citation purposes)

Yuan et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


• AND child* OR “young people” OR “young adult*” OR
“young person*” OR teen* OR adolescen* OR youth

Eligibility Criteria
Inclusion and exclusion criteria were established in accordance
with the population, concept, and context model as outlined in
the Joanna Briggs Institute’s Manual for Evidence Synthesis
[33] and are presented in Multimedia Appendix 1. In terms of
population, the focus was on young people engaging in online
peer support, but there was no age restriction used for people
who were involved in providing, facilitating, and/or moderating
this support. Reference lists of all included studies were
hand-searched to identify eligible studies.

Evidence Selection
The first round of search conducted in January 2024 yielded a
total of 7591 articles, which were subsequently imported into
EndNote with the objective of identifying instances of
duplication. Subsequently, the remaining records (n=5215) were
imported into Covidence, a tool designed for the management
of screening [34], in order to conduct a second removal of
duplication and select potential studies that were relevant to the
review. Prior to the screening process, a consensus was reached
among all authors concerning a set of inclusion and exclusion
criteria. Following the second duplication removal process, the
titles and abstracts of the remaining 4883 papers were
double-screened. One reviewer (SY) screened all the potential
studies, while the other 2 reviewers (GD, PB) each screened
50%. A total of 89 articles were retained to full-text double
screening by the same 3 reviewers, who had completed the
initial screening. Any discrepancies between the 2 perspectives
were resolved by a third reviewer or through collaborative
meetings. Following a thorough examination of the full texts,
59 papers were deemed to be ineligible and consequently
excluded from the study. The second search, conducted in
February 2025, yielded 736 records in total. The process of
screening for articles retrieved in the second round is identical
to the process employed in the first round. Following the
removal of 386 duplicates (via EndNote, n=384; Covidence,
n=2), 350 papers were screened for eligibility. After the initial
screening of titles and abstracts, 331 articles were excluded.
This process was followed by a full-text screening, which
resulted in the exclusion of a further 12 articles.

Data Extraction and Coding
Following deliberations within the team, a standardized template
was created in Microsoft Excel spreadsheet, which was then

used by one author to extract data from the included papers. It
is important to note that one author reported the latest data
extraction as well as information that was difficult to make a
decision on to other authors in time and all authors convened
at regular intervals, either in person or via online platforms,
with the objective of ensuring consistency throughout the data
extraction phase. The coding scheme was used to summarize
the relevant components of online mental health peer support
and explore the research questions. In addition to the
effectiveness of online peer support, personal experiences of
young people offer further insights into the benefits of this
approach and provide a more detailed explanation of the
underlying reasons for the observed outcomes. The coding
scheme included author (year), country, data source, intervention
based on three main characteristics (interaction, moderation,
and targeted mental health conditions), effectiveness (clinical
outcomes, personal recovery outcomes, and potential
challenges), and experiences (positive or negative) of online
peer support.

Results

Study Characteristics
The combined study selection process across both search rounds
is illustrated in Figure 1, along with detailed reasons for
exclusion. A total of 38 studies were included in the final review.
Detailed characteristics of the included papers (n=38) are
presented in Multimedia Appendix 2 [2,10,19,23,28,35-46] and
Multimedia Appendix 3 [10,19,20,23,30,38,43,44,46-65], which
categorize the studies according to their focus on the
effectiveness and experiences of online mental health peer
support. Of the 38 studies, 30 were published after 2019. Half
of the interventions (n=19) did not report the country in which
they were conducted. The number of participants
(posts/comments) in each study ranged from 10 to 36,934.
Participants were recruited offline in the United Kingdom (n=4),
the United States (n=5), Australia (n=5), China (n=1), Singapore
(n=1), Korea (n=1), Indonesia (n=1), and South Africa (n=1).
The source of participants was categorized as specific clinics
(n=6), schools (n=9), and online platforms (n=26). Most studies
reported experiences of online peer support (n=28), with 17
studies reporting outcomes. Seven studies provided findings on
both effectiveness and experiences.
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Figure 1. PRISMA-ScR flow diagram summarizing the evidence selection process. PRISMA-ScR: Preferred Reporting Items for Systematic Reviews
and Meta-Analyses extension for Scoping Reviews.
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Intervention
The main characteristics of the interventions were categorized
as follows: (1) synchronous or asynchronous interaction, (2)
moderated or unmoderated delivery, and (3) general or specific
mental health conditions targeted. This categorization was based
on a scoping review identifying typologies of online mental
health peer support [66]. When reported, the majority of online
peer support interventions were asynchronous (n=31). A
combination of synchronicity and asynchronicity was also
reported in some studies (n=4). Only 2 studies specifically
mentioned synchronous interaction with peers; in other studies,
it was not specified, and so it was difficult to determine whether
the interaction was synchronous or asynchronous. Two studies
did not provide any details concerning the interaction. With
regard to the issue of moderation, roles were divided into the
following categories: professionals (n=12), trained and paid
staff or workers (n=2), trained and paid peer support workers
or peer moderators (n=3), peer support experts or specialists
(n=2), trained peer volunteers (n=1), trained lay counselors
(n=1), administrative moderators (n=1), researchers (n=2),
unpaid peer moderators (n=1) and consumers (n=2).
Furthermore, online peer support had the potential to address
both general (n=26) and specific (n=11) mental health
conditions.

Outcome Measures

Classification
Effectiveness outcomes were organized into 2 main categories:
clinical outcomes and personal recovery outcomes [67,68].
Clinical recovery focuses on an individual’s psychiatric
symptoms and functioning, whereas personal recovery
emphasizes broader social outcomes, including adaptation to
illness, establishing an identity apart from the illness, and finding
meaning, purpose, and hope in an individual’s journey of growth
and personal development [68]. Some outcomes, such as
engagement, attrition, adherence, and cost-effectiveness, could
be considered in either category; however, for the purpose of
this review, they were considered as an aspect of personal
recovery. Personal recovery outcomes were further informed
by the CHIME framework, which includes Connectedness,
Hope and optimism, Identity, Meaning and purpose, and
Empowerment [69], which covers both social interactions with
peers and intrinsic personal enhancement. To circumvent any
potential overlaps and to present the outcomes of the online
peer support in as comprehensive a manner as possible, clinical
outcomes (with a focus on mental health symptoms or the degree
of psychiatric symptomatology) and personal recovery outcomes
adapted from CHIME (connectedness and other personal
recovery outcomes) were employed to measure the effectiveness
of online peer support in this review.

Clinical Outcomes
The review showed a range of positive effects on clinical
outcomes. A decline in various clinical symptoms, particularly
with the involvement of professionals and rigorous moderation,
was observed, including depressive symptoms, depression,
anxiety, suicidal ideation, nonsuicidal self-injury (NSSI),
self-harm, psychological distress, and negative emotional

symptoms [2,10,23,28,37,40,41,44,46], thus improving mental
well-being [10,19,46]. Morris and his colleague [36] reported
that an online peer support platform, therapeutically supported
by cognitive behavioral therapy, could reduce depressive
symptoms, particularly among individuals who made repeated
use of the service. Similarly, online peer support and cognitive
behavioral therapy, as 2 components of online intervention,
yielded substantial clinical benefits (eg, reduced depression and
anxiety) for young individuals grappling with mental health
challenges [46]. Concurrently, the provision of online peer
support, either as a standalone intervention or in conjunction
with online counseling, yielded substantial benefits in terms of
enhanced clinical outcomes [44]. It also helped assist in the
mitigating adverse sentiments toward medicine and illness,
thereby enhancing engagement with mental health treatment
[35]. There was also some evidence to show that it addressed
the existing relative gaps in the treatment of subclinical
symptoms and distress by employing a transdiagnostic approach
[42]. It should be noted that no negative clinical outcome was
reported.

Personal Recovery Outcomes
Studies included in this review showed that online peer support
interventions had overall a positive effect on personal recovery
outcomes. Online peer support provides young people with
mental health issues more opportunities to interact with similar
users [52]. Shared experience and similar difficulties provided
a sense of closeness between young individuals [10,19,23,45].
Consequently, young users were more likely to obtain better
social support and relationship quality, feel the power of social
integration, and improve social functioning [10,40].
Furthermore, connectedness was also helpful in reducing
loneliness and isolation and improving life satisfaction
[23,40,44,45]. In terms of other personal recovery outcomes,
the intervention could help improve well-being, compassion,
self-esteem, self-efficacy, sense of purpose, and hope
[10,19,23,28,38,39,44]. Young people could be empowered to
assist themselves, develop insight, and improve their ability to
manage stress and solve problems through the acquisition of
beneficial coping skills and strategies [19,38,42]. Subsequent
online peer support interventions have been demonstrated to
facilitate enhanced reappraisal, sustained perseverative thinking,
and diminished perceived impact of mental health challenges
[2,36]. Additionally, the increased engagement was identified
as a significant benefit of online peer support, whether in
reciprocal interactions or civic behaviors [10,36,38,42,46].
Meanwhile, online peer support with cost-effective nature has
been proposed as a potential solution to the challenges posed
by shortages of offline mental health care providers and support
services [2,44].

Potential challenges of personal recovery outcomes are
important aspects of online peer support that should not be
ignored. Some studies acknowledged that the relatively limited
evidence of effectiveness of online peer support is a potential
challenge, especially in the context of the existing evidence for
interventions delivered by professionals [40,42]. It was also
suggested its effectiveness may be negatively affected by high
attrition and lack of overall adherence, although these may also
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be challenges for other interventions [37,42]. No additional
risks were identified in the remaining studies.

Multidimensional Experiences of Online Peer Support
Overall, included studies reported mainly positive experiences,
although mixed and negative experiences were also documented
and require careful consideration. Reported benefits included
improved social connectedness, reduced feelings of loneliness,
elevated self-esteem, sense of purpose, empowerment, and civic
engagement [10,19,23,38,43,44,46,47,49,50,52,57,59,60,63,64].
Online peer support offered young people a safe space to share
experiences without censure and to have those experiences
recognized [30,51], fostering resonance with others facing
similar challenges [20,46]. Studies also reported an increased
opportunity for self-disclosure [55], making it easier to discuss
difficult topics and fostering a sense of belonging within a
supportive community [38]. It was suggested that this sense of
community arose from relatedness and friendship between young
users [19,43,46,47,52,59,60,64,65] and it helped to reduce the
experience of loneliness and social isolation
[23,38,44,49,50,57,60,63,65]:

I’m just trying to find a place where I’m feeling less
alone with these feelings. [50]

[I felt much more comfortable on there than I did with
many other apps because it felt very much like a
community.] [38]

Other reported benefits included acquiring new information and
self-help, increased confidence to share and interact with others,
and  improv ing  communica t ion  sk i l l s
[10,43,44,47,51,59,60,64,65]. Young people were more likely
to both seek and provide altruistic social and emotional support,
which some felt was lacking in professional psychotherapy
[47,52,60,61,65]:

…I have attempted before but now I feel like they
don’t treat my feelings seriously like if I’m not hurting
or trying to take my life…nobody around me
understands me. But on kooth, I feel like the
community does. At least on here, there are people
who can say that it isn’t just you Yano. You don’t have
to go it alone. We take you seriously… [52]

Furthermore, some young individuals developed professional
and academic aspirations through participation [19].

Positive experiences were linked to practical advantages such
as overcoming geographical and time constraints, requiring only
basic technical access to engage [38,49]. Several studies noted
reduced stigma as a result of engagement [23,47,50,54]. Further,
some participants described a shift in their perspective and
letting go of preconceived ideas about coping, feeling supported
despite isolation [20,57], and becoming more open to advice
from peers [44,48,50-53].

[Having the reviews and the comments from peers
who have utilized those different groups was...a huge
thing that doesn’t exist anywhere.] [53]

However, not all experiences were positive. Some young
participants found that certain language use or stereotyping in
lived experience stories could also intensify the stigmatizing

impact [50]. Inaccurate or non–evidence-based information was
a recurring concern [30]. Some users experienced a sense of
invalidation, as well as normalization of their situations or
symptoms through interactions, which may potentially
discourage them from seeking help [38,50,51,65]. Conversely,
some young people who provided support reported feelings of
inadequacy, as well as fatigue, in relation to their role in
supporting others [10,30,51,65]:

Situations like sexual abuse and some more
complicated situations that honestly I don’t know how
to help with or I don’t even connect with because
luckily I’ve never experienced. So for me it’s just like
I don’t know how to show support so I prefer not to
say anything. But then I feel bad because I see that
they don’t have any replies and it’s a bit tricky
because you don’t want that person to be without any
support, but at the same time you don’t know how to
support them or what to say or how to help really.
[65]

In instances where constructive support and engagement were
absent, adverse outcomes were observed, such as amplifying
prevailing negative thought patterns [51,63,65]. Online peer
communities appeared particularly risky in the context of
self-injury, where toxic competition could foster harmful
communication, worsen mental health, and normalize self-harm
[50,51]:

At first, you think this is great because they
understand me and they get me, but also, they have
the same issues as you… it can become that echo
chamber or thoughts and feelings that just you can’t
escape from…it kind of feels like a competition of
who’s had it worse? Who cuts deeper? Who hurts
themselves worse? [51]

Additional concerns included privacy breaches and
cyberbullying, especially when digital technologies were
misused by young individuals or when appropriate moderation
was lacking [47]. Furthermore, some participants expressed a
preference for more in-depth, personalized communication [59].

Beyond these inherent limitations, the design of online platforms
or applications may also impede the advantages of peer support.
The absence of user control over content selection was reported
to potentially exacerbate mental health challenges [38].
Technical issues and poor integration with other apps were
noted to reduce user satisfaction, with some platforms offering
limited tools and instead directing users to features found in
external applications [53]:

I tried the search. I tried to look at different features
that it had…in the first few times I tried it, it was kind
of glitchy and I had to go back and restart.

I like to have everything sort of integrated into one
application…just because it’s too much work to have
to go and change apps, and you know, it’s more work
and I’d be less likely to do it.

Participants also described certain platforms as “dull,”
“unintuitive,” or “clunky,” making them less appealing to young
people with mental health concerns [23]. While safety
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considerations led some platforms to adopt strict moderation
policies, this could contribute to delays in accessing counseling
services, despite its easier online accessibility [44].

Discussion

Principal Findings
This scoping review synthesized findings from 38 studies on
the effectiveness and experiences of online peer support for
young people with mental health issues. Overall, largely positive
effects were reported for both clinical and personal recovery
outcomes, highlighting the great potential of online peer support
alongside traditional services. However, findings for personal
experiences were mixed.

In this review, online peer support was conducted in different
countries, including the United Kingdom, the United States,
Australia, China, Singapore, South Korea, Indonesia, and South
Africa. The majority of online peer support, based on social
media or specific mental health platforms, connects young users
with others who have similar experiences of mental health
challenges around the world and helps them develop new
friendships in informal spaces, facilitating the expansion of the
beneficiary population from any country and reducing
geographical constraints, which is in accordance with the
findings of a previous study [70]. At the same time, we found
evidence that online peer support might decrease social barriers
that hinder mental healthcare support seeking in particular
stigmatization [71,72].

Regarding the association between effectiveness (or experiences)
and different types of online peer support, our results reveal
that young people reported limited effectiveness and more
challenges using online peer support without moderation or lack
of professional involvement. However, we did not find that
other different characteristics (eg, asynchronicity/synchronicity,
targeted general/specific mental health conditions) directly affect
the benefits of online peer support, which makes it difficult to
answer the question about effectiveness (or experience) across
the different types of online peer support, but might have an
impact on participation and interaction with help seekers and
peer supporters [73]. Future empirical studies should focus on
the specific effects of online peer support with varying
characteristics on participants (eg, participation style) as well
as how these factors further influence the effectiveness and
positive experiences of online peer support.

Online Peer Support and Traditional Services
Our results suggest that online peer support is effective across
2 domains: traditional clinical outcomes (eg, reduced mental
health symptoms) and personal recovery outcomes, such as
connectedness, hope, self-esteem, and empowerment, which
may be absent in professional psychotherapy. Drawing on lived
experience from peers is a core component of online peer
support and has been found to engage young people who might
otherwise not seek help [42]. Nevertheless, online peer support
programs cannot replace mental health professionals [22,74].
Some young people prefer professional guidance for a tailored
therapeutic approach [65].

The findings reported in this systematic scoping review are in
line with some evidence of effectiveness of online peer support
proposed by Ali et al [26] but also further identify the overall
positive outcomes and extend the possible pathway combining
online peer support and traditional mental health services
together. The strengths of each approach are complementary.
Online peer support offers resonance through shared experience
and a low threshold for engagement, whereas traditional services
provide professional mediation. Combining both may optimize
outcomes for young people with mental health difficulties. The
global shortage of youth mental health services is a significant
barrier [75], and most online peer support programs have
emerged from academic or commercial settings [46]. Our
evidence for the effectiveness of online peer support further
emphasizes the need for consideration to integrate online peer
support into clinical care. It could be utilized at various stages
of a patient journey [76], such as during waiting periods,
alongside ongoing therapy, post-discharge, or preventatively.
The current review specifically highlights the potential of
integrating online peer support and traditional services.

Online Peer Support and Online Platforms (Social
Media)
Online peer support is delivered via dedicated mental health
platforms (eg, Kooth, ReachOut) or social media (eg, TikTok,
Instagram). Both have been demonstrated to yield positive
effects for young people grappling with mental health challenges
[52,53,77]. Mental health platforms support structured peer
exchange, whereas social media enables user-generated content
and informal peer support [70,78,79]. Both formats may be
web-based or app-based.

Despite these benefits, current online peer support platforms
are not fully tailored to young users’ preferences. Limited
personalization, technical malfunctions, and suboptimal
operational efficiency contribute to high dropout rates, with
many users abandoning support before benefiting from it [23].
Other young people report that the constant exposure to others’
low moods causes them discomfort [29,30,38]. Potential
solutions are to enhance content-filtering features, particularly
on platform homepages, allowing users to block sensitive
material and avoid unintentional exposure to adverse influences
[38]. Further, the integration with other platforms or apps could
improve engagement by allowing young users to switch between
sources, apply helpful information, and provide support to peers
across multiple platforms [53].

While social media is highly appealing to young people, it
presents unique challenges. Social media platforms rarely focus
specifically on mental health, exposing users to a wider range
of information and interactions that may be difficult to critically
assess. This may increase the risk of self-misdiagnosis or the
reinforcement of maladaptive perceptions of mental illness
[79,80]. Moderation could serve as a safeguard; however, the
optimal role, scope, and effectiveness of moderators on social
media remain under-researched and require further investigation.

Designing engaging, safe, and integrated digital mental health
support platforms is therefore essential to maximize the benefits
of online peer support. Until then, young people will likely
continue to use social media for such mental health support.
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Our findings underscore that social media platforms require
careful moderation and guidance to protect vulnerable young
users while supporting positive peer interactions.

Implications
Integrating traditional services with online peer support seems
the ideal roadmap for future mental health care. Both online
mental health peer support and traditional mental health services
have benefits and drawbacks. Online peer support can play a
valuable role in providing young people who are temporarily
unable to access traditional services with reliable and
compassionate strategies for coping with mental health issues.
It can also support those who are under-informed or
apprehensive about mental health challenges by reducing stigma
and fostering positive attitudes toward seeking support and
treatment. At the same time, traditional in-person services
remain essential, particularly in establishing effective links with
online resources to enhance care during therapy and following
discharge.

Digital platforms also have the potential to enhance the benefits
of online peer support. Interactive, safe, and integrated platforms
may increase attractiveness and engagement while allowing
users to select services that align with their personal needs. For
instance, they may connect with peers for emotional support,
access practical information from lived experiences to aid
self-management, or simply find a safe space to express
themselves. At the same time, online environments present
complex challenges. Therefore, it is important that young
individuals are informed about both the benefits and risks of
different platforms so they can choose appropriate forms of
support and avoid potential harms. Ideally, the development of
online peer support interventions will foster collaboration with
professionals and relevant platforms, contributing to more
accessible and safer options for young people experiencing
mental health difficulties.

Limitations
This systematic scoping review has several limitations. First,
although Levac et al [32] recommend stakeholder consultation
as part of the review process, this was not a major component
of the current review, which may limit its comprehensiveness.
Second, although multiple databases were searched, the choice
of search terms may have led to the exclusion of some relevant
studies. To mitigate this, we conducted hand searches of key
journals, relevant reviews, and seminal papers; however, only
one additional eligible study was included. Finally, the absence
of sufficient details makes it difficult to determine whether the
included studies are independent evaluations or supported by
platforms. Therefore, the effectiveness and other users’positive
experiences of online peer support should be considered with
a degree of caution.

Conclusions
This systematic scoping review presents evidence for the
effectiveness of online peer support in 2 main
categories—clinical recovery and personal recovery—and
considered reports of experiences of online mental health peer
support. The results highlighted the potential of integrating
online peer support interventions into youth mental health care.
The findings of the review increase our understanding of how
various forms of online peer support for young people could
promote mental health well-being, as well as personal
development and encourage positive interaction, while also
revealing challenges associated with moderation, privacy, and
the platform itself. Future research should focus on the
integration of online peer support, traditional services, and
various digital platforms to better address young people’s mental
health needs and further examine the effectiveness as well as
experiences in practice to maximize online peer support benefits
and reduce risks.
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Abstract

Background: Digital mental health interventions (DMHIs) offer scalable and cost-effective support for mental health but are
predominantly developed in WEIRD (western, educated, industrialized, rich, democratic) contexts, raising questions about their
global applicability. Dropout, attrition, and adherence rates critically influence DMHI effectiveness yet remain poorly characterized
in culturally adapted formats.

Objective: This systematic review aimed to (1) synthesize evidence on dropout, attrition, and adherence in culturally adapted
DMHIs delivered to non-WEIRD adult populations and (2) assess the methodological quality of the included studies.

Methods: PsycINFO, PubMed, and ScienceDirect were systematically searched for randomized controlled trials published in
English between January 2014 and April 2024. Screening and data extraction followed PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines, and methodological quality was evaluated using the Appraisal Tool for
Cross-Sectional Studies tool. Extracted variables included dropout, attrition, adherence, adaptation techniques, and clinical
outcomes.

Results: Twenty-three randomized controlled trials (n=4656) from diverse regions met inclusion criteria. Attrition ranged from
5.3% to 87% (median 18.4%), dropout from 0% to 66% (median 18.7%), and adherence from 26.3% to 100% (median 71%).
Deep, participatory adaptations—such as language translation combined with culturally resonant content, stakeholder engagement,
and iterative refinement—were consistently associated with lower dropout (<11%) and higher adherence (>75%). In contrast,
surface-level adaptations (eg, translation only) showed higher dropout (up to 56%). Studies that incorporated both cultural tailoring
and human support reported the most favorable engagement and clinical outcomes (eg, reductions in insomnia, depression, and
anxiety). Most studies (91%) were rated as “Good” quality, although some lacked representative sampling or objective engagement
metrics.

Conclusions: Comprehensive and participatory cultural adaptation is associated with engagement and effectiveness of DMHIs
among non-WEIRD populations. Future research should integrate hybrid human-digital delivery models, objective engagement
metrics, and larger multicenter trials to improve generalizability and scalability.

Trial Registration: PROSPERO CRD42025641863; https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=641863

(JMIR Ment Health 2026;13:e80624)   doi:10.2196/80624
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Introduction

Digital mental health interventions (DMHIs) have seen explosive
growth in recent years [1], offering scalable, cost-effective ways
to broaden access, reduce costs, and empower users to
self-manage their well-being [2,3]. These platforms—including
mobile apps, video-based therapy, peer-led communities, and
interactive web modules—provide flexible, on-demand support
[4], with users reporting benefits such as scheduling and location
flexibility, low effort, enhanced access and anonymity, greater
trustworthiness with facilitators [5]. Pandemic-related demand
and advances in digital access have accelerated DMHI
development globally [6,7].

Alongside this expansion, longstanding debates about cultural
relevance in public health have extended into the digital realm
[8,9]. Most digital health research remains rooted in WEIRD
(western, educated, industrialized, rich, democratic) settings
[10-12], raising questions about generalizability. While some
small-scale adaptations—such as a sleep-support app tailored
for German refugees—have demonstrated high satisfaction and
comparable adherence [13]. However, a systematic review of
over 10,000 participants found no consistent efficacy advantage
for culturally adapted interventions [14]. These mixed findings
suggest that adaptation may boost initial uptake but does not
guarantee sustained engagement or better outcomes.

A critical factor underlying these mixed results is participant
retention [15]. High dropout and attrition can erode both
effectiveness and cost-efficiency [16], making retention metrics
essential for evaluation. Research typically focuses on three
core measures: the dropout rate (discontinuation before
completion [17]), the attrition rate (loss to follow-up or ceased
usage [18]), and the adherence rate (completion of prescribed
sessions [19]). Understanding what drives these outcomes—be
it cultural fit, usability barriers, or motivational factors—is key
to crafting sustainable, impactful digital interventions [20,21].

Therefore, the present systematic review aims to
comprehensively examine retention and engagement outcomes
in culturally adapted DMHIs implemented among non-WEIRD
adult populations. Specifically, this review seeks to (1)
synthesize evidence on dropout, attrition, and adherence rates
across studies and (2) evaluate the methodological quality of
the included trials to identify strengths, limitations, and factors
associated with higher retention and adherence.

By addressing these objectives, the review intends to generate
evidence-based recommendations to guide the design and
implementation of culturally responsive DMHIs worldwide.

Methods

Article Search and Selection
This review was preregistered on PROSPERO (Prospective
Specific Evaluation of Reviews) (CRD42025641863 [22]). The

literature search took place from February 2024 and ended in
July 2024. To ensure comprehensiveness, we used three search
strategies: database searches and manual searches of reference
lists of relevant articles.

Database Search
The review followed the guidelines of the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
[23]. A comprehensive search was conducted in the following
electronic databases: (1) PsycINFO, (2) PubMed, and (3)
ScienceDirect. The search strategy was designed to identify
both quantitative and qualitative studies focusing on culturally
adapted mental health interventions delivered via digital
platforms (eg, e-mental health, mobile applications). Search
terms were developed using combinations of keywords related
to cultural adaptation (eg, “culturally appropriate,” “adapted
intervention”) and intervention modality (eg, “digital health,”
“mobile app,” “e-mental health”). To ensure breadth and
sensitivity, the search strategy incorporated a wide range of
related terms. The complete search strategy is provided in
Multimedia Appendix 1 [24]. Given that previous reviews
included studies up to 2014, only studies published between
January 2014 and April 2024 were included. The systematic
search process and the rationale for study inclusion and
exclusion were documented in accordance with PRISMA
standards (see Checklist 1). Two lead authors independently
reviewed articles for inclusion, with disagreements resolved
through discussion and consensus.

Inclusion and Exclusion Criteria
The population, intervention, control, and outcomes model
served as the foundation for the creation of the inclusion criteria
[25]. People from non-WEIRD societies were referred to as part
of the population [12]. This systematic review focuses on
DMHIs adapted for non-WEIRD populations, with clearly
defined inclusion and exclusion criteria.

1. Eligible interventions must be internet-, computer-, or
mobile-based to address mental health problems, including
depression, anxiety, or trauma.

2. They must also be culturally adapted for the target group
to align with the population’s cultural context.

3. The target population includes adults aged 18 years or older
from non-WEIRD cultural backgrounds that differ from
the original intervention target group.

4. Only randomized controlled trials (RCTs) published in
peer-reviewed English-language journals within the last 10
years are included, with no restrictions on the type of setting
(eg, rural, urban, clinical, or non-clinical).

Exclusion criteria were excluded if they (1) involved
interventions that lack cultural adaptation, (2) targeted
individuals under 18 years, (3) were nondigital interventions,
(4) were observational studies, case reports, and qualitative
studies, and (5) were articles not published in English or outside
the 10-year timeframe. By adhering to these criteria, the review
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will evaluate the impact of cultural adaptations on reducing
drop-out rates and the overall effectiveness of these
interventions.

Data Screening and Eligibility
After duplicates were removed using EndNote (version 20.3;
Clarivate), the remaining records were screened manually using
Microsoft Excel. The titles and abstracts were independently
screened by two lead authors, based on pre-established inclusion
and exclusion criteria. The level of agreement between the
screeners was 85% across title/abstract screening, data
extraction, and quality assessment stages. Discrepancies were
resolved through discussion until consensus was reached.

Data Extraction

Overview
Data extraction was conducted manually using a predesigned
Excel spreadsheet. The data extraction plan was developed in
accordance with PRISMA guidelines and informed by recent
reviews on digital health interventions among minority
populations [26-28]. One author extracted the data, and another
author independently cross-checked the entries for accuracy.
As this is a systematic review, no imputation or sensitivity
analyses were conducted. Medians and ranges were calculated
only for studies that explicitly reported each outcome, and the
number of contributing studies (n) is provided for each summary
statistic.

Extraction of Participant Demographics
Demographic information, including participants’ age, gender,
and cultural background, was extracted directly from the study
descriptions or participant tables. Missing or incomplete
demographic data were noted in the extraction sheet.

Extraction of Recruitment Settings
Recruitment methods and settings (eg, community-based,
clinical, or online) were coded from the methods section of each
study. When not explicitly stated, the inferred setting was noted.

Extraction of Engagement Metrics (Dropout, Adherence,
and Attrition)
Engagement data were extracted as follows: dropout was defined
as noncompletion of the intervention; attrition as loss to

follow-up; and adherence as the proportion of sessions
completed. If data were not reported, this was recorded as “not
available.”

Extraction of Cultural Adaptation Strategies
Details on cultural adaptation (eg, translation, content tailoring,
stakeholder involvement, and iterative feedback) were extracted
from intervention descriptions. Adaptations were coded as
surface-level or deep-level.

Extraction of Clinical Outcomes
Primary and secondary clinical outcomes (eg, depression,
anxiety, insomnia) and their corresponding measurement tools
were extracted and coded for direction of effect (improvement,
no change, or worsening).

Quality Assessment
Two authors independently conducted the quality assessment
of all included quantitative studies using the Appraisal Tool for
Cross-Sectional Studies [29]. Disagreements were resolved by
discussion. Each item was rated as “yes,” “no,” or “do not
know,” with scores assigned according to conventions used in
previous reviews [30,31]: yes or not applicable (N/A)=1 point;
no or do not know=0 points. Total scores ranged from 0 to 20,
with studies rated as good (≥15), fair (10-14), or poor (<10).

Results

Study Selection
A total of 184,047 records were identified through the database
search. After removing duplicates (n=180,371), 3676 articles
remained for title and abstract screening. Of these, 3641 were
excluded based on the predefined inclusion and exclusion
criteria. The remaining 35 articles were assessed for eligibility
by the authors. Eleven studies were excluded at this stage
because they were study protocols or review articles, and one
study met all inclusion criteria but was excluded from the final
review due to inaccessibility; attempts to obtain the full text
through institutional subscriptions and direct author contact
were unsuccessful. Ultimately, 23 articles were included in the
final review. The study selection process is summarized in
Figure 1, and detailed study descriptions are available in
Multimedia Appendix 2 and Table 1.
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Figure 1. PRISMA flowchart. RCT: randomized controlled trial.
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Table . Study description of the selected studies (n=23).

Primary
outcome
measure

Adher-
ence rate
(%)

Attrition
rate (%)

Dropout
rate (%)

Adapta-
tion
frame-
work
used

Platform
used

Interven-
tion type

Demo-
graphics

Age (y),
mean
(SD)

Recruit-
ment set-
tings

Adapted
country

Country
of origin

Author
and year

Insomnia

(ISIb)

941111Not re-
ported

Smart-
phone-
based
app

DCBT-Ia

app

Insomnia
(chronic
insomnia
disorder),
Chinese;

49.67
(14.49)

Not re-
ported

ChinaChinaZhang et
al [32]
(2023)

74.4% fe-
male

Insomnia
(ISI)

444656Adapta-
tion in-
cluded

Web-
based in-
terven-

Studi-
Care
Sleep-e

Interna-
tional
students

26.8
(4.4)

OnlineGermanyGermanySpanhel
et al [13]
(2022)

contenttion onbased on

CBTc
in Ger-
many
(92.6%

(eg, re-
moval of

Minddis-
trict plat-
formwith in-

somnia);
sleep re-
stric-

49.4% fe-
male

tion), du-
ration
(short-
ened
from 6 to
3 mod-
ules), lan-
guage
(transla-
tion into
English),
and the
use of
students
as case
exam-
ples.

Depres-
sion

100850Not re-
ported

WeChat-
based
(app-
based)

WeChat-
based

mHealthd

interven-
tion

HIV
seroposi-
tive indi-
viduals
with de-
pressive

28 (5.8)Outpa-
tient clin-
ics; on-
line

ChinaChinaZeng et
al [33]
(2020) (CES-

D)e

symp-
toms;
5.33% fe-
male.

Depres-
sion

504141CBSM
adapted

WeChat
with mul-

Run4Love
based on

CBSMf

HIV
seroposi-
tive indi-
viduals

28.3
(5.85)

Outpa-
tient clin-
ics; on-
line

ChinaChinaGuo et al
[34]
(2022) (CES-

D)e
in Chi-
nese con-
text

timedia
materi-
als, auto-
mated

with de-
pressive

tracking,symp-
andtoms;
phone7.65% fe-

male. check-
ins.
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Primary
outcome
measure

Adher-
ence rate
(%)

Attrition
rate (%)

Dropout
rate (%)

Adapta-
tion
frame-
work
used

Platform
used

Interven-
tion type

Demo-
graphics

Age (y),
mean
(SD)

Recruit-
ment set-
tings

Adapted
country

Country
of origin

Author
and year

Absti-
nence
from
heavy
drinking
or drug
use
(urine
screen
and self-
report)

743149Smart-
phone
app or
clinic
tablets

TES-

NAVg
Ameri-
can Indi-
an and
Alaska
Native in
the Unit-
ed
States;
45.3% fe-
male,
1.9%
transgen-
der.

38. 6
(10.3)

Outpa-
tient clin-
ics

United
States

United
States

Camp-
bell et al
[35]
(2023)
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Primary
outcome
measure

Adher-
ence rate
(%)

Attrition
rate (%)

Dropout
rate (%)

Adapta-
tion
frame-
work
used

Platform
used

Interven-
tion type

Demo-
graphics

Age (y),
mean
(SD)

Recruit-
ment set-
tings

Adapted
country

Country
of origin

Author
and year

Integrat-
ed multi-
frame-
work
adapta-
tion: (1)
Ecologi-
cal Valid-
ity Mod-
el
(Bernal
et al [36],
2009) to
align lan-
guage,
persons,
metaphors,
content,
concepts,
methods,
goals,
and con-
text; (2)
Barrera
et al’s [
37]
(2013) 5-
step sys-
tematic
cycle (in-
forma-
tion gath-
ering →
prelimi-
nary de-
sign →
pilot test
→ refine-
ment →
final tri-
al); and
(3) Win-
good and
Di-
Clemente’s
[38]
(2008)
cultural-
tailoring
princi-
ples. All
steps
were iter-
atively
co-de-
signed
with four
native
clini-
cians/psy-
cholo-
gists, in-
dividuals
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Primary
outcome
measure

Adher-
ence rate
(%)

Attrition
rate (%)

Dropout
rate (%)

Adapta-
tion
frame-
work
used

Platform
used

Interven-
tion type

Demo-
graphics

Age (y),
mean
(SD)

Recruit-
ment set-
tings

Adapted
country

Country
of origin

Author
and year

with
lived ex-
perience,
and com-
munity
review-
ers.

Depres-
sion

(BDI-II)i

524428No for-
mal
frame-
work cit-
ed

Secure
online
platform:
Iterapi

ICBThDepres-
sive Kur-
dish peo-
ple of
Sweden;
46% fe-
male

33.86
(8.2)

Not re-
ported

SwedenSwedenLinde-
gaard et
al [39]
(2019)

Change

in SUDl

(ASIm)

88512Cultural
con-
structs
by Anez
et al
[41,42]
(2005,
2008)

Web
based

CBT4CBTkNative
Spanish
speaking
individu-
als;

DSMj IV
abuse
and sub-
stance
depen-
dence;
32.6% fe-
male

42.7
(11.6)

Not re-
ported

United
States
(Spanish
speaking
popula-
tion)

United
States

Silva et
al [40]
(2020)

Depres-
sion

(HDRS17)o

Not stat-
ed

Not stat-
ed

Not stat-
ed

Cultural-
ly sensi-
tive psy-
chiatric
consulta-
tion us-
ing the
Engage-
ment In-
terview
Protocol
(EIP).

Polycom
VSX3000
systems
were
used for
videocon-
ferenc-
ing. Lat-
er,
switched
to Skype

T-CSCTnMonolin-
gual Chi-
nese
Ameri-
cans with
depres-
sion,
63% fe-
male

50 (14.5)OnlineUnited
States
(Chinese
Ameri-
can immi-
grants)

United
States

Yeung et
al [43]
(2016)

Psycho-
logical
distress
(CORE-

OM)q;
psycho-
logical
well-be-
ing
(PWB-

S)r; dispo-
sitional
mindful-
ness

(FFMQs)

482828Medical
Research
Council
(MRC)
guide-
lines for
complex
interven-
tions;
Heuristic
frame-
work for
cultural
adapta-
tion

Zoom
and
email

MTCpUnder-
graduate
and post-
graduate
universi-
ty stu-
dents,
69% fe-
male

22.90
(3.57)

OnlinePakistanPakistanSarfraz et
al [44]
(2023)
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Primary
outcome
measure

Adher-
ence rate
(%)

Attrition
rate (%)

Dropout
rate (%)

Adapta-
tion
frame-
work
used

Platform
used

Interven-
tion type

Demo-
graphics

Age (y),
mean
(SD)

Recruit-
ment set-
tings

Adapted
country

Country
of origin

Author
and year

Depres-
sion
(BDI-II);
Anxiety

(BAI)u;
emotion-
al regula-
tion

(ERQ)v;
well-be-
ing (SP-

WB)w

872313No for-
mal
frame-
work cit-
ed

In-person
group
sessions
+ audio
for home
practice
(offline)

MBCTtPregnant
women
(1‐6 wk
of gesta-
tional
age)

29.59
(3.59)

Not re-
ported

IranIranZemes-
tani and
Fazeli
Nikoo
[45]
(2020)

Depres-
sion
(PHQ-

9)y

75714No for-
mal
frame-
work cit-
ed—adap-
tations
informed
by quali-
tative re-
search
and best
practices
(eg, fo-
cus
groups,
simplifi-
cation,
cultural
tailor-
ing);

Tele-
phone

Project
UP-

LIFTx,
adapted
from
MBCT

Hispanic
ethnicity;
67% pri-
mary
Spanish
speaker;
71% fe-
male

43.3
(11.3)

Outpa-
tient clin-
ics

United
States

United
States

Spruill et
al [46]
(2021)

Depres-
sion

(EPDS)aa;
Anxiety
(GAD-

7)ab

811619No for-
mal
frame-
work cit-
ed—adap-
tations
relied on
culturally
tailored
content
delivered
through
WeChat.

WeChat
mini-pro-
gram

GSH-

MBIz
Pregnant
women
in China

30.29
(4.29)

Outpa-
tient clin-
ics; on-
line

ChinaChinaZhang et
al [47]
(2023)

Anxiety
(GAD-7)
and de-
pression
(PHQ-9)
scores

Not re-
ported

32Not re-
ported

Iterative
user-cen-
tered
model

Web
based

i-CBTacUniversi-
ty stu-
dents;
1038
women
(78.7%);
725 par-
ticipants
(55.0%)
came
from
Mexico

21.4
(3.2)

OnlineMexico
and
Colom-
bia

Mexico
and
Colom-
bia

Benjet et
al (2023)
[48]
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Primary
outcome
measure

Adher-
ence rate
(%)

Attrition
rate (%)

Dropout
rate (%)

Adapta-
tion
frame-
work
used

Platform
used

Interven-
tion type

Demo-
graphics

Age (y),
mean
(SD)

Recruit-
ment set-
tings

Adapted
country

Country
of origin

Author
and year

Alcohol
Use Dis-
orders
(AU-

DIT)ae

Not re-
ported

24Not re-
ported

Not ex-
plicitly
named

Comput-
er tablets
(iPad 4th
Genera-
tion; Ap-
ple Inc)

AB-

CASIad
433
(51.5%)
were
male,
407
(48.5%)
were fe-
male and
83% of
them
were
from
Puerto
Rico

36.2
(11.2)

Not re-
ported

US Lati-
no adults

United
States

Vaca et
al [49]
(2023)

Insomnia
(ISI)

781622Stake-
holder-in-
formed,
iterative
cultural
adapta-
tion pro-
cess (not
explicitly
a formal
frame-
work, but
uses par-
ticipatory
design
princi-
ples)

Web-
based

SHUTi-

BWHSaf

based on

CBT-Iag

Ameri-
can
Black
women

59.5 (8)Not re-
ported

United
States
(specific
adapta-
tion for
Black
women
in the
United
States)

United
States

Zhou et
al [50]
(2022)

Parenting
practices

(PPI)ah;
Parenting
stress

(PSI)ai;
Child’s
behavior
(CB-

CL)aj;
Child-re-
ported
anxiety
and de-
pression
symp-
toms

(SCAREDak

and

CDIal)

Not ex-
plicitly
men-
tioned

1818Lan-
guage,
persons,
metaphors,
content,
concepts,
goals,
methods,
and con-
text
based on
Bernal et
al, [52]
(1995)
frame-
work in-
cluding
language,
persons,
metaphors,
content,
concepts,
goals,
methods,
context

Web
based

Incredi-
ble Years
School
Age Ba-
sic and
Advance
Programs

Filipino;
parents:
81.7% fe-
males,
16.3%
males

42 (5.6)Not re-
ported

Filipino
families

United
States.

Javier et
al [51]
(2025)
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Primary
outcome
measure

Adher-
ence rate
(%)

Attrition
rate (%)

Dropout
rate (%)

Adapta-
tion
frame-
work
used

Platform
used

Interven-
tion type

Demo-
graphics

Age (y),
mean
(SD)

Recruit-
ment set-
tings

Adapted
country

Country
of origin

Author
and year

Cogni-
tive func-
tion (Mo-

CA)am

Not re-
ported

18Not re-
ported

Agricul-
tural
Coping
Model
using
amalgam
of norms
from
West
Africa,
cultural
traditions
and prac-
tices
from Eu-
ro-
pean/Amer-
ican soci-
ety, and
experi-
ences of
historical
and con-
tempo-
rary
racism in
the Unit-
ed States

In-person
and on-
line
group
formats

CBTAfrican
Ameri-
cans; 14
females
and 3
males

65.9Outpa-
tient clin-
ics; on-
line

African
Ameri-
cans in
the Unit-
ed States

United
States

Owen et
al [53]
(2022)

Depres-
sion
(PHQ-9)

Not re-
ported

Not re-
ported

39Iterative
adapta-
tion and
tailoring
process
(focus
groups +
pilot
feed-
back)

Web-
based
with
asyn-
chronous
therapist
messag-
ing and
feedback

ICBTArabic-
speaking
popula-
tion, 25
females
and 34
males

37.5
(11.4)

OnlineSweden
(for Ara-
bic-
speaking
immi-
grants
and
refugees)

SwedenLinde-
gaard et
al [54]
(2021)

Reported
behavior,
and the
other on
intended
behavior
(RIBS-

J)ap;
Mental
Illness
and Dis-
order Un-
derstand-
ing

(MIDUS)aq

Not re-
ported

28Not re-
ported

Not re-
ported

In-person
(initial
session)+
email fol-
low-up

FSCan;

IBSSao

Universi-
ty stu-
dents, 26
females
and 70
males

20.25
(1.31)

Commu-
nity

JapanJapanYam-
aguchi et
al [55]
(2019)

PTSD
(PCL-

5)ar

Not re-
ported

13Not re-
ported

Bernal et
al (1995)
[52]
frame-
work

Web
based

CBT-
based

PTSDau

for on-
line
coaching
in Arabic

Arabic
speaking
popula-
tion, 62
females
and 25
males

Range
20‐54
(28)

Not re-
ported

EgyptUnited
States

Ellis et al
[56]
(2022)
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Primary
outcome
measure

Adher-
ence rate
(%)

Attrition
rate (%)

Dropout
rate (%)

Adapta-
tion
frame-
work
used

Platform
used

Interven-
tion type

Demo-
graphics

Age (y),
mean
(SD)

Recruit-
ment set-
tings

Adapted
country

Country
of origin

Author
and year

Anxiety
(GAD-
7); de-
pression
(PHQ-9)

Not re-
ported

139Informed
by focus
group in-
put;
rapid iter-
ative tai-
loring
(no for-
mal
frame-
work
named)

Web-
based via
WeChat
(mini-
program)
and
Zoom

Mindful-
ness-
based
mHealth

Universi-
ty stu-
dents,
73.7% fe-
males

22.21
(2.67)

OnlineChinaUnited
States

Sun et al
[57]
(2022)

Drug use
(self-re-
ported by
adoles-
cents);
Adoles-
cent sexu-
al behav-
ior, drug
use, and
violence

(ACASI)as

Not re-
ported

Not re-
ported

Not re-
ported

Barrera
et al’s
[59]
(2017)
surface-
structure
adapta-
tion mod-
el—con-
structs
vetted
against
Ecuadori-
an family
norms/laws;
parent re-
view for
linguistic
clarity;
minor
wording
and local
preva-
lence da-
ta up-
dates;
original
Hispan-
ic-acted
skill
videos re-
tained,
with no
deep-
structure
changes
required

In-person
sessions;
group
and fami-
ly-based,
Audio
Comput-
er-Assist-
ed Self-
Interview-
ing

Familias
Unidas is
a parent-
centered
interven-
tion

Students≥18Commu-
nity

EcuadorUnited
States

Jacobs et
al [58]
(2016)
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Primary
outcome
measure

Adher-
ence rate
(%)

Attrition
rate (%)

Dropout
rate (%)

Adapta-
tion
frame-
work
used

Platform
used

Interven-
tion type

Demo-
graphics

Age (y),
mean
(SD)

Recruit-
ment set-
tings

Adapted
country

Country
of origin

Author
and year

Iterative
user-
feedback
model
(usability
testing,
linguistic
transla-
tion, visu-
al edit-
ing)

Web-
based ac-
cessed
via email
login
links

Mothers
and Ba-
bies Inter-
net
Course/Cur-
so Inter-
net de
Mamás y
Bebés (e-
MB)
based on
CBT ap-
proach

Pregnant
women,
majority
resided
in Chile,
Spain,
Argenti-
na, Mexi-
co,
Colom-
bia, and
the Unit-
ed States.
Most
were
Spanish
speaking
(82.9%)
of Lati-
no/His-
panic eth-
nic identi-
ty
(71.3%),
and iden-
tified
their
racial
back-
ground
as Cau-
casian/Eu-
ropean
(53.2%)
or Mesti-
zo
(31.8%)

30.19
(5.57)

OnlineSpainUnited
States

Barrera
et al [60]
(2015)

aDCBT-I: digital cognitive behavioral therapy for insomnia.
bISI: Insomnia Severity Index.
cCBT: cognitive behavioral therapy.
dmHealth: mobile health.
eCES-D: Center for Epidemiological Studies Depression Scale.
fCBSM: cognitive behavioral stress management.
gTES-NAV: therapeutic education system-native version.
hICBT: inference-based cognitive behavioral therapy.
iBDI-II: Beck Depression Inventory-II.
jDSM: Diagnostic and Statistical Manual.
kCBT4CBT: Web-based cognitive behavioral therapy program.
lSUD: substance use disorder.
mASI: Addiction Severity Index.
nT-CSCT: telepsychiatry-based culturally sensitive collaborative treatment.
oHDRS17: Hamilton Depression Rating Scale.
pMTC: online mindfulness training course.
qCORE-OM: clinical outcomes routine evaluation-outcome measure.
rPWB-S: Ryff’s psychological well-being scale.
sFFMQ: Five-Facet Mindfulness Questionnaires.
tMBCT: mindfulness-based cognitive therapy.
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uBAI: Beck Anxiety Inventory.
vERQ: Emotion Regulation Questionnaire.
wSPWB: scales of psychological well-being.
xUPLIFT: using practice and learning to increase favorable thoughts.
yPHQ-9: Patient Health Questionnaire.
zGSH-MBI: digital guided self-help mindfulness-based intervention.
aaEPDS: Edinburgh Postnatal Depression Scale.
abGAD-7: Generalized Anxiety Disorder.
aci-CBT: Internet-delivered cognitive behavioral therapy.
adAB-CASI: automated bilingual computerized alcohol screening and intervention.
aeAUDIT: Alcohol Use Disorders Identification Test.
afSHUTi-BWHS: tailored version of automated internet-delivered treatment called Sleep Healthy Using the Internet for Black women.
agCBT-I: cognitive behavioral therapy for insomnia.
ahPPI: Parenting Practices Interview.
aiPSI: Parenting Stress Index.
ajCBCL: child behavior checklist.
akSCARED: parent's screening for child anxiety-related disorders.
alCDI 2: parent and child report Children’s Depression Inventory 2.
amMoCA: Montreal cognitive assessment.
anFSC: filmed social contact.
aoIBSS: internet-based self-study.
apRIBS-J: reported and intended behavior scale – Japanese version.
aqMIDUS: mental illness and disorder understanding scale.
arPCL-5: post-traumatic stress disorder checklist.
asACASI: adolescent sexual behavior, drug use, and violence.
atMDE: Major Depressive Episode Screener—current/lifetime version.
auPTSD: post-traumatic stress disorder.

Participant Demographics
Participants (n=4656; see Multimedia Appendix 2) represented
diverse cultural and demographic backgrounds. Several studies
focused on specific subpopulations like pregnant women who
were targeted in two studies [47,60,61], while young adults
aged 18 to 30 years were the focus of 39% (8/23)
[33,34,44,48,55,57,61,62]. Chinese participants were the most
frequently represented cultural group, included in 26% (6/23)
of studies [32-34,43,47,57]. University students from various
countries were the focus in 21% (5/23) of studies
[44,48,55,57,62]. Studies involving Middle Eastern or
Arabic-speaking populations accounted for 17% (4/23)
[13,54,56,61]. A significant proportion of studies examined
Hispanic/Latinx participants (7/23, 30%) [40,46,48,49,58,60,62]
and only two studies (2/23, 9%) included Black American
participants [50,53], and one study (1/23, 4%) evaluated a DMHI
among Indigenous communities [35], highlighting ongoing
underrepresentation of these groups in culturally adapted digital
mental health research, and one study was conducted on
Japanese students [55].

Recruitment Settings
Among the 23 included studies, most investigated DMHIs
among participants residing in urban settings (8/23, 35%),
typically located near metropolitan areas
[32,35,43,46,49,50,55,58]. Most of the studies (14/23, 61%)
often relied on community-based recruitment methods such as
advertisements, mailing lists, and outreach through community
centers [32,35,43,44,46,48,50,53-55,57,58,61,62]. Internet-based

recruitment was the second most common strategy, used in 22%
(5/23) of studies, primarily through platforms such as social
media [44,54,55,57,60]. Seven studies (7/23, 30%) recruited
participants directly from outpatient clinical settings located in
urban areas [32-35,43,46,53]. A notable proportion of studies
(7/23, 30%) recruited through universities and online
platforms—to enhance sample diversity and reach
[32,34,47,48,53,54,62]. For six studies (6/23, 26%), recruitment
settings were not clearly reported, although some recruitment
strategies (eg, convenience or snowball sampling) were
described [45,47,50,51,56,61].

Engagement Metrics: Dropout, Adherence, and
Attrition Rates
Across the 23 included studies, participant engagement varied
substantially. Attrition rates—defined as loss to
follow-up—ranged from 5.3% to 87%, with a median attrition
rate of approximately 18.4% among studies reporting this
outcome. While some studies demonstrated relatively low
attrition (eg, <15%) [46,47,56,57,61], some reported notably
high rates (>35%) [44,60,62], and five studies did not state
attrition rates [33,34,43,54,58], limiting comprehensive
comparison. Attrition rates were reported in 61% (14/23) of
studies. Dropout rates, reflecting noncompletion of the
intervention, also varied widely, from 0% to 66%, with a median
dropout rate of 18.7%. Dropout rates were reported in 17 studies
(17/23). Adherence rates, or the proportion of sessions or
modules completed by participants, ranged from 26.3% to 100%,
with a median adherence rate of approximately 71% in studies
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that reported these data. Adherence rates were reported in 61%
(14/23) of studies. High adherence was reported in programs
such as internet-delivered cognitive behavioral therapy (Sleep
Healthy Using the Internet for Black women) [50], where over
60% of participants completed all modules. However, 39%
(9/23) of studies did not report adherence rates [43,48,51,53-58]

Cultural Adaptation Strategies
Across the included studies, a wide range of cultural adaptation
strategies were employed to enhance the relevance and
effectiveness of DMHIs for diverse populations. One of the
forms of cultural adaptation used in the studies was language
translation, implemented in 57% (13/23) of studies to improve
linguistic accessibility [32,33,44,46-48,50,51,54,56-58,60]. The
other forms of cultural adaptation included content and imagery
adaptations that were mainly used in 70% (16/23) of studies to
align with cultural norms, such as visuals and metaphors tailored
f o r  s p e c i f i c  p o p u l a t i o n s
[33,35,44,46-48,50,51,53,54,56-58,60-62]. In 70% (16/23) of
studies, cultural values and local practices were integrated into
the intervention design, including the incorporation of traditional
healing methods for Indigenous groups
[33,35,44,46-48,50,51,53,54,56-58,60-62]. Stakeholder
involvement—including collaboration with cultural experts,
local communities, and leaders—was reported in 48% (11/23)
of studies [33,35,44,46-48,50,51,53,54,56-58,60-62]. Iterative
feedback and refinement processes—using focus groups,
cognitive interviews, and pilot trials—were used in 43% (10/23)
of studies to adjust the interventions based on user responses
[33,35,44,46-48,50,51,53,54,56-58,60-62]. Only three studies
(3/23, 13%) employed the Ecological Validity Framework
(EVF), guiding systematic adaptation across multiple cultural
dimensions [51,56,61]. Similarly, surface- and deep-structure
adaptations—which modify both observable aspects like
language and deeper cultural constructs—were applied in 9%
(2/23) of studies [44,58]. Technology adaptation to locally
preferred platforms (eg, WeChat in China) was reported in 35%
(8/23) of studies [32,33,47,56-58,60,61]. However, only one
study (1/23; 4%) included cultural competency training for
providers to ensure culturally sensitive delivery [53].

Clinical Outcomes
The studies included in this systematic review reported various
clinical outcomes, focusing on improvements in mental health
symptoms, quality of life, and other relevant measures. Most
commonly, the studies targeted insomnia and sleep-related
issues as primary clinical outcomes (4/23, 17%) [32,50,54,62],
followed by depression (12/23, 52%) [32-34,46-49,54,57,60-62]
and anxiety (8/23, 35%) [32,45,47-49,54,56,61,62]. Other
notable outcomes included significant reductions in
pregnancy-related anxiety among pregnant women in China
using a digital guided self-help mindfulness-based intervention
[47] an automated bilingual digital health tool in the United
States significantly reduced binge drinking episodes [49].

Methodological Quality Assessment
Overall, most studies (21/23, 91%) were of high methodological
quality. Overall, most studies demonstrated clear research aims
and employed study designs that were appropriate and well

justified in relation to their objectives. The target populations
were clearly defined across all studies. Statistical methods were
generally well described. Additionally, the key findings of the
studies were usually presented clearly, with discussions and
conclusions that were largely justified. Most studies also
acknowledged their limitations, enhancing transparency.
However, improvements are needed in two studies [58,62] by
ensuring representative sampling, justifying sample sizes,
addressing nonresponse bias, and transparently reporting dropout
data.

Discussion

Principal Findings
This systematic review synthesized findings from 23 RCTs
examining dropout, attrition, and adherence in culturally adapted
DMHIs among non-WEIRD adult populations. Participant
engagement varied widely, with median dropout and attrition
rates around 18% and mean adherence of 71%. Interventions
using deep, participatory forms of cultural
adaptation—combining translation with locally meaningful
content, stakeholder involvement, and iterative
refinement—showed the highest adherence (often >75%) and
lowest dropout (typically <11%). In contrast, interventions
limited to surface-level adaptations such as language translation
alone frequently exhibited higher dropout (up to 56%) and lower
adherence.

Patterns in Engagement
Dropout rates ranged from 6% to 87% and appeared to vary
depending on adaptation depth [47,60]. Studies integrating
multiple culturally grounded elements (eg, language, imagery,
values, and delivery context) reported greater retention and
engagement. For instance, Zhang et al [32] integrated culturally
specific sleep concepts into a CBT-I intervention, achieving a
dropout rate of only 6.09%, while Silva et al [40] used culturally
resonant telenovela-style content and reported dropout at 8.4%.
These findings indicate that culturally resonant content may be
linked to greater trust, relevance, and sustained participation.

Impact of Adaptation Depth
By contrast, interventions that employed surface-level
adaptations—such as translation without deeper contextual
integration—or lacked explicit cultural adaptation tended to
show higher dropout. Spanhel et al [62], for example, provided
a non-adapted English CBT intervention to a diverse population
and observed a dropout rate of 56%. Similarly, Zeng et al [33]
and Guo et al [34] implemented basic linguistic and
platform-level adaptations but reported dropout rates of 49.2%
and 41%, respectively. These findings suggest that surface-level
efforts were typically associated with lower sustained
engagement in culturally diverse populations.

Participatory Design and Implementation
The role of participatory design processes emerged as another
important determinant of adherence. Studies like Zhou et al [50]
and Lindegaard et al [39] used stakeholder input such as
including collaboration with cultural experts, local communities,
and leaders and iterative design such as using focus groups,
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cognitive interviews, and pilot trials, which corresponded to
relatively low dropout rates (10.5% and 28%, respectively).
However, participatory adaptation alone did not guarantee low
attrition, as seen in Barrera et al [60], where despite iterative
feedback mechanisms, dropout peaked at 86.97%, possibly due
to high geographic and contextual diversity or technological
barriers. This highlights the need to complement participatory
design with context-sensitive implementation strategies.

Engagement and Clinical Outcomes
An overall pattern emerged in which studies with lower dropout
rates were often observed alongside stronger clinical outcomes.
For instance, Zhang et al [32], Silva et al [40], and Sun et al
[57] demonstrated both high retention and significant reductions
in insomnia, depression, or anxiety. However, some studies
with moderate to high dropout (eg, Refs [44,48]) still reported
clinical improvements among completers, indicating that while
adaptation enhances effectiveness, it may not be sufficient to
retain all users without additional strategies to address barriers
to access and sustained use.

Despite engagement data from 23 RCTs, a meta-analysis was
not possible due to heterogeneity in interventions, populations,
outcomes, and definitions of engagement, as well as limited
extractable data (≈60%) and small moderator subgroups. We
therefore share the descriptive synthesis, and future work using
standardized metrics may allow meta-regression.

Strengths and Limitations of Current Evidence
The reviewed studies highlight several strengths of culturally
adapted interventions in supporting engagement and clinical
outcomes. Many adapted programs demonstrated higher
completion and retention rates, such as tailored versions of Sleep
Healthy Using the Internet for Black women [50] and Project
Using Practice and Learning to Increase Favorable Thoughts
for Hispanic adults [46]. Several interventions also reported
improved clinical outcomes, including reduced substance use,
greater abstinence, and enhanced sleep or mood symptoms.
These positive patterns were most often observed in studies
incorporating language congruence and cultural values such as
communal participation and sensitivity to race-based stressors.

Despite these successes, several limitations emerged. Many
pilot trials had small samples, limiting generalizability and
highlighting the need for larger, multi-center validation
[32,39,46,53,54]. Perceived cultural relevance also varied within
target groups; for instance, in [53], although 84% of participants

found the adaptation relevant, some viewed it as “overdone,”
reflecting within-group diversity and the importance of
facilitator racial matching [53]. Some culturally adapted DMHIs
faced challenges in sustaining engagement, such as the online
mindfulness course for Pakistani students with high attrition
[44] and the Egyptian post-traumatic stress disorder intervention
whose participants desired more “human” interaction [56]. A
further limitation is that a quantitative meta-analysis or
meta-regression was not performed. Considerable heterogeneity
in study design, intervention type, and outcome
measures—along with inconsistent definitions of adherence and
dropout and limited extractable numerical data—made statistical
aggregation inappropriate. Subgroup counts were also too small
for stable moderator modeling. Moreover, standardized mean
differences or confidence intervals for clinical outcomes could
not be reported, as most studies used heterogeneous measures
and lacked sufficient statistical detail. Consequently, clinical
outcomes were synthesized narratively to reflect overall
improvement of trends across interventions. Future research
should standardize engagement metrics and reporting to enable
robust meta-analytic and meta-regression approaches that can
better quantify determinants of adherence and attrition. Finally,
many studies relied solely on self-reported outcomes and
unblinded data collection, increasing the risk of bias [53,56]

Conclusion
Drawing from these implications, several key recommendations
emerge for future research and practice. First, it is essential to
prioritize comprehensive cultural adaptation, moving beyond
superficial changes to genuinely embed content and delivery
methods within the target culture’s values and sociocultural
realities [53]. This includes ensuring language congruence [46]
and actively involving community members and cultural experts
in the design process to ensure adaptations are relevant and
address within-group heterogeneity [53]. Second, to support
[22] engagement and retention, hybrid models integrating human
support should be considered, as noted by users of a culturally
adapted web-based post-traumatic stress disorder intervention
for Egyptians who desired more “human” interaction and
personalization [56]. Proactive monitoring of engagement
metrics is also vital to enable timely re-engagement strategies
[33]. Third, given that the perceived cultural relevance can be
influenced by the race of the intervention facilitator [53],
comprehensive cultural competence and implicit bias training
for facilitators are recommended to build trust and address
potential microaggressions [53].
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Abstract

Background: Poor management of mental health conditions leads to reduced adherence to treatment, prolonged illness,
unnecessary rehospitalization, and a significant financial burden to the health care system. Recognizing this, ecological momentary
assessment (EMA) and remote measurement-based care (RMBC) interventions have emerged as promising strategies to address
gaps in current care systems. They provide a convenient means to continuously monitor patient-reported outcomes, thereby
informing clinical decision-making and potentially improving outcomes such as psychopathology, relapse, and quality of life.

Objective: This systematic review and meta-analysis aims to comprehensively appraise and analyze the existing evidence on
the use of EMA and RMBC for people living with mental illness.

Methods: The study was conducted according to PRISMA-P (Preferred Reporting Items for Systematic Review and Explanation
Meta-Analysis Protocols) guidelines and preregistered with the PROSPERO systematic review registry. A comprehensive search
was conducted in 4 online databases using Medical Subject Headings terms related to mental disorders and digital technologies.
Studies were included if they included adults with a formally diagnosed mental disorder and measured symptoms using EMA or
RMBC. Studies were independently reviewed by subgroups of authors, and data were extracted focusing on symptom-focused
or disease-specific outcomes, relapse, recovery-focused outcomes, global functioning, quality of life, and acceptability of the
intervention. We performed a descriptive analysis of demographic variables and a meta-analysis of randomized controlled trials
(RCTs). Risk of bias was assessed using the Cochrane risk-of-bias tool for randomized trials version 2 (RoB-2).

Results: The systematic review included 103 studies, of which 15 used RMBC. Of these, 9 were RCTs that were meta-analyzed.
RMBC interventions varied in effectiveness, generally showing small but significant effects on symptom-specific outcomes, with
notable effects on mania symptoms and empowerment. The mean adherence rate across studies to all tracking items was 74.5%
(SD 13.98; n=38). More prompts per day, but not more items per prompt, were associated with lower adherence. Adverse effects
were infrequently reported and included technical problems and psychological distress. Concerns about bias were raised, particularly
regarding participants’ awareness of the interventions and potential deviations from the intended protocols.

Conclusions: Although RMBC shows growing potential in improving and tailoring psychiatric care to individual needs, the
evidence of its clinical effectiveness is still limited. However, we found potential effects on mania symptoms and empowerment.
Overall, there were only a few RCTs with formal psychiatric diagnoses to be included in our analyses, and these had moderate
risks of bias. Future studies assessing RMBC’s effectiveness and long-term efficacy with larger populations are needed.

Trial Registration: PROSPERO CRD42022356176; https://www.crd.york.ac.uk/PROSPERO/view/CRD42022356176

International Registered Report Identifier (IRRID): RR2-10.1371/journal.pone.0297929

(JMIR Ment Health 2026;13:e63088)   doi:10.2196/63088
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Introduction

Mental health disorders have one of the highest global burdens
of disease [1] and are difficult to manage. Hurdles include
subjective symptom reporting [2,3], memory biases [4], complex
treatment dynamics, and suboptimal coordination during
transitions between inpatient and outpatient care settings [5].
Additionally, short and infrequent outpatient appointments
contribute to the loss of essential information about symptom
progression and treatment side effects [6]. This increases the
risk of reduced treatment adherence, worsening conditions,
preventable readmissions, and higher health care costs [7,8].

In response to these challenges, there has been a notable increase
in the development of diagnostic and therapeutic mobile mental
health (MMH) technologies [9-12]. One prominent application
of MMH is remote measurement-based care (RMBC), which
involves the asynchronous assessment of patient-reported
outcomes outside of clinical visits. These assessments can then
be used for clinical decision-making and triage purposes [13,14].
Apart from traditional retrospective patient-reported outcome
assessment methods, such as validated self-report questionnaires,
there is growing interest in ambulatory and diary approaches.
These methods, collectively known as ecological momentary
assessment (EMA), capture real-time, in situ data on patients’
symptoms and well-being [15]. With advancements in
technology, EMA has evolved to allow self-reporting of
symptoms via the internet or mobile platforms, including web
or online, SMS text messaging, or phone call–based systems
[16]. Passive or sensor data integration further enhances the
richness of this approach by capturing objective behavioral and
physiological indicators in real-world settings, complementing
the subjective self-reports provided by patients [13,14]. While
RMBC and EMA share similarities in leveraging technology
to enhance the understanding and treatment of mental health
issues through continuous care, the literature does not always
make a clear distinction between the two, often seeing them as
part of a continuum in advancing personalized health monitoring
and intervention.

Research has consistently demonstrated the benefits of RMBC,
in that it may improve clinical outcomes and improve treatment
adherence [17-19]. For example, a study involving 6424
participants diagnosed with various psychiatric conditions
revealed that providing continuous feedback to therapists on
symptom progression was associated with a 2-fold increase in
therapeutic effects related to individual functioning, symptom
load, interpersonal relationships, and social role performance
[20]. Additionally, RMBC has been associated with faster
remission rates than standard treatment approaches [21,22] and
reduced missed outpatient appointments [21,22]. Moreover,
RMBC enables clinicians to make timely and effective
adjustments to treatment plans. Patients have reported finding
RMBC valuable [23]. RMBC also showed potential to enhance
doctor-patient communication and increase treatment motivation
[24,25].

Despite the potential benefits, the integration of asynchronous
measurement-based care (MBC) using digital solutions remains
limited in clinical practice due to time constraints, workflow
integration issues, and uncertainties about interpreting and using
the data effectively [26]. While MMH technology companies
develop extensive solutions, their scientific evaluation often
lacks the depth seen in university settings, presenting a
significant dissemination barrier for health care providers and
insurers. Conversely, the proliferation of MMH technologies
has led to numerous pilot and feasibility studies on RMBC
systems by clinical research teams, which typically suffer from
academic research limitations such as insufficient power and
bias reduction strategies, resulting in incoherent and scattered
evidence.

Often, the effectiveness of RMBC technologies is difficult to
interpret, as they are often integrated into complex intervention
bundles with unclear causal pathways and potential confounders.
For example, a review found that while feedback from providers
improved the therapeutic relationship and promoted help-seeking
behavior in young people—both of which may be viewed as
proxy markers for improved long-term treatment trajectories—it
did not directly impact depression outcomes [27].

Furthermore, considerable variability exists in how data obtained
from RMBC are used to inform treatment decisions. Unlike
most somatic pharmacotherapy, where objective laboratory
measurement results with defined thresholds often lead to
discrete, standardized actions (such as medication adjustments),
psychiatric treatment often includes a range of potential
responses to measured outcomes (primarily based on the
subjective reporting) [13]. This induces variance, resulting in
heterogeneity in clinical response, further complicating the
determination of appropriate end points for evaluating RMBC
effectiveness and posing significant challenges for isolating its
specific impact within complex, multicomponent interventions.

These unanswered research questions demonstrate the significant
need for regular systematic evaluations to identify overarching
trends and effects, thereby facilitating the broader adoption of
MBC and MMH in routine care.

A 2018 systematic review by Goldberg et al [13] synthesized
existing evidence on RMBC, including 36 unique samples, of
which 13 were randomized controlled trials (RCTs). While
generally supportive of RMBC’s potential, the review
highlighted considerable methodological heterogeneity,
particularly due to RMBC often being embedded within broader
multicomponent interventions [27]. Only 3 studies isolated the
effects of RMBC experimentally, with 1 showing greater
symptom improvement in the RMBC group and 2 finding no
significant differences between intervention and control groups.
The feasibility and acceptability of RMBC varied across studies,
with promising adherence rates reported but concerns raised
regarding decreased responsiveness over time. The review
identified the need for more robust evaluations to better
understand the isolated clinical impact of RMBC interventions,
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especially when implemented as part of multicomponent
interventions, highlighting the need for further research to clarify
its role and potential benefits.

This systematic review and meta-analysis presents a
comprehensive overview of current evidence on RMBC in
psychiatric care, building upon the findings of Goldberg et al
[13]. In contrast to the study by Goldberg et al [13], this study
focused on patients who underwent a manualized psychiatric
diagnostic assessment and actively engaged with digital tools
to report their individual experiences. Specifically, we
concentrate on interventions targeting disorder-specific
symptoms, relapse reduction, improvement in recovery-oriented
outcomes, global functioning, and quality of life. Additionally,
we provide a quantitative estimate of effects via a meta-analysis.

Methods

Search Strategy and Study Selection
The study adhered to PRISMA-P (Preferred Reporting Items
for Systematic Review and Explanation Meta-Analysis
Protocols) guidelines (Checklist 1) [28] and was preregistered
with the systematic review registry PROSPERO
(CRD42022356176). The detailed protocol was published
elsewhere [29]. On August 24, 2022, and during the revision
on December 21, 2024, we conducted a comprehensive search
across 4 online databases (PubMed, Medline, Embase, and
PsychINFO) and gray literature using terms related to mental
disorders, psychological distress, MBC, and digital technologies
(Table S1 in Multimedia Appendix 1).

Inclusion and exclusion criteria were defined by using the
PICOS (population, intervention, comparison, outcome, and
study) framework (Table S2 in Multimedia Appendix 1) [30].
Studies were included if they (1) targeted adults (≥18 y)
diagnosed with a mental health disorder according to the
International Classification of Diseases (ICD) or Diagnostic
and Statistical Manual of Mental Disorders (DSM) [31,32]; (2)
implemented interventions centered on the digital assessment
of self-reported symptoms or well-being factors to guide clinical
decision-making or treatment planning; and (3) reported
quantitative outcomes related to symptoms, recovery,
functioning, or quality of life. Eligible studies had to be
published in English or German. No restrictions were placed
on comparator conditions to broaden the evidence base. While
the systematic review included randomized and nonrandomized
studies, the meta-analysis was restricted to RCTs only.

Data Extraction
The systematic extraction process was described in the study
protocol [29]. Subgroups of authors (T Michnevich and LPSF;
FM and LH; JK, CW, and T Muffel) independently reviewed
the abstracts and full texts, resolving any discrepancies through
group consensus. A comprehensive dataset, encompassing study
identification (author, year of publication, DOI, and URL),
population (eg, the number of cases and controls, diagnosis,
age, gender, and years of preuniversity education), tracking (eg,
mode, number and content of items, and frequency), and study
characteristics (eg, design, hypotheses, study site, duration,
randomization, postassessment period, follow-up, outcomes,

and response rate), was extracted. Outcomes were systematically
grouped into 6 predefined categories: symptom-focused or
disease-specific outcomes, relapse, recovery-focused outcomes
(in particular, empowerment), functioning or global functioning,
quality of life, and acceptability.

Data Synthesis and Statistical Analysis
RStudio statistical software (version 2023.09.1+494; Posit PBC)
[33] was used for statistical analysis. Demographic variables
were descriptively analyzed by calculating means and SDs. A
linear regression model was used to explore the impact of daily
prompt frequency and the number of tracking items on
participant response rate.

Frequentist Meta-Analysis

Data Synthesis
Random-effects meta-analyses were performed using the
metafor package (version 4.6‐0) [34]. Outcomes were
meta-analyzed when at least 3 studies (n>2) reported comparable
results. Only instruments with evidence of construct validity or
sufficient correlation with other instruments were included.
When multiple instruments within a study measured the same
construct, the outcome most commonly reported across studies
was included to ensure comparability.

We included all measures of psychopathology, even if they were
not disease-specific, for example, measures of depression in a
sample of patients with psychosis. This approach recognizes
the transdiagnostic nature of symptoms and prioritizes symptoms
over diagnoses. The full list of constructs and outcomes can be
found in Table S3 in Multimedia Appendix 1.

Intention-to-treat data were used for analyses where available.
Where outcomes were reported as medians and IQRs, means
and SDs were estimated using median-based imputation [35].
If only SEs were reported, SDs were calculated [36]. For trials
that reported outcome data at multiple follow-up points, data
from the time point immediately after the end of the intervention
were used.

Effect sizes for continuous measures were expressed as
standardized mean differences (SMDs), calculated by using the
pooled SD of the interventions. SMDs are presented as values
of Hedges g, along with their 95% CI.

Assessment of Heterogeneity

Heterogeneity between studies was evaluated using the I2

statistic and by visual inspection of the forest plots.
Heterogeneity was defined as very low, low, medium, and high

heterogeneity when I2 values were <25%, 25% to <50%, 50%
to <75%, and ≥75%, respectively [37].

Assessment of Publication Bias
Publication bias was evaluated by visual inspection of funnel
plots assessing the symmetry of effect size distributions relative
to SEs.

Bayesian Meta-Analysis
To complement the frequentist approach and to better account
for uncertainty due to the small number of studies, a
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random-effects Bayesian meta-analysis was performed using
the bayesmeta package (version 2.21) [38-41]. Posterior
distributions for the overall effect and heterogeneity parameters
were estimated via Markov Chain Monte Carlo simulations
[42]. Given the paucity of literature on RMBC interventions
and the lack of prior knowledge, we used weakly informative
priors µ=0 and σ=4 [43,44]. The prior for between-study
heterogeneity τ=0.5 was set using a half-normal distribution
[45]. Results are presented through marginal posterior density
plots, illustrating uncertainty around overall effects and
heterogeneity.

Risk of Bias
The risk of bias was evaluated independently by 2 researchers
(FM and T Michnevich), using the Cochrane risk-of-bias tool
for randomized trials version 2 (RoB 2) [37]. The researchers
assessed potential biases across the 5 domains of the ROB 2
tool: randomization process, effect of assignment to intervention,
missing outcome data, measurement of outcome, and selection

of reported results [46]. Studies were classified as low risk when
all domains were deemed low risk. A study was considered to
have some concern if any of the domains raised concerns. The
overall risk was designated as high if at least one domain was
rated as high risk. Disagreements were resolved through
discussion to reach consensus.

Results

Selection of Studies
The database search (N=3599) yielded 2902 records after
deduplication (Table S1 in Multimedia Appendix 1), which
were screened by title and abstract. Of the 357 records that
qualified for full-text analysis, 254 records were excluded for
not meeting the inclusion criteria (Figure 1). The most common
reason for exclusion (n=118) was the lack of a formal psychiatric
diagnosis, using either the ICD or DSM. The systematic review
includes a final sample of 103 studies representing 109 unique
samples.
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Figure 1. Flowchart of the search and selection process. EMA: ecological momentary assessment; RCT: randomized controlled trial; RMBC: remote
measurement-based care.

The systematic review revealed that 15 studies examined RMBC
sensu stricto (using data to support clinical decision-making or
treatment planning), of which the 9 RCT studies were used for
meta-analysis. The other studies (n=88) matched the definition
of EMA, whereby technologies were also used to collect mental
health data remotely in real time, but the data did not have a
significant impact on treatment.

Study Characteristics—Overall Sample
Of the 103 studies that were systematically analyzed, 41
contained healthy or diagnosis-matched control groups.
Individual samples (n=109) varied due to overlapping or related
datasets (Table S4 in Multimedia Appendix 1). Across the
studies, the mean sample size of cases was 80.33 (SD 105.17),
with an average participant age of 40.38 (SD 7.70) years and a
mean study-level proportion of 56.79% (SD 22.43) female
participants. For the studies including control groups, the

average sample size was 62.49 (SD 71.70) controls with an
average age of 41.56 (SD 6.92) years and a mean proportion of
55.04% (SD 20.42) female participants. Educational attainment
was reported through various metrics, the most frequent being
total years of education, which averaged at 13.62 (SD 1.22) for
cases and 13.52 (SD 1.25) for control samples. The most
common population was participants with schizophreniform
disorders (n=21, 20.4%; ie, F2x diagnoses), followed by bipolar
disorder (n=19, 18.4%). Most studies (n=70) used digital
prompts formulated by the study team, while 15 studies used
validated questionnaires. Six studies used a combination of both
methods, and 7 studies incorporated prompts that were
individually generated by the participants themselves. The
predominant mode of remote data collection involved
smartphones or mobile phones owned by the participants
themselves. Adherence to data entries was mainly measured by
the percentage of total measurements entered by the participants.
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Study Characteristics—RMBC Studies
Table 1 and Tables S5 and S6 in Multimedia Appendix 1 report
information extracted from the RMBC studies. Chermahini et
al [47] reported demographic information jointly for the case
and control groups, which is why there are only 8 unique
samples for the demographic data, not 9. Across the 8 samples,
the intervention groups had a mean of 66 (SD 58.98) cases, with
a mean age of 38.53 (SD 7.14) years and a mean proportion of
54.75% (SD 17.93) female participants across studies.
Comparably, the control groups (n=8) had a mean of 58.63 (SD
60.38) participants, with a mean age of 39.93 (SD 7.08) years
and a mean proportion of 52.89% (SD 15.25) female participants

across studies. Most of the studies (n=6) did not report on
education, and the remaining studies used varying measures.
Three studies included patients with schizophreniform disorders
[48-50]; others included patients with bipolar disorder (n=2),
borderline personality disorder (n=1), generalized anxiety
disorder (n=1), and a range of different diagnoses or
transdiagnostic symptoms (n=2). On the patient side, the
majority of RMBC systems (n=6) were mobile phone- or
smartphone-based. All interventions consisted of
self-administered symptom tracking along with additional
formalized (eg, psychotherapy) or informal psychiatric or
psychotherapeutic support.

JMIR Ment Health 2026 | vol. 13 | e63088 | p.210https://mental.jmir.org/2026/1/e63088
(page number not for citation purposes)

Machleid et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table . Characteristics of remote measurement-based care (RMBC) studies included in the meta-analysis.
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aITT: intention to treat.
bTAU: treatment as usual.
cN/A: not applicable.
dDBT: dialectical behavior therapy.

Effectiveness of RMBC Interventions
While most studies found RMBC interventions to be effective,
the others found no effects (n=3) or mixed results.
Faurholt-Jepsen et al [49] found no benefit of a 9-month
self-administered symptom assessment that provided patients
with automated predictions of future mood states. In an
exploratory subgroup analysis, patients in the intervention group

were more likely to experience a relapse of depressive symptoms
than patients receiving usual outpatient care.

Adverse Effects of RMBC
Three RMBC studies reported adverse or potential negative
effects of the interventions. These included technical
malfunctioning, psychological distress attributed to prompts
[53], hospitalization within the trial period (notably considered
an outcome parameter, not an adverse effect, by several other
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studies) [54]; and changes to patient-therapist interactions due
to the new technology [36].

Frequentist Random Effects Meta-Analysis
Data related to relapse and readmission rates were inconsistent
between the studies with differing periods of observation. Thus,
no meta-analysis of the data was possible.

Meta-Analysis of Symptom-Focused Outcomes
Regarding psychotic symptoms (Figure 2), data from 3 studies
(n=143) showed a small nonsignificant effect (SMD −0.20, 95%
CI −0.53 to 0.14; P=.20). For depressive symptoms (Figure 3),

a larger sample of 5 trials (n=423) showed a nonsignificant
overall effect (SMD −0.00, 95% CI −0.37 to 0.36; P>.99). For
manic symptoms (Figure 4), data from 4 studies (n=264)
revealed a moderate to large significant effect of RMBC
interventions (SMD −0.80, 95% CI −1.28 to −0.32; P<.001).
Data from one large transdiagnostic study (Figure 5; n=400)
suggested a moderate and significant effect size with an SMD
of −0.29 (95% CI −0.40 to −0.17; P<.001). Between-study

heterogeneity was low for psychotic symptoms (I2=0%),

moderate for depressive symptoms (I2=72%), and moderate for

manic symptoms (I2=68%), suggesting varying degrees of
similarity between the studies within each construct.

Figure 2. Forest plot of pooled effect on psychotic symptoms [48,52,53].

Figure 3. Forest plot of pooled effect on depressive symptoms [36,48-50,53].

Figure 4. Forest plot of pooled effect on manic symptoms [48-50].
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Figure 5. Forest plot of effect on transdiagnostic symptoms [51].

Meta-Analysis of Empowerment, Quality of Life, and
Functioning
For the construct of empowerment and self-efficacy (Figure 6),
pooled data from 3 studies (n=518) demonstrated a
small-to-moderate positive effect (SMD 0.39, 95% CI 0.21 to
0.56; P<.001). Regarding quality of life (Figure 7), combined

results from 4 studies (n=601) showed a nonsignificant effect
(SMD −0.01, 95% CI −0.40 to 0.38; P>.99). For functioning
(Figure 8), the analysis included 2 studies (n=179) and reported
a nonsignificant effect (SMD −0.16, 95% CI −0.45 to 0.14;
P>.99). Heterogeneity between the studies was zero for

empowerment and functioning (I2=0%) and high for quality of
life (I²=85%).

Figure 6. Forest plot of pooled effect on empowerment and self-efficacy [48,51,53].

Figure 7. Forest plot of pooled effect on quality of life [36,51,53].

Figure 8. Forest plot of pooled effect on functioning [50,53].
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Bayesian Meta-Analysis
In general, the Bayesian meta-analysis yielded similar results
to the frequentist meta-analysis, but there was only one
significant result: the weighted pooled effect size with a mean
estimate of −0.79 (95% CI −1.44 to −0.20), for the reduction
in manic symptoms associated with RMBC interventions. There
was moderate heterogeneity τ=0.36 (0.00-0.84). The prediction
interval of −1.99 to 0.34 reflected moderate uncertainty in
predicting new effects based on current data (Figure S7C in
Multimedia Appendix 1). The effect on empowerment that was
significant in the frequentist analysis showed an effect size of
0.39 and the CI crossed zero (95% CI −0.02 to 0.79). Other
analyses showed nonsignificant effects on the outcomes assessed
(Figures S7A,B,D-F and S8 in Multimedia Appendix 1).

Risk of Bias
The overall risk of bias indicates that the majority of outcomes
were of concern to the reviewers (Figure 9). This was largely
due to participants, caregivers, or assessors having been aware
of the assigned digital interventions, which made it difficult to
assess the outcomes, particularly since many relied on
participant-reported data. Further, the effect of assignment to
the intervention raised concerns about deviations from the
intended interventions. Specifically, the outcomes of the Boston
University Empowerment Scale in Cullen et al [48] were rated
as having a high risk of bias because missing data were replaced
by scale means from follow-up data. In addition, the reviewers
identified a high risk of bias in the outcome data from
Chermahini et al [47] due to high dropout rates and missing
data. A full assessment of each outcome is provided in Figure
S10 in Multimedia Appendix 1.

Figure 9. Cochrane risk of bias summary. Authors’ judgments about each risk of bias item across all assessment time points.

Tracking and Adherence—Overall Sample
Typically, participants were prompted to complete
questionnaires >1× per day, followed by daily EMA, with the
number of items ranging between 1 and 43 (mean 13.87, SD
10.55) per session (in 16 studies, the number of items was
unclear, and in 5 studies, the number of items varied). The most
granular tracking data were collected by Freedman et al [55]
with 128 to 136 tracking items per day, amounting to a minimum
of 896 individual data points per week. Thirteen studies included
additional passive data sensing such as GPS, phone usage,
speech activity, ambient noise and light, and sleep activity.
Forty-seven studies provided a metric of EMA or RMBC
adherence with an overall mean response rate of 74.64% (SD
13.04%) to the prompts.

Association Between Tracking Frequency and
Adherence
A linear regression model investigated the effect of the number
of prompts per day and the number of tracking items per day
on response rate (Figure 10). The model results (Table 2)
showed a significant negative effect of the logarithm of the
number of prompts per day (P=.02) and no effect of the number
of tracking items on the response rate. Diagnostic plots showed
no obvious violations of the key assumptions (Table S9 in
Multimedia Appendix 1). There was no multicollinearity
between the independent variables as all variance inflation factor
values were less than 5. The model’s overall fit was sufficiently

good, given the residual plots (adjusted R2=0.0173), but other
variables may have affected the response rate. Due to omitted
variable bias, the model may overestimate the effect of
predictors.
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Figure 10. Bubble plot visualization with the predicted probability line with 95% CI (gray area) for the response rate (%) as a function of the
log-transformed number of daily prompts on the x-axis (est=−7.121, t26=−2.540; P=.02) and the number of tracking items per prompt, represented as
the bubble size (est=3.379, t26=1.306; P=.20).

Table . Summary table of the linear regression model resultsa.

VIFbP valuet test (df)SEEstimateCoefficients

—c<.0011,047,810.072 (26)7.21775.617(Intercept)

1.04.02d−2.540 (26)—−7.121Log prompts per day

1.04.201.306 (26)2.5873.379Log tracking items

aLinear model: response rate approximately log prompts per day + log number of tracking items per prompt.
bVIF: variance inflation factor.
cnot applicable.
dP<.05.

Discussion

Principal Results
Given the widespread access to smartphone technology, the
steadily advancing EMA and RMBC research, and the limited
evidence through RCTs and systematic studies on interventions
in mental health care, we aimed to review and evaluate the
diverse literature in the field. This systematic review targeted
the study design features and procedures of EMA and RMBC
across psychiatric disorders. Concurrently, the meta-analysis
aggregated and examined the effects of RCTs implementing
RMBC interventions, focusing on outcomes pertinent to clinical
efficacy and recovery-oriented outcomes.

Overall, we found compliance and retention rates for RMBC
and EMA technologies to be encouraging, aligning with previous
findings in broad EMA research [56,57]. We found that more

prompts, but not tracking items, negatively affected the response
rate. This observation corroborates the meta-analytic evidence
by Vachon et al [57], who noted a positive correlation between
compliance and fewer daily prompts as well as longer intervals
between prompts in severe mental illnesses [50]. It also confirms
findings from a systematic review by Williams et al [58],
showing that higher numbers of tracking items per prompt were
not associated with reduced compliance in clinical samples; in
healthy individuals, however, more items were indeed associated
with lower compliance. Up to 5 random EMA prompts per day
have been deemed optimal for longitudinal studies [59].
However, in the context of substance use disorders, Jones et al
[60] reported that compliance was not significantly impacted
by the number of prompts per day or the duration of the
assessment period. Our results support the evidence for severe
mental illness and are in favor of longer intervals between
successive evaluations to maximize, potentially influenced by
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the low representation of substance use disorders within our
sample due to a lack of formal diagnosis.

Methodology
During the systematic review of the literature, a prominent
distinction was identified between RMBC and EMA. Despite
their shared aim of collecting subjective, real-time data from
remote settings, they serve distinct purposes from a clinical
perspective. While RMBC encompasses elements of EMA, it
is directed toward informing health care decisions and
interventions, for example, supporting real-time and
asynchronous treatment adjustments or scheduling of visits
[13,14]. For patients, both EMA and RMBC interfaces facilitate
reflection on symptoms, with many offering data summaries
on symptom trajectories. As the primary difference between
RMBC and EMA, RMBC focuses on enabling clinicians to
formulate recommendations and implement treatment
adjustments based on real-time data. As a result, patients may
perceive RMBC as involving closer monitoring, which in turn
is subject to individual preference. Some patients may interpret
RMBC as an invasion of their autonomy and privacy, while
others may find comfort in the increased level of monitoring,
viewing it as an additional safety measure.

In our meta-analysis of RMBC interventions, we investigated
the transdiagnostic benefits of the technologies often emphasized
in the literature. Therefore, the analysis considered
psychopathological, cross-diagnostic constructs rather than
individual diagnostic groups of participants. In addition to the
well-known challenges of different design features and
procedures when integrating and aggregating data from EMA
and RMBC studies [13,56], this aspect may have increased
heterogeneity. Overall, we did not observe clear effects of
RMBC interventions for most of the constructs we analyzed,
that is, depressive, psychotic symptoms, quality of life, and
daily functioning. This is consistent with the results of Goldberg
et al [13], who assumed a general effect of RMBC interventions
but did not draw any conclusions about specific effects due to
the small number of RCTs.

There was no overlap between the studies we included in our
review and those by Goldberg et al [13]. This is because we
only included studies with manualized psychiatric diagnostic
procedures and applied a narrower definition of RMBC,
emphasizing a possible clinical need including self-monitoring
for decision-making and therapy planning. Goldberg et al [13]
did not set a formal psychiatric diagnosis as an inclusion
criterion and used a wider definition of RMBC, in particular
regarding its direct effects on treatment trajectories.

Both frequentist and Bayesian meta-analyses demonstrated a
significant effect on the reduction of manic symptoms when
pooling data from 3 studies [48-50]. From both RCTs by
Faurholt-Jepsen et al [49,50], which found no significant effect
on emotional (depressive and manic) symptoms, medians and
SEs were converted to means and SDs. It is generally known
that the standardization of results can introduce flaws in
meta-analysis [61]. Therefore, this result has to be considered
with caution. Although there is scarce systematic evidence on
the effects of RMBC on manic or hypomanic symptoms, there
appears to be a benefit from clinical practice due to the dynamic

and fluctuating nature of the symptoms and also clear
recommendation on symptom tracking in guidelines [62,63].
The exploratory analysis by Faurholt-Jepsen et al [49]
underlined that smartphone-based monitoring may reduce the
risk of relapse of manic episodes but increase the risk of relapse
of depressive episodes. This finding is underscored by a
systematic review by Hennemann et al [64], who examined
internet- and mobile-based tools for psychiatric aftercare and
relapse prevention. They found small to moderate symptom
reduction, with the best evidence for depression and anxiety
[64].

In the frequentist meta-analysis, we found an effect of RMBC
interventions on empowerment and self-efficacy. Of note, the
largest study (n=200) by Ebert et al [51] contributed the largest
weight to this result. Although validated, the instrument used
includes a limited set of 5 items as a subscale of the
HEALTH-49 questionnaire and has no proven correlation with
the BUES [65]. These results should also be evaluated with
caution in light of the results of the Bayesian meta-analysis
where the effect was also detectable but the CI includes zero.
Overall, self-efficacy seems a promising target for RMBC tools.

Quality of Evidence
A keyword search of the manuscripts in this systematic review
and meta-analysis showed that unfortunately, none of the
publications mentions the CONSORT (Consolidated Standards
of Reporting Trials) checklist or its EHEALTH (Electronic
Health) extension. Additionally, some essential outcome
measures were missing from the vast majority of studies.

For one, adverse events were reported by only a fraction of
studies. This is particularly surprising as adverse events
pertaining to the technologies and treatment modalities may be
easily transferable, constituting an efficient knowledge transfer
and reducing potential harm to study and clinical populations.
Direct adverse psychological effects of symptom tracking
include anxiety or obsessiveness about choosing the “wrong”
answer and an increased awareness of symptoms mentioned in
questions or prompts [60], which may increase disease burden.
Symptom tracking has also been found to potentially amplify
symptoms or create the illusion of symptom amplification for
patients and clinicians through over-reporting [66].

Indirect negative effects include feelings of guilt when tracking
is missed, cognitive dissonance due to continuous confrontation
with mental illness, and boredom or fatigue [67].
Symptom-tracking apps may also promote individualist models
of illness that negate social determinants of health and make
patients indirectly responsible for their illness if they refuse or
fail to track symptoms [68]. Shared decision-making and using
routine outcome monitoring collaboratively could address this
concern and has been shown to increase the working alliance
in mental health care [66].

Incomplete or absent adverse event reporting may be linked to
the circumstance that many EMA or RMBC studies are financed
by industry, and funding for further product development may
be dependent upon its evaluation, constituting a potential conflict
of interest. This conflict of interest has to be taken into account
when evaluating the effectiveness of MMH apps.
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A further concern identified within the analyzed studies is the
limited reporting of adherence and response rates. This
underreporting poses significant methodological and interpretive
challenges. Adherence and response rates are critical indicators
of the feasibility and acceptability of interventions among
participants. Limited or absent reporting of these metrics hinders
a full understanding of intervention effectiveness and the factors
influencing user engagement. Without clear insights into
adherence and response rates, it becomes difficult to determine
the reliability and generalizability of study findings. A further
obstacle here is the multitude of metrics used, for example, the
percentage of total assessments completed [69], the percentage
of days within the observation period on which assessments
were completed [70], or a binary definition of compliance or
noncompliance based on a cutoff of completed assessments
[71]. We therefore strongly emphasize the importance of
standardized adherence reporting. Minimally, authors should
report the total share of assessments completed within the study
population, the average percent of assessments completed per
person, and factors associated with nonadherence (ie,
demographics or time-varying factors [72,73]).

A common barrier to evidence synthesis that affected this
research is the heterogeneity of study populations, specifically
the lack of a formal psychiatric diagnosis in many study samples.
About a third of the full-text articles were primarily excluded
for this reason. As many of the excluded study populations most
likely fulfilled DSM-5 or ICD-10 diagnostic criteria, this issue
underscores the importance of standardized diagnostic criteria
and rigorous documentation of participant characteristics in
clinical research.

Strengths and Limitations
On the one hand, our inclusion criteria required a formal
psychiatric diagnosis, which led to the exclusion of many studies
that used EMA and RMBC technology. On the other hand, this
criterion also strengthens the methodology by ensuring a higher

standard of diagnostic rigor within the included studies. In
addition, our focus on RCTs increases the reliability of our
findings by selecting evidence from studies with robust
experimental designs. The heterogeneity of terminology in
studies exploring similar concepts, such as EMA or RMBC,
may have led to the inadvertent omission of relevant research.
To meta-analyze constructs, outcome constructs were pooled,
reducing their discriminatory power, possibly leading to an
underestimation or nondetection of effects [74]. Even after an
extended screening period during the revision phase, only 16
studies met our inclusion criteria and were included in the
analysis, highlighting a gap between progressive technological
innovation and rigorous clinical validation.

Recommendations
From studying the existing evidence on EMA and RMBC for
mental health care, we recommend adherence to standardized
reporting guidelines such as CONSORT-EHEALTH
(Consolidated Standards of Reporting Trials of Electronic and
Mobile Health Applications and Online Telehealth). To
effectively analyze acceptability and adherence, we suggest the
establishment of standards for response-rate measurement. To
gain feedback on the user experience as well as the perspective
of health care providers with RMBC products, mixed methods
designs can provide valuable insights for challenges in
implementations of such measures.

Conclusions
In conclusion, our systematic review and meta-analysis
underscore the potential of RMBC interventions in enhancing
the management of mental health conditions, particularly in
reducing symptom severity in mania and increasing
empowerment. While demonstrating promising effects on
adherence and symptom-specific outcomes, the variability in
intervention effectiveness and concerns about bias highlight the
need for further research and refinement to optimize the
implementation of RMBC within mental health care systems.
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Abstract

Background: The growing global burden of mental health disorders has intensified the search for scalable, accessible, and
cost-effective interventions. Conversational agents in the form of digital humans have emerged as promising tools to deliver
mental health support across diverse populations and settings.

Objective: This scoping review aimed to analyze the role of digital humans in depression management, identifying their specific
applications in both diagnostic processes and therapeutic interventions. Additionally, it aimed to evaluate the design choices
implemented in digital human systems, including their appearance, interaction modalities, back-end intelligence systems, and
the various roles they assume.

Methods: Following the PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for
Scoping Reviews) guidelines, we systematically searched peer-reviewed literature across major databases, including ACM Digital
Library, IEEE Xplore, Web of Science, and PubMed, to capture both psychological and technological perspectives. The search
query included a wide variety of synonyms for digital humans and depression: (“avatar” OR “virtual agent” OR “embodied
conversational agent” OR “relational agent” OR “digital human” OR “virtual human” OR “virtual character”) AND (“Major
Depressive Disorder” OR “Depression”). Studies were included if they described the development, implementation, or evaluation
of digital humans designed to support mental health outcomes. Data were charted on agent design, therapeutic approach, target
population, delivery context, and reported effectiveness.

Results: In total, 20 studies (2010‐2024) were included. Depression assessment studies comprised 35% (n=7), interventions
55% (n=11), and combined approaches 10% (n=2). Assessment protocols included the questionnaires Patient Health Questionnaire-9
and Very Short Visual Analog Scale of the Center for Epidemiologic Studies Depression Scale - Visual Analog Scale - Very
Short version, semistructured interviews based on Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition criteria,
and interactive tasks designed to elicit emotional responses. Intervention approaches used cognitive behavioral therapy,
psychoeducation, compassion-focused therapy, and avatar therapy. Digital humans assumed 5 distinct roles: interviewer (n=6),
facilitator (n=3), counselor (n=3), educator (n=3), and actor (n=5). Interviewers primarily appeared in assessment studies, presenting
structured questions. Counselors engaged in therapeutic dialogues, while educators delivered psychoeducational content. Facilitators
assisted participants in achieving system goals. Actors portrayed specific emotions or dysfunctional beliefs to facilitate therapeutic
processes. Studies highlighted digital humans’ utility in enhancing diagnostic processes and therapeutic interventions, noting the
potential for transformation through physiological data integration.

Conclusions: This study demonstrates that digital humans represent a transformative advancement in depression management,
offering innovative applications across both assessment and intervention phases. The evidence reveals digital humans’effectiveness
in replicating traditional therapeutic roles while providing unique advantages, including 24/7 accessibility, reduced stigma,
consistent care delivery, and personalized support. Digital humans can successfully function to establish therapeutic alliances
and elicit meaningful engagement comparable with human providers. Findings underscore the need for continued research to
fully realize digital humans’ potential in addressing depression-specific needs, advocating for expansion into diverse therapeutic
scenarios, and exploration of unexplored digital human applications.

(JMIR Ment Health 2026;13:e79954)   doi:10.2196/79954
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Introduction

Depression is a prevalent mental health disorder affecting
millions of individuals worldwide, with the World Health
Organization identifying it as a leading cause of disability
globally [1]. Characterized by persistent sadness, lack of interest
in daily activities, and a multitude of physical and psychological
symptoms, depression can severely impact an individual’s
quality of life [2]. Psychotherapy’s effectiveness in treating
depression across diverse populations and settings is widely
recognized [3,4]. It has been demonstrated to be as effective as
antidepressant medication for individuals with mild to moderate
depression and is often the preferred initial treatment option for
patients [5,6]. Furthermore, psychotherapy may surpass
pharmacological treatment of depression in terms of long-term
effectiveness [7].

In recent years, technology has been integrated into mental
health therapy, allowing for novel ways of therapy as well as
reaching people who otherwise would not have access to therapy
[8]. One of those recent technology advancements is embodied
conversational agents, often in the form of virtual human
characters—in this paper referred to as digital humans
[9]—which have shown potential for health assessments and
interventions [10].

Hence, the emergence of virtual characters as a supportive tool
for depression highlights a significant trend, which is propelled
by advancements in artificial intelligence and computer graphics
[11]. These digital characters provide increasingly lifelike,
responsive, and immersive interactions, capable of perceiving
and reacting to the emotional states of users [9]. They offer
customized support and interventions, paralleling the capabilities
of human therapists to a notable extent [12]. This technological
progression enables the delivery of online therapy exercises,
mindfulness techniques, and emotional support accessible for
a wide range of people. Individuals can engage with these
therapeutic resources from their own homes, effectively
overcoming obstacles such as societal stigma, geographic
barriers, and the prohibitive costs often associated with
traditional therapeutic services [13,14]. Moreover, the
incorporation of machine learning algorithms allows these
virtual agents to evolve through user interaction, enhancing
their supportive capabilities over time and furnishing a
personalized therapeutic experience [15]. As these technological
innovations advance, virtual characters are poised to become a
fundamental component of mental health care. Based on current
literature, while there have been reviews and meta-analyses
examining the use of digital humans and digital interventions
in health contexts, a critical gap exists in understanding how
digital humans have been specifically used to support depression
and what detailed design choices have been made to adapt them
for this purpose. For instance, Ma et al [11] conducted a
meta-analysis of virtual human interventions across various
health conditions, providing valuable insights into intervention
outcomes, but did not focus specifically on digital humans in
depression contexts nor examine the design characteristics that

enable therapeutic interactions. Chattopadhyay et al [12]
explored the application of virtual humans in health care systems
broadly, emphasizing implementation contexts and user
perceptions, but did not analyze the technical and aesthetic
design decisions—such as appearance choices, interaction
modalities, or behavioral capabilities—that shape these systems.
Moshe et al [14] discussed the effectiveness of digital
interventions for depression but focused primarily on app-based
and online platforms, lacking in-depth exploration of embodied
conversational agents and their unique design considerations.
Thus, a comprehensive analysis of digital humans’ roles in
depression management, revealing their exact value, is needed.
To fulfill the goal of unpacking the benefits of using digital
humans to support depression, we investigate two research
questions (RQs):

• First, how are digital humans used in the assessment and
intervention of depression?

• Second, what design considerations were made to adapt
digital humans for depression assessment and intervention?

This study presents 2 primary contributions. First, it provides
a detailed overview of the current state of research regarding
the use of digital humans in supporting individuals with
depression. This encompasses a thorough analysis of the various
types of support services available and the specific design
choices regarding the implementation of digital humans. Second,
it identifies and proposes several areas for future research within
this domain that merit further investigation.

Methods

Overview
We conducted the scoping review in February 2025. Scoping
reviews aim to facilitate the formulation of pertinent RQs by
rapidly identifying and categorizing existing evidence within a
given field [16]. Our methodology was anchored in the
guidelines set forth by Munn et al [17], complemented by the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) checklist’s extension, specifically the
PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Scoping Reviews)
framework [18], which is designed for scoping reviews.

Definitions

Digital Human
In this review, the definition of digital human is equivalent to
the definition of virtual human. As described by Traum [19], a
virtual human is an “artificial agent that includes both a visual
body with a humanlike appearance and range of observable
behaviors, and a cognitive component that can make decisions
and control the behaviors to engage in human-like activities.”
Although this definition is comprehensive, there are still some
ambiguities, such as the judgment of humanlike appearance and
humanlike activities. To provide a clearer set of criteria to assist
us in filtering articles, we have defined a digital human as an
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agent with 3 criteria inspired by the 10 traits suggested by
Burden and Savin-Baden [9]. A digital human (1) visually
possesses realistic appearance characteristics of a human,
including facial features and body proportions; (2) is capable
of performing nonverbal behaviors, including body movements
and facial expressions; and (3) must engage in bidirectional
communication, understanding, and responding to verbal and
nonverbal cues from users.

If the virtual collocutor described in the reviewed article meets
all of the criteria, then we consider it to be a digital human.

Support for Depression
Support for depression encompasses a holistic approach that
integrates both direct and indirect methods to aid individuals
in managing and overcoming the condition. This comprehensive
support system is essential for addressing the multifaceted nature
of depression, which affects individuals emotionally, physically,
and socially [3]. Following the framework established by
Cuijpers [20], we distinguish between direct and indirect support
based on their primary target. Indirect support focuses on
problems related to depression—such as social isolation,
lifestyle factors, or caregiver burden—where interventions
address associated factors rather than depression as the primary
clinical target. In contrast, direct support explicitly targets
depression assessment (eg, administering Patient Health
Questionnaire-9 [PHQ-9], conducting diagnostic interviews
based on Diagnostic and Statistical Manual of Mental Disorders,
Fifth Edition [DSM-5] criteria) or depression-specific therapeutic
interventions (eg, cognitive behavioral therapy [CBT] for

negative thought patterns and compassion-focused therapy
[CFT] for self-criticism). In this paper, we narrow the scope to
direct support provided to individuals with depression, as this
aligns with our RQs that specifically examine how digital
humans function within depression assessment and intervention
protocols. This means that the primary contribution of selected
papers is to provide assistance to individuals undergoing
assessment for depression and receiving treatment for it.

Information Sources and Search Strategy
Given the interdisciplinary nature of the topic, the search was
carried out across four distinct digital libraries, spanning both
psychological and technological fields: ACM Digital Library,
IEEE Xplore, Web of Science, and PubMed. Based on the RQs
and definition of digital human, we constructed the search query
“(“avatar” OR “virtual agent” OR “embodied conversational
agent” OR “relational agent” OR “digital human” OR “virtual
human” OR “virtual character”) AND (“Major Depressive
Disorder” OR “Depression”).” We did not include
context-related terms in the search query (such as assessment,
screening, and intervention) because we aim to find as many
records as possible of digital humans supporting depression.
Later, we will filter out the articles that meet the requirements
of this paper using exclusion criteria.

Eligibility Criteria
Based on our definition of digital human and RQs, we created
some inclusion and exclusion criteria (Textbox 1). The exclusion
criteria were used to remove papers from consideration.

Textbox 1. Inclusion and exclusion criteria.

Inclusion criteria

• Full text available.

• Paper must be published in English.

• Paper provides details of digital human.

• At least one empirical study has been conducted on depression.

• The purpose of the study is to support depression assessment or intervention.

• The study included interaction between participants and digital humans.

Exclusion criteria

The measured outcome is not related to depression or major depressive disorder.

• The contribution of work does not support depression assessment or intervention.

• No digital human described in the paper.

• No interaction between participant and digital human.

Search Result and Study Selection
The search led to the identification of 1031 publications. After
excluding duplicate records, we amassed a total of 909 papers.
The assessment process for these papers was conducted in 2
distinct phases. Initially, a preliminary assessment based on
titles and abstracts was carried out, with the first 50 papers being
collaboratively reviewed by the first, second, and third authors
(JC, WG, and RW). Following a consensus on the inclusion
and exclusion decisions regarding these 50 papers, the remaining

papers were evenly distributed among the same 3 authors for
review. This first phase resulted in the identification of 52
pertinent papers. Subsequently, 3 additional publications were
manually sourced, culminating in a total of 55 new references.
These references were then apportioned among 4 authors (JC,
WG, RW, and CL) for an in-depth assessment of the full texts,
guided by the predefined inclusion and exclusion criteria. This
process led to the selection of 20 papers [21-40] for subsequent
data extraction.
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Data Charting Process and Data Items
Data extraction was carried out by the first and second authors
(JC and WG), ensuring a thorough and collaborative approach
to gathering information. This process involved detailing the
characteristics of each study. To facilitate coordination and
accuracy, the extracted data were compiled into a shared Google
Sheet. To further enhance the reliability of the data collection
process, the first author (JC) conducted a comprehensive review
of all data extractions, ensuring consistency and accuracy across

the dataset. Specifically, the following data items were extracted
from selected papers:

• General characteristics: title, authors, year of publication,
journal or proceedings, and study aims (Table 1).

• Study design and findings: setting, sample size, protocol,
role of digital human, and findings (Table 2).

• Digital human design: appearance, display device, system
type, and input and output modality (Table 2).

JMIR Ment Health 2026 | vol. 13 | e79954 | p.229https://mental.jmir.org/2026/1/e79954
(page number not for citation purposes)

Cao et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table . Summary of selected studies.

Aim of studyServiceParticipantsExperiment settingsJournal or proceedingsStudy

Investigated digital hu-
man administered

Assessmentn=55Laboratory19th ACMa Internation-
al Conference on Intel-
ligent Virtual Agents

Jaiswal et al [21]

questionnaires for de-
pression and anxiety

Evaluated the effective-
ness of digital human-

Assessmentn=56Laboratory21st ACM Internation-
al Conference on Intel-
ligent Virtual Agents

Egede et al [22]

mediated tasks in de-
pression assessment

Explored the use of
personal monitoring

Assessment and inter-
vention

n=4FieldHCIb KOREA 2015Wolters et al [23]

system with digital hu-
man integrated

Investigated the feasi-

bility of CFTd with

digital human in VRe

Interventionn=23Laboratory2021 ACM SIGCHIc

Symposium on Engi-
neering Interactive
Computing Systems

Baghaei et al [24]

Evaluated the effective-

ness of LiCBTf con-
ducted by virtual coach

Interventionn=9Field18th International Con-
ference on Intelligent
Virtual Agents

Luerssen and Hawke
[25]

Explored the possibili-
ty of using digital hu-

Assessmentn=27LaboratoryJournal of Eye Move-
ment Research

Takemoto et al [26]

man communication
and eye tracking to de-
tect depression

Evaluated the usability
and acceptability of a

Interventionn=60LaboratoryExpert SystemsBresó et al [27]

digital human that
could identify and pro-
vide an early interven-
tion for depression

Explored the possibili-
ty of using digital hu-

Assessmentn=27LaboratoryFrontiers in Digital
Health

Takemoto et al [28]

man communication
and facial expression
to detect depression

Explored the presence
of indicators of psycho-

Assessmentn=43Laboratory14th annual SIGdialg

Meeting on Discourse
and Dialog

DeVault et al [29]

logical distress in semi-
structured digital hu-
man interview

Explored the effect of
visual similarity of

Interventionn=22LaboratoryInternational Confer-
ence on Human-Com-
puter Interaction 2024

Ashrafi et al [30]

digital human in psy-
chotherapy

Evaluated the accuracy
of using digital human

Assessmentn=168LaboratoryIEEEh Transactions on
Affective Computing

Wu et al [31]

for automatic depres-
sion-level stratification
on mobile devices

Evaluated the effective-
ness of a computer-as-

Interventionn=54ClinicFrontiers in PsychiatryKocur et al [32]

sisted, avatar-based
therapy in reducing
dysfunctional beliefs in
depressive inpatients
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Aim of studyServiceParticipantsExperiment settingsJournal or proceedingsStudy

Explored the use of
personal monitoring
system with digital hu-
man integrated

Assessment and inter-
vention

n=28FieldTelemedicine and
Telecare

Burton et al [33]

Investigated the use of
digital human to re-
view material after
medical visit

Interventionn=20Field16th International Con-
ference on Intelligent
Virtual Agents

Shamekhi et al [34]

Evaluated the usability
and acceptability of
CFT with digital hu-
man in VR

Interventionn=36LaboratoryJMIRi Mental HealthHalim et al [35]

Explored the use of
digital human explain
self-care regimen to
patients with depres-
sive symptoms

Interventionn=131ClinicInteracting with Com-
puters

Bickmore et al [36]

Investigated the effica-
cy of virtual therapist
for depression counsel-
ing

Interventionn=10Laboratory2016 ACM CHIj work-
shop on Computing
and Mental Health

Ring et al [37]

Evaluated the effective-
ness of using digital
humans for stress man-
agement

Interventionn=154Field2017 International
Conference on Persua-
sive Technology

Shamekhi et al [38]

Evaluated the perfor-
mance and acceptabili-
ty of using digital hu-
man as a diagnostic
tool for depression
through interview

Assessmentn=179ClinicScientific ReportsPhilip et al [39]

Investigated the effects
of a VR intervention on
self-criticism and self-
compassion, including
the use of a digital hu-
man

Interventionn=68LaboratoryBehaviour Research
and Therapy

Hidding et al [40]

aACM: Association for Computing Machinery.
bHCI: Human-Computer Interaction.
cSIGCHI: Special Interest Group on Computer-Human Interaction.
dCFT: compassion-focused therapy.
eVR: virtual reality.
fLiCBT: low-intensity cognitive behavioral therapy.
gSIGdial: Special Interest Group on Discourse and Dialogue.
hIEEE: Institute of Electrical and Electronics Engineers.
iJMIR: Journal of Medical Internet Research.
jCHI: Conference on Human Factors in Computing Systems.
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Table . Details of digital human in selected studies.

Back-end intelli-
gence

Output modalityInput modalityAppearanceRole of digital hu-
man

ProtocolStudy

Rule-basedText, speech, behav-
ior

SpeechFull bodyInterviewerInterviewJaiswal et al [21]

ScriptedText, speech, behav-
ior

SpeechFull bodyFacilitatorComputer-based in-
teractive task

Egede et al [22]

ScriptedSpeech, behaviorText and speechUpper bodyFacilitatorPHQ-9a, CBTbWolters et al [23]

ScriptedSpeech, behaviorSpeechFull bodyActorCFTcBaghaei et al [24]

Rule-basedText, speech, behav-
ior

Text and speechUpper bodyCounselorLiCBTdLuerssen and
Hawke [25]

ScriptedSpeech, behaviorSpeechUpper bodyInterviewerInterviewTakemoto et al [26]

Rule-basedSpeech, behaviorSpeechHead-onlyCounselorCBTBresó et al [27]

ScriptedSpeech, behaviorSpeechUpper bodyInterviewerInterviewTakemoto et al [28]

Wizard of OzSpeech, behaviorSpeechFull bodyInterviewerInterviewDeVault et al [29]

Wizard of OzSpeech, behaviorSpeechHead-onlyActorAvatar TherapyKocur et al [32]

ScriptedSpeech, behaviorText and speechUpper bodyFacilitatorPHQ-9, CBTBurton et al [33]

ScriptedText, speech, behav-
ior

TouchUpper bodyEducatorPsychoeducationShamekhi et al [34]

Recorded playbackSpeech, behaviorSpeechFull bodyActorCFTHalim et al [35]

ScriptedText, speech, behav-
ior

TouchFull bodyEducatorPsychoeducationHalim et al [36]

Rule-basedText, speech, behav-
ior

Text, speech, and
video

Upper bodyCounselorCBTRing et al [37]

ScriptedText, speech, behav-
ior

TouchUpper bodyEducatorPsychoeducationShamekhi et al [38]

ScriptedSpeech, behaviorSpeechUpper bodyInterviewerInterviewPhilip et al [39]

ScriptedSpeech, behaviorSpeechUpper bodyActorAvatar TherapyAshrafi et al [30]

Wizard of OzSpeech, behaviorSpeechFull bodyActorCBTHidding et al [40]

ScriptedSpeech, behaviorSpeechUpper bodyInterviewerInterviewWu et al [31]

aPHQ-9: Patient Health Questionnaire-9.
bCBT: cognitive behavioral therapy.
cCFT: compassion-focused therapy.
dLiCBT: low-intensity cognitive behavioral therapy.

Results

Summary of Selected Literature
We completed the literature search in February 2025, and after
the assessment stage, a total of 20 articles [21-40] were selected

in this review, as detailed in Table 1. The detailed inclusion and
exclusion criteria for studies at each phase of our review are
visually represented in the PRISMA flow diagram (Figure 1).
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Figure 1. Literature screening and selection diagram following PRISMA guidelines. PRISMA: Preferred Reporting Items for Systematic Reviews and
Meta-Analyses.

The selected papers were published between 2010 and 2024,
with those from the past 4 years accounting for 45% of the total
(n=9) [22,24,26,28,30-32,35,40]. Of these, 10 papers (50%)
[26-28,31-33,35,36,39,40] were presented in peer-reviewed
journals, while the remaining articles were published in
conference proceedings (n=10, 50%) [21-25,29,30,34,37,38].

More than half of the studies were conducted in research
laboratory settings (n=12, 60%) [21,22,24,26-31,35,37,40], 5
experiments (25%) [23,25,33,34,38] took place in the
participants’ everyday environments, and 3 (15%) [32,36,39]
were conducted in clinical settings. Regarding participant
numbers, 11 studies (55%) [23-26,28-30,33-35,37] involved
fewer than 50 participants, 5 studies (25%) [21,22,27,32,40]
had between 50 and 100 participants, and 4 studies (20%)
[31,36,38,39] included more than 100 participants. Of these 4
studies with over 100 participants, 2 [36,39] were conducted in
clinical environments, 1 [38] took place in an everyday
environment, and 1 [31] in a laboratory setting.

In all the studies, those aimed at assessing depression accounted
for 35% (n=7) [21,22,26,28,29,31,39], while studies focused
on interventions constituted 55% (n=11)
[24,25,27,30,32,34-38,40]. The remaining 2 studies [23,33],
accounting for 10%, included both assessment and intervention.

Summary of Support Services With Digital Human
We analyzed the selected studies primarily focusing on 3 factors:
the protocols used, the roles played by digital humans within
the service, and the experimental findings. Regarding protocols,
commonly used assessment tools include questionnaires and
interviews, as well as specially designed computer-based
interactive tasks. Additionally, therapeutic approaches, such as
psychoeducation, CBT [41], and CFT [42], have also been used.

The roles of digital humans were primarily as interviewers,
facilitators, and educators, actively interacting with participants.
Notably, in the study by Baghaei et al [24], the digital human
was designed as an actor, requiring proactive interaction from
the participants. The findings from these experiments focused
on 2 main areas—the usability and acceptability of digital
humans in health care applications, and the potential for
integrating digital humans into various protocols.

Applied Protocol

Assessment
The applied protocol in assessment can be mainly divided into
3 categories—questionnaire, interview, and computer-based
interactive task.

The first category is questionnaires, accounting for 3 of the
studies [21,23,33]. In this category, the digital human will ask
users the questionnaire questions one by one and collect their
responses. Only answers that correspond to existing options
will be collected; otherwise, the digital human will continue
asking the user until obtaining a usable answer. The
questionnaires that were used include PHQ-9 [43] and Center
for Epidemiologic Studies Depression Scale - Visual Analog
Scale - Very Short version (CES-D-VAS-VS) [44]. PHQ-9 is
a brief self-report tool that consists of 9 items, each of which
is scored on a scale from 0 (not at all) to 3 (nearly every day),
which are directly derived from the diagnostic criteria for major
depressive disorder in the DSM. The CES-D-VAS-VS is an
adaptation of the traditional Center for Epidemiologic Studies
- Depression Scale, which is a 20-item questionnaire used to
measure depressive symptoms in the general population. The
CES-D-VAS-VS incorporates a visual analog scale, enhancing
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its sensitivity by allowing patients to mark their symptom
severity along a continuum.

The second category is assessments through interviews,
accounting for 5 of the studies [26,28,29,31,39]. As an essential
tool in depression assessment, interviews are commonly used
in clinical settings where a nuanced understanding of the
patient’s condition is crucial [45]. In the 5 studies that used
interviews for depression assessment, 2 [26,28] focused on
interviewing about negative topics, such as war and loneliness.
These topics were chosen because they significantly impact
vocal, visual, and verbal features, which are critical in detecting
depression. The study by DeVault et al [29] based its interview
content on observations from face-to-face interviews conducted
in a clinical setting. This approach aimed to mimic real-life
interactions and assess how patients express their symptoms
naturally. Wu et al [31], through collaboration with clinicians,
designed 93 questions about depression, anxiety, hypomania,
and family relationships. This series of questions was
specifically designed to vary depending on positive, negative,
and neutral emotions. The study by Philip et al [39] structured
its interview around the DSM-5 [46] criteria for major depressive
disorder. This method ensured that the interviews were
comprehensive and aligned with established diagnostic
standards, facilitating a more systematic approach to identifying
depressive symptoms based on the latest psychiatric guidelines.

A computer-based interactive task was only used in 1 study
[22]. In this study, researchers and mental health experts
collaboratively designed 4 different types of tasks—mimicking,
dyadic interaction, digital treatment, and psychometric. The
design of these tasks aimed to be sufficiently engaging to prompt
use without the need for physician guidance, executable on
mobile devices, and effective at eliciting behavioral traits
relevant to digitally assess mental health.

Intervention
There are a total of 13 (65%) studies focusing on the intervention
phase. The therapeutic methods involved include CBT
[23,25,27,33,37,40,47], psychoeducation [34,36,38], CFT
[24,35], and avatar therapy [30,32].

CBT [48], as one of the most common therapy approaches in
studies, aimed at teaching individuals how to recognize negative
patterns of thought, evaluate their validity, and replace them
with healthier ways of thinking. Among all the studies that
applied CBT, they mainly focused on cognitive restructuring
[49] and behavioral activation techniques [50]. In cognitive
restructuring, participants need to recognize negative thoughts
related to a recent event and are then encouraged to contemplate
a more positive interpretation, and behavioral activation is a
CBT technique that motivates participants to undertake avoided
activities and engage in tasks that bring pleasure and
accomplishment. Luerssen and Hawke [25] applied low-intensity
CBT [51] in their study. Compared with traditional CBT,
low-intensity CBT involves simpler interventions that can be
delivered by practitioners who are not necessarily clinical
psychologists and is more standardized, using general strategies
that apply broadly to everyone with similar symptoms, while
CBT is highly personalized and involves developing a specific

therapeutic strategy for each patient’s unique problems and
needs.

Psychoeducation is a fundamental component of depression
intervention that involves educating individuals about depression
as a disorder, including its symptoms, causes, and treatment
options [52]. In the studies by Shamekhi et al [34,38], the
content of psychoeducation primarily focuses on the
management of nutrition, physical activity, pain, stress, sleep,
and depression and includes guiding patients through practice
sessions, such as meditation and yoga. Meanwhile, in the study
by Bickmore et al [36], the educational content focused on the
postdischarge self-care regimen, including medications,
follow-up appointments, exercise and diet regimens, and pending
laboratory tests.

In the remaining 4 studies, 2 [24,35] used CFT [42], a
psychological approach designed to promote mental and
emotional healing by encouraging individuals to develop
compassion for themselves and others. The other 2 studies
[30,32] used avatar therapy, where therapists interact with clients
using a computer-generated avatar. Ashrafi et al [30] conducted
a computer-assisted avatar-based treatment for dysfunctional
beliefs (CAT-DB), which uses an avatar to help patients engage
in dialogue with their dysfunctional beliefs and confront them.

Role of Digital Human
In the selected studies, digital humans assumed 5 different
roles—interviewer [21,26,28,29,31,39], facilitator [22,23,33],
counselor [25,27,37], educator [34,36,38], and actor
[24,30,32,35,40]. The interviewer primarily appears in
assessment-type studies, where their main task is to present
predesigned questions to participants and await their responses.
Counselors also engage in conversation with participants, but
their dialogues focus more on therapeutic interactions. For
example, in the study by Ring et al [37], the digital human serves
as a counselor, providing the first counseling session in a CBT
intervention. Educators, designated specifically for
psychoeducation, are responsible for conveying specific learning
material to participants through visual and verbal means and
assisting them in reviewing previously learned content.
Facilitators focus on assisting participants in achieving specific
goals requested by the system by providing task instructions
and confirming task completion. Actor is a unique role compared
with others; digital humans play specific characters to facilitate
psychotherapy. In the study by Baghaei et al [24], the digital
human acts in a state of negative emotion (angry, crying, etc)
to elicit compassion from participants. In another study by Kocur
et al [32], the digital human represents a human entity that
continually expresses dysfunctional beliefs to participants, such
as “You have to be perfect.”

Feasibility and Effectiveness of Digital Human

Assessment
In studies applying digital humans to assessment, digital humans
have been proven to be as effective in conducting interviews as
showing real human videos [26,28] and filling out self- report
questionnaires [21]. In the studies by DeVault et al [29] and
Philip et al [39], data collected after interviews with digital
humans were analyzed, and they concluded that these data have
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the potential to support automatic depression assessment based
on dialogue systems involving digital humans and humans.
Furthermore, in the experiment by Egede et al [22], it was found
that participants exhibited greater body movements and more
intense facial expressions under the guidance of a digital human
(compared with text-only mode), which also supports the
feasibility of using digital humans for automatic depression
assessment.

Intervention
Many experimental results that apply digital humans in
interventions have highlighted the potential for digital humans
to establish positive relationships with participants. This includes
factors such as positive responses to participants’ emotional
expressions, customizable appearances, nonjudgmental
expressions, and good patience. This personal relationship can
also lead to better acceptance and attitudes toward digital
humans from participants. Several articles reported that digital
humans made a positive impression on participants. In the
experiment by Bickmore et al [36], 76% of participants reported
that their experience talking with a digital human was better
than their interactions with health providers, and they were more
inclined to choose digital humans as their channel for receiving
psychoeducation in the future. Additionally, several articles
indicated a positive impact of digital humans on therapeutic
outcomes. For example, in the experiment by Kocur et al [32],
they compared the results of participants receiving treatment as
usual (TAU) with those receiving CAT-DB+TAU and found
significant differences in the reduction of depressive symptoms
in the group who received CAT-DB+TAU.

Design of Digital Human

Overview
The design of digital humans across various studies showcases
a diverse range of models, display devices, input or output
modalities, and back-end intelligence, reflecting the adaptability
of virtual characters to different applications. Based on the
description of digital humans in the studies, we identified that
the digital human designs in 3 studies [23,26,34] appeared
repeatedly. We chose to retain the literature with more detailed
descriptions of the digital human designs. After eliminating
these duplicates, 17 unique digital human designs were included
in the results.

Digital Human Presentation
In terms of body visibility, there are 7 full-body, 8 upper-body
(head to chest), and 2 head-only digital humans (Figure 2). After
analyzing the use cases for each digital human, we found that
on mobile devices (such as phones and tablets), half-body is a
more common setting [31,37], as this aligns better with how
we typically see human bodies on these devices. The choice of
full body is usually driven by device or scenario requirements.
For example, digital humans in virtual reality (VR) all use
full-body representations [24,35,40], and in the study by Stratou
et al [53], they displayed a full-body digital human in larger
screens to simulate the feeling of conversing with real people
in reality. As mentioned by Bresó et al [27], they chose
head-only because focusing on facial expressions makes it easier
to convey different emotions and gives the digital human a
higher degree of realism, which is a key issue in their study
design. Regarding style design, the appearance of 2 digital
humans leaned more toward a cartoon-like style [25,28].
Luerssen and Hawke [25] mentioned that their choice of
cartoon-like style was to avoid the uncanny valley effect, while
the rest of the digital humans adopted a more realistic style.

Figure 2. Example of digital human: (A) full body [21], (B) upper body [31], and (C) head-only [32].

Input and Output Modality
The majority of digital humans (n=15, 88.2%) support natural
language input, with 2 studies [36,38] relying on interface touch
input. Correspondingly, all digital humans support speech
synthesis and audio output, but only 5 digital humans are capable
of delivering empathy narration [22,27,29,30,35]. All digital
humans exhibit lip movements while speaking, along with other
bodily actions, such as blinking [28] and nodding [29]. Due to
their presence in a 3D environment, the digital humans in the
studies by Baghaei et al [24], Halim et al [35], and Wu et al
[31] are capable of a wider range of actions, including walking,
crying, showing anger, and more.

Back-End Intelligence
This scoping review identifies 4 types of back-end intelligence
used in the development of digital humans—Scripted Systems,
Rule-Based Systems, Wizard of Oz, and Recorded Playback.
Each approach offers unique strengths and applications,
contributing to the diverse landscape of digital human
technology.

Scripted systems operate based on predetermined scripts that
define the digital human’s behavior and responses in a linear,
predictable manner. This method is highly effective in scenarios
where interactions are straightforward and the range of possible
user inputs is limited. Among the 17 digital humans, more than
half (n=10, 58.8%) used a scripted back end to control their
behavior. For the digital human who used a scripted back end,
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the scenarios they face have standard dialogue processes, such
as interviews with predefined topics [26,31], and tasks with
specific instructions [22].

Rule-based systems are characterized by a set of predefined
rules that guide the digital human’s decision-making processes.
These systems offer greater flexibility compared with scripted
systems, as they can dynamically adapt to a wider range of user
inputs through conditional logic. Furthermore, 4 digital humans
use a rule-based dialogue system, with 3 digital humans acting
as counselors in the studies [25,27,37], and 1 as an interviewer
[21].

The Wizard of Oz [54] technique involves a human operator
who controls the digital human’s actions and responses in
real-time, unbeknownst to the user. This method is commonly
used in experimental and prototyping phases, allowing
researchers to simulate the capabilities of a fully autonomous
digital human before the underlying technology is fully
developed. The digital humans in the experiments conducted
by DeVault et al [29], Kocur et al [32], and Hidding et al [40]
are directly controlled by professionals (certified counselors)
to ensure participant safety and provide an experience closer to
interacting with a real person.

Notably, in the experiment by Halim et al [35], the behavior of
the digital human is derived from the participants’ actions, a
method called Recorded Playback. In this experiment,
participants are required to show compassion to the digital
human in the first stage, and the language and actions of the
participants are recorded by the system. In the second stage,
these recorded behaviors are performed by the digital human.

Discussion

Principal Findings

RQ 1: Digital Human Replication of Roles in Supporting
Services
The aim of this scoping review was to identify the existing
evidence on using digital humans to assist in assessment for
depression and delivering interventions, and to unfold the design
choices of these digital humans. We have found that many
studies designed digital humans’purposes to be similar to certain
roles in existing services. For example, a counselor conducting
assessment through interviews [31], a therapist providing CBT
session [27], and a nurse giving necessary information to
patients [36]. The results of these studies can be considered
preliminary affirmations of the effectiveness of digital humans
in these roles.

Advantages of digital humans: Compared with real humans,
digital humans have significant advantages in accessibility and
availability, as they are essentially software programs. This
means they can operate around the clock without the constraints
of human limitations such as fatigue, working hours, or
geographic location. This 24×7 availability ensures that support
can be provided to users whenever they need it, which is
particularly beneficial in emergency situations or for individuals
in different time zones. Additionally, applying digital humans
in the field of psychotherapy has a special advantage—the low

social stigma caused by interaction. In selected studies, 2 articles
[21,36] mentioned that in experimental interviews comparing
interactions with digital humans and health providers (therapists
or nurses), several participants felt more relaxed and safe
communicating with the digital human. This advantage has been
proven by the research by Lucas et al [55], which demonstrated
that participants were more willing to disclose emotionally
sensitive information, including expressing sadness more
intensely, when they were interviewed by a digital human and
believed the interviewer was a computer rather than a human.
Another work by Loveys et al [56] indicates that the emotional
expressiveness of digital humans, such as using an emotional
voice, can enhance participants’ comfort and emotional
responses during interactions. These studies suggest that digital
humans can create an environment where individuals feel more
comfortable and less anxious when disclosing. Furthermore,
the consistency and unbiased nature of digital humans ensure
that all users receive the same level of care and attention, free
from the potential biases or variability that can come with human
providers. This standardization can be particularly important in
ensuring equitable access to high-quality support services.

Designed for real-life scenarios: In the design of these digital
humans, a key design choice has been to ensure that the digital
human’s appearance and behavior align with the local cultural
context. For example, Takemoto et al [26] specifically
mentioned that they designed the digital human’s appearance
based on the local population’s characteristics. In the study by
Wolters et al [23], besides the appearance, the digital human
was given a Scottish accent to resonate more effectively with
participants from that region. Based on previous research, such
culturally sensitive design decisions can significantly enhance
participants’ comfort and engagement, potentially leading to
more effective therapeutic outcomes [57,58]. Moreover, the
input modality is another vital consideration. While speech is
often the natural and preferred input method of digital humans,
some studies, particularly those conducted in noisy environments
like hospitals [36], have opted for touch as the primary mode
of interaction. This choice underscores the importance of
usability in designing digital humans, emphasizing that how
users interact with these entities must be carefully tailored to
the specific context in which they are deployed.

Leveraging the advantages of digital humans, we believe that
their potential can be extended to a wider range of roles to assist
in depression assessment and intervention, especially in helping
clients reduce social stigma. For instance, in face-to-face
therapy, some clients may bring a support person to the session
to help alleviate their anxiety. A digital human can replicate
this support function by providing a nonjudgmental and
consistent presence, helping clients feel more comfortable and
less anxious during their sessions. Another promising role for
digital humans is that of a peer specialist. Peer support
interventions have been shown to be effective in treating
depression, as evidenced by numerous studies [59]. Peer
specialists share their own experiences to help clients feel
understood and to encourage them to disclose more during the
intervention. A digital peer specialist can fulfill this role by
simulating these supportive interactions, providing empathetic
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responses, and sharing relatable experiences that resonate with
clients.

RQ2: Design Considerations for Digital Human
Implementation
Digital human design choices reflect careful consideration of
technological constraints, therapeutic goals, and user contexts.
The analysis reveals systematic patterns in how researchers
approach fundamental design decisions, from visual appearance
to underlying intelligence architectures, with each choice serving
specific therapeutic and technical purposes.

Body visibility decisions appear strategically aligned with
platform capabilities and therapeutic objectives. Full-body
representations dominate VR applications where spatial presence
is paramount, while upper-body presentations are preferred for
mobile devices where screen space is limited. Head-only
implementations are chosen specifically when facial expression
fidelity is critical for conveying emotions or avoiding uncanny
valley effects [27,32]. This distribution suggests that successful
digital human design requires careful consideration of platform
affordances and their alignment with therapeutic goals. The
predominance of realistic over cartoon-like styling (15 of 17
designs) suggests a preference for human-like appearance that
supports therapeutic credibility and user engagement. However,
some researchers deliberately chose cartoon styling to avoid
uncanny valley effects while maintaining user comfort,
indicating that appearance realism must be balanced against
potential negative user reactions. Cultural sensitivity emerges
as a critical design consideration, with researchers adapting
appearance characteristics, accents, and interaction styles to
match local population demographics and cultural expectations.
These adaptations demonstrate awareness that effective
therapeutic relationships require cultural alignment and
familiarity.

Interaction modality design reveals sophisticated approaches
to creating natural, accessible interfaces. The overwhelming
preference for speech-based input (88.2% of implementations)
reflects both user expectations for natural conversation and the
technological maturity of speech recognition systems. Hence,
the conversation ability is one of the main factors that affect
closeness perceptions on digital humans [60]. The selective use
of touch input in specific contexts, particularly noisy hospital
environments, demonstrates adaptive design thinking that
prioritizes usability over technological sophistication. This
flexibility suggests that effective digital human systems must
accommodate diverse deployment contexts and user needs.

Output modality design shows varying levels of sophistication
in multimodal communication. While all systems provide speech
synthesis and basic behavioral animations, the implementation
of empathy narration in only 5 systems suggests that this remains
a challenging but valuable design goal. The expanded behavioral
repertoires available in 3D environments, including walking,
crying, and showing anger, highlight how platform capabilities
directly influence design possibilities and therapeutic potential.
These variations indicate that output sophistication should align
with both technical capabilities and therapeutic requirements.

The distribution of back-end intelligence approaches reveals
important insights about current technological capabilities and
design priorities. Scripted systems (10/17, 58.8%) dominate in
contexts requiring predictable, standardized interactions,
particularly for assessment protocols and structured educational
content. Rule-based systems (4/17, 23.5%) appear primarily in
counseling contexts where greater conversational flexibility is
needed while maintaining therapeutic boundaries. This
distribution suggests that different therapeutic contexts require
different levels of conversational sophistication and autonomy.
The continued use of Wizard of Oz techniques (3/17, 17.6%)
in recent studies indicates that fully autonomous digital humans
may not yet be ready for complex therapeutic interactions,
particularly those requiring real-time clinical judgment. This
approach allows researchers to explore the therapeutic potential
of digital humans while ensuring participant safety and
intervention quality. The innovative use of recorded playback
in CFT [35] demonstrates how back-end intelligence can be
tailored to specific therapeutic mechanisms, using participants’
own recorded behaviors to create personalized therapeutic
content.

The design of digital humans for depression support requires
balancing multiple factors: Visual appearance needs to be
culturally adapted to the target population and matched to
platform capabilities, and within these constraints, should be
realistic enough for credibility while avoiding uncanny valley
effects. Interaction design should prioritize natural speech input
where feasible but adapt to environmental constraints. Back-end
intelligence approaches must be selected based on therapeutic
context, with scripted systems providing safety and
standardization for assessments, while rule-based and Wizard
of Oz techniques enable more flexible therapeutic interactions.
Ultimately, successful digital human implementation depends
on aligning design choices with specific therapeutic goals,
technological capabilities, and user needs rather than pursuing
technological sophistication for its own sake.

Digital Human in Building Therapeutic Alliance
The therapeutic alliance, characterized by a collaborative and
trusting relationship between a health provider and a client, is
a cornerstone of effective psychotherapy [61]. Traditionally,
this alliance is built through face-to-face interactions, where
empathy, understanding, and mutual respect foster a sense of
safety and connection. With the advent of digital humans in
therapeutic settings, there is a growing interest in understanding
how these virtual entities can contribute to building and
maintaining a therapeutic alliance [62].

In this scoping review, multiple studies [23,36,37,39] have
demonstrated the potential of digital humans to establish
trustworthy and comfortable relationships with clients. These
findings underscore the viability of digital humans as supportive
agents in mental health care. Several key factors contribute to
the successful establishment of therapeutic alliances with digital
humans. First is empathy and emotional responsiveness. The
ability to empathize is crucial in building a therapeutic alliance
[63]. Digital humans, as embodied virtual agents, can combine
facial expressions, body movements, and emotional narration
to convey emotions accurately. In the study by Ring et al [37],
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participants felt that their feelings were understood because the
digital human provided appropriate feedback. Similar results
were observed in the experiment by Philip et al [39], where
participants also reported a sense of being understood. These
findings highlight the importance of empathetic interactions in
fostering a strong therapeutic alliance. Another critical factor
is the nonjudgmental presence of digital humans. This presence
is created through the careful design and control of the content
expressed by the digital human. The interactive content of digital
humans applied in all of the 17 included studies was designed
or evaluated by experts before being applied in experiments.
Although this approach limits the range of user interactions, it
ensures the safety and appropriateness of the interactions. By
providing a nonjudgmental and safe space, digital humans can
help clients feel more comfortable and open, thereby
strengthening the therapeutic alliance. In addition, compared
to face-to-face interactions, digital humans offer customizable
support tailored to the individual’s personality and needs. This
personalized attention can make people with depression feel
valued and understood, increasing their motivation to engage
in therapy and fostering a deeper sense of trust.

Digital humans have demonstrated significant potential in
building therapeutic alliances with individuals experiencing
depression. By providing empathetic, consistent, and
personalized support, digital humans can help overcome barriers
related to stigma, availability, and accessibility.

Ethical Considerations and Potential Risks
While this scoping review demonstrates the promising potential
of digital humans in depression management, implementation
raises critical ethical concerns requiring careful attention.
Privacy and data security present immediate risks, as digital
human systems collect highly sensitive information, including
verbal responses [35], behavioral patterns [39], and potentially
video or audio recordings during vulnerable therapeutic
moments [37]. Many reviewed studies provided limited detail
about data management practices, yet these systems often rely
on cloud-based infrastructure and third-party services that create
multiple exposure points for sensitive mental health data.
Biometric information, such as voice recordings and facial
expressions, is inherently difficult to anonymize and could
potentially reidentify individuals even after traditional identifiers
are removed. Future implementations should ensure robust
encryption, secure storage protocols compliant with relevant
regulations, transparent disclosure of data practices, and clear
policies regarding third-party access and data retention.

The accessibility advantages of digital humans paradoxically
create risks of overreliance and inappropriate use. Recent news
has shown that individuals may incorrectly view these tools as
complete replacements for human therapists rather than
complementary supports [64], potentially delaying access to
necessary human intervention for severe depression, suicidal
ideation, or complex presentations. Current autonomous systems
have limited capacity to recognize and appropriately respond
to acute crises, and users may form parasocial relationships with
digital humans without recognizing fundamental limitations
compared with human therapeutic relationships. Clear
communication about system boundaries is essential, alongside

robust escalation mechanisms to human providers when needed.
Additionally, questions of accountability remain
unresolved—when adverse outcomes occur, responsibility
distributed among developers, health care providers, and users
requires clear frameworks that protect vulnerable populations
while enabling innovation. Equity and access concerns threaten
to undermine the democratizing potential of digital humans.
Implementation requires technological access (appropriate
devices, reliable internet, and digital literacy) that populations
at risk for depression—including low-income individuals, older
adult persons, and those in rural areas—may lack. Only 25%
(5/20) [23,25,33,34,38] of reviewed studies occurred in everyday
environments, suggesting limited real-world accessibility
evidence. Without deliberate policy intervention ensuring
equitable access through public health systems and subsidized
programs, these technologies risk becoming available primarily
through private markets, widening rather than closing mental
health care gaps.

Moving forward, ethical implementation requires
privacy-by-design approaches with comprehensive data
protection, transparent communication of system limitations
and appropriate use cases, inclusive development ensuring
diverse representation in training data and validation studies,
and hybrid care models positioning digital humans as adjuncts
rather than replacements for human providers. Regulatory
frameworks must establish appropriate validation standards and
postmarket surveillance requirements, while sustainable funding
models must prioritize access for underserved populations. As
this technology advances beyond proof-of-concept
demonstrations, the field should evaluate not only what digital
humans can do, but what they should do, ensuring that the
pursuit of innovation maintains focus on user well-being,
autonomy, safety, and equitable access across all populations
who might benefit from mental health support.

Suggestions for Future Research
A total of 3 promising research opportunities emerged from this
review that offer significant potential to advance the field of
digital humans in depression management.

First, the current technological landscape reveals substantial
opportunities for enhancement that could transform therapeutic
capabilities. Future research would benefit from exploring the
integration of physiological monitoring (heart rate variability,
galvanic skin response, and eye tracking) with digital human
systems to enable real-time emotional state detection and
adaptive responses. Given that current systems rely
predominantly on scripted or rule-based approaches, there is
potential for incorporating enhanced natural language processing
and emotional artificial intelligence capabilities while
maintaining therapeutic safety standards. Cross-platform
optimization research presents exciting opportunities, as current
use of digital humans has appeared across mobile platforms
(smartphones and tablets) [25,38], stationary platforms (large
display systems and desktop monitors) [21,27], and VR headsets
[35,40], suggesting the need for thoughtful platform-specific
design guidelines and seamless integration across devices to
maintain therapeutic continuity.

JMIR Ment Health 2026 | vol. 13 | e79954 | p.238https://mental.jmir.org/2026/1/e79954
(page number not for citation purposes)

Cao et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Building on the demonstrated success of digital humans in
traditional clinical roles, research could explore innovative
therapeutic applications that leverage their unique capabilities.
The encouraging success of digital humans as “actors”
representing emotions and thoughts suggests promising potential
for novel approaches, including digital peer specialists who can
share lived experiences, family therapy facilitators who manage
complex group dynamics, and group intervention leaders who
ensure equitable participation. Prevention and early intervention
applications present valuable research opportunities, as current
studies focus primarily on individuals already experiencing
depression rather than exploring applications with at-risk
populations, such as adolescents, caregivers, or individuals with
chronic medical conditions. Research could also investigate
how digital humans can serve as effective mediators between
counselors and clients, facilitating communication and building
trust through their demonstrated ability to reduce stigma and
encourage self-disclosure.

Finally, research would greatly benefit from investigating how
digital humans can be effectively integrated into existing health
care workflows, including exploring optimal combinations of
digital and human therapist interactions, developing smooth
hand-off protocols between digital and human providers, and
establishing data-sharing mechanisms that maintain continuity
of care. Cost-effectiveness analyses offer valuable opportunities
to demonstrate the economic benefits of digital human
interventions compared with traditional care models, while
implementation research could systematically explore facilitators
and address barriers to adoption across diverse clinical settings,
from large hospital systems to community health centers.

Besides these research opportunities, we also recognize the need
for concrete methodological guidance to advance the field
beyond its current proof-of-concept stage. Future studies should
use adequate sample sizes appropriate to their RQs:
proof-of-concept studies should include a minimum of 30‐50
participants for preliminary feasibility assessment, while
comparative effectiveness trials require 100‐150 per arm to
detect medium effect sizes with adequate power. Researchers
should adopt standardized outcome measures to enable
meta-analyses and cross-study comparisons, including PHQ-9
or Beck Depression Inventory-II for depression symptom
severity, the Working Alliance Inventory adapted for digital
humans to assess therapeutic alliance, the System Usability
Scale for usability evaluation, and systematic adverse event
monitoring. Additionally, we suggest that future research include
more detailed documentation of the digital human design process
to enhance transparency and replicability. As noted in our
limitations, most reviewed studies provided only final design
descriptions without elaborating on the underlying rationale,
iterative decisions, or user-centered design methodologies used.

Practical Implications

User-Centered Design Principles
The review highlights that effective digital human systems are
grounded in collaborative design processes between clinicians
and developers. To ensure therapeutic relevance and usability:

• Clinicians should be involved early to define therapeutic
goals, patient needs, and appropriate boundaries.

• Developers should guide feasibility discussions and apply
user experience principles tailored to mental health contexts.

• Ongoing dialogue should promote mutual
understanding—clinicians educate on therapeutic aspects
of the project, while developers clarify what current
technologies can and cannot achieve.

This interdisciplinary co-design ensures that systems are both
clinically sound and technically viable.

Ethical Implementation Guidelines
The deployment of digital humans in mental health care raises
important ethical considerations that require careful attention
during study. Based on the review findings, we suggest:

• Study protocols should prioritize transparency about the
interactions between participants and digital humans,
especially the data collection practices.

• Participants should be clearly informed about the
capabilities and limitations of digital human systems,
including their role as therapeutic tools rather than
replacements for human care.

• Implementation frameworks should establish clear
boundaries and expectations from the outset—clinicians
define appropriate therapeutic limits and user relationship
parameters, while developers implement technical
safeguards that support these ethical boundaries.

Integration Into Clinical Workflows
Successful implementation of digital humans in depression care
requires strategic planning across multiple dimensions:

• Design the digital human’s appearance and language to
reflect target user population characteristics (eg, facial
features, accent, and ethnic background).

• Assess the physical environment where deployment will
occur and select interaction modalities appropriate to the
setting (eg, touch-based input for noisy environments and
speech input for quiet, private spaces).

• Start with well-defined tasks where scripted systems have
proven effective: standardized questionnaire administration
(PHQ-9), protocol-based interviews, and psychoeducational
content delivery.

• Provide training for clinical staff on system capabilities,
limitations, and appropriate use cases.

• Implement feedback mechanisms to continuously improve
system performance based on clinician and patient input.

Limitations
This scoping review has some limitations. To make our review
feasible, we used a relatively narrow literature search approach,
which may have introduced selection bias. The restriction to
studies published in English could have excluded relevant
research, and due to the various terms used to describe digital
humans in the literature, our search terms might not have
covered all relevant papers.

The studies included in this review exhibited considerable
heterogeneity in terms of design, methodology, and intervention
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protocols. This makes it challenging to draw definitive
conclusions or directly compare outcomes across different
studies. Critically, the evidence base is dominated by
proof-of-concept studies and small-sample trials. Specifically,
55% of studies (n=11) [23-26,28-30,33-35,37] included fewer
than 50 participants, with only 20% (n=4) [31,36,38,39]
enrolling over 100 participants. This prevalence of small-scale
exploratory research limits the statistical power and
generalizability of findings. While these developmental studies
provide valuable preliminary evidence, they are insufficient for
making definitive claims about therapeutic efficacy. The
differences in study designs, sample sizes, and measurement
tools underscore that digital humans for depression management
remain an emerging field requiring substantial methodological
advancement before strong clinical recommendations can be
made.

Another limitation identified in the included studies is the lack
of detailed information on the design processes for digital
humans in the reviewed studies. Most studies provided
descriptions of the functions and appearances of digital humans
but did not elaborate on the underlying design choices or
rationales. This lack of transparency makes it difficult to
understand how specific design decisions might have influenced
study outcomes and limits our ability to evaluate the replicability
and effectiveness of different digital human implementations.
As with most systematic literature reviews, potential publication
bias is also a concern, as unpublished studies or those with
negative results might not have been included in this review.

Conclusions
This scoping review of 20 studies systematically addressed how
digital humans are used in depression management and their
design considerations. Regarding usage (RQ1), digital humans
demonstrate versatility across assessment (9/20, 45%) through
questionnaire administration, interviews, and interactive tasks,
and intervention (13/20, 65%) through CBT, psychoeducation,
and innovative therapies, assuming roles as interviewers,
facilitators, counselors, educators, and actors. For design
considerations (RQ2), successful implementations strategically
align appearance with platform capabilities (full-body for VR
and upper-body for mobile), prioritize realistic styling and
cultural sensitivity, use speech-based input (15/17, 88.2%), and
use back-end intelligence ranging from scripted (10/17, 58.8%)
to rule-based systems. The use of digital humans now stands at
a juncture where it not only enables bidirectional conversations
but also significantly enriches interactions within the domain
of depression management. This advancement signals a
paradigm shift toward fostering deeper connections, tailored
assistance, and broadening the horizons of accessibility,
surpassing what traditional therapeutic frameworks could offer.
Our scoping review has charted the pioneering deployment of
digital humans across the dual spectrums of assessment and
intervention, casting a spotlight on their transformative potential
to amplify the reach and resonance of mental health
interventions.
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Abstract

Background: Mood monitoring is widely used by people with depression and bipolar disorder (BD) to prevent relapse and
improve insight into their condition, but it is unclear if these interventions have an impact on symptoms and for whom. As the
capacity for passive mood monitoring increases, it is vital to improve our understanding of frequent mood assessment.

Objective: This systematic review and meta-analysis assessed the effect of mood monitoring interventions in people with
depression and BD to decrease relapse risk and symptoms of depression and mania.

Methods: We conducted a systematic review and meta-analysis (PROSPERO, International Prospective Register of Systematic
Reviews: CRD42023396473) and reported results according to PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analysis) guidelines. Randomized controlled trials with clinically important follow-up periods were identified via multiple
database searches and rated for risk of bias using the Cochrane Risk of Bias tool. The primary outcomes were symptoms of
depression and mania. Available data were pooled to calculate standardized mean differences (SMDs) for the primary outcomes:
severity of depression, bipolar depression, and mania/hypomania.

Results: We included 8 trials of 1230 participants and 6 different mood monitoring protocols. In BD, meta-analysis found a
small but not statistically significant effect of mood monitoring interventions on decreasing mania symptoms (6 comparisons,
n=873; SMD 0.16, 95% CI−0.34 to 0.01; P=.06) and no effect on bipolar depression (6 comparisons, n=873; SMD −0.08, 95%
CI −0.31 to 0.15; P=.02). In depression, we found a small effect in decreasing symptoms of depression of borderline statistical
significance at 12 months (2 comparisons, n=262; SMD −0.25, 95% CI −0.49 to 0.00; P=.05) but not at 6 months (2 comparisons,
n=268; SMD −0.21, 95% CI −0.54 to 0.12; P=.21). There was an absence of evidence on the effect of mood monitoring on
decreased relapse rates or readmission rates. Studies had a low risk of bias. There was no evidence on mood monitoring through
ecological momentary assessment.

Conclusions: Overall mood monitoring interventions do not increase or decrease mood symptoms in people with BD, nor is
there robust evidence of such effects in people with unipolar depression. Further research is merited on different forms of mood
monitoring and to determine under what circumstances mood monitoring might have beneficial or adverse effects. These results
initially suggest that ambulatory assessment does not induce large placebo effects or significantly negatively or positively affect
mood, and thus that mood monitoring may be an appropriate outcome measure for research or for clinical practice.

(JMIR Ment Health 2026;13:e84020)   doi:10.2196/84020
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Introduction

Many people with bipolar disorder (BD) and depression track
their mood symptoms over time, and there are multiple tools
available freely on the web to do this [1-4]. A recent survey of
people with BD found that 41.6% of participants reported using
a self-management app related to mood or sleep [5,6]. Mood
monitoring is widely used, specifically by people with mood
disorders [7], for example, Bipolar UK’s mood tracking app
has greater than 10,000 downloads on Android alone [8]. Mood
tracking is one of the most common features of mental health
smartphone apps—previous reviews have noted that
mood/behavior tracking is present in over half of these apps
[9-11]. Many smartphones include in-built self-tracking
functions for health [12], and many studies are incorporating

mood monitoring as a method of clinical outcome [13] and
testing them as interventions [14].

Traditionally, mood monitoring is done place using paper-based
charting [15]. However, many people with BD and depression
prefer digital methods as they are convenient and store easily
accessible records of mood, allowing people to more easily look
back and identify patterns of improvement or worsening of
symptoms [8]. Digital methods, where individuals record their
mood in the moment, may also decrease recall bias, so there
might be greater accuracy in charting and plotting mood rather
than retrospective completion of data every few weeks [7]. The
technology used in mood tracking and ambulatory assessment
is wide-ranging, and some of the descriptive terms used
throughout this paper are nuanced, often with overlapping
definitions. Because of this, we have listed these important
terms in Table 1 below.

Table . Definitions of forms of mood-monitoring and related terms.

DefinitionTerm

The appraisal and recording of one’s current state, can include mood.Self-monitoring

Regular recording of one’s mood over a period of time. This can be done
digitally on a device or analog using pen and paper charting.

Mood tracking/mood monitoring

Wide group of digital methods recording data on the user in real time and
in natural settings. Includes mood tracking/monitoring, remote measure-
ment technology, and ecological momentary assessment.

Ambulatory assessment

Users input information about their own current state.Active data collection

Behavioral data is automatically recorded via technology.Passive data collection

Wearable devices record passive data.Remote measurement technology

Intensive “in the moment” self-reporting by the user, for example, multiple
times per day.

Ecological momentary assessment

Mood monitoring can be used as an intervention (both in
randomized controlled trials [RCTs] and nonrandomized studies)
and also as a method of ascertaining outcome (both in RCTs
and nonrandomized studies). Passive data collection may reduce
the burden of data completion and remind the participant less
frequently about their mood [16,17]. Some mood monitoring
may combine active and passive monitoring. For example,
passive monitoring of certain activity or behavior may trigger
active data collection from the user when there is a preset level
of change in this activity/behavior. In depression, activity may
be reduced, and in mania, it may increase [18]. Other forms of
mood monitoring might randomly request the participant to
actively complete data on mood without any passive monitoring
[17]. These technological advances may provide new utility to
a relatively old intervention methodology. However, there is a
need to assess whether these newer approaches to mood
monitoring have benefits or harms as well, and so we included
all of these approaches in this review.

There is evidence that increasing awareness of mood fluctuations
can improve insight, and the identification of early warning
signs can prevent relapse in depression and BD [19]. This raises
the question of whether mood tracking can have any direct
clinical effects, either positive or negative [20]. Currently, it is
unclear if mood monitoring or mood tracking as an intervention
is effective in reducing symptom severity or in preventing

relapse. It is also possible that mood monitoring interventions
have negative effects on mood [21,22] or lead to a response bias
whereby users complete the same score despite mood altering
in response to being asked the same questions repeatedly. As
the capacity for mood monitoring through digital assessment
increases and these methods are used increasingly as assessment
methods in research, it is vital to improve our understanding of
frequent mood assessment [23].

Some people with BD report that mood monitoring helps them
to reduce relapse risk, for example, through greater awareness
of their current mental state, while others report it worsens their
mood, for example, by reminding them of their mood problems,
so they consider mood monitoring a burden [16,22]. Others
report that it is relatively simple to carry out in their day-to-day
lives [1]. Mood monitoring may represent an intervention that
is usable, acceptable, and easy for individuals to implement in
their lives, and it can be coupled quite easily with simple
psychological interventions such as psychoeducation [24].
Questions remain, however, about definitive efficacy and
potential for harm from mood monitoring alone.

The potential for efficacy or adverse events is particularly
important as RCTs and observational studies increasingly move
towards digital combinations of passive and active monitoring
or ambulatory assessment outcomes [17,25]. It is thus integral
to know whether the method of assessment itself may carry any
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therapeutic benefits or any adverse effects. Any such risk or
benefit might bias any outcome assessment of other
interventions in trials, potentially enhancing or obscuring any
true benefit or suggesting a false benefit through measurement
methods used in the trial rather than from the intervention itself
[26]. Furthermore, if there were adverse effects, ambulatory
assessment protocols would need to consider providing
coping/mitigating strategies—currently, the risk is not known,
and such mitigating strategies are not routinely provided [27,28].
The risk/benefit of mood monitoring might be best investigated
through an analysis of RCTs of frequent mood assessment,
although other approaches, such as reports of adverse events,
qualitative monitoring, and surveys from practice, all have their
place in responsible technological innovation [29].

Previous reviews have explored mood monitoring but have not
assessed efficacy in high-quality RCTs [28,30,31]. This is the
first systematic review and meta-analysis that we are aware of
that examines mood monitoring as an intervention in RCTs in
BD. The aim of this systematic review is to assess the effect of
mood tracking in people with BD and depression on relapse
risk and symptoms of bipolar depression, mania/hypomania,
and depression.

Methods

Overview
We used the Cochrane Handbook for Systematic Reviews of
Interventions methodology and used a Preferred Reporting Items
for Systematic Reviews and Meta-Analysis (PRISMA) checklist.
The study was preregistered with the International Prospective
Register of Systematic Reviews (PROSPERO:
CRD42023396473 [32]).

Inclusion Criteria
The inclusion criteria were as follows:
self-monitoring/ecological momentary assessment
(EMA)/repeated symptom assessment in people with BD or
depression as an intervention over a minimum period of 3
months, with rating of symptoms weekly at a minimum. On
discussion with patient and public involvement, mood
monitoring over periods less than 3 months might be misleading
in various contexts associated with temporary change, such as
changes in medication, menstrual, seasonal, or life event effects
on mood, or as the person becomes familiar with a new method
of mood monitoring. The studies needed to use an appropriate
nonmood monitoring/EMA control. The studies should either
use a validated measure of mood or validate the chosen measure
with a validated mood measure. The studies could be published
in any language and could be digital or nondigital, although we
acknowledged that the majority of studies would use digital
technologies. We only included RCTs with 20 or more
participants with BD or depression [33]. We did not exclude
RCT studies where mood monitoring was included but not the
primary focus of the intervention (but it so happened that in the
included studies, the mood monitoring did comprise a significant
part of the overall intervention). We searched the gray literature
(eg, conference abstracts, dissertations, policy literature, reports
via ProQuest and Google Scholar—full details below) for
unpublished studies that were eligible for inclusion.

Search Strategy and Selection Criteria
The complete search strategy is listed in the Multimedia
Appendix 1. We searched PsychINFO, EMBASE, SCOPUS,
IEEE Xplore, Ovid MEDLINE, Proquest SciTech Collection,
ProQuest Dissertations and Theses Global, and Google Scholar
using the search terms. Search results were exported for
appraisal and stored on Rayyan [34]. The initial search was
conducted on March 03, 2023, and updated on October 28,
2024. All abstracts were appraised by 2 independent screeners
(LAW, GM, GS, RP, MM, and DP), and any disagreements
were discussed, and a consensus arrived upon, with adjudication
by a third independent screener if required. The full text of any
potentially relevant papers was acquired, and if we were unable
to source the full text of the study, we then contacted the
corresponding author to request the paper. To determine if
potentially relevant studies met the inclusion criteria, the full
text was reviewed separately by 2 authors, again with discussion
and consensus with a third reviewer if necessary. All papers for
inclusion were reference checked along with relevant systematic
reviews [15,18,27,28,30,31,35-38]. Key authors were also
emailed to see if the inclusion of any ongoing unpublished
studies could be included.

Data Extraction
Two independent reviewers extracted data (as per symptom
severity scores for different time points) from studies meeting
the inclusion criteria using identical data extraction forms.
Irregularities in the data extraction were discussed, and any
discrepancies were resolved through discussion.

Assessment of Study Bias
The Cochrane Collaboration’s Risk of Bias 2 tool was used for
each study [39]. Risk of bias was assessed by 2 independent
reviewers (LAW and GS), and any disagreement was resolved
via discussion.

The certainty of the evidence for the meta-analysis results for
each outcome was assessed independently and in duplicate by
2 review authors (LAW and GS) using the Grading of
Recommendations, Assessment, Development, and Evaluation
framework. This involved an individual assessment of each of
the 5 domains of risk of bias (inconsistency, indirectness,
imprecision, and publication bias), resulting in an overall
assessment of the certainty of the evidence as “high,”
“moderate,” “low,” or “very low” [40].

Synthesis of Results
The primary outcome in the meta-analysis for treatment studies
was a reduction in depression/mania/hypomania
incidence/symptoms for people with BD, and a reduction in
depressive symptoms at 6 months postintervention. This
timeframe was chosen to demonstrate the stability of treatment
effects. For mania/hypomania/depression severity, we calculated
standardized mean differences (SMDs). Insufficient studies
examined BD or depression incidence or relapse risk to
meta-analyze.

For outcomes included in more than one study, we measured

statistical heterogeneity by calculating the I2 statistic [41]. An

I2 of less than 30% was taken to indicate mild heterogeneity,
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and a fixed-effects model was used. When the I2 was greater
than or equal to 30%, a random-effects model was used. All
analyses were performed using Review Manager (version 5.3;
Cochrane Collaboration).

Results

Overview
The search identified a total of 23,515 studies. No studies that
were not in English were found to meet the inclusion criteria.

Following title and abstract screening, 21,638 studies were
excluded, resulting in a total of 758 studies being reviewed in
full. A total of 5 trials in people with BD and 3 trials in people
with depression met the eligibility criteria and were included
in the review. The BD trials included 803 participants, and the
depression trials included 427 participants. Tables 2-4 display
detailed characteristics of the studies and the mood monitoring
protocols used. Figure 1 and Checklist 1 detail the search
strategy with the PRISMA flowchart and checklist.
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Table . Characteristics of included bipolar disorder studies.

Primary
outcome

Mood
monitor-
ing dura-
tion
(months)

Active or
passive
mood
monitor-
ing

Mood
monitor-
ing inter-
vention

SettingCompara-
tor

Interven-
tion

Female

(%)a
Age
(years),
mean
(SD)

SampleaCountryStudy

HDRSc

and

6Active
and pas-
sive

Daily
smart-
phone
self-moni-

Secondary
care: spe-
cialist
mood dis-

Normal
smart-
phone use

MONAR-
CA sys-
tem plus:
(1) Study

6729.3
(8.43)

Bipolar 1:
67%,
Bipolar 2:
33%

DenmarkFaurholt-
Jepsen et
al [42]
(n=67) YMRSd at

1‐6
months

toring:
mood,

order ser-
vice for

nurse re-
viewing

sleep dura-patientsdata and
tion, medi-with acontacting
cation tak-new diag-patients if
en, activi-nosis ofsigns of
ty, irri-bipolar ordeteriora-
tability,treatment

resistance.
tion to of-
fer advice.
(2) Self-

mixed
mood,

monitored cognitive
data problems,
graphical- alcohol
ly visual-
ized.

consump-
tion,
stress,
menstrua-
tion, indi-
vidualized

EWSb.
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Primary
outcome

Mood
monitor-
ing dura-
tion
(months)

Active or
passive
mood
monitor-
ing

Mood
monitor-
ing inter-
vention

SettingCompara-
tor

Interven-
tion

Female

(%)a
Age
(years),
mean
(SD)

SampleaCountryStudy

HDRS
and
YMRS at
1‐9
months

9Active
and pas-
sive

Daily
smart-
phone
self-moni-
toring
items:
mood,
sleep dura-
tion, medi-
cation tak-
en, activi-
ty, irri-
tability,
mixed
mood,
cognitive
problems,
alcohol
consump-
tion,
stress,
menstrua-
tion, indi-
vidualized
EWS, anx-
iety, self-
defined
personal
parame-
ters, free-
text note.
Objective
smart-
phone da-
ta: phone
usage, so-
cial activi-
ty, step
count,
GPS loca-
tion.

Secondary
care: spe-
cialist
mood dis-
order ser-
vice for
patients
with a
new diag-
nosis of
bipolar or
treatment
resistance

Normal
smart-
phone use

Monsenso
system
plus: (1)
Study
nurse re-
viewing
data and
contacting
patients if
signs of
deteriora-
tion to of-
fer advice.
(2) self-
monitored
data
graphical-
ly visual-
ized.

5943 (12)Bipolar 1:
59%,
Bipolar 2:
41%

DenmarkFaurholt-
Jepsen et
al [43]
(n=129)
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Primary
outcome

Mood
monitor-
ing dura-
tion
(months)

Active or
passive
mood
monitor-
ing

Mood
monitor-
ing inter-
vention

SettingCompara-
tor

Interven-
tion

Female

(%)a
Age
(years),
mean
(SD)

SampleaCountryStudy

Rate and
duration
of psychi-
atric read-
missions
at 3‐6
months

6Active
and pas-
sive

Daily
smart-
phone
self-moni-
toring
items:
mood,
sleep dura-
tion, medi-
cation tak-
en, activi-
ty, irri-
tability,
mixed
mood,
cognitive
problems,
alcohol
consump-
tion,
stress,
menstrua-
tion, indi-
vidualized
EWS, anx-
iety, self-
defined
personal
parame-
ters, free-
text note.
Objective
smart-
phone da-
ta: phone
usage, so-
cial activi-
ty, step
count,
GPS loca-
tion.

Secondary
care: spe-
cialist
mood dis-
order ser-
vice for
patients
with a
new diag-
nosis of
bipolar or
treatment
resistance.

Usual careMonsenso
system
plus: (1)
study
nurse re-
viewing
data and
contacting
patients if
signs of
deteriora-
tion to of-
fer advice.
(2) self-
monitored
data
graphical-
ly visual-
ized.

5242.69
(13.46)

Bipolar 1:
58%,
Bipolar 2:
42%

DenmarkFaurholt-
Jepsen et
al [44]
(n=98)
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Primary
outcome

Mood
monitor-
ing dura-
tion
(months)

Active or
passive
mood
monitor-
ing

Mood
monitor-
ing inter-
vention

SettingCompara-
tor

Interven-
tion

Female

(%)a
Age
(years),
mean
(SD)

SampleaCountryStudy

MADRSf

and
YMRS at
3‐12
months

12ActiveOnline
mood
monitor-
ing via
MoodSwings
and
MoodSwings-
Plus web-
sites.

Mixed
sample:
partici-
pants re-
cruited via
advertis-
ing.

Discus-
sion fo-
rum

8239.47
(11.19)

Bipolar 1:
55%,
Bipolar 2:
38%

Australia
and the
United
States

Gliddon et
al [45]
(n=304)
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Primary
outcome

Mood
monitor-
ing dura-
tion
(months)

Active or
passive
mood
monitor-
ing

Mood
monitor-
ing inter-
vention

SettingCompara-
tor

Interven-
tion

Female

(%)a
Age
(years),
mean
(SD)

SampleaCountryStudy

Interven-
tion 1:
Discus-
sion fo-
rum plus
MoodSwings-
Plus:
MoodSwings
plus addi-
tional
CBT-

basede in-
teractive
elements:
tools to
support
mood and
medica-
tion moni-
toring,
life-chart
develop-
ment, cog-
nitive
strategies,
motiva-
tional in-
terview-
ing tech-
niques,
self-reflec-
tion, prob-
lem solv-
ing, identi-
fication of
personal
triggers
and a re-
lapse pre-
vention
plan.

Interven-
tion 2:
Discus-
sion fo-
rum plus
MoodSwings:
Online in-
tervention
compris-
ing mood
monitor-
ing, assess-
ing prodro-
mal mood
states, pre-
venting re-
lapse, and
setting
SMART
goals. On-
line deliv-
ery of
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Primary
outcome

Mood
monitor-
ing dura-
tion
(months)

Active or
passive
mood
monitor-
ing

Mood
monitor-
ing inter-
vention

SettingCompara-
tor

Interven-
tion

Female

(%)a
Age
(years),
mean
(SD)

SampleaCountryStudy

MAPS
(Mood
Assess-
ment Pre-
vent
SMART)
program.

Time to
relapse

4ActiveSmart-
phone-
based
self-man-
agement
interven-
tion: daily
and week-
ly check-
ins for
weeks 1‐
16. Daily:
adher-
ence,
sleep, du-
ration,
routine,
wellness
levels.
Weekly:
symptom
severity
scoring
for all indi-
vidual

DSM-IVg

mood
symp-
toms.

Secondary
care: 1
previous
mood
episode in
the past
year and
current
care by
psychia-
trist/nurse
practition-
er.

Usual careLivewell6142 (12)Bipolar 1:
100%,
Bipolar 2:
0%

The Unit-
ed States

Goulding
et al [14]
(n=205)

aReference articles do not provide the complete statistics, so absolute values corresponding to percentage values cannot be provided here.
bEWS: Early Warning Signs.
cHDRS: Hamilton Depression Rating Scale 17 items.
dYMRS: Young Mania Rating Scale.
eCBT: cognitive behavior therapy.
fMADRS: Montgomery-Åsberg Depression Rating Scale.
gDSM: Diagnostic and Statistical Manual of Mental Disorders.
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Table . Intervention protocols of included studies for depression and bipolar disorder.

Trial attritionAdherence to mood
monitoring

Analog or digital
mood monitoring

Active or passive
mood monitoring

Mood monitoring
duration (months)

Mood monitoring
intervention

Study type and re-
spective included
studies

Included studies for bipolar disorder

Intervention group:
3% attrition over 6

>93% of patients
randomized to the

DigitalActive and passive6Daily smartphone
self-monitoring:

    Faurholt-Jepsen
et al [42]

months, controlintervention groupmood, sleep dura-
group: 3% attrition
over 6 months.

self-reported on a
daily basis.

tion, medication
taken, activity, irri-
tability, mixed
mood, cognitive
problems, alcohol
consumption,
stress, menstrua-
tion, individualized

EWSa, clinical
feedback loop.

Intervention group:
7% attrition at 9

Over 9 months, pa-
tients in the inter-

DigitalActive and passive9Daily smartphone
self-monitoring

    Faurholt-Jepsen
et al [43]

months, controlvention group ad-items: mood, sleep
group: 7% attrition
at 9 months.

hered to the daily
self-monitoring
72.6% of the days.

duration, medica-
tion taken, activity,
irritability, mixed
mood, cognitive
problems, alcohol
consumption,
stress, menstrua-
tion, individualized
EWS, anxiety, self-
defined personal
parameters, free-
text note. Objective
smartphone data:
phone usage, social
activity, step count,
GPS location, clini-
cal feedback loop.

Total attrition: 35%
at 6 months, inter-

80.6% adherence to
daily self-monitor-

DigitalActive and passive6Daily smartphone
self-monitoring

    Faurholt-Jepsen
et al [44]

vention group:ing in interventionitems: mood, sleep
22%, control
group: 53%.

group over 6
months.

duration, medica-
tion taken, activity,
irritability, mixed
mood, cognitive
problems, alcohol
consumption,
stress, menstrua-
tion, individualized
EWS, anxiety, self-
defined personal
parameters, free-
text note. Objective
smartphone data:
phone usage, social
activity, step count,
GPS location, clini-
cal feedback loop.
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Trial attritionAdherence to mood
monitoring

Analog or digital
mood monitoring

Active or passive
mood monitoring

Mood monitoring
duration (months)

Mood monitoring
intervention

Study type and re-
spective included
studies

Total attrition: 9%
at 12 months, con-
trol group: 6%,
MoodSwings
group: 7%,
MoodSwings-Plus:
13%.

Control group: 89%
accessed the discus-
sion forum,
MoodSwings
group: 86% ac-
cessed the modules,
MoodSwings-Plus:
74% accessed the
tools.

DigitalActive12Intervention 1: Dis-
cussion forum plus
MoodSwings-Plus:
MoodSwings plus
additional CBT-

basedb interactive
elements—tools to
support mood and
medication monitor-
ing, life-chart devel-
opment, cognitive
strategies, motiva-
tional interviewing
techniques, self-re-
flection, problem
solving, identifica-
tion of personal
triggers, and a re-
lapse prevention
plan.

Intervention 2: Dis-
cussion forum plus
MoodSwings: On-
line intervention
comprising mood
monitoring, assess-
ing prodromal
mood states, pre-
venting relapse,
and setting
SMART goals. On-
line delivery of
MAPS (Mood As-
sessment Prevent
SMART) program.

    Gliddon et al
[45]

Intervention group:
15% attrition at 4
months, control
group: 15% attri-
tion at 4 months.

The mean (SE) per-
centage of daily
check-ins complet-
ed during weeks 1
through 4 was 78%
(3%), 74% (3%),
71% (3%), and
64% (3%), respec-
tively, 66% (3%)
during week 6, and
47% (4%) during
week 16.

DigitalActive4Smartphone-based
self-management
intervention: daily
and weekly check-
ins for weeks 1‐
16. Daily: adher-
ence, sleep, dura-
tion, routine, well-
ness levels. Week-
ly: symptom severi-
ty scoring for all
individual DSM-

IVc mood symp-
toms.

    Goulding et al
[14]

Included studies for depression

Total attrition:
14%, intervention:
17%, control: 10%.

22 % in interven-
tion arm complet-
ed<50% of sched-
uled calls

Analog—telephoneActive12Automated Interac-
tive Voice Re-
sponse telephone
calls assessing
symptom severity:

PHQ-9d and antide-
pressant adherence.

    Aikens et al [46]
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Trial attritionAdherence to mood
monitoring

Analog or digital
mood monitoring

Active or passive
mood monitoring

Mood monitoring
duration (months)

Mood monitoring
intervention

Study type and re-
spective included
studies

Total attrition:
82.5%, interven-
tion: 20%, control:
15%.

82.7% in interven-
tion arm

DigitalActive and passive6Monsenso system
plus: (1) Study
nurse reviewing da-
ta and contacting
patients if signs of
deterioration to of-
fer advice, (2) self-
monitored data
graphically visual-
ized, and (3) smart-
phone-based CBT
modules

    Tonning et al
[47]

Total attrition:
16%, intervention
attrition: 22%, con-
trol attrition: 12%.

≈87% entered any
monitoring data
over the first 6
months, ≈45 % en-
tered any monitor-
ing data over the
second 6 months

DigitalActive24Personalized self-
monitoring via
eCare for
Moods—tracking
health-related dis-
ability, medication
adherence, side ef-
fects, alcohol and
drug use, new
symptoms, early
warning signs.
Graphs of monitor-
ing data displayed
over time.

    Hunkeler et al
[48]

aEWS: early warning signs.
bCBT: cognitive behavior therapy.
cDSM: Diagnostic and Statistical Manual of Mental Disorders.
dPHQ-9: Patient Health Questionnaire-9.
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Table . Characteristics of included depression studies.

Primary
outcome

Mood
monitor-
ing dura-
tion

Active or
passive
mood
monitor-
ing

Mood
monitor-
ing inter-
vention

SettingCompara-
tor

Interven-
tion

Female

(%)a
Age
(years),
mean
(SD)

nCountryStudy

PHQ-9 at
6‐12
months

12 monthsActiveAutomat-
ed Interac-
tive Voice
Response

Primary
care

Enhanced
usual
care: usu-
al care

Automat-
ed Interac-
tive Voice
Response

8149b204The Unit-
ed States

Aikens et
al [46]

telephoneplus print-telephone
calls calls as-

sessing
ed self-
manage-

symptomment mate-
severi-rial at
ty—PHQ-baseline

9c and an-and as-
signed tidepres-
fami- sant adher-

ence.ly/friend
to discuss
this with
weekly

Rate and
accumulat-

6 monthsActive
and pas-
sive

Daily
smart-
phone
self-moni-

Tertiary
care: spe-
cialist
mood dis-

TAUeMonsenso
system
plus: 1.
study

Interven-
tion: 47.5
(28), Con-
trol: 43.4
(14.3)

Interven-
tion: 44.5
(14.0),
Control:
43.4
(14.3)

120DenmarkTonning
et al [47]

ed dura-
tion of
psychi-
atric read-
missions.

toring
items:
mood,

order ser-
vice for
patients

nurse re-
viewing
data and

(HDRS-sleep dura-with acontacting

17g as sec-tion, medi-
cation tak-

new diag-
nosis of

patients if
sign of de- ondary

outcome)en, activi-
ty, irri-

bipolar or
treatment
resistance

terioration
to offer
advice 2.
self-moni-

tability,
mixed

tored data mood,
graphical- cognitive
ly visual- problems,
ized 3. alcohol
smart- consump-
phone- tion,
based stress,

CBTd

modules

menstrua-
tion, indi-
vidualized

EWSf,
anxiety,
self-de-
fined per-
sonal pa-
rameters,
free-text
note. Ob-
jective
smart-
phone da-
ta: phone
usage, so-
cial activi-
ty, step
count,
GPS loca-
tion
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Primary
outcome

Mood
monitor-
ing dura-
tion

Active or
passive
mood
monitor-
ing

Mood
monitor-
ing inter-
vention

SettingCompara-
tor

Interven-
tion

Female

(%)a
Age
(years),
mean
(SD)

nCountryStudy

Psychi-
atric Sta-
tus Rating
for Depres-
sion of 6
questions
adapted
from

SCIDh

measured
weekly

12 monthsActivePersonal-
ized self-
monitor-
ing via
eCare for
moods:
tracking
health-re-
lated dis-
ability,
medica-
tion adher-
ence, side
effects, al-
cohol and
drug use,
new
symp-
toms, ear-
ly warn-
ing signs.
Graphs of
monitor-
ing data
displayed
over time.

Secondary
care

TAUeCare for
moods:
website
offering
personal-
ized self-
monitor-
ing, mes-
saging
with
eCare
manager,
depres-
sion psy-
choeduca-
tion, CBT
modules,
online dis-
cussion
group,
problem-
specific
advice,
personal
database,
task lists,
appoint-
ment cal-
endar.

79.6Interven-
tion:
48.49
(12.83),
Usual
care:
51.88
(10.56)

103The Unit-
ed States

Hunkeler
et al [48]

aReference articles do not provide the complete statistics, so absolute values corresponding to percentage values cannot be provided here.
bReference articles do not provide the complete statistics, so the SD value cannot be provided alongside mean value cannot be provided here.
cPHQ-9: Patient Health Questionnaire-9.
dCBT: cognitive behavior therapy.
eTAU: treatment as usual.
fEWS: Early Warning Signs.
gHDRS-17: Hamilton Depression Rating Scale 17 items.
hSCID: Structured Clinical Interview for DSM-IV.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analysis) flowchart.

Bipolar Disorder: Overview of Individual Study
Findings
In BD, 5 trials [14,43-45,49-61] used 3 different mood
monitoring protocols. These were the MONARCA/Monsenso
system, Livewell, and MoodSwings [45,52]. Only the
MONARCA/Monsenso system incorporated passive data capture
into the intervention. These were all digital; 3 used active and
passive ambulatory assessment [43,44,51] while 2 just used
active ambulatory assessment [14,45].

All studies assessed mania and depression severity using a
mixture of self-report and clinical rating scales, with three of
these as the primary outcome [43,45,62]. Two studies assessed
relapse rate/psychiatric readmission or duration as the primary
outcome [44]. Only one study [45] provided raw
mania/depression severity data, and we contacted the authors
of the other papers to obtain this for the analyses. Studies used

similar inclusion criteria, but there were some key differences.
All studies recruited individuals with BD from clinical services
and confirmed BD via a structured clinical interview at baseline
and then relied on self-report measures/clinical ratings for
outcome assessment. All studies excluded individuals who were
currently experiencing a major mood episode, either by using
a cutoff on self-report scores/clinical rating scales (which varied
between studies) [14,42,45] or by the participant completing
treatment at a specialist mood disorder service [43], with one
study recruiting individuals on discharge from inpatient care
following hospitalization for an affective episode [44].

The results of the trials were mixed. The 2 trials [14,47]
assessing relapse/readmission risk showed no effect of mood
monitoring. Goulding et al [14] demonstrated an effect of
decreased relapse risk for low-risk individuals, but no effect on
percentage-time symptomatic for all participants. Three studies
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did not identify a decrease in depression or mania scores from
mood monitoring on clinical ratings conducted blinded to
allocation [43,51,63]. Gliddon et al [45] reported decreases in
depressive symptoms when compared with the peer support
control, Goulding et al [14] also reported improvements in
depression severity alongside improved relational quality of
life.

Faurholt-Jepsen et al [51] and Faurholt-Jepsen et al [43] found
a nonstatistically significant trend for worsening depressive
symptoms versus the control group.

Bipolar Disorder: Meta-Analysis
Concerning the primary outcome, there was no effect of mood
monitoring interventions in reducing symptoms of
mania/hypomania (Figure 2: 6 comparisons, n=873; SMD −0.16,

95% CI −0.34 to 0.01; P=.06; I2=36%) or bipolar depression
(Figure 3: 6 comparisons, n=873; SMD −0.08, 95% CI −0.31

to 0.15; P=.02; I2=63%).

Figure 2. Forest plot of effects of mood monitoring interventions for the treatment of symptoms of mania/hypomania in people with BD at 6‐12
months [14,42-45]. BD: bipolar disorder.

Figure 3. Forest plot of effects of mood monitoring interventions for the treatment of symptoms of depression in people with BD at 6‐12 months
[14,42-45].

Depression: Overview of Individual Study Findings
In depression, 3 trials used 3 different mood tracking procedures.
These were: interactive voice response telephone calls (IVR)
[46], Monsenso [47], and eCare for Moods [48]. None of the
trials used mood monitoring as the primary outcome; instead,
using standardized infrequent assessments of mood (Tables 2
and 4). One study was analog using the telephone [46], the other
two were digital [47,48]; two used active ambulatory assessment
[48], with one using active and passive ambulatory assessment
[47].

The Monsenso [47] and eCare for Moods [48] protocols used
daily monitoring, while IVR calls [46] were administered
weekly. Only the Monsenso system incorporated passive data
collection. All protocols incorporated clinical feedback of the

assessment as an intervention. Monseno and eCare for Moods
used digital technology, while IVR used telephone calls and
voice messages. We did not identify any paper-based charting
trials. The duration of ambulatory assessment protocols varied
from 6 months to 24 months.

Two studies assessed relapse rate/psychiatric readmission or
duration as the primary outcome [46,48]. Tonning et al [64]
assessed the rate and accumulated duration of psychiatric
readmissions as the primary outcome, assessing depression
severity as a secondary outcome. Only one study [48] provided
raw depression severity data, and we contacted the authors of
the other papers to obtain this for the analyses. Studies used
similar inclusion criteria, but there were some key differences.
All studies recruited individuals with depression from clinical
services. Two studies confirmed depression via a structured
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clinical interview at baseline, while Aikens et al [46] confirmed
depression via the Patient Health Questionnaire-9. All studies
then relied on self-report measures for outcome assessment.
Aikens et al [46] excluded patients who were experiencing major
psychiatric distress and recruited from community samples.
Hunkeler et al [48] did not exclude individuals with suicidal
ideation or a particular severity of depression, again recruiting
from community clinics. Tonning et al [47] recruited people
with depression receiving inpatient care, providing the
intervention postdischarge.

The results of the 3 trials were mixed. Tonning et al [47] report
no change in relapse risk or readmission duration, as well as no
change in depressive symptoms. They did, however, report a
range of benefits across tertiary outcomes when adjusted for
age, sex, and Hamilton Depression Rating Scale scores. Patients
in the intervention group reported statistically higher recovery,
measured using the Recovery Assessment Scale, as well as a
tendency (not statistically significant) towards higher quality
of life, higher well-being, more satisfaction with treatment, and
higher behavioral activation in the intervention group compared
with the control group.

In eCareformoods, participants in the intervention group
experienced a statistically significant reduction in depressive
symptoms at 2 years. A higher proportion of those in the
intervention group remained in recovery from their depression,

and the number needed to treat was calculated at 8. Intervention
participants also had improvements across a range of secondary
outcomes, including improved general mental health, learning
new coping skills, greater satisfaction with specialty care, and
more confidence in managing depression. These were all
statistically significant.

Aikens et al [46] report a statistically significant improvement
in Patient Health Questionnaire-9 depression severity (2.5
points) at 6 months in the intervention group. This persisted for
12 months. Clinical response was more likely in the intervention
group than the control at 6 months, but this difference decreased
in size and lost statistical significance by 12 months.

Only Tonning et al [47] reported adverse effects, and these were
as follows: 3 participants found the monitoring stressful, and 1
participant did not find it helpful.

Unipolar Depression: Meta-Analysis
There was a small effect of borderline statistical significance
at 12 months (Figure 4: 2 comparisons, n=262; SMD −0.25,

95% CI −0.49 to 0.00; P=.05; I2=45%) but not at 6 months
(Figure 5: 2 comparisons, n=268; SMD −0.21, 95% CI −0.54

to 0.12; P=.21; I2=12%). Only 2 trials were included in the
meta-analysis as the appropriate data for Tonning et al [47] were
not available.

Figure 4. Forest plot of effects of mood monitoring interventions in reducing symptoms of depression at 12 months [46,48].

Figure 5. Forest plot of effects of mood monitoring interventions in reducing symptoms of depression at 6 months [46,48].

Risk of Bias Assessments
The quality of these RCTs was good, with all trials having low
risk of bias (Table 5). All trials used intention-to-treat analysis.
All studies reported adherence and attrition.
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Table . Risk of bias assessments for included bipolar disorder and depression studies.

Risk of bias criteriaStudy

Total number
of low-risk do-
mains

Other sources
of bias

Selective re-
porting

Incomplete
outcome data

Blinding of
outcome as-
sessment

Blinding of
participants
and personnel

Allocation
concealment

Random se-
quence genera-
tion

Risk of bias assessments for included bipolar disorder trials

6Low riskLow riskLow riskUnclearHigh riskLow riskLow risk    Faurholt-
Jepsen et al
[42]

6Low riskLow riskLow riskLow riskHigh riskLow riskLow risk    Faurholt-
Jepsen et al
[43]

6Low riskLow riskLow riskLow riskHigh riskLow riskLow risk    Faurholt-
Jepsen et al
[44]

6Low riskLow riskLow riskLow riskHigh riskLow riskLow risk    Gliddon et
al [45]

6Low riskLow riskLow riskLow riskHigh riskLow riskLow risk    Goulding et
al [14]

Risk of bias assessments for included depression trials

5Low riskLow riskLow riskHigh riskHigh riskLow riskLow risk    Aikens et al
[46]

6Low riskLow riskLow riskLow riskHigh riskLow riskLow risk    Tonning et
al [47]

5Low riskLow riskLow riskHigh riskHigh riskLow riskLow risk    Hunkeler et
al [48]

Discussion

Principal Findings
This systematic review of mood monitoring interventions in
people with BD found no effect either way on symptoms of
mania/hypomania or bipolar depression in people with BD at
6‐12 months. There was no robust evidence of mood
monitoring either increasing or decreasing symptoms of
depression, with no effect at 6 months and borderline statistical
improvement at 12 months in only 2 RCTs. There were some
other benefits of mood monitoring across 3 RCTs in depression,
but there was no consistency in what was measured or the
outcomes that were improved.

Bipolar Disorder
Mood monitoring is theorized to work by improving
understanding and insight to enable people to self-manage their
BD [16]. People with BD seem to use the data provided to them
by mood monitoring in varied ways [65]. These appear to be
highly personalized and tailored to what works best for them.
The mood monitoring protocol provides a platform for people
to interpret their own mood data, devising highly personal ways
of self-managing their BD subsequently [66]. This
self-management may focus on sleep, medication, crisis
planning, and communication in close relationships [16]. Thus,
the variability in these outcomes might reflect the different ways
in which participants used the mood monitoring information
and their coping strategies in the face of depression and mania
[8] as well as differences in populations and measurement of

mood. Despite the equivocal results reported here, the practice
remains hugely popular, and in the digital sphere, there are
multiple different apps and protocols available aimed at people
with BD, such as the Bipolar UK mood tracker [4], eMoods
[42], Moodily, Moodnotes, etc [3].

Depression
There is some agreement with the findings from the
meta-analysis we report from RCTs of mood monitoring in
bipolar depression that, on the whole, mood monitoring has
neutral effects on outcome, but there is quite a lot of
heterogeneity, with some people reporting benefits, and others
distress and burden. The findings are not robust. While all 3
RCTs report other benefits of mood monitoring, such as relapse,
recovery, increased overall mental health, greater confidence
in managing depression, and greater satisfaction with mental
health services, there was no consistency in what or how these
secondary or tertiary outcomes were measured. Only one of
these RCTs reported adverse effects of mood monitoring, with
3 participants finding it a burden and stressful. From qualitative
research, some variables that have bearing on the outcome of
mood monitoring are context in which mood monitoring is
taking place, the usual coping strategies, the nature of mood
monitoring, and the population that is being examined. Only
one RCT used passive mood monitoring, and none used EMA
approaches, so there is no evidence available on modern
developments in mood monitoring of depression symptoms in
people with unipolar depression. Despite the modest effects
reported here, mood monitoring remains popular for people
with depression [67-70], and in the digital sphere, there are
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multiple different apps/protocols available [70]. This review
highlights that the popularity of the process may be
disproportionate to the direct effects of mood monitoring as an
intervention. From the systematic reviews of qualitative data
that we have performed, and like self-monitoring of BD, the
popularity of mood monitoring in depression may be through
the empowerment of the individual to use the data from mood
monitoring in a variety of personal ways rather than any direct
effect on any outcome [21,22]. However, mood monitoring is
not for everyone; for some, it is a burden or a reminder of poor
well-being.

Strengths and Limitations
Our search was thorough and in accordance with Cochrane
methodology. We also consulted experts in the field, used a
wide search, and used reference searching. Our conclusions,
however, were limited due to a paucity of literature. This itself
is an important finding, considering the possible implications
of frequent mood assessment as ambulatory assessment and
EMA approaches develop further. Sometimes there is
definitional overlap between EMA protocols and mood
monitoring protocols [17]. We did not identify a large enough
group of studies using EMA approaches, passive monitoring,
or a combination of the two to determine any outcomes or harms
from these approaches in this review. We did not include mood
monitoring protocols that used shorter follow-up periods, as
some previous reviews have done [18-20], because we wanted
to examine whether there was any high-quality evidence on
benefits or harms. Therefore, we chose RCTs of mood
monitoring interventions lasting at least 3 months and clinically
relevant follow-up lengths of at least 6‐12 months.

Many other trials were excluded because control groups also
had an intervention consisting of some element of mood
monitoring. In all the included studies, the main therapeutic
intervention applied to all participants in the intervention group
was mood monitoring, but all of these trials included additional
likely therapeutic elements, which makes isolating the effect of
the mood monitoring challenging. With regard to the 5 BD
trials, the MONARCA/Monsenseo [43,44,51] studies included
data review and outreach by a nurse; the Livewell [14] and
Moodswings [45] trials included additional coaching,
psychoeducational materials, and planning for management of
early warning signs and symptoms. In all 3 RCTs of mood
monitoring in depression, there were other elements that might
have improved or worsened depression symptoms. Two RCTs
used cognitive behavior therapy modules [47,48], and one
provided self-management guidance based on the severity of
the participant’s symptoms [46]. These additional elements may
prove therapeutic benefit but also obfuscate any effect directly
from mood monitoring itself. Thus, it may be impossible to
determine only the effects of mood monitoring on symptoms
of depression or mania because interventions have elements of
other interventions as well. There were no studies with just a
basic mood monitoring element versus a nonmood monitoring
control.

In addition to nonmood monitoring elements of the intervention,
there may be factors other than the differences in the
intervention that explain some of the mixed results we observe

here. These include clinical characteristics of the sample such
as the type/subtype of mood disorder (Bipolar 1: Bipolar 2
proportions reported in Tables 2 and 4) and as the results of
Goulding et al [14] suggest, there may be improved beneficial
effects in lower-risk individuals with BD who are at a specific
stage of their illness, and this is supported by qualitative work
suggesting that there may be a right time for people with BD
to be using mood tracking as an intervention [22,71].
Furthermore, while we did not assess adherence to mood
tracking in this paper, we have addressed this in a separate
meta-analysis [72], and this separate work demonstrates that
all of the studies included here had >70% adherence. Thus, it
is unclear if poor adherence levels may cause a failure of effect
of mood tracking. Suboptimal adherence may obfuscate these
effects, particularly if the effect size is small. However, poor
adherence is pragmatic and reflective of real-life outcomes [73],
and so these results provide a more pragmatic signal of effect.

Our review focused on the effects of mood monitoring on mood
symptoms. However, there might be other benefits from mood
monitoring, such as the development of mental literacy about
the condition early in its course by seeing how mood varies in
severity across time or learning to recognize the symptoms of
mania. It may improve confidence or coping strategies that exert
some control over the symptoms through developing insights
into the conditions. These elements may improve recovery and
function [74]. For instance, a valuable role for mood monitoring
might be to help with decision-making when seeking help for
those who frequently relapse with depression or BD, and when
to make important life decisions, such as new responsibilities
or decisions with an element of risk, like taking a holiday
abroad, away from usual sources of help. Thus, mood
monitoring might also have different clinically important
outcomes depending on the recency of diagnosis, course of
illness, or where recovery and improvement of function are a
clinical priority.

Future Research and Clinical Implications
Future research in mood disorders should evaluate the definitive
efficacy of mood monitoring alone rather than additional
components to assess for benefits and potential harms. Care
should be taken over control groups to ensure that they do not
unwittingly include mood monitoring or psychotherapeutic
approaches that might obscure the effects of mood monitoring.
It remains unclear for whom mood monitoring may be most
effective, and future research should assess this. It could be, for
example, that it is least effective and most harmful in people
with mood disorders who cope with depression by suppressing
these symptoms and have not developed other coping strategies.
Other groups who may experience harm might be people with
mood disorders that feature paranoia or where monitoring of
the person was used as a form of coercion, for example, as a
feature of morbid jealousy or other abusive relationships. The
benefits and harms from more modern approaches to mood
monitoring should be explored with a broader range of outcomes
focusing on mood monitoring to improve recovery, function,
capability, and quality of life.

The field would benefit from a definitive RCT assessing time
to relapse in those in asymptomatic remission with an
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appropriate control group. This would use a mood monitoring
intervention with minimal additional psychotherapeutic
strategies. This work is important due to the increased use of
ambulatory assessment measures as measures of treatment
outcomes [75] in studies looking at other interventions and not
primarily to explore the effects of measurement itself. These
are, in many cases, indistinguishable from mood monitoring
protocols that study mood monitoring as an intervention. Such
a RCT of mood monitoring might benefit from qualitative work
performed alongside to better understand how participants use
information gleaned from mood monitoring, as they are not
always passive consumers of such information [16]. Finally,
we also need to examine mood monitoring in poorer and
ethnically diverse populations. These populations may be
excluded from digital interventions through poverty or other
disadvantages [76], and the characteristics that predispose a
population to digital disadvantage are the same as those that
might put them at increased risk of mental illness [77,78]. If
digital forms of monitoring and interventions are to be used
more broadly in health care, they may have the effect of
widening pre-existing health inequalities through lack of access
to the technologies themselves, as well as to research, in
disadvantaged populations. Technology could allow populations
who might not otherwise easily access health care to access
more relevant information or interventions, in languages other
than the one used by the health care provider.

There is insufficient robust, high-quality evidence of benefits
or harm to recommend active mood monitoring by participants
as primary outcomes in an RCT. In fact, the heterogeneity of
outcomes and variability in the way people with mood disorders
appraise and use active mood monitoring suggests that active
mood monitoring would be unsuitable for use as a primary
outcome; a source of variance in outcome might be introduced
that would be nonrandom and not necessarily predictable. Since
many passive mood monitoring and ambulatory assessments
are more implicit measures of mood, participants may not have
as much agency in appraising and using such information.
However, at this point, these measures are also not suitable as
their effects on both outcomes and harms have not been
sufficiently tested.

The meta-analysis showed small, nonsignificant, or borderline
effects with the use of mood-monitoring, and understanding the
practical implications of this is important, particularly
considering the popularity of mood-tracking apps, some of
which carry recommendations by organizations such as Bipolar
UK. Mood monitoring, often coupled with other additional
elements in the forms assessed here, did not have clinically
important effects, and the qualitative research frequently
reporting benefit does not align with the quantitative evidence
presented here [21,79]. It is difficult to know under what
circumstances mood monitoring may work for these individuals
who do report a qualitative benefit. The qualitative research
suggests that just mood monitoring is insufficient for any clinical
effect and that individuals must incorporate this into a wide
range of self-management strategies to keep them well
[21,22,79]. The finding that there is no large clinical or placebo
effect from mood monitoring suggests that these tools may make
excellent outcome measures for research and clinical
practice—fundamentally monitoring symptoms over time and
using this information as an adjunct to make decisions around
care (eg, improvements in shared decision making using more
accurate data) and improving existing research outcomes.

Conclusions
As technological advances are applied to digital health and the
capacity for more usable, passive mood monitoring increases,
it is vital to understand whether these interventions work and
for whom. It is also important to understand any positive or
negative effects, as self-tracking is often used as a control or
outcome assessment method in studies [17]. For BD, this review
showed no effect of mood monitoring on symptoms of mania
or bipolar depression, although the evidence was not robust
with moderate to high heterogeneity in outcome. In people with
depression, there was no robust evidence of the effects of mood
monitoring on depression symptoms, with only 2 RCTs
contributing to the meta-analysis. There was no evidence of the
effect of mood monitoring using EMA. These results initially
suggest that ambulatory assessment does not induce large
placebo effects or significantly negatively/positively affect
mood, and thus that mood monitoring may be an appropriate
outcome measure for research or for clinical practice.
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Abstract

Background: Ambulatory assessment and mood monitoring are different methods that can use novel technology to deliver a
more efficient, flexible, and usable method of clinical outcome assessment compared with established measures of behavior and
mood. Concerns have been raised around attrition in and adherence to these new protocols, particularly over the medium to long
term by people with mood disorders.

Objective: This systematic review and meta-analysis assessed attrition from and adherence to active and passive ambulatory
assessment and mood monitoring protocols by people with bipolar disorder and depression over the medium and long term.

Methods: Randomized controlled trials and nonrandomized studies were identified and rated for risk of bias. Adherence and
attrition data were pooled to calculate effect sizes. We analyzed specific factors that we hypothesized a priori could affect the
prevalences of attrition and adherence by means of subgroup meta-analysis or metaregression modeling.

Results: We evaluated 77 mood tracking or ambulatory assessment studies including 17,123 participants. Pooled adherence
was 0.64% (95% CI 0.59%-0.70%; P<.001), and pooled attrition was 0.28% (95% CI 0.22%-0.34%; P<.001). Three factors had
a statistically significant subgroup difference for adherence: The presence of financial incentives increased adherence, and the
presence of mood monitoring reminders and a higher study risk of bias decreased adherence. Four factors had a statistically
significant subgroup difference for attrition: Digital mood monitoring decreased attrition versus analogue studies, but mood
monitoring reminders, mood monitoring versus other protocols, and a high risk of study bias increased attrition. These analyses,
however, were vulnerable to confounding by study design and protocol design. Attrition rates were not reported by 17 studies
(17/77, 22%), and 20 studies (20/77, 26%) did not report adherence rates. Most studies had a low-to-moderate risk of bias, but
heterogeneity was very high. Only 16 studies reported adherence systematically.

Conclusions: Reporting of attrition and adherence to ambulatory assessments was not systematic nor universal, and until it is,
analyses are unlikely to demonstrate clear conclusions. We found very high heterogeneity and evidence of publication bias, and
this limited the certainty of our conclusions. Financial incentives may increase adherence, and attrition may be lower in digital
than analogue studies of mood monitoring. There was no statistically significant difference in adherence and attrition between
studies of passive and active ambulatory assessments. Reminders of mood monitoring increased attrition and decreased adherence,
but the results may be confounded by longer length of follow-up versus other studies.

Trial Registration: PROSPERO CRD42023396473; https://www.crd.york.ac.uk/PROSPERO/view/CRD42023396473

(JMIR Ment Health 2026;13:e83765)   doi:10.2196/83765

KEYWORDS

bipolar; depression; EMA; ecological momentary assessment; ambulatory assessment; mood tracking; mood monitoring;
self-monitoring; adherence; attrition; dropout; drop out; compliance

Introduction

Technological developments, such as wearables and smartphone
sensors, have enhanced the capacity for mood monitoring

through both active (manual input) and passive (automated)
data collection [1]. Although these tools offer promising
applications in mood disorders (particularly for addressing the
limitations of traditional measurement tools for capturing rapidly
shifting mood change [2]), smartphone-based ambulatory
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assessments may pose specific risks and challenges, especially
for vulnerable populations [3]. The definition of ambulatory
assessment encompasses a wide range of methods that leverage
mobile technologies to repeatedly study individuals—often in
real time and in their natural environments [4]. This includes
mood monitoring (repeatedly tracking one’s mood over time),
remote measurement technologies (defined as wearable devices
that passively collect data without any active user input), and
ecological momentary assessment (EMA), which is defined as
a type of assessment involving more intensive, frequent
self-reports throughout the day in real time and “in the moment”
[5].

This review explored dropout, attrition, and adherence associated
with mood monitoring, mood tracking, and ambulatory
assessment by individuals with unipolar depression and bipolar
disorder. This study focused on studies exploring mood
monitoring (defined as regularly tracking and appraising one’s
mood), and many of the studies included here also fall under
the similar categories of EMA, remote measurement
technologies, or ambulatory assessment depending on the
frequency, manner, and technology used to track mood. There
is also considerable overlap between these definitions (defined
in the previous paragraph). Here, mood monitoring was used
both as an intervention (in randomized and nonrandomized
studies) and as a method for measuring outcomes (again in
randomized and nonrandomized studies).

Because of this, this study focused specifically on individuals
with unipolar depression and bipolar disorder. This is due to
the evidence suggesting that this group faces distinct risks and
challenges that may cause issues with attrition and adherence
[6,7]. Mood disorders represent promising conditions for mood
monitoring, as they are characterized by subtle mood shifts over
time that may respond well to early intervention. They also
represent a large global source of disability with depression as
the leading cause [8]. Both people with depression and people
with bipolar disorder (particularly those who experience
psychosis) may have particularly poor adherence rates; therefore,
improving this may be vital to realizing some of the benefits
that ambulatory assessment approaches could offer for
understanding and treating these conditions [9,10].

Due to the perceived burden of some ambulatory assessment
protocols [6], concerns have been raised about their usability
and acceptability, particularly over longer periods of time in
clinical populations [9]. Therefore, this study focused on 3
months or longer. There are likely to be factors that could be
adjusted to optimize usability and acceptability and thus
adherence and attrition. This could improve the overall quality
of the data collected and thus improve the research or
interventions that derive from the data. Optimizing adherence
and attrition is also of benefit to clinical research and could
considerably decrease sample sizes required for future
ambulatory assessment research [11].

Ambulatory assessment protocols are highly heterogenous and,
even within the same discipline, use a wide variety of different
methodologies [5]. These vary in terms of the type and
frequency of assessment schedule as well as the technology
used to collect the data and whether the assessment is also used

as an intervention. Because of this heterogeneity, previous
reviews have attempted to untangle which factors affect
adherence and attrition, but these have only been in short-term
use rather than medium or long-term assessment. This medium
or long-term use may be necessary to evaluate the fluctuations
in mood that occur over time, particularly in depression and
bipolar disorder [9,11]. Longer-term data are likely to be
fundamental for digital phenotyping and offering personalized
psychiatry, which could, for example, identify early warning
signs and prevent or predict relapse [12], aims that are
particularly relevant for mood disorder research [13,14].

There are several reasons why adherence to long-term
ambulatory assessment use may be different to that of shorter
protocols. Ambulatory assessment protocol adherence tends to
decrease over the duration of the assessment and by people with
higher levels of negative affect (eg, mood disorders), but again,
this has not been assessed over longer time frames [9,15].
Previous work has identified that studies can improve adherence
by offering financial incentives, minimizing the quantity of
assessments, and the assessments occurring at a prespecified
time [9,11]. Other studies have not identified any significant
predictors of attrition [16]. It remains unclear if these factors
also apply to medium or long-term approaches.

This review aimed to assess attrition and adherence over the
medium and long term to ambulatory assessment and mood
monitoring protocols and consider the factors that may affect
these (eg, diagnosis, financial incentives, remote or in-person
enrollment, reminders to complete the mood assessment,
frequency of mood assessment).

Methods

We used a Cochrane Handbook for Systematic Reviews of
Interventions–based methodology. We completed a PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analysis) checklist. The study was pre-registered in
accordance with the International Prospective Register of
Systematic Reviews (PROSPERO: CRD42023396473 [17]).

Inclusion Criteria
Included studies met the following criteria: included
self-monitoring, mood monitoring, or repeated symptom
assessment with people with bipolar disorder or depression
using an interventional or observational design over a minimum
period of 3 months, with rating of symptoms weekly at a
minimum. Operationally, for this review, we defined this
repeated symptom assessment as either mood monitoring or
ambulatory assessment (as defined in the previous section—with
all mood monitoring conducted as an ambulatory assessment
but not all ambulatory assessment being mood monitoring). We
chose this broad definition because many ambulatory assessment
protocols have the potential to be used for mood monitoring as
an intervention or for research outcomes, even if this was not
the intended aim of the study, although all included studies used
the repeated symptom assessment either as an intervention or
research outcome.

The studies should have either used a validated measure of
mood or validated the chosen measure with a validated mood
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measure. The studies could be published in any language and
could be digital or nondigital, although we acknowledged that
the majority of studies would utilize digital technologies. We
included nonrandomized or randomized studies with 20 or more
participants with bipolar disorder or depression [18]. We
searched the gray literature (eg, conference abstracts,
dissertations, policy literature, reports via ProQuest and Google
Scholar—full details are in the next section) for unpublished
studies that were eligible for inclusion.

Search Strategy and Selection Criteria
The complete search strategy is listed in Multimedia Appendix
1. We searched Ovid MEDLINE, EMBASE, PsychINFO,
SCOPUS, IEE Xplore, Proquest SciTech Collection, Proquest
dissertations and theses global, and Google Scholar using the
search terms. The initial search was conducted on March 3,
2023, and updated on October 28, 2024. All abstracts were
appraised by 2 independent screeners, any disagreements were
discussed, and a consensus was reached, with adjudication by
a third independent screener if required. We acquired the full
text of any potentially relevant papers, and if we were unable
to source the full text of the study, we then contacted the
corresponding author to request the paper. To determine if
potentially relevant studies met the inclusion criteria, the full
text was reviewed separately by 2 authors, again with discussion
and consensus with a third reviewer if necessary. All papers for
inclusion were reference checked along with relevant systematic
reviews [19-28]. Key authors were also emailed to see if any
ongoing unpublished studies could be included.

Data Extraction
Data were extracted by 2 independent reviewers from studies
meeting the inclusion criteria using identical data extraction
forms. Irregularities in the data extraction were discussed, and
any discrepancy was resolved with discussion.

In this review, we defined attrition as the number of participants
who had withdrawn from the study and no longer contributed
data after randomization or baseline assessment. We defined
adherence as the number of ambulatory assessments completed
by those who remained in the study. When calculating attrition
and adherence, we included anyone randomized into the trial,
even if they did not subsequently complete any or many mood
assessments. This was because preliminary analyses showed
the reporting of the exact number of people who took part in
the mood monitoring was poor, and our aim was to create
pragmatic attrition and adherence values that would be useful
to the power calculations of future ambulatory assessment
studies. Using the number randomized was likely to affect the
calculated estimates and was likely to increase the attrition rate
by increasing the denominator size. For example, this may have
included individuals without any actual use of the monitoring
tool but who were randomized to the intervention arm. Even if
not reflective of the adherence and attrition of highly motivated
individuals, nonetheless, this is to give a pragmatic figure for
the design of future studies. This estimate then gave a pragmatic
figure for the design of future studies that use an optimal
intention-to-treat design rather than estimates based on selection
of more motivated and adherent participants.

Attrition and adherence were calculated using what we judged
to be the most systematic and pragmatic metric available (eg,
the longest follow-up available using systematically acquired
data). Not all studies reported raw figures, and some only
reported attrition %, which we included when available. For
only a minority of studies, adherence was reported
systematically using device-generated data. Many studies did
not report this, and some studies reported the number of
participants completing the study as the adherence: We included
these less accurate metrics if there was not a more systematic
metric reported. For many of these metrics, we were required
to email the authors to request the attrition and adherence data
due to no reporting in the manuscript. For attrition, using the
number randomized as the denominator may have
underestimated the attrition, as many of these individuals would
have never used the ambulatory assessment protocol. On the
other hand, including some nonsystematically gathered data
likely distorts the pooled estimate (possibly by underestimating
attrition and adherence but this is not certain), but we did,
however, control for this in a sensitivity analysis documented
in the following sections.

Assessment of Study Bias
For observational studies, the Cochrane Collaboration tool for
assessing the risk of bias in nonrandomized studies of
interventions [29] was used. For randomized controlled trials
(RCTs), we used the Cochrane risk of bias tool for randomized
trials for each study [30]. Risk of bias was assessed by 2
independent reviewers, and any disagreement was resolved via
discussion.

Synthesis of Results
We grouped studies together, where possible, according to the
variable assessed (eg, adherence or attrition) and pooled the
data in a meta-analysis. We conducted subgroup analysis on
specific factors that we hypothesized a priori could affect the
prevalences of attrition and adherence. Results of each primary
study were pooled using the inverse variance weighted approach
with a random or fixed effects model, informed by examining
the between-studies heterogeneities. Stata metan code was used
to perform the analysis for proportion data, and metareg code
was used for metaregression modeling.

Results

Search Results
The search identified 23,515 papers (Figure 1). No studies not
published in English met the inclusion criteria. Following title
and abstract screening, 21,638 articles were excluded, resulting
in a total of 758 papers being reviewed in full. A total of 77
papers met the eligibility criteria and were included in the
review. The 77 studies included 17,123 participants: 17 studies
did not report attrition rates, 20 studies did not report adherence
rates, 34 studies did not report if financial incentives were
offered, and 25 studies did not report the recruitment method.
The average mood tracking or ambulatory assessment duration
was 6.9 months. Reporting of adherence was not universal nor
systematic: Of the 57 studies that reported adherence, 34 studies
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did not specify how the adherence statistic was calculated, and
23 systematically used device-generated data to calculate this.

Tables S1 and S2 in Multimedia Appendix 2 display the detailed
characteristics of the studies and the mood monitoring protocols
used. These tables are stratified by clinical condition and type
of study (eg, randomized or nonrandomized).

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analysis) flow diagram of included studies.

We included mixed samples if they included 20 or more
participants with either depression or bipolar disorder. In the
depression studies, this included 899 participants with primary
diagnoses other than depression or healthy controls of a total
of 9310 participants included. In bipolar disorder studies, there
were 83 participants with primary diagnoses other than bipolar
disorder or healthy controls of a total of 7813 included. In total,
5.7% (977/17,123) of the total participants did not have a
primary diagnosis of depression or bipolar disorder.

We included relapse prevention or maintenance trials, as this
is a core element of treatment of bipolar disorder and depression,
which are usually relapsing and remitting illnesses. With studies

of variable follow-up durations, we included the attrition or
adherence from the latest available outcome, and this was a
pragmatic decision around the design of future studies that will
require long-term follow-ups due to the lifelong nature of many
mood disorders.

Risk of Bias Assessments
The methodological quality of these studies was variable, but
most were considered of low-to-moderate risk of bias (Table
S3 in Multimedia Appendix 2).
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Meta-Analysis
As planned a priori, we conducted a subgroup analysis of 5
different factors for both adherence and attrition reported in
Table S1 in Multimedia Appendix 2: type of mood monitoring,
mood disorder, RCT versus nonrandomized study, digitization
of mood monitoring, presence of reminders to complete the
mood monitoring, in-person or remote enrollment, and the
presence of financial incentives.

Meta-analytic pooling of adherence (0.64%, 95% CI
0.59%-0.70%; P<.001) and attrition (0.28%, 95% CI
0.22%-0.34%; P<.001) is reported in Figures 2 and 3,

respectively. For adherence, heterogeneity was high (Cochran

Q90=10,052.49; P<.001; I2=99.1%). Likewise for attrition,
heterogeneity was high (Cochran Q73=6615.17; P<.001;

I2=98.9%). Because of the pronounced heterogeneity, we used
a random effects model to pool the data. Both of the funnel plots
for the total prevalences of adherence and attrition demonstrated
visual asymmetry and thus suggested possible publication bias
or small study effects in the meta-analytic estimate (Figures S1
and S3 in Multimedia Appendix 2). The Egger test demonstrated
that there were no small-study effects (Figures S2 and S4 in
Multimedia Appendix 2) for both the adherence and attrition
analyses.
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Figure 2. Forest plot of the prevalence of adherence with percentage weighting [31-96].
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F i g u r e  3 .  F o r e s t  p l o t  o f  t h e  p r e v a l e n c e  o f  a t t r i t i o n  w i t h  p e r c e n t a g e  w e i g h t i n g
[31-41,43,44,46-52,54-57,59-63,64,65,66,67,68,70,71-73,74-79,80,81-86,87,88,89-91,92-96].

We report subgroup analyses in Figures S5-S16 in Multimedia
Appendix 2. The interpretation of any differences here should
not be interpreted causally due to the limitations of the data;
likewise, any notable absence of effect should not be interpreted
as conclusive equivalence due to potential power limitations.
Only 3 factors had a statistically significant subgroup difference
for adherence: the presence of financial incentives, mood
monitoring reminders, and study risk of bias. Studies without

financial incentives had lower adherence (0.65%, 95% CI
0.52%-0.79%) than those offering financial incentives (0.77%,
95% CI 0.66%-0.88%; between-group Q2=6.38; P=.04). There
was not a statistically significant effect of financial incentives
on attrition, however: studies without financial incentives: 0.22%
(95% CI 0.07%-0.37%); studies with financial incentives: 0.21%
(95% CI 0.10%-0.31%; between-group Q2=3.91; P=.14). Studies
with mood monitoring reminders had lower adherence (0.61%,
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95% CI 0.54%-0.67%) than studies without mood monitoring
reminders (0.78%, 95% CI 0.69%-0.88%; between-group
Q2=11.25; P=.004).

A statistically significant subgroup difference was also not
present for adherence for studies that systematically reported
adherence via device-level data compared with those that did
not: studies that did not systematically report adherence: 0.67%
(95% CI 0.59%-0.75%); studies that systematically reported
adherence: 0.62% (95% CI 0.54%-0.69%; between-group Q1=1;
P=.32).

A statistically significant subgroup difference for attrition was
present for 5 factors: presence of mood monitoring reminders,
digital vs analogue mood monitoring, mood monitoring study
or non-mood monitoring control, and study risk of bias. Studies
with mood monitoring reminders had higher attrition (0.30%,
95% CI 0.22%-0.37%) than studies without mood monitoring
reminders (0.27%, 95% CI 0.16%-0.38%; between-group
Q2=56.80; P<.001). Analogue studies had higher attrition
(0.40%, 95% CI 0.16%-0.64%) than digital studies (0.28%,
95% CI 0.21%-0.35%; between-group Q2=29.66; P<.001).
Mood monitoring studies had higher attrition (0.29%, 95% CI
0.23%-0.36%) than non-mood monitoring control groups
(0.09%, 95% CI 0.06%-0.12%; between-group Q2=31.94;
P<.001).

There is likely an element of confounding by study design and
protocol burden in these subgroup analyses, as studies with
EMA reminders (n=23) reported a longer mean follow-up
duration (mean 11.02, SD 8.5 months) than studies without
EMA reminders (n=86; mean 7.48, SD 4.22 months).

There was no statistically significant difference in adherence
nor attrition between active and passive mood monitoring
(Figures S5 and S12 in Multimedia Appendix 2), in-person
versus remote enrollment or recruitment (Figures S11 and S18
in Multimedia Appendix 2), and depression versus bipolar
disorder (Figures S6 and S13 in Multimedia Appendix 2).

There were statistically significant subgroup differences in both
adherence and attrition between studies deemed to have a high
risk of bias (≤4 areas of low risk of bias as classified on the
Cochrane risk of bias tool) versus those deemed to have a low
risk of bias (5 or 6 areas of low risk of bias). High-risk studies
had lower adherence (0.60%, 95% CI 0.53%-0.68%) than
low-risk studies (0.70%, 95% CI 0.64%-0.76%; between-group
Q1=3.93; P=.047). High-risk studies had higher attrition (0.38%,
95% CI 0.29%-0.46%) than low-risk studies (0.19%, 95% CI
0.14%-0.24%; between-group Q1=13.75; P<.001).

Metaregression
As the heterogeneity was very high, we conducted a
metaregression to assess potential sources of this heterogeneity.
We explored the effects of financial incentives, ambulatory
assessment reminders, digital or analogue protocol, active or
passive ambulatory assessment, gender, age, and ambulatory
assessment duration on heterogeneity. The residual heterogeneity
remained very high despite this, and the full results are reported
in Table S4 in Multimedia Appendix 2.

Notably, active ambulatory assessments had a statistically
significant higher attrition than nonambulatory
assessment–based controls (odds ratio [OR] 1.23, 95% CI
1.00-1.51; P=.046). However, attrition rates for studies using
both active and passive ambulatory assessments were not
statistically significant compared with the control group (OR
1.14, 95% CI 0.92-1.42; P=.23). Likewise, attrition rates for
passive ambulatory assessment studies were not statistically
significantly different than the control groups (OR 1.23, 95%
CI 0.97-1.57; P=.09). This suggests studies using just active
ambulatory assessment measures may have a uniquely high
burden for participants.

There was a statistically significant negative effect of
ambulatory assessment duration on adherence rates (OR 0.99,
95% CI 0.99-1.00; P=.01), and adherence declined as assessment
duration increased.

There was a statistically significant effect of the number of
low-risk domains in a study leading to lower attrition (OR 0.94,
95% CI 0.90-0.98; P=.002) but not adherence (OR 1.02, 95%
CI 0.98-1.07; P=.26).

Discussion

Summary of Findings
This meta-analysis examined long-term adherence and attrition
in mood monitoring or ambulatory assessment studies by people
with depression and bipolar disorder and, to our best knowledge,
is the first review to do so. We documented larger improvements
in attrition in digital studies than in analogue studies, in
adherence in studies with financial incentives versus
nonfinancial incentives, and increased attrition or decreased
adherence in studies with mood monitoring reminders versus
those without reminders. There was also improved adherence
or attrition in higher-quality studies. Crucially, there were no
differences in adherence and attrition between studies of passive
and active mood monitoring, although active ambulatory
assessments had higher attrition than non-mood monitoring
controls. However, we noted there was a very high level of
heterogeneity in the meta-analysis, with some evidence of
publication bias, which may mean that studies showing no
difference in attrition or adherence were not necessarily reported,
and no clear picture has emerged from our results. The high
heterogeneity was not due to the reasons explored in the
metaregression: age, gender, assessment duration, active or
passive assessment, digital or analogue, or assessment reminders
or financial incentives. Reporting of adherence and attrition was
not universal nor systematic, and until it is, analyses are unlikely
to provide any clear conclusions.

Context of Findings
The mood monitoring adherence statistics we report here (many
of which were EMA studies) are lower than those in studies of
dropout and adherence with EMA protocols in both clinical and
nonclinical populations [11,97-99]. They are also lower than
the recommended rate of 80% for EMA studies [100]. Missing
data, particularly higher than suggested recommended rates,
can limit the conclusions that are drawn from statistical inference
and have a significant effect on the study’s statistical power
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[98]. Furthermore, research suggests that missing data in EMA
studies are not at random and thus more likely to introduce
nonresponse bias—for example, participants are more likely to
miss certain assessments at specific times (eg, when delivering
childcare at a specific time in the evening) [101]. The rates of
adherence reported here are thus concerning to the
methodological validity of these mood monitoring studies, some
of which are also EMA studies. This is further demonstrated
by the higher attrition in mood monitoring groups when
compared with non-mood monitoring controls, raising the
question of whether mood monitoring is itself aversive.

The follow-up length that we assessed was also much longer
than other studies and other reviews, and this may partially
explain the lower adherence. Here, the average mood monitoring
or ambulatory assessment protocol length was approximately
7 months, while many reviews have only assessed adherence
over 7 days. Long-term studies generally demonstrate higher
attrition than short-term studies [102]. Furthermore, clinical
populations may have higher attrition rates and lower adherence
than nonclinical populations. This is particularly true of people
with mood disorders who can struggle with drive, motivation,
and organization. The attrition rate was comparable to other
studies of bipolar disorder [103] or depression and clinical trials
of smartphone apps [104]. This was reassuring considering the
increased participant burden reported in qualitative studies and
suggests that mood monitoring studies, with regard to attrition
and adherence, may not be particularly different or uniquely
stressful than studies using established measures of assessment.

Protocol Design
Crucially, we did not demonstrate better adherence and attrition
in passive mood monitoring studies than with active protocols.
This was in contrast to qualitative research suggesting passive
mood monitoring is preferred, as it is perceived as being less
intrusive (and has less participation burden) by people with
bipolar disorder and depression [6]. This may be due to people
not adhering to or dropping out from mood monitoring studies
for reasons other than the frequent completion of self-report
measures. Some of these concerns driving nonadherence and
dropout may be around data security, not feeling that they
themselves are receiving a benefit, or the presence of adverse
effects, as opposed to the type of mood monitoring or the way
this is delivered [6,105].

Financial incentives did not appear to affect attrition but were
associated with improved adherence. This was in keeping with
previous research with similar findings [11], finding 12% higher
adherence if financial incentives were given (77%) compared
with when financial incentives were not given (65%). This is a
very large improvement in adherence, particularly over many
months. There are, however, concerns that paying individuals
to participate in research may exert undue influence and coercion
[106] and potentially select individuals who are more motivated
by the financial reward than the potential for digital technology
to improve their mental disorder via mood monitoring or to
contribute to research via ambulatory assessment—both of
which likely require motivation and commitment [6]. This may
thus create selection biases. This also may be especially
problematic in studies where reward responsivity is being

measured since financial incentives might be perceived as a
reward and therefore a confounder. Participants should also be
given the choice to not accept a financial reward if they choose;
some people find such rewards coercive or forming an obligation
when they wish to take part from free will.

Mood monitoring reminders were associated with increased
attrition and decreased adherence. It is possible that a higher
number of notifications and reminders increases participant
burden and leads to dropout by some individuals or that those
studies with more burdensome protocols also include reminders.
There is likely an element of confounding by study design and
protocol burden in these analyses. Furthermore, this is in contrast
to other findings, where increased participant burden (eg, with
active mood monitoring) was not associated with an increased
dropout versus passive mood monitoring (which is often
designed to minimize this burden). One possible explanation
for the lack of difference in dropout despite an increased
participant burden is that active mood monitoring directly asks
the user their opinion and makes them aware of their mood
versus passive monitoring, which sits in the background and
provides no immediate feedback to the participant. This active
feedback-driven process may compensate for the increased
burden.

Reporting Standards
Reporting of attrition (60/77, 78% of studies) and adherence
(57/77, 74% of studies) was low, suggesting that studies should
report these metrics routinely, particularly considering the
importance of these metrics to mood monitoring data validity.
The number of studies reporting these metrics in the published
manuscripts was even lower; we contacted a large number of
authors individually to find much of this information, which
was often difficult to locate in the first instance. Only a small
minority of studies reported adherence in a systematic way from
device data—most did not clarify the nature of the data they
reported (eg, self-report adherence, objective app data).

Researchers have previously produced important guidelines on
the reporting of mood monitoring data (eg, eMOOD guidelines
[26]). Although these do report the importance of good
adherence data, they do not mention the systematic
underreporting of adherence and attrition statistics and provide
no factual basis for the statement that adherence to mood
monitoring is often low. The quantified evidence summarized
here provides a basis for specific recommendations around the
reporting of adherence and attrition data, which has previously
been sparse. We suggest that preference be given to
systematically collected device-level data that allow direct
comparison between protocols. Acceptable attrition and
adherence thresholds should be prespecified based on power
calculations and the intended purpose of the ambulatory
assessment. Power calculations for sample size should consider
what effects acceptable attrition and adherence might have on
outcome; power calculations without these considerations might
then be considered incomplete and probably underpowered.

The reporting of attrition should be in accordance with
CONSORT (Consolidated Standards of Reporting Trials) for
randomized studies [107] and alternatives for nonrandomized
studies [108]. This will allow researchers to assess attrition

JMIR Ment Health 2026 | vol. 13 | e83765 | p.279https://mental.jmir.org/2026/1/e83765
(page number not for citation purposes)

Astill Wright et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


based on the number of participants enrolled or those with actual
use of the ambulatory assessment, as these figures are likely to
tell us different things and inform future studies in different
ways. Researchers should report attrition based on the number
of participants enrolled as an intention-to-treat analysis, as this
will generate a more generalizable result for clinical practice.
They should also report a per-protocol analysis of those who
attempted to use the assessment as intended, as this will give
an indication of attrition by those motivated and willing to
undertake these assessments at the beginning of the study. These
align with current guidelines for interventions in general in
RCTs and nonrandomized studies. We make further broader
recommendations incorporating a broad range of qualitative
and quantitative evidence that puts poor adherence and attrition
reporting in the wider ambulatory assessment or mood
monitoring context [109].

Lower risk-of-bias studies had considerably less attrition and
higher adherence. Higher-quality studies may be more rigorously
conducted, and this may lead to improved follow-up rates and
more participant-friendly protocols (eg, via more qualitative
development of the protocol or lived experience input) to which
it is easier to adhere. Therefore, the overall risk of bias of a
study may be a marker of a higher-quality study that is less
onerous for participants. These attrition and adherence results,
even for high-quality studies, suggest that there is a high level
of attrition and low level of adherence to data collection that
are hard to address with methods that rely on longer-term active
data collection alone. Further investigation on the optimal mix
of methods of digital collection (eg, active and passive with
optimal methods of support and reward) is merited .

Participant Engagement
Future mood monitoring studies with mood disorders should
prioritize consistent reporting of adherence and attrition and
use financial incentives to support participant engagement. This
study failed to find a multitude of specific factors that improve
attrition and adherence, aside from financial incentives and
reminders (which surprisingly had a negative effect on
adherence and attrition). This thus raises questions about
additional methods of improving the acceptability and usability
of these protocols. Many of these factors are likely to be protocol
specific and will likely require lived experience input, qualitative
research, and ethical implementation to create a protocol that
has high acceptability and usability, particularly with long-term
studies. Some mood monitoring protocols reported attrition as
high as 92%, and others reported adherence as low as 18%. It
remains unclear what is a realistic attrition or adherence rate
for mood monitoring studies with people with mood disorders,
and this may rarely reach the recommended 80%, particularly
for individuals with a higher severity of illness.

Strengths and Limitations
The strengths of this review are that we evaluated studies using
mood monitoring over a minimum period of 3 months. We
argue that 3 months of follow-up was required to accurately
assess mood, attrition, and adherence in a clinically meaningful
way to assist the design of medium or long-term trials in the
future. The average duration of follow-up was much longer than
other reviews—approximately 7 months—a more clinically
material length of time. We did not include many mood
monitoring procedures that utilized shorter follow-up and are
further away from implementation as interventions or as research
tools. This allows us to make clear conclusions about mood
monitoring methods that have the ability to affect the current
delivery of mental health trials. One limitation of this review
is that the vast majority of trials had issues with risk of bias,
specifically around blinding of the intervention or mood
monitoring procedure, but this is an issue with trials of
psychological treatments more broadly where perfect blinding
is not possible. We were also not able to include all studies in
the meta-analysis due to underreporting of key data, which is
in itself both a limitation and an important finding highlighting
the lack of standardization in the reporting of key mood
monitoring metrics. Furthermore, there was large statistical
heterogeneity when aggregating data, and this reflects the
heterogeneity of the wide-ranging mood monitoring protocols
(eg, type of mood disorder, population, duration of mood
monitoring, and intensity of mood monitoring); despite using
a random-effects model, this may still limit the generalizability
of our findings, mask important contextual differences, and
limit the comparability of the summary estimates across studies.
In addition, our analyses should not be interpreted causally due
to these limitations, and they were vulnerable to confounding
by study design and protocol burden.

Conclusions
To conclude, this meta-analysis examined long-term adherence
and attrition in mood monitoring studies by people with mood
disorders. Attrition and adherence were lower for people with
bipolar disorder and depression than for other nonclinical or
clinical populations but comparable to other non-mood
monitoring studies with people with mood disorders. We
demonstrated that some key factors may improve adherence
and attrition (crucially, there were no differences in adherence
and attrition between studies of passive and active mood
monitoring), but the certainty of our findings is limited due to
the lack of systematic and universal reporting of adherence and
attrition in ambulatory assessment studies. These findings should
inform the design of future mood monitoring
protocols—prioritizing systematic and universal reporting of
adherence and attrition—and be interpreted alongside qualitative
findings to optimize real-world acceptability and utility. Until
reporting of adherence and attrition improves, further analyses
are unlikely to provide any clear conclusions.
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Abstract

Background: The global demand for mental health services has significantly increased over the past decade, exacerbated by
the COVID-19 pandemic. Digital resources, particularly smartphone apps, offer a flexible and scalable means of addressing the
research-to-practice gap in mental health care. Clinicians play a crucial role in integrating these apps into mental health care,
although practitioner-guided digital interventions have traditionally been considered more effective than stand-alone apps.

Objective: This scoping review explored mental health practitioners’ views on potential use or integration of smartphone apps
into clinical practice. We asked, “What is known about how mental health practitioners view the integration of smartphone apps
into their practice?” Further, this scoping review explored the factors that might influence integration of smartphone apps into
practice, such as practitioner and client characteristics, app design and functionality, and practitioner views.

Methods: We conducted a systematic search of 3 databases that yielded 38 studies published between 2018 and 2025, involving
1894 participants across various mental health disciplines, most predominantly psychologists and psychiatrists. Data were collected
on practitioner and client characteristics, app functionality, and factors deemed important or influencing practitioners’ opinions
about app integration.

Results: The included studies were most likely to explore use of apps outside the clinical session and focused on self-management
apps for mental health monitoring and tracking, and for collecting data from the patient. Fewer studies explored use of apps
within-session, or practitioner-guided apps. Practitioners prioritized app features aligned with the American Psychological
Association’s evaluation criteria, with practitioners prioritizing engagement and interoperability, but also noted the importance
of training and resourcing to support integration.

Conclusions: While practitioners recognize the potential of apps in mental health care, integration into clinical practice remains
limited. This study highlights the need for further research on practical implementation, clinical effectiveness, and practitioner
training to facilitate the transition from potential to actual use of apps in mental health care settings. Recommendations include
evaluating effectiveness of app integration through experimental studies and developing training modules to develop practitioners’
digital competencies and confidence in app use.

(JMIR Ment Health 2026;13:e75640)   doi:10.2196/75640

KEYWORDS

American Psychological Association; anxiety; depression; digital mental health; functionality; mental health practitioner; mobile
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JMIR Ment Health 2026 | vol. 13 | e75640 | p.288https://mental.jmir.org/2026/1/e75640
(page number not for citation purposes)

Rickard et alJMIR MENTAL HEALTH

XSL•FO
RenderX

mailto:nrickard@unimelb.edu.au
http://dx.doi.org/10.2196/75640
http://www.w3.org/Style/XSL
http://www.renderx.com/


Introduction

Background
The global demand for mental health services has increased
significantly over the past decade, with the World Health
Organization reporting a 13% increase in the period from
2007-2017 [1]. The COVID-19 pandemic has placed an
additional burden on the mental health system, with the
prevalence of depression and anxiety disorders alone increasing
by 25% [2]. Mental health professionals are struggling to meet
this increased service demand, and there is a need for sustainable
approaches to support professional care [3-5].

Digital resources offer a flexible, data-rich, and economical
means of addressing the research-to-practice gap [6-9] and can
be used to support the full spectrum of mental health care
services [10-13]. Among the most rapidly increasing digital
resources available in the mental health sphere are smartphone
apps. With over 30,000 mental health smartphone apps
(MHapps) available to the public, and smartphone ownership
penetrating most sectors of the population, MHapps have the
capacity to be an accessible and scalable adjunct to professional
mental health care [14-19]. Smartphone apps can also offer
quite sophisticated personalization for each user and are reported
to be less stigmatizing for many than seeking professional care
[17,18,20,21].

Clinicians are in a unique position to guide the integration of
smartphone apps into mental health care. The views and
capabilities of clinical staff are regarded as critical for successful
integration of digital mental health tools [22]. The breadth of
their influence is diverse and can include recommending
reputable apps to clients to use independently, or using apps in-
or out-of-session with ongoing support [23,24]. Digital
interventions that are guided by a therapist or with in-person
feedback are generally regarded to be more effective than
self-management or “stand-alone” apps [16,25-29]. This is
consistent with the widely accepted notion of a therapeutic
alliance being a key mechanism underlying mental health
treatment outcomes [30]. There is, however, some indication
that a major benefit of guided digital interventions may be
encouraging adherence to the intervention [25,31], and that the
role of clinician could be reduced to key touchpoints such as
onboarding at the end of every other module or on-demand [25].
While high-quality hybrid models such as the Digital Clinic
[32,33] and Precision Behavioral Health [34] offer mobile app
functionality (monitoring and interventions) fully integrated
with strategically placed practitioner support (eg, through
telehealth or in-person follow-ups), there is also a need to better
understand how practitioners feel about integrating stand-alone
apps into mental health care.

The capacity for smartphone app integration into mental health
care also depends on the functionality of the app and the level
of support it targets across the mental health spectrum. For
example, app functions can include informing, recording,
sharing data, reminding, communicating, and displaying [35,36].
Levels of support can range from lower (eg, well-being
promotion, mood tracking, assessment, and psychoeducation)
to higher (interventions and relapse prevention) intensity [24,37].

Digital mental health services are most confidently advocated
as a low-intensity treatment within the stepped-care model,
providing health promotion, prevention, and early intervention
support for subclinical populations [11,17]. Digital apps are
also generally claimed to be more effective for prevention and
mild symptomatology [17,38], although some studies have
observed stronger effects for individuals with more severe
symptoms [39,40]. It would be of interest to better understand
where mental health practitioners themselves consider app usage
to be most acceptable.

Integration of smartphone apps into mental health care must
therefore also consider what factors are important to the
practitioner. In a survey of general health care providers,
regulatory body support and an evidence base were ranked as
the most important factors affecting practitioners’ decisions to
incorporate digital tools into their practice [41]. Previous
research has also suggested that remote monitoring tools are of
particular interest to mental health providers [42]. Several
evaluation frameworks describe key criteria identified as
important to professional regulatory bodies like the American
Psychological Association (APA). The APA’s criteria for
evaluating MHapps include accessibility, privacy and security,
evidence base, engagement, and interoperability [43,44]. While
models such as the APA evaluation framework are critical for
shaping regulation of digital tools like smartphone apps, the
prioritization of standards may not necessarily align with what
is important for individual practitioners. For example, while
accessibility is the fundamental standard for MHapps, if
practitioners are supplying devices or paying for the cost of the
app, then this criterion may become less critical. In a recent
evaluation of 100 of the most popular MHapps at the time [37],
only one of those apps was found to meet all 5 standards
expected by the APA evaluation model. The majority lacked
basic accessibility, privacy, and security features, and only one
met the final criterion of interoperability, which is important
for integrating apps into broader mental health care.

Rationale and Objectives
The use of smartphone apps among physicians and rehabilitation
clinicians has previously been explored in other scoping reviews
[45,46]; however, to date, no scoping reviews have been
conducted on mental health practitioners’ consideration of use
or integration of smartphone apps into clinical care. The
affordances of smartphone apps may vary between different
groups of professionals and in different clinical settings [45].
Accordingly, the aim of this scoping review was to examine
research from the past 7 years to answer the broad research
question, “What is known about how mental health practitioners
view the integration of smartphone apps into their practice?”
Further, this scoping review explored the factors that might
influence integration of smartphone apps into practice such as
practitioner and client characteristics, app design and
functionality, and practitioner views.

Methods

Overview
A scoping review methodology was selected to identify and
map key characteristics related to the uptake of smartphone
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apps by mental health practitioners [47]. This review was guided
by the PRISMA-ScR (Preferred Reporting Items for Systematic
reviews and Meta-Analysis extension for Scoping Reviews;
Multimedia Appendix 1 [48]). The protocol was registered
through the Open Science Framework [49].

Search Strategy
A search was finalized in March 2025 using 3 electronic
databases (PsycINFO, Web of Science, and IEEE Xplore). The
search strategy was adapted for each database (Multimedia
Appendix 2). Searches were conducted with a combination of
terms related to mental health practitioners and smartphone
MHapps. These terms were selected following a preliminary

review of the literature. Searches were run against the title and
abstract, and where possible, subject headings were combined
with keywords. The search was restricted to peer-reviewed
journal articles written in English and published between 2018
and March 2025.

Eligibility Criteria
Selection of articles was based on the SPIDER (Sample,
Phenomenon of Interest, Design, Evaluation, Research Type)
framework [50], as shown in Table 1. This framework was
chosen to capture qualitative, quantitative, and mixed methods
studies.

Table 1. Eligibility criteria.

ExclusionInclusionCategory

Sample •• General practitioners, nurses, or other health workers not specific
to mental health

Mental health practitioners, if more than 25% of the
sample were psychologists, psychotherapists, psychia-
trists, or other counsellors or social workers predominant-
ly working in mental health

• Studies that included both practitioners and other end users (eg,
clients) but did not differentiate results by participant type

Phenomenon
of Interest

•• Studies focusing on web-based mental health apps, as opposed to
MHapps

Integration of MHappsa into practice. Studies exploring
the use, consideration, design, or trial of apps were includ-
ed • Studies focusing on only users’, rather than practitioners’, attitudes,

behaviors, or experiences toward apps

Design •• No original data collectedInterviews
• Surveys
• Observations
• Behavior measures

Evaluation •• Studies focusing on only users’, rather than practitioners’, attitudes,
behaviors, or experiences toward apps

Attitudes, behaviors or experiences of mental health
practitioners in consideration of, or use of, smartphone
app integration into their practice

Research
Type

•• Reviews and meta-analysesQualitative
• •Quantitative Commentaries

•• Opinion piecesMixed methods
• Study protocols

aMHapps: mental health smartphone apps.

Selection
Searches were managed using EndNote X9 (Clarivate Analytics)
and Microsoft Excel (Microsoft Corp). Duplicates were removed
using the EndNote deduplication tool. One reviewer (PK)
screened titles and abstracts to exclude obviously irrelevant
articles and those identified as reviews, commentaries, or
opinion pieces. The remaining titles and abstracts were then
screened by 2 independent reviewers (NSR and PK).
Disagreements were resolved by discussion, and where doubt
existed, an independent assessment was conducted by a third
reviewer (TM). Full texts were independently reviewed by all
3 authors. PK reviewed 100% of the articles, with NSR and TM
each reviewing approximately 50% of the articles.
Disagreements between each pair of reviewers were resolved
by discussion to achieve consensus.

Data Extraction and Analysis
An Excel spreadsheet was created to compile relevant data.
Data items were sorted into 5 categories:

• Article information: including author, year of publication,
country, aim and design.

• Practitioner characteristics: including sample size, type of
practitioner (eg, psychologist), age, and gender.

• Client characteristics: including age, mental health condition
(eg, depression), and population (eg, clinical).

• Characteristics of app use: including app name, app purpose
(prevention/well-being promotion, psychoeducation,
monitoring/tracking, assessment/case identification,
treatment/intervention, continuing care/relapse prevention,
other), app functionality according to the IMS Institute for
Healthcare Informatics functionality score (IMS-11; inform,
instruct, record [collects, shares, evaluates, intervenes],
remind/alert, communicate, display, guide), patterns of use,
in- and/or out-of-session, and practitioner guided and/or
self-managed.

• Characteristics considered important and/or useful based
on APA’s criteria: including accessibility, privacy and
security, evidence base, engagement, interoperability, and
other.
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The data charting form was completed by 1 reviewer (PK), and
a random subset (20%) of articles was independently verified
for accuracy by NSR and TM. Studies were not critically
appraised during this review.

Data Synthesis
Study designs and methodologies were diverse, so data were
synthesized in a descriptive format. Frequencies were
determined where possible within variables, and trends were
identified where appropriate in a narrative format.

Results

Selection of Sources of Evidence
The initial search yielded 2566 records. After removing 374
duplicates, a total of 2192 titles and abstracts were screened,
and 133 full-text publications were reviewed. Following full-text
review, 38 publications were submitted to data extraction (Figure
1).

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020 flow diagram documenting literature search and
outcome of screening process. MH: mental health; MHapps: mental health smartphone apps.

Results of Individual Sources of Evidence and
Synthesis of Results
The full characteristics of the included studies are outlined in
Tables 2 and 3, with detailed information provided in Table S1
in Multimedia Appendix 3.
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Table 2. Study and participant information of retrieved studies.

Client age (years), mean (SD) or
median (range)

Practitioner agea (years), mean (SD)
or mode (SD)

Sample size
meeting criteria,
n (% of N)

Primary method-
ology

CountryYearAuthor

11 (55% of 20)Mixed methodsUSb2021Adams et al
[51]

• Alpha: 15.3 (1)• Alpha: 43.3 (7.5)
• •Beta 2: 37.8 (12.1) Beta: 15.9 (1)

135 (35% of 386)QuantitativeSaudi Arabia2025Almadani et
al [52]

• Not reported• <30 (61.1%)
• 30-40 (30.1%)
• 41-50 (06.0%)
• >50 (02.8%)

7 (88% of 8)QualitativeSpain2019Anastasi-
adou et al
[53]

• 15 (0.5)• 34.63 (7.21)

6 (50% of 12)QualitativeUS2021Armstrong et
al [54]

• 18.9 (3.73)• 38.42 (5.78)

17 (35% of 48)QualitativeUKc2019Bucci et al
[55]

• Not reported• 36.2 (SD not reported)

5 (100% of 5)QualitativeUS2023Chang [56] • 37 (10.7)• Not reported

98 (91% of 108)QuantitativeCanada2023Cheung et al
[57]

• 18-29 (20.5%)• Mode: 60+ (34.3%)
• 30-39 (24.4%)
• 40-49 (20.6%)
• 50-59 (22.9%)
• 60+ (13%)

3 (100% of 3)Mixed methodsAustralia2023Deady et al
[58]

• 50 (range 42-56)• Not reported

178 (91% of 195)Mixed methodsNew
Zealand

2022Dobson et al
[59]

• Not reported• Mode: 24-35 (37%)

62 (42% of 148)Mixed methodsPoland2024Dominiak et
al [60]

• Not reported• 25-39 (27%)
• 40-55 (56%)
• 55-64 (15%)

3 (50% of 6)Mixed methodsUK2021Dubad et al
[61]

• 20.71 (2.56)• Not reported

230 (81% of 284)Mixed methodsUS2024Etingen et al
[62]

• Not reported• Under 35 (19.2%)
• 36-45 (50.5%)
• 46-55 (19.2%)
• 56-65 (9.3%)
• 66-75 (1.6%)

8 (100% of 8)QuantitativeItaly2023Francese et
al [63]

• 36.24 (14.02)• 43 (6.18)

9 (100% of 9)Mixed methodsSpain2024Gonzalez-
Perez et al
[64]

• Not reported• 35 (SD not reported)

7 (78% of 9)Mixed methodsUS2023Green et al
[65]

• 19.6 (2.05)• Not reported

7 (54% of 13)Mixed methodsIran2023Heydarian et
al [66]

• Not reported• Not reported

269 (77% of 350)QualitativeGermany2024Hildebrand
et al [67]

• Not reported• 42.83 (12.16)

15 (63% of 24)Mixed methodsUS2019Hoffman et
al [68]

• 36.5• Not reported

33 (58% of 57)QuantitativeGermany2020Kerst et al
[69]

• Not reported• 43 (12.3)
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Client age (years), mean (SD) or
median (range)

Practitioner agea (years), mean (SD)
or mode (SD)

Sample size
meeting criteria,
n (% of N)

Primary method-
ology

CountryYearAuthor

• Range: 32-48• Range: 32-482 (33% of 6)QualitativeCanada2023Khan et al
[70]

• 14.94 (1.3)• 38.7 (10.4)10 (31% of 32)QuantitativeAustralia2022Li et al [71]

• Not reported• 18-29 (5%)
• 30-39 (16%)
• 40-49 (32%)
• 50-59 (37%)
• 60-69 (11%)

11 (61% of 19)QualitativeFinland2023Lukka et al
[72]

• Not reported• MHSL staff (44.2, 10.2)
• AOSL staff (46.0, 10.9)

271 (25% of
1107)

QuantitativeUS2023McGee-Vin-
cent et al
[73]

• Median: 45, Range: 21-66
years

• Not reported10 (63% of 16)QualitativeUS2023Medich et al
[74]

• Not reported• 45.5 (11.1)103 (47% of 220)Mixed methodsUS2019Miller et al
[75]

• Not reported• 44.7 (13.1)57 (71% of 80)Mixed methodsMultiple2021Morton et al
[76]

• 15.5 (1.07)• 36.7 (7.38)3 (43% of 7)Mixed methodsFrance2021Naccache et
al [77]

• Not reported• <26 (2.5%)
• 26-35 (35%)
• 36-45 (36.9%)
• 46-55 (19.4%)
• 56-65 (3.8%)
• >65 (2.5%)

152 (95% of 160)Mixed methodsPortugal2023Nogueira-
Leite et al
[78]

• Not reported (although we
know that the clinicians
treated children and adoles-
cents)

• Phase 1: 41.88 (10.25)
• Phase 2: 39.73 (10.26)

7 (78% of 9;
Phase 1) and 35
(63% of 56;
Phase 2)

Mixed methodsUS2018Orengo-
Aguayo et al
[79]

• 51.5 (15.5)• 45.5 (12.2)16 (62% of 26)QualitativeFrance2021Patoz et al
[80]

• 16.1 (1.2)• Not reported3 (100% of 3)Mixed methodsUS2021Puhy et al
[81]

• Not reported (although we
know that the patients were
18 years and older)

• Not reported6 (100% of 6)QualitativeAustralia2018Richards et
al [82]

• BIDMC: 32 (SD not report-
ed)

• AIIMS: 33 (SD not reported)
• NIMHANS: 35 (SD not re-

ported)

• BIDMCd: 41 (SD not reported)
• AIIMSe: 35 (SD not reported)
• NIMHANSf: 41 (SD not report-

ed)

35 (67% of 52)QualitativeMultiple2021Rodriguez-
Villa et al
[83]

• Only reported range = 25-59
years

• Not reported3 (100% of 3)QualitativeDenmark2022Rothmann et
al [84]

• Not reported (although we
know the clinics provide
treatment to adolescents and
young adults aged 16-30
years)

• Not reported8 (73% of 11)QualitativeUS2022Stefancic et
al [85]

• Not reported• Focus group: 47 (10.5)
• Telephone sample: 45.7 (10.5)

38 (60% of 63)Mixed methodsAustralia2020Strodl et al
[86]
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Client age (years), mean (SD) or
median (range)

Practitioner agea (years), mean (SD)
or mode (SD)

Sample size
meeting criteria,
n (% of N)

Primary method-
ology

CountryYearAuthor

Weermeijer
et al [87]

• Users: 34.93 (11.27)
• Dropouts or nonusers: 36.67

(13.47)

• Users: 45.57 (6.11)
• Dropouts or nonusers: 43.50

(17.50)

9 (75% of 12)Mixed methodsBelgium2023

• Not reported• Not reported12 (100% of 12)Mixed methodsUS2020Wu et al [88]

aMean age and gender typically reported for all practitioners, and sometimes all of sample.
bUS: United States.
cUK: United Kingdom.
dBIDMC: Beth Israel Deaconess Medical Center.
eAIIMS: All India Institute of Medical Sciences.
fNIMHANS: National Institute of Mental Health and Neurosciences.
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Table 3. Characteristics of app use in retrieved studies, and American Psychiatric Association (APA) standards prioritized by practitioners.

APA standards
prioritized

Practitioner guided
and/or self-managed

In-session and/or
out-of-session

App purposeUse of app for re-
search or practice

Author

Aa, SPb, EBc,

Ed, Ie

BothBothResearchAdams et al [51] • Prevention/promotion
• Assessment/case identification

A, SP, EBNot reportedNot reportedClinicalAlmadani et al [52] • Psychoeducation monitoring/tracking
• Treatment/intervention

A, SP, EB, E, IPractitioner guidedOut-of-sessionResearchAnastasiadou et al
[53]

• Monitoring/tracking
• Continuing care/relapse prevention

A, SP, EB, E, INot reportedOut-of-sessionResearchArmstrong et al
[54]

• Monitoring/tracking

A, SP, E, ISelf-managedOut-of-sessionResearchBucci et al [55] • Monitoring/tracking
• Treatment/intervention

A, SP, EBNot reportedOut-of-sessionClinicalChang et al [56] • Monitoring/tracking

A, SPNot reportedNot reportedClinicalCheung et al [57] • Assessment/case identification
• Monitoring/tracking

A, EB, E, IPractitioner guidedOut-of-sessionResearchDeady et al [58] • Psychoeducation
• Treatment/intervention

SPNot reportedNot reportedClinicalDobson et al [59] • Not reported

A, EB, E, INot reportedNot reportedClinicalDominiak et al
[60]

• Prevention/well-being promotion
• Monitoring/tracking
• Continuing care/relapse prevention

INot reportedNot reportedResearchDubad et al [61] • Monitoring/tracking

E, IPractitioner guidedOut-of-sessionResearchEtingen et al [62] • Monitoring/tracking
• Assessment/case identification

E, IPractitioner guidedIn-sessionResearchFrancese et al [63] • Assessment/case identification
• Monitoring/tracking

Not availableSelf-managedOut-of-sessionResearchGonzalez-Perez et
al [64]

• Psychoeducation
• Monitoring/tracking
• Assessment/case identification
• Treatment/intervention

A, EB, E, IPractitioner guidedOut-of-sessionClinicalGreen et al [65] • Psychoeducation
• Monitoring/tracking
• Treatment/intervention

SP, EB, ISelf-managedNot reportedResearchHeydarian et al
[66]

• Psychoeducation
• Monitoring/tracking

A, EB, ENot reportedOut-of-sessionClinicalHildebrand et al
[67]

• Psychoeducation
• Treatment/intervention

A, SP, EB, E, ISelf-managedOut-of-sessionClinicalHoffman et al [68] • Treatment/intervention
• Psychoeducation
• Monitoring/tracking

A, SP, INot reportedNot reportedClinicalKerst et al [69] • Treatment/intervention

SP, E, INot reportedNot reportedClinicalKhan et al [70] • Psychoeducation
• Monitoring/tracking
• Treatment/intervention
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APA standards
prioritized

Practitioner guided
and/or self-managed

In-session and/or
out-of-session

App purposeUse of app for re-
search or practice

Author

A, SP, EB, E, ISelf-managedOut-of-session• Treatment/intervention (cognitive behav-
ioral therapy)

• Psychoeducation (activities for depres-
sion)

ResearchLi et al [71]

SP, EB, EBothNot reported• Psychoeducation
• Treatment/intervention

ClinicalLukka et al [72]

A, SP, EB, ENot reportedNot reported• Not reportedClinicalMcGee-Vincent et
al [73]

EB, ESelf-managedOut-of-session• Monitoring/trackingResearchMedich et al [74]

A, SP, EB, E, ISelf-managedOut-of-session• Monitoring/trackingClinicalMiller et al [75]

A, SP, EB, E, ISelf-managedNot reported• Monitoring/tracking
• Treatment/intervention

ClinicalMorton et al [76]

A, SP, EB, E, ISelf-managedNot reported• Prevention/promotion
• Monitoring/tracking
• Treatment/intervention

ResearchNaccache et al [77]

A, EB, E, INot reportedNot reported• Monitoring/trackingClinicalNogueira-Leite et
al [78]

A, SP, EB, E, IPractitioner guidedBoth• Prevention/promotion
• Monitoring/tracking
• Assessment/case identification

ResearchOrengo-Aguayo et
al [79]

A, SP, EB, E, ISelf-managedOut-of-session• Prevention/promotion
• Monitoring/tracking
• Assessment/case identification

ResearchPatoz et al [80]

SP, EB, E, IBothBoth• Prevention/promotion
• Monitoring/tracking

ResearchPuhy et al [81]

A, E, IBothOut-of-session• Tracking/monitoring
• Assessment/case identification

ResearchRichards et al [82]

A, SP, EB, ISelf-managedBoth• Continuing care/relapse preventionResearchRodriguez-Villa et
al [83]

A, EPractitioner guidedBoth• Prevention/promotion
• Treatment/intervention

ResearchRothmann et al
[84]

A, SP, EB, E, ISelf-managedOut-of-session• Assessment/case identificationResearchStefancic et al [85]

A, SP, EB, E, IBothOut-of-session• Prevention/promotion
• Tracking/monitoring
• Assessment/case identification

ResearchStrodl et al [86]

A, EB, ENot reportedIn-session• Monitoring/trackingResearchWeermeijer et al
[87]

EB, E, IPractitioner guidedOut-of-session• Monitoring/trackingClinicalWu et al [88]

aA: accessibility.
bSP: security and privacy.
cEB: evidence base.
dE: engagement.
eI: interoperability.
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Studies’ Characteristics
Publications were distributed evenly across the 8-year period
of inclusion (2018-2025), with a peak in 2023 during which
32% (12/38) of included studies were published (Table 2). The
largest representation of studies was from the United States
(12/38, 32% of studies), followed by Australia (4/38, 11% of
studies), with only one or two studies across each of the
remaining 14 countries. The total number of practitioners
sampled within the retrieved studies was 1894, with sample
sizes ranging from 3 [84] to 271 [73], and 11 being the median
sample size.

The studies’aims (Table S1 in Multimedia Appendix 3) covered
a wide range of topics related to the use of mobile apps in mental
health care, with about half of the retrieved studies reporting
on clinicians’ attitudes, experiences, and their views on
acceptability and feasibility of using digital tools in mental
health care. Usability studies involved developing and testing
MHapps for a variety of conditions, with depression the most
common, followed by general mental health and multiple
disorders. Less commonly, studies focused on evaluating
specific features of mental health apps, such as mood monitoring
components, or on developing training programs for health care
professionals and assessing their digital competence. The studies
used a diverse range of methodological approaches, with the
majority using qualitative or mixed methodologies to explore
the perspectives, experiences, and needs of stakeholders
regarding the use of mobile apps in mental health care. More
than half the studies (20/38, 53% of total) were mixed methods
designs, while 12 studies (32% of total) were qualitative designs
(involving for example, focus groups, semistructured
interviews). Only 6 of the 38 (16%) studies had an entirely
quantitative design (involving cross-sectional and longitudinal
surveys or questionnaires). Several studies focused in designing
new apps and included co-design or user-centered design
approaches, which emphasized the involvement of end-users
(practitioners, clients, or both) in the development and
refinement of mobile apps.

Practitioner and Client Information
A range of mental health practitioners were represented in the
included studies (Table S1 in Multimedia Appendix 3), with
psychologists the most common (in 32 studies) and psychiatrists
the next most common (in 21 studies). Practitioner age varied
significantly across studies, with modal age ranging from <30
years to >60 years, and there were more female (40.7% to 100%
range) than male or nonbinary practitioners represented. Clients’
age ranged from 15-52 years, with the most common age range
(when reported) being adolescents and young adults (8 of the
38 studies). The majority of studies (29 of 38 studies) appeared
to include clinical samples, although reporting was at times
ambiguous. The most commonly reported mental health

conditions in the client sample were mood disorders (depression,
anxiety, and bipolar disorder), following by general mental
health conditions and multiple disorders.

App Characteristics
Less than half of the included studies (16/38, 42%) involved
practitioners’ use of apps integrated into their routine clinical
practice, rather than as part of trials or feasibility research studies
(Table 3). Almost half of the studies (18/38, 47%) explored the
use of a specific app, with 4 (11%) studies examining a toolkit
of apps (Table S1 in Multimedia Appendix 3). The remaining
studies explored practitioners’ attitudes or use of mental health
apps more generally. The majority of apps discussed across
studies were monitoring/tracking apps, followed by
treatment/intervention apps, psychoeducation, and
assessment/case identification apps (Table 3 and Figure 2A).
With regard to app functionality (Figure 2B), the majority
(25/38, 66%) of studies cited apps which had 3 or fewer of the
7 IMS-11 app functions. Most studies (33/38, 87%) reported
on apps that included a recording function, with nearly all
studies (31/38, 82%) reporting on apps that collected data from
users. The next most common function reported in studies was
informing (21/38, 55%), followed by reminding/alerting and
recording for the purpose of sharing data (each reported in 17/38,
45% of studies). The least common functions were instructing
(reported in only 6/38, 16% of studies) and intervening (reported
in 4/38, 11% of studies).

Apps were used primarily out-of-session (18/38, 47% of
studies), with 5 studies (13%) citing app use both in- and
out-of-session. Only 2 studies [63,87] focused on an app used
specifically in clinical sessions. The most common management
approach reported was self-management (12/38, 32% of studies),
with 5 studies (13%) reporting both practitioner-guided and
self-management, and 8 studies (21%) reporting
practitioner-guided only. The remainder of studies did not report
the management approach.

A total of 16 of the 38 (42%) retrieved studies indicated
practitioners’ current patterns of using apps with their clients.
In the majority of these studies (31/38, 82%), practitioners had
incorporated apps into their practice by either using them or
recommending them to clients. Patterns of use included
providing a list of apps to patients to explore, or recommending
a specific app with varying levels of instructions or follow up.
Where described, practitioner’s intentions tended to be for
patients to self-manage their health [68,75,76,83], with
follow-up or review rarely reported. In other studies,
practitioners intended to use apps in the future for their patients
[52,78]. In one study, the likelihood of prescribing apps
increased following practitioner training designed to increase
the reach of MHapps for veterans [73].
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Figure 2. Radar plots of (A) purpose of apps and (B) app functionality (IMS Institute for Healthcare Informatics functionality score [IMS-11]). Categories
prefixed with # represent the 4 subfunctions of the recording function.

Practitioners’ Prioritization of App Features Mapped
Onto APA App Quality Criteria
All 5 APA criteria were recognized as important across the
majority of studies (Table 3). The criterion most commonly
raised was engagement, cited by practitioners in 79% (30/38)
of retrieved studies. Factors of importance to practitioners
included ease of use and user-friendliness, attractive and
intuitive design, ability to personalize and customize features,
inclusion of reminders and notifications, gamification and
interactive elements, and provision of feedback and progress
tracking. For example, Li et al [71] emphasized the importance
of incorporating interaction patterns and functionalities used in
popular social media apps, such as swipe interactions and short
videos, to enhance engagement for a youth-focused app.

Similar in importance to practitioners was Interoperability, cited
in 76% (29/38) of studies, with key factors including the ability
to share data with clinicians or caregivers, integration with
electronic health records, supporting in-session and
between-session use, and compatibility with clinician workflows
and systems. For example, Wu et al [88] highlighted the
importance of apps that seamlessly integrate data into electronic
health records and support collaborative care, suggesting the
value of interoperability for practitioners.

Accessibility and evidence base were also commonly cited
criteria by practitioners (cited in 26/38, 68% and 27/38, 71%
of the studies respectively). Accessibility included factors
associated with smartphone ownership (due to technical
resources such as Wi-Fi or cost), availability on multiple
platforms, language requirements, ability to use offline or on
demand, and data storage requirements. Regarding the
importance of an evidence base, practitioners noted the
importance of including credible, reliable, and up-to-date
content; the use of validated scales and questionnaires;
alignment with clinical practice guidelines; provision of
psychoeducation; information being appropriate for specific
mental health conditions; and information about the underlying

science and research. For example, Miller et al [75] noted that
the intention to use apps in the future was influenced by
professional training, followed by scientific evidence, suggesting
the importance of an evidence base for practitioners. Security
and privacy concerns were the least frequently cited issue by
practitioners although still cited in 63% (24/ 38) of studies.
Concerns included data privacy and confidentiality, security
protocols (eg, passwords, encryption), regulations and liability
governing data access and use, and ensuring user privacy when
sharing information with clinicians or caregivers. For example,
Anastasiadou et al [53] highlighted concerns about a restrictive
health care system in Spain that limited the sharing of patient
information online, emphasizing the importance of addressing
privacy and security concerns. Given all 5 APA criteria were
raised as important across most studies, it was not possible to
discern any patterns or associations between APA criteria raised
and client or practitioner characteristics.

Other issues identified as important by practitioners beyond the
formal APA app quality evaluation model included a range of
implementation factors, such as the importance of clinician
training in using the technology to enhance familiarity and
confidence in using and recommending apps, and organizational
investment in resources and support for integrating digital
mental health into practice. Client factors were also noted,
including the potential impact of apps on therapeutic alliance
and treatment outcomes, and moderation of app utility by client
characteristics, including digital literacy, age, and motivation.

Discussion

Overview
The aim of this scoping review was to explore what is known
about the mental health practitioners’ views on integration of
smartphone apps into their practice; the factors that may
influence such integration, including practitioner and client
characteristics, app functionality and design; and reported use
of those apps in practice.
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Main Findings
Across the 38 included studies, a total of 1894 mental health
professionals participated, with sample sizes ranging from 3 to
271. The participants predominantly included psychologists
and psychiatrists, as well as a number of other mental health
practitioners, with participants being predominantly female and
mid-career based on their age range (30-39 years and 40-49
years). Practitioners worked across a range of services, from
specialized clinics (eg, eating disorders and psychosis early
intervention) to school- or tertiary-based counselling units,
demonstrating a diverse and representative sample of mental
health practitioners and services. Notably, however, more than
half (24 of the 38) of the studies had sample sizes less than 50,
and some demographic features such as age or gender, were not
reported by all studies, which limits the degree of
generalizability of views to a broader mental health practitioner
population.

From the demographic information included, the participants
appear to be predominantly experienced and qualified
practitioners actively involved in mental health services.
Practitioners’ clients across the included studies ranged from
children to adolescents and adults, predominantly from clinical
settings and presenting with a range of mental health issues,
most commonly mood and anxiety disorders. This is consistent
with the prevalence of those mental health conditions in both
clinical and community populations, which have further
increased post the COVID-19 pandemic [2]. The increased
prevalence of those common conditions continues to challenge
limited health services, access and continuity of care and
practitioners’ ability to meet the needs of growing number of
clients. The consistency in the mental health conditions in the
population, and those identified in this review of practitioners
who are exploring smartphone apps in their practice, is therefore
promising for alignment of support demand and practitioner
readiness for integration of digital tools into their practice.
Therefore, smartphone apps offer a viable add-on resource and
a self-directed mental health support.

However, much of the current literature on the use of
smartphone apps in mental health care is predominantly focused
on the development of such apps and exploration of perspectives
of both practitioners and clients on their usability rather than
on actual usage patterns or clinical effectiveness. This aligns
with recognition of the importance of co-designing apps to
engage end users (which can be both practitioners and clients),
and better understand their needs and preferences [22]. Across
the 38 studies, about half reported app use out-of-sessions, or
in- and out-of-session, with only 2 out of 38 reporting in-session
use only. It therefore appears that while the use of apps is
recognized by practitioners as potentially helpful to their clients,
the actual use remains consistent with stepped-care models of
mental health care, in which digital technologies are regarded
as best suited for self-managed, low-intensity support [12,89]
rather than as part of an integrated in-session care plan. This is
understandable, given that the primary focus of the apps
included across those studies was on well-being promotion,
tracking/monitoring, psychoeducation, early intervention, and
assessment monitoring, as well as their capacity to collect,
record, and inform. In contrast, about one-third of studies

reported using apps within the higher-intensity range of
treatment/intervention or continued care/relapse prevention
functions, with few apps offering “instructing” or “intervening”
functions. Interestingly, however, the proportion of apps offering
these higher-intensity support options appears to be increasing,
with the proportion doubling from 17% to 34% in the final year
covered by this review. Most apps remain limited in the scope
of their functionality, offering 3 or fewer functions. Apps that
offer a greater multifunctionality in their design are more likely
to be useful to client-practitioner sessions [36], suggesting a
need for broader spectrum, “all-in-one” apps.

Despite previous literature suggesting practitioner-guided apps
are more effective than self-managed or “stand-alone” apps
[16,25), the studies identified in this review focused more on
self-management apps. The majority of studies (17/38, 45%)
included self-management apps, with 32% (12/38) entirely
stand-alone. While there is currently still limited evidence of
effectiveness for stand-alone apps [16], this delivery mode may
be of greater interest to practitioners given the persistent high
demand for their services [90]. Self-management apps also align
with models of health care that aim to empower patients to
participate more in the management of their own health [91].
This is despite some reports that involvement of practitioners
in client use of mental health apps aids effectiveness of those
apps in comparison to self-managed or stand-alone app use
[26,27]. There is, however, a need for research to capture what
that involvement looks like and to what degree it facilitates the
effectiveness of the app and its contribution to the clinical
sessions. Practitioners are more likely to recommend apps
(whether used in- or out-of-session) if there is clear evidence
of how their involvement and the client’s use of the app
contributes to the clinical care outcomes.

Given that the majority of mental health apps do not meet all 5
standards outlined by the APA evaluation model [37], it is
understandable that their use by mental health practitioners is
still at a potential rather than actual and evidence-based stage.
Notably, across the 38 studies reviewed, practitioners raised the
importance of app features consistent with those 5 APA
standards, indicating an informed position in their considerations
of suitability of apps for integration into mental health care. It
is notable that engagement and interoperability were most
commonly identified by practitioners as important. Practitioners’
awareness of the need for an engaging user experience is
promising, given its critical role in compliance and sustainability
of use [9,92,93]. Similarly, the importance of data sharing is
consistent with digital tools being used as an adjunct rather than
alternative to professional care, and providing practitioners with
information that may contribute to their in-session interactions
with the client [44,94]. Integration of assessment and monitoring
data into electronic records may also provide new insights which
may not be possible with more manual recording of less regular
data points. It is also promising that an evidence or clinical base
for apps was reported in 71% (27/38) of studies. This reflects
an awareness that mental health apps need to be credible and
developed by trusted sources, and for the function and outcomes
of the app to be aligned through systematic evaluation. In this
context, it is of concern that the majority of mental health apps
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available publicly lack sufficient evidence or clinical support
for their effectiveness [15,95].

Security and privacy and accessibility were each also reported
across the majority of studies. The importance placed on security
and privacy demonstrates practitioners’ awareness of the
importance of ethical management of digital patient records
[96]. The equally high importance of accessibility reflects
practitioners’ awareness that mental health apps must be
designed and distributed in a way that does not exclude any
sociodemographic groups, and encourages uptake and sustained
use for all. Among the other criteria raised by practitioners
beyond the APA model, the need for organizational support in
training and technical resource support was a commonly
reported concern. Implementation of training modules has been
effectively demonstrated to enhance knowledge and confidence
of mental health practitioners about using apps [73]. However,
training on digital mental health options for practitioners remains
limited [97]. These are important practical considerations in
facilitating progression from potential to actual use of apps in
clinical settings and should be considered for all mental health
staff working within clinical settings.

To progress the integration of mental health apps into clinical
sessions, it may be informative to understand the context of
clinical sessions that include assessment, formulation, treatment
plan, monitoring of progress, and self-directed tasks between
sessions. In addition, it would be helpful to include information
on which APA standards a mental health app meets in app
stores, or some other mental health register, to assist selection
for a particular client with a particular mental health condition.
Without a closer alignment between what may aid sessions and
a client’s in- and out-of-session support, self-development- and
psychoeducation, there may be too many apps for practitioners
to choose from without a clear sense of how useful those apps
may be or how to measure their add-on effectiveness.

Overall, the 38 studies included in this review provide an
informative understanding of what practitioners consider
important in the design and function of mental health apps if
they were to use or integrate their use into their clinical sessions.
Further research is required to capture what that use may look
like in practice and whether using particular apps provides
additional benefit to the clinical session and the therapeutic
output, or provides support in between sessions that may
otherwise be lacking. Given the constrains of limited mental
health services, anything that may be added to the sessions’
content (ie, review of app-collected data) or between sessions
(ie, client and practitioner’s engagement with the app) must
have a clear add-on clinical value.

Limitations
Limitations across studies include small sample sizes, limited
demographic and descriptive information, overrepresentation
of studies from the United States and early adopters of
integration of apps into clinical practice, which means that the
findings across those studies may not be generalizable to broader
populations of practitioners. Further, the studies included in this
scoping review were inclusive of studies exploring both views
of potential and actual integration of apps into practice and
therefore cannot provide indication of prevalence of use. While

some of the studies have provided indication of factors that may
influence integration, or not, of apps into clinical practice, this
is an area that requires further research across broader
practitioners’ representation. Further, real-world factors relating
to successful integration of apps into practice—such as patient
acceptability, organizational culture around adoption, and
resourcing and feasibility of sustained use—were not within
the scope of this review [22,98].

This review also focused on mental health professionals only
to contain the scope of practice. A similar review could be
undertaken with other health professionals who work with
mental health issues in a different therapeutic context (eg,
general practitioners, nurses, and other allied health
practitioners), which may reveal different uses of available apps.
The quality of included studies was also not assessed, as this
was a scoping, not a systematic, review and therefore relied on
descriptive rather than evaluative presentation of those studies.

Future Directions and Recommendations
Notwithstanding these limitations, the 38 studies offer an
overview of several useful mental health apps that could be
integrated into clinical practice, ranging from between-session
monitoring/tracking data to interactive relapse prevention apps
that may provide useful between-session engagement and
within-session progress-informing data. This scoping review
has identified that practitioners are interested in the use of
low-intensity support apps outside of sessions, which is aligned
with the stepped-care model and 2 key points: addressing
support gaps between sessions, which are critical to retention
and relapse prevention; and empowering clients to self-manage
some aspects of their health.

As a way forward, it is recommended that the potential use of
some apps be explored in a clinical setting using well-structured
experimental designs to assess suitability, usability, and
effectiveness of those apps beyond their potential and ad hoc
use. A good starting point may be integrating the use of apps
outside of sessions, with a review of their use, clients’
perceptions of usefulness, and, where relevant, review of data
during sessions, similar to the common practice of giving clients
homework (eg, new skills to practice, daily mood-monitor
sheets, or behavior tracking).

For practitioners who would like to use mental health apps, it
is recommended that they base their selection of apps on the
APA standards as a starting point, focusing on apps that align
with particular aspects of a client’s care plan (eg, relaxation for
anxiety or daily pleasant activities for mood), and then determine
how they may like to integrate them in their clinic sessions (eg,
for psychoeducation or monitoring symptoms). Some
practitioners may find reviewing apps against the APA standards
relatively straightforward, especially if they are comfortable
users of digital technology. Others, however, may require some
support, given that there is a large variation in digital
competencies, with many having low awareness and knowledge
[59,68,69] and confidence in suggesting apps to their clients
[76]. It is therefore recommended that educational training
modules or workshops are developed to inform use of mental
health apps in practice, starting with low-intensity app selection
for use between session to high-intensity apps for within sessions
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for more advanced digital technology-user practitioners. Such
training needs to address commonly raised concerns by both
practitioners and clients, including accessibility, safety, and
potential side effects [80], and build practitioners’ self-efficacy
in the use of apps with their clients [76]. An implementation
science lens [22,99] would be useful to extend this review into
consideration of factors that support successful integration of
mental health apps into practice.

Conclusion
This scoping review has provided valuable insights into mental
health practitioners’ perspectives on integrating smartphone
apps into their practice. The findings reveal that practitioners
are interested in the capabilities of these digital tools,
particularly for self-management and out-of-session support,
aligning with stepped-care models of mental health care. The
use of mental health apps is an untapped resource that can
support both practitioners and clients in improving engagement
and implementation of care plan strategies [86] and a reciprocal
responsibility for mental health management [82]. This may be
particularly relevant for practitioners who are regular uses of
digital technologies and who can be at the forefront of apps
integration into practice, as well as practitioners whose clients
are highly engaged with technology as a health self-management
resource. However, the actual integration of apps into clinical

practice remains limited, with practitioners emphasizing the
importance of app features such as interoperability, security,
privacy, engagement, and accessibility. This review highlights
a gap between consideration and actual use of mental health
apps in clinical settings, suggesting a need for further research
to explore the practical implementation and effectiveness of
these tools in therapeutic contexts. To facilitate the adoption of
mental health apps in clinical practice, it is recommended that:

• Practitioners base their app selection on established
standards, such as those outlined by the APA.

• Educational training modules or workshops be developed
to enhance practitioners’ digital competencies and
confidence in using apps with clients.

• Well-structured experimental designs be used to assess the
suitability, usability, and effectiveness of apps in clinical
settings.

• App developers and researchers work toward aligning app
functionalities more fully with a range of therapeutic needs
and contexts.

As the field of digital mental health continues to evolve, ongoing
collaboration between practitioners, researchers, and app
developers will be crucial in realizing the full potential of
smartphone apps as valuable adjuncts to traditional mental health
care.
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Abstract

Background: Patient safety incidents are a leading cause of harm in psychiatric settings, yet early warning systems (EWS)
tailored to mental health remain underdeveloped. Traditional risk tools such as the Dynamic Appraisal of Situational
Aggression–Inpatient Version (DASA-IV) offer limited predictive accuracy and are reactive rather than proactive.

Objective: We introduce the Predictive Risk Identification for Mental Health Events (PRIME) tool, a deep learning–based EWS
trained on longitudinal psychiatric electronic medical record (EMR) data to anticipate adverse events in 24-hour windows.

Methods: A retrospective cohort study using routinely collected EMR data to train and validate machine learning (ML) models
for short-term risk prediction was conducted. This study took place at Waypoint Centre for Mental Health Care, a large inpatient
psychiatric hospital in Ontario, Canada, serving both high-security forensic and nonforensic patient populations. A total of 4651
patients and 403,098 encounters from January 2020 to August 2024 were included. For model evaluation, the 2024 test set included
900 patients and 48,313 encounters. PRIME was trained using recurrent neural networks with attention mechanisms on multivariate
time-series data. The model used an autoregressive design to forecast risk based on 7 days of prior patient data and was benchmarked
against the DASA-IV clinical tool and other ML baselines. The primary outcome was the occurrence of an adverse mental health
event recorded in the EMR within the following 24 hours. Model performance was assessed using area under the receiver operating
characteristic curve (AUC) and recall, alongside subgroup analyses and interpretability assessments using integrated gradients.

Results: The long short-term memory with attention mechanism achieved the highest predictive performance (AUC=0.83),
outperforming existing tools such as DASA-IV by 0.20 AUC (0.81 vs 0.61) and demonstrating the potential of ML-based models
to support proactive risk management in mental health settings.

Conclusions: The PRIME tool is one of the first developed and evaluated deep learning–based EWS for psychiatric inpatient
care. By outperforming existing clinical tools and providing interpretable, rolling predictions, PRIME offers a pathway toward
safer, more proactive mental health interventions. Future work should assess its equity implications and integration into routine
psychiatric workflows.
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Introduction

Patient and staff safety are top priorities in health care, yet
patient safety incidents remain the third leading cause of death
in Canada [1]. Many of these incidents stem from adverse events
such as falls, medication errors, and medical complications [2].
A recent study found that 1 in 4 hospital admissions involved
adverse events, with a quarter of these deemed preventable [3].
While all health care settings face safety risks, psychiatric
environments present a distinct set of challenges, including
suicide, restraint, and seclusion—events that contribute to
continued deterioration and injury [4,5]. Despite a higher
prevalence of adverse events in mental health, research on
patient safety and mental deterioration–related adverse events
in these settings remains limited compared to other medical
fields [6,7].

These incidents not only worsen patient outcomes but also
increase risks for staff [8]. Worldwide, approximately 24% of
health care workers experience physical violence annually, with
psychiatric staff at particularly high risk [9-11]. Reducing
adverse events through assessment and prediction is crucial for
improving staff and patient safety.

Current methods for assessing patient deterioration rely heavily
on voluntary reporting, critical incident reviews, and clinician
judgment [12]. While actuarial tools such as the Dynamic
Appraisal of Situational Aggression and the Brøset Violence
Checklist are also used, these 2 primarily target short-term
aggression and violence prediction, and they have shown limited
predictive accuracy and tend to miss early warning signs [13,14].
As a result, many opportunities for timely intervention are lost,
especially in high-risk but low-observable cases with early signs
of deterioration that are not easily detected. Additionally, there
are other widely validated measures for more specific feature
prediction, such as the Historical, Clinical, and Risk
Management, also used for violence risk assessment; the
Columbia Suicide Severity Rating Scale for the assessment of
suicidal ideation and behavior; and many other risk assessment
tools [15,16]. We focused on both the Dynamic Appraisal of
Situational Aggression and Brøset Violence Checklist measures
as they are 2 of the most widely validated and routinely
implemented structured risk assessment tools in inpatient
psychiatry [17].

Early warning systems (EWSs) are widely used in medicine,
leveraging routinely collected clinical data to detect early signs
of patient deterioration. Tools such as the National Early
Warning Score 2 have been effectively implemented in acute
care settings to support timely interventions [18-20]. At the
same time, machine learning (ML) is transforming risk
assessment by enabling the analysis of large-scale,
high-dimensional health care data [21-23]. Predictive ML
models are developed using historical patient records combined

with expert input to train, test, and refine algorithms for higher
performance and clinical relevance [24,25]. Compelling
examples include CHARTWatch, developed to predict inpatient
deterioration in general internal medicine, and Sepsis Watch,
designed to identify patients at risk of sepsis before clinical
recognition [26-28]. However, psychiatric care has not seen
comparable innovation, in part due to the complexity of mental
health data, lack of validated digital tools, and
underrepresentation of psychiatric settings in EWS research.

To address this gap, we introduce a novel ML-based EWS, the
Predictive Risk Identification for Mental Health Events (PRIME)
tool. The PRIME tool is a deep learning–based EWS leveraging
longitudinal electronic medical record (EMR) data from a
specialized psychiatric hospital. The goal of the PRIME tool is
to predict mental health–specific adverse events, including but
not limited to self-harm, suicide attempts, violence toward
others, and aggressive behaviors (Multimedia Appendix 1).
PRIME is trained to predict the likelihood of these adverse
events within 24-hour windows using autoregressive recurrent
neural networks enriched with attention mechanisms and
interpretability via integrated gradients. Unlike traditional tools,
PRIME is capable of continuous, real-time risk forecasting even
in the absence of prior incidents. We benchmarked PRIME
against Dynamic Appraisal of Situational Aggression–Inpatient
Version (DASA-IV) and other ML models, and it demonstrated
superior performance, particularly in complex and high-risk
subgroups.

Through this study, we aimed to move beyond reactive safety
practices toward proactive, data-informed risk mitigation in
mental health care, advancing both patient and staff safety in a
setting long underserved by digital innovation.

Methods

Study Design and Data Acquisition
In this study, we used routinely collected clinical data extracted
from the EMR at Waypoint Centre for Mental Health Care
(hereafter referred to as “Waypoint”), Ontario, Canada. We
retrospectively retrieved data from all patients at Waypoint
between January 2020 and August 2024, including static and
dynamic variables (Multimedia Appendix 1).

Ethical Considerations
This study was approved by the York University Office of
Research Ethics (certificate e2023-163) and the Research Ethics
Board of Waypoint Centre for Mental Health Care (reference
#RCRA#23.08.01) with waived informed consent. The Research
Ethics Board waived the need for informed consent since the
data was retrospectively collected in routine practice.
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Data Representation and Processing
First, we conducted a literature review to identify factors widely
associated with mental health deterioration and adverse events.
We collaborated with clinicians, physicians, clinical informatics
specialists, and the research team to review these factors and
select the variables within our EMR (Multimedia Appendix 1).
The baseline data preprocessing included one-hot encoding and
normalization of all measures. We implemented a standardized
aggregation strategy to address the variability in time-series
data arising from differing measurement frequencies, where
some clinical parameters were recorded daily and others were
recorded multiple times per day. These factors encompassed a
range of clinical and behavioral variables in the following
categories: inpatient admission assessments that included
demographic and diagnosis data, clinical risk assessments,
physiological data, recent behavioral data, and mental status
assessment data (Multimedia Appendix 1). Patient encounters
were segmented into 24-hour intervals, aligning with clinical
workflows that typically operate on daily cycles for alerts.
Within each interval, all measures were aggregated to provide
a comprehensive snapshot of patient health over the specified
time frame. Numerical variables were averaged across the
interval, whereas categorical variables were first encoded
numerically based on severity or clinical importance and then
summed within the 24-hour period.

We collected admission diagnosis data based on the Diagnostic
and Statistical Manual of Mental Disorders, Fifth Edition,
selecting the 45 most frequent diagnoses across all patients to
prevent overfitting. Medication data included our patient group’s
5 most relevant categories, each represented as a binary indicator
denoting whether it was administered within the previous 24
hours (Multimedia Appendix 1).

The primary outcome in our study was the occurrence of any
mental health adverse event. For our prediction task, each patient
encounter was labeled based on whether a logged adverse event
in the EMR system occurred within the following 24-hour bin.
This binary label (event vs no event) was used as the target
variable for PRIME training. Moreover, prior adverse events
in the previous 24-hour intervals were also dynamically added
to future intervals, referred to as the history of any incident.

Building the PRIME Model
To improve psychiatric-medical baselines, we designed a deep
learning–based EWS. Specifically, we developed recurrent
neural networks using the long short-term memory (LSTM)
model that triggered an alert every 24 hours based on a variable
sequence length (3-7 days) of patient data, treated as a
hyperparameter. During training, the ground truth history of
each adverse event was provided for every 24-hour interval in
the model. In the inference phase, the model operated in an
autoregressive mode: it used its own predicted output for the
previous 24-hour window as an input signal for the next
prediction step. To enhance the model’s ability to focus on the
most relevant temporal signals within the input sequence, we
further explored an LSTM model with attention mechanisms
(LSTM+attention). In this variant, an attention layer was added
to the LSTM hidden states Multimedia Appendix 2. For each
24-hour prediction interval, the attention mechanism

dynamically assigned weights to each time step in the historical
input sequence, allowing the model to selectively focus on the
most informative data that contributed to the risk signal.

We also evaluated our model against 2 ML approaches: light
gradient boosting machine (LightGBM) and feedforward neural
network (FNN). All time-series features were aggregated over
3 to 7 days using the same methodology applied to 24-hour
intervals. Predictions were then made for the next 24-hour
interval, allowing for consistent model evaluation and direct
comparison across different sequence lengths to identify the
best-performing approach. To support robust evaluation and
model selection, the dataset was first partitioned into two distinct
test sets: (1) a held-out patient test set with no patient overlap
between the development (3000 patients) and the test sets (751
patients) and (2) an out-of-time test set split across time using
2020 to 2022 data for training and 2023 data for testing.

Once the model selection was finalized, we performed a final
training phase using all data from 2020 to 2023 to build PRIME.
This final model was then evaluated on 2024 data to assess
real-world applicability. Model calibration was assessed on the
2024 evaluation cohort using reliability (calibration) curves and
the Brier score [29,30]. Reliability curves were generated using
10 uniformly spaced probability bins plotting the mean predicted
risk against observed outcome frequency within each bin. The
Brier score was computed as the mean squared difference
between predicted probabilities and observed binary outcomes,
providing a quantitative measure of overall probabilistic
accuracy.

To explore the factors driving PRIME’s predictions, we used
integrated gradients to compute feature importance in our LSTM
model by computing the path-integrated gradients from the
input to the actual output [31]. To quantify uncertainty, gradients
were bootstrapped over 100 resampled datasets.

Comparison With Clinical Measures
We compared PRIME’s predictive performance against that of
the DASA-IV, a standardized tool used at our hospital to
evaluate risks of aggression [32]. The PRIME tool’s predictions
included all mental health–specific adverse events recorded in
the hospital’s incident log (Multimedia Appendix 1). DASA-IV
includes 7 items assessing behavioral indicators (ie, irritability,
negative attitudes, and verbal threats), each scored as 0 (not
observed) or 1 (observed), with a total score categorized as low
(0-1), moderate (2-3), or high (>3) [33,34]. To align DASA-IV
with PRIME’s binary classification, we restructured the risk
categories. Moderate and high risk were grouped as “at risk”
(positive prediction), whereas low risk was grouped as “no risk”
(negative prediction). PRIME is designed to predict a broader
range of mental health–specific adverse events, whereas
DASA-IV is limited to aggression-related incidents and
deterioration. Our goal was to compare the PRIME tool with
the current validated tool used in clinical practice. This allowed
us to compare DASA-IV’s performance against PRIME’s
predictions and the ground truth outcomes recorded in patient
encounters.
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Results

Cohort Characteristics
The dataset encompassed 4651 patients and 403,098 patient

encounters over 55 months. The demographic characteristic
distribution of the patient cohort is presented in Table 1. For
the evaluation of the best-performing ML model and comparison
against clinical baselines, we used data from 2024, with detailed
breakdowns provided in Table 1.

Table 1. Cohort characteristics and dataset splits used for model development and evaluation. After final model selection, the full dataset from 2020
to 2023 (model development) was used to train the Predictive Risk Identification for Mental Health Events, which was evaluated using 2024 (model
evaluation) data to assess real-world performance.

Model evaluation
(2024)—evaluation
set (48,313)

Model development (2020-2023)

Out-of-time patientsHeld-out patients

Test set (95,528)Development set
(259,257)

Test set (73,763)Development set
(281,022)

Data split (number of patient
encounters)

900 (100)1202 (29.7)2851 (70.3)751 (20)3000 (80)Patients, n (%)

January 1, 2024, to
August 19, 2024

January 1, 2023, to
December 31, 2023

January 1, 2020, to
December 31, 2022

January 1, 2020, to
December 31, 2023

January 1, 2020, to De-
cember 31, 2023

Period

134.99 (117.83)336.90 (390.40)708.04 (676.56)530.41 (654.51)629.22 (632.67)LOSa, mean (SD)

Sex, n (%)

235 (26.05)310 (25.75)845 (29.63)231 (30.81)839 (27.98)Female

633 (70.37)842 (70.05)1912 (67.08)502 (66.82)2045 (68.17)Male

32 (3.58)50 (4.20)94 (3.29)18 (2.37)116 (3.85)Other

Sexual orientation, n (%)

541 (60.14)699 (58.15)1833 (64.31)472 (62.90)1878 (62.59)Heterosexual

359 (39.86)503 (41.85)1018 (35.69)279 (37.10)1122 (37.41)Other

Race, n (%)

73 (8.10)109 (9.03)224 (7.85)36 (4.73)273 (9.10)Black

19 (2.13)23 (1.92)63 (2.21)18 (2.45)61 (2.05)First Nations

570 (63.28)763 (63.49)2000 (70.15)572 (76.20)1987 (66.23)White

238 (26.49)307 (25.57)564 (19.78)125 (16.62)679 (22.62)Other races

Incident prevalence

2106362510,688256911,744Total number of incidents

266342766209762Patients, n (%)

aLOS: length of stay in days.

Adverse event distribution per individual varied across the
sample of patients between 2020 to 2024. When grouping the
number of patients by the frequency of adverse events they
experienced during their hospital stay, there is a decrease in the
number of patients who experience a high count of adverse
events. Most patients experienced few or no adverse events:
69.9% (3251/4651) had no incidents, and 12.6% (587/4651)
experienced up to 2 incidents. A total of 7.4% (344/4651) of
the patients had between 3 and 16 events, with a median of 14.5
(IQR 14.25). A smaller group of 162 patients experienced
between 17 and 83 incidents, most of whom (n=42, 25.9%) had
between 17 and 20, whereas only 22 (13.6%) had more than 83
events. As incident frequency increased, cohort size decreased.
The mean number of adverse events across the sample was 2.85,
whereas the mode and median were both 0, highlighting the
skewed nature of the data. This imbalance is important to
consider as it affects how the model learns from the hospital’s

patient population, with most of the training data representing
patients with few or no incidents.

PRIME’s Predictions
Table 2 presents the performance comparison of the 4 ML
models: light gradient boosting (LightGBM), feedforward neural
network (FNN), LSTM, and LSTM+attention. Each model was
trained multiple times using different random seeds, and
performance metrics were averaged across runs to ensure
robustness. Given the imbalanced nature of the dataset, model
performance was evaluated using the area under the receiver
operating characteristic curve (AUC) and recall. The
LSTM+attention model consistently achieved the highest
performance, with an AUC of 0.87 for held-out patients and
0.72 for out-of-time patients Multimedia Appendix 3. We
selected the LSTM+attention model as the final architecture for
PRIME (Table 2).
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Table 2. Performance comparison of 4 machine learning models evaluated using area under the receiver operating characteristic curve (AUC) and
recall. Metrics were averaged across multiple runs with different random seeds to ensure robustness.

RecallAUCCategory and subcategory

Model selection, mean (SD)

Held-out patients

0.02 (0.009)0.51 (0.004)LightGBMa

0.05 (0.011)0.52 (0.005)FNNb

0.75 (0.02)0.87 (0.002)LSTMc

0.74 (0.04)0.87 (0.002)LSTM+attention

Out-of-time patients

0.04 (0.003)0.52 (0.002)LightGBM

0.08 (0.03)0.54 (0.01)FNN

0.72 (0.01)0.84 (0.01)LSTM

0.75 (0.02)0.85 (0.01)LSTM+attention

PRIME’sd performance

Sex

0.360.83Male

0.290.84Female

0.230.87Intersex

Race

0.160.69 eBlack

0.160.8First Nations

0.380.84White

0.270.81Other racial identities

Sexual orientation

0.340.82Heterosexual

0.340.84Other

Program type

0.340.83Regional (nonforensic)

0.270.8Provincial (forensic)

Age group (years)

0.320.8118-65

0.380.81≥65

0.30.81All

aLightGBM: light gradient boosting machine.
bFNN: feedforward neural network.
cLSTM: long short-term memory.
dPRIME: Predictive Risk Identification for Mental Health Events.
eItalicization indicates significance.

For the evaluation using the dataset from 2024, with 48,313
encounters and 2106 recorded adverse events, PRIME achieved
an AUC of 83% (Table 2). The performance varied within and
across subgroups, with AUC ranging from 0.69 (Black patients)
to 0.87 (intersex patients), indicating potential biases favoring
larger, more represented groups within the sample data. Across

racial subgroups, AUC differed by 14%; across sex subgroups,
AUC varied by 5%; across sexual orientation subgroups, AUC
varied by 2%; across program types, AUC differed by 4%; and,
across age groups, AUC variation was minimal (<1%).

Calibration analysis demonstrated that PRIME produced
well-aligned risk estimates. The reliability curve closely
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followed the identity line across predicted probability bins
(Multimedia Appendix 4), indicating good agreement between
predicted and observed event rates. The model achieved a Brier
score of 0.036 on the evaluation set, reflecting strong overall
calibration performance given the low event prevalence.

Feature importance was aggregated across time steps and
encounters and summarized at the feature level (Figure 1).
Integrated gradient attributions were bootstrapped over 100

resampled evaluation datasets, with the resulting variability
visualized as error bars. Ranking stability was assessed using
Spearman correlation, demonstrating near-perfect robustness
(ρ=0.99, –0.0001 to +0.0001). Among the 40 features included
in PRIME, the top 16 predictors accounted for approximately
80% of the model’s total importance, reflecting a diverse
combination of demographic, medical, and psychosocial factors
that drive risk prediction.

Figure 1. Feature importance across distinct categories in the PRIME model: (A) Demographic features including gender, race, and sexual orientation;
(B) Clinical assessment features such as mental status indicators and functional assessments; (C) Clinical diagnoses including major psychiatric conditions,
including schizophrenia diagnosis; (D) Clinical variables related to adverse events, incident history, and hospital stay duration; (E) Medication-related
features, including mood stabilizers and antipsychotics; and (F) Vital signs, including pulse, blood pressure, and oxygen saturation.

When further analyzing feature contributions within specific
categories, demographic factors (Figure 1A) and indicators,
with heterosexual sexual orientation and male sex showing the
largest individual contributions, followed by other sexual
orientation categories and female sex. Race-related variables
and age demonstrated comparatively smaller effects. From the
clinical assessments (Figure 1B), meal tolerated (ADL), risk
assessment (MSA) and uninterrupted sleep (ADL) were

identified as important contributors. In the category of clinical
diagnoses (Figure 1C), schizophrenia and schizoaffective or
bipolar disorder emerged as the most significant predictors.
Among clinical variables (Figure 1D), length of hospital stay
emerged as the most influential contributor, followed by history
of past incidents and adverse events in the previous 24 hours.
In the medication category (Figure 1E), the other medications
category exhibited the largest overall contribution, followed by
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antipsychotics and antidepressants, with mood stabilizers and
anxiolytics contributing more modestly. Finally, among vital
signs (Figure 1F), features such as pulse, blood pressure, and
oxygen saturation met the 0.90 cumulative importance threshold,
although their influence remained relatively modest.

Comparison With the Standardized Risk Assessment
Tool DASA-IV
PRIME demonstrated a 0.2 AUC improvement over the
DASA-IV assessment tool when assessed on the 2024 evaluation
dataset, with PRIME achieving an AUC of 0.81 compared to
DASA-IV’s AUC of 0.61 (Multimedia Appendix 5). To further
assess PRIME’s performance across different patient groups,

we analyzed its effectiveness based on the historical incidence
of adverse events for each individual in the training dataset
(previous adverse event history). Figure 2 illustrates the
performance differences between PRIME and DASA-IV across
various patient groups, where each group is defined by the
number of adverse events recorded in both the training (past)
and evaluation (future) datasets. To examine the model’s
performance compared to that of DASA-IV, we defined
subgroups based on all the unique combinations of adverse
event occurrences observed in the training and test datasets.
This yielded 63 unique subgroups representing different patterns
and combinations of past and future incident frequencies across
the datasets.

Figure 2. Difference in AUC ROC performance scores (Delta AUC = ML AUC ROC - DASA AUC ROC). A positive delta AUC indicates the ML
model outperformed DASA for that specific cohort group. A negative delta AUC indicates DASA outperformed ML for that specific cohort group.
AUC: area under the receiver operating characteristic curve; DASA: Dynamic Appraisal of Situational Aggression; ML: machine learning; ROC:
receiver operating characteristic curve.

The PRIME tool significantly outperformed DASA-IV in 40
of the 63 subgroups (Wilcoxon test; P=.007). For individuals
with no prior incidents in the training set but up to 58 total
incidents in the evaluation period (Figure 2A), PRIME achieved
an AUC of 0.62, whereas DASA-IV achieved an AUC of 0.50.
For individuals with up to 10 incidents in the past and up to 23
in the future (Figure 2B), DASA-IV outperformed PRIME in
cases in which individuals had 1, 2, or 5 future incidents.
However, PRIME outperformed DASA-IV in the remaining 4
subcategories within this range. For individuals with moderate
incident frequency (11-99 past incidents), PRIME outperformed
DASA-IV in 11 of the 19 groups (Figure 2C). Among
individuals with frequent incidents (>100 past incidents),
PRIME outperformed DASA-IV in 4 of the 5 subgroups (Figure
2D). Notably, PRIME’s performance was better in edge cases
in which individuals had a high number of past incidents but
only 1 in the future.

Discussion

Despite the growing number of adverse events in mental health
settings, deep learning tools that leverage routinely collected
EMR data to predict patient deterioration remain limited. Our
model, PRIME, represents a first-of-its-kind approach tailored
specifically to psychiatry and demonstrated strong predictive
performance, achieving an AUC of 0.83. Leveraging
autoregressive LSTM with attention mechanisms, PRIME
operates in a rolling prediction mode, enabling 24-hour forecasts
even in the absence of recent incident data. Notably, the history
of prior incidents emerged as one of the most informative
features, reinforcing the predictive value of temporal continuity
in patient risk trajectories. Furthermore, the inclusion of patients
from both forensic and nonforensic acute care programs
contributes to the model’s generalizability across diverse mental
health populations. The strong calibration performance observed
for PRIME is particularly important for clinical deployment,
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where accurate probability estimates are essential for risk
stratification and decision support. Well-calibrated predictions
enable clinicians to interpret PRIME scores as meaningful risk
estimates rather than solely as ranking signals.

Currently, no ML-based predictive alerting tools are deployed
in mental health settings. Instead, clinicians rely on actuarial
tools such as DASA-IV to assess risks related to violence and
aggression [35]. On the same dataset, PRIME outperformed
DASA-IV (AUC=0.83 vs 0.61). While DASA-IV has reported
AUCs between 0.61 and 0.82 in other studies, it is important to
note that PRIME and DASA-IV target different outcomes [36].
PRIME captures a broader spectrum of deterioration events,
including suicide, self-harm, and clinical decompensation,
whereas DASA-IV is limited to aggression-related outcomes.
The lower AUC for DASA-IV in our dataset likely reflects these
differences in scope. Nonetheless, PRIME’s ability to deliver
significantly stronger performance across a wider range of
adverse events underscores its versatility and robustness. In
clinical practice, focusing solely on aggression is insufficient;
risks of suicide and self-harm are equally critical. By
encompassing a more comprehensive set of risks, PRIME
provides clinicians with a holistic and actionable risk assessment
framework, supporting earlier and more effective interventions.
PRIME also showed strong performance even in patients with
no prior recorded incidents, addressing a critical limitation of
traditional tools that rely heavily on observable behavior or
clinician judgment.

The feature “adverse event in the past 24 hours” emerged as
one of the predictors of future deterioration, consistent with
findings from acute care settings where recent clinical instability
is a key driver of risk. Similar patterns have been observed in
inpatient deterioration models, where temporal proximity to
prior events significantly enhances predictive accuracy [37,38].
Beyond clinical history, our results indicate that a wide array
of features, including demographic variables, mental status
assessments, clinical diagnoses, medications, and vital signs,
contribute meaningfully to risk prediction. This
multidimensional pattern aligns with emerging work suggesting
that accurate prediction of psychiatric outcomes requires
integrating different types of structured medical data and
psychosocial factors [39-41]. Overall, these findings underscore
the importance of using holistic patient representations to
capture the complex drivers of risk in mental health, a direction
that has been underexplored in existing ML applications in
psychiatry.

A limitation of this study, as previously noted, is the
underrepresentation of certain demographic subgroups, which
affected the model’s predictive performance. We observed up
to an 18% variation in AUC across subpopulations, indicating
disparities in performance. Notably, the model was less accurate
for 2 racial subgroups: Black and First Nations individuals, with
AUC scores 14% and 3% lower, respectively, than those for

the overall model performance. Additionally, both groups had
a recall of 0.16, which was lower than that of all other
subgroups, suggesting a higher rate of false negatives and an
undercalling of risk. These disparities likely stem from the low
representation of these groups in the dataset, with Black
individuals comprising less than 10% (309/3751) of the sample
in the training set and less than 10% (73/900) in the evaluation
set. Similarly, First Nations individuals comprise less than 3%
(79/3751) in the training set and less than 3% (19/900) in the
evaluation set. Furthermore, this study did not assess the
intersectional effects, such as whether the demographic factors
had any effect or potential differences between the forensic and
nonforensic programs. These represent important assessments
for future work to further evaluate whether predictive models
such as PRIME are unbiased and generalizable across different
clinical settings and patient populations.

Additionally, while the PRIME tool demonstrated high
predictive performance, the complexity that is inherently present
in deep learning models may limit clinical interpretability.
Ensuring clinician confidence and understanding of the model’s
prediction is critical for successful implementation. Ongoing
monitoring and evaluation of PRIME are needed to assess its
real-world performance and potential biases.

Future work will evaluate the utility, feasibility, and efficacy
of the PRIME tool in real-world clinical settings. This future
work will also focus on mitigating the previously mentioned
biases through bias-aware data augmentation and fairness-aware
learning algorithms (eg, adversarial debiasing) to improve
representation across subgroups [42-44]. Piloting the PRIME
tool in a live clinical setting is the next step in validating its
performance and efficacy and informing the next steps toward
broader clinical deployment. In our future pilot and deployment,
we plan to use PRIME as a binary risk assessment tool to flag
patients at a high risk of adverse events in mental health settings.
Finally, although the PRIME tool was developed using data
from a single mental health hospital, the model framework and
variable-mapping methodological approaches are transferable
to other mental health and psychiatric settings. If the PRIME
tool is to be implemented in other settings, it will require
retraining and validation to account for different patient
populations, data sources, and documentation practices.

In this study, we developed and evaluated an LSTM model that
could predict patients at risk of an adverse event. The model
showed good performance across different subgroup
populations, and our findings suggest that the model would
outperform currently used risk assessment tools. Its
autoregressive design, model evaluation, and near–real-time
operation position it for real-world clinical integration. By
generating dynamic forecasts without dependence on manual
clinician input, PRIME can augment existing workflows and
support earlier interventions in settings where mental health
staff face high demands and elevated safety risks.
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Abstract

Background: Caregivers supporting individuals with Alzheimer disease and related dementias (AD/ADRD) frequently encounter
prolonged emotional strain, psychological distress, and social isolation, yet their needs are largely overlooked in current
technological and clinical interventions. The special routines and obligations of caregivers of individuals with AD/ADRD are
frequently not well-suited to the many artificial intelligence–driven (AI-driven) mental health solutions that are currently available.
This reveals a critical need for sophisticated, customized solutions created especially to help the mental health of caregivers for
patients with AD/ADRD.

Objective: To address the existing limitations of personalized mental health interventions, we aimed to identify existing literature
on personalized mental health interventions using AI for specific purposes and to develop a new framework for the caregivers
of individuals with AD/ADRD.

Methods: We followed an iterative approach to design the new framework. First, we did a systematic literature review of current
literature to identify data analysis, AI methods, and personalized interventions. Second, we focused on the underlying gaps of
this research, and by synthesizing our findings from the review, we proposed a conceptual framework.

Results: The systematic literature review identified 73 unique results, and from external sources, we found 3 unique potential
papers. Of these, 28 papers were eligible for inclusion, on which we performed our analysis. Based on the findings, we developed
a new conceptual framework with 3 special features that are specifically for caregivers of patients with AD/ADRD. The 3 unique
features are a personalized daily routine scheduler, which will take both patients with AD/ADRD and caregiver’s information to
make it personalized, a daily reward system to keep patients motivated, and an educational repository to get the bite-sized
knowledge for the lesson of handling patients in an efficient manner and taking care of one’s own mental health.

Conclusions: The proposed framework provides a chance for caregivers to receive mental health care, which will be personalized.
The framework is developed with more updated methods than existing approaches, with a lack of personalization in this sector.
This framework can be implemented with a goal of personalization and explainable approaches and can undergo further iterations
to ensure it is appropriate for specific purposes.

(JMIR Ment Health 2026;13:e79973)   doi:10.2196/79973

KEYWORDS

Alzheimer disease; caregivers; mental health; artificial intelligence; personalized care; explainable artificial intelligence; mHealth;
machine learning; real time monitoring
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Introduction

Alzheimer disease and related dementias (AD/ADRD) demand
care to give the patients full-time support, and in that case,
formal or informal caregivers play a very important role.
However, the demand for caregivers of individuals with
AD/ADRD is currently surging with the older population who
were born between 1946 and 1964 (also known as the baby
boomer generation [1]). For instance, according to the Alzheimer
Association [2], in 2024, there were approximately 7 million
Americans aged 65 years and older experiencing AD, and the
number of patients might double by 2060. Therefore, this baby
boomer generation is placing a high demand on caregivers as
they are entering the high-risk age bracket for AD. This sudden
need creates a critical shortage of formal caregivers and
emotional challenges among informal caregivers, such as family
members or loved ones.

Though the demand for caregivers is increasing rapidly, their
number has not increased accordingly, burdening them with
workloads beyond their capacity. This scarcity might put
pressure on caregivers, especially informal caregivers who often
bear the burden quietly in this situation. For instance, in the
United States alone, more than 11 million unpaid caregivers
offer 18 billion hours of care, worth nearly US $340 billion
yearly, to patients with AD/ADRD, according to the Alzheimer
Association [2]. The study by Sallim et al [3] found that roughly
34% of caregivers experience depression, while 43.6% report
anxiety. Apart from that, caregivers mostly have to deal with
sedentary lifestyles, sleep deprivation, social isolation, and
foretaste grief, which are not even treated by professionals due
to time and financial constraints [4]. Therefore, there is a
pressing need for a change in attention towards the mental health
support system customized for caregivers of individuals with
AD/ADRD, which will allow them to manage their burden and
have some time for themselves to work on their well-being.

Caregivers of individuals with AD/ADRD need a system that
will be personalized depending on the stage of patients with
AD/ADRD, the caregiver’s own preferences, and background.
There are various digitally accessible mental health supports
for caregivers of individuals with AD/ADRD, such as
informational portals and educational resources [5,6], therapy
and counseling services [7], peer-led support groups [8,9], and
some digital tools and mobile apps [10-12]. The purpose of
these interventions is to improve the mental health of caregivers
for patients with AD/ADRD. However, existing interventions
have some limitations, too. For instance, some mobile apps
offer limited interactivity, minimal emotional support
integration, and static content delivery, which lacks adaptive
learning or personalization based on caregiver experience level
or stress indicators [10,12]. Besides, some interventions [11],
require smart home infrastructure, which may not be accessible
to low-income or older caregivers.

In order to provide more background of our study, we group
the technologies discussed in this paper into six components:

(1) natural language processing (NLP): analyzes text (eg, notes,
messages, and forum posts) to detect topics, symptoms, or risk;
(2) recommender systems and personalization policies: select
the “next best” tip, task, or content and adjust timing based on
user state and preferences; (3) conversational agents: rule-based
or large language model chatbots that deliver check-ins or
guidance; (4) multimodal sensing: passive phone/wearable
signals (eg, sleep, steps, and heart rate) optionally combined
with brief ecological momentary assessments (EMA); (5)
modeling approaches: classical machine learning such as logistic
regression, random forests and deep learning, for example,
recurrent/transformer networks used for prediction; and (6)
explainability and deployment practices: methods that show
why a model made a suggestion such as feature importance,
saliency and operational safeguards (calibration, drift
monitoring, and privacy). We use this taxonomy throughout the
paper, such as research question (RQ) 1 (RQ1) addresses data
and processing, RQ2 addresses personalization and monitoring,
and RQ3 addresses explainability and clinical integration.

To make a system more acceptable to users, certain artificial
intelligence (AI) design guidelines should be followed [13].
Amershi et al [13] presented 18 guidelines to ensure AI-infused
apps are understandable, trustworthy, fair, and usable. Among
the guidelines, guideline G11 is about making clear why the
system did what it did. These explanations are highly important
for users to trust the system and have transparency between
users and the system. Though this guideline is crucial in creating
human-centric AI systems, most of the recent caregiver apps
[10-12] do not follow the guideline of explainable AI. Moreover,
according to Jung et al [14], the aspect of explainability is vital
for fostering trust and ensuring that both caregivers and
clinicians can comprehend and effectively apply AI-generated
recommendations.

Rather than proceeding directly to the design of a
caregiver-centered intervention, our study begins with a
systematic review of personalized mental health technologies
to establish a comprehensive understanding of current trends,
limitations, and opportunities. This approach allows us to learn
from and build upon the broader mental health innovation
landscape before narrowing our focus to caregiving for
individuals with AD/ADRD. The overview of this study is
shown in Figures 1 and 2. To guide this review, we developed
the following RQs:

• RQ1: What types of data are used for detecting early
warning signs of mental disorders, and how are these data
collected and processed?

• RQ2: What types of AI models are used in current
depression monitoring systems, and what limitations hinder
their effectiveness in real-world practice?

• RQ3: What usability and design challenges arise in
implementing explainable human-AI interaction systems
for mental health care?
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Figure 1. Problem identification to solution. AI: artificial intelligence; mHealth: mobile health.
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Figure 2. Evidence to impact: designing a solution for AD/ADRD caregivers. AD/ADRD: Alzheimer disease and related dementias.

By systematically reviewing these areas, we aim to extract key
insights that will guide the design of our caregiver-focused
mental health intervention framework. In this study, we have
discussed the findings of the review in the Results section.
Briefly, we found heterogeneous types of data sources, and
among them, clinical trials and mobile apps were the most
adapted. Besides, real-time monitoring was highly rare and even
poorly reported. Personalization and explainability were present
in some of the studies. However, those were inconsistently
defined and rarely transparent. To summarize the findings, the
identified gaps indicate the need for hybrid sensing, such as
passive data augmented with brief self-reports,
policy-transparent personalization, and clinician-oriented
explanations to enable trustworthy adoption. Based on our
findings, we are proposing a conceptual framework for
personalized AI-driven mental health intervention. This
framework is designed to support dynamic treatment
personalization, explainability, and real-time user engagement,
particularly for caregivers of Alzheimer-affected individuals.
We derived the caregiver-specific components from proven
dementia-caregiver interventions (psychoeducation or skills
training, stress reduction, counseling, or peer support) and
standard outcome frameworks (burden, mood, coping, and role
functioning) [15-19]. We then translated these needs into
low-burden digital features such as hybrid sensing with brief
check-ins, just-in-time support, guided by Human-AI Interaction
and Just-in-Time Adaptive Interventions principles [13,20,21].
The framework is broadly discussed in the discussion section.

Methods

Database Selection and Search Strategy
In this systematic review, we followed the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
guidelines (Multimedia Appendix 1). The review was started
in February 2025 using the 5 main databases, such as PubMed,

Google Scholar, IEEE Xplore, ScienceDirect, and Scopus,
following specific search queries (provided in Multimedia
Appendix 2). Only peer-reviewed publications published
between January 2020 and February 2025 were included in the
search parameters. To maintain methodological integrity, we
have only included original research articles that were written
in English language. In this review, book chapters, structured
or unstructured reviews, observational notes, and position papers
were not included.

The search string (Multimedia Appendix 2) was carefully
designed to fit the emphasis of our work. Interventions of our
interest included the use of smart devices and AI-enabled or
precision medicine approaches for mental health. Moreover,
we considered research indicating promise for personalized
treatment. The study excluded studies that are not connected to
mental health treatment or AI-assisted solutions.

Study Selection
One team member (SU) performed the initial screening of
studies by title. Then, 2 individual reviewers (SU) and (CR)
were given the task of carrying out the screening, determining
eligibility, and managing the inclusion procedure. After careful
consideration, any discrepancies between the 2 teams were fixed
through agreement. Both reviewers independently then screened
the potential studies by title and abstract. A third team (IS) was
consulted to make the final decision in cases where an agreement
could not be reached. From February to March 20, 2025, the
screening procedure was carried out following the inclusion
and exclusion criteria. Studies that did not relate to AI-driven
personalized interventions for mental health treatment were not
considered. Additionally, articles that focused on other medical
conditions, were not subject to peer review, or were editorials,
interviews, or position papers, were not included.
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Selection and Inclusion of Studies
The PRISMA flow diagram summarizes the study selection
process. The initial search yielded a total of 76 citations, from
which 13 duplicates were removed. The remaining records were
screened based on their titles and abstracts, leading to the
exclusion of 15 citations that did not meet the inclusion criteria.
The remaining 48 studies were then subjected to full-text review,
during which 3 papers were excluded. The primary reasons for
exclusion included the use of ineligible manuscript types such
as published abstracts, studies that focused on mental health
treatment without addressing personalized care or precision
medicine, and papers that did not involve the application of
machine learning or AI. After the screening process, a total of
28 studies were included in the final review.

Data Extraction
For eligible studies, data were extracted from the studies by 2
teams (IS and CR), and the whole process was reviewed by a
third team (SU). Data were extracted from the potential studies
by following the RQs. First, information about data sources,
data collection methods, data types, preprocessing techniques,
and AI models used in the studies was extracted from the
reviewed studies. Second, both teams (IS and CR) gathered
information about AI methodologies and approaches, real-time
monitoring scopes, personalization strategies, intervention
models, critical influencing factors, challenges in AI

implementations, target population and user groups, and
associated mental health conditions. Third, insights were
gathered on AI explanation methods (including explainability
and interpretability techniques), system design and
implementation challenges, trade-offs between model
performance and interpretability, clinician-centered barriers and
real-world integrations, as well as the impact of AI on clinical
decision-making and patient outcomes. After every step, the
analysis was evaluated and fine-tuned by another team (SU).

Developing a Conceptual Framework
The team members of this research analyzed the findings of the
review. During our analysis, we emphasized more on real time
monitoring tools, personalized approaches, and AI models used.
This thorough analysis helped us to develop our comprehensive
conceptual framework.

Results

Overview
We analyzed the included studies (Figure 3) and organized the
core findings based on RQs. The findings for our RQ1, RQ2,
and RQ3 can be found in Multimedia Appendices 3-5 [22-49],
consequently. In addition, the shortcomings of single approaches
and what complementary methods can be adopted in this case
are shown in Table 1.

Figure 3. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart illustrating the inclusion and exclusion of studies.
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Table 1. Single-approach limitations and recommended complementary methods.

Implementation
note

Why it fills the
gap

Complementary
inputs/interven-
tions

Common fail-
ure modes

What it missesWhat it captures
well

Single approach

Use opt-in sens-
ing; prompt when
passives drift
from reported
mood

Objective, contin-
uous context;
flags when self-
report is absent

Passive sensing

(sleep/steps/HRa),
app usage logs [52]

Sparse/late en-
tries, recall bias
[50,51]

Day-to-day fluctu-
ations, noncompli-
ance periods, so-
cial desirability
bias

Subjective state,
intent, symptom
nuance

Self-report only (mood check-
ins, brief surveys) [33,34]

Micro-prompts
(≤10 s) after
anomalous win-
dows

Labels
events/feelings
that physiology
cannot disam-
biguate

Just-in-time self-
report, short

EMAc, text notes
[20]

Sensor
dropouts, arti-
facts, poor
specificity
[53,54]

Cognition, emo-
tion triggers,
caregiver burden
context

Physiology, rou-
tines, nocturnal
patterns

Passive wearable only (HRVb,
sleep, steps)
[24,25,35,37,41,42]

Tag care-related
screens; couple
with weekly

PHQ-4d

Links behavior to
state; separates
care versus non-
care use

Brief affect scale,
care task checklist,
physiology [57]

“Silent churn”;
high noise from
noncare tasks
[55,56]

Clinical severity,
affect, reasons for
lapses

Engagement, ad-
herence, micro-
routines

Smartphone/app logs only (us-
age, taps, screen time)
[40,41,43]

Limit domain
shift; time-align
posts to passives

Validates lan-
guage with lived
routines

Wearables + care
task telemetry [59]

Topic drift,
platform bias,
performative
posts [58]

Physical burden,
sleep, adherence

Linguistic mark-
ers of stress, top-
ics

Social media/text only (Reddit,
notes) [30,49]

Log safety phras-
es; escalate if
passives worsen

Detects off-ses-
sion deterioration

Background pas-
sives, periodic
scales [57]

Hawthorne ef-
fect; “green-
dot” compli-
ance [60]

Real adherence,
off-chat distress

Perceived sup-
port, coping lan-
guage

Chatbot-only (dialogue tran-
scripts) [28,30]

Start conserva-
tive; log policy
updates

Learns tim-
ing/content per
user

Bandits/RLe-lite +
preference signals
[63]

Stagnation;
alert fatigue
[61,62]

Individual adapta-
tion, nonstationar-
ity

Interpretability,
safety constraints

Rule-based personalization
(fixed heuristics)
[22,24,26,27,40,41,48]

Time-aware CVf;
report calibration

Captures trajecto-
ries; reduces vari-
ance

Sequence models
+ data augmenta-
tion [65]

Underfit, brittle
thresholds [64]

Complex tempo-
ral dynamics

Stability on tabu-
lar data

Classical machine learning on
small samples
[22-24,35,36,40,44-47]

Tiered transparen-
cy for high-stakes
prompts

Explanations,
traceability, reli-
able probabilities

Post-hoc XAIg +
policy logging +
calibration [67]

Opaque errors;
spurious cues
[66]

Clinician trust,
auditability

Nonlinear pat-
terns, multimodal
fusion

Deep learning only (black-box)
[30,31,39,43-45]

Federate; de-
identify; align
timelines

Fills between vis-
its; real-time risk
signals

Home passives +
care tasks + short
EMAs [70,71]

Label noise; de-
layed signals
[68,69]

Home context,
daily stressors

Diagnoses, meds,
visits

EHRh/clinic data only (retro-
spective) [23]

Use anomaly de-
tectors to gate
EMAs

JITi capture dur-
ing anomalies

Event-triggered
micro-prompts +
passives [20]

Missed surveys;
ceiling effects
[50]

In-between
episodes, burden
spikes

Comparable
scales over time

Scheduled questionnaires only
(weekly/biweekly) [22,33]

aHR: heart rate.
bHRV: heart rate variability.
cEMA: ecological momentary assessment.
dPHQ-4: 4-item Patient Health Questionnaire.
eRL: reinforcement learning.
fCV: cross-validation.
gXAI: explainable AI.
hEHR: electronic health record.
iJIT: just-in-time.

RQ1: Data Sources, Collection Methods, and Data
Processing Techniques

Study Designs and Data Sources
The included studies reflect a diverse range of data sources,
with the majority drawn from clinical trials, which accounted

for 9 out of 28 (32.1%) studies. Mobile apps and
smartphone-based systems represented 5 out of 28 (17.9%)
studies, including platforms such as Meru Health, Moodie,
MUBS, and Foundations, which captured self-reported mood
tracking and passive sensor data. Open-source and social media
datasets, including data from platforms like Reddit, Kaggle,
and GitHub, appeared in 2 out of 28 (7.1%) studies. Wearable
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devices, such as smartwatches integrated with apps (eg, BrainE),
were used in 1 (3.6%) study, as were AI-based mental health
chatbots (eg, SAAC), structured surveys and interviews, and
outpatient clinical data—each contributing 1 (3.6%) study. The
remaining 8 out of 28 (28.6%) studies were classified as other
or unspecified, comprising multimodal datasets, broadly
described data sources, or those with insufficient detail to assign
a specific category.

Collection Methods and Feature Extraction
The reviewed studies used a variety of data collection methods,
including clinical trials in 3 (10.7%) studies [22,27,29], mobile
apps and smartphone-based systems in 2 (7.1%) studies [40,41],
open-source or social media data in 2 (7.1%) studies [30,49],
outpatient clinical data in 1 (3.6%) study [23], surveys and
interviews in 6 (21.4%) studies [31,34,35,38,39,48], feature
extraction commonly included demographics and psychosocial
traits in 9 (32.1%) studies [22,33,34,38-41,46,48], sentiment
and NLP-based features in 3 (10.7%) studies [31,32,42],
neurological and physiological metrics in 4 (14.2%) studies
[24,25,35,37], while only 2 (7.1%) studies [23,29] focused on
model accuracy and prediction.

Preprocessing and Integration Techniques
The reviewed studies used a wide range of preprocessing and
integration methods. About 42.9% (12 out of 28) of the studies
[22,24,25,27,32-35,37,39-41] used at least one explicit
preprocessing step. These steps included cleaning the data and
dealing with missing values [33,34,37], normalization,
standardization, or encoding techniques [25,32,35,39,40], and
feature engineering, which included dichotomizing variables
or extracting logs [27,41]. There were also mentions of advanced
pipelines to keep data from leaking during cross-validation
[24,25]. About 28.6% (8 out of 28) of studies
[22,25,27,33,34,37,40,41] talked about combining multiple
datasets or making different metrics work together. This
included combining data from different demographics [22,33],
wearable and app-based logs [40,41], and multimodal clinical
sources [25,27,34,37]. The other studies (20/28, 71.4%)
[23,24,26,28-32,35,36,38,39,42-49] either used datasets from
only one source or did not explain how they combined the data.
These results show that there are big differences in how the
literature reports on preprocessing transparency and integration
strategies.

RQ2: Personalization Strategies and Real-Time
AI-Driven Monitoring

Real-Time Monitoring Scope
The analysis of real-time monitoring in AI-driven mental health
interventions was one of the primary goals of this review. In
this review, 3 (10.7%) studies [35,41,42] used real-time digital
monitoring, such as through wearables or mobile apps; 2 (7.1%)
studies [33,34] used scheduled mood or symptom questionnaires.
Two (7.1%) studies used self-reported or passive sensor
monitoring [40,43]. Two (7.1%) studies [37,45] used hybrid or
unconventional methods, and 1 (3.6%) study reported periodic
clinical follow-ups [25]. However, one significant gap in
continuous tracking was highlighted by the fact that 18 out of
28 (64.3%) studies [22-24,26-32,36,38,39,44,46-49] either did

not have any monitoring component or did not clearly report it.
These findings indicate that real-time monitoring is underused,
although early implementations indicate promising directions
for future adaptive mental health systems.

Personalization and Intervention Strategies
Mood-based personalization was one of the most used defined
methods; it was used in 4 studies [35,39,42,43]. Clinical
stratification and risk profiling were used in 3 studies [22,26,27].
However, 2 studies [28,29] used AI-powered therapeutic
interfaces, while 2 studies [40,41] were on behavior-based
personalization. In addition, 2 studies [34,45] implemented
treatment response prediction. Moreover, general personalization
frameworks without dynamic adaptation were present in 2
studies [24,48]. These patterns indicate growing interest but
highlight the need for more consistent and transparent
personalization models.

AI Methodology and Implementation Challenges
The studies we reviewed used a number of different AI
technologies, such as traditional machine learning approaches
[22], including Random Forest and its variants like Boruta and
Binary Mixed Model [23,24,35,36,40,44-47]. Moreover, we
found ensemble approaches combining models like Naïve Bayes,
decision trees, support vector machine, logistic regression, linear
models, and voting regressors [27,28,38]. Furthermore, we saw
several natural language processing techniques, including deep
learning models such as recurrent neural networks, long
short-term memory, gated recurrent unit, convolutional neural
network, Efficiently Learning an Encoder that Classifies Token
Replacements Accurately, and Bidirectional Encoder
Representations from Transformers which were used for
personalized recommendations [30,31,39,43-45].

Several studies reported key implementation challenges. These
included issues with interpretability in deep learning models
[29], data variability across sessions and algorithms [22]. Other
issues were also found, such as chatbot systems' limited scope
and privacy concerns [28,30]. Moreover, data imbalances related
to antidepressant response also affected model performance
[33].

Critical Influencing Factors
The reviewed studies identified a wide range of influencing
factors that affect the efficacy of AI-driven personalized mental
health interventions. Among the eligible studies, 3 studies
[37,40,46] expressed concerns regarding treatment duration and
adherence, and 3 others [34,35,38] reported technical problems,
such as small datasets or feature limitations. Besides, 2 studies
[29,41] showed concerns about privacy and autonomy (such as
hesitancy to share data or fear of overprediction) while
dissatisfaction with excessive personalization and monitoring
emerged in the studies by Chen et al [42] and Alslaity et al [43].
Moreover, in 4 studies [22,25,27,33], demographic and
psychosocial factors were highlighted. Other distinct factors
included generalizability [44], mood tracking [39], sensor
reliability [24], and personalized risk factors [26]. These results
emphasize the need for future AI systems for personalized
mental health to have a multifaceted design and more transparent
reporting.
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Target Groups and Conditions
Although some studies focused on clinically diagnosed groups
[38-40] and young adults or adolescents [37,41], most studies
[24,25,27,33-35,38,44,46,48] focused on adults between the
ages of 18 and 65 years. Regional demographics were referenced
by Kim et al [22] and Jensen et al [25], and a gender-specific
focus surfaced in the study by Meinlschmidt et al [39]. The need
for better reporting and broader inclusion in future research is
highlighted by the fact that 8 studies [26,28-32,42,43] lacked
accurate population data.

RQ3: Explainability, Clinical Integration, and AI
Decision Impact

Explainability Techniques
The reviewed studies used different approaches to explain AI.
The majority of studies (21.4%) used tree-based and classical
models [22,26,35,43,45,46], whereas 8 (28.6%) studies
[23-25,28,31,32,36,47] did not report any explanation approach.
Interpretability of deep learning was mentioned in 2 (7.1%)
studies [29,49], along with NLP-based tools [30,42], feature
selection techniques [27,34], model evaluation visualizations
[38,39], and feature importance tools [33,37]. Three (10.7%)
studies used hybrid or other methods [41,44,48], and 1 (3.6%)
study reported explainability based on naive Bayes [40]. These
findings highlight the need for more consistent and transparent
AI systems in mental health by exposing unequal adoption of
explainability practices.

Design and Implementation Challenges
The reviewed studies identified common deployment-related
and technical issues in the design of AI systems for mental
health. A notable issue was the lack of reporting in 14 (50.0%)
studies [23-27,31,32,36,44-49]. However, concerns regarding
the integration of devices and sensors were shown in 2 (7.1%)
studies, and 4 (14.3%) studies brought up the subject of data
variability and quality [22,33,34,37]. Two (7.1%) studies
reported privacy and scope limitations, particularly in chatbot
systems [28,30]. Other challenges included misclassification
and generalization gaps [42], model overfitting [39], user
engagement issues [40], and long-term trust erosion [43]. These
findings show that more open and consistent reporting is needed
to ensure the clinical adaptability of AI systems.

Trade-Offs Between Performance and Interpretability
The reviewed studies were markedly inconsistent with respect
to the trade-off between explainability and AI model
performance. Interpretability issues, particularly in deep learning
models, were discovered in 4 (14.3%) studies [37,39,42,43].
Three (10.7%) studies raised broad concerns about finding a
balance between clinical usability and accuracy [22,35,38]. Two
(7.1%) studies reported high-performing but opaque models
[33,34], and 2 (7.1%) more emphasized the conflict between
transparency and personalization [40,41]. Interestingly, no
discussion of this topic was reported in 17 (60.7%) studies
[23-32,36,44-49]. These discrepancies highlight how explainable
AI is necessary to improve clinical integration and trust.

Clinician-Centered Usability
Four studies [22,34,39,43] raised concerns regarding clinician
acceptance and applicability, suggesting hesitancy to rely on
AI systems without conclusive validation or clinical practice
alignment. In 2 studies [35,37] that documented device
dependency and relevance, wearable-specific data raised
questions about clinical reliability. Lack of workflow integration
[40-42], privacy and sensitivity restrictions [24,28], and
restricted generalizability [45] were further difficulties. Only
one study [38] specifically addressed explainability issues, and
another [27] raised doubts about the effectiveness of the
intervention. A significant gap exists in addressing real-world
integration, as evidenced by the 13 (46.4%) studies
[23,25,26,29-32,36,44,46-49] that did not identify any
clinician-related concerns. These results highlight how crucial
it is to build AI systems that promote clinician trust, usability,
and practicality.

Impact on Decision-Making
In our review, studies showed different but promising effects
on making clinical decisions. About 32.1% (9 out of 28)
[22,26,27,29,33-35,43,45] agreed that depression should be
diagnosed and its severity predicted. About 21.4% (6 out of 28)
[23,37,39-41,46] were focused on giving personalized treatment
recommendations. At the same time, 10.7% (3/28) studies
[28,30,42] focused on chatbot-based or digital therapist roles,
and 7.1% (2/28) studies [36,44] reported that patient-centered
outcomes like planning daily activities and reducing symptoms
had improved more effectively. The findings indicate that AI
is becoming increasingly crucial in improving mental health
care, but they also show that more real-world testing is needed.

Transitioning From Systematic Findings to Framework
Design
Building upon the findings from this systematic review, we
identified persistent challenges within the realm of AI-driven
mental health interventions. Specifically, the lack of adequate
personalization, minimal explainability, and insufficient
integration into established clinical workflows. These
deficiencies are particularly significant in high-burden health
care domains, such as AD/ADRD, where caregivers contend
with both emotional distress and intricate informational
demands. The insights we gathered from analyzing different
studies demonstrated the importance of developing a more
adaptive, transparent, and contextually aware AI framework.
In the subsequent sections, we have used our findings to propose
a dynamic personalization and explainable decision-making
enabled human-AI collaborative system for caregivers of
individuals with ADRD.

Discussion

Principal Findings
In this review, we analyzed 28 papers on personalized
AI-powered mental health treatment strategies by examining
the types of data used to detect early warning signs of mental
disorders. We also explored how AI-enabled systems deliver
real-time monitoring and dynamically personalize treatment
plans based on individual user behavior and engagement
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patterns. Moreover, we identified the challenges associated with
designing and validating explainable AI models. We also
discussed the limitations of the reviewed studies following our
RQs, to identify key gaps and opportunities for future work, as
outlined below.

RQ1: Limitations in Data Sources and Processing
Practices
When designing personalized mental health intervention tools,
there is no “one-size-fits-all” solution, particularly when it
comes to selecting and tailoring input data sources [72]. In our
review, it was visible that different studies used different
approaches. In our review, though we found a large number of
studies used self-reported questionnaires to get information
about mood and symptoms [31,34,35,38,39,48], there are some

major issues associated with this type of input. For instance,
Stone et al [73] highlighted some of the major issues in
explaining EMA in behavioral medicine. According to the
author, a major issue with traditional self-reported questionnaires
is recall bias, which means that people might forget, underreport,
or misrepresent how they felt or what symptoms they had in
the past. Another issue is social desirability bias, which happens
when people change their answers to make them seem more
acceptable or favorable [74]. Furthermore, some studies used
NLP-derived textual features [31,32,42] to include detailed
insights. However, these studies might face issues including
contextual ambiguity [75], domain adaptation [76], and ethical
concerns related to privacy and explainability [77,78]. The key
limitations of the key data types are shown together in Figure
4.

Figure 4. Key limitations across data types.

In addition to these choices for collecting data, our review also
found that reporting practices were not very clear or consistent.
There was a significant gap with enough details about the steps
for preprocessing and integrating data. For example, only a few
of the 6 (21.4%) studies that used surveys and interviews
[31,34,35,38,39,48] clearly explained how these were processed
or combined with other types of data. These gaps make it hard

to see important methodological choices about data cleaning,
normalization, and integration that can have a significant impact
on AI performance [79,80]. Last, we found that methodological
integration and performance evaluation were underexplored.
For instance, only 2 studies [40,41] looked at how to combine
different types of data, like clinical records with
smartphone-based sensing or wearable-derived physiological
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signals. In the same way, only 2 (7.1%) studies [23,29] looked
at model performance indicators like accuracy and prediction.

RQ2: Limitations in Personalization Strategies and
Real-Time Monitoring
In the last several years, mental health systems have been
increasingly moving toward personalization based on the idea
that no 2 people deal with mental health issues in the same
manner [72]. In personalization, real-time monitoring is one of
the crucial variables. Traditional static AI mental health care
approaches rely on retrospective or infrequent assessments that
fail to capture dynamic, context-dependent symptom changes.
Real-time monitoring solves this problem by gathering
continuous, real-world data on mood and behavior [81].
Therefore, real-time monitoring tools enable digital mental
health technologies that are aware of the environment to provide
more flexible and effective treatment [78]. However, in our
review, we found that even though real-time monitoring tools
are essential, they were not widely used or used consistently in
our studies. Instead, many studies used static or scheduled
assessments that are incapable of detecting quick mood changes
or environmental triggers. For example, studies [33,34] used
retrospective mood questionnaires that were given weekly or
at clinic visits, which are unable to inform timely, personalized
interventions.

In our review, different personalization methods were found in
mental health AI interventions, such as mood-based
personalization [35,39,42,43], clinical stratification or risk
profiling [34,40,41,45], and general personalization frameworks
without dynamic adaptation [24,48]. However, all these
personalization methods have some drawbacks. For instance,
mood-based personalization often uses self-reported ratings
from a single source that fails to consider evolving, contextual,
or physiological factors that are important for adaptive mental
health support [82,83]. In addition, clinical stratification and
risk profiling often use static baseline assessments that disregard
considering behavior or physiology, which makes adaptive
prediction less accurate [84,85]. General personalization
frameworks, on the other hand, use fixed rules that cannot
change when users do, which makes them less relevant and
engaging [86]. These limitations indicate significant gaps where
multimodal data integration might be beneficial. Multimodal
data integration can provide a comprehensive view of mental
health states by combining different types of data, like
physiological signals from wearables, self-reported mood
ratings, and text written by users.

RQ3: Limitations in Explainability, Generalizability,
and Clinical Integration
Explainability is one of the main ingredients of personalization
because it helps users understand and trust AI-driven decisions.
For instance, in the study by Kaur et al [87], participants used
a bird identification system with 4 different explainable AI
methods, and reported that explanations helped them calibrate
their trust in the AI’s output and improve their own identification
skills. This finding illustrates how meaningful explanations can
increase user confidence and support effective use of AI
systems, a principle that is equally important in sensitive
contexts like mental health care. In our review, we found that

while many studies used tree-based and classical models for
inherent interpretability [22,26,35,43,45,46], others used deep
learning interpretability [29,49], NLP-based tools [30,42],
feature selection [27,34], model evaluation visualizations
[38,39], feature importance tools [33,37], hybrid methods
[41,44,48], and naive Bayes approaches [40]. However, several
studies did not report any explainability approach at all
[23-25,28,31,32,36,47]. Therefore, this highlights the ongoing
need for more consistent and thoughtful use of explainability
techniques in mental health AI systems.

Our review revealed that few studies adequately addressed the
issue of generalizability. The study by Webb et al [45]
specifically highlighted that models trained on limited or
homogeneous data may demonstrate suboptimal performance
across varied demographic, cultural, or clinical contexts, thereby
emphasizing the risk of inequitable outcomes in real-world
mental health care. Besides, since this limitation is rooted in
the diversity of people whose data is used, inputs such as
wearables, mood-based self-reports, and text data alone do not
inherently guarantee broader generalizability [88]. At the same
time, another critical challenge in developing AI for mental
health is balancing predictive performance with interpretability.
Several studies in our analysis chose high-performing but
black-box models [33,34] without sufficiently addressing how
their lack of transparency may undermine clinician confidence
or safe implementation. Another issue that is quite common in
AI interventions related to mental health is the trade-off between
model accuracy and practical usability. For instance, a limited
number of studies [22,35,38] clearly addressed the trade-off
between model accuracy and practical usability, underscoring
a deficiency in design thinking crucial for real-world
implementation. However, users often choose systems that are
somewhat less accurate but more understandable, since they
enhance comprehension, trust calibration, and informed
decision-making [87]. Therefore, carefully addressing this
trade-off is essential to guarantee that AI systems provide
clinically significant help while maintaining transparency and
acceptability for both practitioners and patients.

Proposed Conceptual Framework

Overview
In this study, we are proposing a conceptual framework for
personalized mental health care specifically for caregivers of
patients with AD/ADRD. This framework is based on the
findings of our systematic review of AI-powered personalized
mental health treatment or care interventions.

In our conceptual framework, we propose integrating
wearable-derived physiological signals, mood-based self-reports,
and free-text entries describing users’ feelings to capture
multidimensional, context-rich data that supports personalized
mental health interventions. This approach emerges as
complementary based on the evidence in Table 1. By following
EMA [73], the framework is designed to take the user input
multiple times daily. These multimodal data, followed by EMA,
will solve the issues that we found in our review, such as recall
bias and social desirability bias. However, this proposed
framework has primarily 3 main features, such as a daily routine
scheduler, a digital reward system, and an educational
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repository, as shown in Figure 5. This framework represents a
significant advancement over prior approaches, which have
primarily concentrated on developing conceptual frameworks

or taxonomies within the field. The whole overview of our
framework is shown in Figure 6.

Figure 5. Key features of the proposed framework.
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Figure 6. Overview of our proposed framework. AD/ADRD: Alzheimer disease and related dementias; API: Application Programming Interface.

Daily Routine Scheduler
A large portion of the routine of caregivers of individuals with
AD/ADRD consists of the patient’s daily activities. Therefore,
if caregivers are given a daily routine scheduler that combines
the necessary needs and schedules of patients with AD/ADRD,
it will be more beneficial for them. Keeping that in mind, the
daily routine scheduler feature is composed of some subfeatures.
First, there will be time-stamped checklists for activities of daily
living of patients with AD/ADRD, such as medications, meals,
hygiene, and exercises. This will reduce the cognitive load of
caregivers and ensure the attendance of critical things such as
medication dosage.

Second, by enhancing the intrinsic motivation of
self-determination theory [89], the system will have premade
templates according to the caregiver’s input. According to Jin
et al [89], allowing users to modify certain things in the system
and receiving encouragement while doing so (Autonomy) is an
important factor. Therefore, in our framework, a premade
template will be given to the caregivers, and they will have the
autonomy of alterations according to their preferences. When
the caregivers make any changes to the templates, the system
will learn from the changes, and it will provide a better template
next time by using those learnings. Additionally, the system
will provide suggestions that adjust task durations and prompts
over time according to mild, moderate, and severe Alzheimer.
This will match the changing abilities without the caregiver
manually building schedules.

Third, to support the caregiver’s wellbeing, there will be
self-care routine which will have scheduled self-care breaks,
hydration, short exercises, mood check-in prompts that feed a
private mental-health log, which combinedly promotes caregiver
health and flags early burnout. Through the mood checking
prompts, the app will suggest some low-burden, context-aware
prompts, such as a one-tap breathing exercise, a 5-minute stretch

video, or a brief “Pause and hydrate” reminder right on the home
screen, which shows the relatedness [89]. Therefore, together,
these features turn the scheduler into a smart, caregiver-centered
system that balances patient care, caregiver’s health, and easy
coordination with the wider support network.

Digital Incentive and Reward Framework
According to Jin et al [89], the user needs a sense of
achievement to be motivated using a system, which is called
competence. To ensure competence, the framework provides a
feature of getting digital rewards, which will turn routine duties
and self-care into incremental accomplishments, countering
burnout by providing immediate, tangible affirmation. Whenever
a caregiver completes a scheduled task, such as achieving
milestones by logging mood checking, keeping a certain streak,
30-minute walks for 7 days, etc, a digital reward will be
provided, which they might show as their progress to social
media to encourage others.

Digital Educational Content Repository Framework
Despite having formal caregivers, family members are often
involved in the care of patients with AD/ADRD as informal
caregivers. Most of them do not have the proper training and
knowledge to handle patients with proper care. Besides, their
busy schedules do not allow them to get proper training or even
to acquire knowledge from different sources. In that case, our
app will help them immensely. To help them get the knowledge
of patients with AD/ADRD–related articles or seminars, the
app will provide them with bite-sized knowledge, which will
be easy to adopt and time-efficient. If they want to know more
about a specific article, they can go to the link by simply clicking
on the bite-sized learning and get the full article. Moreover, our
system will provide all related information, such as seminars,
articles, and other educational sources, together for a better
learning experience, which will decrease the workload of
searching for necessary information in distinct locations.
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Future Directions
From the findings of the review, we found that the existing
personalized mental health–related AI approaches have
significant shortcomings in terms of explainability, transparency,
and usability testing. In that case, our proposed framework
directly addresses these deficiencies by furnishing a clear,
user-specific rationale for every recommendation—for example,
a prompt suggesting a 20-minute walk is justified by noting that
the caregiver previously reported this activity as effective during
periods of elevated stress. By consistently articulating the
reasoning behind each action, the system enhances transparency,
cultivates user trust, and supports sustained engagement.

The development of this conceptual framework presents
profound opportunities for future work. Further research might
incorporate the technology acceptance model to evaluate the
adoption and usability of the proposed system. This will help
to understand how users will accept and use this technology,
focusing on 2 primary constructs such as perceived usefulness
and perceived ease of use. Besides, according to Kushniruk and
Patel [90], usability testing enhances generalizability by
uncovering obstacles and design deficiencies across many user
groups and circumstances, which will overcome the limitations
found in the review. Therefore, deploying the framework in
real-world environments will allow us to assess its scalability,
integration with institutional routines, and effectiveness in
supporting professional caregivers alongside family members.

Limitations
This study has several notable limitations. First, none of the
included studies were about patients with AD/ADRD or targeted
caregivers. The studies were more focused on AI-driven
personalized mental health care among the general population.
However, this also serves as one of the strengths of this study.
By analyzing the global advancement in personalized AI mental
health interventions, we will be able to apply the outcome of

the extracted foundational principles, such as mood-based
personalization and explainability, from the review. This allowed
us to design a forward-looking framework that can be adapted
and validated in future contexts specific to caregivers of
individuals with AD/ADRD.

Second, the proposed framework has yet to be evaluated through
broader lenses with external experts. Third, there is a profound
need for real-world usability studies to assess how caregivers
interact with the system, perceive its usefulness, and engage
with its adaptive and emotional support features. This has been
reserved as one of the future works that will help the system to
be fine-tuned.

Fourth, despite the review focused on studies that implemented
AI-based personalized mental health interventions, we also
included several papers in which the authors proposed that their
models could potentially support personalization in future
applications. This also worked as a strength of this study, as
this enabled us to capture emerging perspectives and early-stage
innovations, which kept us updated about the future landscape
of AI-driven mental health care.

Fifth, the framework is currently suitable for home-based
settings. However, we aim to facilitate the framework in a
facility-based care setting and incorporate it with clinical
experts. Finally, the review was done with studies that were
published between January 2020 and February 2025; yet, new
studies are continuing to be published. Therefore, an updated
review of AI-driven mental health care interventions may be
warranted in the near future.

Despite having these limitations, our proposed framework,
especially on personalized mental health research on caregivers
of patients with AD/ADRD, serves as a technically robust and
future-proof design. However, future work is needed to check
user acceptance and tailor these findings through
caregiver-specific research.
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Abstract

Background: University students face high levels of stress with limited support for coping and well-being. Campus mental
health services are increasingly using digital resources to support students’ stress management and coping capacity. However,
the effectiveness of providing this support through web-based, self-directed means remains unclear.

Objective: Using a randomized controlled design, this study examined the acceptability and effectiveness of a self-directed,
web-based resource containing evidence-based strategies for stress management and healthy coping for university students. The
study additionally explored the potential benefits of screening and directing students to personalized resources aligned with their
needs.

Methods: Participants consisted of 242 university students (193/242, 79.9% women; mean age 21.15 years) assigned to one of
3 groups (ie, automatically directed to personalized resources, nondirected, and waitlist comparison). They completed pre, post
(4 wk), and follow-up (8 wk) measures for stress, coping, and well-being. The resource groups also completed acceptability
measures at 2, 4, and 8 weeks after the web-based resource access.

Results: Results indicate high acceptability, reflecting students’ satisfaction with the resource. Furthermore, significant decreases
in stress and unhealthy coping, as well as significant increases in coping self-efficacy and healthy coping in the resource groups
relative to the comparison group, were found. Interestingly, the directed approach showed no added benefit over nondirected
resource access.

Conclusions: In summary, this study demonstrates the acceptability and effectiveness of a self-directed digital resource platform
as a viable support option for university student stress and coping.

Trial Registration: ClinicalTrials.gov NCT07086001; https://clinicaltrials.gov/study/NCT07086001

(JMIR Ment Health 2026;13:e74205)   doi:10.2196/74205
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Introduction

Background
University students consistently report high levels of stress and
psychological distress and identify these as key factors that
negatively impact their academic performance and engagement
with their studies [1-4]. Supporting students in effectively coping
with stress and distress is of critical importance to facilitate
learning and development in university environments. To that
end, technology-based approaches to delivering
stress-management and well-being supports to university
students have proliferated on campuses as supplemental means
of supporting student stress management, coping capacity, and

well-being [5]. Indeed, resources for students’ self-directed use,
such as websites, apps, or on-demand workshops, are
increasingly popular given their benefits in improving access
to support as well as the potential for reaching students who
may be reluctant to seek other forms of mental health support
or are on waiting lists for more specialized services [6]. In
addition, the provision of resources for addressing stress and
enhancing coping capacity is aligned with the recently proposed
health theory of coping, which calls for enhancing the
availability of evidence-based healthy coping strategies [7].
However, investigation into the acceptability, and even more
critically, the effectiveness of digital, self-directed resources
for nonclinical stress management and healthy coping support
is limited. Thus, this study sought to explore the acceptability
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and effectiveness of a self-directed, web-based resource for
enhancing students’ stress management and coping capacity.
Furthermore, the study also examined whether there would be
any added benefit of screening students to assess stress and
coping needs and then directing them to specific resources to
match their needs for stress management and healthy coping
support.

University Student Stress and Coping
University students’ mental health and well-being have been a
growing concern within higher education research and practice
for many decades [8-10]. The most frequently identified factors
impacting academic performance in recent population-level
surveys (n=54,204) include stress (43.7%), anxiety (37.3%),
depression (27.5%), and sleep difficulties (25.9%) [1]. Within
Canada, university students (n=11,322) identified the same
factors: stress (51.5%), anxiety (43.3%), depression (30.4%),
and sleep difficulties (31.9%), as having had a negative impact
on their academic performance over the past year [2]. For those
pursuing a university education, this time in their lives often
corresponds with their developmental transition to adulthood
[11]. Coined in research literature as emerging adulthood, this
developmental period is distinct from adulthood conceptually
and as a subjective experience [12-15].

Emerging adulthood is a challenging yet unique time of
exploration and settling into adult roles, often characterized as
a time of feeling in-between [12,13]. While the transition to
adulthood brings increased autonomy and responsibility, this
period is also marked by instability across multiple life domains,
including relationships, living arrangements, employment, and
identity development. Navigating these changes can heighten
vulnerability, stress, difficulties with coping, and mental health
challenges. Notably, emerging adulthood is associated with
elevated rates of engagement in risky and unhealthy coping
behaviors in response to stress and distress [16-18]. For example,
Böke et al [16] found that university students reporting higher
stress were more likely to engage in substance use as a coping
strategy. Conversely, research has shown that skill-based
approaches to coping, such as problem-focused coping, defined
as actively addressing the source of stress through
problem-solving or planning, can buffer the negative impact of
stress on well-being [19]. Taken together, there is a clear need
to enhance access to evidence-based strategies and tools to
support students in effectively managing stress and enhancing
their capacity to cope with distress [19-22].

To enhance coping capacity among university students,
understanding their decision-making processes in coping with
stress is imperative. The health theory of coping offers a
comprehensive framework for conceptualizing how students
cope with stress and distress [7]. Stallman’s health theory of
coping considers all coping responses as adaptive, emphasizing
their short-term efficacy in alleviating momentary stress or
distress and further classifies coping responses into healthy and
unhealthy coping behaviors based on the likelihood of adverse
consequences. The theory presents a hierarchical model
delineating coping responses across intensities, directly
corresponding to the intensity of experienced stress or distress
[7,19]. Low levels of stress or distress prompt low-intensity

coping, encompassing both healthy (eg, positive self-talk,
mindfulness, abdominal breathing) and unhealthy (eg, negative
self-talk, cognitive rumination, suppression) responses. As
distress intensifies, coping responses escalate, where higher
intensity healthy strategies may include engaging in distracting
activities, relaxation, physical exercise, or seeking
social/professional support, while unhealthy responses may
involve self-isolation, emotional eating, self-harm, substance
use, or suicidality [7]. Acknowledging this hierarchical
progression is pivotal in designing student support programs
tailored to promote the availability of and engagement in
evidence-based healthy coping behaviors.

Supporting Stress-Management and Building Coping
Capacity
To date, efforts aimed at improving student mental health and
well-being in university settings have included a wide variety
of interventions targeting stress [23], depression [24], anxiety
[6], resilience [25], and general mental health and well-being
[26]. Increasingly, technology-based and digital tools (eg,
websites, apps, chatbots, on-demand programming) are used
with several systematic and meta-analytic reviews emphasizing
the promise of the technology-based approach for improving
key outcomes [5,26-28]. Furthermore, emerging research
demonstrates the promise of sharing resources for students’
self-directed use at their own pace and discretion [29-32].

For example, Fischer et al [33] demonstrated that self-directed
interventions were effective in improving well-being and
reducing stress, depression, and anxiety among both the general
population and clinical samples when compared with active and
inactive controls. This is supported by 2 meta-analytic reviews
reporting significant effects of self-guided interventions for
improving depressive symptoms in general population samples
[34,35]. Among university students, a meta-analysis by Bolinski
et al [29] found online mental health interventions (the majority
were self-directed) to be effective for reducing anxiety and
depression, although only a small and nonsignificant effect was
reported for academic performance. In addition, Chung et al
[36] examined the effectiveness of a university-wide,
self-directed online mindfulness and well-being intervention
and found improvements across stress, well-being, and
mindfulness outcomes for those who engaged with the
intervention over a duration of 3 or more weeks.

Self-directed or self-administered digital resources have the
potential to serve as supplementary support for students and
offer several advantages. First, they have the potential to reach
those who may not access face-to-face services, who may not
meet clinical criteria for specialized treatments, or are on
waitlists for services, thus broadening access to evidence-based
strategies and supports [30,35,37,38]. Second, the self-guided
format is supportive of student autonomy and confidentiality
as individuals can choose when, where, and how to access
information and make use of resources most aligned with their
individual needs [37]. Last, the web-based presentation of
information and evidence-based strategies and techniques allows
for a cost-effective, low-intensity, and adaptable (ie, possibility
to update or change based on contextual needs) means to
supplement existing mental health and well-being services on
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campus [6,39,40]. Furthermore, studies suggest that this
modality is welcomed in universities [37,41] where up to 70%
of students in a sample of 1224 indicated interest in self-guided
mental health supports [42].

Issues With Supporting University Student
Stress-Management and Healthy Coping
It should be noted that digital stress-management tools that are
often developed for general adult or workplace populations and
retroactively adapted for university students were found not to
adequately address the developmental and contextual realities
of this population [37]. As highlighted by Fleischmann et al
[37], students face a unique combination of stressors at a
precarious developmental transition, including academic and
adjustment pressures, identity development, and unstable life
circumstances that differ from those of working adults. Their
findings underscore that students value support options that are
specifically tailored to the academic context and their unique
developmental needs while offering flexibility around
fluctuating needs. Moreover, students report a desire for
resources that reflect their lived experiences and offer
personalized guidance and recommendations [37]. This suggests
a need to include university students in the development of
resources that are personalized to their unique needs, which
may in turn enhance students’engagement with such resources.
Despite emerging evidence of effectiveness for using digital,
self-directed approaches to student support, research examining
the effectiveness and acceptability of this approach is in its
infancy. In addition, it is unclear to what extent digital,
self-directed programming and resources are integrated into the
university setting and used beyond their initial effectiveness
trials [30]. Notably, even when interventions and programs for
student mental health and well-being are shown to be effective,
they are often only shared with students through the universities’
health and wellness center, relying on students to proactively
seek help to access these services. This poses a challenge
because research consistently shows that university students
exhibit low levels of help-seeking, leading to the underuse of
many services and resources despite a high demand [43,44].
Additionally, earlier studies exploring means to support
students’ stress and coping have focused on addressing one
aspect of stress or coping, such as mindfulness for stress, or
breathing exercises for managing anxiety [45]. This signals a
need for broader resources covering a wider array of topics and
coping strategies to build coping capacity. Taken together, there
is an urgent need to explore alternative approaches for resource
delivery that facilitate students’ universal and ongoing access
to self-directed support options to comprehensively address
stress and coping needs.

A persistent problem in university and a barrier to students’
access to support is low rates of help-seeking, where stigma
around mental health difficulties is considered to be a major
contributor to students’ reluctance to seek support [44,46].
Emerging research suggests that perceived mental health stigma
can also contribute to students’ responses to the format and
modality of stress-management and well-being support delivery
[47]. Specifically, Cho et al’s [47] intervention study found that
students’ perceived mental health stigma did not impact their
sustained satisfaction with a self-directed modality (ie, an

infographic presenting evidence-based strategies for stress
management and well-being), while it negatively impacted their
sustained satisfaction with a live digital workshop presenting
the same information with the presence of a facilitator. Beyond
stigma, students may prefer digital, self-directed supports for
several reasons, including concerns about confidentiality, social
anxiety, and wanting to avoid social interactions focused on a
topic that they would like to keep private. Overall, proactively
connecting students to available resources is therefore an
important consideration to navigate the effect of mental health
stigma and other barriers on students’ help-seeking behavior
and promote their engagement with support services. One
suggested solution for this is the use of brief screening measures
to identify students’ levels of need for support and recommend
existing resources aligned with their personal needs [6,48,49].
Indeed, this approach has shown promise in clinical contexts
as part of suicide prevention efforts in universities [49,50]. For
example, in a large-scale study, Hasking et al [49] found that
the use of a multivariable screener for suicidal risk followed by
referral to a stepped telehealth intervention significantly
increased resource use among university students classified as
having the greatest need for intervention. Whether screening
and tailoring resource recommendations can also promote
students’ engagement with, and use of, low-intensity
stress-management and healthy coping resources in a nonclinical
context remains to be explored.

Moreover, there is a need to consider students’ uptake of
stress-management and healthy coping strategies presented in
self-directed resources. In a systematic review of prevention
programs for stress, depression, and anxiety in university
contexts, which included self-administered programming,
Rith-Najarian et al [51] found inconsistencies in the assessment
and reporting of information on uptake and adherence.
Specifically, only 57% of the studies included in the review
presented any information on adherence or completion, which
prevented the authors from including adherence as a factor
within their analyses [51]. A later study examining the
effectiveness of a self-directed mindfulness intervention
delivered over 12 weeks reported that students’ access to the
program modules peaked during the first 3 weeks, declined
steeply over weeks 3 to 7, and then stabilized with a small
increase in the final week 12 [36]. Overall, the authors reported
that 58.7% of their total sample (n=833) did not access the
mindfulness program at all over the duration of the
semester-long study [36]. Assessing and reporting uptake or
use of the provided resource is of particular importance in
studies examining self-directed modalities where use can
fluctuate over time and where the proportion of zero-uptake
may be elevated. Furthermore, rates of uptake or use may
influence the accuracy of effectiveness findings, and additional
research is needed to better understand the relation between
program uptake/adherence and outcomes of effectiveness [51].

This Study
In summary, despite the rapid proliferation of digital self-guided
resources for university students, research examining the
effectiveness of this approach for improving stress and coping
is still in its infancy. Further research is needed to address gaps
and deepen our understanding of what works best and how in

JMIR Ment Health 2026 | vol. 13 | e74205 | p.339https://mental.jmir.org/2026/1/e74205
(page number not for citation purposes)

Böke et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


the area of supporting university students’ stress management
and coping capacity [6,51]. Thus, using a randomized-controlled
design, this study sought to examine the acceptability and
effectiveness of a web-based, self-directed resource for
university students containing evidence-based strategies for
stress management and healthy coping. In addition, this study
examined whether there would be any added benefit of using a
screening approach to direct students to personalized resources
aligned with their identified needs. Participants were randomly
assigned to one of 3 groups: directed to personalized resources
aligned with needs, nondirected but received all resources, or
a waitlist comparison. Main outcomes assessed were participant
ratings of acceptability, stress, coping (coping self-efficacy and
coping behaviors), and well-being over time.

Specifically, the first objective (1) was to examine potential
group differences (directed and nondirected resource groups
only) in students’ acceptability of the web-based resource over
time. It was hypothesized that (H1) acceptability would be
higher in the directed group when compared with the
nondirected group over time. The second objective (2) was to
examine the effectiveness of the digital self-directed resources
in terms of group differences (directed, nondirected, and
comparison) on outcome measures (ie, stress, coping, and
well-being) and in terms of differences in scores over time
between baseline, post, and follow-up measures. It is
hypothesized (H2a) that the directed group will show greater
improvements across stress, coping, and well-being outcomes
over time than both the nondirected group and the comparison
group. It is also hypothesized (H2b) that the nondirected group
will show significant improvements across study outcomes
relative to the comparison group. Last, the third objective (3)
was to examine the effectiveness of the overall web-based,
self-directed resource in terms of group differences (resource
group; merged directed and nondirected vs the comparison
group) on outcome measures and in terms of change in scores
over time between baseline, post, and follow-up measures (ie,
stress, coping, and well-being). It is hypothesized (H3) that the
resource group will show significant improvements across study
outcomes in relation to the comparison group.

Methods

Ethical Considerations
All procedures in this study were approved by the Research
Ethics Board of McGill University (number 21-10-040).
Informed consent was obtained prior to study participation; all
participants were informed that they could choose to withdraw
or end their participation in the study at any point without
penalty or prejudice. Participant data have been aggregated for
the purposes of data analysis and publication to respect privacy
and confidentiality. Study participants received compensation
of CAD $50 (US $36.40) via e-transfer for their participation.
This study was registered as a randomized controlled trial on
ClinicalTrials.gov (NCT07086001), and the associated study
checklist is provided in Checklist 1.

Participants
Eligibility criteria included (1) being enrolled as a student at
the university where the study took place and (2) being 18 years

of age or older. Participants consisted of 242 university students
recruited across a large university (193/242, 79.9% women;
mean age 21.15). Participants were randomly assigned to one
of 3 study groups (directed: 65/81 [80.5%] women, mean age
21.31; nondirected: 66/81, 81.5% women, mean age 21.07;
comparison: 62/80, 77.8% women, mean age 21.06).

Resource Development and Content
The development of the web-based resource examined in this
study was informed by 3 key foundational frameworks, namely,
the health theory of coping [7], the theory of emerging adulthood
[12,13], and Stepped Care 2.0 (SC2.0) [52,53]. Specifically,
the health theory of coping provides a conceptual framework
depicting university students’ approaches to coping with stress
and distress across a hierarchical spectrum where the intensity
of the coping behavior is proportional to the intensity of
experienced distress [7]. The theory of emerging adulthood and
research describing general characteristics of this developmental
period were instrumental in informing the topics and content
developed and presented within the digital resource [12,13].
Last, SC2.0 presents a stepped, hierarchical framework for the
organization of campus mental health care and services across
incremental steps of intensity [52,53]. The resource tested within
this study aligns with the lower intensity steps within SC2.0,
and the framework has influenced and informed the screening
and referral to personalized resources (ie, directed vs
nondirected) model tested within this study. In addition, resource
development followed a collaborative approach with a large
team of university students (undergraduate and graduate),
researchers, and university mental health service professionals
consulting at each project stage (eg, conceptualization, material
development, implementation, and data collection).

Overall, the theoretical foundations described above, the
environmental scan of best practices in digital resource creation,
as well as consultations with the project team informed the
scope of topics and content areas to create research-informed
resources with evidence-based strategies and tips. For example,
students particularly requested resources for topics such as
dealing with breakups, managing household responsibilities,
managing stress around finances, setting and maintaining
boundaries, and building social connections, among others. A
priori, it was determined that resources would be presented in
several multimedia formats (ie, text, audio, video, interactive
infographic) to account for the diversity of preferences. In sum,
there were over 50 different resources developed to highlight
evidence-based strategies for healthy coping, addressing a broad
scope of topics relevant to emerging adult university students
in a demanding academic context. All resources were grouped
in 5 main categories: managing stress, which presented strategies
for coping with everyday stressors and enhancing emotion
regulation capacity; enhancing performance, focused on skills
around enhancing academic performance such as motivation,
time management, and responding to academic setbacks;
adulting addressed skills around the transitional life stage such
as career exploration, relational changes (eg, breakups), and
financial management; socializing offered guidance on building
and maintaining meaningful social connections and dealing
with loneliness; and well-being presented strategies that support
psychological resilience such as gratitude, mindfulness, and
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self-awareness. Additionally, a psychoeducation and
information-based section titled Understanding was created to
share general statistics and information pertaining to university
student stress, mental health, and well-being. The website also
presented an additional resources section to connect students
to, and encourage their use of, other services and resources they
are eligible for at the university, in the local community, and
through other websites and apps.

Importantly, given the web-based nature of the resource,
accessibility of digital content was a key consideration
throughout development and implementation. Consistent with
Web Content Accessibility Guidelines 2.0 [54], features across
content included accessible font styles and sizes, high-contrast
color schemes, screen reader compatibility, plain language, and
a mobile-optimized version of the website to support diverse
user needs.

Procedure

Overview
Participants who expressed interest in participating in the study
were asked to complete a brief digital demographics survey to
facilitate their random assignment into the 3 different conditions
within the study; namely, directed to resources based on reported
need in the screening questionnaire (Group 1: directed),
nondirected sharing of all resources (Group 2: nondirected),
and waitlist comparison (Group 3: comparison). Participants
were randomly assigned to the 3 conditions by the study lead
author using IBM SPSS Statistics (version 23) tools, where
participant IDs were randomly organized into 3 separate groups.
Blinding was not deemed necessary as the study was conducted
entirely digitally and directing to the resource was automated.
Responses to the demographic questionnaire were used to ensure
comparable samples across the different conditions in terms of
participants’ age, gender, and program of study. Following
random assignment to the different conditions, all participants
were asked to complete the baseline measures and the screening
questionnaire (described in the measures section below).
Although all participants were asked to complete the brief
screening questionnaire, only those in the directed group
subsequently received personalized instruction on how to use
the resources and strategies provided in the digital resource.

Group 1 (Directed)
Immediately following the completion of the baseline survey,
Group 1 was given access to the website presenting a collection
of stress-management, motivation, healthy coping, well-being,
and socializing resources. Additionally, based on their answers
to the brief screener, Group 1 was directed to one of 3 unique
pages on the website based on their responses on the screening
questionnaire, demonstrating low, moderate, or high need for
support around stress and coping. The directing process was
automated using a scoring algorithm within the survey platform
used in this study (ie, Qualtrics). Details on the screening
questions, algorithm, and cut-off scores are provided in the
Multimedia Appendix 1.

Group 2 (Nondirected)
Participants in Group 2 followed the same procedure as Group
1; however, they did not receive any personalized instruction
and were simply directed to the home page of the website
containing resources.

Group 3 (Comparison)
Participants in Group 3 constituted the waitlist comparison
group. As such, they did not have access to any of the strategies
hosted on the website during the data collection phase of the
study. Participants in Group 3 were asked to complete
web-based surveys identical to those completed by Groups 1
and 2. Although Group 3 did not have access to the strategies
during the project, the full web-based resource was shared with
the comparison group at the end of data collection.

In terms of data collection timeline, all groups completed
measures (detailed in the next section) regarding their stress,
coping, and well-being at the start of the study (baseline: T1),
4 weeks after the start of the study (post: T2), and 8 weeks
following the start of the study (follow-up: T3). In addition,
participants in Groups 1 and 2 completed a brief check-in to
assess resource acceptability 2 weeks after baseline, which is
when the resources were initially shared with participants.

Measures

Screening
The purpose of this screening questionnaire was to assess
students’ varying levels of need for support around stress,
distress, coping, self-efficacy, loneliness, and social support to
enable the directing of Group 1 (directed) to resources that
match their need for stress-management and healthy coping
support. This screener consisted of a 24-item
researcher-designed measure comprised of a mix of single items
assessing coping behaviors, financial stress, and access to
community, as well as short versions of standardized measures
that have been shown to be associated with university students’
overall adjustment and well-being including, perceived stress
[55], coping self-efficacy [56], loneliness [57], social support
[58], and social connectedness [59]. Participants in the directed
group were categorized as indicating high, moderate, or low
need for stress-management and coping support based on their
scores on the researcher-developed screening questionnaire and
were subsequently directed to unique pages of the web-based
resource. The scoring and categorization algorithm is described
in the Multimedia Appendix 1. In brief, cut-off scores were set
as the top/bottom 15th percentile score within the sample for
each section of the screener; ie, stress and coping behaviors
(general stress), perceived stress, coping self-efficacy
(intrapersonal), loneliness, social support, and social
connectedness (interpersonal). Participants with scores meeting
or exceeding the cut-off across the general stress, interpersonal,
and intrapersonal sections were categorized as having a high
need for support. Participants with scores meeting or exceeding
the cut-off in at least one section were categorized as having
moderate need for support. Last, those with scores below the
cut-off across all sections of the screener were categorized as
having low need for support. The distribution of high, moderate,
and low need categories is provided in Table 1. In terms of the
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pages they were directed to, those scoring in the high need
category were directed to comprehensive resources for stress
and coping support in the community, crisis lines, as well as
specific help-seeking strategies (note that no participants in this
study scored in the high need category across groups; thus, they
did not receive the direction described above, and the
implications are discussed in the Results and Discussion
sections). Those indicating moderate need for support were

directed to the full web-based resource and encouraged to use
the presented strategies. Last, those indicating low need for
support were directed to the understanding section of the website
to provide further information around stress and coping, as well
as a list of evidence-based stress-management and healthy
coping strategies for their quick use in the event they feel a
need.

Table . Participant demographic information and screener scores: full sample (n=212) and the subsample of participants (n=177) who reported at least
some use of the digital resource.

SubsampleFull sample

ComparisonNondirectedDirectedComparisonNondirectedDirected

20.81 (2.19)21.04 (3.21)20.70 (1.79)20.81 (2.19)21.17 (3.13)21.22 (2.68)Age (years), mean
(SD)

Gender, n (%)

59 (79.7)41 (83.7)44 (81.5)59 (79.7)54 (81.8)60 (83.3)    Woman

14 (18.9)7 (14.3)10 (18.5)14 (18.9)9 (13.6)11 (15.3)    Man

1 (1.4)1 (2)0 (0)1 (1.4)3 (4.5)0 (0)    Nonbinary

0 (0)0 (0)0 (0)0 (0)0 (0)1 (1.4)    Prefer not to say

Faculty of study, n (%)

5 (6.8)3 (6.1)5 (9.3)5 (6.8)6 (9.1)5 (6.9)    Agriculture &
Environmental Sci-
ence

21 (28.4)13 (26.5)12 (22.2)21 (28.4)17 (25.8)18 (25)    Arts

0 (0)0 (0)1 (1.9)0 (0)0 (0)1 (1.4)    Continuing Stud-
ies

4 (5.4)1 (2)1 (1.9)4 (5.4)1 (1.5)1 (1.4)    Education

0 (0)0 (0)0 (0)0 (0)0 (0)1 (1.4)    Engineering

2 (2.7)2 (4.1)3 (5.6)2 (2.7)4 (6.1)5 (6.9)    Law

24 (32.4)20 (40.8)18 (33.3)24 (32.4)24 (36.4)19 (26.4)    Management

3 (4.1)2 (4.1)1 (1.9)3 (4.1)2 (3)1 (1.4)    Medicine

0 (0)0 (0)1 (1.9)0 (0)0 (0)1 (1.4)    Music

0 (0)1 (2)2 (3.7)0 (0)1 (1.5)3 (4.2)    Nursing

11 (14.9)4 (8.2)8 (14.8)11 (14.9)6 (9.1)13 (18.1)    Science

4 (5.4)3 (6.1)2 (3.7)4 (5.4)5 (7.6)4 (5.6)    Othera

Screener scoreb, n (%)

50 (67.6)29 (59.2)34 (63)50 (67.6)42 (63.6)44 (61.1)    Low need

24 (32.4)20 (40.8)20 (37)24 (32.4)24 (36.4)28 (38.9)    Moderate need

0 (0)0 (0)0 (0)0 (0)0 (0)0 (0)    High need

aThe category of “Other” for Faculty of Study included those in cross-faculty programs (eg, Arts & Science).
bThe scoring algorithm for the screener to determine low, moderate, and high need categories is provided in Multimedia Appendix 1.

Acceptability
Participants’ ratings of the acceptability of the resources and
strategies shared were assessed using a researcher-developed
measure aligned with the Kirkpatrick New World Model for
program evaluation [60]. Specifically, a total of 11 items
assessed participants’ (1) overall satisfaction with the resource
(8 items; eg, “I found the website useful for me”; “The strategies

presented in the website helped me better understand how to
manage my stress and improve my wellness”; “I found that the
website presented valuable strategies and techniques” rated on
a 4-point Likert scale; 1=“strongly disagree” to 4=“strongly
agree”), (2) frequency of actual and planned use of strategies
(2 items; ie, “Over the past two weeks, how often did you use
the strategies presented on the website?” and “Over the coming
weeks, how often do you plan to use the strategies presented
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on the website?” Rated on a 4-point Likert scale; 1=“every day”
to 4=“never”) as well as (3) a single item to rate perceived
impact for their well-being (ie, “Over the past two weeks, how
would you rate the impact of the strategies presented on the
website on your well-being?” Rated on a 4-point Likert scale;
1=“no impact” to 4=“high impact”). Scores were summed for
the first part of the measure depicting satisfaction (ie, items
1‐8), and the remaining items (actual and planned strategy
use, impact on well-being) were analyzed as single-item
responses. Internal consistency of the satisfaction subscale was
good in this study (α=.88, .85, .87 at 2 weeks post baseline, T2,
and T3, respectively). The complete version of the acceptability
questionnaire is presented in the Multimedia Appendix 1.

Stress
Participants’perceived level of general stress was assessed using
the 10-item version of the Perceived Stress Scale (PSS) [61].
This measure is a widely used self-report measure of adults’
perception of stress. The items ask participants to indicate their

experience of stress and the degree to which life situations are
stressful on a 5-point scale; 0=“never” to 4=“very often.” Items
include statements such as “In the last two weeks, how often
have you felt difficulties were piling up so high that you could
not overcome them?” and “In the past two weeks, how often
have you felt nervous and stressed?” Higher scores on the PSS
represent greater perceived stress. The PSS has adequate internal
reliability, construct validity, and predictive validity with reports
of psychological and physical symptoms and the use of health
services [55]. Although the original measure asks participants
to report perceived stress over the last month, the measure was
adapted in this study for consistency of timeline across
measures; therefore, the prompt was adapted to ask that
participants report their perceived stress over the past 2 weeks.
Descriptive statistics for the PSS-10 in this study (Tables 2 and
3) were deemed comparable to those reported among other
university student samples (mean 19.79, SD 6.37) [62]. The
internal consistency of the PSS in this study was good (α=.83,
.84, .85 at T1, T2, T3, respectively).
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Table . Series of 3 (group: active, passive, comparison) × 3 (time: baseline, post, follow-up) mixed design ANOVAs for mental health and well-being
outcomes among a subsample of participants who reported using the strategies presented in the digital resource (n=177).

Comparison (n=74), mean
(SD)

Nondirected (n=49), mean
(SD)

Directed (n=54), mean (SD)Time pointOutcome

Stress

21.92 (6.20)21.96 (6.24)22.09 (5.68)Baseline    Inta,b (F3.807,

331.190=2.571, P=.04,

ηp
2=.029)

21.40 (6.73)19.70 (5.77)20.77 (6.36)Post    METc,d (F1.903,

331.190=6.613, P=.002,

ηp
2=.037)

22.19 (6.92)20.53 (6.35)19.78 (5.46)Follow-up    MEGe (F2, 174=0.770,

P=.46, ηp
2=.009)

Coping self-efficacy

143.78 (42.04)136.66 (37.58)143.10 (36.91)Baseline    Int (F4, 348=2.395,

P=.052, ηp
2=.027)

145.25 (45.41)146.70 (37.24)147.54 (42.91)Post    METd (F2, 348=8.993,

P<.001, ηp
2=.049)

144.81 (43.78)151.35 (39.45)158.55 (38.30)Follow-up    MEG (F2, 174=.0325,

P=.70, ηp
2=.004)

Healthy coping

12.02 (3.56)11.71 (3.11)12.00 (3.94)Baseline    Int (F4, 348=1.978,

P=.098, ηp
2=.022)

12.34 (3.54)12.66 (3.31)13.12 (3.56)Post    METd (F2, 348=15.962,

P<.001, ηp
2=.084)

12.46 (4.07)13.46 (3.17)13.69 (3.90)Follow-up    MEG (F2, 174=0.688,

P=.50, ηp
2=.008)

Unhealthy coping

9.63 (3.93)9.86 (3.15)9.43 (9.43)Baseline    Intb (F3.697,

321.674=2.937, P=.02,

ηp
2=.033)

9.54 (3.57)9.52 (3.01)8.67 (8.67)Post    METd (F1.849,

321.674=9.603, P<.001,

ηp
2=.052)

9.57 (3.60)8.19 (2.98)8.20 (8.20)Follow-up    MEG (F2, 174=1.235,

P=.29, ηp
2=.014)

Well-being

3.24 (0.64)3.16 (0.59)3.09 (0.65)Baseline    Int (F4, 348=0.611, P=.65,

ηp
2=.007)

3.24 (0.77)3.23 (0.59)3.17 (0.66)Post    MET (F2, 348=0.762,

P=.46, ηp
2=.004)

3.19 (0.72)3.19 (0.67)3.18 (0.66)Follow-up    MEG (F1, 174=0.169,

P=.84, ηp
2=.002)

aInt: Interaction.
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bP<.05.
cMET: main effect of time.
dP<.001; Bonferroni correction (P=.05/3=.0167) was used at the level of main effects to account for multiple comparisons.
eMEG: main effect of group.
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Table . Series of 2 (group: resource, comparison) × 3 (time: baseline, post, follow-up) mixed design ANOVAs for mental health and well-being
outcomes after merging the directed and nondirected groups into a single resource group (n=177).

Comparison, mean (SD)Resource group, mean (SD)Time pointOutcome

Stress

21.92 (6.20)22.03 (5.92)Baseline    Inta,b (F1.911, 334.382=3.597,

P=.03, ηp
2=.020)

21.40 (6.73)20.26 (6.08)Post    METb,c (F1.911, 334.382=4.230,

P=.02, ηp
2=.024)

22.19 (6.92)20.14 (5.89)Follow-up    MEGd (F1, 175=1.530, P=.22,

ηp
2=.009)

Coping self-efficacy

143.78 (42.04)140.04 (37.19)Baseline    Intb (F2, 350=4.196, P=.02,

ηp
2=.023)

145.25 (45.41)147.14 (40.12)Post    METe (F1.943, 339.997=5.448,

P=.005, ηp
2=.030)

144.81 (43.78)155.12 (38.83)Follow-up    MEG (F1, 175=0.257, P=.61,

ηp
2=.001)

Healthy coping

12.02 (3.56)11.86 (3.55)Baseline    Intb (F2, 350=3.894, P=.02,

ηp
2=.022)

12.34 (3.54)12.90 (3.43)Post    METe (F2, 350=11.259, P<.001,

ηp
2=.060)

12.46 (4.07)13.58 (3.56)Follow-up    MEG (F1, 175=1.109, P=.29,

ηp
2=.006)

Unhealthy coping

9.63 (3.93)9.63 (3.11)Baseline    Intb (F1.854, 324.520=4.784, P=.01,

ηp
2=.027)

9.54 (3.57)9.08 (2.96)Post    METe (F1.854, 324.520=5.532,

P=.005, ηp
2=.031)

9.57 (3.60)8.20 (3.13)Follow-up    MEGd (F1, 175=1.921, P=.17,

ηp
2=.011)

Well-being

3.24 (0.64)3.13 (0.62)Baseline    Inta (F2, 350=.989, P=.37,

ηp
2=.006)

3.24 (0.77)3.20 (0.63)Post    METc (F2, 350=.513, P=.60,

ηp
2=.003)

3.19 (0.72)3.18 (0.66)Follow-up    MEGd (F1, 175=.367, P=.55,

ηp
2=.002)

aInt: Interaction.
bP<.05.
cMET: main effect of time.
dMEG: main effect of group.
eP<.001; Bonferroni correction (P=.05/3=.0167) was used at the level of main effects to account for multiple comparisons.
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Coping
Participants’belief in their ability to cope with general difficulty
and distress was assessed using the Coping Self-Efficacy Scale
(CSE) [56]. The CSE is a measure of one’s confidence in
effectively engaging in coping behaviors in the face of
challenges. There are 26 items and 3 subscales within the CSE;
namely, problem-focused coping (12 items), emotion-focused
coping (9 items), and social support (5 items). Participants are
asked to rate their confidence in their ability to perform the
listed coping behaviors (eg, “find solutions to your most difficult
problems,” “see things from the other person’s point of view
during a heated argument”) on an 11-point Likert scale;
0=“cannot do at all” to 10=“certainly can do.” Higher scores
on the CSE represent greater belief in one’s own ability to cope
with difficulty. The CSE demonstrated negative correlations
with perceived stress, burnout [56], and emotion regulation
difficulties [63]. Conversely, the CSE is positively correlated
with optimism [56]. In this study, the prompt for this measure
was adapted to ask participants about their confidence in their
ability to perform the listed coping behaviors, specifically over
the past 2 weeks, and the internal consistency of the full CSE
was excellent (α=.93, .95, and .95, at T1, T2, and T3,
respectively).

In addition, the Coping Index (CI) [64] was used to assess
students’engagement in healthy and unhealthy coping behaviors
over the duration of the study. The CI is a 20-item measure of
engagement with healthy (10 items) and unhealthy (10 items)
coping behaviors, which are aligned with the health theory of
coping framework [7]. The measure consists of items that list
common healthy and unhealthy coping behaviors, such as “talk
things over with family or friends,” “do relaxing activities,” or
“have negative self-talk.” Participants are asked to indicate how
often they engage in each behavior listed when they feel stressed
or distressed on a 4-point Likert scale (0= “I don’t do this at
all” to 3= “I do this most of the time”). Higher scores on the
healthy coping subscale indicate greater frequency of
engagement in healthy coping behaviors; similarly, higher scores
on the unhealthy coping subscale indicate greater frequency of
engagement in unhealthy coping in response to stress or distress.
This measure has been found to have satisfactory test-retest
reliability in previous studies (α=.71) [65]. In this study, internal
consistency of the healthy coping subscale was poor (α=.57,
.57, .64 at T1, T2, T3, respectively), and the unhealthy coping
subscale was also poor (α=.53, .53, .58 at T1, T2, T3,
respectively). This is expected and deemed borderline acceptable
for research purposes [66], given that the items within the
subscales of the CI assess unique coping behaviors that may
not necessarily have high agreement between them.

Well-Being
Well-being was assessed using the Warwick-Edinburgh Mental
Well-Being Scale (WEMWBS) [67]. This measure consists of
14 positively worded items assessing overall subjective
well-being. Participants are asked to rate statements such as
“I’ve been feeling good about myself” according to their
experience over the past 2 weeks on a 5-point Likert scale
(1=“none of the time” to 5=“all of the time”). A higher
WEMWBS score represents a higher level of mental well-being.

The WEMWBS has demonstrated good internal consistency
within university students (α=.89) and general population
samples (α=.91). Test-retest reliability after a one-week delay
was also high (α=.83) [67]. The internal consistency of the
WEMWBS in this study was excellent (α=.91, .92, .93 at T1,
T2, T3, respectively).

Data Analytic Plan
The overarching purpose of the study was to examine the
acceptability and the effectiveness of a self-guided digital
resource for university student stress, coping, and well-being
outcomes. Preliminary analyses (ie, a one-way ANOVA,
chi-square tests) were conducted to ensure comparability of the
3 study groups on demographic variables such as age, gender,
and faculty of study at baseline. Given the importance of actual
engagement with the digital resource for the accurate assessment
of acceptability [51], the analyses of acceptability (Objective
1) were conducted both within the full study sample and a
subsample of participants consisting of those who reported using
the resources at least sometimes across all timepoints.
Preliminary descriptive statistics were computed to examine
students’ satisfaction with the digital resource, their reported
and intended use of strategies, and the perceived impact of using
the strategies on their well-being among both the directed and
nondirected groups. Group differences in satisfaction and
strategy use ratings were examined using a series of 2-way
mixed design ANOVAs to examine the effects of condition
(directed vs nondirected delivery of resources) and time
(baseline, post, and follow-up) on student ratings of satisfaction
and strategy use, as well as the reported impact of strategy use
on their well-being. Across all analyses, the Bonferroni
correction was used across at the level of main effects, simple
main effects, and pairwise comparisons to account for multiple
comparisons.

Notably, there were a total of 35 (14.46% of the total sample)
participants (mean age 22.00, SD 3.48; 78.9% women) in the
resource groups that reported never using the presented digital
resource and strategies. In a resource evaluation study, those
who were assigned to a resource group but chose not to engage
with the resource cannot comment on the resources, nor would
we expect the resources to effect a change, and this data may
interfere with the accurate evaluation of the effectiveness of the
resources. Compared with students who reported using the
strategies (n=103; n=177 when including 74 participants from
the comparison group), those who reported never using the
strategies (n=35) were not significantly different on any of the
study variables (stress, coping, and well-being) at baseline.
Therefore, those who reported never using the strategies were
excluded from the subsequent analyses, which were only
conducted among the subsample of participants who reported
using the resource at least sometimes across the 3 timepoints
(directed: n=54, mean age 20.70, SD 1.79, 81.5% women;
nondirected: n=49, mean age 21.04, SD 3.208, 83.7% women;
comparison: n=74, mean age 20.81, SD 2.19, 79.7% women).
The criterion of “at least sometimes” was used to ensure that
participants had some degree of exposure to the web-based
resource, as prior research suggests that even minimal
engagement is necessary for participants to provide informed
feedback on effectiveness and acceptability [51]. This threshold
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was therefore chosen to distinguish between no use and at least
some use of the web-based resource being tested.

Thus, for the accurate assessment of effectiveness (Objective
2), analyses were restricted to the subsample consisting of
participants who reported at least some use of the digital
resource across the study timeline. A series of 3 (condition:
directed, nondirected, waitlist comparison) × 3 (time: baseline,
post, follow-up) mixed-design ANOVAs were used to examine
potential changes in stress, coping, and well-being over time.

Last for objective 3, which sought to examine the overall
effectiveness of the digital resource against a business-as-usual
comparison group, the directed and nondirected groups were
merged into one “resource group” to facilitate this analysis. A
series of 2 (condition: resource group, waitlist comparison) ×
3 (time: baseline, post, follow-up) mixed-design ANOVAs were
used to examine potential changes in stress, coping, and
well-being over time. Across all analyses, follow-up examination
of main effects and simple main effects of group and time was
conducted to locate any observed differences by group or over
time. Bonferroni corrections were used across main effects and
simple main effects analyses to account for multiple
comparisons. IBM SPSS (version 23; IBM Corp) was used for
all analyses in this study.

Results

Preliminary Analyses
Participants were randomly assigned to the directed, nondirected,
and comparison groups following their completion of the

demographic questionnaire. A one-way ANOVA revealed no
differences based on age across the study groups, F2,229=0.139,
P=.87. Two chi-square tests of independence revealed no

associations across the groups by gender, χ2
6=5.9, P=.44, or

faculty of study, χ2
22=18.3, P=.69. Thus, the efficacy of the

randomization and comparability of the study groups was
supported. A total of 19 participants were excluded from all
analyses, given that most of their digital surveys were
incomplete. Missing values analyses demonstrated less than 5%
of missing data within each timepoint and group, which were
imputed using the Expectation Maximization method. There
were 4 univariate outliers identified (z>|3.29|) which were
winsorized for data conservation. Thus, the final study sample
consisted of 212 participants (mean age 21.06, SD 2.67, 81.6%
women). As noted above, this study also considered the
subsample of participants who reported at least some use of the
strategies shared on the web-based resource (Figure 1 displays
the participant flow diagram). Demographic characteristics and
screener scores of both the full sample and the subsample of
participants are displayed in Table 1. Interestingly, participants’
scores on the screener indicate either low or moderate need for
stress-management and healthy coping support, with no
participant scores signaling high need. The proportion of low
versus moderate need, as indicated by screener scores, was
comparable across all study groups (directed, nondirected, and
comparison).
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Figure 1. Participant flow diagram.
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Objective 1: Acceptability of the Self-Directed Digital
Resource as Assessed by Group Differences (Directed
Vs Nondirected) Over Time (Baseline to Follow-up)
on Overall Resource Satisfaction, Actual and Planned
Strategy Use, and Perceived Impact on Well-Being
Participants in both the directed (Group 1) and nondirected
(Group 2) conditions rated the digital resource very highly, with
specific ratings across the acceptability questionnaire for each
group across time depicted in the Multimedia Appendix 1.
Overall, participants indicated that the strategies presented in
the digital resource were valuable (90% and 92% agreed in
Groups 1 and 2, respectively), presented in an engaging manner
(83% and 86% in Groups 1 and 2, respectively), and easy to
understand (93% and 94% in Groups 1 and 2, respectively).
Similarly, up to 83% of those in the directed group and 79% of
those in the nondirected group agreed that the strategies
presented helped them better understand how to manage their
stress and improve their wellness.

A 2-way mixed design ANOVA to assess group differences
over time for overall satisfaction with the digital resource (sum
score of acceptability items 1 to 8) revealed no significant group

by time interaction; F1.764,206.390=0.015, P=.98, ηp
2=.000 (Table

4). Similarly, no interactions were found for strategy use,

F1.793,208.039=.204, P=.79, ηp
2=.002; planned strategy use,

F2,232=1.554, P=.21, ηp
2=.013; and perceived impact of strategy

use on well-being; F2,234=0.067, P=.93, ηp
2=.001. Analyses of

main effects revealed no significant changes in strategy use over
time using the Bonferroni correction; F1.793,208.039=3.576, P=.03,

ηp
2=.030. Similarly, there was no significant main effect of time

(MET) for participants’ ratings of perceived impact of strategy

use on their well-being; F2,234=3.694, P=.03, ηp
2p2=.031. Thus,

the first hypothesis (H1), expecting higher overall acceptability
(satisfaction, strategy use, and impact on well-being) within the
directed group, was not supported, with both groups reporting
comparably high levels of acceptability for the digital resource.
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Table . Series of 2 (group: directed, nondirected) × 3 (time: pre, post, follow-up) mixed design ANOVAs for acceptability of web-based resource.

Nondirected, mean (SD)Directed, mean (SD)Time pointSample and outcome

Full sample (directed: n=54; nondirected: n=49)

    Satisfaction sum

23.91 (3.02)23.60 (4.57)Pre        Inta (F1.764, 206.390=0.015,

P=.98, ηp
2=.000)

23.77 (3.13)23.52 (3.85)Post        METb (F1.764, 206.390=1.332,

P=.27, ηp
2=.011)

24.23 (3.87)24.03 (4.00)Follow-up        MEGc (F1, 117=0.176, P=.68,

ηp
2=.002)

    Strategy use

3.04 (0.51)3.10 (0.50)Pre        Inta (F1.793, 208.039=0.204,

P=.79, ηp
2=.002)

3.05 (0.52)3.05 (0.52)Post        METd (F1.793, 208.039=3.576,

P=.03, ηp
2=.030

2.93 (0.54)2.95 (0.68)Follow-up        MEGc (F1, 116=0.097, P=.76,

ηp
2=.001)

    Planned strategy use

2.61 (0.65)2.76 (0.56)Pre        Inta (F2, 232=1.554, P=0.21,

ηp
2=.013)

2.66 (0.58)2.61 (0.66)Post        METb (F2, 232=1.696, P=.19,

ηp
2=.014)

2.70 (0.63)2.79 (0.68)Follow-up        MEGc (F1, 116=0.479, P=.49,

ηp
2=.004)

    Impact on well-being

2.39 (0.76)2.44 (0.82)Pre        Inta (F2, 234=0.067, P=.93,

ηp
2=.001)

2.48 (0.81)2.54 (0.78)Post        METb (F2, 234=3.694, P=.03,

ηp
2=.031)

2.55 (0.74)2.65 (0.83)Follow-up        MEGc (F1, 117=0.317, P=.58,

ηp
2=.003)

Subsample (directed: n=46; nondirected: n=41)

    Satisfaction sum

24.83 (2.62)24.57 (4.08)Pre        Inta (F1.696, 144.162=0.266,

P=.73, ηp
2=.003)

24.63 (2.89)24.41 (3.12)Post        METb (F1.696, 144.162=1.894,

P=.16, ηp
2=.022)

25.07 (2.92)25.26 (3.14)Follow-up        MEGc(F1, 85=0.032, P=.86,

ηp
2=.000)

    Strategy use
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Nondirected, mean (SD)Directed, mean (SD)Time pointSample and outcome

Full sample (directed: n=54; nondirected: n=49)

2.85 (0.36)2.89 (0.31)Pre        Inta (F1.610, 135.257=0.479,

P=.58, ηp
2=.006)

2.85 (0.36)2.85 (0.36)Post        METb (F1.610, 135.257=3.447,

P=.04, ηp
2=.039)

2.78 (0.42)2.72 (0.54)Follow-up        MEGc (F1, 84=.009, P=.92,

ηp
2=.000)

    Planned strategy use

2.44 (0.63)2.62 (0.49)Pre        Inta (F2, 168=1.810, P=.17,

ηp
2=.021)

2.54 (0.55)2.49 (0.66)Post        METb (F2, 168=1.343, P=.26,

ηp
2=.016

2.63 (0.62)2.60 (0.62)Follow-up        MEGc (F1, 84=0.108, P=.74,

ηp
2=.001)

    Impact on well-being

2.66 (0.57)2.70 (0.66)Pre        Inta (F2, 170=0.665, P=.51,

ηp
2=.008)

2.78 (0.57)2.83 (0.57)Post        METb (F2, 170=5.299, P=.01,

ηp
2=.059)

2.80 (0.51)2.98 (0.49)Follow-up        MEGc (F1, 85=0.811, P=.37,

ηp
2=.009)

aInt: Interaction.
bMET: main effect of time.
cMEG: main effect of group.
dP<.05, Bonferroni correction (P=.05/2=.025) was used at the level of main effects to account for multiple comparisons.

Given the importance of strategy and resource use for the
accurate assessment of acceptability and effectiveness (Figure
2), the same analyses were repeated among the subsample of
participants who reported using the strategies presented in the
web-based resource at least sometimes across all 3 timepoints
(baseline to follow-up). Results revealed no statistically
significant group by time interaction for overall satisfaction;

F1.696,144.162=0.266, P=.73, ηp
2=.003, strategy use;

F1.610,135.257=0.479, P=.58, ηp
2=.006, planned strategy use;

F2,168=1.810, P=.17, ηp
2=.021, and perceived impact on

well-being; F2,170=0.665, P=.51, ηp
2=.008 (Table 4).

Examination of main effects revealed no significant changes in
strategy use over time for both groups using the Bonferroni

correction; F1.793,135.257=0.479, P=.04, ηp
2=.039. Impact on

well-being also did not change over time for both the directed

and nondirected groups; F2,170=5.299, P=.01, ηp
2=.059. Overall,

contrary to the first hypothesis (H1), the directed and
nondirected groups did not differ in terms of overall resource
acceptability, strategy use, plan for strategy use, and reported
impact of strategy use on well-being.
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Figure 2. Percentage of participants reporting strategy use frequency in directed and nondirected groups, illustrating adherence to strategy use across
Time 1, Time 2, and Time 3.

Objective 2: Effectiveness of the Self-Directed Digital
Resource as Assessed by Group Differences (Directed
Vs Nondirected Vs Comparison) Over Time (Baseline,
Post, and Follow-Up) on Stress, Coping, and
Well-Being Outcomes
A series of 2-way mixed design ANOVAs was conducted to
assess group (directed, nondirected, and comparison) by time
(baseline; T1, post; T2, follow-up; T3) interactions for stress,
coping (coping self-efficacy, healthy coping, unhealthy coping
behaviors), and well-being outcomes. As depicted in Table 2
and Figure 3, results revealed significant group-by-time
interactions for stress and unhealthy coping; however, no
significant interactions were found for coping self-efficacy,
healthy coping, or well-being. Partially supporting hypothesis
H2a, the directed group demonstrated significant improvements
across stress and unhealthy coping in contrast to the comparison
group; however, there were no differences between the directed
and nondirected groups. Hypothesis H2b pertaining to changes
in stress, coping, and well-being in the directed group relative
to the comparison group was also partially supported.

Examination of simple main effects of group using the
Bonferroni correction revealed no differences between groups
for either stress or unhealthy coping across any of the timepoints.

Patterns for the simple MET indicate that stress (P=.01,  p
2=.078)

and unhealthy coping (P=.01,  p
2=.10) decreased over time

within both the directed and nondirected groups but stayed
stable across timepoints within the comparison group (Figure
3). Specifically, the observed decrease in stress took place
between T1 and T3 (P=.008) for the directed group, and between
T1 and T2 (P=.003) for the nondirected group. Unhealthy coping
decreased between T1 and T3 in both groups (directed: P=.007,
nondirected: P=.001), and the decrease between T2 and T3
(P=.001) was significant for the nondirected group.

Analyses of main effects for the nonsignificant interactions
revealed a significant MET for coping self-efficacy (P<.001,

 p
2=.049) and healthy coping (P<.001,  p

2p2=.084) with pairwise
comparisons using the Bonferroni correction revealing a
significant increase in coping self-efficacy from T1 to T3
(P<.001). Similarly, healthy coping showed a significant
increase from T1 to T2 (P=.001) and from T1 to T3 (P<.001)
across all groups.
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Figure 3. Scores on perceived stress and unhealthy coping by time and group (directed, nondirected, and comparison), depicting simple main effects
and pairwise comparisons for each outcome.

Objective 3 (Merged Groups): Effectiveness of the
Self-Directed Digital Resource as Assessed by Group
Differences (Resource Group Vs Comparison) Over
Time (Baseline, Post, and Follow-Up) on Stress,
Coping, and Well-Being Outcomes
A series of 2-way mixed design ANOVAs was conducted to
assess group (resource group; merged directed and nondirected
vs comparison) by time (baseline; T1, post; T2, follow-up; T3)
interactions for stress, coping (coping self-efficacy, healthy
coping, unhealthy coping behaviors), and well-being outcomes.
As depicted in Table 3, significant group-by-time interactions
were found for stress and coping outcomes, although no
interaction was detected for well-being. As expected, results
revealed significant decreases in stress and unhealthy coping,
as well as increases in coping self-efficacy and healthy coping
among the resource group over time, in contrast to the
comparison group. Thus, hypothesis H3 was partially supported,
given that no changes in well-being were detected.

Analyses of simple main effects of time and group for the
outcomes of stress, coping self-efficacy, healthy, and unhealthy
coping are presented in Figure 4. In terms of the simple main
effects of time, the resource group showed significant decreases

in stress (P=.001,  p
2=.073) and unhealthy coping (P<.001,

 p
2=.110), and significant increases in coping self-efficacy

(P<.001,  p
2=.087) and healthy coping (P<.001,  p

2=.133) over
time, in contrast to the comparison group. The observed changes
over time took place between T1 and T3 for all outcomes (Figure
4), with significant changes detected between T1 and T2 for
stress (decrease; P=.001) and healthy coping (increase; P=.002).
Furthermore, coping self-efficacy significantly increased (P=.01)
and unhealthy coping decreased (P=.002) between T2 and T3
within the resource group. In terms of the simple main effect
of group, the resource group reported significantly lower

unhealthy coping (P=.008,  p
2=.04) at the follow-up timepoint

in contrast to the comparison group; no other group differences
were detected between the resource and comparison groups.
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Figure 4. Scores on stress and coping outcomes by time and group (resource, comparison), depicting simple main effects of time and group as well as
pairwise comparisons for each outcome.
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Discussion

Principal Findings
This study sought to examine the acceptability and effectiveness
of sharing a collection of evidence-based stress-management
and healthy coping strategies and multimedia resources on a
website for university students’ self-directed use. Overall,
students rated the resources and strategies presented on the
website very highly, with comparably high rates of satisfaction
reported by both those who received personalized
recommendations after screening (ie, directed) and those who
did not receive personalized recommendations (ie, nondirected).
This finding is consistent with previous studies reporting high
levels of receptivity and interest for digital, self-directed support
options among university populations [32,42,68]. However, it
was interesting that there was no added benefit of the screening
and sharing personalized recommendations approach within
this study. It is possible that high satisfaction with the overall
web-based resource and the breadth of information shared
constitutes a ceiling effect that prevented the detection of any
unique benefits of screening in this study. This is consistent
with previous findings where university students reported high
levels of satisfaction with a self-directed, video outreach
program [69]. These results potentially allude to students’ high
receptivity to information about stress management and healthy
coping that is presented in multimedia, self-paced, and visually
engaging formats. Furthermore, it is possible that the use of
emerging adulthood as a developmental framework and the
inclusion of students as part of the project team across all stages
of resource development and evaluation contributed to the
creation of materials that were particularly relevant for students
and were ultimately very well received.

A small proportion of students (35/242, 14.50%) reported never
using the digital resource and strategies over the duration of the
study. While issues with resource uptake and use were expected,
given earlier research findings [36,38,51], it was encouraging
that the majority of participants (77/242, 83.49%) reported at
least some use of the self-directed website in this study.
Exclusion of the subgroup of participants reporting no uptake
did not impact the findings of acceptability, revealing
comparably high levels of satisfaction across both study groups
over time.

In terms of effectiveness, stress and engagement in unhealthy
coping behaviors both decreased in the directed and nondirected
groups, with no changes observed in the comparison group.
Overall, these findings suggest that using the digital resource
led to improvements in stress and unhealthy coping; however,
there was no added benefit of the screening and referral
approach. It is possible that screening had no impact in this
study because (1) the researcher-developed measure may not
have been sensitive enough to identify groups of need that were
meaningfully distinct, or (2) students’ need for support was
limited in variability in the study sample. If the sample included
a greater proportion of students demonstrating a high need for
stress management and healthy coping support, they may have
benefited to a greater extent from receiving personalized
resources.

Finally, the 2 resource groups (directed and nondirected) were
merged to examine the effectiveness of the overall digital
resource against the comparison group for the same outcomes
(ie, stress, coping self-efficacy, coping behaviors, and
well-being). Findings revealed significant improvements across
stress and coping, although there was no effect on well-being.
As hypothesized, stress and unhealthy coping decreased,
whereas coping self-efficacy and healthy coping increased from
baseline to follow-up among the resource group, with no
changes detected in the comparison group. Additionally, the
pattern of change was similar across the outcomes where
changes were detected for stress and healthy coping between
baseline and post timepoints, and changes for coping
self-efficacy and unhealthy coping detected between post and
follow-up timepoints. Contrary to what was expected, there
were no changes in well-being across any of the groups over
time. This finding contradicts that of Chung et al [36], who
reported significant improvements in well-being (using the same
measure) following students’ use of a digital self-directed
mindfulness program for university students. However, the
timeline between baseline and follow-up assessments was
shorter in this study (10 wk) in comparison to the 14 weeks
between baseline and follow-up in the study by Chung et al
[36]. It is therefore possible that additional time is needed to
detect changes in subjective well-being in response to
engagement with self-directed programming.

Taken together, the findings support the effectiveness of sharing
stress-management and healthy coping resources on a
self-directed digital platform for improving university students’
stress and coping outcomes while demonstrating that the
web-based resource was well-received. This study builds on the
emerging evidence base highlighting the promise of enhancing
university student stress management and coping capacity
through universal, digital, self-directed supports [36,69].
Furthermore, findings demonstrate the potential value of
extending low-intensity support options (ie, lowest steps within
Stepped Care 2.0) [52] beyond the context of clinical service
delivery to benefit students [70]. Given problems with
help-seeking on campus [43,44], the integration of low-intensity,
self-directed stress-management and coping support across the
whole university can function to proactively connect students
with evidence-based resources.

Contributions
The unique contribution of this study towards research and
practice in supporting university students’ stress management
and healthy coping is threefold. First, this study contributes to
the small but growing evidence base demonstrating the
feasibility, acceptability, and effectiveness of low-resource,
self-directed programming for supporting students’ stress and
coping outcomes in demanding university environments [36,69].
Second, this study responds to calls for enhancing access to
freely available and trustworthy digital resources for managing
stress and coping capacity as a supplement to existing mental
health services on campus [39,42,71]. Similarly, this study
responds to calls to specifically promote the availability of
evidence-based strategies for healthy coping in university
environments to support coping capacity and mitigate the
negative impacts of engaging in unhealthy coping behaviors
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[7,22,41]. Third, this study presented the first adaptation of the
clinical screening and referral to stepped care approach for use
across the general university student population to connect them
with lower-intensity resources proportional to their reported
level of need for stress-management and healthy coping
information. While there was no evidence for a differential
benefit of this adapted approach in this study, the results suggest
that the screening and directing approach may vary in its
effectiveness if used with those with low needs and may only
be beneficial when targeting those with a more severe need for
support around stress and coping. Last, the web-based,
self-directed resource format tested in this study is scalable to
other higher education contexts and adaptable to university
student populations. The current format allows for low-resource,
wide-reaching, and sustainable implementation of student stress
and coping support compared with more resource-intensive
formats, such as in-person or synchronous options. While the
format is inherently scalable, challenges exist at the development
and implementation stages, including the initial investment in
material development, integration with institutional digital
infrastructure, and promotion to ensure student use and
engagement. Nonetheless, this upfront effort is worthwhile, as
the resource offers sustainable, flexible support with
demonstrated benefits for university student stress and coping.

Limitations and Future Directions
Study findings must be interpreted with consideration of the
following limitations. First, the timeline of the evaluation study
was constrained to a relatively brief 10-week period. Although
this timeframe allowed for a focused examination of the specific
variables under consideration, it also limits the ability to capture
longer-term effects or variations that could emerge over an
extended period. Future studies with extended timelines are
warranted to explore the sustainability and long-term impacts
of web-based, self-directed resources to support university
student stress management and coping capacity. Second, one
of the measures used (ie, the Coping Index; CI) [64], exhibited
poor internal consistency within the health and unhealthy coping
subscales. While it was included in this study, given the
measure’s direct alignment with the theoretical foundations of
the study (ie, health theory of coping) [7], caution is advised
for future uses of this measure in research in the absence of
psychometric validation. Third, students identifying as women
were overrepresented in the study sample, which impacts the
generalizability of findings. While this is commonly observed
across social science research [72], it is crucial for future studies
to explore means of engaging participants who represent a more

diverse range of gender identities. Fourth, the lack of impact of
the screening and directing approach tested within this study
could be due to the use of a researcher-developed screening
questionnaire and algorithm to facilitate the directing. It is
possible that the screening questionnaire was not effective in
delineating low, moderate, or high need groups. Future research
could consider establishing the validity and sensitivity of the
screener measure ahead of examining the effectiveness of the
screening and directing approach in the context of an
intervention. Fifth, although the web-based resource tested in
this study was designed to enhance access to stress and coping
supports in the university context, it should be acknowledged
that access to reliable internet, personal devices, or private
spaces to engage with the content is not universal. These issues
present barriers and may affect the generalizability of the
findings and the scalability of the resource across diverse higher
education settings. As research on digital mental health and
well-being programming advances, it is essential to consider
and address barriers related to digital equity to ensure broad
and inclusive access to support. Finally, a notable limitation in
this study is the absence of consideration of intraindividual
identity factors (eg, gender, racial/ethnic identity) or lived
experience (eg, history of mental illness and/or trauma).
Although this study demonstrates the acceptability and
effectiveness of a web-based, self-directed resource for
supporting university students’ stress-management and coping
capacity, what remains to be explored is the potentially
differential acceptability and effectiveness of the self-directed
support option as a function of intraindividual identity factors.

Conclusions
In summary, this study highlights the acceptability and
effectiveness of a self-directed, web-based resource providing
evidence-based stress-management and healthy coping strategies
for university students. Results indicate that students tended to
like the overall resource and were satisfied with the content and
format of the information presented, although there was no
added benefit of the screening and directing approach in this
study. Importantly, students’ engagement with the resource and
use of the strategies led to improvements in stress, their belief
in their capacity to cope, and their engagement in healthier
coping behaviors. Thus, the web-based resource evaluated in
this study demonstrates promise for supplementing existing
mental health services on campus to provide additional support
for managing stress and enhancing coping capacity among
university students.
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Abstract

Background: The availability of telebehavioral health care dramatically increased in response to the COVID-19 pandemic
among both civilian and military populations. After the restrictions were lifted, telebehavioral health use decreased but remained
elevated compared to before the pandemic. Examining the use of treatment modalities and how they relate to care metrics can
inform the future delivery of behavioral health care.

Objective: This study aimed to explore behavioral health use patterns by treatment modality (telehealth, in-person, and hybrid
care) among active duty service members with at least 1 of 12 behavioral health conditions. Treatment modality groups were also
compared on the number of visits and between-visit intervals to determine the association with care metrics.

Methods: The study included 588,928 active duty service members who completed at least 6 months of continuous service
during the study period (October 1, 2015, to September 30, 2021) and received care for at least 1 behavioral health condition of
interest. Personnel and demographic data were matched with medical reimbursement records. Diagnostic and treatment procedure
codes were extracted for each health care visit. For each service member in the study population, the total number of behavioral
health visits, modality of each visit, and average duration of time between visits were calculated.

Results: Overall, 59.57% (350,843/588,928) of service members received only in-person care during the 6-year study period,
4.12% (24,245/588,928) received only telehealth, and 36.31% (213,840/588,928) received hybrid care. For 8 (66.7%) of the 12
behavioral health conditions (eg, alcohol use disorder, attention-deficit/hyperactivity disorder, generalized anxiety disorder, major
depressive disorder, panic disorder, posttraumatic stress disorder, substance use disorder, and suicidal behavior), service members
were more likely to receive hybrid care, whereas the other 4 (41.7%) conditions (eg, acute stress disorder, adjustment disorder,
insomnia, and suicidal ideation) were more likely to be associated with in-person care. Service members who received hybrid
care averaged 8 times more visits than those using only telehealth and 3 times more visits than those receiving only in-person
care. For most conditions, service members who received in-person care only averaged the longest intervals between visits,
whereas those who used telehealth care only averaged the shortest intervals. Among specific behavioral health conditions, average
intervals were longest among those with attention-deficit/hyperactivity disorder, acute stress disorder, and insomnia (79‐89 d)
and shortest among those with suicidal behavior, substance use disorder, and alcohol use disorder (25‐38 d).

Conclusions: Telebehavioral health care was commonly used in combination with in-person care and associated with more
health care visits and the least amount of time between visits, revealing advantages of offering telehealth within the Military
Health System. Findings support a flexible care delivery approach that includes various modalities, such as telehealth, in-person,
and hybrid options to address the behavioral health needs of service members.

(JMIR Ment Health 2026;13:e83809)   doi:10.2196/83809
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Introduction

Background
Behavioral health care delivered via telehealth is not a new
practice in the United States; however, the COVID-19 pandemic
led to a rapid increase in the capability and accessibility of this
treatment modality among both civilian and military populations.
Telehealth is broadly defined by the American Telemedicine
Association as a “mode of delivering healthcare services through
the use of telecommunications technologies ...by a healthcare
practitioner to a patient at a different physical location than the
healthcare practitioner” [1], and the term has been used
interchangeably with telemedicine, teletherapy, mobile health,
eHealth, and digital health delivery across the literature.
Telebehavioral health served a critical need during the pandemic,
especially as nationally representative civilian data [2] showed
dramatic increases in behavioral health symptoms and distress
resulting from the pandemic. Among military populations across
5 countries, resiliency was demonstrated early in the pandemic.
However, mental health worsened, and stress levels increased
over time for certain subpopulations, such as service members
who were deployed to provide aid and assistance in response
to COVID-19 [3]. Telehealth provided a way to manage
behavioral health needs across civilian and military populations
during the pandemic by maintaining social distancing
requirements and addressing gaps in care delivery. These
characteristics support the ongoing and increased availability
of this treatment modality.

For telehealth during the COVID-19 pandemic more generally,
nationally representative civilian data showed that rates of
telehealth visits increased by 17% during the first 6 calendar
months of 2020 (from 0.8 to 17.8 visits per 1000 enrollees),
whereas in-person visits decreased 26% (from 102.7 to 76.3 per
1000 enrollees) [4]. The increase in telehealth use was also
evident among active duty service members, as telehealth visits
increased by 20-fold, with 2,891,865 visits in 2020 compared
to 138,138 in 2019 [5]. For behavioral health conditions more
specifically, telehealth visits were approximately 25% higher
during March through September 2020 compared with the same
period in 2019 [6]. Rates of telebehavioral health visits among
active duty service members peaked in April 2020 and declined
by mid-June [6-8], a trend also observed across 11 behavioral
health conditions [7]. Clark et al [6] further observed that
military telebehavioral health visit rates stabilized after June
2020 but were consistently elevated compared with the prior
year, implying that telehealth had become a larger part of the
health care landscape and an option more readily available than
before the pandemic. However, less is known about how the
use of telebehavioral health fits within service members’overall
treatment use.

Although telehealth rates increased dramatically at the start of
the pandemic, telehealth use had steadily increased over the
prior decade [9,10]. Telehealth offers solutions to several
barriers to in-person behavioral health care for patients,
providers, and health care systems. For example, across patient
populations, telebehavioral health can eliminate geographic
constraints by delivering care to patients in remote and rural

areas and those with provider shortages [11-15]. In the military,
service members in austere, far-forward, and shipboard locations
can receive telebehavioral health care, potentially reducing
resource- and cost-intensive medical evacuations [16], for which
behavioral health conditions are a leading cause [17,18].
Telebehavioral health also accommodates patients who prefer
to receive care in their own home due to concerns related to
mobility or to privacy and/or psychological comfort [11,12,19].
A private setting of the patient’s choosing may facilitate care
seeking among those who otherwise would not receive care in
a traditional medical facility due to perceived stigma—a barrier
for many populations, especially the military [12,20-25]. These
potential advantages of telehealth may also vary within military
contexts. For example, an officer receiving behavioral health
care on base may benefit from the privacy of telehealth, whereas
a junior-enlisted service member living in barracks or quarters
may have difficulty finding a private space to attend telehealth
sessions. The options of telehealth and other delivery modalities
allow service members the opportunity to access behavioral
health care in ways that may best address their treatment needs.

Importantly, evidence suggests that psychotherapies delivered
via telehealth are generally as effective at reducing behavioral
health symptoms as in-person treatment in both civilian and
military populations [22,26-28]. Furthermore, many patients
receiving telebehavioral health reported similar relationship
building with their therapist, comparable to in-person treatment
[29,30]. For providers, telebehavioral health can result in
increased clinical efficiency by reducing time to care initiation
[31], shortening care episodes [32], and facilitating faster
appointments and decreasing the frequency of no-shows [33].
Both patients and providers may experience a reduction in
treatment-related expenses due to lower costs associated with
travel, transportation, time, and missed work [19,34-37]. Health
systems also benefit through reduced use of medical supplies,
lower facility fees, and lower overhead costs [38]. In the Military
Health System (MHS), the opportunity cost savings of
telebehavioral health were determined to be over US $1.1
million for officers and US $740,000 for enlisted service
members compared with in-person visits in 2020 [31]. Taken
together, telebehavioral health provides numerous advantages
for patients, providers, and health care systems and overcomes
barriers associated with distance, preference, and cost.

Although telebehavioral health offers many benefits for care
delivery, there are challenges, and it may not be suited for all
patients. A main concern involves technology, such as
competence with technology, comfort communicating over
video conferencing, internet quality and connectivity, experience
with software, and hardware that can restrict optimal
performance [11,14,15,24,36,37,39]. Technology access issues
may also exist in the very military settings where there is a
critical need for telehealth care—austere, far forward, and
shipboard locations. Socioeconomic factors affecting
technological access and familiarity could also create a situation
of digital exclusion from telehealth [40,41], leading to health
care disparities. For example, while telehealth can promote
patient privacy and comfort, some may lack a safe or private
space, experience disruptions in their environment [11,14,42],
or may not be able to afford fast connection speeds or updated
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devices that support telehealth use [43]. Additionally, although
research generally shows comparable outcomes for telehealth
and in-person psychotherapy [22,26-28], there are clinical
subgroups that appear to benefit more from in-person treatment.
Specifically, treatments for depression showed better outcomes
when delivered in person than through telehealth [44]. Other
subgroups with higher hopelessness or anxiety symptom severity
also showed better outcomes for in-person care versus telehealth
[26], and individuals with greater symptom severity and
behavioral health comorbidities may be better matched to
in-person treatment [45,46]. Given the differences between
telebehavioral health and in-person treatment, it is important to
understand the use of these modalities over time, including
when used in combination.

Objectives
Most existing research examining the expansion of telehealth
use in response to the pandemic either assessed telehealth alone
or changes in telehealth and in-person care as single modalities
[4-6,32]; limited research has explored the combined use of
telehealth and in-person care (ie, “hybrid” care). An exception
is a recent RAND study conducted by Hepner et al [8], who
reported that most service members who began behavioral health
treatment in the early months of the pandemic received a hybrid
of telehealth and in-person visits. This study examined the
corresponding 6-month periods in 2019 and 2020 and focused
on 3 diagnoses (ie, posttraumatic stress disorder [PTSD],
depression, and substance use disorder [SUD]).

This study built on these findings by evaluating behavioral
health use patterns by treatment modality (ie, telehealth,
in-person, and hybrid care) among active duty service members
with at least one of the 12 behavioral health diagnoses of interest
over a 6-year period that extended to September 2021.
Furthermore, the modalities were compared on the number of
visits and between-visit intervals to determine whether the
modalities were associated with care metrics. Study results can
inform the future delivery of behavioral health care to service
members, supporting the aims of the Department of Defense
[47] and the Defense Health Agency [48]. On a broader level,
this study raises considerations for flexible delivery, personal
choice, and shared decision-making in behavioral health care
[22,49,50].

Methods

Data Sources
The base population consisted of active duty military service
members with at least 6 months of continuous service during
the study period (October 1, 2015, to September 30, 2021) and
who received care for at least 1 behavioral health condition of
interest. The study period began in 2015, as telehealth care was
seldom used in the MHS before this time [7,51,52]. The 12
behavioral health conditions of interest included acute stress
disorder (ASD), adjustment disorder, alcohol use disorder
(AUD), attention-deficit/hyperactivity disorder (ADHD),
generalized anxiety disorder (GAD), insomnia, major depressive
disorder (MDD), suicidal behavior, panic disorder, PTSD, SUD,
and suicidal ideation. These selected behavioral health

conditions are common in military populations and have been
explored in prior research using similar data sources [7,53].

Personnel and demographic data were derived from the Career
History Archival Medical and Personnel System and then
matched with specific diagnoses from medical reimbursement
records housed in the MHS Data Repository (MDR). The MDR
contains health care data from TRICARE (ie, the military health
care program) or TRICARE-reimbursed facilities, which include
both military and civilian treatment facilities. The medical data
captured reflects services used that were reimbursed by
TRICARE, whether elective or mandated by a service member’s
command (eg, command-directed substance use treatment).
Therefore, MDR data represent the use of health care services,
but not necessarily a preference for the care received.

Behavioral health diagnoses were identified based on records
containing both (1) International Classification of Diseases,
10th Revision (ICD-10) [54], codes denoting conditions of
interest; and (2) corresponding Current Procedural Terminology
or Healthcare Common Procedure Coding System codes
indicating the treatment modality (telehealth vs in-person) of
each health care visit. Visits were only included if behavioral
health treatment was provided for at least one of the eligible
diagnoses. Behavioral health treatment included services such
as individual psychotherapy, family or group therapy, diagnostic
or psychological testing, health behavior interventions,
psychiatry evaluation and management, and substance use
treatment and intervention. Behavioral health visits were further
classified as either in person or telehealth using relevant Current
Procedural Terminology and Healthcare Common Procedure
Coding System codes [8]. For example, 99443 designates a
telephone evaluation or management visit lasting 21 to 30
minutes, and modifier code “95” denotes a synchronous
audio-video visit delivered to a patient not located at a military
treatment facility. These codes can be found in Multimedia
Appendix 1.

For each service member in the sample, the total number of
behavioral health visits, the modality of each visit, and the
average duration of time between visits were calculated.
Demographic data included sex, race and ethnicity, service
branch, age, and rank at the first behavioral health visit.

Ethical Considerations
The study protocol was approved by the Naval Health Research
Center Institutional Review Board (NHRC.2022.0005) in
compliance with all applicable federal regulations. This study
used archival data, and therefore, informed consent and
compensation were not part of the study. Data were accessed
and protected following federal and US Department of Defense
regulations.

Statistical Analyses
Descriptive statistics were computed for all demographic
variables, behavioral health conditions, and frequency of visits
(total number of visits and average time between visits) for the
full sample and then separately for each of the 3 care modality
groups (ie, telehealth, in-person, and hybrid care). Chi-square
tests of independence were used to assess the demographic
distribution across treatment delivery modalities. As most

JMIR Ment Health 2026 | vol. 13 | e83809 | p.365https://mental.jmir.org/2026/1/e83809
(page number not for citation purposes)

Walter et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


demographic characteristics were categorical, post hoc tests
were used to identify differences in treatment delivery modality
against a reference group within each categorical demographic
variable. Reference groups included non-Hispanic White race
and ethnicity, the Marine Corps service branch, and junior
enlisted rank. Cramer V statistics were then computed to
determine the effect size of differences (with a large effect size
defined as a Cramer V value of ≥0.15) between these groups.

Chi-square tests of equal proportions were used to assess
statistical significance in the distribution of care across treatment
delivery modalities for each of the 12 behavioral health
conditions of interest. As the use of telehealth alone was less
frequent than only in-person care or the hybrid of telehealth and
in-person care during the observation period, post hoc tests were
run to determine differences between in-person and hybrid care.

ANOVA tests were computed to assess differences in the
average number of visits and the average time between visits
across the 3 treatment delivery modality groups, both for care
overall and for each specific behavioral health condition. An

η2 statistic assessed the effect size of the results. In cases where
the effect size was medium (0.06‐0.13) or large (≥0.14), a post
hoc Tukey test was conducted to identify differences between
the 3 treatment delivery modality groups for each behavioral
health condition.

Results

Demographics
A total of 622,452 service members received care for the
behavioral health conditions of interest during the study period
and had at least 6 months of continuous service. After removing
those with incomplete personnel records (n=33,524, 5.39%),
the study sample consisted of 588,928 service members. Overall,
350,843 (59.57%) service members received only in-person
care during the study period, 24,245 (4.12%) received only
telehealth, and 213,840 (36.31%) received a hybrid of in-person
and telehealth care.

Both omnibus and subsequent post hoc chi-square tests of
independence revealed statistically significant differences in
care use within each demographic variable (Table 1). However,
no calculations produced a large effect size. Analyses between
service branches, ranks, and sexes produced small effect sizes
(Cramer V between 0.04 and 0.09). Specifically, compared with
Marines, soldiers and airmen were more likely to use hybrid
care, and those in the Coast Guard were more likely to use
telehealth care alone. Compared with junior enlisted members,
senior enlisted members, officers, and warrant officers were
more likely to use telehealth care, both on its own and in
conjunction with in-person care. Women were more likely to
use a combination of in-person and telehealth services compared
with men, who were more likely to use in-person services alone.

JMIR Ment Health 2026 | vol. 13 | e83809 | p.366https://mental.jmir.org/2026/1/e83809
(page number not for citation purposes)

Walter et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table . Patient demographics by treatment modality.

Post hoc chi-square testsaBreakdown by treatment modalityOverallCharacteristics

Cramer VP valueTelehealth onlyIn person onlyBoth in-person and
telehealth

Sex, n (%)

0.05<.015614 (4.05)75,998 (54.87)56,896 (41.08)138,508 (23.60)    Female

—bReference18,601 (4.15)272,909 (60.87)156,825 (34.98)448,335 (76.40)    Male

—————2085    Unknown

Race and ethnicity, n (%)

0.01<.01647 (3.82)9979 (58.88)6321 (37.30)16,947 (2.95)    American Indi-
an–Alaskan Native

0.01<.011162 (4.55)15,593 (61.00)8806 (34.45)25,561 (4.45)    Asian Ameri-
can–Pacific Is-
lander

0.03<.017019 (4.17)97,282 (57.74)64,179 (38.09)168,480 (29.32)    Black–African
American

0.01.022342 (4.13)34,655 (61.18)19,650 (34.69)56,647 (9.86)    Hispanic-Latino

0.03<.011552 (4.05)21,374 (55.83)15,355 (40.11)38,281 (6.66)    Multiracial

—Reference10,735 (4.00)163,066 (60.70)94,844 (35.30)268,645 (46.76)    Non-Hispanic
White

—————14,367    Unknown

Service branch, n (%)

0.09<.015792 (4.79)68,601 (56.69)46,615 (38.52)121,008 (20.61)    Air Force

0.07<.019054 (3.38)154,841 (57.75)104,241 (38.88)268,136 (45.68)    Army

0.06<.01697 (7.55)6276 (68.01)2255 (24.44)9228 (1.57)    Coast Guard

—Reference2770 (4.31)42,295 (65.79)19,223 (29.90)64,288 (10.95)    Marine Corps

0.04<.015914 (4.76)77,006 (61.92)41,446 (33.33)124,366 (21.19)    Navy

—————1902    Unknown

Rank, n (%)

—Reference8011 (3.20)160,157 (64.01)82,039 (32.79)250,207 (42.49)    Junior enlisted

0.09<.014290 (6.70)35,859 (55.97)23,917 (37.33)64,066 (10.88)    Officer or war-
rant officer

0.08<.0111,944 (4.35)154,827 (56.37)107,884 (39.28)274,655 (46.64)    Senior enlisted

0.00<.01c30.38 (8.06)28.10 (7.84)28.89 (7.59)28.48 (7.78)Age at first visit
(y), mean (SD)

aThese tests analyze the distribution of care modalities against a reference group within each categorical variable (ie, non-Hispanic White race or
ethnicity, Marine Corps service branch, and junior enlisted rank).
bNot available.
cAs a continuous variable, age distribution was assessed using a 1-way ANOVA test and corresponding η2 value.

Care Delivery Modality by Diagnosis
Overall, and irrespective of delivery modality, service members
most often received care for adjustment disorder
(336,766/588,928, 57%) and insomnia (240,776/588,928, 41%),

after which there was a steep drop-off (the next most prevalent
condition was AUD 96,509/588,928, 16%; Table 2). Service
members infrequently received care for panic disorder (3%),
suicidal behavior (0.4%), and suicidal ideation (0.5%).
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Table . Patient treatment modality by behavioral health diagnosis.

Post hoc chi-square

testsbcd (P value)

Breakdown by treatment modality, n (%)Overall, n (%)aDiagnosis

Telehealth onlyIn person onlyBoth in-person and
telehealth

<.01817 (3.23)13,855 (54.75)10,632 (42.02)25,304 (4.30)Acute stress disorder

<.019174 (2.72)186,809 (55.47)140,783 (41.80)336,766 (57.18)Adjustment disorder

<.011622 (1.68)45,548 (47.20)49,339 (51.12)96,509 (16.39)Alcohol use disorder

<.011039 (1.99)19,308 (36.89)31,990 (61.12)52,337 (8.89)Attention-deficit/hyper-
activity disorder

<.011599 (2.71)23,158 (39.22)34,289 (58.07)59,046 (10.03)Generalized anxiety
disorder

<.019255 (3.84)130,585 (54.24)100,936 (41.92)240,776 (40.88)Insomnia

<.011423 (1.86)28,935 (37.75)46,283 (60.39)76,641 (13.01)Major depressive disor-
der

<.01341 (2.21)6590 (42.70)8503 (55.09)15,434 (2.62)Panic disorder

<.011609 (1.95)31,639 (38.34)49,269 (59.71)82,517 (14.01)Posttraumatic stress
disorder

<.01334 (1.51)9648 (43.52)12,189 (54.98)21,171 (3.76)Substance use disorder

<.018 (0.34)976 (41.53)1366 (58.13)2350 (0.40)Suicidal behavior

<.0155 (1.89)1530 (52.54)1327 (45.57)2912 (0.49)Suicidal ideation

aThe columns add up to a number higher than the total N because many people in the study population had more than one diagnosis.
bThese post hoc chi-square tests of equal proportion were conducted between in-person care only and combination in-person and telehealth care.
cAnalyses link behavioral health diagnosis to the visit modality.
dThe unit of measurement is the patient, not the visit. In this analysis, we are investigating patients’ treatment modality overall, rather than the total
number of visits administered.

Those with ASD, adjustment disorder, insomnia, and suicidal
ideation had among the lowest use of hybrid telehealth and
in-person care (42%‐46%), and the highest use of in-person
care alone (approximately 55%). Service members with ADHD,
GAD, MDD, PTSD, and suicidal behavior were most likely to
use a hybrid of in-person and telehealth care (57%‐61%) and
least likely to use in-person care alone (37%‐42%). Those
with AUD, ADHD, PTSD, SUD, MDD, suicidal ideation, and
suicidal behavior were the least likely to use telehealth services
alone (0.34%‐2%). All post hoc tests revealed statistically

significant differences in the use of in-person alone versus
hybrid care for each behavioral health condition (P<.01).

Number of Visits
On average, service members attended 10 visits during the study
period (Table 3). Broken down by modality group, those using
hybrid care averaged approximately 8 times the number of visits
as those using only telehealth and approximately 3 times the
number of visits as those receiving only in-person care (19, 2,
and 6 visits, respectively).
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Table . Number of visits by treatment modality and behavioral health diagnosis.

ANOVABreakdown by treatment modality, mean (SD)Visits, mean (SD)Diagnosis

η2P valueTelehealth onlyIn person onlyBoth in-person and
telehealth

0.24<.012.43 (4.03)5.94 (8.58)19.74 (16.57)10.81 (13.79)All diagnoses

0.02<.011.38 (2.35)1.78 (2.49)2.55 (3.82)2.09 (3.14)Acute stress disor-
der

0.11<.012.53 (3.92)4.43 (5.71)9.92 (10.49)6.67 (8.50)Adjustment disor-
der

0.08<.011.93 (2.88)10.10 (12.92)18.51 (16.71)14.26 (15.54)Alcohol use disor-
der

0.15<.012.27 (2.62)4.18 (4.86)10.93 (9.63)8.27 (8.76)Attention-
deficit/hyperactivi-
ty disorder

0.04<.014.58 (6.58)4.43 (6.28)8.27 (10.29)6.67 (9.04)Generalized anxi-
ety disorder

0.08<.011.42 (1.22)2.49 (2.89)4.83 (5.46)3.43 (4.31)Insomnia

0.06<.014.28 (5.78)5.17 (7.50)10.41 (12.38)8.32 (11.01)Major depressive
disorder

0.04<.013.50 (6.40)3.04 (4.40)5.53 (7.68)4.42 (6.57)Panic disorder

0.09<.014.15 (6.44)7.23 (9.60)15.35 (15.40)12.02 (13.94)Posttraumatic stress
disorder

0.07<.011.77 (1.89)5.98 (8.16)11.50 (12.36)8.95 (11.01)Substance use disor-
der

0.01<.011.00 (0a)1.56 (1.68)1.91 (2.37)1.76 (2.11)Suicidal behavior

0.01<.011.55 (1.02)2.18 (2.66)2.85 (3.89)2.47 (3.28)Suicidal ideation

aSD=0, as all 8 patients attended 1 visit related to suicidal behavior.

The conditions associated with the highest average number of
visits included AUD (average of 14 visits; SD =15.54), PTSD
(average of 12 visits; SD =13.94), as well as ADHD, MDD, and
SUD (average of 8‐9 visits; SDs =8.76-11/01). Insomnia,
suicidal behavior, suicidal ideation, and ASD showed the fewest
number of visits (2‐3 on average; SDs =2.11-4.31). Although
all ANOVA tests indicated statistically significant differences
in the distribution of care modality within each condition, only
7 of the 12 conditions demonstrated a medium or large effect

size (as defined by an η2 statistic between 0.06 and 0.13 and
≥0.14, respectively). Those seeking care for adjustment disorder,
AUD, ADHD, insomnia, MDD, PTSD, and SUD were more
likely to receive hybrid care than either in-person or telehealth

care alone, as indicated by η2 statistics and subsequent Tukey
tests.

Time Interval Between Visits
Overall, the average interval between behavioral health visits
was 67 days (SD =138.81; Table 4). In-person–only visits had
the longest intervals (70 d; SD =153.95), followed by hybrid
visits (64 d; SD =120.00) and telehealth visits (59 d; SD
=139.18). Across specific behavioral health conditions, average
intervals were longest among those with ASD, ADHD, and
insomnia (79‐89 d; SDs =116.65-166.60), and the shortest
among those with AUD, SUD, and suicidal behavior (25‐38
d; SDs =60.93-99.85). In all but 3 conditions (AUD, ADHD,
and SUD), those who received only in-person care had the
longest average intervals between visits. In 6 of the 12
conditions (ASD, AUD, ADHD, insomnia, PTSD, and SUD),
those who received hybrid care of both in-person and telehealth
had the shortest interval between visits. However, no models
produced a medium or large effect size. Suicidal behavior did
not present a significant difference between modalities.
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Table . Number of days between visits by treatment modality and behavioral health diagnosis.

ANOVABreakdown by treatment modality, mean (SD)Days between vis-
its, mean (SD)

Diagnosis

η2P valueTelehealth onlyIn person onlyBoth in-person and
telehealth

0.00<.0159.12 (139.18)70.54 (153.95)63.57 (120.00)67.07 (138.81)All diagnoses

0.01<.0174.80 (151.53)91.71 (188.61)68.09 (122.39)79.05 (157.14)Acute stress disor-
der

0.00<.0153.38 (131.39)65.73 (144.06)59.19 (107.54)62.33 (127.20)Adjustment disor-
der

0.00<.0159.84 (169.24)45.89 (123.29)33.28 (76.34)38.77 (99.85)Alcohol use disor-
der

0.00<.0198.13 (163.71)89.46 (146.93)75.92 (97.60)80.48 (116.65)Attention-
deficit/hyperactivi-
ty disorder

0.01<.0138.19 (92.95)79.27 (146.02)58.24 (98.66)65.39 (118.25)Generalized anxi-
ety disorder

0.01<.01100.51 (194.46)105.31 (193.44)75.66 (137.03)89.53 (166.60)Insomnia

0.01<.0135.35 (79.00)61.68 (120.21)45.45 (77.49)50.99 (94.97)Major depressive
disorder

0.01<.0145.42 (128.93)80.45 (161.05)55.19 (95.16)64.65 (125.36)Panic disorder

0.01<.0148.34 (133.14)63.53 (133.41)47.05 (83.30)52.92 (104.80)Posttraumatic stress
disorder

0.00<.0142.69 (96.45)35.34 (88.21)26.66 (58.88)30.12 (72.07)Substance use disor-
der

0.00.0922.25 (5.30)29.02 (91.40)22.96 (32.48)25.16 (60.93)Suicidal behavior

0.01<.0125.01 (40.29)70.47 (134.66)50.36 (76.22)59.61 (108.08)Suicidal ideation

Discussion

Principal Findings
This study explored the modality of behavioral health
care—telehealth, in-person, and hybrid care—delivered to active
duty service members within the MHS from 2015 to 2021. This
6-year period spanned from when telehealth was seldom used
before the COVID-19 pandemic [7,51,52], during the pandemic
when restrictions led to a surge in telehealth use, and after the
most stringent pandemic-related restrictions were lifted. During
the study period, most service members (60%) received only
in-person care, a sizable minority (36%) received a hybrid of
telehealth and in-person care, and few (4%) received only
telehealth. The higher proportion of in-person and hybrid care
may be influenced by the observation period, which consisted
of mostly prepandemic years when telehealth was seldom used
within the MHS [7,51,52]. The modality of behavioral health
care was also examined by demographic characteristics and
behavioral health diagnoses. Significant demographic
differences emerged showing that women were more likely to
use a hybrid of in-person and telehealth care, whereas men more
frequently used in-person services alone. Soldiers and airmen
used hybrid care more often compared with Marines, while
those in the Coast Guard more commonly used telehealth alone.
Finally, officers, warrant officers, and senior enlisted members
were more likely than junior-enlisted members to use telehealth,
both on its own and in combination with in-person care.

Regarding behavioral health diagnoses, service members with
ASD, adjustment disorder, insomnia, and suicidal ideation had
the highest use of only in-person care and the lowest use of
hybrid care. Service members with ADHD, GAD, MDD, PTSD,
and suicidal behavior were most likely to use hybrid care and
least likely to use only in-person care. Those with AUD, SUD,
ADHD, PTSD, MDD, suicidal ideation, and suicidal behavior
were least likely to use only telehealth. For 8 of the 12
behavioral health conditions of interest (AUD, ADHD, GAD,
MDD, panic disorder, PTSD, SUD, and suicidal behavior),
service members were more likely to receive hybrid care,
whereas the other 4 conditions (ASD, adjustment disorder,
insomnia, and suicidal ideation) were more likely to be
associated with in-person care. Although these demographic
and diagnostic findings were statistically significant and showed
patterns of behavioral health care delivery, effect sizes were
small.

Study analyses also compared the delivery modalities in terms
of number of visits and between-visit intervals as care metrics.
Service members using hybrid care averaged approximately 8
times the number of visits as those using only telehealth and 3
times the number of visits as those receiving in-person care.
Specifically, service members who received hybrid care
averaged 19 visits (SD =16.57), those who received in-person
care only averaged 6 visits (SD =8.58), and those who received
telehealth care only averaged 2 visits (SD =4.03). While a
sufficient dose of psychotherapy can range depending on clinical
factors, such as symptom severity or comorbidities, even a
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minimally sufficient dose of 9 sessions (such as for PTSD) [55],
suggests that only the hybrid group met this threshold.

The average between-visit interval across behavioral health
diagnoses was 67 days. This interval exceeds the recommended
and commonly evaluated frequencies of once or twice weekly
sessions for cognitive behavioral therapies [56,57]. Longer time
between sessions was associated with increased dropout among
service members in treatment for PTSD [58]. However, it should
be noted that not all behavioral health visits were for
psychotherapy, and some conditions (eg, ADHD) may be
successfully treated with fewer sessions of medication
management. Further exploring the frequency of behavioral
health care use within the MHS is critical, as it could
significantly affect service members’ behavioral health and
operational readiness through relevant behavioral health policy.

For between-visit intervals across delivery modalities, this
difference was statistically significant and amounted to
approximately 11 days (70 for in-person only vs 59 for telehealth
only). However, it is difficult to determine the extent to which
this duration is clinically meaningful. For between-visit intervals
across diagnoses, except for 3 (AUD, ADHD, and SUD), service
members who received only in-person care had the longest
average intervals between visits. Conversely, in 6 of the 12
conditions (ASD, AUD, ADHD, insomnia, PTSD, and SUD),
those who received a hybrid of both in-person and telehealth
care had the shortest interval between visits. Among specific
behavioral health conditions, the longest average intervals were
among service members with ASD, ADHD, and insomnia. The
shortest intervals were observed among service members with
suicidal behavior, SUD, and AUD, which aligns with clinical
necessity, as these are presenting concerns often requiring urgent
care due to safety risks. One condition, suicidal behavior, did
not have a significant difference in the length between visits
among the treatment modalities. This may be due, in part, to
the small sample size of those with suicidal behavior; for
example, there were 8 service members who received only
telehealth care.

Comparison With Prior Work
Prior research revealed increased telehealth care use in both the
MHS and civilian hospital settings immediately following the
onset of the COVID-19 pandemic [4-7,32]. However, the use
of a hybrid of telehealth and in-person care has seldom been
explored. In a study that examined modalities of treatment
delivery, most service members with PTSD, depression, or SUD
who initiated behavioral health care early in the pandemic
received a hybrid of telehealth and in-person visits [8].

This study adds to the existing literature in several ways. First,
the use of telehealth, in-person, and hybrid care was explored
over a 6-year period ending in September 2021. In contrast,
Hepner et al [8] used corresponding 6-month observation periods
(April to September) in 2019 and 2020. The selected time points
between these 2 studies highlight different aspects of the data.
For example, during this 6-year observation period that included
years before the COVID-19 pandemic, in-person behavioral
health care was the most common mode of treatment delivery
(60%), whereas in the early months following the onset of the
pandemic, a hybrid mode of delivery was most frequently

received (50%‐56%) [8]. Second, this study uniquely explored
whether treatment delivery modality differed across 12
behavioral health conditions of interest. This research question
is distinct from that addressed by Hepner et al [8], which
determined visits by PTSD, depression, and SUD diagnoses
between pre- and post-pandemic periods.

Finally, this work explored care metrics through the number of
visits received and intervals between visits across behavioral
health conditions and by delivery modality, which showed both
similarities and differences with existing research. This study
showed similar findings to those of Cozzens [31] regarding
reduced time to access care for telehealth compared with
in-person visits. The care metrics in this study varied from those
explored by Hepner et al [8], which focused on treatment
initiation and transitions of care by the 3 diagnoses of interest
during the pre- and post-pandemic periods rather than by both
diagnosis and delivery modality. In sum, this study complements
and builds on the existing literature by extending the
postpandemic period and determining the use of delivery
modality across a wide array of behavioral health diagnoses,
which can inform ongoing health care delivery within the MHS.

Limitations
There are several limitations that should be considered when
interpreting the results of this research. Study data were not
based on gold standard, diagnostic assessments but rather, were
derived from diagnostic and procedural codes documented in
electronic medical records, which may be subject to factors such
as coding errors, provider knowledge, and the extent of
symptoms discussed in an appointment. Specific to telehealth,
there was evolving guidance regarding how providers should
code for telehealth services in the MHS that could have
contributed to variability [8]. Although guidance issued directly
to behavioral health providers during the pandemic period was
obtained by the authors and reviewed for the extraction of
relevant codes, the validity of these codes over time cannot be
ascertained. Health service and policy researchers have proposed
guidance for providers regarding the coding of telehealth
services in the MHS to improve data accuracy [8,31].
Additionally, data were only available for service members who
received behavioral health care that was reimbursed by
TRICARE, and findings may not extend beyond this population.
Separate courses of treatment could not be determined from
medical record data and, with the 6-year period, may result in
longer average between-visit intervals. Data from medical
records indicate health care use and may not represent the care
preferences of service members or satisfaction with care
received. Finally, this study captured trends over an observation
period that included a critical period in telehealth use within
the MHS; however, it does not reflect current patterns of
modality use or those since the declassification of the COVID-19
pandemic as a public health emergency [59], thus necessitating
ongoing research efforts.

Conclusions
Behavioral health conditions can adversely affect service
members and operational readiness. Offering options beyond
in-person behavioral health care may improve access to care,
as study results demonstrated. Collectively, findings from the
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6-year observation period showed that telehealth was commonly
used in combination with in-person care. Furthermore, telehealth
was related to more behavioral health care visits and the least
amount of time between visits, highlighting the advantages of
offering telehealth as an option within the MHS health care
landscape. Although study findings support telehealth as an
option for treatment delivery, it may not be ideally suited for
all service members or in all situations [32], and in-person or
hybrid care delivery may be preferred by a patient or deemed
more clinically appropriate by a provider. Given options for
care delivery within the MHS, it is recommended that treatment

modality be selected based on patient preference and shared
decision-making [49,50]. Additionally, providing ongoing
flexibility, regularly reassessing preferences, and personalizing
treatment are important aspects for the delivery of optimal
behavioral health care to service members [22,50], along with
the infrastructure and policies to support these practices [42].
This study contributes novel information about behavioral health
treatment delivery within the MHS, but further research is
needed to explore service member preferences for delivery
modality (telehealth, in-person, and hybrid care) and how
preferences align with care received and treatment outcomes.
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Abstract

Background: Despite the potential of virtual reality (VR) for treatment and assessment in mental health care, its practical
implementation remains limited. Much implementation research explores barriers and facilitators; fewer studies actually evaluate
targeted implementation strategies and track how their effects evolve over time in mental health care practice.

Objective: This study aims to examine how a structured VR training program functioned as an implementation strategy in
routine mental health care and to identify how therapists’ adoption trajectories and implementation needs shifted across stages
of the process.

Methods: Eleven therapists from a Dutch mental health care organization completed a 6-session VR training. Semistructured
interviews were conducted at 3 time points: pretraining, immediately posttraining, and 3 months posttraining. Data were deductively
analyzed using theoretical thematic analysis based on the capability, opportunity, motivation – behavior model and the Theoretical
Domains Framework to map stage-specific changes in implementation needs relating to VR use.

Results: The training improved therapists’ perceived knowledge, skills, and confidence in using VR. Nonetheless, actual uptake
of VR in clinical routines remained limited. Enduring barriers included workflow misalignment, hierarchical decision-making
structures, and the absence of a shared organizational vision and sustained leadership support. The longitudinal design revealed
a dynamic pattern: early adoption hinged on individual capability and motivation, whereas maintenance depended on organizational
opportunity and communicated support. These stage-specific shifts clarify why training alone does not translate into routine use
and which organizational levers are most important when.

Conclusions: VR training for therapists is a necessary but insufficient implementation strategy in mental health care. A
longitudinal approach shows that successful implementation requires pairing training with organization-level changes that address
opportunity barriers over time. By shifting from static evaluations of whether training works to a process-oriented focus on what
support is needed at each stage of implementation, this study advances implementation science in digital mental health and offers
actionable guidance for embedding VR in routine care.

(JMIR Ment Health 2026;13:e83453)   doi:10.2196/83453

KEYWORDS

virtual reality; VR; implementation; training; mental health care; Theoretical Domains Framework; TDF; capability, opportunity,
motivation – behavior model; COM-B; implementation strategy

Introduction

Adopting Virtual Reality in Mental Health Care
Virtual reality (VR) has emerged as an innovative technology
to enhance treatment in mental health care. VR enhances
exposure therapy and skills training, with potential benefits for
outcomes, cost-effectiveness, and accessibility [1,2]. VR uses

interactive, computer-generated environments to safely simulate
real-life challenges tailored to individual needs [2]. The potential
applications of VR technology in treating anxiety disorders,
psychotic disorders, and aggression regulation disorders
highlight its promise in enhancing treatment [3-7]. Yet, clinical
adoption remains limited [8-11].
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The implementation of VR in mental health care faces various
challenges. Barriers that are often mentioned are the lack of
knowledge and skills of therapists regarding the technical
aspects of VR use and its integration into treatment [12-18]. In
addition to these individual-level barriers, institutional obstacles
such as limited resources, risk-averse organizational cultures,
and a lack of governance or standardization frameworks
frequently hinder the successful implementation of new
technologies in health care settings [19]. Unlike traditional
in-person therapy, VR requires both technical and therapeutic
skills, such as conducting role-plays and integrating virtual tools
into workflows [20]. For example, therapists not only need
sufficient technical skills to use VR but also require different
therapeutic and content-related skills, such as conducting a
role-play in VR and integrating this new technology into their
daily workflows [20]. To put these skills into practice, a
significant behavior change is asked of these therapists. A
qualitative study showed that despite their overall positive
attitude toward VR and their intention to integrate it into their
practices, they fall short in executing the necessary behaviors
for successful integration [20]. This reflects an
intention-behavior gap: therapists express intent but struggle to
act accordingly [21].

One implementation strategy that can address these barriers and
possibly bridge the intention-behavior gap is an extensive
training program for therapists [20]. In health care services,
training to integrate new treatment or technology in practice is
often limited, creating a barrier to implementation [22]. When
training does occur, it typically focuses on increasing the
technical skills of practitioners to employ the technology in
practice [23,24]. However, training is often not focused on
therapeutic aspects of treatment, such as how to integrate the
technology in treatment sessions, how to tailor VR to patients,
or how to integrate it with therapeutic techniques. The
introduction of VR, furthermore, seems to demand a shift in
this approach, as it is not merely a technology. VR use
fundamentally transforms how treatment is conceptualized and
delivered; it requires therapists to adopt new roles, integrate
virtual environments into treatment, and rethink traditional
treatment structures [2,25]. Thus, training must address how
VR reshapes therapy and what behavioral changes this requires
from therapists.

A Systematic Approach Toward Implementation
Implementation should not be an afterthought but rather be
considered from the start of technology design, ensuring
alignment with clinical needs and workflows [26]. Achieving
this alignment requires more than individual effort—it depends
on robust interorganizational collaboration and support
structures that facilitate innovation at every stage of the
implementation process [27]. To overcome common barriers,
such as insufficient technical or therapeutic integration, tailored
implementation strategies, like VR training, are essential [28].
In addition, it is important not only to identify useful
implementation strategies and assess their effectiveness but also
to understand why some strategies succeed while others fail
[28]. It is important to consider determinants of behavior change
in implementation. These determinants refer to the underlying
factors that influence whether a person adopts or maintains a
new behavior, such as their knowledge, beliefs, and external
factors like social support [29]. By gaining insight into these
factors, we can better tailor strategies to address the specific
challenges therapists face. Ensuring they are aligned with the
needs of the individuals involved and improving the chances
of successful implementation [28,30].

This is where systematic mapping of determinants of
implementation becomes important. To evaluate the
implementation of VR in mental health care over time, it is
recommended to map determinants that influence the
implementation process, including therapist behavior,
organizational factors, and other contextual elements [31]. The
COM-B model frames behavior change in terms of capability,
opportunity, and motivation and provides a structured approach
to understanding what influences therapists’ implementation of
VR technology [31,32]. This model is often complemented by
the Theoretical Domains Framework (TDF), which then breaks
these broad categories down into specific determinants, such
as knowledge, skills, beliefs in consequences, and social
influences [31]. Together, these models can provide both a
high-level framework and a deeper understanding of the
determinants that impact the implementation of VR [33]. Figure
1 illustrates the integration of both frameworks.
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Figure 1. Capability, Opportunity, Motivation - Behavior & Theoretical Domains Framework. Adapted from Michie, S et al [34], reproduced with
permission from The Center for Implementation [35], Version V2024.01.

The 14 domains of the TDF framework are split up into the 3
categories of the COM-B (capability, opportunity, motivation
– behavior) model. The capability category includes TDF
domains related to cognitive and practical abilities required by
therapists to use VR. These are essential for understanding how
therapists can effectively integrate VR technology into their
treatment practice. The motivation category includes TDF
domains that reflect cognitive and emotional factors influencing
motivation to engage in new behavior, such as using VR. The
opportunity category includes the TDF domains that capture
external factors that can either facilitate or hinder the
implementation of VR in practice [33]. The COM-B and TDF
complement each other in identifying implementation
determinants to change behavior. Their combined use has been
effective in various health care settings by systematically
mapping influencing factors and tailoring implementation
strategies accordingly [33,36].

These models are often used to assess the current situation by
identifying barriers and facilitators. However, there is also
potential to use them to evaluate implementation strategies.
Both frameworks can help assess what changes occur as a result
of a strategy, offering insight into which factors have been
successfully addressed and which need further attention. The
implementation strategy could be adapted accordingly. By
mapping these factors in a longitudinal study design, a deeper
understanding can be gained of how specific determinants
contribute to the implementation of VR and how they change
over time in response to the implementation strategies used
[37]. Such insights could support the development of targeted,
time-sensitive implementation strategies to enhance the
effectiveness and sustainability of VR in mental health care
practice.

Evaluating the Impact of VR Training on
Implementation in Mental Health Care
This study seeks to explore how an implementation strategy—a
VR training program—impacts therapists’ VR use and their

implementation behavior. This longitudinal qualitative
evaluation aims to capture how this behavior evolves as
therapists gain more experience with VR through the training
program. The research questions guiding this study are:

1. How does a VR training program influence the determinants
of VR implementation in mental health care, as defined by
the TDF and COM-B model, from the perspective of
therapists?

2. How do these determinants evolve over time, specifically
between pretraining, posttraining, and follow-up, as
therapists gain experience with VR through participation
in the VR training program?

Methods

Study Design and Implementation Setting
This longitudinal study consisted of five phases: (1) a pretraining
interview assessing expectations (T1), (2) a 6-session training
over 3 months, (3) a posttraining interview assessing experiences
(T2), (4) a 3-month implementation period, and (5) a follow-up
interview evaluating VR use in practice (T3). The study took
place within a large, multisite mental health care organization
in the Netherlands that provides specialist care for patients with
a broad range of psychiatric disorders, as well as developmental
and forensic problems, across several outpatient locations and
multidisciplinary teams. Five VR head-mounted displays were
bought by the organization and were available during the study
period. Devices were distributed across sites and could be
booked by therapists; dedicated rooms were equipped for VR
use. In addition, a mobile VR cart was available, allowing
“one-button” start-up of a preassembled set to reduce setup time
and technical burden. Device ownership and day-to-day
management rested with the organization, while software
maintenance and updates were provided by the vendor (CleVR).
Technical support for troubleshooting was available via the
CleVR helpdesk. Therapists could contact the research team by
email for study-related questions or practical issues. Team
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management formally approved participation of their teams but
was not actively involved in the VR training, day-to-day
implementation decisions, or troubleshooting. Organizational
support for VR was explicit during the study period: staff were
offered a VR training program, and the organization financed
the VR sets used. The manuscript follows the Standards for
Reporting Implementation Studies (StaRI) guidelines to ensure
comprehensive and transparent reporting of implementation
research [38].

Ethical Considerations
This study was approved by the Ethics Committee of the Faculty
of Behavioural, Management and Social Sciences (BMS),
University of Twente (request no. 231073). After being informed
about the study and having the opportunity to ask questions, all
participants provided written informed consent before the first
interview. To protect participant privacy and confidentiality,
audio recordings were transcribed and then deleted. Transcripts
were anonymized and stored on an encrypted University of
Twente drive, with access restricted to the research team. All
data were handled in accordance with the General Data
Protection Regulation. Participants received no compensation

for participation, as the study was conducted as part of the VR
training program they attended.

VR Technology
In the VR training program, the interactive VR system “Social
Worlds” of the Dutch company CleVR was used. This VR
software makes it possible to bridge the gap between the real
world and the treatment room by exposing patients to a variety
of realistic virtual environments and letting them interact with
a broad range of virtual characters. The patient can navigate
multiple environments, including a supermarket, a shopping
street, or a home environment. Furthermore, the patient can
engage in role-play with virtual characters, in which these
characters are embodied by the therapist using a voice-morphing
microphone. The therapist has control over the character’s voice,
movements, facial expressions, and body language through a
user dashboard. The dashboard allows therapists to dynamically
control virtual environments and character behavior. The setup
of the VR technology is illustrated in Figure 2. This technology
enables the development of customized VR scenarios tailored
to diverse client needs and treatment goals.

Figure 2. Setup of VR technology consisting of (A) a laptop; (B) a tablet with the dashboard; (C) a voice-morphing microphone; (D) a VR head-mounted
display; (E) VR controllers; (F) headphones; (G) screenshots of virtual environments reproduced with permission from CleVR . VR: virtual reality.
Copyright © CleVR [39].

Implementation Strategy: VR Training Program
Initially, the implementation process of the VR technology
described in this paper started in 2019, with the decision of
management to buy two VR sets of CleVR. The current training
builds on lessons from an earlier pilot [20]. The VR training
program that is described in this study is a new implementation
strategy that was put into practice based on the lessons learned
from that previous pilot [20]. To develop a training that has a
solid foundation to help integrate VR in practice, a systematic
approach was used to address hindering and facilitating aspects
related to the implementation of VR found in previous studies
[11,20]. These implementation factors identified in previous
studies were categorized according to the domains of the
Consolidated Framework for Implementation Research (CFIR)
[40], which provides a broad perspective on implementation at

multiple levels (eg, inner setting, individuals, and intervention
characteristics). In contrast, this study applies the TDF and
COM-B model to specifically examine how individual
therapists’ behaviors evolve during VR implementation. This
distinction allows us to build on prior findings while focusing
on the mechanisms underlying therapist behavior change.

The training program was developed in a cocreation process
with a multidisciplinary team consisting of 2 researchers, 2
policy officers, and 1 therapist. The translation of
implementation factors into concrete training activities was
done through an iterative process, in which the team ensured
that each barrier was addressed through targeted exercises,
discussions, or hands-on practice. Additionally, the training
design was informed by existing structured training programs
for other treatments, such as cognitive behavioral therapy and
eye movement desensitization and reprocessing, which
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emphasize the importance of thorough education, supervision,
and skill development before clinical application [41,42]. The
main goal of the VR training program was to equip participating
therapists with the knowledge and skills necessary to proficiently
use VR in therapeutic practice. The 6-session program covered
technical setup, therapeutic integration, and reflective practice
through role-plays, peer feedback, and supervised application
in clinical sessions. The training was delivered by 2 trainers: a
policy officer, who ensured the right organizational conditions
and provided technical support, and a therapist, who guided
participating therapists in the clinical application of VR.

Participants
Interviews were conducted with 11 therapists who all
participated in the VR training. Inclusion criteria for therapists

were that they (1) currently worked for the mental health care
organization, (2) were involved in any type of mental health
care treatment with inpatients or outpatients, and (3) participated
in the VR training program.

The recruitment of therapists was carried out by the coordinator
and trainer of the VR training program, an innovation policy
officer. All employees who met the inclusion criteria were
invited via the internal portal or by their manager. Interested
therapists registered via email. Of 12 therapists participating in
the training, 11 participated in the study (Table 1). Of those, 7
completed the training and all three interviews, and 4 dropped
out due to illness, scheduling conflicts, or job change.

Table . Characteristics of participating therapists.

Participated in interview
round

Patient groupWork experience in mental
health care (in years)

FunctionParticipant ID

1, 2, 3Complex trauma6Psychologist in training to
become behavioral therapist

1

1, 2, 3Forensic19Cognitive behavioral thera-
pist and system therapist

2

1, 2, 3Anxiety, mood, and person-
ality disorders

4Psychologist3

1, 2, 3Bipolar and psychotic disor-
ders

24Social psychiatric nurse4

1, 2, 3Anxiety, mood, and person-
ality disorders

6Social pedagogical coun-
selor

5

1, 2, 3Complex trauma and anxiety
and mood disorders

7Psychomotor therapist6

1Youth1Social worker and social
psychiatric nurse

7

1, 2General2Psychologist8

1Youth20Clinical psychologist and
cognitive behavioral thera-
pist

9

1Addiction33Nurse practitioner and lead
practitioner

10

1, 2, 3Youth23Social worker11

Materials and Procedure
Data were collected by one researcher (MMTEK) through
in-depth, semistructured interviews. Three interview schemes
were developed to gain in-depth insights into the expectations
and experiences of the therapists with the VR training program.
The first draft of the interview protocols was improved based
on a pilot test with a therapist—who did not take part in the VR
training—and in consultation with another researcher (HK).

After the therapists were informed about the study, they had
the opportunity to ask questions. They signed the informed
consent form before the first interview took place.

The first interview took place in October 2023. Therapists were
asked about their expectations regarding the VR training
program, focusing on activities, possible barriers, and

advantages of the program. Lastly, they were asked to formulate
concrete personal goals regarding their VR usage over the next
6 months.

The second interview took place in January 2024, directly after
the training ended. The therapists were asked about their
experiences with the VR training program. Questions were
asked about the match between their expectations before the
training and their experiences after. Finally, it was discussed to
what extent therapists achieved their personal goals for VR use.

The third follow-up interview took place in April 2024, three
months after the VR training ended. Mainly, the added value
of VR and additional points of improvement in the
implementation process of VR technology were discussed.
Finally, they were asked about expectations for future VR use
in practice.
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All interviews took place online, via Microsoft Teams, a
videoconferencing program. They were conducted by one
researcher (MMTEK) and were audio recorded. On average,
the interviews took 27 minutes, ranging from 15 to 37 minutes.
The interview protocols are presented in Multimedia Appendix
1.

Data Analysis
Audio recordings of the interviews were transcribed verbatim
by one researcher (MMTEK). All transcripts were read to
become familiar with the data and identify meaningful fragments
in relation to the COM-B categories and the TDF domains. Data
were analyzed using theoretical thematic analysis [43,44]. In
this approach, themes are guided by theory and study aims, and
coding links the data to those themes [43]. In this study, this
deductive, theory-led approach was deliberately selected as a
first step to evaluate implementation determinants and to
examine how positive and negative evaluations within each
TDF domain changed over time.

The first version of the deductive coding scheme was developed
by one researcher (MMTEK). Another researcher (HK) remained
consistently involved in the process, providing continuous
feedback and oversight on theme definitions and preliminary
interpretations. Fragments were first categorized deductively
based on the categories of the COM-B model and the domains
of the TDF. Second, fragments per domain were categorized as
positive or negative to identify key strengths and areas for
improvement. Negative evaluations were analyzed alongside
suggested improvements, providing actionable insights for
effective implementation. Mixed statements were split into
positive and negative components when conceptually
distinguishable.

In the analysis, we paid attention to how these determinants
evolved across the 3 time points to observe shifts in capability,
motivation, and opportunity over time as therapists gained more
experience with VR. We looked at both what changed
qualitatively (the content of therapists’accounts) and how often
it occurred. First, we compared the qualitative content of coded
fragments across time to identify shifts in how capability,
motivation, and opportunity were described, using exemplar
quotes to illustrate typical and divergent trajectories. Second,
we counted, for each TDF domain and timepoint, the number
of fragments labeled as positive or negative and visualized these
as paired bar charts to support pattern recognition. The unit of
analysis was meaningful fragments. Each fragment was assigned
to one best-fitting TDF domain to avoid double-counting. In
case of doubt, we assigned the fragment to the domain that best
captured its dominant meaning, refining decision rules through
discussion within the research team. In line with current
guidelines on theoretical and reflexive thematic analysis,
oriented to prevent quantifying qualitative results, meaning that
numbers were only used descriptively [43,44].

Ten percent of transcripts were double-coded independently by
a second researcher (LAMK), yielding 84% agreement before
consensus discussion. Discrepancies were resolved
collaboratively and led to minor refinements to the codebook,
which were applied consistently. Given the theory-driven coding
scheme and meaningful units of analysis, percentage agreement
plus consensus discussion was deemed an appropriate way to
assess convergence between coders [44,45].

Trustworthiness and transparency were supported by an audit
trail including a documented Microsoft Excel codebook with
versioned updates after consensus decisions, periodic peer
debriefing with collaborating researchers, and brief analytic
(reflexive) memos to record key decisions and underlying
reasoning [46]. Interviews and initial coding were conducted
by the first author (MMTEK), a PhD candidate/researcher with
a background in health psychology and implementation science
and prior experience with VR implementation in mental health
care. MMTEK contributed to the development of the VR
training in a research capacity but was not involved in its
commercial development or delivery (eg, as developer,
implementation partner, or trainer) and reported no conflicts of
interest. Participating therapists were recruited across locations
and did not know MMTEK. At the start of interviews,
participants were explicitly encouraged to provide open and
critical feedback. Reflexive discussions during analysis involved
HK (expertise in eHealth development, implementation, and
evaluation) and LAMK (master's student on VR implementation)
to reflect on interpretations and refine the codebook where
needed.

Results

Overview of Findings
In this section, the findings of this study on determinants
influencing the implementation of VR in mental health care are
presented. The findings from each interview round are presented
as tables in the following subsections, corresponding to the
pretraining, posttraining, and follow-up interviews, respectively.
The determinants are derived from the combined COM-B model
[34] and the TDF [31], as illustrated in Figure 1. The evolution
of determinants over time is presented as figures in the following
subsections.

Capability
The capability category explores determinants that relate to the
therapists’ psychological and physical capacity to implement
VR in their treatment practice [34]. In Table 2, all determinants
within the capability category that influence the implementation
of VR technology in mental health care, according to therapists,
are described. Figure 3 illustrates how these determinants
evolved over time.
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Table . Determinants related to capability.

Quote–Quote+N–cN+bNa
tot

Domain, definition,
and interview round

Knowledge

    Therapists’ awareness and familiarity with using VRd

“Yes, of course, you
need to know how it

“I know there are col-
leagues who haven’t

71623        Round 1

[VR] works, but righthad such extensive
now I have no ideatraining…I don’t think
how to go about it.”
[Participant 4]

that’s okay because I
believe you need to
have sufficient knowl-
edge before using it.”
[Participant 2]

Not mentioned“I appreciated that
some background infor-

077        Round 2

mation was shared. I
usually prefer practic-
ing hands-on, but it’s
definitely good to
know the theory behind
it as well, and you can
certainly find that in
the training.” [Partici-
pant 6]

“I notice that I still
sometimes find it diffi-

“I do have the knowl-
edge to use it. If I were

224        Round 3

cult to know when it’sto start doing it now, it
appropriate to use it orwould come back to
not…But I think it’sme right away.” [Partic-

ipant 6] simply a matter of
gaining experience.”
[Participant 5]

Skills

    Therapists’ ability or proficiency in VR use acquired through practice

“At the moment, I
don’t feel well-pre-

“I expect to become
skilled in operating the

11415        Round 1

pared to use VR; Iequipment, to learn
think I still need to getabout its possibilities
comfortable with theand applications in
technical aspects.”
[Participant 2]

treatment, and to gain
insight into suitable
case studies.” [Partici-
pant 11]

“I didn’t learn how to
apply VR in a group

“I do think I could use
VR in practice now. I

156        Round 2

setting. That part re-believe I can do it.”
[Participant 3] mained really vague in

the training. How do
you actually do that in
practice?” [Participant
5]

Not mentionedNot mentioned000        Round 3

Memory, attention, and decision processes

    The extent to which using VR is part of therapists’ regular practice

Not mentionedNot mentioned000        Round 1

Not mentionedNot mentioned000        Round 2
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Quote–Quote+N–cN+bNa
tot

Domain, definition,
and interview round

“It’s still not an auto-
matic part of my think-
ing when I assess
someone. I’m just not
focused on it at that
moment. It’s not part
of my automatic re-
sponse.” [Participant 3]

“I do think about VR
as a treatment option
when I start working
with someone. During
the introduction, I con-
sider whether it would
be a good fit or not.”
[Participant 4]

538        Round 3

Behavior regulation

    Therapists’ ability to self-monitor and action plan to use VR

“If I start using VR, it
requires quite a bit of
planning and organiza-
tion.” [Participant 1]

“Yes, I would appreci-
ate having peer supervi-
sion groups and time
with colleagues. Also
because I know that I
wouldn’t keep this in
focus on my own. So I
find that very benefi-
cial.” [Participant 5]

112        Round 1

“Often, you plan in this
work so shortly in ad-
vance, and then you
don’t have much time
beforehand to consider
using VR.” [Participant
2]

“My learning style is
that I like to have every-
thing clear in ad-
vance…Some people
are more like, ‘I’ll just
do it and see what hap-
pens.’ I’m definitely
more on the other
side.” [Participant 8]

123        Round 2

“The reason I use VR
less now is that you re-
ally need to have a
clear plan in advance
and reserve the equip-
ment. So all those
preparations don’t real-
ly align with my cur-
rent flexible working
style.” [Participant 6]

“I do try to practice as
much as I can on my
own. I regularly make
an effort to sit down
with it so I can keep
my knowledge up to
date on how to use it.
Otherwise, it will be
even harder when I
need to use it with pa-
tients.” [Participant 5]

7310        Round 3

aThe number of times the determinant is mentioned in that specific interview round.
bThe number of times the determinant is mentioned as a positive point in that interview round.
cThe number of times the determinant is mentioned as a point of improvement in that interview round.
dVR: virtual reality.
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Figure 3. Positive and negative evaluations per timepoint (T1-T3) for capability subdomains (counts of coded fragments). T1 refers to the pretraining
interview, T2 to the immediate posttraining interview, and T3 to the follow-up interview 3 months after training completion.

In total, knowledge was the most frequently mentioned
determinant across all interview rounds, with positive remarks
about the extensive training program increasing their knowledge,
but also negative remarks about the overall difficulty of applying
VR in treatment. A noteworthy shift was observed in therapists’
perceptions regarding their knowledge related to VR use.
Initially, therapists highlighted their lack of knowledge of VR,
particularly in its application, indications, contraindications,
and integration into treatment. During the training, therapists
gained knowledge, and 3 months after the training concluded,
all therapists mentioned retained knowledge of VR usage in
treatment. Some therapists mentioned needing more practice to
apply the knowledge in practice. All therapists indicated that
the training had addressed initial gaps, fostering confidence in
their ability to use VR in clinical practice.

Therapists mentioned that their skills related to VR use also
improved. Therapists expressed a high level of proficiency in
using VR and integrating it into their treatment after the training,
with few negative comments on their competence. This positive
shift suggests that the therapists felt they had acquired the
necessary skills to incorporate VR into their practice. Therapists
mentioned that they retained their VR skills over time.
Interestingly, in later interviews, therapists hardly mentioned
skills as a topic for discussion. While initially perceived as a
key learning objective, the focus on skill development
diminished after the training. At the same time, other factors
received more attention as the interviews progressed, indicating
that other determinants became more pressing.

Regarding memory, attention, and decision processes and
behavioral regulation, therapists acknowledged 3 months after
the training that VR had not yet become a standard treatment
option. Despite their increased confidence in using VR, they
did not automatically think of it as a standard option when
creating their treatment plans. Many therapists still reverted to
more familiar treatment methods, highlighting the lack of
automatic integration of VR into their decision-making
processes. The structured planning and coordination for VR use
was mentioned as a challenge, as therapists’ treatment routines
typically involved spontaneous adaptations based on patient
needs, rather than the scheduling that VR requires in practice.
Interestingly, this topic had not been discussed in the first two
interviews, possibly indicating that it had not been a priority in
their initial thinking.

Overall, therapists felt confident in their capacity to use and
integrate VR into their clinical practice, indicating the retention
of knowledge and skills over time. Despite this capability,
therapists mentioned that they did not use VR as often as they
would have thought when they started the training.

Motivation
The motivation category explores determinants that relate to
therapists’ internal process that initiates, directs, and sustains
goal-oriented behavior. It includes not just goals and intentions,
but also habitual processes and emotional responses [34]. In
Table 3, all determinants that played a role in shaping therapists’
motivation to implement VR into mental health care are listed.
Figure 4 illustrates how these determinants evolved over time.
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Table . Determinants related to motivation.

Quote–Quote+N–cN+bNa
tot

Domain, definition,
and interview round

Beliefs about capabilities

    The therapists’ confidence in their ability to implement VRd

“I approach it quite
blankly, and I’m not

“You don’t have to get
it all perfect right

314        Round 1

sure if I can actually do
it.” [Participant 5]

away. You can take the
patient along and ex-
plore it together a bit. I
think that’s very valu-
able as well.” [Partici-
pant 8]

“It will take some time
before it feels comfort-

“Yes, things did go
wrong sometimes. For

51015        Round 2

able in a treatment set-example, the batteries
ting. That sense of easeran out, or I had to cali-
needs to grow as youbrate the equipment,
do it more often.” [Par-
ticipant 2]

but that’s something
you’ll encounter in
daily practice as well.
So, I’ve already dealt
with it. I don’t panic
anymore when some-
thing doesn’t work be-
cause I know I can fix
it myself. I understand
how it works—it’s just
part of the process.”
[Participant 4]

Not mentioned“I think the training has
definitely been benefi-

01010        Round 3

cial in terms of prac-
tice, and that’s made it
clearer in my mind
now. I’m also capable
to use it.” [Participant
6]

Professional identity

    The extent that implementation of VR is perceived as part of the therapists’ role and their view on mental health care

“I’m also very curious
about what my role as

“Look, we also need to
keep up with our fu-

279        Round 1

a therapist will be exact-ture. I believe that’s a
ly. Should I just ob-positive development.”

[Participant 8] serve or coach? I’m not
sure about that yet.”
[Participant 3]

“It’s always the case in
mental health care that

“[The use of VR] is re-
ally about discipline

213        Round 2

developments progress
slowly.” [Participant 1]

and time management.
I believe that owner-
ship comes from within
yourself.” [Participant
11]
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Quote–Quote+N–cN+bNa
tot

Domain, definition,
and interview round

“I think we all act as if
that hierarchy doesn’t
exist and that everyone
can share ideas, but it
is definitely there.
Emotionally, that free-
dom isn’t really
present. Someone else
determines the policy,
what I do. I don’t do
that myself.” [Partici-
pant 3]

“It wouldn’t surprise
me if VR becomes a
standard component of
mental health care in
the Netherlands. That
this option is available
everywhere.” [Partici-
pant 3]

15722        Round 3

Beliefs about consequences

    The therapists’ beliefs about the advantages or disadvantages of using VR

“I find it interesting,
but I’m not completely
convinced of its value
yet. I’m still exploring
it.” [Participant 2]

“In my view, it will es-
pecially help with expo-
sure. It’s an added val-
ue because you can
create a setting that you
wouldn’t normally be
able to create in your
treatment room.” [Par-
ticipant 3]

91827        Round 1

“I actually thought
there were many more
possibilities in VR in
terms of situations, but
that doesn’t seem to be
the case.” [Participant
5]

“I see it as an enrich-
ment for our team. It’s
much more effective.
You can practice multi-
ple situations with
someone. For example,
a patient with distrust
was able to practice
various scenarios, and
he was completely sur-
prised by what he
could already do. And
then it’s also easier to
do it for real.” [Partici-
pant 4]

131427        Round 2

“I’m managing just
fine now, and it’s not
an added value com-
pared to the resources
that already exist.”
[Participant 11]

“I believe that VR defi-
nitely adds value.”
[Participant 1]

71219        Round 3

Emotions

    Therapists’ complex response pattern when dealing with VR, involving cognitive, affective, and physiological elements

“Yes, I do have a
healthy dose of anxiety
[before the training],
but that’s something I
can overcome.” [Partic-
ipant 5]

Not mentioned202        Round 1

“But there were always
technical issues, and I
found that really annoy-
ing...I can’t help but
feel disappointed with
the technical side of
it.” [Participant 3]

Not mentioned101        Round 2

Not mentionedNot mentioned000        Round 3
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Quote–Quote+N–cN+bNa
tot

Domain, definition,
and interview round

Goals

    Therapists’ mental representation of outcomes or end states that they want to achieve in relation to VR use

Not mentioned“It’s important to have
some kind of focal
point or goal in ad-
vance...That way, you
feel a sense of responsi-
bility and prepare for
it.” [Participant 8]

033        Round 1

Not mentioned“I’ve really learned
those principles now.
It also takes time to
start trying and further
exploring them. But
that goal has definitely
been achieved.” [Partic-
ipant 6]

022        Round 2

Not mentioned“The goal is really to
start using it more. I
hope that will be possi-
ble.” [Participant 4]

022        Round 3

Intentions

    A conscious decision to implement VR

Not mentioned“I saw on the intranet
that there would be VR
training, and it had al-
ready interested me for
some time. So when I
saw this, I thought, ‘It
seems really fun to me
to do that as a thera-
pist.’ ” [Participant 8]

011        Round 1

“There is no motiva-
tion here [within my
team] to roll it out on a
large scale and bring it
to attention, simply be-
cause we say: this is
not what we expected
or what we need.”
[Participant 11]

“After this training,
I’m really ready to go.
I now have a patient
with whom I’ve used
VR, and now we can
explore how we can
shape that [further VR
treatment].” [Partici-
pant 2]

2911        Round 2

“I don’t have the inten-
tion to use it right now.
At the moment, I don’t
feel obligated to use
it.” [Participant 3]

“Yes, I definitely in-
tend to use VR in the
future.” [Participant 4]

3912        Round 3

Reinforcing behavior

    The extent of recognition and reward the therapists expect to receive when implementing VR

Not mentionedNot mentioned000        Round 1

“It’s actually childish
that it’s necessary, but
I would really make
practicing mandatory.
With the busyness of
the week, you quickly
say, ‘Oh, I’ll do that
next week.’ ” [Partici-
pant 1]

Not mentioned505        Round 2
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Quote–Quote+N–cN+bNa
tot

Domain, definition,
and interview round

“I actually consider a
certificate to be the
minimum. It would be
nice to have something
to demonstrate for
yourself and for your
CV that you’ve been
trained in this and that
you’ve invested in it.”
[Participant 5]

“It’s already great that
there is an opportunity
to take a training
course, so I don’t ex-
pect anything specific
in return. A certificate
or something would be
nice, though.” [Partici-
pant 6]

336        Round 3

Optimism

    Therapists’ confidence that the implementation of VR will be attained

Not mentionedNot mentioned000        Round 1

Not mentioned“Yes, I really hope the
VR set stays here. It is
definitely achievable,
but there needs to be
more focus on it. Suc-
cess stories are always
motivating, right?”
[Participant 4]

033        Round 2

Not mentionedNot mentioned000        Round 3

aThe number of times the determinant is mentioned in that specific interview round.
bThe number of times the determinant is mentioned as a positive point in that interview round.
cThe number of times the determinant is mentioned as a point of improvement in that interview round.
dVR: virtual reality.

Figure 4. Positive and negative evaluations per timepoint (T1-T3) for motivation subdomains (counts of coded fragments). T1 refers to the pretraining
interview, T2 to the immediate posttraining interview, and T3 to the follow-up interview 3 months after training completion.

At the outset, many therapists expressed reservations in their
beliefs about capability to integrate VR into their practice.
However, throughout the training, confidence grew, and all
therapists reported a belief in their capability to use VR
effectively. The determinant beliefs about consequences of VR
use emerged as a key factor, with therapists recognizing the
potential of VR for exposure therapy and appreciating its
benefits, such as providing a controllable and safe environment
for various scenarios. A therapist even suggested that VR could
be more effective than traditional treatments, especially in
helping patients transfer coping strategies to real-life situations.
Despite these positive beliefs, concerns remained about the lack
of realism in some virtual scenarios and the challenges in finding

suitable patients for VR treatment. Most of their patients were
able to follow exposure therapy outside the clinic, making the
use of VR unnecessary. Other patients required medication for
more pressing symptoms before engaging in VR treatment.

The professional identity of therapists became more prominent
as the training progressed. Therapists increasingly saw the
potential for VR to become a standard treatment option in mental
health care. However, some reported feeling constrained by
hierarchical team dynamics that hindered their willingness to
stimulate VR use after the training concluded. The perception
of limited autonomy within their teams restricted their
motivation to advocate for the continued use of VR.
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Furthermore, the therapists’ attention to reinforcing behavior
regarding the use of VR increased over time. Most therapists
advocated for stricter requirements for participating in VR
training and receiving certification to encourage responsible
VR use. They believed that setting higher entry requirements
would enhance motivation, accountability, and discipline among
those wishing to integrate it into their therapeutic practice.

In the interviews, emotions, goals, intentions, and optimism
were mentioned less frequently. Relating to emotions, therapists
mentioned some anxiety about using VR, particularly about
technical issues that may occur, but these emotions decreased
over time. Regarding goals, therapists highlighted the
importance of having a clear objective when using VR, with

some aiming to integrate it more into their practice. Intentions
were expressed mostly positively, especially after training, with
therapists feeling ready to implement VR, though some struggled
with team-wide motivation. Lastly, optimism for VR’s future
in treatment was expressed, but this was less frequently
discussed.

Opportunity
The opportunity category explores determinants that relate to
all the factors that lie outside the therapist that make the
implementation of VR possible or hinder it [34]. In Table 4,
both determinants within the opportunity category are presented.
Figure 5 illustrates how these determinants evolve over time.
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Table . Determinants related to opportunity.

Quote–Quote+N–cN+bNa
tot

Domain, definition,
and interview round

Environmental context/resources

    Any circumstance of a therapist’s environment that encourages or discourages VRd implementation

“Well, the availability
of the set is important,

“Well, we have a de-
vice available at the lo-

13518        Round 1

of course. Not havingcation, so it’s quite
it at this location doesconvenient. My super-
create a barrier.” [Par-
ticipant 4]

visor has also asked me
if I would like to do
this training, and the
fact that I’m going to
take this training gives
me the impression that
I’m being supported by
management.” [Partici-
pant 2]

“You often run into
technical problems, so

“Actually, the training
was really accessible

23629        Round 2

you have to solve thosefor me because it was
first, along with settingon my workday and at
up the system. In thethe same location. I
end, a lot of time iscould just go down the

hall.” [Participant 11] simply lost.” [Partici-
pant 5]

“I don’t get the impres-
sion that the organiza-

“Yes, there are plenty
of VR sets available,

55661        Round 3

tion has a very clearand I know colleagues
vision regarding VR. ItI could reach out to if
is mentioned in thethere’s an issue or
course, but there’s littlewhere I can call for as-
information on wheresistance. That part is
the organization
stands.” [Participant 6]

well taken care of.”
[Participant 5]

Social influences

    Interpersonal processes that can cause therapists to change their thoughts, feelings, or behaviors

“The motivation or en-
couragement from

“The advantage of peer
supervision is that if

41519        Round 1

management is veryyou encounter some-
limited. I discoveredthing, you can discuss
this training on myit right away and make
own initiative based onadjustments immediate-
my professional devel-ly. That’s valuable be-
opment and personalcause it helps keep the
interest.” [Participant
10]

attention on VR,
right?” [Participant 4]

“Yes, the idea was that
there would be peer su-

“Yes, it’s more ‘alive’
than I expected. I also

182442        Round 2

pervision, but that isn’tcome across other peo-
happening here rightple who are using VR.”

[Participant 3] now. So I notice that
I’m somewhat search-
ing for where to turn if
there’s an issue and
where I would end up.”
[Participant 2]
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Quote–Quote+N–cN+bNa
tot

Domain, definition,
and interview round

“You can tell that it’s
not always well-known
within the treatment
team. You really have
to work hard to raise
awareness about it in
the team and share
some information.”
[Participant 5]

“We do have a chat in
Teams where we can
ask each other ques-
tions within the train-
ing group. If I were to
post a message saying,
‘Hey, I’m stuck on
this,’ I know I would
get a quick response.”
[Participant 1]

21930        Round 3

aThe number of times the determinant is mentioned in that specific interview round.
bThe number of times the determinant is mentioned as a positive point in that interview round.
cThe number of times the determinant is mentioned as a point of improvement in that interview round.
dVR: virtual reality.

Figure 5. Positive and negative evaluations per timepoint (T1-T3) for opportunity subdomains (counts of coded fragments). T1 refers to the pretraining
interview, T2 to the immediate posttraining interview, and T3 to the follow-up interview 3 months after training completion.

Both determinants, environmental context/resources and social
influences, emerged as critical in understanding therapists’
experiences and attitudes toward the implementation of VR.
Initially, therapists identified the availability of VR sets and
training as facilitating factors. However, as the study progressed,
these were overshadowed by a growing sense of frustration due
to an increasing number of challenges, such as technical
difficulties with the VR equipment and issues with reserving
the necessary resources. Therapists reported that these
complications, combined with overwhelming workloads, led to
an increasing sense of dissatisfaction and left little room to
explore and integrate VR into their treatment practices.

A significant lack of organizational vision and sustained support
after the training regarding using VR in treatment was also
noted. Therapists felt that management did not prioritize VR
and provided limited support or communication after the training

ended. This clear lack of direction from the organization created
an environment where therapists felt largely unsupported in
their attempts to integrate VR into their treatments. By the final
round of interviews, many therapists voiced the need for
sustained organizational support and a robust vision for
integrating VR and innovations in general into mental health
care.

Regarding social influences, therapists initially experienced a
sense of enthusiasm and community among colleagues, but this
supportive atmosphere diminished over time. Therapists reported
feelings of isolation and disappointment stemming from a lack
of ongoing encouragement from colleagues, team leaders, and
management. Many expressed that the absence of engagement
and motivation from leadership further exacerbated these
feelings, decreasing their drive to use VR. Three months after
the training concluded, therapists indicated a need for a more
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active role from management and for increased awareness and
advocacy within their teams to foster a supportive environment.

Overall, these two determinants were more frequently discussed
than other determinants in the TDF framework. Issues ranged
from broader organizational challenges to specific team
dynamics and individual colleague interactions.

Synthesis of Longitudinal Transitions and COM-B
Interactions
Across interviews, patterns differed by COM-B category (Figure
6). Capability-related barriers, such as lack of knowledge and

skills, decreased during training, while positive evaluations
related to capability became less prominent in the immediate
posttraining interviews. This does not reflect loss of skill or
knowledge, but rather a shift in focus: after training, capability
felt largely established in therapists and was therefore less
frequently discussed. At the third follow-up interview, capability
negatives increased, driven mainly by memory, attention, and
decision processes and behavior regulation. Here, therapists
reported forgetting to use VR in the flow of daily care or
struggling to embed it into routines, rather than lacking
knowledge or technical skill.

Figure 6. Positive and negative evaluations per timepoint (T1-T3) across COM-B categories (counts of coded fragments). T1 refers to the pretraining
interview, T2 to the immediate posttraining interview, and T3 to the follow-up interview 3 months after training completion. COM-B: capability,
opportunity, motivation – behavior model.

Motivation remained overall positive and strengthened over
time. Critical appraisals peaked immediately after training,
reflecting a more realistic weighing of VR’s value against daily
practice demands. By follow-up, negative motivational
evaluations decreased, consistent with consolidation among the
therapists who found workable ways to apply VR and
experienced its added value in day-to-day care.

In the descriptive counts, opportunity factors emerged as the
most persistent bottleneck for sustained use. Positives rose
during the training but halved at follow-up, while negative
evaluations related to opportunity increased sharply. These
shifts were primarily attributed to organizational conditions.
Recurrent themes included the absence of a clear organizational
vision and plan for VR, lack of visible leadership support, and
limited availability of protected time. In short, once therapists
became sufficiently capable and remained motivated,
opportunity factors hindered translation into routine care.

While no firm conclusions can be drawn based on the
quantification of qualitative data, the findings suggest an
interaction between individual and organizational factors:
training helps build capability, and once therapists feel able and
willing to use VR, gaps in organizational vision, resources, and
support become more salient. In our data, VR use remained

sporadic when these organizational conditions were not in place,
even when therapists reported sufficient motivation and skills.

Discussion

Principal Results
This longitudinal evaluation explored how a specific
implementation strategy—a VR training program—impacts
therapists’VR use and implementation behavior. The evaluated
behavior determinants are derived from the TDF and COM-B
model [34]. The key findings are related to the capability,
motivation, and opportunity of therapists to implement VR.
These findings suggest an ongoing, interconnected process
rather than 3 isolated measurement timepoints. Capability was
established through the training. Therapists generally felt they
were able to use VR. The later rise in negative evaluations
related to capability at follow-up did not signal loss of skill, but
rather the practical demands of remembering to use VR in busy
daily workflows and embedding it into routines. This signaled
issues of memory, attention, and behavior regulation rather than
competence. Motivation to use VR stayed broadly positive.
Right after training, therapists briefly weighed VR’s value
against day-to-day pressures. Where VR proved to be of added
value in real cases, motivation stabilized. Posttraining, the
sporadic use observed across therapists could be explained by
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organizational conditions: without a clear managerial vision,
visible leadership engagement, protected time, and reliable
technical support, intention and capability did not translate into
routine use. Importantly, capability gains did not remove
obstacles; they made the organizational layer more visible. This
underscores that implementation is layered rather than strictly
sequential. Strategies should therefore act across different levels.
For example, aligning with all the different CFIR domains.

Comparisons to Prior Work and Implications for
Practice
The VR training program effectively supported knowledge
acquisition and positively impacted various other determinants,
including the development of skills necessary for VR use in
practice. Therapists reported increased confidence in both
technical and therapeutic applications. These findings align with
research emphasizing that successful implementation of new
technologies requires more than technical training; professional
development should focus on broader topics such as privacy,
ethical and legal considerations, clinical competencies, and
administrative tasks [47]. However, despite these self-reported
improvements, VR was not consistently integrated into daily
treatment practice after the training concluded. Therapists tended
to revert to familiar treatment methods rather than incorporate
VR as a standard part of their treatment. This is often seen in
VR implementation, as therapists tend to feel more comfortable
and confident in the effectiveness of their familiar methods, and
these methods are perceived as more straightforward and reliable
[48-50]. Some other key barriers to implementation were the
high perceived workload and time constraints, which made it
difficult for therapists to reserve and set up VR equipment in
time for treatment. This highlights the importance of considering
context-related obstacles in implementation efforts. Similar
barriers were reported in a Belgian eHealth implementation
study, which stated that high workload and lack of time often
hinder the adoption of new technologies and innovations in
mental health care [51].

Regarding motivation to use VR, therapists generally viewed
VR as a valuable tool, particularly for interventions such as
exposure therapy, where it could lower the threshold for real-life
exposure. This positive attitude toward the technology reflects
growing recognition of VR’s potential to enhance treatment.
However, despite this enthusiasm, concerns about the perceived
consequences of using VR in treatment, such as the lack of
realism of VR scenarios and their suitability for patients,
persisted even after the training. For instance, some therapists
mentioned that some patients found the environments too
artificial, reducing immersion. Others expressed concerns that
the available scenarios may not adequately reflect the diverse
needs and backgrounds of their patients, limiting their
applicability. These concerns are in line with previous research
showing that the alignment between technology and patients’
needs is a key factor in the acceptance and sustained use of VR
in clinical practice [52]. When technology is tailored to specific
patient groups, it is more likely to be perceived as useful,
feasible, and engaging, ultimately enhancing treatment
experiences and health outcomes [53,54]. Although these
concerns persisted, they did not necessarily prevent therapists
from using VR. Some therapists noted that as they gained more

experience with VR, their initial doubts about realism and
suitability became less relevant, particularly when they observed
positive patient outcomes. This suggests that while these
concerns are valid, their true impact on clinical practice can
only be determined through extended use over time. Indicating
that implementation and evaluation go hand-in-hand and
reinforcing the notion that implementation is an ongoing process,
where some barriers can only be addressed once initial adoption
has taken place [55,56].

While the training improved therapists’capability and generally
increased motivation to use VR, several opportunity-related
challenges hindered the sustained implementation of VR. This
aligns with previous studies indicating that organizational factors
are underemphasized in implementation efforts, often
interrelated with technical and social dimensions, making them
complex to address comprehensively [57]. One possible
explanation is that many implementation strategies are designed
in advance, making it difficult to fully anticipate challenges that
only become apparent in later stages of the implementation
process. Certain organizational barriers may not initially seem
critical but can emerge as important obstacles once therapists
attempt to integrate VR into routine practice. This highlights
the dynamic nature of implementation and the need for adaptive
strategies that evolve based on real-world experiences [56].

In addition, existing organizational theories often fall short of
explaining the complexities of health care implementation [58].
As seen in this study, the combined TDF and COM-B model
primarily focused on individual factors influencing behavior
change, as reflected in the extensive list of determinants within
the capability and motivation categories. The COM-B/TDF
provided a detailed lens on individual behavior change, which
aligned with our interview-based focus on therapists. However,
this lens is less focused on organizational dynamics. In CFIR,
many COM-B determinants correspond to the individual
characteristics domain, while CFIR additionally elaborates on
the inner- and outer setting and process. In our data, several
organizational themes emerged that extend beyond COM-B and
TDF’s two opportunity domains (eg, leadership support,
organizational vision, implementation climate, availability of
time/rooms/devices, workflow fit). To interpret these layers
more fully, future work could combine COM-B and TDF for
the behavioral mechanisms with CFIR or NASSS (Nonadoption,
Abandonment, Scale-Up, Spread, and Sustainability) to capture
contextual determinants related to the organization more
comprehensively [40,59]. This also implies broadening data
sources beyond therapists to represent organization-level
decision processes. Such integration retains TDF’s behavioral
focus while clarifying what organizations must put in place for
VR to move from training to routine care.

From this longitudinal evaluation, implications for practice
emerged. First, findings showed that enthusiasm for VR declined
over time due to technical difficulties, limited availability of
VR sets, high workload, and time constraints. These findings
underscore the importance of ensuring that new technologies
are not only functional but also seamlessly integrated into
treatment without disturbing established workflows [60]. Despite
the extensive training, these issues persisted, indicating that
additional layers of support are essential for successful
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implementation. While training is important for building
competence, it is not sufficient on its own to ensure sustained
use of innovations. Ongoing technical support, ideally integrated
into the workflow, is needed to reduce barriers and facilitate
continuous use.

Second, social and hierarchical dynamics within teams
influenced implementation. Some therapists felt hesitant to
introduce VR as a treatment option, fearing they lacked the
authority to promote its use within their team. This suggests
that, beyond technical and organizational barriers, workplace
culture and professional autonomy play a crucial role in
determining whether therapists feel empowered to implement
new technologies. Studies have shown that the culture within
a health care organization can either promote or hinder
innovation. For instance, a study highlighted that cultural values
support innovation, but conflicts between existing culture and
new ideas can restrain it. The manager’s role is crucial in
nurturing this culture, indicating that leadership can significantly
influence implementation outcomes [61].

Finally, a lack of organizational vision and sustained support
following the training meant that VR was not naturally
incorporated into routine treatment practice. Without clear
structural reinforcement, such as time allocation, access to
equipment, and leadership-driven implementation strategies,
therapists were unlikely to prioritize VR over their usual
treatment methods. These findings highlight the need for
ongoing organizational commitment and support, addressing
both technical and cultural barriers, to ensure the successful
integration of VR into mental health care [62,63]. It is important
to note that the influence of leadership and organizational culture
cannot be confined to one-off statements or actions. In this
study, it became clear that support from management must be
consistently demonstrated and integrated into the ongoing
implementation process. It is not enough for leadership to
endorse the technology at the outset; they must continue to
champion its use, reinforcing that innovation is a priority. This
ongoing support is essential to overcome resistance and to ensure
that the implementation process is successful in the long term.

These findings indicate that training led to many positive
changes in key implementation determinants. However, once
the training was completed, new challenges emerged,
highlighting the need for additional implementation
strategies—particularly those focused on organizational support.
A broader and more sustainable implementation process is
required for successful VR implementation. Initially, the focus
should be on training, but over time, other factors such as
organizational support and leadership involvement become
more critical. This shift emphasizes the importance of
longitudinal evaluation and process monitoring, as challenges
evolve. Furthermore, sustaining management’s engagement
throughout the process is essential to maintain momentum and
address emerging barriers, ensuring long-term success. This
aligns with previous research demonstrating that behavior
change in clinical practice requires more than training and must
include elements of organizational vision, leadership support,
and structural facilitation [62,63].

Strengths and Limitations
This study highlights the value of a longitudinal approach to
implementation research, as it captures how key determinants
and contextual factors evolve over time. By tracking these
changes, it offers practical insights for adapting implementation
strategies to real-world dynamics, reinforcing the importance
of ongoing evaluation throughout the process [37,64]. Beyond
listing determinants, the longitudinal design allowed for
interpreting how change unfolded in practice, showing the
dynamic interaction between COM-B categories. VR training
established capability, capability plus intention to use VR made
contextual needs more visible, and opportunity factors ultimately
hindered routine use.

The iterative nature of the study also highlights the importance
of formative evaluation—not only assessing implementation
efforts at the end but also continuously evaluating throughout
the implementation process. This enables the identification of
changing needs, ensuring that the implementation strategy can
be adapted accordingly. Given the scope and the iterative nature
of the interviews conducted across 3 timepoints, the sample size
was sufficient to capture a comprehensive range of perspectives
and experiences, thereby ensuring meaningful insights into the
implementation process [65].

In line with recent guidance on reporting qualitative longitudinal
research, we make explicit how we handle time and change.
Following Audulv et al [66] typology, our results combine a
recurrent cross-sectional view per interview round with an
integrated, change-focused synthesis to show how patterns shift
over time. To support pattern recognition, we used time-ordered
bar charts with descriptive counts of coded fragments. These
numbers are reported as absolute counts (not percentages) and
are meant to complement the thematic interpretation, not to
indicate prevalence or allow inferential statistics [67]. They
document emerging patterns and should always be read
alongside the thematic narrative.

The combined use of TDF and COM-B enabled a systematic
analysis of implementation determinants, particularly in
distinguishing individual and contextual factors. This supported
a deeper understanding of the complexity of VR implementation
[34]. However, the use of these models also comes with some
limitations. The broad categorization within the capability,
motivation, and opportunity categories could oversimplify the
complex interactions between these determinants. Specifically,
the opportunity category could oversimplify the complex
interactions within an organization. Our primary use of
individual-level frameworks (COM-B/TDF) may underspecify
organizational dynamics. We address this by mapping actionable
enablers to CFIR or NASSS in the implications section.
Additionally, it can be difficult to clearly distinguish between
some determinants in the data, such as between beliefs about
capabilities and actual skills. These limitations suggest the need
to further refine these models to better capture the dynamic and
nuanced nature of implementation processes.

Beyond model-related limitations, this study focused solely on
therapists, excluding perspectives from managers, policymakers,
trainers, and patients. A broader view could have offered a more
comprehensive understanding of implementation determinants
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[68,69]. Still, focusing on therapists enabled an in-depth
exploration of the practical challenges faced by key end users.

Another limitation is limited generalizability, as the study was
conducted within a single mental health organization. While
this may restrict direct applicability, the insights into how
implementation challenges evolve over time are likely relevant
across settings. The longitudinal design offers valuable lessons
for adapting strategies as implementation progresses. Future
research should adopt a multistakeholder, cross-organizational
approach to further explore the nuances of VR implementation
in diverse contexts [70,71].

This study is a first step in evaluating VR implementation, using
an exploratory qualitative longitudinal design to map how
therapists’ implementation needs shift over time. Beyond the
specific case of VR, it speaks to how time and change can be
handled in qualitative longitudinal implementation research.
Recent methodological work has noted that temporal aspects
in such studies, for example, when changes occur, how stable
they are, and what seems to trigger them, are often reported
inconsistently, partly because existing guidance on presenting
longitudinal findings is limited [66]. Our study offers one
pragmatic approach: we made temporal patterns explicit by
structuring themes across predefined timepoints and linking
them to theory-based constructs (COM-B/TDF), and by using

simple counts of coded fragments as descriptive anchors rather
than as effect estimates. Future mixed methods implementation
studies could build on this approach by pairing qualitative
trajectories with repeated quantitative COM-B measures, usage
indicators, and selected implementation outcomes as described
by Proctor et al [72]. The patterns identified in this study can
help inform which determinants to track and how they might
be expected to evolve as implementation progresses.

Conclusions
The implementation strategy of VR training improves the
capability of therapists but does not, on its own, lead to sustained
use in routine care. Our study showed that organizational and
technical challenges posed important barriers to implementation,
with the lack of organizational vision and continuous practical
support limiting progress. Sustainable implementation, therefore,
requires embedding strategies in an iterative, organization-wide
implementation approach that targets all layers of
implementation: structured follow-up supervision, local
champions, protected time and access to rooms and devices,
visible leadership engagement, and reliable technical support,
aligned with supportive policy and ongoing formative
evaluation. The longitudinal design of this study was of great
value: it revealed how determinants shifted over time, insights
a cross-sectional study would miss, and allowed strategies to
be adapted to emerging, dynamic real-world needs.
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Abstract

Background: Cyberchondria, a combination of the words “cyber” and “hypochondriasis,” is a condition that is receiving
increasing attention from clinicians and researchers globally. Researchers are currently using multiple instruments to quantify it.
Furthermore, the instruments have been translated into multiple languages.

Objective: This study aimed to examine the extent to which researchers are measuring cyberchondria using the 33-item
Cyberchondria Severity Scale (CSS) and its 12-item abbreviated version, the CSS-12. It also examined the relative use of
cyberchondria instruments in different languages.

Methods: PubMed and PsycInfo were searched for articles published between May 1, 2019, and December 31, 2024, featuring
the term “cyberchondria” in the title. Included articles mentioned the CSS, were empirical studies, and were in English. Each
article was categorized by the CSS version, publication year, and language of instrument implementation. Fisher exact tests were
used to assess associations, and the Spearman rank correlation coefficient was used to evaluate trend monotonicity.

Results: Among the 117 articles included in the analysis, 42 (35.9%) used the CSS, 38 (32.5%) used the CSS-12, and the
remaining 37 (31.6%) used unknown or modified versions. Although CSS-12 use began with its introduction in 2019, there was
no significant association between publication year and instrument choice (P=.84). Unadjusted analysis found that the relationship
between year and the percentage of articles using the CSS-12 showed a statistically significant monotonic trend (ρ=0.89; P=.02).
This finding was not significant after applying a Bonferroni correction. However, there was a significant association between the
language of the instrument and the CSS version used (P<.001).

Conclusions: From 2019 to 2024, both the CSS and CSS-12 continued to be used. The CSS-12 offers benefits such as brevity
and the removal of reverse-keyed items, while the original CSS remains useful for studies that require the mistrust of medical
professionals subscale. The significant association between language and instrument choice suggests that cultural and linguistic
factors impact selection, and instrument choice should be guided by the study’s objectives and the constructs of interest.

(JMIR Ment Health 2026;13:e75003)   doi:10.2196/75003

KEYWORDS

health anxiety; health information seeking behavior; hypochondriasis; hypochondria; Cyberchondria Severity Scale; CSS; 12-item
Cyberchondria Severity Scale; CSS-12

Introduction

Definition and Current Measurement Tools
Cyberchondria is a portmanteau of the words “cyber” and
“hypochondriasis.” Its measurement was first formalized through
the development of the Cyberchondria Severity Scale (CSS) in
2014 [1]. In its original format, the CSS consists of a 33-item
questionnaire, grouped into 5 subscales, some of which identify
behaviors (ie, compulsiveness, excessiveness, and reassurance
seeking) or mental states (ie, distress). An additional subscale,
mistrust of medical professionals, has the potential to be

problematic, as it may measure a construct that is different from,
but related to, the other 4 cyberchondria subscales [2].

In response to both the length of the original, long-form CSS
and the potential issues surrounding the mistrust of medical
professionals subscale, an abbreviated version called the CSS-12
was developed in 2019 [3]. The CSS-12 consists of a 12-item
questionnaire containing questions drawn from the original
version; however, it does not include any items related to the
mistrust of medical professionals. The creators of the original
CSS were involved in the development and validation of CSS-12
and thus have implicitly endorsed it.
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Since their creation, the CSS and CSS-12 have been used in
numerous studies and have become de facto standards for the
measurement of cyberchondria. A potential overreliance on the
CSS is acknowledged in the literature [4]. Furthermore, the
instruments have been translated into other languages and have
been extensively used in adapted forms. On this note, in 2016,
a German team created the 15-question German version of the
instrument, dubbed the CSS-15 [5]. Additional novel instruments
have been developed, some of which include the aforementioned
mistrust of medical professionals construct [6,7].

Study Aims
There is widespread use of the CSS and CSS-12 and a lack of
research comparing their relative use. To address this lacuna,
this study aims to provide future researchers with greater
understanding of the extent to which each version is used and
the degree to which each version is being used in languages
other than English. It additionally aims to contribute to the
discussion of the various contexts in which inclusion of the
mistrust of medical professionals subscale is helpful. To achieve
these aims, we conducted a review of the literature to determine
the relative frequency with which the CSS and CSS-12 were
used and the languages in which they were used. While
conducting this review, situations in which noncanonical forms
of the questionnaire were used were noted.

Methods

Ethical Considerations
Ethics approval and informed consent were not applicable
because this study examined the published literature, rather than
human participants.

Search Strategy and Sample Selection
In September 2025, PubMed and PsycInfo were searched for
all potentially relevant articles published between May 1, 2019,
the date of publication of the article defining the CSS-12, and
December 31, 2024, the last day of the most recent calendar
year. PubMed is a free tool that searches the archive of
biomedical and life sciences journal literature maintained by
the United States National Library of Medicine. It may be most
accessible to clinical practitioners without institutional access
to paywalled sources. PsycInfo is a database of articles
administered by the American Psychological Association.
Articles likely to be about cyberchondria were initially identified
by searching for peer-reviewed, published articles with
“cyberchondria” in the title. A pool of articles to evaluate was
created by removing the duplicates found by both sources.
Articles were excluded if they were replies, corrigenda, letters
to the editor, letters from the editor, or not actually published
during the search period. Further exclusions were made for
articles that were not in English, were reviews, contained
conceptual analysis, or did not measure cyberchondria.

Measurement
Each article was reviewed to determine whether it used the
original 33-question CSS, the CSS-12, another form of the CSS
(eg, the CSS-15 or an author-derived version), or an unknown
version. Culturally equivalent translations of the CSS or CSS-12

from English into another language were classified as being the
instrument that was translated. The process used to determine
the version of the scale used is described in Multimedia
Appendix 1. Two variables were created to capture the language
of the instrument: 1 variable that categorized studies as having
used an instrument with an “unspecified” language if it was not
explicitly stated and 1 variable that attempted to infer the
language of the instrument used in studies based upon the
context in which they were conducted. The process used to
ascertain the language used in an article is described in
Multimedia Appendix 2.

Articles were additionally classified by year of publication and
by the language in which the instrument was implemented.
While only English-language articles were considered, articles
were written by authorship teams from various nations and, in
many cases, reported on empirical research that was not
conducted in English. Studies conducted in English-speaking
countries were assumed to have used an English version of the
instrument, unless explicitly stated otherwise. This assumption
was made, as the original implementations of the CSS and
CSS-12 were in English.

Analysis
For each year, 2019 to 2024, the number of articles using the
CSS, the CSS-12, and other variations of the CSS was
determined by reviewing the contents of the articles meeting
the sample selection criteria, and results were recorded in a
table. If the version of the CSS used could not be determined,
it was classified as “unknown.” Fisher exact tests were used to
assess the relationship between year and the type of CSS
instrument used, considering both the totality of the articles and
a subset using only the CSS or CSS-12. Spearman rank
correlation coefficient was calculated to determine whether
there was a trend in the percentage of cyberchondria articles
using the CSS-12 that was monotonic. The percentage of
cyberchondria articles using the CSS-12 was then plotted by
year using a scatterplot.

The sample was examined to determine the language used to
assess cyberchondria in each study considered. For each
language found in the sample, the number of studies using the
CSS, the CSS-12, and author-derived variations of the CSS was
determined. Fisher exact tests were run to assess whether a
significant association existed between language and CSS
implementation used, again considering both the totality of the
articles and the subset using only the CSS or CSS-12.

Results

Searching PubMed yielded 124 articles, and searching PsycInfo
yielded 73 articles. Of these 197 articles, 144 (73.1%) were
unique. The exclusion criteria were applied as shown in the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) diagram (Figure 1), leading to 117 (59.4%)
studies being included in the review. Of these 117 articles, 42
(35.9%) used the CSS, 38 (32.5%) used the CSS-12, 36 (30.8%)
used other instruments, and 1 (0.9%) used an unknown
instrument.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram depicting the sample creation process.

As shown in Table 1, while the CSS-12 was introduced in 2019,
it took some time for it to gain widespread use after its initial
introduction [3]. Only 11% (1/9) of the articles used it in 2020,
and only 36% (5/14) of the articles used it in 2021. A Fisher
exact test did not identify a significant association between the
year of publication and the instrument used (P=.84). When a
Fisher exact test was run considering only studies that used the
CSS or CSS-12 (excluding studies using instruments classified

as other and unknown), there was still no significant relationship
between the year of publication and the instrument used (P=.54).
Spearman rank correlation coefficient showed a statistically
significant monotonic relationship between the year of
publication and the proportion of studies using the CSS-12
(ρ=0.89; P=.02). The year in which the greatest proportion of
the studies used the CSS-12 was 2024, when 39% (9/23) of the
studies used the instrument.
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Table . Instrument use by year, 2019 to 2024.

Unknown, n (%)Other, n (%)CSS-12b, n (%)CSSa, n (%)

0 (0)3 (50)

[7,10,11]

1 (16.7)

[3]

2 (33.3)

[8,9]

2019 (n=6)

0 (0)3 (33.3)

[18-20]

1 (11.1)

[17]

5 (55.6)

[12-16]

2020 (n=9)

0 (0)3 (21.4)

[32-34]

5 (35.7)

[27-31]

6 (42.9)

[21-26]

2021 (n=14)

1 (2.6)

[73]

11 (28.2)

[62-72]

12 (30.8)

[50-61]

15 (38.5)

[35-49]

2022 (n=39)

0 (0)10 (38.5)

[90-99]

10 (38.5)

[80-89]

6 (23.1)

[74-79]

2023 (n=26)

0 (0)6 (26.1)

[6,117-121]

9 (39.1)

[108-116]

8 (34.8)

[100-107]

2024 (n=23)

1 (0.9)36 (30.8)38 (32.5)42 (35.9)Grand total (n=117)

aCSS: Cyberchondria Severity Scale.
bCSS-12: 12-item Cyberchondria Severity Scale.

As shown in the scatterplot presented in Figure 2, the only
cyberchondria article published in 2019 mentioning the CSS-12
was the article that defined the instrument [3]. Use of the
CSS-12 exceeded use of the CSS in 2023 and 2024, but studies

using the CSS-12 did not account for the majority of studies
due to the various other versions of the instrument that were
used.

Figure 2. Percentage of cyberchondria articles using the 12-item Cyberchondria Severity Scale (CSS-12) by year.

As shown in Table 2, among the articles that explicitly stated
the language that was used, the CSS saw the greatest adoption
in articles that implemented it in Turkish (14/42, 33%), and the
CSS-12 saw the greatest adoption in articles that implemented
it in Chinese (6/38, 16%) or Turkish (6/38, 16%). The languages
for which there were more articles written using the CSS-12
than the CSS were Arabic (4/5, 80%), Chinese (6/9, 67%),
Persian (3/4, 75%), Russian (1/1, 100%), Spanish (2/2, 100%),

and Serbian (1/2, 50%). A Fisher exact test identified a
significant association between the language in which an article
implemented its cyberchondria measurement and the instrument
used (P<.001). When articles using an instrument other than
the CSS or CSS-12 were excluded from the analysis, a Fisher
exact test likewise identified a significant association between
the language in which an article implemented its cyberchondria
measurement and the instrument used (P=.03).
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Table . Instrument use by language (ambiguous cases classified as “unspecified”).

Unknown, n (%)Other, n (%)CSS-12b, n (%)CSSa, n (%)Language

0 (0)1 (20)

[117]

4 (80)

[27,80-82]

0 (0)Arabic (n=5)

0 (0)1 (11.1)

[90]

6 (66.7)

[28,50,83,108-110]

2 (22.2)

[35,74]

Chinese (n=9)

0 (0)5 (83.3)

[7,18,91,92,118]

0 (0)1 (16.7)

[100]

Croatian (n=6)

1 (5.6)

[73]

5 (27.8)

[10,32,62,93,119]

5 (27.8)

[3,84,111-113]

7 (38.9)

[8,9,12,13,21,22,36]

English (n=18)

0 (0)0 (0)1 (100)

[85]

0 (0)French (n=1)

0 (0)2 (66.7)

[19,63]

0 (0)1 (33.3)

[101]

German (n=3)

0 (0)1 (100)

[64]

0 (0)0 (0)Indonesian (n=1)

0 (0)0 (0)3 (50)

[29,51,52]

3 (50)

[14,37,38]

Italian (n=6)

0 (0)1 (100)

[94]

0 (0)0 (0)Korean (n=1)

0 (0)0 (0)3 (75)

[17,30,53]

1 (25)

[75]

Persian (n=4)

0 (0)0 (0)1 (12.5)

[54]

7 (87.5)

[15,23,24,39,102-104]

Polish (n=8)

0 (0)0 (0)0 (0)1 (100)

[40]

Portuguese (n=1)

0 (0)0 (0)1 (100)

[55]

0 (0)Russian (n=1)

0 (0.0)1 (50.0)

[95]

1 (50.0)

[56]

0 (0.0)Serbian (n=2)

0 (0)0 (0)2 (100)

[57,86]

0 (0)Spanish (n=2)

0 (0)4 (16.7)

[33,65,66,96]

6 (25)

[31,58-60,87,114]

14 (58.3)

[25,41-46,76-79,105-107]

Turkish (n=24)

0 (0)1 (100)

[99]

0 (0)0 (0)Urdu (n=1)

0 (0)14 (58.3)

[6,11,20,34,67-72,97,98,120,121]

5 (20.8)

[61,88,89,115,116]

5 (20.8)

[16,26,47-49]

Unspecified (n=24)

1 (0.9)36 (30.8)38 (32.5)42 (35.9)Grand total (n=117)

aCSS: Cyberchondria Severity Scale.
bCSS-12: 12-item Cyberchondria Severity Scale.

In Table 2, of the 117 articles, the language of the instrument
was unspecified in 24 (20.5%), as no explicit statement was
provided. However, because the language can often be inferred
from the national context in which the study was conducted,
Table 3 reports scale use by language, incorporating both

explicitly stated and inferred languages. In this revised analysis,
studies implementing the traditional CSS in Turkish were most
common (15/42, 36% articles), whereas among studies using
the CSS-12, those implementing it in English (7/38, 18%) or
Turkish predominated (7/38, 18%).
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Table . Instrument use by language (languages inferred for ambiguous cases).

Unknown, n (%)Other, n (%)CSS-12b, n (%)CSSa, n (%)Language

0 (0)2 (33.3)

[67,117]

4 (66.7)

[27,80-82]

0 (0)Arabic (n=6)

0 (0)8 (50)

[6,34,68,71,72,90,120,121]

6 (37.5)

[28,50,83,108-110]

2 (12.5)

[35,74]

Chinese (n=16)

0 (0)5 (83.3)

[7,18,91,92,118]

0 (0)1 (16.7)

[100]

Croatian (n=6)

1 (3.6)

[73]

11 (39.3)

[10,11,20,32,62,69,70,93,97,98,119]

7 (25)

[3,84,111-113,115,116]

9 (32.1)

[8,9,12,13,21,22,36,47,48]

English (n=28)

0 (0)0 (0)1 (100)

[85]

0 (0)French (n=1)

0 (0)2 (66.7)

[19,63]

0 (0)1 (33.3)

[101]

German (n=3)

0 (0)1 (100)

[64]

0 (0)0 (0)Indonesian (n=1)

0 (0)0 (0)3 (50)

[29,51,52]

3 (50)

[14,37,38]

Italian (n=6)

0 (0)1 (100)

[94]

0 (0)0 (0)Korean (n=1)

0 (0)0 (0)4 (80)

[17,30,53,61]

1 (20)

[75]

Persian (n=5)

0 (0)0 (0)2 (22.2)

[54,88]

7 (77.8)

[15,23,24,39,102-104]

Polish (n=9)

0 (0)0 (0)0 (0)1 (100)

[40]

Portuguese (n=1)

0 (0)0 (0)0 (0)2 (100)

[16,26]

Romanian (n=2)

0 (0)0 (0)1 (100)

[55]

0 (0)Russian (n=1)

0 (0)1 (50)

[95]

1 (50)

[56]

0 (0)Serbian (n=2)

0 (0)0 (0)2 (100)

[57,86]

0 (0)Spanish (n=2)

0 (0)4 (15.4)

[33,65,66,96]

7 (26.9)

[31,58-60,87,89,114]

15 (57.7)

[25,41-46,49,76-79,105-107]

Turkish (n=26)

0 (0)1 (100)

[99]

0 (0)0 (0)Urdu (n=1)

1 (0.9)36 (30.8)38 (32.5)42 (35.9)Grand total (n=117)

aCSS: Cyberchondria Severity Scale.
bCSS-12: 12-item Cyberchondria Severity Scale.

As was the case in which languages were not inferred, a Fisher
exact test found a significant association between the language
in which an article implemented its cyberchondria measurement
and the instrument used (P<.001); this association remained
significant (P=.03) when articles using an instrument other than
the CSS or CSS-12 were excluded.

Discussion

Adoption Trends
From the results in Table 1, it appears that the CSS-12 [3] had
not completely replaced the CSS [1] in 2024. Given that there
is no financial cost to switching instruments, it would be
expected that the CSS-12 would completely replace the CSS
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over time if the 2 were perfect substitutes. This would be
expected, as the CSS-12 is less time intensive to administer and
is potentially less confusing for respondents due to its lack of
reverse-keyed questions (eg, those measuring mistrust of
medical professionals). The CSS-12’s shorter length is
potentially beneficial for both completion rates and the cost of
administration. The main barriers to adoption of the CSS-12 in
a study are researcher awareness and development of the study
design after gaining awareness of the CSS-12. That said, the
correlation between year and the proportion of cyberchondria
studies using the CSS-12 achieved significance (ρ=0.89; P=.02),
and it appears that there was a monotonic relationship trending
toward greater use of the CSS-12 over time.

Measurement of the Mistrust of Medical Professionals
Given that the CSS-12 had been available for more than 4 years
by the start of 2024, the fact that out of 23 studies, 8 (34.8%)
used the original CSS in 2024 suggests that the CSS-12 may
not be a perfect substitute. One key difference between the CSS
and CSS-12 is that the CSS contains a subscale related to the
mistrust of medical professionals, whereas the CSS-12 does
not. Furthermore, this omission in the CSS-12 also makes it
less suitable as an instrument for the study of the relationship
between the mistrust of medical professionals and cyberchondria
or other health issues, such as health anxiety [122].

Further research needs to be conducted to determine whether
mistrust of medical professionals is a subconstruct related to,
but distinct from, cyberchondria [2,13,38,123]. Concern over
it being a distinct construct initially prompted its removal [3].
Some authors have opted to use the CSS without the
reverse-keyed mistrust of medical professionals questions, citing
concerns with the 5-factor structure of the CSS [8,24,36,47].
However, as the cyclical, reinforcing role of problematic digital
information searches has been proposed to be a focal feature of
cyberchondria presentations [124], barriers to accessing
information from medical professionals constitute a concern of
significant relevance. A lack of trust in health care providers
broadly identifies a potential barrier to the access, use, and
provision of care.

Measuring mistrust of medical professionals is relevant in public
health and clinical care settings. Globally, most people do not
trust medical professionals. The Wellcome Global Monitor
2020, a survey of more than 119,000 people residing in 113
countries, found that only 45% of people trust physicians and
nurses in their country [125]. Measuring mistrust of medical
professionals is increasingly important due to the erosion of
trust that occurred during the COVID-19 pandemic. A repeated
survey of Americans found that the proportion of adults who
reported “a lot” of trust for physicians and hospitals declined
from 71.5% in April 2020 to 40.1% in January 2024 [126].
These data suggest that the percentage of Americans with some
doubts about the trustworthiness of medical professionals
became the majority over this period. Furthermore, the study
did not find signs that trust was rebounding. As mistrust of
medical professionals becomes more common, it may be worth
further exploring the nature of its association with
cyberchondria, or its potential role as a control variable [127].
As these applications can only be performed with the original,

long-form CSS, they provide a potential source of relevance
for the measure going forward.

Moreover, measuring mistrust is important because
cyberchondria can harm health care relationships between health
care providers and patients in primary care settings [128,129]
and may lead to “doctor shopping.” Despite its impact on use,
the degree to which mistrust impacts health care utilization has
been underexplored [103]. Furthermore, health care providers
may experience patients with cyberchondria as difficult to treat
[128], which could lead to increased clinician burnout or stress.
Outside of primary care settings, specifically within
psychotherapy, strong care relationships are associated with
positive outcomes [130]. This suggests that measuring and
managing mistrust may alert health care providers to patients
who may require additional communication or support.
Additionally, across the reviewed literature, the importance of
successful health care provider and patient communication is
often referenced [49,51,54,73], and additional literature
specifically mentions the importance of care alliances [131].
Consequently, identifying these patients may combat potential
clinician burnout or stress and could arguably support successful
care outcomes across medical and psychotherapeutic settings.

Infodemic-related concerns are also linked to cyberchondria
[132] and are referenced in the reviewed literature
[101,111,118]. This factor places strain on health systems [133]
and may be of special relevance to the mistrust of medical
professionals construct, as patients may encounter information
online that contradicts their health care providers’
recommendations. Digital literacy, for example, has been
suggested as a supportive generalist cyberchondria intervention
[116] and was included in the sole intervention identified in our
review [14]. That said, higher digital literacy is also associated
with higher cyberchondria scores, and the relationship may be
mediated, moderated, or associated with other constructs
[99,100,110,121].

Social Contagion in Instrument Selection
If an author uses an instrument while working on 1 study, or
sees an instrument cited in a study written by someone within
their professional or social network, they may be more likely
to use it. Social contagion has been demonstrated in other
clinical contexts. Specifically, it has been shown that there was
social contagion in surgeons’adoption of perioperative advanced
imaging when performing surgeries for the treatment of breast
cancer. Patients treated by surgeons whose peers had the highest
rates of imaging use were more likely to receive imaging than
patients treated by surgeons whose peers had lower rates of use
[134]. Likewise, social contagion may impact a researcher’s
desire to pursue a study on a topic such as cyberchondria.

In 2016, a German research group produced a 15-item version
of the CSS in the German language [5]. It has been noted that
some items loaded on different factors in the German
implementation of the CSS than in the original version, creating
a fundamental difference [5,14]. The German 15-item version
of the CSS was translated into English and used by several
India-based researchers [10,11,70]. This repeated use of a
nonstandard version of the CSS may illustrate social contagion,
especially because the modified instrument was reused in a
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different country and language than the one in which it
originated. Additionally, both canonical versions of the scale
are designed for English language use and therefore could be
easier to deploy in a country that uses English as an official
working language. Furthermore, the loading of items onto
different factors in the German 15-item version of the CSS has
the potential to reduce the comparability of studies based upon
this implementation of the CSS versus other versions. Social
contagion and ease of implementation may also explain why
researchers using one language, such as Turkish, favor the CSS,
while those using another, such as Chinese, favor the CSS-12.
Further research is needed to assess the impact of social
contagion on instrument selection.

Issues Related to Localization
There are both benefits and drawbacks to the localization of the
CSS and CSS-12 into various languages. Providing patients
with written materials in their native languages has been shown
to improve comprehension [135]. However, translations of an
instrument into a language may vary across researchers, leading
to inconsistency in implementation, even when the same
underlying instrument is used. For instance, some English
medical terms have been shown to have multiple Arabic
equivalents, potentially leading translations to differ [136].
Furthermore, the somatic features of depression have been
shown to vary across cultures, suggesting that even standardized
medical terms may be conceptualized and experienced
differently by people in different contexts [137]. The developers
of the Chinese CSS stated that cultural factors may influence
both the presence of and responses to cyberchondria-like
behaviors. Within a Chinese context, both linguistic and cultural
factors influence instrument translation; “excessiveness” is a
noteworthy example, as the authors explain that simply choosing
to see a physician may be seen as excessive in China [74].
Finally, as the original CSS contains reverse-keyed questions
and the CSS-12 does not, the CSS-12 may confer additional
clarity or interpretation advantages when translated.

Multiple Hypothesis Testing
As the study used multiple hypothesis tests, it is possible that
some statistically significant findings were false positives. The
analysis included 6 Fisher exact tests and 1 Spearman rank
correlation coefficient, for a total of 7 hypothesis tests. If the
desired significance threshold is α=.05, then the Bonferroni
correction implies that findings would remain significant only
if the P value was <.007.

While Spearman rank correlation coefficient showed a
statistically significant (P=.02) monotonic relationship between
the year of publication and the proportion of studies using the
CSS-12 before the Bonferroni correction was applied, the
relationship was not statistically significant after considering
the Bonferroni correction. The Fisher exact tests assessing the
association between use of any cyberchondria scale and
language of implementation, using the data in Tables 2 and 3,
were all significant at the P<.001 level. These results therefore
remained statistically significant after application of the
Bonferroni correction. However, when the analyses were
restricted to articles that used only the CSS or CSS-12, the
Fisher exact tests for Tables 2 and 3 each yielded P=.03, which
did not meet the Bonferroni-adjusted significance threshold.

Limitations
While this analysis captured the articles indexed by PubMed
and PsycInfo, some relevant articles not included in these
databases may have been missed. Likewise, there is often a
body of gray literature consisting of unpublished manuscripts
that are not publicly available due to their lack of significant
findings, the direction of their findings, or abandonment by their
authors. Therefore, while the findings do not necessarily
represent all research conducted using the CSS, they do reflect
the research accessible through 2 commonly used search tools,
PubMed and PsycInfo.

Conclusions
This study examined how often the CSS and CSS-12 have been
used in the literature, the languages in which they have been
implemented, and the contexts in which each version may be
preferable. From 2019 to 2024, both instruments continued to
be used. Although the increasing adoption of the CSS-12 over
time showed an unadjusted statistically significant monotonic
trend (P=.02), this association did not remain significant after
Bonferroni correction for multiple comparisons. The CSS-12
offers advantages such as brevity and the removal of
reverse-keyed items, while the original CSS remains useful for
studies that require the mistrust of medical professionals
subscale. Researchers selecting an instrument should consider
the benefits of shorter administration and improved clarity
alongside the need to measure constructs unique to the full CSS,
as well as the availability and quality of translations into the
target population’s language. Instrument choice should be
guided by the study’s objectives, the constructs of interest, and
the cultural and linguistic context. Further research is needed
to determine the interchangeability of adapted and translated
versions with the original 33-item English CSS.
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Abstract

Background: Suicide is the second-leading cause of US childhood mortality after 9 years of age. The accurate measurement
of pediatric emergency service use for self-injurious thoughts and behaviors (SITB) remains challenging, as diagnostic codes
undercount children. This measurement gap impedes public health and prevention efforts. Current research has not established
which combination of electronic health record data elements achieves both high detection accuracy and consistent performance
across youth populations.

Objective: This study aims to (1) compare the detection accuracy of electronic health record−based methods for identifying
SITB-related pediatric emergency department (ED) visits: basic structured data (International Classification of Diseases Version
10, Clinical Modification codes, chief concern), comprehensive structured data, clinical note text with natural language processing,
and hybrid approaches combining structured data with notes; and (2) for each method, measure variability in detection by youth
demographics and underlying mental health diagnosis.

Methods: Multiple human experts reviewed clinical records of 3828 pediatric mental health emergency visits (28,861 clinical
notes) to a large health system with 2 EDs (June 2022-October 2024). The reviewers used the Columbia Classification Algorithm
for Suicide Assessment to label the presence of SITB at the visit. Random forest classifiers were developed using 3 data modalities:
(1) structured data (low-dimensional [International Classification of Diseases codes and chief concerns], medium-dimensional
[adding Columbia Suicide Severity Rating Scale screening or mental health diagnoses], and high-dimensional [all structured data
or augmented case surveillance, aCS]); (2) text data (general-purpose natural language processing, medical text-specific trained
natural language processing, and Large Language Model Meta AI−derived scores), and (3) hybrid data (combining aCS with
each text approach). Model performance was evaluated using area under the receiver operating characteristic curve (AUROC).

Results: Of the 3828 visits, 1760 (n=1760, 46.0%) were SITB-related. Detection performance improved with dimensionality:
low-dimensional (AUROC=0.865), medium-dimensional (AUROC=0.934‐0.935), and high-dimensional (AUROC=0.965).
Low-dimensional structured (International Classification of Diseases codes and chief concerns) showed high variability in
detection, with lower accuracy among preadolescents (AUROC=0.821 vs 0.880 for adolescents); male participants (AUROC=0.817
vs 0.902 for females); and patients with neurodevelopmental (AUROC=0.568‐0.809), psychotic (AUROC=0.718), and disruptive
disorders (AUROC=0.703). Hybrid modality (aCS+Large Language Model Meta AI) achieved optimal performance
(AUROC=0.977), with AUROC ≥0.90 for all 20 demographic and 12/15 diagnostic subgroups.

Conclusions: This cross-sectional retrospective study identified that, relative to diagnostic codes and chief concern alone, hybrid
structured-text detection methods improved accuracy and mitigated unwanted detection variability. The findings offer a scaffold
for future clinical deployment of improved information retrieval of pediatric suicide and self-harm−related emergencies.

(JMIR Ment Health 2026;13:e82371)   doi:10.2196/82371

KEYWORDS

children; classification algorithms; electronic medical records; emergency services; mental disorders; natural language processing.;
text classification
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Introduction

Suicide is the second-leading cause of death among US children
over 9 years old [1]. The estimated annual cost of suicide- and
self-harm−related emergency department (ED) use is $510
billion, and among young people, nearly 75% of costs are
attributable to nonfatal self-harm injuries [2]. Self-injurious
thoughts and behaviors (SITB)—encompassing suicidal ideation,
suicide attempts, and nonsuicidal self-injury—rank among the
strongest predictors of future suicidal behavior [3-5]. The
accurate detection of ED visits for SITB underpins interventions
to improve quality and reduce preventable ED use [6-8].
Detection enables public health surveillance for geographically
or temporally clustered events [7,9-11], informs health system
staffing [12], mitigates crowding [13], and supports policy
measures such as firearm safety regulations [14,15] and crisis
hotlines [16]. Yet, among children, detection remains
inconsistent [10,17-19] and leaves many instances of SITB care
unidentified [20], particularly among younger children [21].

Several challenges impede the detection of pediatric service use
for SITB. When, where, and whether clinicians document
suicidality in structured data or clinical text may reflect medical
record software functionality [22], stigma [23], racial bias [24],
and provider training in pediatrics or mental health (MH)
[25,26]. Diagnostic codes and chief concern may inconsistently
reflect suicidality in school-age children [21] and children with
neurodiverse [27] who often present to emergency services with
less lethal means, without immediate disclosure of suicidality,
or with externalizing symptoms [28]. The assignment of a
diagnostic code often occurs under associated psychiatric
diagnoses [29], such as major depression or behavioral
disturbance in autism. Diagnostic inaccuracy may further
obfuscate these patterns: fewer than 16% of children who
attempt suicide are evaluated by a MH specialist in the ED [30].

In this context, methods lag to detect SITB-related service use
among children. Most work focuses on adults [31,32] and
leverages costly locally trained natural language processing
(NLP) of clinical text to detect SITB events in a research context
[17]. These NLP methodologies include deep learning [33,34],
pretrained models (eg, Word2Vec) [31], and Bidirectional
Encoder Representations from Transformers–based transformer
models [35] and the examination of keyword representation in
clinical notes of individuals with and without self-harm events
[31]. While large language models demonstrate promising
capabilities to accelerate the efficiency of clinical text analysis,
fewer than 5% of medical NLP applications evaluate large
language models against nonsynthetic clinical notes using large
human−labeled datasets to assess sensitivity, hallucinations,
and algorithmic bias [36]. Structured data—such as standardized
pediatric MH codes [37] and triage screening [38]—offer more
readily implementable detection strategies for operational use
[20]. Although the NLP of clinical notes yields fair performance
in adolescents [27,39-41], current literature lacks systematic
head-to-head comparisons of SITB detection accuracy across
electronic health record (EHR) data modalities (text alone,
structured alone, hybrid combined). Further, despite calls for
algorithmic fairness assessment in suicide prevention [42],
phenotyping strategies have seldom evaluated unwanted

detection accuracy variation across pediatric demographic and
diagnostic subgroups [17]. Combined with typically small
human−labeled validation samples (≤1000 youth) [17,32],
performance variation in detection strategies across demographic
subgroups remains largely unknown.

To address these gaps, this study presents the first large-scale
comparative evaluation of automated detection approaches for
SITB-related emergency service use among children and
adolescents. The primary objectives were to (1) compare
detection accuracy across 3 EHR data modalities—structured
data alone, clinical text alone, and hybrid combinations—for
identifying SITB-related pediatric ED visits; and (2) for each
data modality, measure variability in detection performance by
youth demographics and underlying MH diagnosis. The findings
provide strategies for SITB detection in pediatric emergency
settings, with particular emphasis on measuring accuracy for
population subgroups historically characterized by suboptimal
suicide prevention care.

Methods

Study Design and Population
This retrospective cross-sectional study utilized EHR data from
4 hospitals within a large academic health care system in
Southern California serving 5.1 million members, including
approximately 400,000 youth. We included all youth aged 6‐17
years with at least 1 MH-related ED visit between October 2017
and October 2019; this period was selected to capture data
following the initial implementation of Columbia Suicide
Severity Rating Scale (c-SSRS) screening and International
Classification of Diseases Version 10, Clinical Modification
(ICD-10-CM) while excluding pandemic disruptions. MH-ED
visits were defined as those associated with (1) a pediatric MH
disorder as specified per the Child and Adolescent Mental Health
Disorders Classification System (CAMHD-CS), a
comprehensive taxonomy organizing pediatric MH-related
ICD-10-CM codes into diagnostic categories based on DSM-5
criteria [37]; (2) an MH-related chief concern; (3) involuntary
psychiatric detainment; or (4) a positive response to ED nursing
triage screening for psychiatric complaints. The flowchart for
study inclusion is presented in Multimedia Appendix 1.

To ensure the dataset included unique individuals, we analyzed
each child’s most recent visit. The multiexpert annotation of all
eligible encounters (N=3828 visits) occurred in June
2022-October 2024, with analyses conducted in November
2024-February 2025. We compared 3 data modalities to identify
optimal approaches for SITB detection: (1) structured data from
discrete EHR fields, (2) text data from clinical narratives, and
(3) hybrid combinations integrating all available structured data
with NLP of clinical notes. Performance was evaluated against
expert classifications using area under the receiver operating
characteristic (AUROC) curve metrics for overall cohort and
subgroup analyses.

Ethical Considerations
Data, including clinical note text, were deidentified. Analyses
were conducted in secure computing environments. The study
followed Strengthening the Reporting of Observational Studies
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in Epidemiology (STROBE) [43] statement guidelines, as well
as the Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis (TRIPOD)
guidelines, TRIPOD-AI [44], and TRIPOD-LLM [45] (Checklist
1). The University of California Los Angeles Institutional
Review Board approved this study with the informed consent
waiver due to the retrospective study nature and minimal risk
(IRB #20-001512).

Demographic and Clinical Variables
Participants were classified as children (6‐12 y) or adolescents
(13‐17 y), with race, ethnicity, and legal sex from patient- or
family-reported EHR. Racial and ethnic categories aligned with
federal standards [46]: American Indian or Alaska Native, Asian,
Black or African American, Hispanic or Latino, Native
Hawaiian or Pacific Islander, White, plus other or missing or
unknown. We incorporated 2 area-based socioeconomic
measures linked by census tract: the social vulnerability index
[47], a Centers for Disease Control and Prevention measure
ranking communities’ resilience to external stresses on human
health (ranging 0‐1, higher indicating greater vulnerability)
derived from the 2018 5-year American Community Survey,
and the area deprivation index [48], a composite measure of
neighborhood socioeconomic disadvantage based on income,
education, employment, and housing quality (national percentile
1‐100, higher indicating greater deprivation) derived from the
2019 Block Group ADI files v. 3.0. Further details are provided
in Multimedia Appendix 2.

We extracted all available EHR data from index ED visits,
restricting to the time window between arrival and discharge,
transfer, or inpatient hospitalization. We included all verbatim
clinical notes (excluding surgical procedures and medical student
notes) across disciplines, including notes authored by ED
physicians, psychiatrists, psychologists, other medical
consultants, social workers, and nurses. We categorized suicide-
and self-harm−related diagnoses by the Centers for Disease
Control and Prevention surveillance definition of nonfatal
suicide attempt and intentional self-harm using ICD-10-CM
[29]. Youth MH diagnoses were classified via CAMHD-CS,
with psychiatric comorbidity defined as ≥2 categories. Chief
concerns were categorized as MH or non-MH and SITB or
non-SITB related (Multimedia Appendix 3). We included
c-SSRS screening scores, ED-administered psychotropic
medications, homicidal ideation screening, overdose-related
laboratory tests, urine drug screen results, and discharge
disposition. Missing data occurred in ≤6% cases for most
variables, except for insurance status (~30% missing) and
c-SSRS scores (Multimedia Appendix 4). c-SSRS is asked with
gatekeeping question structure where subsequent items are only
administered if initial screening questions indicate risk. Thus,
missingness was recoded as a separate binary variable for each
c-SSRS item to preserve this clinical decision pattern. To
estimate prior care use, we included number of ED visits and
psychiatric and general medical hospitalizations in the past 30,
90, and 365 days.

Ground-Truth Labeling
A total of 2 trained staff research associate annotators reviewed
structured data and verbatim notes from each visit. Annotators

labeled visits for SITB presence or type using a modified
Columbia Classification Algorithm for Suicide Assessment [49]
(Multimedia Appendix 5). Interannotator agreement was
assessed via Cohen kappa. When annotators disagreed, 2
board-certified child psychiatrists reviewed records
independently. Consensus discussion resolved clinician
disagreements. All encounters (N=3828) received binary
SITB−related and categorical SITB-type classifications. For a
random 724-encounter subsample, annotators assigned
phrase-level labels indicating SITB-related (any), the SITB type
(ideation, attempt, preparatory act, or nonsuicidal self-injury),
and if the phrase referred to the patient (vs other), present (vs
past), and was affirmed (vs negated).

Text Processing Methods
We developed 3 distinct approaches to assign clinical text scores
for SITB detection. We provide complete technical
specifications, Community Advisory Board consultation details,
and prompt engineering protocols in Multimedia Appendices
6 and 7.

The first approach (general-purpose natural language processing
[NLP-general]) adapted a semisupervised methodology from
common semisupervised approach (PheCAP) [50] through the
following sequential steps. All sentences from the 724 held-out
encounters were segmented using spaCy, then embedded using
the Universal Sentence Encoder CMLM-en-base and indexed
using the Annoy approximate nearest neighbor algorithm [51]
with angular distance metrics. Then, for each sentence from the
remaining 3104 encounters, the K=5 nearest neighbor sentences
were retrieved from the labeled training set, and a sentence-level
score was computed as the mean from these neighbors. We
determined encounter-level scores by averaging the
sentence-level scores (k-normalized votes per sentence) across
all sentences within the encounter [51].

The second approach (medical text-specific trained natural
language processing) employed identical methodology but
substituted MedEmbed-small-v0.146 for sentence vectorization
to leverage domain-specific medical embeddings.

The third approach (Large Language Model Meta AI [LLaMA])
utilized large language model processing through a multistage
implementation. We leveraged the 724 held-out encounters to
iteratively develop and improve upon a condition-specific
prompt. The prompt includes instructions to output a Likert-type
score ranging from −3 (definitely does not contain SITB) to +3
(definitely contains SITB) along with explanatory text as JSON
objects. We tested iterations of this prompt using
LLaMA-3.2-1B (selected for computational efficiency with 10×
faster processing speed) by comparing the Likert scores against
note-level labels from human reviewers. Once preliminary
accuracy was established, we presented the prompt to the study
Community Advisory Board that suggested additional revisions.
Once the prompt was finalized, we conducted final scoring on
the remaining 3104 encounters’ notes using LLaMA-3.3-70B.
We then determined encounter-level scores by selecting the
maximum score across all clinical notes within each encounter.
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Classification Models

Feature Set Definitions
We define 3 data modalities based on the fundamental data type:
(1) structured modality used discrete EHR fields, (2) text
modality used clinical narratives processed through NLP, and
(3) hybrid modality combined both data types. We compared a
total of 10 feature sets against multiexpert chart annotation—4
structured modality, 3 text modality, and 3 hybrid modality.

We categorized structured feature sets by dimensionality based
on the number of input features: low (<10 features), medium
(10‐50 features), and high (>50 features). The 4 structured
data feature sets were as follows: Low: (1) SITB-related
ICD-10-CM codes and chief concerns (International
Classification of Diseases codes and chief concerns [ICD/CC]);
Medium: either (2) low plus c-SSRS scores from ED nursing
evaluation (c-SSRS+ICD/CC) or (3) low plus MH diagnoses
from primary treating ED physician evaluation (MH
dx+ICD/CC); and High: (4) augmented case surveillance (aCS),
which includes all available structured clinical data from the
EHR. We categorized feature sets by dimensionality to
understand the trade-off between model complexity and
performance, where low-dimensional models are easier to
implement but may miss important signals.

The 3 text feature sets were (5) NLP-general, (6) NLP-med,
and (7) an open-source large language model (LLaMA). We
selected these text approaches to evaluate detection gains while
accounting for key trade-offs—dependency on sentence-labeled
data (yes: NLP-general and NLP-med, no: LLaMA),
computational resource requirements (higher graphics processing
unit requirements: NLP-med, LLaMA; higher central processing
unit requirements: NLP-general), and medical-specific versus
light-weight embeddings (NLP-med vs NLP-general).

The 3 hybrid structured-text feature sets (8-10) combined aCS
with each text approach.

Model Development and Validation
Encounters allocated to develop text processing methodology
(n=724) were excluded. To assign the probabilities of SITB
presence to the remaining encounters (n=3104), we developed
10 random forest classifiers [52], using 10-fold cross-validation
with nested hyperparameter optimization [53]. A probability
threshold of 0.5 was applied to convert random forest predictions
into binary encounter-level classifications. For each outer fold,
training data was split 50/50 for inner cross-validation.
Hyperparameters were selected from the grid based on the
highest classification accuracy in the inner CV. Each outer fold
could select different optimal hyperparameters independently.
The AUROC was calculated separately for each outer fold using
the selected hyperparameters. The reported AUROC values

represent the mean across all 10 outer folds with 95% CIs. The
mean receiver operating characteristic (ROC) curve was created
by interpolating individual fold ROC curves onto a common
false positive rate grid and averaging the true positive rates. We
selected this approach to maintain the integrity of the validation
process and prevent data leakage by ensuring that
hyperparameter tuning occurs only on training folds, with
performance evaluation conducted on completely unseen
validation data within each fold. Each encounter classifier’s
individual features are specified in Multimedia Appendix 8.

Statistical Analysis

Overall Classification Performance
We evaluated performance using AUROC, accuracy, sensitivity,
specificity, positive predictive value, and negative predictive
value. Shapley Additive Explanation values quantified feature
importance, while permutation importance provided
complementary ranking. Cross-validation variability was used
to construct asymptotically exact CIs for test error [54].
Classifier performance was compared using DeLong tests [55].

Subgroup Performance
We assessed subgroup variation [56] by stratifying performance
across demographic (age group, sex, race or ethnicity) and MH
diagnosis (CAMHD-CS groups) subgroups. Each patient was
assigned to 1 demographic subgroup but could belong to
multiple diagnostic subgroups. For each subgroup, we calculated
performance metrics with 95% CIs and generated ROC curves.

Analyses used Python 3.13.0 with scikit-learn, pytorch 1.9.0,
and spacy 3.2.0. LLaMA inferencing used Hugging Face
Transformers v4.49.0. The code is available upon request.

Results

Sample Characteristics
Our study sample included 3828 pediatric ED visits by unique
youth ages 6‐17 and comprised 28,861 notes with 619,827
sentences. The sample included 1963 (51.3%) female and 1865
(48.7%) male youth, with the racial and ethnic composition of
White non-Hispanic (n=1894, 49.5%), Hispanic or Latino
(n=1017, 26.6%), Black (n=363, 9.5%), and Asian (n=178,
4.6%; Table 1). Adolescents (ages 13‐17 y) constituted most
of the sample (n=2819, 73.6%), while children (ages 6‐12 y)
represented 26.4% (n=1009). The median age was 15 (IQR
12‐16) years. Common psychiatric diagnoses included
depressive disorders (n=1387, 36.2%), anxiety disorders
(n=1161, 30.3%), suicide or self-injury coded diagnoses
(n=1282, 33.5%), and attention-deficit or hyperactivity disorder
(ADHD) (n=840, 21.9%). Suicide-related concerns comprised
18.5% (n=708) of the chief concerns.
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Table . Sample characteristicsa.

ValueSample characteristic

3828 (100)Gold-standard, n (%)

1760 (46.0)Any SITBb

301 (7.9)Suicide attempt

261 (6.8)Preparatory acts

1014 (26.5)Suicidal ideation

762 (19.9)NSSIc

2036 (53.2)Other reason for visit

33 (0.9)    Not enough information

Sex, n (%)

1963 (51.3)Female

1865 (48.7)Male

Race and ethnicity, n (%)

2774 (72.5)Not Hispanic or Latino

10 (0.3)American Indian or Alaska Native

178 (4.6)Asian

363 (9.5)Black or African American

88 (2.3)Multiple races

5 (0.1)Native Hawaiian or Other Pacific Islander

1894 (49.5)White

235 (6.1)Other race

1017 (26.6)Hispanic or Latino

37 (1.0)Unknown race or ethnicity

Site, n (%)

2858 (74.7)Academic medical center

970 (25.3)Community hospital

Disposition, n (%)

2277 (59.5)Discharged without hospitalization

1452 (37.9)Hospitalized

390 (10.2)General medical hospitalization

1062 (27.7)Psychiatric hospitalization

99 (2.6)Other disposition

Chief concern, n (%)

2108 (55.1)Psychiatric (including suicide-related)

708 (18.5)Suicide-related

EDd Diagnostic code category (CAMHD-CSe), n (%)

840 (21.9)    ADHDf

1161 (30.3)    Anxiety disorders

468 (12.2)    Autism spectrum disorder

176 (4.6)    Bipolar and related disorders

1387 (36.2)    Depressive disorders

81 (2.1)Developmental disorder
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ValueSample characteristic

269 (7.0)    Disruptive, impulse control, and conduct disorders

106 (2.8)    Feeding and eating disorders

66 (1.7)    Intellectual disability

535 (14.0)    Mental health symptom

202 (5.3)    Miscellaneous

66 (1.7)    Neurocognitive disorders

172 (4.5)Obsessive-compulsive and related disorders

145 (3.8)Schizophrenia and other psychotic disorders

475 (12.4)    Substance-related and addictive disorders

1282 (33.5)    Suicide or self-injury

246 (6.4)Trauma and stressor-related disorders

2345 (61.3)    ≥2 CAMHD-CSe diagnoses

15 (12‐16)Age (y), median (IQR)

0.38 (0.19‐0.65)Social vulnerability index, total, median (IQR)

Area deprivation index, median (IQR)

2 (1-5)State ranking

5 (2-12)National ranking

aPercentages do not sum to 100% as children may present with more than one chief concern or mental health diagnosis.
bSITB: self-injurious thoughts and behaviors.
cNSSI: nonsuicidal self-injury.
dED: emergency department.
eCAMHD-CS: Child and Adolescent Mental Health Disorders Classification System.
fADHD: attention-deficit or hyperactivity disorder.

Ground-Truth Agreement
The raters agreed on SITB classification (3695/3828 [96.5%
agreement]; Cohen κ=0.93). Nearly half (n=1760, 46.0%) of
the encounters involved SITB, with similar prevalence in
children (n=455, 45.1%) and adolescents (n=1305, 46.3%).

Performance Metrics

Overview
The detection of SITB varied across EHR data representations
(Figure 1). Complete fit metrics, failure mode characterization

including the number of false positives and false negatives,
exact DeLong test P values, and ROC curves are provided in
Multimedia Appendices 9 and 10. AUROC stability across folds
is visualized in Multimedia Appendix 11. The examination of
Shapley Additive Explanations and permutation importances
for the best-performing representations revealed that text-derived
features provided the strongest contribution to classifier accuracy
(Figure 2; Multimedia Appendices 12 and 13).
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Figure 1. Comparison of detection classifiers for self-injurious thoughts and behaviors: pairwise analysis of area under the receiver operating curve
(AUROC) by feature type. This heatmap illustrates the differences in AUROC values among 10 feature sets used for encounter classification. The
matrix compares each pair of feature sets, with subtrahend feature sets listed in columns and minuend feature sets listed in rows. Cells shaded blue
indicate that the row feature set outperformed the column feature set, while cells shaded yellow indicate inferior performance. The feature sets are
categorized into 3 groups: structured (including International Classification of Diseases codes and chief concerns [ICD/CC], c-SSRS+ICD/CC, MH
dx+ICD/CC, and augmented case surveillance [aCS]), text (including general-purpose natural language processing [NLP-general], medical text-specific
trained natural language processing [NLP-med], and Large Language Model Meta AI [LLaMA]), and hybrid (including aCS+NLP, aCS+NLP-med,
and aCS+LLaMA). Asterisks denote statistical significance (*P<.05, **P<.01, ***P<.001). The largest improvement in AUROC (0.111) occurred
when high-dimensional structured data (aCS) were combined with open-source large language model scores (LLaMA), compared to the baseline ICD/CC
feature set. c-SSRS: Columbia Suicide Severity Rating Scale.

Figure 2. Comparison of feature and permutation importance between aCS+NLP-med and aCS+LLaMA for encounter classification of self-injurious
thoughts and behaviors. This figure presents importance analyses for the 2 top-performing classification approaches, aCS+NLP-med (left panels) and
aCS+LLaMA (right panels), which achieved the highest area under the receiver operating characteristic curve. The upper panels display Shapley Additive
Explanation (SHAP) values, where negative values indicate the decreased detection of self-injurious thoughts and behaviors (SITB), and positive values
indicate increased detection. The lower panels show permutation importance scores, which quantify the contribution of each feature to the classifier’s
performance. In both classifiers, text features dominated the feature importance rankings, outperforming structured data features. Notable exceptions
among structured data features included Columbia Suicide Severity Rating Scale (c-SSRS) items, homicide screening, area deprivation indices, encounter
age, and psychiatric hospitalization disposition. For reference, the notation used in this figure is as follows: aCS represents all available structured data;
NLP-med refers to note scores derived using MedEmbed-small-v0.1 embeddings with nearest-neighbor approximation; LLM refers to note scores
generated by the open-source language model llama-3.3-70B. The "+" symbol indicates combinations of aCS with the corresponding text-based feature
set (NLP-med or Large Language Model Meta AI [LLaMA]). aCS: augmented case surveillance; ICD-10-CM: International Classification of Diseases
Clinical Modification Version 10; NLP-med: medical text-specific trained natural language processing; Str: structured data; SVI: social vulnerability
index.

Structured Data Classification
Low-dimensional structured (ICD/CC) yielded the lowest
accuracy detection (AUROC 0.865, 95% CI 0.852‐0.879).
Both medium-dimensional structured (c-SSRS+ICD/CC; MH
dx+ICD/CC) feature sets outperformed ICD/CC (both P<.001).

The high-dimensional structured feature set (aCS) (AUROC
0.965, 95% CI 0.958‐0.972) further outperformed
c-SSRS+ICD/CC (AUROC 0.935, 95% CI 0.925‐0.944) and
MH dx+ICD/CC (AUROC 0.934, 95% CI 0.924‐0.943;
P<.001).
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Text-Based Classification
Among text modalities, NLP-med (AUROC 0.970, 95% CI
0.964‐0.977) marginally outperformed NLP-general (AUROC
0.956, 95% CI 0.948‐0.964; P<.001) and LLaMA (AUROC
0.962, 95% CI 0.955‐0.969; P=.03). The text-only modalities
all surpassed ICD/CC as well as c-SSRS+ICD/CC and MH
dx+ICD/CC (all P<.001), but NLP-general was slightly inferior
to aCS (P=.005). NLP-med and LLaMA did not significantly
exceed aCS.

Hybrid Classification
Combining text with aCS exceeded aCS alone (P<.001).
Combining text with aCS also exceeded NLP-general alone
(P<.001) and LLaMA alone (P<.01). However, adding aCS to
NLP-med did not improve detection compared with NLP-med
alone (P=.633). The hybrid representation combining aCS with
LLaMA classification (aCS+LLaMA) achieved the highest
overall AUROC (0.977, 95% CI 0.971‐0.982), narrowly
exceeding aCS with NLP-med (AUROC 0.970, 95% CI
0.964‐0.977; P=.04).

Subgroup Performance

Demographic Subgroups
Detection varied considerably across age, sex, and race or
ethnicity subgroups (Figure 3; Multimedia Appendix 14).
Low-dimensional structured data (ICD/CC) achieved AUROC
values ≥0.950 for only 2/20 demographic groups. ICD/CC
performed less well for children (AUROC 0.821, 95% CI
0.791‐0.851) compared to adolescents (AUROC 0.880, 95%
CI 0.865‐0.895) and for male (AUROC 0.817, 95% CI
0.794‐0.840) compared to female (AUROC 0.902; 95% CI
0.886‐0.918) youth, with nonoverlapping CIs. Detection was
similar between female children and female adolescents
(AUROC 0.903, 95% CI 0.867‐0.939 vs AUROC 0.902, 95%
CI 0.884‐0.920) but differed between male children and male
adolescents (AUROC 0.753, 95% CI 0.708‐0.798 vs AUROC
0.847, 95% CI 0.821‐0.873). Using ICD/CC alone, detection
was lower among Hispanic male children (AUROC 0.684, 95%
CI 0.579‐0.789) and Black male children (AUROC 0.754,
95% CI 0.630‐0.877), with a similar trend among Asian male
children. Multimedia Appendices 16-19 present ROC curves
stratified by feature set and demographic groups.

Figure 3. Stratified performance of detection classifiers by demographics. This figure presents the area under the receiver operating characteristic curve
(AUROC) values for various encounter classification feature sets, stratified by age (6-12 and 13-17 y), sex (male and female), and race or ethnicity
(Asian, Black, Hispanic or Latino, White, and Other), with the number of cases with self-injurious thoughts and behaviors (SITB Pos) shown for each
subgroup. The feature sets are categorized into 3 groups: structured (including International Classification of Diseases codes and chief concerns [ICD/CC],
c-SSRS+ICD/CC, MH dx+ICD/CC, and augmented case surveillance [aCS]), text (including general-purpose natural language processing [NLP-gen],
medical text-specific trained natural language processing [NLP-med], and Large Language Model Meta AI [LLaMA]), and hybrid (including aCS+NLP,
aCS+NLP-med, and aCS+LLaMA). The results show that baseline classifiers using only ICD codes or chief concerns had lower performance (AUROC
range: 0.681-0.966), whereas more comprehensive classifiers, particularly those combining structured data (aCS) with natural language processing
(NLP or LLaMA), achieved higher performance across all demographic subgroups (AUROC range: 0.900-1.000), as indicated by the color gradient
from teal (higher performance) to red (lower performance), with the "Other" race or ethnicity category including individuals who identify as multiple
races, Native Hawaiian or Pacific Islander, Native American or Alaska Native, or have an unknown race or ethnicity.

Hybrid feature sets achieved the greatest subgroup consistency,
with AUROC values ≥0.950 for aCS+NLP-general (15/20
demographic groups), aCS+NLP-med (17/20 demographic
groups), and aCS+LLaMA (19/20 demographic groups).
aCS+LLaMA yielded the most consistent performance, reducing
the AUROC gap between the highest and lowest performing
groups from 0.285 (ICD/CC) to 0.100 (aCS+LLaMA). Notably,

aCS+LLaMA achieved strong detection performance for groups
with the lowest detection performance using ICD/CC alone,
including Hispanic male children and Black male children, with
AUROC improvements of 0.281 and 0.205, respectively.
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Diagnostic Subgroups
Detection further varied by MH diagnostic categories (Figure
4; Multimedia Appendix 19). ICD/CC achieved AUROC values
≥0.90 for 0/15 diagnostic groups. ICD/CC achieved lower SITB
detection performance among youth with neurodevelopmental
(eg, intellectual disability: AUROC 0.568, 95% CI
0.410‐0.726; autism spectrum disorder: AUROC 0.736, 95%
CI 0.686‐0.787; ADHD: AUROC 0.809, 95% CI

0.777‐0.841), externalizing (disruptive or impulse control
disorders: AUROC 0.703, 95% CI 0.635‐0.772), and psychotic
(AUROC 0.718, 95% CI 0.626‐0.811) disorders. In contrast,
ICD/CC achieved higher SITB detection performance among
youth with internalizing (eg, depressive disorders: AUROC
0.896, 95% CI 0.878‐0.915; anxiety disorders: AUROC 0.878,
95% CI 0.856‐0.899; trauma- or stressor-related disorders:
AUROC 0.842, 95% CI 0.789‐0.895) and substance-related
disorders (AUROC 0.878, 95% CI 0.840‐0.917).

Figure 4. Stratified performance of detection classifiers by mental health diagnosis. This figure presents the area under the receiver operating characteristic
curve (AUROC) values for various encounter classification feature sets, stratified by the 15 most prevalent diagnostic categories of the Child and
Adolescent Mental Health Disorders Classification System (CAMHD-CS), with the number of self-injurious thoughts and behaviors (SITB)−positive
cases shown for each subgroup. For performance by all 23 categories, see Multimedia Appendix 13. The feature sets are categorized into 3 groups:
structured (including International Classification of Diseases codes and chief concerns [ICD/CC], c-SSRS+ICD/CC, MH dx+ICD/CC, and augmented
case surveillance [aCS]), text (including general-purpose natural language processing [NLP-gen], medical text-specific trained natural language processing
[NLP-med], and Large Language Model Meta AI [LLaMA]), and hybrid (including aCS+NLP, aCS+NLP-med, and aCS+LLaMA). The results show
that classifiers performed best in identifying SITB risk for substance-related and addictive disorders, anxiety disorders, and developmental delay disorders
across most feature sets. Notably, classifiers that integrated structured data (aCS) with natural language processing (NLP) or large language model
(LLaMA) approaches generally achieved higher performance compared to individual feature sets alone, as indicated by the color gradient from teal
(higher performance) to red (lower performance). ADHD: attention-deficit or hyperactivity disorder.

Hybrid feature sets achieved the greatest subgroup consistency
among diagnostic groups, with AUROC exceeding 0.950 for
aCS+NLP-general (5/15 diagnostic groups), aCS+NLP-med
(5/15 diagnostic groups), and aCS+LLaMA (8/15 diagnostic
groups). aCS+LLaMA yielded the most consistent performance,
reducing the AUROC gap between the highest and lowest
performing groups from 0.328 (ICD/CC classifier) to 0.115.
Notably, aCS+ LLaMA achieved strong detection performance
for the groups with lower detection performance using ICD/CC
alone, including neurodevelopmental problems (intellectual
disability: AUROC 0.933, 95% CI 0.854‐1.000; developmental
delay: AUROC 0.973, 95% CI 0.910‐1.000; autism spectrum
disorder: AUROC 0.936, 95% CI 0.909‐0.963; ADHD:
AUROC 0.956, 95% CI 0.941‐0.972), externalizing problems
(disruptive or impulse control disorders: AUROC 0.858, 95%
CI 0.809‐0.908), and psychotic disorders (AUROC 0.867,
95% CI 0.803‐0.931). However, the detection of SITB among
children with externalizing and psychotic disorders remained
lower for internalizing disorders (eg, depression: AUROC 0.963,
95% CI 0.953‐0.973).

Discussion

Principal Findings
In this cross-sectional study, integrating comprehensive
structured data with clinical notes substantially improved the
detection of pediatric ED service use for suicide and self-harm.
Hybrid modality classifiers combining high-dimensional
structured data with an open-source language model scores
achieved the highest performance across nearly all
subgroups—advancing detection accuracy beyond prior efforts
relying on ICD-10-CM codes or clinical text alone [17,35,57,58].
Surprisingly, detection using high-dimensional structured data
approximated text-based approaches, providing a
resource-efficient alternative to improve detection while
simplifying anonymization and computational requirements.

Our findings challenge the widespread reliance on suicide- and
self-harm−related ICD-10-CM codes and chief concern for
identifying SITB emergency service use among children. While
epidemiologic studies report female adolescents account for the
surge in emergency service use for suicidality [59,60], the
misclassification of SITB among male children may distort
observed patterns of pediatric ED utilization. This detection
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gap raises particular concern given the annual 8.2% rise in
suicide death rates among preteens [59] and the highest
age-standardized suicide death rates among male US youth aged
10‐24 years across 52 countries [61]. Youth with psychotic
disorders or neurodevelopmental disorders also presented
detection challenges despite their markedly elevated
risk—70-fold elevated risk of suicide attempts [62] and 3-fold
elevated risk of suicide death [63,64], respectively. For these
populations, clinical text analysis offers advantages, possibly
by capturing subtle manifestations of distress such as irritability,
perceptual disturbances, and aggression. Future phenotyping
studies should implement systematic bias auditing protocols
that regularly evaluate detection accuracy across demographic
and diagnostic subgroups to identify and remediate performance
disparities before clinical deployment.

The detection of pediatric ED service use for suicide and
self-harm has key implications for clinical practice, health
system operations, and public health surveillance. Better
detection underpins the development of clinical decision support
tools to guide clinician awareness of suicide risk and promote
delivery of evidence-based suicide prevention interventions
such as safety planning [65,66] and lethal means safety
counseling [67,68]. Youth with serious mental illness and
developmental disorders—among the most frequently undetected
groups—are also the highest ED utilizers [59] and experience
extended boarding times [69]. Investment in sensitive, efficient
SITB detection methods is likely to yield significant returns
through forecasting resources, alleviating ED crowding, and
reducing ED recidivism. Further, narrowing detection gaps
could enable more precise monitoring during crisis periods,
such as natural disasters and suicide clusters.

Limitations
While this study included 2 EDs in a single health system,
generalizability requires external validation in other health
systems, particularly in low-resourced community-based
settings. Some children with SITB present to health care settings
for non-MH reasons. To balance maximizing unique individuals
while maintaining feasibility for human annotation, we analyzed
only the most recent MH-related visit per child. Model
performance was evaluated using retrospective data that may

not reflect evolving clinical documentation practices, changes
in suicide screening protocols, or shifts in patient presentation
patterns over time. While feature dimensions are invariant to
note length, it is possible extreme differences in documentation
volume could influence the accuracy of note-derived scores;
however, our observation of decreased heterogeneity with the
use of text suggests that note-derived features are capturing
clinical patterns across subgroups despite any unmeasured
documentation differences. Calibration, while essential for
clinical deployment, was outside our scope of comparing data
modalities’ relative discriminative power. There are numerous
practical challenges involved in deploying NLP methodologies
in real-time clinical settings, including the computational cost
and necessary implementation infrastructure. Future research
should focus on prospective validation in diverse clinical
settings, implementation studies examining workflow integration
and clinician acceptance, cost-effectiveness analyses, and
evaluation of model degradation over time. In the interim, this
study offers actionable approaches to strengthening retrospective
surveillance of pediatric suicide−related ED use. Real-time EHR
integration would require robust model maintenance protocols,
comprehensive staff training on result interpretation, patient
and family input on automated screening approaches, and
ongoing bias monitoring.

Conclusions
This study developed a cross-disciplinary and multimodal
machine learning approach for automating the detection of
pediatric SITB−related emergency care using integrated EHR
data representations. The hybrid modality achieved high
accuracy while demonstrating reduced variation across
demographic and diagnostic subgroups compared with basic
structured data alone. The findings indicate that, alone,
ICD-10-CM codes and chief concerns yield suboptimal and
variable detection accuracy. Study methods provide
computationally efficient alternatives to improve detection
accuracy beyond traditional approaches. The findings suggest
that systematic detection gaps exist and can be efficiently
mitigated: focused efforts to augment information retrieval on
suicide risk factors at bedside are needed to stymie decision
bias and bolster pediatric MH care quality.
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ED: emergency department
EHR: electronic health record
ICD-10-CM: International Classification of Diseases, 10th Revision, Clinical Modification
ICD/CC: International Classification of Diseases codes and chief concerns
LLaMA: Large Language Model Meta AI
MH: mental health
NLP: natural language processing
ROC: receiver operating characteristic
SITB: self-injurious thoughts and behaviors
STROBE: Strengthening the Reporting of Observational Studies in Epidemiology
TRIPOD: Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis
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Abstract

Background: Posttraumatic stress disorder (PTSD) is highly prevalent in conflict-affected regions like eastern Democratic
Republic of Congo; yet, cultural stigma and lack of psychoeducation limit public understanding and help-seeking behaviors.

Objective: This study evaluates the effect of a short, culturally adapted animated video on mental health perception, knowledge,
and attitudes toward trauma.

Methods: A community-based quasi-experimental pre-post design was implemented among 239 participants from South Kivu.
The intervention involved viewing a 3-minute animated psychoeducational video portraying locally relevant PTSD symptoms
and resilience strategies. Perception, knowledge, and attitude scores were measured before and after the intervention, alongside
PTSD prevalence and video appreciation.

Results: Out of 239, 40% (n=96) of the participants screened positively for PTSD. Post intervention, significant improvements
were observed in perception (P=.01), knowledge (P<.001), and attitudes (P=.001) toward trauma. Appreciation was high; 82%
(n= 195) expressed empathy for the characters, and 74% (n= 176) were likely to share the video. Linear regression showed that
having PTSD symptoms (β coefficient=3.29, SE=1.09; P=.003), years of education (β coefficient=0.54, SE=0.08; P<.001),
empathy toward the portrayed situations (β coefficient=5.07, SE=0.56; P<.001), perceived acquisition of new knowledge (β
coefficient=2.58, SE=0.59; P<.001) and willingness to share the video (β coefficient=1.75, SE=0.50; P=.001) predicted stronger
positive effect. A multiple linear regression including all predictors revealed that PTSD symptoms (β coefficient=1.93, SE=0.90;
P=.03), years of education (β coefficient=0.47, SE=0.07; P<.001), empathy toward the portrayed situations (β coefficient=3.50,
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SE=0.55; P<.001), and willingness to share the video (β coefficient=1.75, SE=0.50; P=.001) remained significant predictors of
video impact. Age and perceived acquisition of new knowledge were not significant in the multivariate model. This model

accounted for 44.6% of the variance in video impact scores (R2=0.446, F6,231=30.99, P<.001).

Conclusions: This study highlights the effectiveness of culturally grounded, low-cost digital media for improving mental health
literacy in postconflict settings. Video-based tools may serve as scalable components of trauma-informed care and public health
communication in low-resource, high-need areas.

(JMIR Ment Health 2026;13:e81291)   doi:10.2196/81291

KEYWORDS

post-traumatic stress disorder; digital media; mental health awareness; culturally adapted intervention; educational technology;
psychoeducation; armed conflicts; mobile phone

Introduction

Raising awareness and educating the public about mental health
is a major challenge, both in the fields of public health and
psychotraumatology [1]. Better knowledge of mental disorders
contributes not only to their prevention and treatment but also
to the promotion of psychological well-being and the
rehabilitation of those affected. Ideally, awareness strategies
should rely on accessible, low-cost, widely shareable, and
culturally appropriate means of communication.

Mental health disorders are increasingly recognized as a major
contributor to morbidity and mortality worldwide, with an
expected growing burden in low- and middle-income countries.
Mental health conditions are among the top 10 causes of years
lived with disability globally. In 2021, they made up around
15.6%-17.2% of all years lived with disability [2]. Among these
disorders, posttraumatic stress disorder (PTSD) is drawing
increasing attention from clinicians, researchers, and public
health policymakers due to its rising prevalence, its
psychological and relational impact, and its numerous
psychiatric and somatic comorbidities [3]. The emergence of
PTSD is closely linked to the growing frequency of traumatic
events worldwide: armed conflicts, acts of terrorism, natural
disasters exacerbated by climate change, road accidents, and
more. One international study estimates that 70% of the global
population has been exposed to at least 1 potentially traumatic
event during their lifetime [4].

In response to this reality, movements such as trauma-informed
interventions [5] and trauma-informed care [6] have emerged
to promote greater recognition of trauma in both society and
health care. These approaches aim to legitimize psychological
suffering, raise awareness of trauma’s impacts, and encourage
clinical responses that are empathetic and appropriate. Despite
these advances, many regions of the world, particularly in
sub-Saharan Africa, remain largely unaffected by such
awareness-raising initiatives and the integration of trauma into
mental health policies [7]. Moreover, in these regions, mental
health remains a marginal concern due to limited resource
allocation and low levels of mental health literacy, both of which
contribute to reduced accessibility and acceptability of mental
health services [8].

Cultural differences largely explain the low levels of
information, recognition, and acceptance of psychiatric care in
these contexts [9]. This is especially concerning given that these

same regions are often the most exposed to conflict. The
Democratic Republic of Congo, marked by nearly 3 decades of
armed violence resulting in more than 4 million deaths [10], is
a stark illustration of this situation. In the most affected areas,
PTSD prevalence reaches up to 40% [11]. The resurgence of
conflict in February 2025 has further exacerbated the situation,
profoundly impacting local populations. Yet, the mental health
response is hindered by several obstacles, such as lack of
information and awareness, stigma, reliance on alternative belief
systems, and a shortage of specialized resources [12-14].
Patients with psychological disturbances often seek help from
traditional healers before turning to psychologists or
psychiatrists. Moreover, the historical divide between modern
medical approaches and traditional practices has deepened a
gap that remains difficult to bridge. Although the Democratic
Republic of the Congo remains one of the poorest countries in
the world [15], with over 52% of its population living on less
than US $2.15 per day [16], it is nonetheless experiencing the
effects of global digitalization, particularly in major urban areas
where smartphone use and internet access are rapidly increasing
[17]. This rapid digitalization offers new opportunities to extend
communication and improve mental health literacy among the
population. Recent digital health research underscores the
importance of culturally sensitive design in improving user
engagement and intervention outcomes across diverse settings
[18].

To address these challenges, we developed an innovative
approach that combines the opportunities offered by
digitalization and the growing use of social media in the
Democratic Republic of Congo with local cultural
representations. We designed a short video featuring characters
that portray common manifestations of PTSD while suggesting
possible paths to resilience. Short video–based interventions
have recently shown strong potential to improve mental health
literacy and reduce stigma in community settings [19]. Digital
storytelling was chosen over other digital interventions because
it combines narrative, emotion, and cultural resonance—3
elements shown to strengthen engagement and knowledge
retention in health communication. In eastern Congo, where
literacy levels vary widely, and stigma surrounding mental
illness remains strong, stories conveyed through relatable
characters and familiar cultural symbols can communicate
complex psychological concepts more effectively than
text-based or purely informational approaches. The narrative
format allows individuals to recognize their own experiences
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within the story, promoting empathy, normalization of
psychological distress, and reduction of stigma. Moreover, the
use of animation and local languages increases accessibility
across literacy levels and cultural groups. This approach aligns
with growing evidence that culturally grounded digital
storytelling can enhance mental health literacy and foster
behavioral intentions to seek help in low-resource and
conflict-affected contexts [20-22].

This pilot study was designed to explore the potential of such
a video-based intervention to enhance mental health perceptions,
knowledge, and attitudes in South Kivu, a region heavily
affected by armed violence. This quasi-experimental pilot study
was conducted in South Kivu, a region heavily affected by
armed conflict, to assess the intervention’s potential to improve
trauma-related perceptions, knowledge, and attitudes. The study
also sought to provide preliminary insights into the acceptability,
feasibility, and short-term impact of this low-cost, scalable
psychoeducational tool. We hypothesized that viewing the
culturally adapted video would result in (1) improved
perceptions and knowledge about psychological trauma and (2)
more positive attitudes toward professional help-seeking and
social support compared with preintervention measures.

Methods

Video Capsule Development Process
An initial team composed of YK, JF, PdT, and AB outlined the
main features of the video capsule. It was designed to be no
longer than 3 minutes and aimed primarily to provide
trauma-focused psychoeducation in a culturally adapted format.
The duration was deliberately limited to less than 3 minutes, as
shorter videos have been shown to maximize viewer
engagement, comprehension, and completion rates in health
education contexts, particularly among audiences with varying
literacy levels [23-27]. In addition, concise videos are easier to
share through popular social media and mobile messaging
platforms commonly used in the Democratic Republic of Congo,
facilitating wider community dissemination [17].

AB subsequently conducted interviews with 1 psychiatrist and
2 psychologists with extensive clinical experience in the region,

to identify the most commonly reported symptoms and the most
frequently mobilized resilience strategies. Reported symptoms
included nightmares, flashbacks, sadness, palpitations, and
difficulties with concentration. Additionally, some interviews
highlighted a local representation of trauma as a form of spiritual
attack or curse affecting several members within a community.

In terms of resilience strategies, community and family support,
physical activity, and psychomedical follow-up were cited as
the most helpful resources. Based on this input, AB drafted an
initial script featuring a diverse set of characters intended to
reflect the pluralistic nature of society.

This script was shared with local illustrators (MI and EK)
familiar with cultural and contextual specificities. A
collaborative staging process followed, allowing for detailed
discussions of each visual and narrative element (Multimedia
Appendix 1).

Once the final version of the video capsule was completed, AB
presented it to various groups, including students (n=50),
merchants (n=29), and colleagues in psychiatry and psychology
(n=5), to assess its clarity, intelligibility, and relevance. To
enhance accessibility, the video used simplified language and
clear visual storytelling, allowing key messages to be understood
without reliance on text. Narration was provided in 5 local
languages—Swahili, Lingala, Tshiluba, Kikongo, and
French—to support comprehension among participants with
low literacy or mild communication difficulties. These
adaptations ensured inclusivity and cultural relevance across
diverse audiences, and versions with on-screen captions are
currently being developed to further improve accessibility.

Some illustrative scenes from the culturally adapted animated
video used in the intervention are presented in Figure 1. The
animation portrays locally recognizable experiences and
emotional responses to trauma, including fear, distress, and
social withdrawal, as well as supportive interactions with health
care professionals and community members. Characters were
designed to reflect the cultural and social diversity of eastern
Congo, aiming to foster empathy, identification, and
understanding of PTSD and pathways to resilience.
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Figure 1. Illustrative scenes from the culturally adapted animated video used in the intervention.

Study Design and Setting
We conducted a community-based quasi-experimental pre-post
study to evaluate changes in perception, knowledge, and attitude
related to mental health following the viewing of an educational
video capsule.

Measurements were taken immediately before and after the
intervention. The study used an immediate postintervention
assessment to capture the short-term effects of the video on
perceptions, knowledge, and attitudes toward psychological
trauma. This approach was chosen for both methodological and
contextual reasons. Given the security volatility in eastern
Congo, the risk of population displacement, and limited
communication infrastructure, a follow-up assessment was not
feasible within the study’s timeframe. Immediate postassessment
ensured that the same participants could be evaluated under
consistent conditions while minimizing attrition bias. Moreover,
as a pilot study, the primary objective was to determine the
intervention’s short-term acceptability and feasibility rather
than long-term behavioral change. Nevertheless, we
acknowledge that perceptions, knowledge, and attitudes are
constructs that influence behavioral intentions and actions over
time, and future studies are planned to include longitudinal
follow-ups to assess retention and potential behavioral outcomes.

The study took place in the eastern region of the Democratic
Republic of Congo, specifically in the city of Bukavu and the

rural surrounding areas of Nyantende, Idjwi, Ciriri, and Kalehe.
These regions have historically been affected by repeated
episodes of armed conflict. Data collection was conducted
between December 2024 and January 2025, during a period of
relative calm that preceded the escalation of conflict in February
2025.

Inclusion and Exclusion Criteria
All adults aged 18 years and older who had been residing in
Bukavu, Idjwi, Kalehe, Ciriri, or Nyatende for at least 6 months
were eligible to participate.

Individuals who were severely ill, exhibited severe mental
disorders, or had significant communication impairments (eg,
hearing or speech difficulties and inability to provide informed
consent) were excluded from the study.

Sample Size Determination
The sample size was calculated to detect a statistically
significant change in perception of psychotrauma, measured as
a continuous variable, using a paired-sample t test. With a
2-tailed α of .05, 80% power, a moderate effect size (Cohen
d=0.5), and assuming a pre-post correlation of 0.5, the required
minimum sample size was estimated at 34 participants, using
G*Power software. However, our final sample consisted of 239
participants, which not only met the requirement for the primary
outcome but also allowed for broader analyses, including the
estimation of the prevalence of PTSD.
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Sampling Procedure
A multistage sampling technique was used to ensure both
representativeness and logistical feasibility. South Kivu province
is administratively divided into several territories and urban
communes that vary substantially in population density and
exposure to conflict. In the first stage, 5 zones were selected at
random using a lottery method from the list of health zones in
the province. In the second stage, within each selected zone,
districts and rural sectors were stratified according to their
population size and accessibility. From these, 1 urban district
and 4 rural sectors were randomly selected.

Within each selected area, approximately 30% of neighborhoods
were then randomly chosen. This proportion was determined a
priori as a balance between representativeness and operational
feasibility, given constraints related to time, security, and
available field personnel. The 30% threshold was therefore fixed
across sites to maintain comparability of sampling intensity,
while the specific neighborhoods were selected randomly within
each site based on administrative population listings provided
by local authorities.

Finally, within each selected neighborhood, the target number
of participants was proportionally allocated according to
estimated population size, and households were approached
consecutively until quotas were met. Because this was an
exploratory pilot study rather than a population-weighted survey,
clustering effects were not incorporated in the sample size
calculation. However, data collection procedures were
standardized across sites to minimize intercluster variability,
and potential design effects were evaluated during analysis
through comparison of site-level means and variances. No
significant clustering effect was observed. The intervention was
delivered individually to each participant using smartphones
operated by trained research assistants. Participants viewed the
video once in a quiet setting immediately before completing
the postintervention assessment. This personalized format was
chosen to ensure that all participants could clearly see and hear
the content. All research assistants followed a standardized
protocol to maintain fidelity across sites, including identical
video files, playback settings, and instructions. Data collection
procedures were harmonized through a detailed manual and a
3-day training workshop focused on consistent delivery,
participant guidance, and confidentiality. Site-level consistency
was verified during analysis, and no significant variation in
intervention effects was observed between locations, in
coherence with the standardization of delivery and data
collection procedures.

Perception, Knowledge, and Attitudes Toward Trauma
The perception questionnaire was adapted from the studies on
perceptions in mental health [28], and included 4 items. The
knowledge and attitude sections were adapted from the study
on trauma-informed care [29], comprising 7 items on knowledge
and 6 items on attitude.

Perception was assessed using an inverse Likert scale ranging
from 0 (strongly agree) to 4 (strongly disagree), while
knowledge and attitudes were assessed using a standard Likert
scale ranging from 0 (strongly disagree) to 4 (strongly agree).

Individual scores were summed to produce total scores for each
domain.

To ensure cultural and contextual accuracy, the questionnaires
were translated into French and Swahili, then independently
back-translated into English by bilingual experts. The translated
versions were reviewed by a panel of local psychiatrists and
psychologists to verify conceptual equivalence and cultural
appropriateness of terms and examples. Before data collection,
the instruments were pilot tested among 20 adults from Bukavu
and Idjwi to assess clarity, comprehensibility, and cultural
relevance. Feedback from this pilot phase led to minor wording
adjustments to reflect local idioms of distress and expressions
of emotional states. Internal consistency reliability for the final
scales was satisfactory (Cronbach α=0.81 for perception, 0.86
for knowledge, and 0.84 for attitudes).

The effect score of the video was calculated as the difference
between the total score obtained after viewing and the total
score obtained before viewing, by summing all item scores at
each time point.

Appreciation of the Video Capsule
We also assessed participants’ appreciation of the video capsule
using 3 questions that evaluated (1) empathy toward the
characters and situations portrayed, (2) perceived acquisition
of new knowledge, and (3) willingness to share the video.
Responses were measured on a Likert scale ranging from not
at all to extremely. We calculated the number and percentage
of participants selecting each response level.

Psychological Assessment
We measured past traumatic events and PTSD through the
Post-traumatic Diagnostic Scale - French adaptation (PDS-F),
along with a Stressful Events Scale [30], a detailed scale
assessing the types and magnitude of a wide variety of traumatic
events as well as PTSD symptoms. This scale showed good
psychometric values in African populations [31] and has a
validated French version [30]. The PDS-F is interpreted with a
severity score ranging from 0 to 51 obtained by adding up the
responses of items. For the positive screening of PTSD to be
made, we considered the cutoff for moderate to severe
symptoms, a rating of >20 [32].

Data Collection Procedures and Quality Control
Data were collected by 5 medical students. The principal
investigator (AB) trained the medical students over 3 days,
emphasizing the theoretical and practical aspects of all questions
in the questionnaire, informed consent, and participant
confidentiality.

Ethical Considerations
Ethical approval was obtained from the Catholic University of
Bukavu Ethics committee (UCB/CIES/NC/033/253). We
obtained written informed consent from participants, and we
ensured their privacy and confidentiality. Participants were then
offered, after the completion of the evaluation sessions, with
the main investigator, where needed, and those with
psychological disturbances were advised to attend counseling
sessions in the psychiatric clinic of the hospital. No financial
or material compensation was provided for participation.
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Data Analysis
We analyzed data using Stata (version 13; StataCorp) to perform
descriptive and inferential analysis. Qualitative variables were
described in terms of frequencies and percentages, while
continuous variables were described in terms of means and SDs.
Pearson chi-square and the Student t test were used to compare
characteristics of patients for categorical and continuous
variables, respectively.

We conducted bivariate and multiple linear regression analyses
to explore associations between demographic, psychological,
and appreciation-related variables and the overall effect score
on perceptions, knowledge, and attitudes toward trauma.
Variables showing a bivariate association with the outcome at
P≤.05 were entered into the multivariate model. Model building
followed a stepwise strategy: theoretically relevant variables
(age, sex, education level, and PTSD symptom severity) were
entered first to control for potential confounding, followed by
appreciation variables (empathy, perceived acquisition of new
knowledge, and willingness to share the video) reflecting
emotional engagement and behavioral intention. The inclusion
of these predictors was guided by the theory of planned behavior
and previous evidence linking affective engagement and trauma
exposure to psychoeducational outcomes. Model fit and
multicollinearity were assessed using the coefficient of

determination (R2), adjusted R2, F statistics, and variance
inflation factors (VIFs; all VIF<2), confirming appropriate
specification and absence of collinearity.

We conducted bivariate and multiple linear regression analyses
to explore associations between demographic, psychological,
and appreciation-related variables and the overall effect score
on perceptions, knowledge, and attitudes toward trauma.
Variables showing a bivariate association with the outcome at
P≤.05 were entered into the multivariate model. Model building
followed a stepwise strategy: theoretically relevant variables
(age, sex, education level, and PTSD symptom severity) were
entered first to control for potential confounding, followed by
appreciation variables (empathy, perceived acquisition of new
knowledge, and willingness to share the video) reflecting
emotional engagement and behavioral intention. The inclusion

of these predictors was guided by the theory of planned behavior
and previous evidence linking affective engagement and trauma
exposure to psychoeducational outcomes. Empathy enhances
perspective taking and prosocial intentions, which are associated
with greater openness toward trauma-related information
[33-37]. Likewise, perceived self-relevance and social relevance
are robust predictors of video sharing intentions, as individuals
are more likely to share content they find personally meaningful
or beneficial to their social network [38,39]. Emotional
resonance—such as empathy, hope, or identification with the
scenario—fosters authenticity and social connection, motivating
sharing behavior and reinforcing learning through peer support
[40]. Trust in the source or creator also predicts sharing
behavior, with higher information and science literacy associated
with more discerning and health-promoting dissemination
[41,42]. In line with the theory of planned behavior, knowledge
contributes to behavioral change by shaping attitudes, perceived
behavioral control, and subjective norms, which in turn influence
intentions and actions [42,43]. The inclusion of age, sex, and
education level as predictors is further supported by extensive
evidence showing their association with posttraumatic stress
symptom severity and psychoeducational outcomes [44-46].

Model fit and multicollinearity were assessed using R2, adjusted

R2, F statistics, and VIFs (all VIF<2), confirming appropriate
specification and absence of collinearity.

Results

Sociodemographic Characteristics and PTSD
Prevalence
A total of 239 participants were enrolled, comprising 133 (56%)
women and 106 (44%) men, with a mean age of 34 (SD 14)
years. Of the total, 147 (62%) participants were married, and
79 (33%) were unemployed. Regarding education, 86 (36%)
had completed university education, and the mean number of
years of schooling was 10 (SD 7) years. There were significant
sex differences in marital status, profession, and education level
(P<.05). The overall prevalence of probable PTSD (positive
screening for PTSD) was 40%, with no significant difference
between sex (P=.22; Table 1).
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Table 1. Sociodemographic characteristics and posttraumatic stress disorder prevalence (N=239).

P valueMaleFemaleTotalVariable

—a106 (44)133 (56)239 (100)Sex, n (%)

.9234 (14)34 (13)34 (14)Age (y), mean (SD)

.002Marital status, n (%)

56 (53)91 (68)147 (62)Married

47 (44)31 (23)78 (33)Single

0 (0)6 (5)6 (2)Separated or divorced

3 (3)5 (4)8 (3)Widower

Occupation, n (%)

<.00119 (18)33 (25)52 (22)Liberal activity

.2914 (13)5 (4)19 (8)State official

.00510 (9)3 (2)13 (5)Humanitarian worker

<.00131 (29)48 (36)79 (33)Unemployed

<.00121 (20)11 (8)32 (13)Student

.2119 (18)33 (25)52 (23)Others

Education level, n (%)

—10 (9)36 (27)46 (19)Less than primary

.0017 (7)23 (17)30 (13)Primary

.0632 (30)45 (34)77 (32)Secondary

.2957 (54)29 (22)86 (36)University

<.00112 (6)8 (7)10 (7)Years of education, mean (SD)

.2238 (36)58 (44)96 (40)PTSDb prevalence, n (%)

aNot applicable.
bPTSD: posttraumatic stress disorder.

Perception, Knowledge, and Attitudes Toward Trauma
Following the video intervention, participants showed significant
improvements in perception, knowledge, and attitude scores,

respectively (Table 2). The mean perception score increased
from 11.8 (SD 2.5) to 12.4 (SD 2.4; P=.01). Several perception
items, such as the belief that “talking about one’s suffering is
useless,” improved significantly (P=.01).

Table 2. Participant responses to video content (N=239).

Likert scale response, n (%)Item

ExtremelyA lotModeratelyVery littleNot at all

90 (37.7)105 (43.9)32 (13.4)8 (3.3)4 (1.7)To what extent did you feel empathy toward the people or situ-
ations portrayed in the video?

93 (38.9)99 (41.4)32 (13.4)10 (4.2)5 (2.1)To what extent did the video provide you with new information
or knowledge?

86 (36)90 (37.7)46 (19.2)9 (3.8)8 (3.3)How likely are you to share this video with others in your net-
work?

Knowledge scores improved markedly, rising from 19.3 (SD
5.5) to 21.2 (SD 3.9; P<.001). Significant changes were
observed in items relating to trauma’s effect on mental and
physical health and recognition of trauma symptoms (eg,
nightmares and palpitations).

Similarly, attitudes toward trauma improved, with the total score
increasing from 16.2 (SD 4.3) to 17.5 (SD 4.7; P=.001). Key

items, such as belief in the possibility of recovery and the need
for professional support, showed significant positive shifts.

Effect sizes were calculated for each domain to complement
significance testing. The intervention produced small to
moderate improvements in perception (Cohen d=0.26),
knowledge (Cohen d=0.38), and attitude (Cohen d=0.28).
Site-level analyses were also performed to examine potential
regional variation in outcomes; no significant differences were
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observed across sites, suggesting consistent intervention effects
throughout the different study areas.

A detailed version of these results, including all item-level data,
can be consulted in Multimedia Appendix 2.

Appreciation of the Video Capsule
Participants’ feedback on the video was positive (Table 2). Out
of 239 participants, 195 (82%) felt empathy “a lot” or
“extremely” toward the portrayed situations, 192 (80%) reported
having acquired new knowledge, and 176 (74%) stated that they
were likely or very likely to share the video.

Predictors of Video Effect
Simple linear regression analyses revealed several significant
predictors of higher video effect scores. Strongest associations
were observed for video appreciations: higher levels of empathy
toward the portrayed situations (β coefficient=5.07, SE=0.56,
t237=9.07; P<.001), perceived acquisition of new knowledge (β
coefficient=2.58, SE=0.59, t237=4.36; P<.001), and willingness
to share the video (β coefficient=3.30, SE=0.53, t237=6.23;
P<.001) were all significantly associated with greater video

effect. Among demographic and clinical variables, years of
education showed a strong positive effect (β coefficient=0.54,

SE=0.08, 95% CI 0.39-0.69, R2=0.171; P<.001), while PTSD
symptoms were also positively associated with video effect (β
coefficient=3.29, SE=1.09, 95% CI 1.13-5.44, R2=0.037;
P=.003). In contrast, age was inversely associated with video
effect (β coefficient=–0.11, SE=0.04, 95% CI –0.19 to –0.03,

R2=0.031; P=.007).

A multiple linear regression including all predictors revealed
that PTSD symptoms (β coefficient=1.93, SE=0.90, t231=2.14;
P=.03), years of education (β coefficient=0.47, SE=0.07,
t231=6.69; P<.001), empathy toward the portrayed situations (β
coefficient=3.50, SE=0.55, t231=6.33; P<.001), and willingness
to share the video (β coefficient=1.75, SE=0.50, t231=3.47;
P=.001) remained significant predictors of video effect. Age
and perceived acquisition of new knowledge were not significant
in the multivariate model. This model accounted for 44.6% of

the variance in video effect scores (R2=0.446, F6,231=30.99;
P<.001; Table 3).

Table 3. Multiple linear regression predicting video effect (N=238). Model fit: F6,231=30.99, R2=0.446, adjusted R2=0.432; root-mean-square
error=6.60; P<.001.

P valuet test (df)95% CIβ coefficient (SE)Variable

.92–0.10 (231)−0.07 to 0.06–0.003 (0.033)Age

<.0016.69 (231)0.33 to 0.610.47 (0.07)Years of education

.032.14 (231)0.15 to 3.711.93 (0.90)PTSDa score

<.0016.33 (231)2.41 to 4.593.50 (0.55)Empathy toward the portrayed situations

.201.28 (231)−0.38 to 1.780.70 (0.55)Perceived acquisition of new knowledge

.0013.47 (231)0.76 to 2.741.75 (0.50)Willingness to share the video

<.00110.72 (231)22.32 to 32.3827.35 (2.55)Constant

aPTSD: posttraumatic stress disorder.

Discussion

Principal Findings
This study demonstrated that a short, culturally adapted animated
video significantly improved participants’ perceptions,
knowledge, and attitudes toward psychological trauma in
conflict-affected eastern Congo. After viewing the video, mean
scores for perception, knowledge, and attitudes increased
markedly, with large effect sizes and high participant
engagement—over 80% of viewers reported empathy for the
characters and 74% indicated willingness to share the video.
Regression analyses further revealed that higher education,
empathy toward the portrayed situations, and the presence of
PTSD symptoms were significant predictors of stronger
intervention effects. Together, these findings indicate that
culturally grounded, low-cost digital storytelling can effectively
enhance mental health literacy and reduce stigma in
low-resource, trauma-affected settings.

Our findings align with and extend evidence from video-based
and multimedia psychoeducational interventions. For example,
the effect of online multimedia psychoeducational interventions

on the resilience and perceived stress of hospitalized patients
with COVID-19 found significant improvements in resilience
and reductions in perceived stress after a brief online multimedia
intervention [47]. Our findings are also consistent with evidence
from trauma-specific psychoeducational interventions, which
similarly produced moderate improvements in PTSD,
depression, and bonding outcomes among pregnant women with
trauma histories, demonstrating the potential of brief, structured
psychoeducation to enhance psychological well-being in
vulnerable populations [48]. In our study, a culturally tailored,
3-minute animated video delivered individually, the
small-to-moderate effect sizes we observed suggest that even
very brief interventions can produce meaningful changes in
mental-health literacy in conflict-affected settings.

The mechanisms underlying the observed changes likely stem
from enhanced cognitive and emotional engagement achieved
through a culturally grounded narrative. By portraying locally
recognizable experiences and characters, the video fostered
empathy, identification, and reflection—key processes known
to mediate learning and attitude change in health communication
[49,50]. Delivering the intervention individually via

JMIR Ment Health 2026 | vol. 13 | e81291 | p.439https://mental.jmir.org/2026/1/e81291
(page number not for citation purposes)

Bapolisi et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


smartphones, with multilingual narration and culturally adapted
visuals, further improved accessibility, attention, and
comprehension, thereby supporting effective knowledge transfer
and stigma reduction.

Low-cost, scalable digital interventions are increasingly
recognized as practical strategies for improving health literacy
and reducing stigma in resource-limited settings [51]. In this
study, the creation of an animated video on PTSD, based on
symptoms and experiences most frequently described by
Congolese clinicians and patients, offered a familiar and
emotionally engaging medium for psychoeducation. The
animation, developed by local artists, embodied the region’s
cultural and linguistic diversity and avoided overly medicalized
or Western frameworks that may alienate local audiences
[8,52,53]. Such a design, consistent with human factors
principles, enhances usability, accessibility, and long-term
engagement with digital mental health content, even in
low-resource contexts [54].

The changes observed in perception, knowledge, and attitudes
suggest that video capsules like this could be an effective tool
for psychoeducation and for reducing stigma associated with
mental health issues. Previous studies have shown that
individuals suffering from psychological disorders are often
heavily stigmatized in these populations, where seeking mental
health care is perceived as shameful [55,56]. Survivors of rape
and torture are also frequently stigmatized due to perceived
social shame and dishonor [57,58]. The video was therefore
designed to legitimize the suffering resulting from trauma and
to encourage understanding and social support.

One justified concern in war-affected contexts is the risk of
retraumatization or vicarious trauma [6,59,60]. Empathy elicited
by trauma-related video content is consistently associated with
increased emotional distress, including heightened anxiety,
depressive symptoms, and physiological stress responses, such
as elevated heart rate and cortisol, particularly in individuals
with high emotional contagion or affective empathy
[34,37,61-63]. This issue was central to the development of the
video, and efforts were made to avoid overly distressing images.
The emotional impact of the content was carefully reviewed
throughout the process. In addition, as described in our
methodology, ethical safeguards were in place to recommend
appropriate care for participants exhibiting signs of trauma. In
addition to illustrating the psychological consequences of
trauma, the video also depicts multiple pathways to
resilience—individual coping efforts, family and community
support, and access to psychomedical assistance—reflecting an
integrated, culturally grounded approach to recovery.

Our findings also show that participants with PTSD reported
higher empathy toward the characters and experienced a more
pronounced positive impact on their perceptions, knowledge,
and attitudes after viewing the video. One of the most striking
findings of our study is the relatively high prevalence of positive
screening for PTSD (40%). While this figure may appear
elevated compared with other studies [64-66], it aligns closely
with previous research conducted in the conflict-affected regions
of eastern Congo [11]. Furthermore, the recent deterioration in
regional security—marked by the resurgence of a rebel group

that ultimately forced us to halt data collection—likely
heightened the expression of traumatic symptoms within the
population.

Finally, our study shows that the video’s positive effect was
particularly evident among young, educated individuals and
those showing posttraumatic symptoms. This finding supports
the targeted use of such interventions among youth, students,
and individuals at risk of PTSD. These results point to the
potential for implementing video-based awareness tools in
schools, universities, and health care settings, contributing
meaningfully to trauma-informed interventions and
trauma-informed care, with both clinical and public health
implications.

Taken together, our findings suggest that culturally
contextualized video capsules can foster positive changes in
how psychological trauma is perceived, understood, and
addressed in war-affected regions. Our findings align with the
theory of planned behavior [67], which posits that intention is
a proximal predictor of behavior. The positive shifts in attitudes
toward professional help, reduced stigma, and increased
endorsement of social support suggest an enhanced behavioral
intention to seek care. While actual care-seeking behavior was
not directly measured, our results imply a potential increase in
future help-seeking behaviors.

Limitations
While this study provides valuable insights into the potential
of culturally adapted video interventions to improve mental
health awareness in conflict-affected regions, several limitations
should be acknowledged. First, the quasi-experimental pre-post
design without a control group limits causal inference. Although
improvements in perception, knowledge, and attitudes were
observed after viewing the video, we cannot fully rule out the
influence of external factors or testing effects. Second, the
follow-up was immediate and did not assess the sustainability
of changes over time. Longer-term follow-up would be
necessary to determine whether improvements in knowledge
and attitudes persist and translate into behavioral change or
increased care-seeking. Third, the self-report nature of the
measures may have introduced bias, including social desirability
effects, particularly in postintervention responses. Additionally,
while the instruments used were adapted from validated tools,
further validation in this specific cultural context would
strengthen the robustness of the findings. Although internal
consistency coefficients were good, these indices primarily
reflect internal reliability rather than the full spectrum of
psychometric validity. Future research should therefore include
confirmatory factor analyses and convergent or discriminant
validity assessments to ensure that the constructs measured
retain their theoretical structure and meaning in this cultural
setting. Fourth, although efforts were made to ensure linguistic
and cultural appropriateness, the diverse ethnic and linguistic
backgrounds of participants in South Kivu mean that certain
nuances may not have been fully captured by a single video
version. Future studies could explore more tailored adaptations
by subgroup and by level of instruction. Finally, the study
sample, although geographically diverse, may not be
representative of the broader Congolese population or other
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conflict-affected regions. Moreover, individuals with severe
mental illness or communication impairments were excluded,
possibly underestimating the intervention’s reach and effect
among the most vulnerable populations.

Conclusion
This study highlights the potential of culturally adapted,
multimedia interventions to improve mental health literacy in
conflict-affected regions. By integrating local representations
of trauma with evidence-based psychoeducation, the video
capsule successfully enhanced participants’ perceptions,
knowledge, and attitudes toward psychological trauma. The
positive reception of the intervention, particularly among

individuals with PTSD symptoms and those with higher
education levels, underscores the value of contextually sensitive
and accessible approaches to mental health promotion. In
settings like eastern Democratic Republic of Congo, where
traditional stigma, limited resources, and ongoing violence
hinder mental health care, such tools may represent a promising,
scalable strategy to foster trauma-informed awareness, reduce
stigma, and support pathways to resilience. Continued
investment in culturally grounded public health communication
and further evaluation in large-scale and long-term impact will
be essential for strengthening mental health systems in similar
contexts.
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Abstract

Background: The mechanisms through which mindfulness and third wave–based digital programs exert their effects on stress
reduction remain poorly understood. Identifying these mediators is essential to optimize their implementation, particularly in
health care settings. This approach is particularly relevant for health care professionals, who are constantly exposed to high levels
of emotional demands, work overload, and risk of burnout, especially in the aftermath of the COVID-19 pandemic. Despite the
growing need for scalable and accessible mental health support in this population, such digital programs remain scarce and
underused.

Objective: The primary aim of this study was to analyze the psychological mechanisms through which the MINDxYOU online
program may contribute to stress reduction among health care professionals, focusing on a mediation model. Specifically, we
explored if variables such as resilience and facets of mindfulness, compassion, and acceptance mediated the effects of the
intervention on perceived stress.

Methods: In a stepped-wedge cluster randomized design, 357 health professionals from health centers in Aragon and Málaga,
Spain, were recruited. They were divided into 6 clusters, 3 per region, and randomly assigned to one of the 3 sequences, each
starting with a control phase and then transitioning to the intervention phase (the MINDxYOU program) after 8, 16, or 24 weeks.
This self-guided, web-based program, designed to be completed over 8 weeks, included weekly contact (via WhatsApp, call, or
email) from the research team to promote adherence. Participants were assessed on the web every 8 weeks for 5 assessments.
Perceived stress was the study’s primary outcome, with additional measures of clinical factors (anxiety, depression, and
somatization) and process variables (resilience, mindfulness, compassion, and acceptance). Mediation models using mixed-effects
regressions and bootstrap resampling (1000 iterations) were applied to analyze the direct and indirect effects of the treatment on
psychological outcomes.

Results: Resilience emerged as the most consistent and significant mediator, exerting a relevant indirect effect on reducing
stress (β=−1.41; P=.02), anxiety (β=−0.88; P=.03), and depression (β=−0.97; P=.01), even in multivariate models. Mindfulness
facets such as observing, describing, and nonreacting also showed significant, albeit less consistent, mediating effects. In contrast,
compassion and acceptance were weakly associated and did not play a significant mediating role.
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Conclusions: These results demonstrate resilience as the key psychological mediator. Strengthening resilience through online
interventions appears to be a crucial pathway for reducing stress and emotional symptoms in this population. Specific mindfulness
skills may also contribute to the intervention’s therapeutic effect, although with less robust evidence.

Trial Registration: ClinicalTrials.gov NCT05436717; https://clinicaltrials.gov/ct2/show/NCT05436717

(JMIR Ment Health 2026;13:e82905)   doi:10.2196/82905
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Introduction

Health care professionals (HCPs) are consistently exposed to
high levels of emotional demands, work overload, and ethical
stress, which significantly increase their risk of burnout and
psychological distress, especially in the aftermath of the
COVID-19 pandemic [1]. Emotional exhaustion and persistent
stress among health care workers not only deteriorate their own
mental health [2] but also negatively affect patient care, leading
to reduced empathy, lower job performance, increased medical
errors, and decreased patient satisfaction [3,4]. Promoting
psychological well-being in this group is therefore not only an
occupational health priority but also a critical factor for ensuring
the quality, safety, and sustainability of health care delivery
systems [5].

In this context, third wave psychotherapies, including acceptance
and commitment therapy (ACT), mindfulness-based
interventions, and compassion-based programs, have proven
effective in enhancing emotional well-being and reducing
symptoms of stress, anxiety, and depression [6-8]. These
interventions target transdiagnostic psychological processes
such as emotional regulation, acceptance of internal experience,
and the cultivation of compassionate attitudes toward oneself
and others [9,10], thereby fostering more flexible and adaptive
coping strategies in the face of chronic occupational stress [11].
Third wave psychotherapies were originally developed for
traditional face-to-face delivery, often in group settings.
However, the rise of digitalization has significantly reshaped
access to psychological interventions, enabling the development
and implementation of eHealth programs grounded in third
wave principles. These types of interventions have gained
relevance as an accessible and effective alternative for
promoting mental health [12]. One of their main advantages
lies in their ability to overcome geographic and economic
barriers, thus expanding access to these psychotherapies for
broad and diverse populations [13].

Despite the growing evidence supporting the effectiveness of
interventions based on third wave psychotherapy principles, the
specific mechanisms underlying their therapeutic benefits still
require further clarification [14,15]. Brief interventions based
on third wave psychotherapy principles have demonstrated
significant improvements in resilience, anxiety, and depression
among nursing staff, and recent meta-analytic evidence confirms
the relevance of these mechanisms in digital mental health
programs [6]. Mindfulness practice, in particular, has been
shown to enhance core psychological capacities such as
present-moment awareness, resilience, acceptance, and
compassion [10,16], all of which contribute to reducing

emotional reactivity, rumination, and psychological distress.
Within this framework, acceptance, a central process in ACT,
has been identified as especially relevant in decreasing
experiential avoidance, a transdiagnostic factor involved in
many emotional disorders [17]. Supporting this, recent studies
have found that ACT delivered in digital formats can
significantly improve emotional regulation, cognitive flexibility,
and stress coping in HCPs [17].

Some psychological skills appear to exert a more consistent
impact than others, depending on the type of intervention, target
population, or delivery format (in-person, hybrid, or online)
[16], which affects their effectiveness as mechanisms of change.
In particular, specific components of mindfulness such as
observing, describing, and nonreacting have demonstrated
significant mediating roles in improving psychological
well-being [17]. In contrast, other skills such as acceptance or
self-compassion have shown more variable results in terms of
their explanatory power [18,19]. On its part, resilience, which
is a key psychological resource particularly in emotionally
demanding environments such as health care, has also been
identified as a potential mediator of third wave psychotherapies’
effects on stress relief and health promotion [20-22]. While
mindfulness, self-compassion, and acceptance have been
proposed as mediators, findings are inconsistent across studies
and contexts. In some cases, these variables significantly explain
symptom reduction, whereas in others, their effects are weak
or nonsignificant [6].

These theoretical and empirical discrepancies highlight the need
for continued investigation into which psychological processes
function as mechanisms of change, how they interact with one
another, and under what contextual and individual conditions
their effects are enhanced or constrained particularly within the
realm of contemporary digital interventions. This study aims
to analyze the mediating role of psychological variables in the
effect of an online intervention based on third wave
psychotherapy principles (MINDxYOU) [23,24] on HCPs.
Specifically, it examines whether resilience, mindfulness,
compassion, and acceptance mediate the effect of the
intervention on the primary outcome, perceived stress, and on
several secondary outcomes: depression, anxiety, and general
psychological symptoms.

Methods

Participants and Procedure
Participants in this study were enrolled in the MINDxYOU
project, a stepped-wedge cluster-randomized clinical trial. The
study sample consisted of HCPs working in clinical settings in
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Málaga and Zaragoza (Spain). Inclusion criteria were (1)
employment as a HCP (eg, physician, nurse, psychologist, and
nursing assistant) or being in training in any health-related field;
(2) aged between 18 and 70 years; (3) ability to understand
Spanish; (4) digital literacy and access to a smartphone, tablet,
or computer with internet connection; and (5) expected
continued employment at the same workplace for the following
6 months. Candidates who met these criteria were also asked
to provide their email address or phone number in the form so
that the researchers could contact them later.

Between October 2022 and February 2023, those interested in
participating underwent a telephone screening conducted by a
mental health professional to assess the following exclusion
criteria: (1) presence of a severe disorder affecting the central
nervous system; (2) diagnosis of a severe mental illness
according to the Mini-International Neuropsychiatric Interview
(MINI) [25]; (3) presence of an uncontrolled medical condition
or an infectious or degenerative disease; and (4) prior experience
with third wave psychotherapies (eg, having participated in
mindfulness courses during the previous year or having regularly
engaged in formal meditation practice). Candidates who met
the inclusion profile were sent an email with detailed
information about the study and an attached informed consent
form.

As detailed in the study protocol [23], the sample size was
estimated at 180 participants, with 30 (16.7%) per cluster, based

on an expected moderate effect of the intervention on the
primary outcome, perceived stress [26]. However, the ambitious
dissemination of the project attracted considerable interest from
HCPs. A total of 357 individuals provided data, and 347
ultimately completed the baseline assessment.

Intervention
The MINDxYOU program is a self-guided web-based
intervention delivered through a digital platform. It consists of
4 modules based on third wave psychotherapies (mindfulness,
compassion, and acceptance), which have demonstrated
effectiveness in reducing stress and promoting mental health
[11]. Each module combines psychoeducational content, formal
and informal practices, and experiential reflection exercises
(Figure 1). The first module introduces the foundations of
mindfulness and present-moment awareness. The second module
focuses on cultivating a compassionate attitude toward oneself
and others, addressing self-criticism and self-care. The third
module explores the acceptance of difficult thoughts and
emotions, promoting a more flexible relationship with internal
experience. Finally, the fourth module integrates previous
learning and focuses on applying it to work and personal
contexts, with strategies to maintain long-term benefits. The
intervention is designed to be completed over 8 weeks (2 weeks
per module), with a flexible approach that allows users to adapt
the pace to their needs.

Figure 1. MINDxYOU program.

Its content is adapted from validated programs such as
Mindfulness-Based Stress Reduction [27], “Smiling is fun”
[28], and Attachment-Based Compassion Therapy [29],
incorporating specific examples from the health care context
[11]. It includes formal practices (audio recordings) and informal
ones (healthy habits such as exercise, nutrition, sleep, and
socialization), promoting the integration of meditation into daily
routines and continued practice after completing the program.

Further information about the intervention can be found in the
study protocol [23].

Measures
As part of the MINDxYOU project, participants were asked to
provide sociodemographic information (age and gender) and
job-related details (profession, health care center, type of
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contract, and whether they were residents), as well as to
complete the following questionnaires.

Primary Outcome
The 10-item Perceived Stress Scale (PSS-10) [30] was the
primary outcome of this study. It is a 10-item questionnaire that
measures how unpredictable, uncontrollable, and overloaded
the individual has felt their life to be over the previous month
on a 5-point Likert-type scale. Scores range between 0 and 40,
with higher scores reflecting higher levels of perceived stress.
Our study made use of the Spanish adaptation [31], and the PSS
for our sample showed very high internal consistency (αT1=0.89
and αT2-T5=0.91).

Secondary Outcomes
The Patient Health Questionnaire (PHQ-9) [32] is a 9-item scale
that rates the frequency of depressive symptoms during the
previous 2 weeks using a Likert-type scale (from 0=not at all
to 3=nearly every day). The total score ranges between 0 and
27, with higher scores indicating higher severity of depression.
The Spanish adaptation of the PHQ-9 was used for this study
[33], and we observed good internal consistency in our sample
(αT1=0.83, αT2=0.88, αT3=0.86, αT4=0.89, and αT5=0.87).

The Generalized Anxiety Disorder-7 (GAD-7) [34] is a 7-item,
self-report measure to assess the intensity of anxiety symptoms
over the past 2 weeks. Using a 4-point Likert-type scale, the
total score can range between 0 and 21, with higher values
indicating more severe anxiety symptoms. The Spanish version
of the GAD-7 [35] was used for this study, and excellent
psychometric properties were observed in our sample
(αT1=0.89, αT2=0.92, αT3=0.90, αT4=0.92, and αT5=0.91).

The Brief Symptom Inventory-18 (BSI-18) [36] is a 5-point
Likert-type scale designed to offer rapid screening for the
symptoms of psychological disorders (somatization, depression,
and anxiety). Scores on the 18 items are summarized on the
Global Severity Index, which ranges from 0 to 72, with higher
scores reflecting more severe conditions. The Spanish version
of the BSI-18 was used [37] and showed excellent internal
consistency for our sample (αT1=0.90, αT2-T3=0.92,
αT4=0.94, and αT5=0.92).

Process Variables
Resilience was measured using the 10-item version of the
Connor-Davidson Resilience Scale (CD-RISC) [38], a 10-item
scale whose total score ranges between 0 and 40, with higher
scores indicating higher levels of resilience. Mindfulness was
assessed using the Five Facet Mindfulness Questionnaire-15
(FFMQ-15) [14] which assesses 5 dimensions: observing,
describing, acting with awareness, nonjudging of inner
experience, and not-reacting to inner experience. Each subscale
comprises 3 items rated on a 5-point Likert scale, and mean
scores are computed, with higher means denoting greater
mindfulness in each domain.

Both self-compassion and compassion for others were assessed
using the Sussex-Oxford Compassion Scales [39], which
separately evaluate self-compassion and compassion for others
using 20 items per scale. Scores range from 20 to 100, with
higher totals indicating stronger levels of compassion. To assess

psychological acceptance (vs experiential avoidance), the
Acceptance and Action Questionnaire-II (AAQ-II) [40] was
used. This 7-item instrument uses a 7-point Likert scale and
provides a total score between 7 and 49, where higher scores
correspond to greater experiential avoidance and thus lower
acceptance.

The Spanish validated version of the CD-RISC [41], FFMQ-15
[42], Sussex-Oxford Compassion Scales [43], and AAQ-II [44]
were applied in this study. These instruments demonstrated
good to excellent internal consistency (α≥.80 across all time
points), with the exception of several FFMQ subscales:
Observing (αT1=0.74, αT2=.55, αT3=0.70, αT4–T5=0.74),
Describing (αT1, T2, T5=0.77), and Nonreactivity (αT1=0.71,
αT2–T3=0.58, αT4=.60, αT5=0.71).

Statistical Analysis
Descriptive data analyses were conducted to characterize the
sample, reporting frequencies and percentages for categorical
variables and means and standard deviations for continuous
variables. To estimate the indirect effect, a nonparametric
bootstrap resampling procedure with 1000 iterations was
performed, using parallel computing to optimize performance.
In each bootstrap iteration, a random sample with replacement
was drawn from the dataset, and 2 linear mixed-effects models
with a random intercept for each participant were fitted to
account for within-subject variability. The first model estimated
the effect of the independent variable (intervention) on the
mediator (Resilience, Mindfulness, Compassion, and
Acceptance), while the second model evaluated the effect of
the mediator on the primary outcome variable (perceived stress)
and the secondary outcomes (depression, anxiety, and general
psychological symptoms). The models were adjusted for the
following covariates: cluster, gender, profession, age, type of
contract, training status, and baseline level of the outcome
variable. For the primary outcome, a multivariate analysis was
also performed in which all mediators were included
simultaneously. Additionally, sensitivity analyses were
conducted using 2 multivariate models: 1 including only the
mediators that were significant in the univariate analyses, and
another including only 1 factor per mediator (Resilience,
Mindfulness, Compassion, and Acceptance), selecting the most
significant factor when multiple dimensions existed within the
same mediator. The indirect effect was calculated as the product
of the estimated coefficients from each bootstrap iteration. The
direct effect of Treatment on the outcome variable was also
estimated separately. A 95% CI for the indirect effect was
derived from the 2.5th and 97.5th percentiles of the bootstrap
distribution. Statistical significance was assessed via a 2-tailed
test, with the P value calculated as the proportion of bootstrap
samples in which the indirect effect crossed zero. To examine
the temporal precedence of the most relevant mechanisms,
additional time-lagged analyses were conducted. In these
models, stress levels (PSS) at the subsequent time point were
predicted from the prior value of the mediator, controlling for
prior stress, intervention condition, time, and random effects
for participant and cluster. These models were estimated
specifically for the mediators that showed a more consistent
association with stress in the concurrent analyses, namely,
resilience and the FFMQ Observe facet. This approach makes
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it possible to assess whether higher levels of resilience or
mindfulness at 1 measurement precede lower levels of stress at
the next, providing complementary evidence regarding the
potential temporal relationship between these psychological
processes and stress reduction. All analyses were performed
using R, with the lme4 package for mixed-effects modeling and
future.apply for parallel processing [45].

Ethical Considerations
The research ethics committee of the Autonomous Community
of Aragón and the Málaga Provincial Research Ethics
Committee approved the study protocol in July 2022 (PI22/341).
All study procedures complied with the Declaration of Helsinki
and its most recent amendments. Participants provided written
informed consent after being informed about the study, its
potential risks, and their right to withdraw at any time. No
financial compensation was offered for participation. Data
confidentiality was ensured in accordance with Spain’s Organic
Law 3/2018 on Data Protection and the EU General Data
Protection Regulation (GDPR), using a dual-system
infrastructure to keep personal data separate from clinical
records. The trial was registered at ClinicalTrials.gov
(NCT05436717, June 29, 2022) and reported following the
CONSORT (Consolidated Standards of Reporting Trials)
extension for stepped-wedge cluster randomized trials and the
CONSORT-eHEALTH checklist.

Results

Sample Characteristics
The final sample consisted of 347 HCPs distributed across 6
clusters (Figure 2). The majority were women (297/347, 85.6%),
and the mean age was 45.01 years (SD 11.17). Most participants
had a university-level education (304/347, 87.6%), although
the proportion varied significantly between clusters (P<.001).
A total of 260 participants (74.9%) were married or in a stable
relationship. Regarding employment status, 283 professionals
(81.6%) had a nontemporary contract, with significant variation
across clusters (P=.01). In terms of professional roles, physicians
(147/347, 42.4%) and nurses (93/347, 26.8%) were the most
represented groups, followed by other HCPs (107/347, 30.8%);
occupational distribution differed significantly across clusters
(P<.001).

As for the baseline levels of perceived stress (PSS-10), the
sample showed a mean score of 16.88 (SD 6.33), with no
statistically significant differences across clusters (P=.07). Mean
scores for the secondary outcomes were: PHQ-9=6.25 (SD
4.36), GAD-7=7.05 (SD 4.23), and BSI-18 Global Severity
Index=12.34 (SD 9.88), none of which differed significantly
by cluster (P>.05). Full descriptive data by cluster are presented
in Table 1.

Of the 347 HCPs included in the analyses, the MINDxYOU
program was initiated by 229 participants (66%), of whom 112
(48.9%) met the completer criterion, defined as having finished
at least 3 of the 4 core modules. Adherence to the intervention
was therefore moderate, consistent with previous findings in
self-guided web-based programs.
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Figure 2. Randomization flowchart. PC: primary care center.

JMIR Ment Health 2026 | vol. 13 | e82905 | p.451https://mental.jmir.org/2026/1/e82905
(page number not for citation purposes)

Guerrero-Pertiñez et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table . Baseline characteristics of the study sample. Missing values were found in the next variables: CD-RISC (1 in cluster 5), FFMQ (1 in cluster 4,
2 in cluster 5), SOCS-Others (1 in cluster 5), SOCS-Self (1 in cluster 4, 1 in cluster 5).

P valueStatisticsCluster 6
(n=26)

Cluster 5
(n=57)

Cluster 4
(n=75)

Cluster 3
(n=60)

Cluster 2
(n=48)

Cluster 1
(n=81)

Total sample
(n=347)

Sociodemographic characteristicsa

.0411.79 (5)b22 (84.6)44 (75.9)59 (78.7)55 (91.7)44 (91.7)73 (90.1)297 (85.6)    Sex, n of
females (%)

<.0015.66 (5,

341)c
38.00
(11.62)

49.81
(11.32)

42.81
(10.03)

44.27
(10.23)

47.60
(12.24)

44.95
(10.42)

45.01
(11.17)

    Age
(years),
mean (SD)

.0114.69 (5)bWork-related aspects

    Type of contract, n (%)

4 (15.4)9 (15.8)25 (33.3)7 (11.7)8 (16.7)11 (13.6)64 (18.4)        Tempo-
rary con-
tract, n (%)

22 (84.6)48 (84.2)50 (66.7)53 (88.7)40 (83.3)70 (13.6)283 (81.6)        Nontem-
porary con-
tract

<.00172.72 (10)bOccupation, n (%)

2 (7.7)19 (33.3)36 (48)14 (23.3)32 (66.7)37 (45.7)147 (42.4)    Physician

5 (19.2)26 (45.6)26 (34.7)11 (18.3)14 (29.2)18 (22.2)93 (26.8)    Nurse

19 (73.1)12 (21.1)13 (17.3)35 (58.3)2 (4.2)26 (32.1)107 (30.8)    Other

.00815.64 (5)b—5 (8.3)11 (14.1)—9 (18.4)9 (10.7)34 (9.8)    Trainee, n
(%)

Main outcome variable, mean (SD)

.072.09 (5,

341)c
17.27 (6.75)16.53 (7.09)15.29 (5.64)16.42 (6.13)18.33 (6.02)17.98 (6.35)16.88 (6.33)    PSSd

(score range
0‐40)

Secondary outcome variables, mean (SD)

.420.99 (5,

341)c
6.58 (4.17)6.35 (4.93)5.40 (4.24)6.00 (4.42)6.65 (4.46)6.81 (4.01)6.25 (4.36)    PHQ-9e

(score range
0‐27)

.231.37 (5,

341)c
7.62 (4.51)6.89 (4.96)6.11 (4.05)6.88 (4.41)7.46 (3.74)7.72 (3.79)7.05 (4.23)    GAD-7f

(score range
0‐21)

BSI-18g

.680.63 (5,

341)c
3.58 (5.20)3.40 (3.34)2.60 (3.30)2.82 (3.17)3.40 (3.44)2.99 (3.43)3.04 (3.50)    Somatiza-

tion (score
range 0‐24)

.062.16 (5,

341)c
5.46 (4.74)4.60 (4.49)3.60 (3.57)3.68 (3.63)5.23 (4.53)5.15 (4.30)4.50 (4.18)    Depres-

sion (score
range 0‐24)

.271.29 (5,

341)c
4.92 (4.57)4.60 (4.03)4.16 (3.81)4.38 (3.41)5.58 (3.66)5.31 (3.84)4.79 (3.84)    Anxiety

(score range
0‐24)

.171.57 (5,

341)c
13.96
(12.86)

12.60
(10.30)

10.36 (9.25)10.88 (8.80)14.21 (9.74)13.44 (9.74)12.34 (9.88)    GSIh

(score range
0‐72)

Mediation variables, mean (SD)

.121.77 (5,

340)c
27.38 (6.98)27.98 (6.55)28.83 (6.35)27.37 (7.13)25.65 (6.58)26.36 (7.01)27.31 (6.79)    CD-RISCi

(score range
0‐40)
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P valueStatisticsCluster 6
(n=26)

Cluster 5
(n=57)

Cluster 4
(n=75)

Cluster 3
(n=60)

Cluster 2
(n=48)

Cluster 1
(n=81)

Total sample
(n=347)

FFMQ-15j (score range 1-5)

.042.34 (5,

338)c
2.81 (0.98)3.12 (0.87)2.98 (0.89)2.73 (0.85)2.73 (0.87)2.70 (0.74)2.84 (0.86)    Observing

.500.88 (5,

338)c
3.59 (0.71)3.55 (0.82)3.65 (0.75)3.52 (0.96)3.33 (0.96)3.55 (0.79)3.54 (0.84)    Describ-

ing

.032.55 (5,

338)c
3.17 (1.05)3.35 (0.84)3.47 (0.84)3.39 (0.92)3.13 (0.97)3.02 (0.86)3.26 (0.91)    Acting

with aware-
ness

.032.50 (5,

338)c
3.62 (0.83)3.92 (0.83)4.00 (0.90)3.84 (0.87)3.78 (0.82)3.56 (0.88)3.80 (0.87)    Nonjudg-

ing

.600.73 (5,

338)c
3.23 (0.91)3.03 (0.95)3.05 (0.92)3.06 (0.85)2.91 (0.67)2.92 (0.78)3.01 (0.85)    Nonreact-

ing

SOCSk (score range 20-100)

.042.43 (5,

340)c
60.92 (8.94)61.82 (8.24)64.00 (7.44)62.80 (2.67)58.67 (9.41)61.56 (9.06)61.90 (8.77)    Compas-

sion for oth-
ers

.0083.20 (5,

339)c
55.00
(10.42)

53.88
(10.01)

56.95 (9.70)53.30
(10.90)

51.70
(10.79)

50.96 (9.27)53.53
(10.24)

    Self-com-
passion

.101.87 (5,

341)c
20.12 (7.52)20.60 (8.62)18.91 (6.69)20.75 (8.35)21.79 (5.59)22.77 (7.61)20.89 (8.33)    AAQ-IIl

(score range
7-49)

aEffects that remained statistically significant (ie, P<.05) after applying the Benjamini-Hochberg correction for multiple tests.
bChi-square (df).
cF test (df).
dPSS: Perceived Stress Scale.
ePHQ-9: Patient Health Questionnaire-9.
fGAD-7: Generalized Anxiety Disorder-7.
gBSI-18: Brief Symptom Inventory-18.
hGSI: Global Severity Index.
iCD-RISC: Connor-Davidson Resilience Scale.
jFFMQ-15: Five Facet Mindfulness Questionnaire-15.
kSOCS: Sussex-Oxford Compassion Scale.
lAAQ-II: Acceptance and Action Questionnaire-II.

Mediation Analysis for Perceived Stress
In all mediation models, there was a significant direct effect of
the intervention on levels of perceived stress. Significant indirect
effects were observed through resilience (β=−1.41; P=.02), as
well as through the mindfulness facets “Observing” (β=−0.54;
P=.04), “Describing” (β=−0.77; P=.02), and “Nonreacting”
(β=−0.73; P=.01). In all these cases, the intervention had a
significant effect on the mediating variables, and the mediators
had a significant effect on stress. No significant mediation
effects were found for the mindfulness facets “Acting with
awareness” and “Nonjudging,” nor for compassion

(self-compassion or compassion for others) or acceptance.
Further details on the mediation models are presented in Table
2. A graphical summary of the significant models is shown in
Figure 3.

In the multivariate analysis, where all mediating variables were
entered into the model simultaneously, only resilience showed
a significant indirect effect on perceived stress (β=−0.803;
P=.001). Detailed results can be found in Table 3. In the other
multivariate models, resilience was also the only significant
mediator, with comparable values. Further details of these
models are presented in Tables S1 and S2 in Multimedia
Appendix 1.
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Table . Mediation effect of different variables between MINDxYOU intervention and perceived stress.

P valueSEβ (95% CI)Mediation effect of different vari-
ables

Resilience

.021.142.62 (0.37 to 4.87)a (treatment → resilience)

<.0010.03−0.48 (−0.53 to −0.43)b (resilience → stress)

.020.59−1.41 (−2.57 to −0.22)Indirect effect (a×b)

.0071.01−2.77 (−4.76 to −0.77)Direct effect (treatment → stress)

Mindfulness (observing factor)

.040.150.30 (0.05 to 0.75)a (treatment → observing)

<.0010.23−1.64 (−2.11 to −1.18)b (observing → stress)

.040.29−0.54 (−1.11 to −0.02)Indirect effect (a×b)

.0021.13−0.55 (−5.76 to −1.34)Direct effect (treatment → stress)

Mindfulness (describing factor)

.010.120.30 (0.02 to 0.75)a (treatment → describing)

<.0010.25−2.38 (−2.9 to −1.85)b (describing → stress)

.020.34−0.77 (−1.43 to −0.09)    Indirect effect (a×b)

.0031.13−3.34 (−5.76 to −1.34)Direct effect (treatment → stress)

. 950.15−0.01 (−0.30 to 0.28)Mindfulness (act factor)

.950.15−0.01 (−0.3 to 0.28)a (treatment → act)

00.24−2.2 (−2.66 to −1.74)b (act → stress)

.960.350.03 (−0.67 to 0.72)Indirect effect (a×b)

01.11−4.03 (−6.21 to −1.85)Direct effect (treatment → stress)

Mindfulness (nonjudging factor)

.920.150.01 (−0.28 to 0.3)a (treatment → nonjudging)

<.0010.22−3 (−3.5 to −2.5)b (nonjudging → stress)

.850.47−0.09 (−0.98 to 0.85)Indirect effect (a×b)

<.0011.07−4.02 (−5.76 to −1.34)Direct effect (treatment → stress)

Mindfulness (nonreacting factor)

.010.150.37 (0.02 to 0.75)a (treatment → nonreacting)

<.0010.24−2 (−2.5 to −1.5)b (nonreacting → stress)

.010.31−0.73 (−1.36 to −0.15)Indirect effect (a×b)

.0041.14−3.26 (−5.76 to −1.34)Direct effect (treatment → stress)

Compassion for others

.991.41−0.01 (−2.5 to 2.5)a (treatment → compassion for oth-
ers)

<.0010.02−0.10 (−0.15 to −0.05)b (compassion for others → stress)

.820.140.03 (−0.26 to 0.31)Indirect effect (a×b)

<.0011.16−3.95 (−5.76 to −1.34)Direct effect (treatment → stress)

Self-compassion

.171.772.41 (−1.05 to 5.87)a (treatment → self-compassion)

<.0010.02−0.22 (−0.25 to −0.18)b (self-compassion → stress)

.230.45−0.55 (−1.37 to 0.40)Indirect effect (a×b)

.0021.09−3.44 (−5.58 to −1.30)Direct effect (treatment → stress)

Acceptation
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P valueSEβ (95% CI)Mediation effect of different vari-
ables

.781.30−0.35 (−2.89 to 2.19)a (treatment → acceptation)

<.0010.02.43 (0.38 to 0.48)b (acceptation → stress)

.700.58−0.22 (−1.39 to 0.90)Indirect effect (a×b)

<.0011.01−3.81 (−5.78 to −1.83)Direct effect (treatment → stress)

Figure 3. Path model of treatment effects on stress. *P<.05, **P<.01, and ***P<.001 path coefficients. 95% CIs are in parentheses.

Table . Multivariate mediation analysis.

P valueSEβ (95% CI)Mediation

.010.369−0.803 (−1.622 to –0.135)Resilience

.110.101−0.135 (−0.365 to 0.013)Mindfulness (bserving factor)

.600.1060.052 (−0.142 to 0.290)Mindfulness (describing factor)

.230.103−0.110 (−0.360 to 0.059)Mindfulness (nonreacting)

.880.152−0.016 (−0.319 to 0.314)Mindfulness (nonjudging factor)

.980.088−0.005 (−0.197 to 0.177)Mindfulness (act factor)

.940.094−0.010 (−0.203 to 0.173)Compassion (compassion for others)

.270.110−0.102 (−0.343 to 0.066)Compassion (self-compassion)

.650.273−0.105 (−0.649 to 0.450)Acceptation

Mediation Analysis for Depression
In all mediation models, there was a significant direct effect of
the intervention on depression levels. Significant indirect effects
were identified through resilience (β=−0.97; P=.01), as well as
through the mindfulness facets “Observing” (β=−0.35; P=.04),
“Describing” (β=−0.50; P=.03), and “Nonreacting” (β=−0.50;
P=.01). In all cases, the intervention had a significant effect on
the mediators, which in turn were associated with reductions in

depressive symptoms. Nonsignificant mediation effects were
observed for the facets “Acting with awareness” and
“Nonjudging,” nor for compassion (self-compassion or
compassion for others) or acceptance. Additional information
on the depression models is provided in Table S3 and Figure
S1 in Multimedia Appendix 1.
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Mediation Analysis for Anxiety
In all mediation models, there was a significant direct effect of
the intervention on anxiety levels, as well as indirect effects
through several mediating mechanisms. Significant indirect
effects were identified through resilience (β=−0.88; P=.03), and
through the mindfulness facets “Observing” (β=−0.34; P=.03),
“Describing” (β=−0.47; P=.01), and “Nonreacting” (β=−2.13;
P=.007). These mediating variables were significantly associated
with lower levels of anxiety (β effects, P<.001). No mediation
effects were found through the other variables. Further
information on the anxiety models is presented in Table S4 and
Figure S2 in Multimedia Appendix 1.

Mediation Analysis for General Psychological
Symptoms
Lastly, for general psychological symptoms, no significant direct
effect of the intervention on the outcome variable was observed
in most models, except for one. However, significant indirect
effects were identified through resilience (β=−1.94; P=.01), and
through the mindfulness facets “Observing” (β=−0.61; P=.04),
“Describing” (β=−1.13; P=.01), and “Nonreacting” (β=−0.80;
P=.02). Further information on the mediation models for
psychological symptoms is presented in Table S5 and Figure
S3 in Multimedia Appendix 1.

Post Lagged Analysis
In the lagged analyses, the results showed that higher resilience
at the previous assessment significantly predicted a subsequent
reduction in stress (β=–0.21; P<.001). In contrast, the FFMQ
Observing facet did not show a significant effect on later stress
levels (β=–0.13; P=.66). The details of the lagged analysis are
shown in Table S6 in Multimedia Appendix 1.

Discussion

Principal Findings
This study explored the psychological mechanisms through
which the MINDxYOU digital program may reduce stress and
psychological distress in HCPs. Specifically, it analyzed whether
variables such as resilience, mindfulness facets, compassion,
and acceptance mediated the impact of the intervention on stress,
anxiety, depression, and general psychological symptoms.

This mediation-based approach builds upon previous evidence
demonstrating the clinical effectiveness of MINDxYOU [24]
and aligns with prior studies emphasizing the role of third wave
psychotherapy components in improving mental health outcomes
[11,12]. Recent systematic reviews have also highlighted the
potential of brief digital interventions based on mindfulness and
acceptance for health care personnel exposed to high levels of
stress, burnout, or emotional exhaustion [46,47].

Regarding mechanisms of change, resilience emerged as the
most consistent and robust mediator of the intervention’s effect,
both in univariate and multivariate models. This finding aligns
with theoretical models suggesting that third wave
psychotherapies do not merely reduce symptomatology but also
strengthen transdiagnostic psychological resources that support
adaptive coping in high-demand environments [21,48]. The
sustained significance of resilience in sensitivity analyses further

supports its role as a primary mediating pathway. Several studies
have documented improvements in resilience following brief
digital interventions in HCPs. For example, the
Mindfulness-Oriented Professional Resilience program was
shown to enhance resilience and reduce psychological distress
among frontline workers [49,50]. Likewise, a randomized trial
reported that a 28-day digital resilience training led to significant
improvements in resilience and stress reduction [51]. These
results reinforce the idea that cultivating resilience may be a
key process in improving mental health outcomes through digital
formats, particularly in occupational settings marked by chronic
stress.

Significant mediating effects were observed for several
mindfulness facets, particularly “Observing,” “Describing,” and
“Nonreacting,” suggesting that these specific components may
facilitate more effective emotional regulation. These skills allow
for greater awareness of internal experiences without automatic
judgments or impulsive reactions, thereby enabling more
adaptive emotional processing [17,18]. The fact that these
dimensions show differentiated and not always consistent effects
highlights the importance of deconstructing the mindfulness
construct to accurately assess its active mechanisms. Recent
research has emphasized that these specific dimensions of
mindfulness are differentially associated with reductions in
stress and psychological symptoms among HCPs, especially
when targeted through focused interventions [46,52,53].

In contrast, neither acceptance nor compassion (self-compassion
or compassion for others) showed statistically significant
mediating effects. While this result aligns with some studies
that question their consistency as universal mediators [54], it
may be influenced by several factors. For instance, these skills
may require more extensive practice or a more specific context
to fully unfold their therapeutic potential. In fact, acceptance
and compassion processes often show more robust effects in
interventions with higher therapeutic dosage and guided practice
[55,56], whereas the brief, self-guided nature of the
MINDxYOU program may offer a more limited opportunity
for these abilities to consolidate. Therefore, the absence of
significant mediation effects should be interpreted cautiously,
as it may reflect the format and intensity of the intervention
rather than the irrelevance of these mechanisms. Alternatively,
they may play a more modulatory rather than mediating role,
facilitating sustained engagement with the program rather than
exerting direct symptomatic effects particularly in self-guided
digital environments [57].

From an applied perspective, these findings have important
implications. On one hand, they suggest the value of
incorporating explicit modules focused on strengthening
resilience in interventions targeting HCPs, especially in
post-pandemic contexts characterized by high emotional
overload and increased psychosocial risk [1]. On the other hand,
they indicate that not all facets of mindfulness hold the same
clinical relevance, prompting a reconsideration of generic
approaches and supporting a more selective, evidence-based
implementation of the most effective components.

Finally, these results contribute to the growing body of literature
on mechanisms of change in digital psychological interventions,
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highlighting that the online format can be effective not only in
reducing symptoms but also in promoting positive psychological
processes. The identification of specific mediators such as
resilience and certain mindfulness facets provides valuable
evidence for optimizing the design, adaptation, and
personalization of future digital interventions aimed at
improving the well-being of HCPs [47,58].

Limitations
This study has several limitations. First, the mediating variables
were assessed at specific time points, which limits the ability
to analyze the dynamic evolution of change processes.
Additionally, only certain theoretical mechanisms were
considered (resilience, mindfulness, compassion, and
acceptance), excluding others that may also be relevant, such
as psychological flexibility or emotional regulation. Likewise,
although the program included a module promoting healthy
lifestyle habits (eg, sleep, physical activity, nutrition, and social
interaction), behavioral changes in these areas were not assessed.
As such, we cannot rule out the possibility that improvements
in stress and emotional well-being were partly mediated by
changes in daily health behaviors. Future studies should
incorporate validated instruments to examine the potential
mediating role of lifestyle-related factors. It is also important
to note the exclusive use of self-report measures, which may
be influenced by perception biases or social desirability.
Furthermore, the study lacked a parallel control group, which
restricts the ability to draw firm causal conclusions beyond the
stepped-wedge design. The absence of a qualitative evaluation
also limits the exploration of participants’ subjective
experiences, acceptability of the intervention, and contextual
implementation barriers. In addition, adherence to the
MINDxYOU program was moderate, with approximately half
of the participants meeting the completer criterion. Although
this level of engagement is comparable to other self-guided

digital interventions, the absence of detailed adherence data
such as module-by-module completion rates, time spent on the
platform, or reasons for drop-out limits a deeper understanding
of participant engagement and its potential influence on
treatment outcomes. Moreover, the sample may present a
selection bias, as it consisted of HCPs who voluntarily chose
to participate, possibly more motivated or familiar with such
interventions, which may limit the generalizability of the
findings. In addition, the study was conducted in only 2 regions
of Spain (Aragón and Northeast Málaga), which may limit the
external validity and generalizability of the findings to other
health care systems or cultural contexts. Finally, it is worth
noting that some mindfulness subscales showed modest internal
consistency, which may have reduced the statistical sensitivity
to detect associations with outcomes, suggesting measurement
constraints could have partly contributed to null findings in
these domains.

Conclusions
Resilience emerged as the most consistent and robust mediating
mechanism, suggesting that strengthening this capacity is a key
pathway through which interventions based on third wave
psychotherapy principles exert their therapeutic effect. Certain
specific mindfulness facets, namely observing, describing, and
nonreacting, also showed significant, though less consistent,
mediating effects. In contrast, compassion and acceptance did
not show a significant mediating role in this context. These
findings highlight the importance of designing digital
interventions that enhance core psychological resources such
as resilience and suggest that focusing on specific mindfulness
skills may further boost the benefits of such programs. This
evidence provides valuable guidance for the development and
optimization of future digital interventions aimed at promoting
the well-being of HCPs.
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BSI-18: Brief Symptom Inventory-18
CD-RISC: Connor-Davidson Resilience Scale
CONSORT: Consolidated Standards of Reporting Trials
FFMQ-15: Five Facet Mindfulness Questionnaire-15
GAD-7: Generalized Anxiety Disorder-7
HCP: health care professional
PHQ-9: Patient Health Questionnaire-9
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In “Using Smartphone-Tracked Behavioral Markers to
Recognize Depression and Anxiety Symptoms: Cross-Sectional
Digital Phenotyping Study” [1], the authors noted one omission.

Author FL was originally linked to only affiliation 2. This has
been amended so that they are linked to affiliations 1 and 2.

The correction will appear in the online version of the paper on
the JMIR Publications website, together with the publication
of this correction notice. Because this was made after submission
to PubMed, PubMed Central, and other full-text repositories,
the corrected article has also been resubmitted to those
repositories.
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Abstract

Background: The high number of mental disorders poses challenges for health care systems. In 2020, digital health applications
(DHAs) were introduced in Germany as a new form of health care financed by the statutory health insurance. They aim to detect,
monitor, treat, or alleviate disease, injury, or disability. DHAs for mental disorders (DHA-MD) intend to improve outpatient care
for patients with mental disorders. However, evidence on general practitioners’ (GPs’) perspectives on DHA-MD and their
prescribing behavior is limited.

Objective: This study aimed to analyze GPs’ perspectives on DHA-MD and their prescribing behavior in the care of patients
with mental disorders.

Methods: A mixed methods study was conducted (January-October 2024), including a Germany-wide online survey and
qualitative interviews with GPs and medical assistants (MAs). Sampling was conducted in collaboration with German research
practice networks, which distributed the study invitation to their affiliated GPs. The questionnaire as well as the interview guides
for GPs and MAs was developed by the study team according to the Consolidated Framework for Implementation Research.
Descriptive analyses of prescribing behavior and perceived need (measured on an 11-point scale) for DHA-MD were conducted,
followed by multivariate regression analyses to identify predictors of prescribing behavior and perceived need for DHA-MD.
The interviews with GPs and MAs were analyzed using qualitative content analysis according to Mayring.

Results: A sample of 149 GPs participated, and 12 GPs as well as 5 MAs were interviewed. The median prescription frequency
of DHA-MD per quarter was 1, whereas the median estimated need was 3. Working in a half digitized and half paper-based
practice (odds ratio 5.133, 95% CI 1.695‐15.542) as well as working in a completely digitized practice (odds ratio 3.006, 95%
CI 1.296‐6.969) positively predicted the prescribing behavior. The duration of GPs’ medical practice (b=−0.057; P=.01)
negatively predicted the perceived need, while working in a group practice (b=0.980; P=.02) positively predicted the perceived
need for DHA-MD. In the interviews, GPs and MAs reported that they valued DHA-MD as a temporary or supplementary option
for bridging waiting times for psychotherapy and considered their effectiveness to be highly dependent on indication and patient
adherence. Reported barriers of GPs according to DHA-MD included lacking knowledge about DHA-MD, missing effectiveness
studies, and difficulties integrating them into existing care processes.

Conclusions: GPs are reluctant to prescribe DHA-MD, as the need is considered to be low and their use is primarily seen as a
temporary or supplementary treatment option rather than a stand-alone intervention. There are significant reasons for rejection
and barriers that hinder prescription in primary care. Addressing these barriers and involving GPs as well as patients in future
research are essential for the development of DHA-MD.
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Introduction

The global burden of mental disorders is high, affecting about
970.1 million people in 2019. In Germany, the lifetime
prevalence of mental disorders in adults is 25.2% [1], which
corresponds to a value in the midrange of international estimates.
Mental disorders are among the disease groups with the highest
burden for those affected [2,3], including reduced quality of life
and functional capacity, inability to work, or early retirement,
as well as an increased mortality [4-6]. In 2023, mental disorders
accounted for 16.0% of incapacity to work days in Germany,
and they were the leading cause of early retirement, accounting
for 41.8% [7,8]. In addition, the indirect and direct costs arising
from mental disorders are estimated to amount to more than
€600 billion (approximately equal to US $696 billion) per year,
exceeding about 4.0% of the gross domestic product across the
European countries [9]. In Germany, the direct health care costs
for mental disorders amounted to around €56.3 million
(approximately equal to US $65.3 million) in 2020, showing a
significant increase compared with 2015 (€42.7 million,
approximately equal to US $49.5 million).

These findings highlight the need for adequate and accessible
treatment. However, globally, the treatment coverage for mental
disorders is low, suggesting a considerable degree of unmet
treatment need [10,11]. Among treated cases with mental
disorders, there is a long delay between onset and first treatment
contact [10-13]—median waiting times for access to
psychotherapy in European countries are more than 2 months
[14]. In Germany, the recent psychotherapist act has potentially
influenced the waiting times for the first appointment after initial
consultation— being 2.6 before and 3.8 months after the reform
[15].

To counteract the strained treatment situation, great hopes were
being placed in digital health, such as mobile health (mHealth)
apps. In 2020, Germany became the first country worldwide to
grant statutorily insured individuals the right to use certain
mHealth apps at the expense of health insurers. Afterward, other
European countries such as France and Belgium have introduced
approval procedures for digital health application
(DHA)–equivalent health apps similar to the German model
[16,17].

DHA are certified medical products, according to the European
Medical Device Regulation, primarily based on digital functions
to detect, monitor, treat, or alleviate disease, injury, or disability.
For legal authorization as a medical device, DHA must
demonstrate a positive health care effect (ie, improvement of
disease symptoms, quality of life, health literacy, and feeling
better involved in the treatment) to be permanently approved
by the German Federal Institute for Drugs and Medical Devices
(German, Bundesinstitut für Arzneimittel und Medizinprodukte
[BfArM]) [18]. To date (October 2025), 56 DHAs are
reimbursable by statutory health insurers. Mental disorders

represent the largest group of indications for available DHA
(29/56, 51.8%), including applications for treatment of insomnia,
depression, anxiety disorders, or nicotine dependence
(hereinafter referred to as DHA for mental disorders, DHA-MD)
[19].

Health care professionals in the outpatient care sector play an
important role in the implementation process, as reimbursement
of DHA is possible when prescribed by physicians or
psychotherapists [20-22]. Four years after the introduction of
DHA, they were prescribed by 12.0% of physicians and
psychotherapists [23]. The majority of DHA prescriptions were
issued by general practitioners (GPs) [24].

Systematic reviews including studies from all over the world
analyzing the implementation of digital health technologies in
routine care identified several barriers faced by health care
professionals, including technical limitations (eg, insufficient
network coverage and lack of existing technologies or devices),
insufficient expertise, and legal and ethical concerns (eg, privacy
and security concerns and national legislation), as well as
financial barriers (eg, high costs and inadequate remuneration
structure). Reported facilitators included access to reliable
information about digital health services, the perceived
usefulness, and government monetary incentives [25-27].
However, studies that examine perspectives of health care
professionals toward DHA, according to the definition of
BfArM, are rare. Dalhausen and colleagues [20] conducted a
mixed methods study to examine attitudes of GPs and
psychotherapists toward DHA. The results indicated that GPs
and psychotherapists expressed a generally positive attitude and
openness toward DHAs. Attitudes and prescription intentions
were significantly influenced by digital affinity, that is, GPs
with a higher digital affinity were more likely to prescribe DHA.
Age, practice type, and practice location were not associated
with DHA prescriptions.

Another perspective is provided by Posselt and colleagues [21],
who examined GPs’ key challenges in prescribing DHA-MD
for patients with depression. They identified the following
challenges: information gaps, insufficient knowledge about
available information sources for DHA-MD, and difficulties in
selecting patients suitable for DHA-MD use [21].

Previous studies on DHA-MD in Germany predominantly relied
on qualitative data or focused on specific indications, such as
depression. To date, no study combined quantitative and
qualitative research methods to comprehensively analyze GPs’
perspectives on DHA-MD, across the whole spectrum of mental
disorders. The aim of this study was therefore to analyze GPs’
perspectives on DHA-MD and their prescribing behavior in the
care of patients with mental disorders.
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Methods

Study Design
This study was conducted in Germany. We used a mixed
methods convergent parallel design in which quantitative and
qualitative data were collected and analyzed separately. The
triangulation of the results took place during the interpretation
phase by comparing and contrasting the findings of both strands
to identify areas of convergence, divergence, or complementarity
[28,29].

In the “Results” section, both data strands were first presented
separately according to their respective methods, while in the
“Discussion” section, the results were integrated and interpreted
jointly along overarching themes [30], with qualitative results
used to explain and deepen the understanding of quantitative
results on GPs’ perspectives and prescribing behavior.

Online Survey

Participants and Recruitment
Participants were practicing GPs (specialists in family or internal
medicine) working in their own practices or as an employee in
a practice, as well as clinical residents. The link to the online
survey was distributed nationwide via email to German research
practice networks and professional associations, as well as
presented at public events for GPs in Germany. Subsequently,
the research practice networks forwarded the invitation to their
affiliated GPs, resembling a snowball sampling approach. Due
to this strategy, it is not possible to determine the exact number
of GPs who received the invitation to participate. The data were
collected cross-sectionally through an anonymous online survey
from January to October 2024.

Questionnaire
The questionnaire was developed by the study team according
to the Consolidated Framework for Implementation Research
model, which captures barriers and enablers in the
implementation of interventions [31]. We conducted a pretest
of the questionnaire with 6 GPs who verified the relevance and
completeness of the items. Based on the feedback of GPs, the
wording of 1 question was revised to improve clarity. The
overall structure and methodology of the questionnaire were
retained after pretest.

Demographic and Practice Characteristics
We collected sociodemographic information (ie, gender, age,
and duration of practicing as GP) and characteristics of GP
practices (ie, type of practice [single vs group practice], location
[urban-rural], number of treated patients per quarter, and extent
of digitization in practice). To determine the extent of
digitization in practice, GPs stated on a 5-point scale whether
their communication with colleagues in outpatient care and
patients is “almost completely digitized” (0) or “almost
completely paper-based” (4). For regression analyses, we
recoded this variable into 3 categories: “digitized” (0‐1), “half
digitized and half paper-based” (2), and “paper-based” (3-4).

Prescription Behavior and Perceived Need for DHA-MD
Participants were asked how many patients they had prescribed
a DHA (all indications) or a DHA-MD in the last quarter. Since
a large proportion of participants reported having prescribed no
DHA-MD at all, we recoded this variable into a binary measure
(prescription=yes or no) to facilitate analysis using logistic
regression. A prescription was considered present if at least 1
patient had received a DHA-MD during the last 3 months. The
perceived need for DHA-MD for patients was estimated on an
11-point scale, ranging from “very low” (0) to “very high” (10).

Statistical Analysis of the Survey Data
Quantitative data were analyzed using SPSS (version 30; IBM
Corp). Descriptive statistics were presented as mean values with
standard deviations for metric-scaled variables and as
percentages and frequencies for nonmetric-scaled variables in
order to describe the study sample.

The following variables were the predictors of the regression
analyses: gender (male or female), age (years), duration of GP
practice (years), type of practice (single practice or joint
practice), practice location (city or rural area), and degree of
digitization in practice (paper-based, or half digitized and half
paper-based, or digitized). Correlations between predictor
variables were examined to rule out multicollinearity. In cases
of high correlation (r>0.80) [32], a decision was made to exclude
one of the variables from the analysis based on theoretical
considerations and relevance to the research question. Dependent
variables were analyzed via multivariate analyses using logistic
regression modeling for prescribing behavior and linear
regression modeling for perceived need of DHA-MD. Missing
values were not imputed. Participants with missing data were
excluded from the respective analyses. The Gauss-Markov
assumptions were tested as prerequisites for the multiple linear
regression of perceived need of DHA-MD. Model fit was
assessed using Nagelkerke’s R² for the logistic regression model
and adjusted R² for the multiple linear regression model. The
significance level was set at α≤.05.

Qualitative Study

Participants and Procedures
Invitations for the telephone interviews were distributed via the
German research practice network “SaxoForN” [33], which
subsequently forwarded the invitation to their affiliated GPs
(snowball sampling). Medical assistants (MAs) were also invited
to participate in qualitative interviews, as they are closely
involved in administrative processes of GP practices and can
provide organizational and time relief for GPs in the German
health care system [34]. Previous research has shown that
patients have a high level of trust in MAs [35], who often serve
as the first point of contact for questions or issues that may not
be raised during the GP consultation—possibly also with regard
to the prescription and use of DHA. Moreover, as certain tasks
in primary care are delegated from GPs to MAs [35], we aimed
to explore which concrete tasks they take over in relation to
DHA—such as assisting in administrative procedures,
supporting patient onboarding, or addressing patient inquiries
during the usage phase. Including MAs in the qualitative study
enabled us to explore their role in the implementation process
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and capture patient-related challenges they identified, which
may extend beyond the GPs” perspective. Only MAs who
worked in GP practices with DHA prescriptions were
interviewed to ensure whether they were already familiar with
the concept of DHA. Interviews were conducted with all
interested GPs and MAs who had registered to participate.
Telephone interviews took place between July and October
2024 and were conducted by 2 researchers (SaS and SSch) of
the study team. Both interviewers were female and health
scientists. They had no prior relationship with the participants.

Telephone Interviews
Semistructured interview guides for GPs and MAs were
developed according to the Consolidated Framework for
Implementation Research framework [31]. The interview guides
were pretested by 2 GPs in December 2023. Feedback revealed
that no changes were deemed necessary in terms of
methodology, structure, or questions.

The interviews with GPs started with an opening question, which
transitioned to the following 3 key topics: experiences with
DHA (overall; for DHA-MD), attitudes toward DHA-MD, and
implementation factors and conditions for the use of DHA-MD
in outpatient care. MAs were asked about their tasks related to
DHA in GP practice, frequently asked questions of patients
related to DHA, and feedback of patients to DHA use.

If necessary, the interviewers asked further questions to go more
in-depth on the information the participants provided. Despite
the interview guide, participants were encouraged to talk freely
without too much interruption from the interviewers. Theoretical
saturation was assessed iteratively during data collection by the
interviewers and was deemed achieved when interviews no
longer yielded novel insights and a sufficient heterogeneity of
perspectives had been captured. To ensure a transparent and
consensual process, regular team meetings were held to discuss
emerging themes and determine the point of saturation. The
telephone interviews were audio-recorded and transcribed
verbatim. To ensure data protection, all personal data were
pseudonymized in the transcription process.

Qualitative Content Analysis of the Interviews
The interviews with GPs and MAs were analyzed using
qualitative content analysis according to Mayring [36]. The

coding schemes for the interviews were developed using a
deductive-inductive approach, based on the previously
developed interview guides. Two researchers (SSch and SaS)
analyzed the interviews independently with use of the software
MAXQDA (version 2020; VERBI Software). The results were
subsequently cross-compared, whereby disagreement was
discussed until consensus was reached. If necessary, a third
senior researcher was consulted.

Ethical Considerations
This study was approved by the ethics committee of State
Medical Association of Rhineland-Palatinate (no. 2023‐17268),
ethics committee of Dresden University of Technology (no.
SR-EK-418092023), and the Medical Faculty of Goethe
University Frankfurt am Main (no. 2023‐1505). Participation
in the online survey was anonymous and therefore required no
consent for the use of data according to German law. Before
conducting the telephone interviews, written informed consent
was obtained from all participants. All interview data were
collected in pseudonymized form. Any identifying information
mentioned during the interviews (eg, names of persons, places,
or organizations) was anonymized during transcription and
replaced with nonidentifiable character strings to prevent any
possibility of reidentification. Participants received a
compensation of €50 (approximately equal to US $58) for
participating in the interview.

Results

Online Survey

Characteristics of the Study Population
A total of 149 participants completed the questionnaire, of whom
47.7% (71/149) were male and 52.3% (78/149) were female.
As shown in Table 1, the mean age of the respondents was 50.7
(SD 10.5) years. The mean work experience of GP was 15.2
(SD 9.9) years. Most respondents were practice owners
(111/149, 74.5%) and located in urban areas (122/148, 82.4%)
with various community sizes (Table 1). About half of the
respondents were active in single practices without physician
colleagues (74/145, 51.1%), while the other half (71/145, 48.9%)
worked jointly with at least 1 colleague.
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Table . Description of study population.

ParticipantsVariables

Categorical variables, n (%)

    Sex, n=148

71 (47.7)        Male

78 (52.3)        Female

    Position in practice, n=149

111 (74.5)        Practice owner

31 (20.8)        Employed

7 (4.7)        Clinical residents

    Type of practice, n=145

74 (51.1)        Single practice

71 (48.9)        Joint practice

    Practice location, n=148

50 (33.8)        Large city (>100,000 inhabitants)

35 (23.6)        Medium-sized city (20,000‐100,000 inhabitants)

37 (25.0)        Small city (5000‐20,000 inhabitants)

26 (17.6)        Rural community

    Communication with patients and colleagues in practice, n=141

26 (18.4)        Digitized

62 (44.0)        Half digitized and half paper-based

53 (37.6)        Paper-based

    Treated patients per quarter, n=145

18 (12.2)        <1000

75 (50.6)        1000‐1999

33 (22.3)        2000‐2999

19 (12.9)        >3000

Numerical variables (mean SD)

50.7 (10.5)    Age (years), n=149

15.2 (10.0)    Duration of GPa practice (years), n=148

aGP: general practitioner.

Prescribing Behavior and Perceived Need for DHA-MD
Of the participating GPs, 65.7% (90/137) prescribed at least 1
DHA in the last quarter. The median prescription frequency for
DHA (for all indications) per quarter was 2 (IQR 0‐5) and for
DHA-MD, it was 1 (IQR 0‐2). Nearly half of the respondents
(68/137, 49.6%) did not prescribe any DHA-MD in the last
quarter. The median estimated need was 3 (IQR 1‐5).

The multivariate logistic regression included the predictors
gender, age, duration of GP practice, type of practice, practice
location, and degree of digitization in practice. Correlations
between predictor variables indicated a high correlation between
age and duration of GP practice (r=0.87; P<.001), justifying
the decision to exclude age as a predictor in the regression
model. All other correlations were low (r<.25). Working in a

half digitized and half paper-based practice (odds ratio 5.133,
95% CI 1.695‐15.542) as well as working in an almost
completely digitized practice (odds ratio 3.006, 95% CI
1.296‐6.969) positively predicted prescribing behavior (Table
2). Hosmer-Lemeshow test indicated a good model fit
(χ²8=12.43; P>.05) for the logistic regression model. The model
explained 13.9% of the variance (Nagelkerke’s R²=0.139).

The multivariate linear regression analysis included the same
predictors as in the logistic regression analysis. The
Breusch-Pagan test indicated no heteroscedasticity (P=.45). The
duration of GPs’medical practice (b=−0.057; P=.01) negatively
predicted the perceived need, while working in a group practice
(b=0.980; P=.02) positively predicted the perceived need for
DHA-MD (Table 3). The model explained 8.2% of the variance

(corrected R2=0.082; P=.009).
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Table . Multivariate logistic regression analysis for general practitioners’ prescribing behavior (yes/no) of digital health applications for people with
mental disorders (n=133).

P valueORa (95% CI)Predictor

Sex

Reference category    Female

.200.608 (0.285‐1.296)    Male

.690.992 (0.953‐1.032)Duration of GPb practice

Type of practice

Reference category    Single practice

.141.788 (0.835‐3.830)    Joint practice

Practice location

Reference category    City

.671.177 (0.556‐2.490)    Rural area

Degree of digitization in practice

Reference category    Paper-based

.0045.133 c (1.695‐15.542)    Half paper-based/half digitized

.013.006 (1.296‐6.969)    Digitized

aOR: odds ratio.
bGP: general practitioner.
cValues in boldface indicate statistical significance.

Table . Multivariate linear regression analysis for general practitioners’ perceived need of digital health applications for people with mental disorders
(n=135).

P value95% CIb valuePredictor

Sex

Reference category    Male

.45−0.498 to 1.1990.350    Female

.01−0.102 to −0.012−0.057 bDuration of GPa practice

Type of practice

Reference category    Single practice

.020.138 to 1.8220.980    Joint practice

Practice location

Reference category    City

.60−0.629 to 1.0820.227    Rural area

Degree of digitization in practice

.09−1.775 to 0.128−0.823    Paper-based

Reference category    Half paper-based/half digitized

.66−0.888 to 1.4020.257    Digitized

aGP: general practitioner.
bValues in boldface indicate statistical significance.

Telephone Interviews
Interviews were conducted with 12 GPs and 5 MAs. The
interviews with GPs varied in duration between 18 and 38
minutes (mean duration 25 minutes), and the interviews with

MAs varied between 7 and 13 minutes (mean duration 9
minutes).

GPs’ Experiences With DHA-MD
All interviewed GPs stated that they had already prescribed
DHA for different indications in practice, including DHA-MD
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addressing mental disorders. Reasons for prescribing DHA-MD
to patients were positive experiences with individual DHA-MD,
patient request, the ability for GPs to view the contents before
prescribing (GP test access), and the opportunity to offer patients
a treatment alternative to existing therapy options.

GPs’ experiences with health insurance companies, as well as
with the activation process of DHA-MD, were mixed. Some
GPs mentioned occasional problems with health insurance
companies, including long waiting times for prescription
processing, prescriptions being completely rejected by individual
health insurance companies, and technical problems when
redeeming them. Others stated that the processes with health
insurance companies and the activation process of DHA-MD
were straightforward, and patients usually gained access to
DHA-MD within a few days (Multimedia Appendix 1).

Feedback from GPs regarding their experiences with the
utilization of DHA-MD by patients was heterogeneous. Some
GPs reported positive user experiences of patients. Others,
however, felt that only a certain group of patients benefited
from DHA and used it as intended —namely, those who were
particularly motivated and willing to actively engage in the
management of their mental health condition. In a few cases,
GPs reported that they issued prescriptions, but these were not
redeemed at all by patients. GPs stated that patients carefully
consider whether treatment with DHA-MD fits their personal
context and preferences and whether the content of the
DHA-MD aligns with their needs. In addition, GPs reported a
lack of integration in the treatment with the DHA-MD, making
it difficult for them to monitor patient adherence and the
treatment progress.

GPs’ Attitudes to DHA-MD
Regarding the assessment of the effectiveness of DHA-MD, 4
different groups emerged in the analysis. The first group of GPs,
who considered DHA-MD to be effective and without side
effects, emphasized that DHA-MD would have stabilizing effects
on patients by providing validated knowledge about their mental
disorder and is especially helpful in bridging the waiting time
for psychotherapy appointments. GPs further stated that
DHA-MD could reduce physician-patient contacts and, in some
mild cases, make psychotherapeutic treatment no longer
necessary. The second group of GPs stated that DHA-MD
effectiveness depends on the patient characteristics. Patients
must be motivated and should use the DHA-MD as prescribed
by the manufacturers to achieve sufficient effectiveness. The
third group of GPs declared that DHA-MD effectiveness depends
on the indication. According to the GPs, DHA-MD would be
effective for conditions where cognitive-behavioral therapy is
effective, such as anxiety disorders, but less so for borderline
personality disorders. In addition, GPs mentioned that providing
proof of effectiveness might be more difficult for certain mental
health conditions because it cannot be measured as objectively
as in other conditions (eg, weight loss in obesity). The fourth
group of GPs expressed that evidence-based statements about
the effectiveness of DHA-MD cannot be made due to insufficient
evidence. They highlighted the lack of long-term studies and
large-scale cohort studies, including subgroup analyses, to assess
effectiveness in different patient groups.

With regard to the importance of DHA-MD in primary care,
GPs mentioned societal benefits, meaning that the treatment
with DHA-MD could reduce the use of antidepressants,
minimize sick leave, and ease the burden on GP practices by
reducing patient-physician contacts.

Regarding the question of how GPs assessed the potential of
DHA-MD in the collaboration between GPs and
psychotherapists, 2 different groups emerged. The first group
of GPs emphasized that there has been little exchange between
GPs and psychotherapists so far, and they believed that this
situation would not change even with the development and
integration of these innovative digital technologies into patient
care. A second group of GPs could imagine that both groups of
health care providers would be included in the DHA-MD,
allowing them to simultaneously track the treatment process
and promote interdisciplinary collaboration.

GPs’assessment of the perceived need for DHA-MD in primary
care was heterogeneous. On the one hand, GPs stated that there
is a need for DHA-MD, justified particularly due to an increase
in mental disorders, especially among younger adults, and as a
consequence of the COVID-19 pandemic. In addition, they
reported that DHA-MD would be helpful if they addressed a
problem in general practice—for example, by providing
treatment for patients in need of psychotherapy who face long
waiting times, thereby alleviating pressure on GP practices.
However, GPs also highlighted that developing new DHA-MD
for indications already covered by existing products is
unnecessary, as the market is becoming increasingly opaque,
and they lack the time in their daily practice to inform
themselves comprehensively about new products. Instead, they
advocated in the interviews for a reevaluation and regular
improvement of the quality of existing DHA-MD. On the other
hand, GPs stated that the evidence for practical use of DHA-MD
is still insufficient and that these digital applications would not
be necessary if there were enough psychotherapy places and
enough medical capacity that the conversations with patients
could be partly conducted by GPs themselves.

MAs’ Experiences With DHA
Overall, MAs’ experiences with DHA were heterogeneous
(Multimedia Appendix 2). All interviewed MAs stated that
DHA had already been prescribed in the GP practices where
they worked, including DHA for musculoskeletal disorders,
mental disorders, and metabolic disorders. According to MAs,
their main sources of information about DHA were the internet,
manufacturer advertising, specialist journals, and test access.
However, all MAs reported that they lacked sufficient knowledge
about the contents and functionalities of DHA and expressed a
need for increased public relations work and training in order
to better assess the functionality of DHA, as well as the
suitability for individual patients. MAs also reported challenges
in selecting patients suitable for DHA-MD use because patients
often do not talk openly about their mental disorder due to
feelings of shame.

MAs evaluated the importance of DHA in primary care
differently. On the one hand, DHAs were perceived as an
innovative care solution, particularly for bridging waiting times
for psychotherapy and as a supportive therapy. On the other
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hand, doubts were expressed about their usefulness, since
personal contact to a GP or a psychotherapist was considered
essential for mental disorders. With regard to the integration of
DHA into GP practice, MAs reported that implementation in
rural areas with a predominantly older patient population is
difficult because they tend to be less tech-savvy. Most MAs
reported not taking on any tasks related to DHA in GP practice.
In some cases, there were organizational tasks for MAs in
relation to DHA, for instance, preparing flyers for interested
patients or reminding GPs to use the billing code in the
reimbursement process when a DHA was prescribed. Most MAs
reported that they had not been asked any questions by patients
in connection with DHA. There were single questions regarding
the functionality of DHA, the necessity to use, and if patients
specifically requested a DHA.

According to MAs, detailed questions of patients were addressed
directly with the GPs during the consultations. Regarding the
feedback of patients to DHA, which was shared with MAs, three
different groups emerged: (1) positive feedback, (2) negative
feedback, and (3) no feedback received. The first group reported
positive user experiences. According to MAs, younger patients
who were highly motivated to use DHA benefit particularly and
receive support in dealing with their own disorder, as well as
making sustainable lifestyle changes. The second group reported
negative feedback in detail that patients did not get along with
the use of DHA. There was a third group of MAs who stated
that they did not receive any feedback from patients because
this was discussed exclusively during consultations between
the GP and the patient.

Discussion

Principal Findings
Our study aimed to analyze GPs’ perspectives on DHA-MD
and their prescribing behavior in the care of patients with mental
disorders. The study is the first in Germany to show that while
the majority of participating GPs have already prescribed DHA,
they tend to prescribe DHA-MD only selectively in primary
care and perceive their need as low. The importance of
DHA-MD is particularly seen in bridging waiting times for
psychotherapy. According to GPs, there are considerable reasons
for rejection as well as barriers that hinder prescription.

Prescribing Behavior
The proportion of GPs who have already prescribed DHA in
our study was 65.7%, which was even higher than that in other
studies from various countries (7.9% [20], 31.0% [37], and
50.0% [38]). Current billing data from German health insurance
companies indicated a steady increase in DHA prescriptions
with subsequent patient usage since 2020, rising from 41,000
to 209,000 in 2023 [24]. The relatively low prescription rate of
7.9% in the study by Dalhausen et al [20], conducted in
Germany, may be explained by the study period, as the concept
of DHA was still relatively new at this time. In contrast, the
50.0% rate reported in an Australian study [38] reflects a
different health care context and a broader focus on mHealth
app use rather than DHA-specific prescriptions. In addition, in
Australia, there is no national reimbursement system for

mHealth apps, unlike in Germany, meaning that patients have
to privately fund these health applications [38].

Focusing especially on DHA-MD, half of the participating GPs
in our study had prescribed at least 1 DHA-MD in the last 3
months. Mental disorders are one of the most common reasons
for consultation in general practice [39]. In this context, billing
data from German health insurance companies revealed that the
majority of DHA-MD prescriptions (45%) were issued by GPs
[24]. The interviews with GPs provided a possible explanation,
indicating that GPs prescribe DHA-MD particularly to offer
their patients an alternative treatment option and to bridge
waiting times for psychotherapy.

Furthermore, existing literature highlighted that health care
professionals are more likely to adopt a new technology if they
perceive it as beneficial for their own work or their patients
[22,40]. Consistent with these findings, GPs in our study have
not only emphasized patient-related advantages of DHA-MD,
such as improved patient education and the low-threshold access,
but also pointed to disadvantages including delayed
physician-patient interaction and adherence problems, which
could explain the nonprescription rate as well as the low median
prescription frequency of DHA-MD in our study. A potential
selection bias toward increased participation of DHA critical
GPs is also conceivable.

The multivariate logistic regression analysis identified the degree
of digitization as a significant predictor of prescribing behavior,
which aligns with the findings by Dalhausen et al [20] and
international systematic reviews [22,40,41] on the adoption of
digital health technologies, showing that health care
professionals with greater digital affinity and experience held
significantly more positive attitudes and were more likely to
adopt digital technologies in practice. A possible explanation
could be that GPs working in practices with a higher extent of
digitization may experience fewer barriers to integration and
greater confidence in practical benefits of DHA-MD.

However, both of our regression models showed limited
explanatory power, suggesting that additional variables not
included in the analyses may also contribute to explain GPs’
prescribing behavior and the perceived need. Future studies
may therefore include other established predictors of digital
health utilization, such as previous training, digital skills, general
acceptance of and attitudes toward technology, or knowledge
and beliefs about the intervention [42-45], to further elucidate
these underlying mechanisms.

GPs’ Perspectives on DHA-MD
About two-thirds of the survey respondents assessed the need
for DHA-MD as low, which corresponds to a German study by
Wangler and Jansky [46] on attitudes and experiences of GPs,
indicating that some GPs refrain from prescribing DHA,
considering their contribution to the improvement of health
minimal. Our interviews revealed reasons for rejection of
DHA-MD, including lacking knowledge about available
DHA-MD, missing evidence on DHA-MD effectiveness, and
limited integrability into existing care processes. These barriers
align with a German systematic review on incentives for DHAs
among physicians and psychotherapists [27], and an
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international systematic review on digital health services for
musculoskeletal conditions in primary care [26], which
additionally identified barriers related to data security and
protection, the organizational workload, and the negative impact
on the doctor-patient relationship. As in our interviews, high
costs, inadequate reimbursement, missing financial incentives,
and unclear liability risks were further reported as barriers [27].
A possible solution to these perceived barriers could be the
implementation of “digital navigators” [47]—specially trained
MAs who support health care professionals by evaluating
available DHA, selecting suitable applications for patients, and
preparing app-generated data for clinical decision-making.
However, evidence on acceptance by health care professionals
and feasibility of implementing these digital navigators in
outpatient care has not yet been published [47], and further
randomized controlled studies are needed to evaluate
(cost)-effectiveness.

Our qualitative interviews yielded mixed perceptions of the
need for DHA-MD. On the one hand, GPs stated that there
would be no need for DHA-MD if sufficient psychotherapy
places or adequate medical capacity were available. On the other
hand, the majority of interviewed GPs reported a need for
DHA-MD, particularly in light of the perceived increase in the
number of patients with mental disorders due to the COVID-19
pandemic. There are no published comparable studies available,
which quantify the perceived need of DHA-MD from the
perspective of GPs, so our results close this evidence gap.

Our study found that perceived need declined with increasing
years of GP experience. Due to the high correlation between
age and duration of GP practice, age was not included as a
predictor in the linear regression analysis. However, as these 2
variables are strongly related both statistically and conceptually,
and evidence on the influence of duration of GP practice on the
perceived need is lacking, available studies examining
age-related effects on attitudes and health care technology
adoption may offer valuable context for interpreting our
findings. In accordance with our results, available literature
showed that, in Germany, younger GPs rate DHA more
positively than older GPs [20,48]. This age-related trend is also
reflected in international studies from Australia [49] and Brazil
[50] and could be explained by the fact that younger physicians
are less hesitant to integrate new technologies into their practice
[51].

The linear regression analysis revealed that GPs working in
group practices rated the need for DHA-MD higher than those
in single practices, which is in line with a systematic review
from the United States on the adoption and use of health
information technology in physician practice organizations. The
results showed that compared with single practices, groups with
4-6 physicians were more likely to have an electronic medical
record [52,53]. Peer influence and the organizational culture
may contribute to this finding. Pollack and colleagues [54]
showed in their study that social contagion among physicians
has a significant influence on technology adoption—the more
closely and frequently physicians interact with colleagues who
also use a specific technology, the more likely it is that they
will use it themselves. Furthermore, the international systematic
review by Police et al [52] highlighted that a lack of commitment

to technology integration, along with an organizational culture
resistant to change, significantly impedes technology integration
and utilization.

While our results indicated that GPs and their MAs preselect
patients for the use of DHA-MD, the actual utilization is shaped
by patients’ social determinants, which may limit access for
certain patient groups and lead to systematic differences in
digital participation (def. “digital divide”) [55,56]. According
to the World Health Organization’s scoping review, people with
greater health care needs, older adults, and marginalized groups
are less likely to benefit from digital health interventions. In
contrast, younger individuals with higher socioeconomic status
living in urban areas tend to experience more positive effects
when using these digital technologies [57]. These findings
underline the necessity of future effectiveness studies on
DHA-MD that incorporate subgroup analyses to assess not only
which patient groups benefit most but also which may
experience adverse effects or even harms.

To mitigate these disparities and ensure equitable access, it is
crucial to integrate both health care providers and patients in
the development of DHA-MD through a participatory approach,
for instance, Co-Creation, to address their perceived barriers
and to ensure that these technologies are designed, developed,
and implemented within the specific contexts in which they will
be applied [58]. In psychiatric care, this participatory process
is particularly valuable to address the complex needs and
challenges faced by users in their everyday lives. A participatory
development process can significantly increase the acceptance
and trust of both users and health care providers, who prescribe
DHA-MD to their patients.

Strengths and Limitations
Our study provides information to understand perspectives of
GPs on DHA-MD and their prescribing behavior more
comprehensively. By using a mixed methods design, we were
able to triangulate quantitative data identifying broader trends
with qualitative data that provide a more detailed and heuristic
understanding of individual GP and MA perspectives. This
methodological approach ensured that our findings are relevant
for clinical practice, as well as for other health care stakeholders
(eg, DHA manufacturer, BfArM). Although conducting an
anonymous online survey may have introduced self-selection
bias—with participation potentially skewed toward individuals
with preexisting interest or strong opinions about
DHA-MD—and qualitative interviews primarily attracted
already interested participants, the mixed methods design
addressed these limitations. The combination of quantitative
and qualitative data allowed validation and mutual
supplementation of the data. This integration mitigated the
biases inherent in the individual methods and strengthened the
robustness and practical relevance of the overall findings.
However, a limitation of the qualitative study is that we
conducted only 5 interviews with MAs. These interviews were
intended to understand MAs’ role in the prescription process
and use of DHA and to capture perspectives that might extend
beyond those of GPs, for example, questions or issues raised
by patients to MAs that are not discussed during GP
consultations. However, most of the interviewed MAs reported
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no involvement in DHA prescription or follow-up. Therefore,
these findings should be interpreted as exploratory. With regard
to generalizability, it is important to acknowledge that our
findings are embedded within the specific context of DHA in
Germany. The German DHA framework provides a distinct
legal foundation for the prescription and reimbursement of such
applications. Nonetheless, the results may also hold relevance
for other countries that have recently implemented comparable
initiatives, including France, Belgium, and the United Kingdom.
However, differences between national health care systems and
reimbursement structures may constrain the direct transferability
of our findings. Consequently, further international research is
warranted to explore whether the patterns identified in our study
can be replicated in other health care contexts. As the study
used a cross-sectional design, it is inherently limited in its ability
to infer causal relationships between the variables analyzed,
such as between prescription frequency, digital affinity, and
age.

Conclusions
DHA-MD are currently prescribed cautiously by GPs, and their
perceived need for patients with mental disorders is considered
low, as reflected in the relatively high nonprescription rate
observed in our study. GPs primarily justify the prescription of
DHA-MD as a temporary solution to bridge waiting times for

psychotherapy appointments or as a supplementary therapy
option, rather than as a stand-alone intervention.

According to GPs, there are reasons for rejection as well as
considerable barriers, primarily related to the structural
framework of the DHA concept, which hinder prescription of
DHA-MD in primary care. Given GPs’ key role in the
prescription process, addressing both their perceived barriers
and those of patients, as end users, is essential for the
development of DHA-MD. One possible solution could be to
actively involve both patients and health care providers in the
development of DHA-MD through a Co-Creation approach to
ensure that DHAs are need-related and designed within the
specific health care settings in which they are used.

As the digital health care landscape continues to evolve
rapidly—driven by technological advancements and shifting
health care needs that frequently reshape regulatory frameworks
and the availability of DHA-MD—ongoing research on GPs’
perspectives on DHA-MD is essential. In particular, future
effectiveness studies are needed to objectively evaluate not only
which patient groups benefit and which may even be harmed
when using DHA-MD but also where alternative therapy
approaches (eg, primary or psychotherapy care) are more
effective.
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Abstract

Background: Digital interventions play an innovative role in the treatment of mental health disorders, offering evidence-based
solutions across a wide range of conditions. Blended therapy (BT), which integrates digitally delivered interventions with
face-to-face therapy, has shown promise. However, challenges such as low uptake hinder widespread implementation. Mental
health professionals are key stakeholders for the adoption of BT in routine care settings.

Objective: This study explores mental health professionals’perspectives on BT, specifically assessing their perceived knowledge
of, acceptance of, usage of, and perceptions of different BT types. Additionally, it examines mental health professionals’perceived
advantages and disadvantages of BT, challenges associated with implementation, and wishes toward the future application of
BT.

Methods: A survey study was conducted among 203 mental health professionals (152 psychological psychotherapists and 51
psychiatrists, including also individuals in training) in Switzerland. The data were analyzed using both quantitative methods and
qualitative content analysis.

Results: Participants reported limited knowledge of BT (mean 2.71, SD 1.32), attitudes toward BT were somewhat positive
(mean 5.25, SD 1.34), and acceptance was moderate (mean 3.64, SD 1.20). Among various digitally delivered interventions,
teletherapy (video) was most frequently integrated with face-to-face treatment and considered more suitable for BT than chat,
email, or new technologies. More than 75% (n=152) of the respondents deemed BT appropriate for the treatment of affective
(mood) disorders (F30-F39) and for the treatment of neurotic, stress-related, and somatoform disorders (F40-F48; ICD-10). The
qualitative analyses of open-ended questions highlighted key advantages of BT as perceived by mental health professionals.
These include increased treatment flexibility, the ability to outsource therapy components, and enhanced treatment efficiency.
However, disadvantages such as increased effort and potential disruptions to the therapeutic relationship were also noted.
Participants identified barriers to BT implementation, including financing and data security concerns. To facilitate BT adoption,
respondents emphasized the desire for better cost coverage, easy access to digitally delivered interventions, and seamless integration
of digital tools into face-to-face therapy.

Conclusions: The findings indicate that mental health professionals report limited knowledge of BT and consider it more suitable
for certain disorders than others. Moreover, from their perspective, while BT offers advantages, it also presents disadvantages.
Addressing mental health professional knowledge gaps, alongside resolving perceived implementation barriers, may be key to
the successful future implementation of BT in routine mental health settings.

(JMIR Ment Health 2026;13:e78079)   doi:10.2196/78079

KEYWORDS

blended therapy; digital interventions; implementation; routine care; therapist attitudes

Introduction

Digital Interventions to Treat Mental Health Disorders
The evidence base supporting the efficacy of digital
psychological interventions to treat mental health conditions

and problems is extensive and continues to grow [1-5]. These
interventions encompass a broad spectrum, ranging from fully
self-guided programs [4], designed to, for example, provide
support for individuals who might otherwise lack access to
traditional therapy, to more integrated approaches that combine
digital elements with face-to-face therapy [6,7].
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Blended Therapy
Blended therapy (BT) in the mental health context refers to the
combination of a digitally delivered intervention and face-to-face
therapy [8,9]. Digital interventions and face-to-face therapy can
be combined in different ways, ranging from digitally delivered
interventions provided prior to or as aftercare to face-to-face
therapy to interventions interwoven during a course of
face-to-face therapy. The first systematic review on BT [9]
describes the potential of this type of treatment regarding both
study dropout and time savings in therapy. A more recent
systematic review and meta-analysis [2] describes the feasibility
of BT and reports on BT effects. BT interventions were more
effective or noninferior to treatment as usual (defined as
pharmacological or psychological intervention and standard
medical care), with a moderate-to-large effect size in the
treatment of depression (Cohen d=–1.1, 95% CI –0.6 to –1.6;
P<.001). For anxiety outcomes, the meta-analysis reported a
small, nonsignificant effect size (Cohen d=–0.1, 95% CI –0.3
to 0.05; P=.17). The findings also highlight higher effect sizes
for blended interventions with supplementary design, fewer
(≤6) face-to-face sessions, and a lower ratio (≤50%) of
face-to-face versus digital sessions [2].

BT in Routine Mental Health Care Settings
Various studies highlight the successful integration of digital
interventions with face-to-face therapy in routine mental health
care settings. Reported benefits include enhanced efficacy and
effectiveness [6,10]. Another study reported no significant
difference in symptom change over time between the blended
and control group [11]. Moreover, research also underscores
challenges and limitations associated with BT. For instance, a
recent large-scale study conducted in routine care settings in
Germany by Schaeuffele et al [12] identified issues such as
adherence as hindering factors for implementation.

The Perception of Health Care Providers
Mental health care providers play a pivotal role in the successful
implementation of BT. Their attitudes can influence practical
application [13,14]. While lagging implementation of digitally
delivered interventions appears to be a recurring trend across
multiple European countries [14,15], the COVID-19 pandemic
has led to greater uptake and acceptance [16,17]. BT has been
perceived more favorably than stand-alone digitally delivered
interventions by clinicians [13,18,19]. However, reservations
toward BT among mental health professionals have also been
reported. For example, concerns regarding the therapeutic
alliance, patient engagement, data security, the therapeutic
process, and work-life balance [20,21] may impact providers’
willingness to adopt BT.

Aims
Although the evidence base on BT is growing, several research
gaps remain. Most existing studies have focused on feasibility
and clinical outcomes, while less is known about how BT is
perceived and implemented in routine mental health care
settings. Detailed insights into health professionals’ perceived
knowledge, attitudes, and acceptance of BT in Switzerland are
limited, and both qualitative and quantitative analyses are
required to adequately examine these specific topics. This study

reports on a mixed methods analysis using data from a survey
completed by mental health professionals and mental health
professionals in training in Switzerland. Specifically, the study
explores the following research questions: (1) What is the
current level of perceived knowledge, attitude toward, and
acceptance of BT among psychological psychotherapists and
psychiatrists (including those in training)? (2) How is BT
currently used by participants? (3) How do mental health
professionals perceive the suitability of different digitally
delivered interventions for BT purposes, and which types of
BT are they willing to use in the future? (4) What are the
perceived advantages and disadvantages of BT, what challenges
are there regarding implementation and what are mental health
professionals’ wishes for the future regarding BT?

Methods

Study Design
This study examined BT from the perspective of psychological
psychotherapists and psychiatrists (also those in training) in
Switzerland, using a cross-sectional, open online-survey
approach. Participants filled out the survey between October
2023 and February 2024.

Ethical Considerations
The study received approval from the Ethics Commission of
the Faculty of Human Sciences, University of Bern (ID:
2023-09-04). Participants received no incentive or compensation
for participation. All participants provided informed consent to
participate. The survey was conducted with no collection of
direct identifiers such as names, contact information, IP
addresses, or geographic location. The survey included limited
demographic variables (eg, gender and job category) for
analytical purposes. Any potentially identifying information
contained in free-text responses was removed or generalized
prior to analysis.

Measures
A total of 23 survey questions from a comprehensive survey on
the topic of BT were used to answer the research questions
presented in this study. The full survey translated from German
to English can be found in Multimedia Appendix 1 along with
the instructions participants received. Survey questions were
built on previous literature [8,14,18-20,22,23]. The survey was
provided through Qualtrics [24] and was tested prior to
dissemination with several test-runs by the authors of this study.
Users’ IP addresses were not recorded. The survey was available
in German and French for participants. Each survey page
included a back button.

To answer research question 1, we assessed mental health
professionals’perceived knowledge of, general attitude toward,
and acceptance of BT. Acceptance of BT was operationalized
following Braun et al [22] using 3 specific items: “I could
imagine including BT into my work”; “I intend to try out BT
in my work within the next year”; “How high is your intention
to use BT in your work ever?”. The first 2 questions were
assessed on a 5-point Likert scale ranging from 1 (totally
disagree) to 5 (totally agree). The third item was rated on a
0-to-100 scale and converted into a 5-point Likert scale to
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measure the strength of intention. A mean value was calculated
from all 3 items to quantify the acceptance of BT. Based on
prior research [22], the mean acceptance score was categorized
as low (1‐2.34), moderate (2.35‐3.67), or high (3.68‐5).
To answer research question 2, we assessed both past use of BT
and current use of the different digital intervention modalities
for BT (eg, teletherapy [video], chat, email, self-management,
new technologies). To answer research question 3, the perceived
suitability of different digitally delivered interventions
(teletherapy [video], chat, email, self-management interventions,
and new technologies) for BT was assessed. The suitability of
BT for different ICD-10 (International Statistical Classification
of Diseases, Tenth Revision) [25] disorders was also assessed.
Moreover, the future willingness to use digital interventions in
relation to various points of treatment and in different settings
(outpatient, day clinic, inpatient, acute inpatient) was assessed.
To answer research question 4, participant answers to 4
open-ended questions were examined. Detailed item wording
and the precise response scales for all items used to answer the
research questions are reported in Multimedia Appendix 2.

Statistical Analyses
All quantitative analyses were conducted using SPSS (version
29; IBM Corp). Descriptive statistics (means, SDs, frequencies,
and percentages) were used to address the primary research
questions. Inferential statistics were applied to explore patterns
and group differences. Repeated-measures ANOVAs were
conducted where appropriate, with Greenhouse-Geisser
corrections applied when the assumptions of sphericity were
violated. For participants with missing values, listwise deletion
was applied. Effect sizes ηp² were reported to aid interpretation
for ANOVAs. Pairwise comparisons were Bonferroni corrected
and Cohen dz was reported as effect size. For dichotomous
outcomes, Cochran Q and follow-up McNemar tests with
Bonferroni corrections were used, and Cohen g was reported
as effect size for the pairwise comparisons. For group
comparisons between professional groups and between those
in training versus not in training, independent sample t tests
were conducted. All significance tests were 2-sided with a
significance level of α=.05.

The perceived advantages and disadvantages of BT, as well as
implementation challenges and future wishes, were analyzed
using an inductive content analysis approach as outlined by

Mayring [26]. This approach is well suited to qualitative
analyses that stay close to the semantic content of responses
and allow for integration of qualitative and quantitative
elements, such as reporting category frequencies. Separate
inductive analyses were conducted for each area (advantages,
disadvantages, challenges, and future wishes). Following
Mayring’s [26] category formation steps, KG coded all
responses, assigning codes to the raw material. Multiple codes
could be assigned per survey item response, but the same code
could not be assigned twice. In the next step, categories and
subcategories were discussed collaboratively with LLB, and
the category system was refined in an iterative process of
repeated reviewing of the material and adjusting of categories.
Finally, KG coded the entire material set with the final
categories and subcategories that were formed. All analyses
were conducted using Microsoft Excel (version 2016). Anchor
examples for the categories were taken verbatim from participant
answers.

Due to variation in response rates across survey items, sample
sizes are reported throughout the study. Detailed information
on item-level missingness is provided in Multimedia Appendix
3. No weighting of items or propensity scores was used to adjust
for the nonrepresentative sample.

Results

Recruitment
To recruit participants, professional associations, psychotherapy
training institutes, and psychiatric clinics across Switzerland
were contacted and invited to disseminate the study link to their
members or personnel via internal communication channels.
Up to 3 reminder emails were sent to each organization. The
contacted clinics were identified from a public registry provided
by the Schweizerisches Institut für ärztliche Weiter- und
Fortbildung [27]. Overall, a broad range of professional and
institutional stakeholders were approached, of whom a subset
actively declined participation due to staff shortages, an overload
of inquiries, or other individual reasons. A detailed overview
of the recruitment process, including the number of institutions
contacted and participating, is presented in Figure 1. The survey
was opened 298 times, and the 203 responses that reached the
end of the survey were included in the analysis.
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Figure 1. Flow chart depicting recruitment pathways for the survey.

Sample
An overview of sample characteristics provided for the 203
survey completions (visited each survey page until the end) is
presented in Table 1.
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Table . Sample characteristics.

ValuesSample characteristic

Gender, n (%)

61 (30.0)    Man

141 (69.5)    Woman

1 (0.5)    Nonbinary (diverse)

45.9 (14.1; 24, 79)Age (y), mean (SD; Mina, Maxb)

Professional group, n (%)

61 (30.0)    In training to become a federally recognized psychotherapist

91 (44.8)    Federally recognized psychotherapist

41 (20.2)    Specialist in psychiatry and psychotherapy

7 (3.4)    In training to become a specialist in psychiatry and psychotherapy

3 (1.5)    Specialist in child and adolescent psychiatry and psychotherapy

Years of training, n (%)c

17 (25.0)    First year

19 (27.9)    Second year

11 (16.2)    Third year

12 (17.6)    Fourth year

6 (8.8)    Fifth year

1 (1.5)    Sixth year

2 (2.9)    >6

Work experience in psychotherapeutic practice (y), n (%)

1 (0.5)    None

12 (5.9)    <1

62 (30.5)    1‐5

22 (10.8)    6‐10

32 (15.8)    11‐15

74 (36.5)    >15

Therapeutic orientation, n (%)d

112 (55.2)    Cognitive-behavioral therapy (cognitive or cognitive-behavioral ap-
proach)

37 (18.2)    Depth-psychological or psychodynamic

32 (15.8)    Psychoanalytic

63 (31.0)    Systemic

48 (23.6)    Humanistic

44 (21.7)    Other

Current work setting, n (%)

144 (70.9)    Outpatient

3 (1.5)    Partial inpatient or day clinic

22 (10.8)    Inpatient

19 (9.4)    Mixed (outpatient and inpatient)

6 (3.0)    Mixed (outpatient and partial inpatient)

6 (3.0)    Mixed (partial inpatient and inpatient)

3 (1.5)    Currently not employed
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aMin: minimum.
bMax: maximum.
cThis applies to the subgroups in training to become a federally recognized psychotherapist and in training to become a specialist for psychiatry and
psychotherapy.
dMultiple responses were possible.

Perceived Knowledge of, Attitude Toward, and
Acceptance of BT
The overall sample reported a mean (SD) of 2.71 (1.32) for
perceived knowledge, corresponding to a value of 3 (“a little”).
A total of 44 (21.7%) participants reported having no knowledge
of BT, and only 4 (2.0%) participants reported having a great
deal of knowledge of BT. See Table S1 in Multimedia Appendix
4 for full descriptive data. Regarding attitude toward BT, the
overall sample reported a mean (SD) of 5.25 (1.34),
corresponding to a value of 5 (“somewhat positive”). For BT
acceptance, the mean (SD) was 3.64 (1.20), corresponding to
moderate acceptance [22]. Analyses of differences in knowledge
of BT, attitude toward BT, and acceptance between professional
groups and between those in training versus those not in training
are provided in Tables S2-S4 in Multimedia Appendix 4.

Use of BT
Of the total sample, 125 (61.6%) participants reported having
used some form of BT in the past. The mean score for current

use across the sample was mean (SD) of 2.14 (1.22),
corresponding to a scale value of 2 (“rarely”). Figure 2 shows
the number of participants who answered “yes” to currently
using different types of digitally delivered interventions as part
of therapy. A Cochran Q test indicated significant differences
in current use across intervention types (Q₄=136.58; N=203;
P<.001). Pairwise McNemar tests were conducted to further
examine these differences. To control for type I error inflation
due to multiple comparisons (k=10), a Bonferroni correction
was applied. After Bonferroni correction, all differences between
digitally delivered intervention formats remained significant
except for chat versus self-management (P=.21),
self-management versus email (P=.12), and email versus video
(P=.09). See Table S5 in Multimedia Appendix 4 for a full
overview of the pairwise comparisons.

Comparisons between professional groups and those in training
versus not in training regarding current use of BT are also shown
in Tables S6 and 7a and 7b in Multimedia Appendix 4.

Figure 2. Current use of different digitally delivered interventions in combination with face-to-face therapy. N=203. ***P<.001. The number of
participants who answered yes to current use of different digitally delivered interventions in combination with face-to-face therapy by intervention type
is displayed. Multiple digitally delivered intervention uses were possible per participant.

Perceived Suitability of Different Digitally Delivered
Interventions for BT
Participants rated the suitability of different digitally delivered
intervention types for BT. A repeated-measures ANOVA
showed significant differences in suitability ratings between
the intervention types (F3.48, 702.27=30.57; P<.001; ηp²=0.13).
Video conferencing was rated as significantly more suitable
than interventions via chat (mean difference [MD]=0.78;

P<.001; dz=0.57), email (MD=0.86; P<.001; dz=0.60), and new
technologies (MD=0.54; P<.001; dz=0.43). Chat was rated
significantly less suitable than self-management interventions
(MD=−0.53; P<.001; dz=0.39). Email interventions were rated
significantly less suitable than self-management interventions
(MD=−0.60; P<.001; dz=0.47) and new technologies
(MD=−0.32; P=.01; dz=0.23); see also Figure 3. Table S8 in
Multimedia Appendix 4 shows an overview for full descriptive
data.
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Figure 3. Suitability ratings of different digitally delivered interventions for blended therapy (BT). N=203. *P<.05; **P<.01; ***P<.001. Means are
displayed in white. Error bars represent ±1 SD. Axis extends beyond the maximum response option to display full error bars; no respondent values
exceeded the upper scale limit (5).

Suitability According to ICD-10 Mental Health Disorder
Categories
As shown in Figure 4, over 75% (n=152) of the participants
considered BT suitable for treating Mood disorders (F30-F39)
and Neurotic, stress-related, and somatoform disorders
(F40-F48). In contrast, very few participants endorsed BT as

suitable for Schizophrenia and delusional disorders (F20-F29)
or Intellectual disabilities (F70-F79). The Cochran Q test
indicated significant differences in suitability across disorder
categories (Q(9)=558.55; P<.001). Pairwise McNemar tests
with Bonferroni correction further explored these differences
(see Table S9 in Multimedia Appendix 4).

Figure 4. Descriptive data on participants who rated blended therapy (BT) as suitable for different mental health disorders. N=203. Percentage of
participants who said BT was suitable is displayed for each disorder group. F00-F09=Organic, including symptomatic, mental disorders; F10-F19=Mental
and behavioral disorders due to psychoactive substance use; F20-F29=Schizophrenia, schizotypal, and delusional disorders; F30-F39=Mood [affective]
disorders; F40-F48=Neurotic, stress-related, and somatoform disorders; F50-F59=Behavioral syndromes associated with physiological disturbances
and physical factors; F60-F69=Disorders of adult personality and behavior; F70-F79=Intellectual disabilities; F80-F89=Disorders of psychological
development; F90-F98=Behavioral and emotional disorders with onset usually occurring in childhood and adolescence. ICD-10: International Statistical
Classification of Diseases, Tenth Revision.
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Willingness to Use at Different Points During
Treatment
The future willingness to use digitally delivered interventions
in relation to various points of treatment is illustrated in Figure
5. The mean (SD) values were 2.57 (1.06) for use before
psychotherapy, 3.03 (0.89) for after psychotherapy, and 3.17
(0.84) for during psychotherapy. These values each correspond
to scale point 3 (“rather yes”). For use as a substitute for
individual sessions, the mean (SD) was 2.36 (1.12), and for use
as a substitute for individual parts of a session, the mean (SD)
was 2.41 (1.03), which in both cases corresponds to scale point
2 (“rather no”).

A repeated-measures ANOVA indicated significant differences
between the application points (F3.11, 591.20=41.34; P<.001;

ηp²=0.18). Willingness to use digitally delivered interventions
was significantly lower before psychotherapy than after
(MD=−0.46; P<.001; dz=0.51) and during psychotherapy
(MD=−0.60; P<.001; dz=0.54). Willingness to use digitally
delivered interventions after psychotherapy was significantly
higher than for the replacement of individual sessions
(MD=0.67; P<.001; dz=0.51) and for the replacement of
individual parts of sessions (MD=0.62; P<.001; dz=0.63).
Similarly, willingness to use digitally delivered interventions
during psychotherapy was significantly higher than for the
replacement of individual sessions (MD=0.81; P<.001; dz=0.68)
and for the replacement of individual parts of sessions
(MD=0.76; P<.001; dz=0.75). No other pairwise differences
were statistically significant (see Figure 5).

Figure 5. Future willingness to use digitally delivered interventions at different points during treatment. N=191. ***P<.001. Definitely no=1, Rather
no=2, Rather yes=3, and Definitely yes=4. Means are displayed in white. Error bars represent ±1 SD. Axis extends beyond the maximum response
option to display full error bars; no values exceeded the upper scale limit (4). f2f: face to face.

Willingness to Use Across Different Settings
The future willingness to use digitally delivered interventions
varied across treatment settings (Figure 6). The mean (SD)
ratings were 3.37 (0.72) for outpatient settings, 2.53 (0.88) for
inpatient settings, 2.80 (0.89) for day clinic settings, and 1.85
(0.82) for acute inpatient settings. A repeated-measures ANOVA
showed significant differences in willingness to use between
the settings (F2.75, 471.00=185.79; P<.001; ηp²=0.52). Willingness

to use was significantly lower in the acute inpatient setting than
in the inpatient (MD=−0.68; P<.001; dz=0.84), day clinic
(MD=−0.94; P<.001; dz=1.06), and outpatient (MD=−1.52;
P<.001; dz=1.53) settings. It was also significantly lower for
inpatient than day clinic (MD=−0.26; P<.001; dz=0.36) and
outpatient (MD=−0.84; P<.001; dz=0.95) settings and
significantly lower for day clinic than outpatient settings
(MD=−0.58; P<.001; dz=0.71; see Figure 6).
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Figure 6. Future willingness to use blended therapy (BT) in different settings. N=172. ***P<.001. Definitely no=1, Rather no=2, Rather yes=3, and
Definitely yes=4. Means are displayed in white. Error bars represent ±1 SD. Axis extends beyond the maximum response option to display full error
bars; no values exceeded the upper scale limit

Advantages and Disadvantages of BT
A total of 148 participants reported on the advantages of BT
(Table 2). A total of 233 codes were coded. These were grouped

into 4 main categories and 14 subcategories. At least 141
participants reported on the disadvantages of BT (Table 3). A
total of 215 codes were generated, which were grouped into 5
main categories and 23 subcategories.
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Table . Advantages of blended therapy (BT).

Anchor examplenaSubcategoryCategory

Flexibly being able to cater to indi-
viduality of patients with therapy
(Survey 5)

79FlexibilityTherapy-related factors

Delegation of in-depth psychoeduca-
tion (Survey 101)

43Outsourcing therapy elements

More effective and thus shorter
therapy duration (Survey 26)

35Efficiency

Bridge wait times (Survey 141)10For different points in treatment

Autism/Asperger (Survey 37)8Problem-specific or transdiagnostic
benefits

Strengthening of commitment and
compliance in therapy (Survey 129)

13Strengthening the therapeutic rela-
tionship

Relationship factors

Increasing self-efficacy of patients
(Survey 29)

12Increase in self-efficacyPatient factors

Reducing barriers to do with fear
(Survey 17)

6Lowering barriers

Access to topics that patients can’t
talk about in face-to-face sessions
(Survey 81)

5Access to topics

Change in therapy motivation is
measurable (Survey 129)

4Increase in therapy motivation

Making therapy more attractive
(Survey 37)

2Attractive option for therapy

More clients (Survey 66)9CapacityMental health professional factors

Work in home office (Survey 26)4Location-independent work

Relief (Survey 97)3Relief

an: number of participants with code.
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Table . Disadvantages of blended therapy (BT).

Anchor examplenaSubcategoryCategory

Technology needs to work (Survey
170)

15Technical prerequisitesTechnological, organizational, and
legal aspects

Unclear billing options (Survey 31)11Billing

Investment in further training and
procurement (Survey 82)

10Costs

Need to engage with data security
topic (Survey 6)

12Data security

Additional effort to gather informa-
tion and review suitable options
(Survey 40)

24EffortPractical implementation of interven-
tions

The therapeutic vessel may become
watered down (Survey 139)

15Limitation of holistic treatment

Behavioral observation becomes
more difficult (Survey 45)

9Not suitable for some interventions

Less control over the development
of the patients’ condition (Survey
137)

5Progress monitoring

Competition between individual of-
ferings (Survey 33)

1Competition among offers

The relationship is interrupted (Sur-
vey 37)

21Therapeutic relationshipInterpersonal interaction

Reduction of human contact (Survey
65)

11Reduced contact

Lack of nonverbal communication
(Survey 132)

3Nonverbal communication

My patients with psychosis will of-
ten not use it (Survey 145)

24IndicationPatient-related challenges

Enables avoidance of interactions
with others (Survey 37)

13Avoidance behavior

Patients’ motivation is rather un-
clear and uncertain (Survey 61)

4Lack of motivation

Overwhelm of the patient (Survey
65)

3Overwhelm

Misunderstandings in autonomous
work (Survey 187)

2Loss of autonomy

Dependency on tools (Survey 65)1Media consumption

The topic is unclear to me: too little
experience (Survey 106)

10Lack of knowledgePersonal and professional challenges

Having to organize when one is not
reachable, etc (Survey 96)

8Accessibility

Increased tiredness for therapist
when contact is not face-to-face
(Survey 96)

Loss of individuality and spontane-
ity in individual cases, emergence
of boredom even for the therapist
(Survey 173)

4

4

Cognitive strain

Professional field

an: number of participants with code.
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Challenges for Implementation and Wishes for the
Future
A total of 129 individuals were included in the qualitative
analysis of open-ended responses to the question on challenges
regarding BT implementation. A total of 7 main categories and

15 subcategories were identified. At the subcategory level, a
total of 206 codes were assigned, as shown in Table 4.
Additionally, 108 individuals were included in the analysis of
the open-ended question on wishes for the future regarding BT.
A total of 151 codes were generated and grouped into 15
categories, which are presented in Table 5.

Table . Challenges regarding implementation.

Anchor examplenaSubcategoryCategory

Violating patient and data privacy
(Survey 2)

25Data securityTechnical challenges

Difficulties in usage (Survey 8)17Usability

Development of good software
(Survey 26)

12Software and hardware

Financing (Survey 138)34Direct costsCosts and financing

Time investment (Survey 48)20Indirect costs

Difficulty relationship building
(Survey 37)

11RelationshipTherapeutic relationship and quality
of therapy

Tendency toward superficiality
(Survey 19)

9Quality of therapy

How do I know for example, if an
app is good? (Survey 173)

15Choice of digitally delivered inter-
ventions

Adaptability and flexibility

All of therapy needs to be adaptable
to the patient (Survey 9)

8Individualization

Skepticism for example amongst
older patients (Survey 22)

14PatientsMotivation and acceptance

Acceptance amongst mental health
professionals (Survey 183)

11Mental health professionals

Further training is necessary (Sur-
vey 32)

8TrainingTraining and knowledge

Too little knowledge about digitally
delivered interventions (Survey 178)

7Knowledge and familiarity

Not during crises (Survey 176)10ContraindicationIndication and suitability

Risk of missing signs of suicidality
(Survey 5)

5Judging risk

an: number of participants with code.
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Table . Wishes for the future regarding blended therapy (BT).

Anchor examplenaCategory

Costs covered by insurance (Survey 100)16Costs being covered

More easily accessible and nationally available
offers (Survey 62)

16Easy access

BT as a self-evident part of the psychotherapeutic
treatment (Survey 7)

16Easy integration into therapy

Only as a supplement to face-to-face therapy
(Survey 75)

13Use as an add-on

More education and knowledge about it (Survey
130)

12Knowledge provision

Good options that can be adapted by both mental
health professional and patient (Survey 35)

12Individual tailoring

Diagnosis-specific implementation (Survey 37)10Specialized programs

Good programs. I have tried Velibra, which I
find very good (Survey 31)

9Software development

Therapeutic freedom (Survey 42)9Flexibility in use

Studies on effectiveness of digitally delivered
interventions (Survey 182)

9Studies on efficacy

Practice-based training (Survey 8)8Training

Moderately and with mindfulness towards the
protection of personality (Survey 19)

5Secure use

More willingness/acceptance from all stakehold-
ers (Survey 81)

4Increased acceptance

First I want to be able to test the programs myself
(Survey 93)

4Support for access for mental health professionals

Evidence-based programs (Survey 121)4Program evaluation

Not everything needs to go into the direction of
digitalization (Survey 25)

3No desire for more BT

an: number of participants with code.

Discussion

Principal Findings
This study explored mental health professionals’ perceptions
of and experiences with BT. The quantitative findings indicate
that participants report little knowledge of BT. Attitude toward
BT was somewhat positive, and the acceptance of BT was
moderate, comparable to previous literature from
German-speaking countries [21] but divergent from a survey
conducted with mental health professionals in the Netherlands
where perceptions were generally positive [28]. This points to
different perceptions of BT depending on the country in question
and potential differing experiences with BT in different countries
(see also Topooco et al [18] for a survey on attitudes toward
digital interventions examined in different European countries).
In Switzerland specifically, BT is not routinely implemented
yet, and several applications of BT are currently not reimbursed
by basic health insurance models. This specific barrier has also
been highlighted in an interview study with executive staff and
leadership of different Swiss psychiatric institutions, where cost
coverage was mentioned as an important aspect [23].

In addition, during recruitment, several professional associations,
training institutions, and clinics actively declined to distribute
the survey, citing staff shortages, an overload of inquiries, or
other individual reasons. These experiences during recruitment
may themselves potentially be indicative of broader attitudes
toward blended therapy. Specifically, limited time resources or
competing institutional priorities might reflect not only
organizational constraints but also a lower perceived relevance
or priority of BT within some professional contexts. Conversely,
the fact that a considerable number of institutions were willing
to disseminate the survey may point to growing awareness and
openness toward the topic. This recruitment pattern could
therefore indirectly mirror varying levels of acceptance or
interest in BT among institutions and professionals, a finding
that warrants further exploration in future research.

While most participants in our study reported some prior
experience with BT, participants rarely used BT in the past 4
weeks. Additionally, the results revealed significant differences
in the utilization of various digitally delivered intervention
formats for BT, with teletherapy (video) being the most
frequently used. Regarding suitability for BT, our study found
significant differences between digitally delivered intervention
types. Moreover, in our study, BT was deemed suitable for
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Mood disorders and Neurotic, stress-related, and Somatoform
disorders by most participants (more than 75%, n=152), but
suitable for Schizophrenia and delusional disorders or
Intellectual disabilities by less than 20% of the participants.
This may again in part be related to a lack of knowledge on BT,
as studies have shown that digitally delivered interventions can
also be successful as add-ons to treatment as usual for patients
with schizophrenia-spectrum disorders [29] and that BT can be
feasible for severe mental health disorders [30]. Willingness to
use BT differed significantly between different treatment points.
Descriptively, participants gave the lowest ratings for digitally
delivered interventions as a substitute for face-to-face sessions.
Willingness to use BT differed significantly across settings,
with the lowest acceptance reported for acute inpatient care.
This finding contrasts studies conducted on BT in the acute
patient setting that show that stakeholders in acute inpatient
care consider BT a suitable and relevant treatment option [31].

The qualitative analysis highlighted both perceived advantages
and disadvantages of BT. Participants felt that BT can offer
benefits, with therapy factors such as flexibility, outsourcing
elements, and efficiency being most common. This aligns with
the findings from a pilot trial on BT in Swiss outpatient care,
where work independent of place and time was mentioned as a
positive aspect of BT by therapists [32]. In our survey, patient
factors included increased self-efficacy and lowered barriers to
therapy. Strengthened therapeutic relationships and mental
health professional−related benefits like enhanced capacity and
remote work options further highlighted its practicality and
appeal. The disadvantages reported by participants included
additional effort, concerns about interpersonal interactions such
as interruptions for the therapeutic relationship, and challenges
with indication.

Aspects concerning the therapeutic relationship were considered
both an advantage and a disadvantage of BT by mental health
professionals. Interestingly, research shows that a therapeutic
relationship can be established in digitally delivered
interventions [33-36] and has, for example, been rated higher
in BT than in usual care for depression [37]. This highlights a
discrepancy between a polarized perception of the therapeutic
relationship in BT by mental health professionals and the
findings from empirical data on the therapeutic relationship in
BT.

Regarding challenges for BT implementation, perceived hurdles
included technical issues such as data security alongside direct
and indirect costs. For the future, mental health professionals
desire cost coverage of BT, accessibility, and easy integration
of digitally delivered interventions into therapy. It should be
noted that some of the aspects mentioned regarding cost
coverage may be very specific to the Swiss context, where
digital mental health interventions are currently mostly not
included in basic health insurance models for patients.

Future Directions
Nationally representative surveys assessing mental health
professionals’ perceptions and experiences with BT should be

conducted. In addition, it would be of interest to compare patient
and mental health professional perspectives of BT using
survey-based assessments. Moreover, longitudinal assessments
should be used to examine BT perception changes over time.
Finally, one future direction that seems particularly clinically
relevant is to find effective ways of increasing knowledge on
BT among therapy providers. This can be achieved by advancing
information on BT in psychotherapy training but also by
increasing exposure to digital interventions.

Strengths and Limitations
To the best of our knowledge, this study is the first to investigate
the topic of BT in depth among psychotherapists and
psychiatrists (in training) in Switzerland. Recruitment strategies
were broad (institutions, professional associations, clinics) with
the aim of including a broad range of participants. Along with
general perceptions of BT, modality-specific information was
gained. Moreover, quantitative and qualitative methods were
combined to analyze the data. The study also has limitations.
First, the survey is not a representative sample of all
psychotherapists and psychiatrists in Switzerland. It may have
been biased, as only mental health professionals interested in
BT filled out the survey. In addition, the distribution of
professional experience in our sample was skewed, with more
than one third of the participants reporting over 15 years of
work experience, while only a small proportion had little or no
experience. This uneven representation of experience levels
limits the generalizability of our findings. Furthermore, our
sample included different groups (eg, professional group or
being in training vs not or therapeutic orientations). As shown
in our multimedia appendices, some groups differed with regard
to, for example, the use of specific digital interventions for BT.
Moreover, the findings for a Swiss convenience sample may
not translate to the perception of BT in other countries where,
for example, attitudes toward digitally delivered intervention
are more positive. Third, only a very short definition of BT was
provided at the beginning of the survey. Thus, the concepts of
BT may have differed widely between participants. While we
decided to include the combination of teletherapy (video) and
face-to-face sessions in our definition of BT, other studies have
taken a different approach. Some equate videotherapy more
with face-to-face treatment. Moreover, blended treatment has
also been described as the combination of digital intervention
and videotherapy [38]. Finally, the reported analyses provide a
predominantly descriptive picture of cross-sectional data.

Conclusions
While BT offers an innovative treatment option for patients
with mental health disorders, mental health professionals report
little knowledge, a somewhat positive attitude, and moderate
acceptance. Both advantages and disadvantages of BT as
perceived by mental health professionals were detailed in this
study. Future implementation may be aided by increasing
knowledge on BT for mental health professionals and in the
Swiss context specifically by improving cost coverage options.
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