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Abstract

Background: Mental health apps have shown promise in improving mental health symptoms, including depressive symptoms.
However, limited research has been aimed at understanding how specific app features and designs can optimize the therapeutic
benefits and adherence to such mental health apps.

Objective: The primary purpose of this study is to investigate the effect of avatar customization on depressive symptoms and
adherence to use a novel cognitive behavioral therapy (CBT)–based mental health app. The secondary aim is to examine whether
specific app features, including journaling, mood tracking, and reminders, affect the usability of the mental health app.

Methods: College students were recruited from a university study recruitment pool website and via flyer advertisements
throughout campus. A total of 94 participants completed a randomized controlled trial in which they were randomized to either
customization or no customization version of the app. Customization involved personalizing a virtual avatar and a travel vehicle
to one’s own preferences and use of one’s name throughout the app. Participants completed a 14-day trial using a novel CBT-based
mental health app called AirHeart. Self-report scores for depressive symptoms, anxiety, and stress were measured at baseline and
after the intervention. Postintervention survey measures also included usability and avatar identification questionnaires.

Results: Of the 94 enrolled participants, 83 (88%) completed the intervention and postintervention assessments. AirHeart app
use significantly reduced symptoms of depression (P=.006) from baseline to the end of the 2-week intervention period for all
participants, regardless of the customization condition. However, no differences in depressive symptoms (P=.17) or adherence
(P=.80) were observed between the customization (39/83, 47%) and no customization (44/83, 53%) conditions. The frequency
of journaling, usefulness of mood tracking, and helpfulness of reminders were not associated with changes in depressive symptoms
or adherence (P>.05). Exploratory analyses showed that there were 3 moderate positive correlations between avatar identification
and depressive symptoms (identification: r=−0.312, P=.02; connection: r=−0.305, P=.02; and lack of relatability: r=0.338, P=.01).

Conclusions: These results indicate that CBT mental health apps, such as AirHeart, have the potential to reduce depressive
symptoms over a short intervention period. The randomized controlled trial results demonstrated that customization of app features,
such as avatars, does not further reduce depressive symptoms over and above the CBT modules and standard app features,
including journal, reminders, and mood tracking. However, further research elucidating the relationship between virtual avatar
identification and mental health systems is needed as society becomes increasingly more digitized. These findings have potential
implications for improving the optimization of mental health app designs.

Trial Registration: Open Science Framework t28gm; https://osf.io/t28gm

(JMIR Ment Health 2022;9(8):e39516)   doi:10.2196/39516
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Introduction

Background
Ranked as the 6th most expensive health condition, depression
costs the United States approximately 326.2 billion dollars in
treatment and workplace costs in 2018 [1]. Depression is highly
prevalent across all age groups, genders, and racial groups,
causing anhedonia, irritability, extreme sadness, and other
emotional and physical symptoms [2]. This rise in spending
parallels the rate of diagnosis of major depressive disorder,
which has increased 7-fold over the past 5 years [3]. Certain
therapeutic techniques, including cognitive behavioral therapy
(CBT), have been implemented to alleviate depressive
symptoms.

CBT can be efficacious in reducing depressive symptoms and
improving the quality of life in both clinical [4-6] and
nonclinical populations [7] of multiple age groups [8,9]. In
addition to depression, CBT has been successful in treating
symptoms of anxiety and stress [10-15]. Depression is a complex
mental health condition that is often comorbid with anxiety and
exacerbated by stress [16-18]. Therefore, reducing the symptoms
of depression may further aid in alleviating the negative
manifestations present in other comorbid or associative
disorders.

CBT has been shown to be effective in reducing symptoms of
depression not only in in-person therapy environments but also
in mobile apps [19,20]. The combination of CBT and mobile
technology has burgeoned in the last 10 years, with an estimated
10,000 to 20,000 mental health apps currently existing in the
Apple App Store and Google Play Store [21]. Despite its
prevalence, there is a dearth of research investigating the
interaction between mobile CBT and technological features,
such as mobile journaling, reminders, mood tracking, and
customization, on mental health symptom reduction. Certain
features may complement, augment, or detract from CBT
delivery and its effectiveness in symptom reduction. Thus, this
study sought to experimentally address this gap in knowledge
by investigating how specific app features, including the use of
customized avatars, would affect depressive symptoms and
adherence.

Computerized CBT (cCBT) is a web-based form of CBT that
is accessed through a computer, smartphone, or tablet [22].
Many cCBT mental health apps, such as Space from Depression
and MoodGYM, use a time line similar to brief CBT, which is
typically 4 to 8 sessions or modules [23-25]. This type of CBT
has shown effectiveness in reducing depressive symptoms in
both clinical [26,27] and subclinical [28,29] depressive
populations of varying ages, although the results from 2
meta-analyses suggest that cCBT mental health apps may be
more effective for subclinical than for clinical levels of
depression [30,31]. One caveat of this type of therapy is its low
adherence rate [32,33]. A proposed explanation for the low
adherence rates includes individuals not progressing as quickly
as expected, leading to the conclusion that treatment is not
effective [34]. In addition, participants also reported quitting if
they had negative expectations about their treatment outcomes.
Individuals who do not believe that their treatment will be

effective often perceive it as inconvenient and quit trying another
therapy technique or spending their time elsewhere [35]. Overall,
adherence remains a problem in a variety of cCBT programs,
but various elements and tools can be used to encourage
adherence.

Researchers from different disciplines have presented multiple
suggestions to counteract the low adherence rates. One notable
suggestion is gamification, which can be defined as the
implementation of game elements, such as challenges, rewards,
badges, or levels, into a system [36,37]. Gamification has
emerged as one of the most widely used solutions for increasing
adherence [38,39]. Although it may not provide any additional
benefits in reducing depressive symptoms when coupled with
therapeutic techniques such as cCBT [40], it has been shown
to increase adherence in therapy trials for a variety of mental
health disorders, such as depression and anxiety [41,42]. Some
specific technological elements, including journaling, mood
tracking, and reminders, have been shown to effectively increase
engagement and aid in the reduction of depressive symptoms
in observational studies [43-46]. However, few studies have
experimentally investigated the effect of these elements on
adherence and mental health symptoms within mental health
apps.

One technological feature that has been largely overlooked in
mental health app research is customization. In the technology
domain, customization is the process of changing a product or
interface to make it more personalized to an individual’s
preferences or needs. Customization permeates through mobile
technology, such as the Apple iPhone, which allows the user to
create custom alarms, reminders, or ringtones. More specifically,
customization within mobile apps can include the creation of a
self-representative avatar. An avatar is a virtual representation
of a genuine user, where the user can alter various features, such
as hairstyle, clothes, skin color, and facial features. Users may
have a strong preference for programs that include customizable
avatars. For example, a qualitative study conducted focus groups
and interviews with adolescents exhibiting depressive symptoms
to investigate the usability of a cCBT fantasy game with avatars
(SPARX) [47]. This study found that participants enjoyed the
option of personalizing their characters, because they could
easily relate to the personalized characters [47]. On the basis
of prior research, this study used avatar customization to
increase app adherence and identification with the avatar.

To the best of our knowledge, only one study has experimentally
examined the connection between customization and mobile
mental health interventions [48]. Participants were randomized
to a condition in which they either created their avatar or were
assigned a random avatar that they could not personalize.
Baseline anxiety levels were assessed, and participants
completed either an attention bias modification training or a no
training control activity. Ultimately, the study found that the
participants’ ability to customize their avatar increased their
resilience to the induction of negative moods, their identification
with the avatar, their engagement, and the efficacy of therapeutic
training [48]. This study was among the first to directly
investigate the relationship between customization and anxiety,
as well as how avatar customization affects identification,
engagement, and efficacy. However, it is unclear whether
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customizable avatars can affect depressive symptoms.
Consequently, this study sought to fill this gap in prior research
by investigating the efficacy of avatar customization within a
CBT mental health app for depressive symptoms.

This Study and Hypotheses

Overview
Overall, prior research suggests that customization has the
potential to influence mental health symptoms, such as anxiety,
and increase adherence within a mental health app. When
combined with CBT, customization can increase adherence by
augmenting self-representation and escapism. The addition of
reminders and mood tracking may further increase adherence
by promoting app engagement and use of therapeutic tools. The
primary aim (aim 1) of this study was to examine the effect of
customization on depressive symptoms and adherence to a
mental health app, controlling for depression diagnosis. We
controlled for depression diagnosis, because prior research has
shown that cCBT mental health apps may be more effective for
those with subclinical compared with clinical levels of
depression [30,31]. The secondary aim (aim 2) was to explore
how the perceived usability of the mental health app and its
internal features (mood tracking, reminders, and journaling)
influenced depressive symptoms and adherence. To examine
these aims, this study used a 2-arm randomized controlled trial
(1:1 allocation ratio) to compare a mental health app with
customization (the intervention) and without customization (the
active control) on adherence and depressive symptoms. The
specific hypotheses of this study are outlined as follows.

Primary Hypotheses for Aim 1
The primary hypotheses for aim 1 include the following:

• H1: It is hypothesized that the ability to customize a
personal avatar will further reduce depressive symptoms
compared with the active control.

• H2: It is hypothesized that the level of adherence, measured
through the completion of the log-in questionnaires, will
be higher in the customization condition than in the active
control condition.

Primary Hypotheses for Aim 2
The primary hypotheses for aim 2 include the following:

• H3: It is hypothesized that as the number of journal entries
increases, symptoms of depression will decrease, and
adherence level will increase.

• H4: It is hypothesized that higher usefulness scores for the
reminders will lead to a higher level of adherence and
decreased depressive symptoms.

• H5: It is hypothesized that greater use and understanding
of mood patterns will lead to a higher level of adherence
and decreased depressive symptoms.

Exploratory Aims and Hypotheses
It is possible that individuals with depressive symptoms may
differ in their identification with their avatar; however, there is

limited prior research aimed at examining this possible
relationship. Thus, as an exploratory analysis, we examined
whether depressive symptoms were associated with differences
in identification with one’s avatar. In addition to investigating
the effect of CBT-based mental health app features on
depression symptoms, this study also examined the effect of
customization on anxiety and stress symptoms. Customization
is expected to reduce anxiety and stress.

Methods

Participants
The target population for this study was college students enrolled
full time. To address H1, an a priori power analysis (F-test,
repeated measures ANOVA, and within-between interaction)
was performed using the G*Power 3.1 (Universität Kiel). The
analysis sought to determine the number of participants
necessary to maintain a power level of 80% to detect a possible
effect at the P value of .05 level with 2 groups and 2
measurement time points. A meta-analysis was conducted to
determine whether various gamification elements improved the
reduction of depressive symptoms in different mental health
apps [40]. Cohen f for this experiment (f=0.16) was calculated
from the Hedges g (g=0.32) provided in the meta-analysis,
because both projects investigated mental health apps for
depression. According to this analysis, a sample of 80
participants would be needed to have 80% power to detect an
effect. Multimedia Appendix 1 presents the log of this power
analysis.

To recruit a sample representative of the depressive population,
296 participants were screened before beginning the study.
Participants were recruited through SONA Systems software,
a cloud-based participant recruitment pool or flyer
advertisements. The recruitment flyer and web-based
information said only that “beta testers” were needed, and
compensation would be provided. Participants received a course
or extra credit for their classes, if applicable, and a US $20
Amazon gift card if they fully completed the study. Despite the
large prescreening sample size, many individuals (n=109) were
ineligible or declined to complete the study (n=94). A total of
94 students from Clemson University completed the
prescreening and preassessment, and 88% (83/94) of students
completed all 3 mandatory requirements (the prescreening,
preassessment, and postassessment questionnaires). Participants
were randomly assigned by the computer database to either the
customization intervention (39/83, 47%; mean 20.462, SD
2.437) or the active control group (44/83, 53%; mean 20.978,
SD 2.633). The recruitment, screening, and study period lasted
from February 2022 to May 2022, when the semester was
concluded. Figure 1 shows visualization of the participant flow
diagram. Multimedia Appendix 2 presents the inclusion and
exclusion criteria.
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Figure 1. Participant flow diagram.

Materials

AirHeart App
AirHeart is a CBT mental health app designed exclusively for
this study to aid in reducing depressive symptoms. This app
immerses participants into a world of discovery as they travel
in a hot-air balloon to the 7 wonders of the modern world. Each
stop along their journey provides new depressive symptom
management techniques in the form of 7 cognitive behavioral
training modules, which encourage the implementation of new
cognitive strategies and offer new healthier behaviors. The
scripts for each module are presented in Multimedia Appendix
3. AirHeart includes other features, such as log-in
questionnaires, mood tracking, journaling, and reminders.
Further details of these features are provided in Multimedia
Appendix 4.

Experimental Manipulation: Customization and
Personalization
A total of 2 different elements within the intervention group
were customized: an avatar and a hot-air balloon. One of the
first steps of the AirHeart tutorial, led by both the app and a
research assistant introducing the participants to the app, was
avatar customization. This customization prompted the
participants to create an avatar to embody themselves by
tailoring the avatar’s skin, eye, hair color, and clothes. The
participants also customized their avatar’s hot-air balloon,
specifically tailoring the color of the balloon. Multimedia
Appendix 5 provides customization instructions, avatar
examples, and hot-air balloon examples.

In addition to the customization of the avatar and hot-air balloon,
the app asked for the participant’s name to personalize the
journal and mood tracking chart to the user. Use of the
participant’s name could be observed on the cover of the journal
and as a header on the mood tracker page.

Active Control Group: No Customization or
Personalization
The control version of AirHeart did not include avatar or hot-air
balloon customization. The control avatar was designed as a
gray, gender-neutral person with no specific features, and the
hot-air balloon was gray colored. This version of AirHeart asked
the participant’s name but did not use it in the journal or mood
tracker. The avatar for the active control condition is presented
in Multimedia Appendix 6.

Study Design
This study used a 2 (app condition: customization vs no
customization)×2 (time: baseline vs 14-day postintervention
period) mixed design, controlling for depression diagnosis
(coded as major depression disorder [MDD]: yes vs no). The
app condition followed a between-subjects design, time followed
a within-subjects design, and depression diagnosis represented
a covariate. Participants completed a baseline training and setup
session along with baseline questionnaires via a face-to-face
assessment; thereafter, participants completed the intervention
and postintervention questionnaires on the web.

Measures: Mental Health Symptoms
All questionnaires were based on self-reported data from
participants during the past 2 weeks.
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Depressive Symptom Questionnaire
The Patient Health Questionnaire (PHQ; PHQ-8) was
administered at baseline and after the intervention, and the
PHQ-4 was administered as part of the app design. Compared
with the PHQ-9, the PHQ-8 omitted questions regarding
self-harm and suicidal thoughts. The AirHeart app was not
specifically designed to alleviate suicidal ideologies, and it falls
out of the scope of this study. The PHQ-8 is an 8-item
questionnaire that assesses the frequency of depressive
symptoms over the past 2 weeks on a Likert scale, ranging from
0 (not at all) to 3 (nearly every day). The PHQ-8 indicates
symptoms of minimal depression (score of 0-4) to severe
depression (score of 17-24) [49]. The PHQ-4 is a 4-item,
shortened version of the PHQ-8.

Anxiety Symptom Questionnaire
The Generalized Anxiety Disorder-7 (GAD-7) is a 7-item
questionnaire measuring anxiety over the past 2 weeks, ranging
from minimal anxiety (0-4) to severe anxiety (15-21).
Participants responded to the 7 questions on a 4-point Likert
scale, ranging from 0 (not at all) to 3 (nearly every day). This
questionnaire asks about the frequency of nervousness, worry,
relaxation, irritability, restlessness, and fear [50].

Stress Questionnaire
The Perceived Stress Scale (PSS; PSS-10) was administered at
baseline and after the intervention, and the shortened PSS-4
was administered as part of the app design. The PSS is a 10-item
questionnaire measure of stress over the past month, with scores
ranging from 0 to 40, with 0 to 13 indicating low stress and 27
to 40 indicating high stress [51]. This questionnaire, which is
a shortened version of the PSS-14, presents scenarios to the
user and asks them to rank their responses on a 5-point Likert
scale, ranging from 0 (never) to 4 (very often).

Positive and Negative Affect Scale—Short Form
The Positive and Negative Affect Scale—Short Form is a
20-item questionnaire investigating participants’ positive and
negative emotions. This questionnaire contains 2 scales, one
for positive affect and the other for negative affect, with both
scores cumulatively ranging from 20 to 100 or 10 to 50 for each
scale. Some examples of the adjectives on the positive affect
scale used to describe participants’ current feelings include
“interested,” “strong,” or “excited,” whereas the negative affect
scale includes adjectives such as “distressed,” “hostile,” or
“scared” [52].

Measures: Usability and Adherence

Demographic Questionnaire
Various demographic factors, such as the participant’s gender
and age, were recorded during both the pre- and postintervention
surveys. In addition, during the preintervention period, questions
regarding the participants’ prior mental health app use and
clinical diagnosis were included.

Usability Questionnaire
The System Usability Scale (SUS) is a 10-item questionnaire
measuring the usability of a system or product using a 5-item
Likert scale, ranging from “strongly agree” to “strongly

disagree.” The scale ranges from 0 to 100, with any score of
≥68 being average and any score <68 is below average [53,54].

In addition to the SUS, the postassessment questionnaire also
collected self-report data regarding efficacy, convenience, and
usefulness of the reminders, mood tracker, journal, positive
feedback, and storytelling elements and whether participants
would continue to use the app if it was available for longer than
14 days.

Adherence Data
Adherence data were collected each day the participants logged
in to the app. The number of log-ins along with the days when
the participants used the app were compiled.

Procedure

Ethics Approval
Approval was first received from the Clemson University
Institutional Review Board (IRB2021-0879). In addition, this
study was preregistered on the open science framework [55].

Screening
Before participants began the baseline session using the AirHeart
app, they completed the PHQ-8 screening. To be eligible for
the study, participants received a score of ≥5, indicating at least
mild symptoms of depression. The participants had access to
the PHQ-8 via a Qualtrics survey. If a participant received a
score of ≤4, they were thanked for their time but were not
provided with the passcode to join the full AirHeart study.

Baseline Session
At the initial in-person baseline session, participants provided
written informed consent and completed the PHQ-8, GAD-7,
PSS-10, demographic survey, and filler questions on campus
laboratory computers via the Qualtrics web platform. The
informed consent document included privacy statements (eg,
participants’email would be retained) and campus mental health
hotline information. Participants were then randomly assigned
to either the intervention or the active control condition.
Participants were granted access to their version of the app on
their mobile phones. The participants were blinded to their
condition and were thus unaware of the experimental
manipulation. Blinding of the researcher to the condition was
impossible because the researchers were required to assist
participants in the download procedure of the AirHeart app. A
physical step-by-step guide was given to the participants, who
were instructed to follow along with the guide and were
encouraged to ask questions along the way.

To begin, the participants opened the app, which asked them to
register for an account, after which they met their avatars. In
the intervention condition, participants customized their avatar
to look like themselves, and the active control was simply given
the gray avatar. Next, participants completed the 16-item log-in
questionnaire consisting of the PHQ-4, PSS-4, and 8 positive
affect questions from the Positive and Negative Affect
Scale—Short Form and their first journal entry. After finishing
the prerequisites for the CBT modules, the home page was
shown, and participants were encouraged to start exploring their
first wonder (and thus the first CBT module). Once the first
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CBT module, “wonder,” was finished, participants were
prompted to set up reminders on their phone. They were then
informed that US $20 compensation would be given if they
completed the 7 modules, 7 journal entries, 7 log-in
questionnaires, and a postintervention survey. Once the
participants completed the steps on the guide in the app, they
exited the laboratory.

Intervention Period
After the initial session, participants completed 6 more modules
over the following 2-week period that were nearly identical to
the app experience in the baseline session. Multimedia Appendix
7 provides a detailed outline of the intervention period.

End-of-Intervention Assessment
A survey was emailed to the participants 1 day after the
completion of the 2-week intervention period. This survey
contained the original 3 questionnaires, the PHQ-8, GAD-7,
and PSS-10 as well as a usability scale (SUS) and questions
regarding the relationship of the participant to the avatar,
identification, and usability elements of the app features.

Data Analysis
To test aim 1, we performed a 2 (intervention type:
customization vs no customization control condition)×2 (time:
baseline vs postintervention) mixed effects analysis of
covariance, controlling for depression diagnosis. This analysis
was conducted to identify the effect of customization on

depressive symptoms over time (H1). We also conducted a
2-tailed independent sample t test for the adherence outcome,
the number of log-ins (H2). All analyses were performed using
an intent-to-treat approach.

To test aim 2, a correlation analysis was performed between
depressive symptom scores and journal entries (H3). Multiple
linear regressions were performed to assess the effect of
reminder usefulness (H4) and mood tracking understanding and
usefulness (H5) on adherence and depressive symptoms.

Results

Participant Characteristics
A total of 296 participants completed the prescreening, and 187
(63.2%) qualified for the full AirHeart study, but only 94
consented and completed the preassessment questionnaire. A
total of 83 participants also completed the postassessment
questionnaire (meanage 20.771, SDage 2.539 years); 33% (13/39)
reported a diagnosis of MDD in the intervention (meanage

20.487, SDage 2.516 years), and 25% (11/44) reported MDD in
the control condition (meanage 21.091, SDage 2.701 years). In
addition, 28% (11/39) of participants reported prior use of a
mental health app in the intervention condition, and 23% (10/44)
of the participants reported prior use of a mental health app in
the control condition. Further information regarding baseline
participant characteristics is presented in Table 1.

Table 1. Baseline participant characteristics overall and by condition.

Significance level (P
value)

No customization condition
(n=44)

Customization condition
(n=39)

Overall sample (N=83)Variables

.3021.05 (2.62)20.46 (2.44)20.77 (2.54)Age (years), mean (SD)

.37Gendera

32 (73)28 (72)60 (72)Female, n (%)

11 (25)8 (21)19 (23)Male, n (%)

1 (2)3 (7)4 (5)Nonbinary, n (%)

.5710 (23)11 (28)21 (25)Prior app use (yes), n (%)

.4111 (25)13 (33)24 (29)Major depression disorder diagnosis
(yes), n (%)

.519.73 (5.16)9.00 (4.82)9.39 (4.99)Depression scores, mean (SD)

.069.48 (4.78)7.62 (4.05)8.60 (4.52)Anxiety scores, mean (SD)

.7022.23 (4.10)22.56 (3.73)22.39 (3.91)Stress scores, mean (SD)

aF1,81=0.82.

Descriptive Information for System Usability
The SUS reached an average of 54.349 (SD 18.293; range
25-85) on a scale from 0 to 100, which was below the average
of 68. This below average score indicates that the AirHeart app
is below the average usability point, suggesting the necessity
of an update to make the app potentially less complex,
cumbersome, and more intuitive; however, the large SD
indicates a wide range of differing opinions.

Aim 1 Analyses

Effect of Customization Versus No Customization on
Depressive Symptoms
In accordance with the first hypothesis (H1), a 2 (time: baseline
and 14-day postassessment period) ×2 (condition: customization
or control) mixed analysis of covariance, controlling for
depression diagnosis (MDD: yes vs no), was conducted to
investigate whether the customization of a virtual avatar would
further reduce depressive symptoms over time. A significant
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main effect of time was observed (F1,79=8.044; P=.006;

ηp
2=0.092); however, no other effects demonstrated significant

differences: time×condition (F1,79=1.965; P=.17; ηp
2=0.024);

time×diagnosis (F1,79=2.575; P=.11; ηp
2=0.032);

time×condition×diagnosis (F1,79=1.269; P=.26; ηp
2=0.016);

condition×diagnosis (F1,79=.026; P=.87; ηp
2<0.001). Thus, the

app was effective in reducing depressive symptoms across all
participants, but customization had no significant effect. Thus,
H1 was not supported.

Effect of Customization Versus No Customization on
App Adherence
The independent sample t test results showed no significant
difference between the customization and no customization
active control conditions on AirHeart app number of log-ins
(P=.95). These results do not support H2. The descriptive
statistics for the log-in questionnaire, modules, and journal
entries are presented in Table 2.

Table 2. Descriptives for log-in questionnaires, journal entries, and modules completed overall and by condition.

Significance level (P value)No customization condition
(n=44), mean (SD)

Customization condition
(n=39), mean (SD)

Overall sample (N=83),
mean (SD)

Variables

.950.48 (2.65)0.51 (2.16)7.49 (2.42)Log-in questionnaire

.616.41 (2.94)6.13 (1.77)6.28 (2.45)Journal entries

.076.59 (1.09)6.92 (0.35)6.75 (0.84)Completed modules

Aim 2 Analyses

Relationship Between Depressive Symptoms and App
Features
Journal entry frequency was not significantly associated with
changes in depressive symptoms (postintervention minus
baseline depressive symptom levels: r=−0.076; P=.49).

A multiple linear regression with the 6 reminder statements
predicting changes in depressive symptoms did not reach

statistical significance (F6,68=1.305; P=.27), nor were any of
the individual 6 statements associated with depressive symptoms
(P=.08-.88). Table 3 presents the regression results.

A similar regression with the 4 mood tracking and usefulness
questions (Table 4) predicting changes in depressive symptoms
also failed to reach significance for the overall model
(F4,68=0.339; P=.85) and individual items (P=.32-.99). These
results failed to support H3 to H5 for the depressive symptom
outcome measure.

Table 3. Results of the multiple linear regression between reminder variables and change in depressive symptomsa.

Significance level (P value)t test (df)ßReminder variables

.70−0.382 (68)−.057The reminders helped me to remember to complete my modules

.08−1.792 (68)−.338The reminders were annoying

.231.206 (68).283The reminders were inconvenient

.171.377 (68).296I would turn off the reminders if I could

.231.214 (68).200The reminders helped improve the quality of the app

.880.151 (68).021I got excited when I saw the reminders

aChanges in depressive symptoms were defined as postintervention scores minus baseline depressive symptom scores.

Table 4. Results of the multiple linear regression between mood tracking variables and change in depressive symptomsa.

Significance level (P value)t test (df)ßMood tracking variables

.32−0.997 (68)−.159The mood tracking helped me understand my pattern of moods

.560.584 (68).105I liked being able to track my mood and symptoms

.99−0.016 (68)−.002I did not use the mood tracking

.66−0.448 (68)−.067The mood tracking made me want to use the app

aChanges in depressive symptoms were defined as postintervention scores minus baseline depressive symptom scores.

Relationship Between Adherence and App Features
In terms of adherence, journal entry frequency was positively
associated with adherence (r=0.638; P<.001). In addition, the
overall model for multiple linear regression with the 6 reminder

statements predicting the number of log-in questionnaires did
not reach statistical significance (F6,68=0.390; P=.88). None of
the individual reminder statement predictors were significant
(Table 5) in predicting usefulness on their own; therefore, H4
was not supported.
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In addition to journaling and reminders, questions regarding
the use and understanding of mood trackers were investigated
through multiple linear regression. The overall model did not

reach significance (F4,68=2.115; P=.09), nor did any individual
factor reach the level of significance. Therefore, H5 is not
supported. Table 6 presents the regression results.

Table 5. Results of the multiple linear regression between reminder variables and the number of log-in questionnaires completed.

Significance level (P value)t test (df)ßReminder variables

.530.629 (68).097The reminders helped me to remember to complete my modules

.560.587 (68).115The reminders were annoying

.95−0.065 (68)−.016The reminders were inconvenient

.83−0.219 (68)−.049I would turn off the reminders if I could

.51−0.660 (68)−.114The reminders helped improve the quality of the app

.281.089 (68).156I got excited when I saw the reminders

Table 6. Results of the multiple linear regression between mood tracking variables and the number of log-in questionnaires completed.

Significance level (P value)t test (df)ßMood tracking variables

.131.516 (68).230The mood tracking helped me understand my pattern of moods

.65−0.455 (68)−.077I liked being able to track my mood and symptoms

.07−1.814 (68)−.238I did not use the mood tracking

.56−0.588 (68)−.084The mood tracking made me want to use the app

Exploratory Analyses

Effect of Customization Versus No Customization on
Anxiety and Stress Symptoms
A 2 (time: baseline and 14-day postassessment period)×2
(condition: customization or control) mixed ANOVA was
conducted to investigate whether the customization of a virtual
avatar would further reduce anxiety symptoms over time. The
effects of time (P=.08), condition (P=.13), and time×condition
interaction (P=.28) were all nonsignificant. Customization did
not influence anxiety symptoms, and the AirHeart app did not
significantly reduce anxiety symptoms from the baseline.

Mixed ANOVA results for stress indicated that stress levels
significantly declined from baseline to after the intervention

(F1,79=11.438; P=.001; ηp
2=0.126), but customization did not

influence stress symptoms (time×condition: P=.29). The main
effect of the condition (P=.21) was nonsignificant.

Relationship Between Depressive Symptoms and Avatar
Identification
Bivariate correlations were conducted to investigate the
relationship between depressive symptoms and identification
with one’s avatar. Significant associations were observed
between depressive symptom scores and the statements “I
identified with my avatar” (r=−0.312; P=.02), “I felt a
connection with my avatar” (r=−0.305; P=.02), and “my avatar
was not like me” (r=0.338; P=.01); however, no other statement
reached significance. The results for the depressive symptoms
are presented in Table 7. Multimedia Appendix 8 presents the
results for anxiety and stress symptoms.

Table 7. Correlations between Patient Health Questionnaire-8 scores after 14 days and the Avatar Identification Questionnaire.

Significance level (P value)Pearson correlationAvatar Identification Questionnaire

.02−0.312aIdentified with avatar

.02−0.305aConnection with avatar

.010.338aAvatar was not like me

.200.174Avatar is more accomplished

.21−0.169I like my avatar

.11−0.217Avatar made AirHeart more enjoyable

.07−0.244Avatar made me want to use AirHeart

.16−0.189Avatar helped during modules

aCorrelation is significant at the .05 level (2-tailed).
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Discussion

Principal Findings
This study tested the effectiveness of customization within a
novel CBT-based mental health app (AirHeart) on depressive
symptoms and app adherence. Customization focused on virtual
avatar self-representations, vehicle representations, and the use
of an individual’s name throughout the app. The results indicated
that, on average, depressive symptoms decreased over time in
all participants. However, customization and personalization
of app features did not lead to a further reduction in depressive
symptoms (H1) or adherence (H2) compared with the control
group. Therefore, although depressive symptoms declined
overall, customization and personalization did not exert a
significant benefit on symptom reduction or adherence. Instead,
the core features of cCBT implemented within an app appear
to be independently effective.

The finding that depressive symptoms declined from baseline
after the 14-day app intervention period is consistent with
randomized controlled trials evaluating cCBT mental health
app efficacy [20,23,56-59]. More specifically, this finding aligns
with other studies showing that brief CBT-based mental health
apps, which consist of a short 4- to 8-module intervention, can
mitigate symptoms of depression [23]. However, this study did
not include a no app control group. Although the results showed
a significant reduction in symptoms from baseline to after the
intervention, the primary goal of the study was to compare
customization within 2 variants of a CBT-based mental health
app rather than to compare the effectiveness of the AirHeart
app to a control group.

In addition to depressive symptoms, we explored the effect of
AirHeart and AirHeart feature customization on anxiety and
stress symptoms. The results indicated that self-reported stress
levels decreased from baseline to after the intervention, but
there were no significant changes in anxiety symptoms. Similar
to the results for depressive symptoms, customization did not
significantly affect stress or anxiety levels. The AirHeart cCBT
modules targeted strategies for alleviating depressive symptoms
but were not designed for anxiety or stress symptoms. Thus,
the reduction in stress levels may represent an added benefit of
the cCBT mental health app.

The second aim of this study was to examine whether specific
app features, including journaling, mood tracking, and
reminders, were related to depressive symptoms and adherence.
Journal entry frequency was linked to adherence but not to
depressive symptoms. Users who journaled more frequently
had higher adherence levels. However, given the correlative
nature of this result, the directionality of this relationship is
inconclusive. It is possible that individuals who used the app
more frequently were also incidentally journaling more.
Furthermore, in contrast to our hypotheses, the results showed
that the likability and usefulness of mood tracking and the
helpfulness of reminders did not impact depressive symptoms
or adherence. This finding was surprising, given that prior
qualitative, mixed methods, and review studies have shown
evidence that journaling, mood tracking, and reminder features
within mental health apps for depression can effectively increase

engagement and aid in the reduction of depressive symptoms
[44-46]. We speculate that the nature of CBT module
delivery—exploring depressive symptom management strategies
by navigating through the wonders of the world—may have
been more engaging than the other features that we assessed.
Future research is needed to understand the role of these specific
app features in mental health symptoms and adherence.

Despite the prevalence of virtual avatars in apps, video games,
and virtual meeting platforms, there is an exceptionally limited
work characterizing individual difference factors that influence
the connection with a self-representative virtual avatar. As an
exploratory analysis, we examined the relationship between
virtual avatar identification and depressive symptoms. An
interesting finding of this study was that individuals with higher
levels of depressive symptoms did not identify or connect with
their virtual avatars. This finding was observed across both the
customization and no customization control conditions. Thus,
this negative relationship between depressive symptoms and
avatar identification was observed, regardless of the level of
customization and personalization within the app. This finding
diverges from other research, suggesting that participants would
form an attachment and identify with their virtual avatar
[48,60-62]. Although this finding may not support our
hypothesis, it suggests that individuals with higher depression
symptoms may have more difficulty in identifying with virtual
self-representative avatars, regardless of aesthetics or similarity
to themselves. This finding may be explained by specific
symptoms of depression. In particular, depressed individuals
often experience increased levels of self-loathing [2], which
could reduce their feelings of positive connection with a
self-representative avatar. In other words, if an individual does
not like themselves, it is reasonable to expect that they would
not like a virtual representation of themselves. Alternatively, it
is possible that the lack of certain avatar customization options
within the AirHeart app that are present within other apps may
have reduced identification.

With highly customizable avatars common in popular video
games, such as The Sims, Skyrim, and Animal Crossing, as
well as on mobile devices, such as Bitmojis, both unconscious
requirements and conscious judgments for not providing specific
hairstyles, skin color, accessories, or clothing may reduce the
identity of one’s avatar. Although several studies have examined
player expectations for in-game behavior, little research has
been documented regarding players’ expectations for the game
avatar creation system [63,64], and in particular, how mental
health conditions, such as depression, may influence avatar use
and identification.

Limitations
This study has certain limitations. First, technical difficulties
within the AirHeart app impacted the experiences of a few
participants. Participants who at times lacked a steady Wi-Fi
connection reported having difficulty accessing the log-in
questionnaires at the correct time. Although all participants who
reached out with difficulties responded within a 24-hour period
either by the researcher (SGS) or developer (HA), this could
have impacted the usability and effectiveness of the AirHeart

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e39516 | p.11https://mental.jmir.org/2022/8/e39516
(page number not for citation purposes)

Six et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


app. Furthermore, this limitation may have affected the SUS
scores reported by the participants.

In addition, owing to a technical error with the Qualtrics website
along with user error, one questionnaire regarding the
participants’ opinions about the features within the AirHeart
app was not saved to the Qualtrics survey; thus, participants did
not originally complete this questionnaire in their postassessment
period. Although a total of 16 participants completed the
questionnaire as a separate survey, there was a 19% (16/83)
participant loss for this questionnaire due to this error. This loss
of data impacted H3 and H4, which stated that the number of
journal entries and usefulness of reminders would both be
associated with heightened adherence and diminished depressive
symptoms.

Finally, customization options were limited to skin, eye, hair
color, and clothing choice. Participants were not able to
customize their facial expressions, facial features (eg, facial
hair and piercings), or personal features such as tattoos. In
addition, customization lacked some level of religious and
accessibility inclusivity, including the lack of wheelchair, hijab,
or yamaka options. Individuals may feel that such features are
a strong reflection of their identity, and without such options,
they may feel detached from their avatar.

Future Directions
The AirHeart mental health app provides a foundation for future
mental health app development and informs work on avatar

development. Future studies could replicate this design with
improved graphics and more customization options for both the
avatar and hot-air balloons. Animation could be added as a way
of increasing the potential connectivity with one’s avatar. More
research is needed on the overall connection with human avatars,
specifically on whether people identify more with avatars that
look like them or potentially look different, whether through
age, gender, or even species. Future studies are needed to
characterize the guidelines and requirements for high-level
avatar identification. In addition, ways to increase such avatar
identification for individuals with mental health conditions,
such as depression, are needed. Finally, future work is needed
to identify whether these findings can be generalized to a
broader, nonstudent population.

Conclusions
Numerous mental health apps use avatars, customization, and
gamification; however, the therapeutic benefits of these features
appear limited [40]. The findings of this study may provide
insights into the usability and functionality of certain mental
health app features to further refine app development. This study
provides empirical evidence that customization features within
cCBT mental health do not provide significant benefits for
symptom reduction or adherence over and above the CBT
intervention itself. Identifying specific app features that improve
app effectiveness is required to optimize the design of mental
health apps and improve users’ mental health symptoms.
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Abstract

Background: Artificial intelligence has the potential to innovate current practices used to detect the imminent risk of suicide
and to address shortcomings in traditional assessment methods.

Objective: In this paper, we sought to automatically classify short segments (40 milliseconds) of speech according to low versus
imminent risk of suicide in a large number (n=281) of telephone calls made to 2 telehealth counselling services in Australia.

Methods: A total of 281 help line telephone call recordings sourced from On The Line, Australia (n=266, 94.7%) and 000
Emergency services, Canberra (n=15, 5.3%) were included in this study. Imminent risk of suicide was coded for when callers
affirmed intent, plan, and the availability of means; level of risk was assessed by the responding counsellor and reassessed by a
team of clinical researchers using the Columbia Suicide Severity Rating Scale (=5/6). Low risk of suicide was coded for in an
absence of intent, plan, and means and via Columbia suicide Severity Scale Ratings (=1/2). Preprocessing involved normalization
and pre-emphasis of voice signals, while voice biometrics were extracted using the statistical language r. Candidate predictors
were identified using Lasso regression. Each voice biomarker was assessed as a predictor of suicide risk using a generalized
additive mixed effects model with splines to account for nonlinearity. Finally, a component-wise gradient boosting model was
used to classify each call recording based on precoded suicide risk ratings.

Results: A total of 77 imminent-risk calls were compared with 204 low-risk calls. Moreover, 36 voice biomarkers were extracted
from each speech frame. Caller sex was a significant moderating factor (β=–.84, 95% CI –0.85, –0.84; t=6.59, P<.001). Candidate
biomarkers were reduced to 11 primary markers, with distinct models developed for men and women. Using leave-one-out
cross-validation, ensuring that the speech frames of no single caller featured in both training and test data sets simultaneously,
an area under the precision or recall curve of 0.985 was achieved (95% CI 0.97, 1.0). The gamboost classification model correctly
classified 469,332/470,032 (99.85%) speech frames.

Conclusions: This study demonstrates an objective, efficient, and economical assessment of imminent suicide risk in an
ecologically valid setting with potential applications to real-time assessment and response.

Trial Registration: Australian New Zealand Clinical Trials Registry ACTRN12622000486729;
https://www.anzctr.org.au/ACTRN12622000486729.aspx

(JMIR Ment Health 2022;9(8):e39807)   doi:10.2196/39807

KEYWORDS

voice biometrics; suicide prevention; machine learning; telehealth; suicide; telehealth; risk prediction; prediction model; voice
biomarker; mental health
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Introduction

Suicide remains the 4th leading cause of death among 15- to
45-year-olds internationally [1]. However, traditional risk
factor–based assessment has failed to identify suicide risk in a
targeted and timely manner [2]. There has been historically a
poor understanding of which risk factors contribute most to
identifying an escalation in suicide risk [2]. This has led to calls
for alternative approaches to evaluation, coupled with more
powerful means of analysis [3].

Suicide risk assessment using voice biomarkers holds significant
promise. Several candidate voice biomarkers have been
identified that discriminate accurately between low and high
risk of suicide, including timing and prosody–based features
[4]. When combined with high-powered forms of statistical
analysis (eg, machine learning), voice biomarkers offer an
objective, unobtrusive, and economically feasible approach for
this purpose.

In a promising study by Pestian and colleagues [5], an accuracy
of 85% was obtained using a range of voice biomarkers that
classified 379 calls according to the 3 categories of high risk of
suicide, mentally ill without prior history of suicidal ideation,
and healthy controls. However, the classification was obtained
using support vector machines, a powerful machine learning
approach that can analyze nonlinear data, but for which post
hoc interpretability is unavailable [6]. Thus, with a support
vector machine, it is difficult to understand which voice
biomarkers are important and which are not. These important
considerations will be addressed in our new study.

Souririajan and colleagues [7] replicated the Pestian and
colleagues [5] study with 94 US veterans, meeting the criteria
for Gulf War syndrome measured at months 0, 1, 2, 3, 6, and
12 after recruitment. A range of voice biomarkers provided only
modest discrimination between low and high risk of suicide
(area under the receiver operating characteristic curve=0.64)
[7]. However, male Gulf War veterans, who formed the majority
of the sample (80.0%), are at lower risk of suicide than the
general population [8], and reliance upon item 9 of the Patient
Health Questionnaire alone (“Thoughts that you’d be better off
dead, or thoughts of hurting yourself in some way?”) is
associated with higher rates for false positives when compared
with the more comprehensive Columbia Suicide Severity Rating
Scale used by Pestian and colleagues [5].

Attempts have been made by a number of international
jurisdictions to codify a hierarchy of patient suicide risk and
appropriate response. Following the UK guidelines, Victoria,
Australia has developed the Statewide Mental Health Triage
Scale [9]. Seven levels of risk are defined, with “current actions
endangering self” afforded the highest level of risk, followed
by very high risk of imminent harm, high risk, moderate risk,
low risk, referral required, and advice or information provision
at the lowest level of risk. The second highest category, very
high risk, specifies acute suicidal ideation accompanied by clear
plan and means. Neither Pestian and colleagues [5] nor
Sourirajan [7] clearly indicated which level of risk was being
targeted in their studies. In this new study, we are targeting low
risk and below compared with very high risk of imminent harm.

Furthermore, the studies by Pestian and colleagues [5] and
Sourirajan [7] lack translation into real-world settings. Based
on their studies, high levels of accuracy seem plausible only
when participants are recruited from inpatient services [10,11],
interviewed under lab conditions, and risk of suicide is assumed
to remain static over time. To extend the generalizability of
these findings, participants need to be recruited from
ecologically valid settings and assessed when elevation in
suicide risk occurs.

The help line services we partnered with in this study represent
ecologically valid settings. Help line services have played an
important role in early detection and response to suicide risk in
the community since the early 1950s [12]. In recent years, help
line services have witnessed a significant increase in the volume
of suicide-related presentations resulting from the COVID-19
pandemic [12,13]. Help line services support important avenues
of suicide detection and prevention by providing equitability
of access, promotion of disclosures and trust, and
supplementation of traditional forms of health care [14].
However, suicide assessment via telehealth is challenged by
the absence of nonverbal cues, by time limitations, and by the
reticence of some callers to verbally express suicidal intent [15].

Where there is reasonable suspicion that the caller may have
taken actions to endanger themselves, emergency management
protocols can be triggered. This typically involves dispatch of
police and ambulance to perform a welfare check. However,
scarce emergency resources can also be dispatched when the
caller is not at imminent risk, thus potentially diverting
life-saving services from other emergencies. Alternatively, there
is the threat of a serious risk of harm when imminent risk of
suicide is not detected and therefore not responded to. These
unfortunate high-stake scenarios can result in high-pressure
work environments that can adversely affect service providers
and the individual affected, making it critically important that
assessments of imminent suicide risk are as close to 100%
correct as possible.

Artificial intelligence has the potential to detect risk of suicide
in an accurate, efficient, and timely manner. Although there is
initial evidence for the efficacy of such an approach [4], current
evidence lacks application to real-world ecologies and real-time
assessment, both of which are essential if these insights are to
move beyond the lab. Thus, we aimed to use artificial
intelligence approaches to automatically classify in real time a
large sample of telephone counselling calls made to Australian
suicide-prevention help line services using voice biomarkers.
By classifying counselling help line calls to a very high level
of accuracy, we aim to demonstrate a viable support to existing
help line infrastructure that can be employed in real time.

Methods

Multimedia Appendix 1 illustrates the analysis workflow.

Call Recordings
A total of 532 telephone call recordings were sourced for this
retrospective observational study. Of these, 77 (14.5%) featured
imminent risk of suicide, while 204 (38.3%) featured low risk
of suicide. Participants were callers of Suicide Call-Back Service
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(a national help line service coordinated by On The Line,
Australia) and 000 Emergency Services, Canberra wishing to
discuss themes relevant to suicide risk. On The Line call
recordings (n=517, 97.2%) were randomly sampled from July
1, 2019, to June 30, 2021, stratified by organizationally
determined suicide risk level and disclosed sex of caller. In the
case of 000 calls (n=15, 2.8%), call recordings were randomly
sampled over the same time to reflect callers exhibiting
imminent risk of suicide, necessitating emergency services’
response. Moderate-risk calls (236/517, 45.6%; Columbia
Suicide Severity Risk ratings= 3 or 4) were removed from
further analysis as they were not relevant to the aims of the
study.

Ethics Approval
No contact information for callers was possible, and a waiver
of consent was granted by the Swinburne University Human
Research Ethics Committee (reference number: 2021-4340).
This study is reported in accordance with the CONSORT
(Consolidated Standards of Reporting Trials) checklist [16]. A
CONSORT attrition flowchart is provided in Multimedia
Appendix 2. This study was registered with the Australian and
New Zealand Cl in ica l  Tr ia ls  Regis t ry
(ACTRN12622000486729) [17].

Preprocessing of Calls
All calls were recorded in monochannel 8-kHz, 32-bit float
format. Preprocessing involved transformation to 16-bit
pulse-code modulation format, normalization, and pre-emphasis,
which attenuated low signals and emphasized higher frequency
signals to clarify the degree of audibility. This was important
to reduce the effect of background noise. Listwise removal of
silent frames (1,283,286/1,752,618, 73.2% speech frames) was
performed prior to the following analyses.

Selection of Low Versus Imminent Risk of Suicide
Calls for Analysis
A multigated approach informed the designation of suicide risk
level. Imminent risk of suicide was confirmed via affirmative
responses (by the caller) to the following 3 screening questions:
“are you having thoughts of suicide?”, “do you have a plan?”,
and “are the means available?”, in compliance with triage
guidelines [11]. The level of risk was then reassessed at the
conclusion of each call by the responding counsellor using an
organizationally developed framework; 6-point Likert-style
scale (0-1=low; 2-3=medium; and 4-6=high). Responding
counsellors also made clinical notes (eg, presentation of
important content), which were inspected to ensure good
correspondence to the assigned levels of suicide risk.

The level of risk for each call was then reassessed by a team of
associate researchers (n=6), blinded to the initial rating. The
associate researchers were psychologists either provisionally
or fully registered with the Psychology Board of Australia, who
had substantial prior experience working with suicidal
presentations in telehealth settings. A random sample of calls
(n=100) was provided to each researcher for reassessment using
the Columbia Suicide Severity Rating Scale, a validated measure
of suicide risk when used by clinicians [18] and administered
via telephone [19]. Interrater reliability (kappa) of the Suicide

Severity Rating Scale among the team of 6 associate researchers
was 0.92 for a random selection of 12 recordings. The
researchers were also asked to annotate segments of each
recording using appropriate audio software (Audacity, Version
2.4.2; Audacity Team). Annotated segments of each recording
were to be free from the counsellors’voice as much as possible.
Each annotated segment of speech was also described using
mental status examination language.

Derivation of Voice Biomarkers for Identifying
Imminent-Risk Calls
Each annotated sound segment was divided into 50%
overlapping 40 milliseconds Blackman-filter windowed frames
[20]. The frame size ensured an adequate level of magnification
of important characteristics at the center of the frame, while the
degree of overlap ensured that the tails of each window did not
remove valuable information. The modelling of risk occurred
via 36 different voice biomarkers. Voice biomarkers are defined
at both the 40 milliseconds speech frame and segment levels in
the generalized additive mixed effects regression model
described below.

Reduction of Voice Biomarkers Using Penalized Lasso
Regression
Penalized Lasso regression [21] was performed in the first
instance to reduce the number of possible predictors to only
those with a strong relationship with suicide risk. However, this
model assumes linear relationships between predictors and
response (conveyed via a logit link function) and ignores gender
effects and correlations among segments across a single call.
Thus, this model was used primarily to reduce the set of
predictors that informed subsequent analyses.

Validation via Mixed Effects Generalized Linear
Regression
A 3-level model best reflected the approach to data collection.
This model was used to confirm the significance of the reduced
predictor set and test for significant moderation by caller sex,
while allowing for the correlation between speech frames within
each call. Model variables are summarized in Multimedia
Appendix 3.

Splines were applied to each biomarker to account for
nonlinearity [22]. Random intercepts at level 3 accounted for
differences between individual calls, and a binomial model with
logit link was used to identify imminent risk speech frames in
terms of the level 1 and 2 voice biomarkers.

Without a comparable prior study, a power analysis for the final
classification algorithm was not feasible. However, Pestian and
colleagues [5] were able to achieve levels of classification
accuracy of 85% with 371 recordings (level 2) and ~15 voice
biomarkers (level 1). With a more precise classification model
(component-wise gradient boosting) and a mixture of level 1
and level 2 predictors, we anticipated that a smaller sample size
would suffice for this new study.
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Classification of Calls Using a Gradient Boosting
Classification Model
Although powerful, support vector machines, as used by Pestian
and colleagues [5], have notable disadvantages. Computation
time is prohibitive when the data set is large (eg, >100,000
observations) and the choice of kernel, which allows the
algorithm to choose a path of demarcation between groups while
minimizing misclassification error, can be difficult. This is
especially true when there is little to guide the choice of kernel,
which is the case in analysis problems concerning voice
biometrics. Finally, the mathematical complexity of support
vector machines reduces the transparency of classification
decision-making.

In comparison to support vector machines, gradient boosting is
a computationally simpler approach that addresses many of the
aforementioned problems. However, in its base implementation,
it assumes linearity among the predictors. This can be remedied
with an alternative implementation. Component-wise gradient
boosting can analyze nonlinear data by first estimating a
generalized additive mixed model with splines added, and then
applying each model component (individual predictors and
random components) to achieve the best reduction in
classification error (eg, see Hofner [23] for a detailed overview).
It is an approach that also allows for sex-moderated effects for
all biomarkers.

Leave-one-out cross validation was used to test the classification
accuracy of the gamboost model and to prevent information
leakage occurring if data from one participant was used in both
the training and test data sets. Thus, n–1 callers were used to
train the model, leaving the nested speech frames of a single
caller as the test case, ensuring independence of data between
training and test data sets. Classification probabilities were
derived for each speech frame (40 milliseconds) within each
hold-out caller. Frame level classification probabilities were
summarized by the mean classification probability for each
hold-out caller.

The Youden J index was used to derive the ideal cut point that
maximized upon both sensitivity and specificity of the
classification accuracy across all hold-out callers in relation to
binary precoded suicide risk level. A total of 1000 bootstrap
samples were estimated, and the mean of these estimated
samples was used as the ideal cut point. This approach
minimizes sample-specific bias and possible overestimation of
diagnostic utility, as discussed in Thiele and Herschfeld [24],
and is an approach used by other authors, such as Hentschel
[25].

Overfitting is suggested when there is a drop in classification
accuracy between training and validation classification accuracy,
suggesting that the algorithm has memorized the basis for
classification and applies these insights poorly to new data.
Classification accuracy was determined via accuracy measures

including area under the receiver operating characteristic and
area under the precision-recall curve. Plain language descriptions
of all voice biometrics are contained in Multimedia Appendix
4.

Results

Select caller demographics are summarized in Multimedia
Appendix 5. The sample comprised 77/281 (27.4%) callers at
imminent risk of suicide and 204/281 (72.6%) at low risk of
suicide (n=87, 40% male callers and n=194, 70% female callers).
Voice biomarkers were derived and analyzed for each of the
470,032 forty-millisecond speech frames. Median number of
annotated segments per recording was 13.0 (SD 14.58), and
median length of each segment was 118.50 (SD 120.19)
milliseconds.

Reduction of Voice Biomarkers Using Penalized Lasso
Regression
Penalized Lasso regression was performed to reduce the number
of voice biomarkers used to predict imminent suicide. A total
of 36 initial voice biomarkers were reduced to 12. The
significant predictors are summarized in Multimedia Appendix
6.

Validation via Mixed Effects Generalized Linear
Regression
A generalized additive mixed model was employed to validate
the 12 predictors chosen by the Lasso regression. The model

explained 12.0% (adjusted R2) of the variance in risk level at
the segment level (N=3070 annotated segments).

Table 1 summarizes the significance of spline coefficients in
the generalized additive mixed model. Sex of caller was a
significant moderator. The effective degrees of freedom indicate
the degree of nonlinearity for each voice biomarker, with higher
effective degrees of freedom indicating a greater degree of
nonlinearity, and effective degrees of freedom close to 1
indicating linearity. Figure 1 illustrates the relationship between
each voice biomarkers and the probability of imminent suicide,
separately for male and female callers. For example, the plot of
root mean squared amplitude suggests that both male and female
callers speak with less signal strength (conceptually analogous
to speaking in hushed tones) when at imminent risk of suicide.
Conversely, increases in spectral slope were observed in both
male and female callers as the level of risk of suicide increased,
suggesting an increase in physiological effort when experiencing
increasing suicidal stress.

These results confirmed that 11 (92%) of the 12 voice
biomarkers were significant predictors of imminent suicide risk.
First formant frequency, which proved nonsignificant for both
male and female callers, was not included in the subsequent
Component-wise gradient boosting model.
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Table 1. Voice biomarker significance in the prediction of suicide risk: generalized additive mixed modela (adjusted R2=0.12; N=3070).

P valueF-testEDFb95% CISEβVoice biomarker significance

Male

<.00110.994.23(–19.26, –18.77)6.91–19.02Root mean squared amplitude (dB)

.321.001.00(–1.14, –1.07)1.10–1.10Dominant frequency (Hz)

.0067.561.00(–2.24, –2.18)0.80–2.21Entropy

.630.231.00(–0.45, –0.39)0.89–0.42Formant1 frequency (Hz)

.063.052.46(–0.65, –0.56)1.28–0.60Formant1 width (Hz)

.291.111.00(–0.91, –0.85)0.84–0.88Formant2 frequency (Hz)

<.00110.163.57(2.06, 2.12)0.862.09Formant2 width (Hz)

<.00122.681.00(–3.64, –3.59)0.76–3.61Formant3 frequency (Hz)

<.0019.521.00(8.47, 8.67)2.798.57Loudness

.370.821.03(–1.19, –1.10)1.27–1.1450th quartile (Hz)

.122.211.00(–1.07, –1.02)0.71–1.05Roughness

<.0014.764.10(7.53, 7.67)2.097.60Spectral slope

Female

<.0017.113.74(–3.75, –3.59)2.28–3.67Root mean squared amplitude (dB)

.016.631.02(–2.44, –2.37)0.90–2.41Dominant frequency (Hz)

.470.541.00(0.34, 0.38)0.490.36Entropy

.022.714.34(–3.13, –3.05)1.10–3.09Formant1 frequency (Hz)

.072.003.44(3.23, 3.32)1.353.28Formant1 width (Hz)

.024.182.79(0.14, 0.19)0.760.17Formant2 frequency (Hz)

<.0015.522.90(–0.76, –0.72)0.58–0.74Formant2 width (Hz)

.530.391.01(0.30, 0.34)0.500.32Formant3 frequency (Hz)

<.0018.341.91(–6.13, –5.81)4.55–5.97Loudness

<.00110.561.03(–2.56, –2.50)0.74–2.5350th quartile (Hz)

.0054.652.58(1.60, 1.64)0.621.62Roughness

<.00110.534.10(4.94, 5.03)1.204.99Spectral slope

aMale versus female: β=–.84; SE 0.002, 95% CI (–0.85, –0.84), t=6.59 (2 tailed); P<.001.
bEDF: effective degrees of freedom.
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Figure 1. Plots of generalized additive mixed effects model predictors; nonlinear relationship between voice biomarkers and the risk of suicide with
95% CIs.

Classification of Calls Using a Gradient Boosting
Classification Model
Component-wise gradient boosting was used to classify each
speech frame in terms of low and imminent risk of suicide.
Leave-one-out cross-validation was used to test the classification
accuracy of the gamboost model. A Youden J index value of
0.51 optimized upon both sensitivity and specificity in the

classification of imminent risk. We correctly classified
469,332/470,032 (99.85%) speech frames (area under the
receiver operating characteristic=1.0, 95% CI 1.0-1.0; area under
the precision-recall curve=0.989, 95% CI 0.97-1.00).

While all low–suicide-risk speech frames were correctly
classified, 700 (0.53%) of the 132,741 imminent risk frames
were misclassified as low. This corresponded with the speech
frames of a single caller in the 000 Emergency Services,
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Canberra sample. Upon closer inspection, this caller presented
in an intoxicated manner, having ingested a “large amount of
sleeping tablets.” Mental status examination annotations made
by the reviewing team of psychologists indicated this caller
spoke with slow-to-normal rate of speech and flat-to-neutral
affect, and was responsive to all questions asked, a presentation
similar to many low–suicide-risk callers.

Discussion

The development of a timely and accurate form of suicide risk
assessment remains a significant challenge, especially if
implemented in a real-time capacity as required by
suicide-prevention help lines. In this study, we sought to
automatically classify short segments of speech obtained from
2 suicide-prevention telehealth services in Australia, according
to low and imminent risk of suicide using supervised machine
learning approaches. We successfully classified 469,332/470,032
(99.85%) speech frames, with only a small number
(700/132,741, 0.53%) of high-risk speech frames misclassified.

Our study compares favorably with the findings of Pestian and
colleagues [5], who successfully classified 322 (85.0%) of 379
participant recordings discriminating between low and high risk
of suicide, using support vector machines. However, our study
differs in a number of important ways from the aforementioned
study. Rather than classify suicide risk at the holistic recording
level, we instead classified risk at the 40 milliseconds frame
level. This allowed us to expand upon the size of the data set
upon which the classification algorithm could be trained and
validated, allowing for a more nuanced assessment of each voice
biomarker. This approach also demonstrates that only a short
segment of a call is required for suicide risk classification,
suggesting that the algorithm can be used for triage purposes
based on only a short exchange (eg, an exchange with a triaging
chatbot).

Second, we achieved a greater level of transparency and
refinement than was afforded by the support vector machine in
the study by Pestian and colleagues [5]. Figure 1 illustrates the
exact nature of the relationship between the 11 voice biomarkers
and the level of risk of suicide for men and women and suggests
several discernible nuances in the ways male and female callers
might speak when experiencing suicidal stress.

Finally, we reduced the numbers of possible predictors (via
Lasso regression) to ensure that only the most statistically
relevant biomarkers were included in later models. Our choice
of generalized additive mixed model validated the use of all but
one of the voice biomarkers selected by the Lasso regression.

However, there are limitations in our approach. We did not
include callers of minority status, such as members of the
LGBTIQ+ (lesbian, gay, bisexual, transgender, intersex, queer,
and other people of diverse sexuality, gender, or bodily
characteristics) communities and callers of non–English
speaking backgrounds. These community members may offer
valuable information that can further enhance the diversity of
input, practical outcomes, and nuance of our analyses overall.

We were also not always successful in classifying all calls in
the imminent suicide risk category. The similarity between the
presentations of the single misclassified imminent risk caller
and other low suicide risk callers suggests a possible subsample
of callers who may be in the midst of a suicide attempt that is
not being recognized by our classification approach. This is of
concern given this presentation is most at need of timely
emergency support. This suggests a possible role for other forms
of classification such as natural language processing of
speech-to-text translation, which might reduce similar
misclassifications in the future.

There were also notable strengths in our approach. Our industry
partnerships with On The Line, Australia and the Australian
Federal Police, Canberra ensured that we could trial this novel
technology in ecologically valid settings, where call quality is
often degraded and background noise evident. This contrasts
with the clinical settings within which the majority of studies
have thus far been conducted. Our multigated approach to the
assignment of suicide risk to each call ensured the establishment
of a credible ground truth that was pivotal in accurately training
the classification algorithm. Our choice of advanced statistical
modelling has ensured a robust account of error variance in
estimating the probability of imminent suicide. A final strength
of this study is the visualization of imminent risk of suicide in
terms of voice biomarkers allowing for nonlinearity.

This study has taken evidence from 25 years of pilot research
and extended it to real world scenarios involving
present-moment intent to suicide. However, it would be
beneficial to control for caller age. We did not control for age
in any of our analyses; however, given the well-documented
age-related changes in vocal quality, this should feature in
subsequent analyses and would boost an account of variance
achieved by future mixed effects modelling. Finally, these
compelling findings suggest possible implementation within a
suicide-prevention telehealth service as an avenue worthy of
further exploration.
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Abstract

Background: Depressive symptoms are highly prevalent among adolescents in Western countries. However, although treatment
for depressive symptoms is available, many adolescents do not seek help when they need it. Important barriers to help-seeking
among adolescents include low mental health literacy and high stigma. Therefore, we have developed a game-based school
program, Moving Stories, which combines mental health literacy training for depression with contact with someone with lived
experience both in the digital and nondigital world.

Objective: The aim of this study is to conduct a first test of the effectiveness of the newly developed game-based program,
Moving Stories, using a cluster randomized controlled trial.

Methods: A total of 185 adolescents participated, divided over 10 classes from 4 schools. Half of the classes were randomly
selected to follow the Moving Stories program, whereas the other half were in the control group, where no intervention was
provided. The adolescents filled out digital questionnaires at 4 time points, with questions on mental health literacy, stigma,
depressive symptoms, and the program itself (before the program, after the program, 3-month follow-up, and 6-month follow-up).
Using R (R Foundation for Statistical Computing), we ran linear mixed-effects models for all continuous outcome variables and
generalized linear mixed-effects models for all binary outcome variables.

Results: Compared with the control group, participants in the Moving Stories group improved after the program in personal
stigma (b=−0.53, 95% CI −1.02 to −0.03; t179.16=−2.08; P=.04). Effects on personal stigma lasted over time (3-month follow-up:
b=−0.57, 95% CI −1.11 to −0.03; t174.39=−2.07; P=.04). Most adolescents in the Moving Stories group participated in the introduction
(97/99, 98%) and contact session (93/99, 94%), played the game for 4 or 5 days (83/99, 83%), and indicated that they would
recommend the game to their peers (90/98, 92%).

Conclusions: The results of this study show the potential of Moving Stories as a stigma reduction program. With changes in
the program to improve its effects on mental health literacy, Moving Stories could be implemented in schools to improve
help-seeking in adolescents and reduce the negative consequences and burden of depressive symptoms.

Trial Registration: Dutch Trial Register NTR7033; https://trialsearch.who.int/Trial2.aspx?TrialID=NTR7033

International Registered Report Identifier (IRRID): RR2-10.2196/11255
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Introduction

Background
Depressive symptoms are highly prevalent among adolescents
in Western countries [1-3] and increase the risk of developing
a depressive disorder later in life [4,5]. Both depressive
symptoms and a depressive disorder have many negative
consequences, including social, academic, and physical problems
[6,7]. In extreme cases, a depressive disorder can lead to suicidal
thoughts and suicide attempts [2,4]. Suicide is one of the main
causes of death among youths worldwide [2]. Owing to these
detrimental consequences, it is vital that adolescents seek help
if they experience depressive symptoms. However, although
treatment for depressive symptoms is available [8-12], many
adolescents do not seek help when they need it [13-15].
Moreover, the longer it takes to receive help, the worse the
response to treatment is [16].

Important barriers to help-seeking among adolescents are low
mental health literacy and high stigma [13,17]. Mental health
literacy comprises “knowledge and beliefs about mental
disorders which aid their recognition, management or
prevention” [18], whereas stigma “exists when elements of
labeling, stereotyping, separation, status loss, and discrimination
occur together in a power situation that allows them” [19]. Social
support, on the other hand, increases help-seeking [13]. In light
of the high prevalence and negative consequences of depressive
symptoms, it is pivotal to lower barriers to help-seeking.
Therefore, we developed a game-based school program, called
Moving Stories, that targets mental health literacy and stigma
on depression [20]. The aim of this study is to examine the
effectiveness of this program.

Mental Health Literacy and Stigma
Mental health literacy is a broad concept that not only concerns
knowledge of mental health disorders but also refers to
connected actions, both by those who need help themselves and
by those close to them [18,21]. More specifically, Jorm [21]
defined the main components of mental health literacy as “(a)
knowledge of how to prevent mental disorders, (b) recognition
of when a disorder is developing, (c) knowledge of help-seeking
options and treatments available, (d) knowledge of effective
self-help strategies for milder problems, and (e) first aid skills
to support others who are developing a mental disorder or are
in a mental health crisis.” The Moving Stories program targets
recognition (component b), knowledge of help-seeking options
and treatments (component c), and first aid skills (component
e), specifically for depression in youth [20]. The goal of the
Moving Stories program is to improve help-seeking. As
component (a) of mental health literacy concerns the prevention
of mental disorders and component (d) concerns knowledge of
self-help strategies, we decided not to focus on these 2
components.

In adolescents, recognizing mental health disorders such as
depression has been linked to choosing appropriate help [22]
and increased help-seeking recommendations to peers in need
[22,23]. However, most adolescents have trouble identifying
depressive symptoms [24]. Adolescents also have limited
knowledge of help-seeking options and available treatments.
Often, they do not know how and where to seek help [25].
Moreover, adolescents prefer to seek help from people they
know [23,26-28] and believe this help to be the most beneficial
[29]. Unfortunately, seeking help solely from peers is
inadvisable as peers are usually not able to provide the help that
is warranted [21,30]. Therefore, improving symptom
recognition, knowledge of appropriate help and treatment, and
first aid skills in adolescents is important in furthering
help-seeking.

Although improving symptom recognition is a good strategy to
enhance help-seeking, recognizing depressive symptoms and
labeling someone as mentally ill have also been linked to
stigmatizing attitudes [31]. Both personal and perceived
stigmatizing attitudes have been found to hinder help-seeking
[13,32-35]. Personal stigma refers to a person’s “own attitudes
to a mentally ill person,” whereas perceived stigma refers to a
person’s “perceptions of the attitudes held by other people”
[36]. High personal stigma in adolescents is also related to
poorer first aid skills [37]. Therefore, programs that target
mental health literacy should also, to a similar extent, focus on
reducing stigmatizing attitudes.

Stigma and Mental Health Literacy Programs
Several studies have tested the effectiveness of programs
specifically aimed at reducing stigma toward mental health.
Meta-analyses have shown that antistigma programs, in general,
are effective in reducing stigma [38,39]. Successful elements
of antistigma programs are education regarding mental health
disorders and direct or indirect contact with someone who has
experienced a mental health disorder. Research on mental health
literacy programs among youth is scarce. Most programs that
include components targeting mental health literacy primarily
focus on enhancing mental health rather than literacy [40].
Moreover, most studies on mental health literacy lack a rigorous
evaluation with a randomized design, validated measures, or
follow-up measurements [40-42]. There are a few exceptions,
and these more rigorous studies show promising results (eg,
Headstrong [43] and teen Mental Health First Aid [44-47]).
Despite these promising results, currently available mental
health literacy programs for youth are subject to limitations.
Moreover, there has been some criticism of the way contact
sessions with someone with lived experience with a mental
health disorder are organized in stigma programs for youth
[48,49].

Few mental health literacy programs target behavioral mental
health literacy components (ie, help-seeking and first aid
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behavior). Most programs aim to improve knowledge and
attitudes but do not focus on changing behavior [21]. In addition,
most mental health literacy programs are fairly didactic, whereas
adolescents themselves prefer more interaction [40]. Studies on
stigma programs in young adolescents have reported possible
limitations of contact sessions, including that when effects are
not found, it could be because of (1) the length of a contact
session (eg, when it is just 1 hour [49]), (2) the way the person
with lived experience is introduced (eg, when a surprise
introduction is used, which distracts the adolescents from the
provided information [48]), and (3) the age difference between
the adolescents and the person with lived experience (eg, when
an adult is presenting their story to adolescents [48]). We argue
that a program that makes use of a video game, which is
combined with a contact session with someone with lived
experience, could address these limitations. In video games,
adolescents can practice help-seeking and first aid behaviors in
a safe but engaging environment [50]. Games are excellent
learning tools as they provide immediate feedback on players’
actions, encouraging them to continue and learn more [51].
Games also allow for contact with people who youths normally
might not often encounter, including peers with depression.
Moreover, as games can be programmed to be played over a
longer period, these interactions with peers with depression can
be repeated over a period of multiple days. Games are also an
important part of youths’ lives [52], making a game-based
program relevant for young adolescents. In addition, there are
already some successful examples of video games that teach
adolescents health knowledge and skills [53,54] and decrease
mental health stigma [55]. However, there are none that focus
on both mental health literacy and stigma in youth. Finally, a
contact session with someone with lived experience could add
to the interactions that adolescents prefer, transfer the digital
experience to the nondigital world, and further help decrease
the stigma for depression. Especially when a program allows
for informal discussions between adolescents and a person with
lived experience, it could increase its effects on stigma [56].
For these reasons, we developed the game-based school
program, Moving Stories, which combines mental health literacy
training for depression with contact with someone with lived
experience, both in the digital and nondigital world [20].

This Study
The goal of this study is to conduct a first test of the
effectiveness of the newly developed game-based program
Moving Stories using a cluster randomized controlled trial [20].
Our primary hypotheses are that adolescents who participate in
the Moving Stories program, compared with a control group
(business as usual), will have better mental health literacy and
lower stigma after the program and at the 3-month follow-up.
Our secondary hypotheses concern the effectiveness of the
Moving Stories program at the 6-month follow-up on mental
health literacy and stigma and at the 3- and 6-month follow-ups
on first aid and help-seeking behaviors. Specifically, we expect
that adolescents who participate in the Moving Stories program
will provide more appropriate first aid if they are in contact
with a peer with a mental health problem and will be more likely

to seek help personally if they themselves experience mental
health symptoms compared with adolescents in the control
group. Finally, we have included process measures to assess
the use of the Moving Stories program and the possible side
effects, including depressive symptoms.

Methods

Procedure
A total of 275 adolescents from 10 classes in 4 schools were
asked to participate. Active informed consent was obtained;
both adolescents and their parents received an information letter
and consent form. The adolescents who did not get permission
from their parents to participate or refused to participate
themselves were excluded from the study and the program,
leaving a sample of 185 participants (185/275, 67.3%). Parents
and adolescents were allowed to withdraw their consent at any
time. Figure 1 shows the flowchart of the allocation, enrollment,
and follow-up of participants in the study. A summary of the
procedure is presented in this section. For a more detailed
explanation of the procedure, refer to the study protocol [20].
The CONSORT-EHEALTH (Consolidated Standards of
Reporting Trials of Electronic and Mobile Health Applications
and Online Telehealth) checklist (V 1.6.1) can be found in
Multimedia Appendix 1.

The adolescents filled out digital questionnaires at 4 time points
with a personal ID code and password (before the program,
after the program, 3-month follow-up, and 6-month follow-up).
Most adolescents completed the questionnaire at school. If they
were not able to do so (eg, because of illness or because the
school could not provide a time slot), they could complete the
questionnaire at home. The adolescents who failed to fill in the
questionnaire after the program or at the 3-month follow-up
were allowed to participate in the subsequent time point. All
dropouts were because of the adolescents forgetting or not
willing to fill in the questionnaire at home, even after repeated
reminders by phone or email. The adolescents received €12.50
(US $12.73) for completing at least the preprogram and 6-month
follow-up questionnaires.

As Moving Stories was designed to motivate adolescents to talk
about depression, the primary teachers of the participating
classes and school care professionals (in both conditions)
received an information booklet and information session in
which possible actions were provided to discuss depressive
symptoms or suicidal thoughts with students. They were given
the opportunity to follow a web-based e-learning program on
depression and suicidality in youth [57,58]. Furthermore,
participants’ depressive symptoms were assessed at each time
point to verify that Moving Stories did not increase depressive
symptoms or suicidal ideation. If an adolescent had clinically
high depressive symptoms or suicidal ideation, both the
adolescent and their parents were contacted by phone by a
clinically trained member of the research team to inform them
of the result and give advice on where to seek professional help.
In total, 4 adolescents and their parents were contacted. They
did not withdraw from participating in the program or study.
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Figure 1. Flowchart of allocation, enrollment, and follow-up.

Ethics Approval
Ethical approval was provided by the ethics committee of the
Faculty of Social Sciences at Radboud University
(ECSW2017-2306-526). The study was registered in the Dutch
Trial Register (NTR7033).

Sample Size
We expected a small to medium effect (Cohen d=0.40) of
Moving Stories on mental health literacy and stigma at the
3-month follow-up based on the results of a previous study with
a school program for mental health literacy [43]. Our power
analysis was based on our original analytic plan [20], using
Stata (version 14.2; StataCorp) [59] and assuming
baseline-adjusted regression analyses (α=.05; β=.20). Our
provisional estimates for the correlations between pre- and
postprogram measurements and between postprogram and
3-month follow-up measurements were 0.50. A coefficient of
0.19 (estimated mean cluster size 18; estimated cluster size
range 11-25 [60]) and an intracluster correlation coefficient of
0.02 [43] led to a design effect of 1.35. Considering the design
effect, we calculated that we needed 3.75 classes per condition
to show the expected effect, rounding up to 4 classes per
condition, with 18 adolescents per class. To adjust for a t
distribution [61], we added 1 class per condition, resulting in 5
classes (ie, 90 adolescents) per condition and a total necessary
sample size of 180.

Program
Adolescents in the experimental condition participated in the
Moving Stories program. Moving Stories is a game-based school
program that comprises 3 parts: (1) an introduction lesson; (2)
a single-player, mobile, and 3D video game [62]; and (3) a
contact session with someone who has lived experience with a
depressive disorder. For each class, the full program was
delivered within 1 week. In the introduction lesson, adolescents
were told what the video game was about (without using the
term depression), and they were able to download and start the
game with a classroom password. This password was linked to
their class schedule to allow for joint playing time and shared
feedback moments in the game.

The adolescents could play the game individually but in the
same period as their classmates for 5 days in the morning (one
of which was a weekend day). In the game, they interacted with
the character Lisa (Figure 2), who showed signs of depression
(without being labeled as depressive symptoms). Lisa’s
symptoms were based on symptoms that are most common in
adolescent girls in the Netherlands who have subclinical or
clinical depression. These symptoms were derived from multiple
data sets from Dutch studies on depression during adolescence.
The adolescents were asked to help Lisa and were able to do so
by performing 5 actions each day. Some of these actions had a
positive effect on their relationship with Lisa, and others had a
negative effect. During the day, at set time points, the
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adolescents received messages from Lisa with feedback on their
actions. After 5 days of playing, the adolescents were able to

see a final scene in which Lisa explained that she got help and
thanked the player for their efforts in trying to help her.

Figure 2. Screenshot of the Moving Stories video game.

The program ended with a contact session for the whole class,
which was led by trainers with lived experience with depression.
The trainers told their own life stories about depression. Using
this life story and the experience the adolescents had in the
game, the trainer discussed 5 first aid skills that the adolescents
could use when one of their friends would experience depressive
feelings. A detailed description of the program is available in
the study protocol [20]. The adolescents in the control condition
did not participate in any part of the Moving Stories program.
They only filled in the questionnaires, and their teachers
received information on depression and suicide as described in
the Procedure section.

Measures

Overview
We deviated from our study protocol by calculating McDonald
ω instead of Cronbach α to assess the reliability of the measures.
Many scholars have argued that in most psychological research,
the assumptions made by Cronbach α are violated (eg, τ
equivalence, normality, and a unidimensional scale), and that
ω is a better alternative that can deal with these violations
[63-66]. We used the package psych in R (R Foundation for
Statistical Computing) to calculate the ω total [67]. We did not
test the external validity of the various outcome measures. These
concepts have been studied in multiple studies on mental health
literacy and are related to behavioral outcomes. For example,
in a study by Yap and Jorm [68], the researchers found that
mental health first aid intentions predicted helping actions 2
years later.

Outcome Measures

Overview

Mental health literacy regarding depression was measured by
(1) symptom recognition, (2) first aid intentions, (3) knowledge
of first aid, (4) first aid confidence, (5) beliefs about help, and
(6) help-seeking intentions. Depression stigma was measured
by (1) personal stigma, (2) perceived stigma, and (3) social
distance. A full description of all the measures is given in the
study protocol [20].

Symptom Recognition

Symptom recognition was assessed using 3 vignettes with
gender-matched descriptions of adolescents aged 15 years with
depression, social anxiety, and psychosis [20,30]. Recognition
of depression was defined by labeling the person in the
depression vignette as depressed, whereas overestimation of
depression was defined by labeling the person in the social
anxiety or psychosis vignette as depressed. Responses to the
vignettes were coded by undergraduate students (2 per vignette),
and incongruencies were discussed. For all the following
measures (unless otherwise mentioned), the vignette of the
person with depression was used as an example.

First Aid Confidence

Confidence in providing first aid was measured by asking how
confident the participant would be to help the person in the
vignette if they were a friend [47].

First Aid Intentions and Skills

To measure general first aid intentions, participants were asked
how much they agreed with the following statement: “If [name
of the person in the vignette] was a friend, I would help
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him/her.” Specific first aid skills were assessed by asking
whether the participant would perform each action on a list of
12 helpful and harmful first aid actions [44]. The scores for the
harmful actions were reverse-scored. The helpful and harmful
action scales have both shown acceptable to good reliability in
a previous study [44]. However, in this sample, reliability was
low for the 2 separate scales. We added up the helpful and
reverse-scored harmful items to create a total score for first aid
skills, with higher scores representing better first aid skills. The
value of ω was between 0.71 and 0.82 for all 4 time points.

Beliefs About Help

Beliefs about help were assessed by asking whether a specific
person would make the person’s situation in the vignette
“better”; “not better”, “not worse”; or “worse.” A score for
beliefs about appropriate help was calculated by adding up the
number of selected adult sources (ie, parent, other relative,
psychologist or social worker, phone helpline, general
practitioner, teacher, school welfare coordinator or school
counselor, and religious leader) deemed to be helpful (better)
[47]. The value of ω was between 0.67 and 0.74 for all 4 time
points.

Help-Seeking Intentions

Help-seeking intentions were measured using the General
Help-Seeking Questionnaire, which has good internal
consistency and excellent test–retest reliability [69]. Average
scores for the following 3 scales were calculated: (1) general
help-seeking intentions (all categories; ω between 0.78 and
0.82), (2) help-seeking intentions toward informal sources
(categories 1-4; ω between 0.70 and 0.74), and (3) help-seeking
intentions toward formal sources (categories 5-10; ω between
0.84 and 0.85). Higher scores indicated higher intentions.

Stigma

Stigma was measured with 3 scales. Both personal and perceived
stigma was measured using the Dutch Depression Stigma Scale
[70,71], whereas social distance was measured with the 5 items
from the Social Distance Scale for youths [71]. The original
personal and perceived stigma scales have both shown
acceptable to good internal consistency [72], whereas the Social
Distance Scale has shown excellent internal consistency [44].
In this sample, ω was between 0.62 and 0.67 for personal stigma,
between 0.74 and 0.83 for perceived stigma, and between 0.84
and 0.87 for social distance. Higher scores for personal and
perceived stigma indicated higher stigma, whereas higher scores
for social distance indicated lower stigma.

First Aid Behavior

First aid behavior was measured by asking whether the
participant has had contact with someone who has experienced
a problem similar to the one seen in the vignette ever (before
the program) or within the past 3 months (at 3- and 6-month
follow-ups). If the participant answered yes or maybe, they were
then asked whether they offered the other person their help. If
so, or if they were unsure, they were asked what they did out
of the 12 actions and the open-ended option mentioned in the
First Aid Intentions and Skills section [44].

Help-Seeking Behavior

Help-seeking behavior was assessed by asking whether the
participants themselves had experienced a problem similar to
the situation in the vignette. If they responded with yes or not
sure, they were asked whether someone had helped them with
this problem in the past 3 months and who this person was.
Multiple answers could be provided.

Distal Measure
Depressive symptoms were assessed with the Children’s
Depression Inventory [73,74]. The Children’s Depression
Inventory comprises 27 items, each with 3 statements to choose
from. The participants were asked to pick the statement that
best described how they felt in the previous 2 weeks.

Process Measures

Contamination Check

To check for possible contamination effects because of the
within-school randomization, participants in the control group
were asked at the 6-month follow-up whether they had heard
of the game Moving Stories and, if so, whether they had played
it. If they indicated that they had played it, they were asked on
what platform they had done so.

Evaluation of Moving Stories

After the program, participants in the intervention group were
asked to evaluate the program Moving Stories with 7 items. To
distinguish between the different components of the program
and the study (ie, game, evaluation session, and research), the
participants were also asked which of the components they
would recommend to a friend if they had the opportunity to
participate in the study over the following year.

Statistical Analyses
Data preparation and descriptive analyses were performed using
SPSS Statistics (version 25; IBM Corp) [75]. All other analyses
were conducted using R (version 3.5.1) [76]. We used multilevel
analyses in R instead of regression analyses according to the
intention-to-treat principle in Mplus [77], as described in the
study protocol. Multilevel analyses in R were chosen for 2
reasons: (1) because our data were nested within participants
and classes and therefore the analyses needed to account for
this nested structure and (2) because multilevel analyses do not
delete participants listwise, nor are imputations of data needed
[78,79]. We ran linear mixed-effects models for all continuous
outcome variables from preprogram measurements to
postprogram measurements, 3-month follow-up, or 6-month
follow-up and generalized linear mixed-effects models for all
binary outcome variables using the R lme4 package [80]. We
included random intercepts per participant and per class, as well
as a random slope for condition per class. Therefore, our random
effects structure modeled (1) baseline differences between
participants, (2) baseline differences between classes, and (3)
differences in the effectiveness of Moving Stories between
classes. By including random effects, we knew that the
differences between the experimental group and the control
group would not be biased by differences between the classes.
Therefore, the random effects structure benefited the
interpretation in this 2-group design. When random effect

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e26615 | p.31https://mental.jmir.org/2022/8/e26615
(page number not for citation purposes)

Tuijnman et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


variances were estimated as 0 in one of our models, we
simplified the random effect structure of the model by first
omitting random correlations and, if necessary, the random
intercept for class. As recommended for confirmatory hypothesis
testing, the random slope for our predictor of interest (ie,
condition) was never omitted [81]. Time was set as a factor,
and all categorical predictors were coded using sum-to-zero
contrasts. All continuous predictors were standardized into Z
scores. The significance of the coefficients was tested using t
tests (2-tailed), with correction of the df based on the
Satterthwaite approximation. A chi-square test was used to test
if the condition had an effect on whether adolescents had
provided help to someone in their network with a mental health
problem. We reported the estimate, 95% CI, and 2-tailed t test
results with P<.05 for the linear mixed-effects models and the
odds ratio, 95% CI, and Z test results with P<.05 for the
generalized linear mixed-effects models. The other results can
be found in Multimedia Appendix 2 and the materials at the
Open Science Framework [82].

Open Science
All materials have been made publicly available via Open
Science Framework [82]. The design and analysis plans for the
experiments were published before finishing data collection at
JMIR Research Protocols [20]. Deviations from the original
analysis plans are described in this manuscript or in the materials
at Open Science Framework.

Results

Participants
A total of 185 adolescents participated, with an age range of 12
to 15 years (mean 13.43, SD 0.67 years). Of the 185 participants,
101 (54.6%) were boys, and 179 (96.8%) were born in the
Netherlands. The educational levels of the classes were either
only preparatory secondary vocational education or preparatory
secondary vocational education including higher general
secondary education (low to middle level; 72/185, 38.9%) and

preuniversity education (highest level; 113/185, 61.1%).
Approximately 91.9% (170/185) of the adolescents indicated
that they played video games and did so for an average of 8.48
(SD 7.26) hours per week.

Dropout at postprogram measurements (3/185, 1.6%) and the
3-month follow-up was low (11/185, 5.9%). At the 6-month
follow-up, approximately 89.7% (166/185) of the adolescents
finished the questionnaire (10% dropout). There were no
significant differences in study condition, gender, country of
birth, and gaming behavior and frequency among adolescents
who dropped out at the 6-month follow-up and adolescents who
finished the final questionnaire. However, the adolescents who
did not finish the final questionnaire were significantly older
(t183=2.47; P=.01) and had higher depressive symptoms

(t183=2.63; P=.009) and a lower educational level (χ2
1=18.3;

P<.001) than the adolescents who finished the final
questionnaire.

Baseline Differences
Differences were found between the experimental and control

groups in terms of gender (χ2
1=10.5; P=.001), whether the

adolescents generally played video games (χ2
1=7.4; P=.007),

and number of hours playing video games (t181.98=2.93; P=.004).
In the experimental group, 66% (65/99) of the participants were
male, whereas in the control group, 42% (36/86) were male.
Significantly more adolescents in the experimental group
indicated that they played video games, and they did so more
hours a week than those in the control group. We included
gaming frequency (standardized) and gender as covariates in
all models. Tables 1 and 2 show the descriptives of the outcomes
for both conditions. At preprogram measurements, the
experimental group had less adequate first aid skills than the
control group (t182.35=−2.09; P=.04) and more social distance
toward peers with depression (t183=−2.04; P=.04). Moreover,
the experimental group deemed more adults to be helpful than
the control group (t183=2.07; P=.04).

Table 1. Percentages of adolescents who mentioned depression at the 3 vignettes (N=185).

6-month follow-up3-month follow-upPostprogram measurementPreprogram measurementDepression mentioned in vignette per group

Nn (%)Nn (%)Nn (%)Nn (%)

Depression vignette

8664 (74)9270 (76)a9890 (92)a9962 (63)Moving Stories

8068 (85)8271 (87)a8475 (89)a8657 (66)Control

Social anxiety vignette

861 (1)921 (1)a982 (2)a990 (0)Moving Stories

801 (1)820 (0)a841 (1)a861 (1)Control

Psychosis vignette

8621 (24)9229 (32)a9834 (35)a9913 (13)Moving Stories

8020 (25)8217 (21)a8413 (15)a869 (10)Control

aPrimary outcomes.
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Table 2. Means and SDs of the outcomes of the continuous variables.

6-month follow-up,
mean (SD)

3-month follow-up,
mean (SD)

Postprogram measurement,
mean (SD)

Preprogram measurement,
mean (SD)

Outcome and group

First aid confidence

3.29 (1.10)3.47 (1.03)a3.48 (1.02)a3.60 (0.89)Moving Stories

3.55 (1.01)3.46 (1.08)a3.49 (1.02)a3.48 (1.03)Control

General first aid intentions

4.22 (1.01)4.25 (0.88)a4.27 (0.97)a4.45 (1.02)Moving Stories

4.40 (0.92)4.23 (1.01)a4.25 (1.02)a4.42 (0.93)Control

Specific first aid skills

42.57 (4.47)42.55 (4.74)a43.00 (4.76)a43.12 (4.61)Moving Stories

43.59 (4.38)43.87 (4.63)a43.18 (4.87)a44.41 (3.77)Control

Beliefs about help

2.51 (1.70)2.45 (1.63)a2.97 (1.79)a3.03 (1.63)Moving Stories

2.39 (1.56)2.29 (1.51)a2.36 (1.56)a2.56 (1.45)Control

Help-seeking intentions (total)

3.94 (0.83)3.98 (0.91)a4.18 (1.02)a4.06 (0.98)Moving Stories

3.85 (0.75)3.85 (0.75)a3.86 (0.81)a3.87 (0.90)Control

Help-seeking intentions (informal)

4.85 (1.07)4.85 (1.07)a4.86 (1.22)a4.83 (1.15)Moving Stories

4.72 (1.08)4.61 (1.20)a4.67 (1.08)a4.79 (1.14)Control

Help-seeking intentions (formal)

2.99 (1.23)3.08 (1.28)a3.42 (1.34)a3.21 (1.23)Moving Stories

2.93 (1.13)2.89 (0.94)a3.00 (1.00)a2.93 (1.06)Control

Personal stigma

16.81 (4.06)17.14 (4.10)a17.74 (3.36)a18.56 (3.83)Moving Stories

16.79 (3.47)17.59 (3.55)a17.87 (3.58)a17.57 (3.70)Control

Perceived stigma

22.62 (4.84)22.73 (4.90)a22.24 (4.81)a22.71 (4.14)Moving Stories

22.08 (4.28)22.01 (4.86)a22.61 (4.70)a21.97 (4.48)Control

Social distance (stigma)

14.19 (2.97)13.87 (3.03)a14.56 (2.82)a14.27 (2.78)Moving Stories

14.58 (3.06)14.88 (2.99)a14.54 (2.87)a15.13 (2.91)Control

aPrimary outcomes.

Outcome Measures

Symptom Recognition
No effects of condition on recognition of depressive symptoms
in the depression vignette or on overestimation of depressive
symptoms in the psychosis vignette were found from preprogram
to postprogram measurements and 3- and 6-month follow-ups.
For the social anxiety vignette, variance was close to 0

(approximately no adolescents indicated they thought the
vignette was about depression); therefore, we did not conduct
any analyses on the social anxiety vignette.

First Aid Confidence
No effects of condition were found at the postprogram
measurement and 3-month follow-up for first aid confidence.
Participation in the experimental group predicted changes over
time in first aid confidence from the preprogram measurement
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to the 6-month follow-up compared with the control group
(b=−0.20, 95% CI −0.35 to −0.05; t169.28=−2.61; P=.01).
Contrary to our secondary hypothesis, the experimental group
had a decrease in first aid confidence from the preprogram
measurement to the 6-month follow-up (t86=3.74; P<.001),
whereas this effect was not found in the control group.

First Aid Intentions
Participation in the experimental group did not significantly
predict changes over time in intentions for general or specific
first aid skills.

Beliefs About Help
Participation in the experimental group did not significantly
predict changes over time in beliefs about the helpfulness of
adults.

Help-Seeking Intentions
Participation in the experimental group did not significantly
predict changes over time in help-seeking intentions toward
informal, formal, or all help sources.

Stigma
Participation in the experimental group, compared with the
control group, was related to changes over time in personal
stigma from pre- to postprogram measurements (b=−0.53, 95%
CI −1.02 to −0.03; t179.16=−2.08; P=.04) and from preprogram
measurements to the 3-month follow-up (b=−0.57, 95% CI
−1.11 to −0.03; t174.39=−2.07; P=.04). At the postprogram
measurements and 3-month follow-up, in line with our primary
hypotheses, personal stigma decreased significantly in the
experimental group (postprogram measurement: t97=2.40, P=.02;
3-month follow-up: t91=3.81, P<.001), whereas this was not the
case for the control group. No effects of condition on perceived
stigma and social distance were found at postprogram
measurement and the 3- and 6-month follow-ups, and the effects
on personal stigma did not last at the 6-month follow-up.

First Aid Behavior
There were no significant differences at the 3- and 6-month
follow-ups between the experimental and control groups on
whether adolescents had provided help to someone in their
network with a mental health problem. At preprogram
measurements, of the 71 participants who were in contact with
someone in their network with a mental health problem, 66
(93%) indicated having offered help. At the 3-month follow-up,
this was 89% (31/35 participants), and at the 6-month follow-up,
it was 67% (24/36 participants).

Help-Seeking Behavior
There were no significant differences at the 3- and 6-month
follow-ups between the experimental and control conditions on
whether adolescents had a personal experience with a mental
health problem. At preprogram measurements, 17.3% (32/185)
of the participants indicated whether they ever had a mental
health problem (or did not know for sure). At the 3-month
follow-up, 10.9% (19/174) of the participants indicated having
had a mental health problem in the previous 3 months (or did
not know for sure), whereas at the 6-month follow-up, this was

5.4% (9/166) of the participants. None of the adolescents at the
3- and 6-month follow-ups mentioned that they had not been
helped.

Distal Measure
Participation in the experimental group was not related to
changes in depressive symptoms over time.

Process Measures

Contamination Check
In the control group, at the 6-month follow-up, 3% (2/80) of
the adolescents indicated that they had heard of Moving Stories.
None of them indicated they had played the game.

User Statistics
Most of the adolescents in the experimental group participated
in the introduction and contact sessions (97/99, 98% and 93/99,
94% of participants, respectively). During the playing days,
49% (49/99) of the adolescents played the game for 5 days, 34%
(34/99) played it for 4 days, 14% (14/99) played it for 3 days,
and 3% (3/99) played it for ≤2 days.

Evaluation of Moving Stories
The adolescents in the experimental group rated Moving Stories
positively at the postprogram measurements. When asked
whether they would recommend elements of the study and
program to a friend, 92% (90/98) of the adolescents indicated
they would recommend the game, 66% (65/98) indicated they
would recommend the contact session, and 79% (77/98)
indicated they would recommend the research element. Of the
98 adolescents, 75 (77%) understood the game, 67 (68%)
thought they had learned something from it, and 74 (76%) were
interested in how Lisa would be doing in 6 months. Fewer
adolescents rated the contact session positively (44/98, 45%);
however, 53% (52/98) of the adolescents indicated that they
had learned something from it. Approximately 40% (39/98)
indicated that they would play the game a second time to get a
better score. In terms of stigmatizing attitudes toward Lisa, 23%
(23/98) of the adolescents indicated that they would not hang
out with Lisa in daily life, whereas the others were neutral or
positive toward her.

Discussion

Principal Findings
The goal of this cluster randomized controlled trial was to test
the effects of the newly developed game-based school program
Moving Stories [20] on mental health literacy and stigma
regarding depression in adolescents.

We found that participation in the Moving Stories program
reduced personal stigma over time compared with participation
in the control condition. These results are in line with previous
research showing that contact with someone with lived
experience can reduce stigma [39]. Interacting with a video
game character with depressive symptoms combined with
meeting someone with lived experience in the Moving Stories
program seemed to be similarly effective, at least in terms of
immediate effects. However, improvements in personal stigma
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did not continue beyond 3 months, and the effects could be a
result of regression to the mean [83]. These results suggest that
repeated conversations about mental health in the classroom or
increased interactions with people with mental health disorders
(either virtually or face-to-face) may be needed to achieve
longer-lasting improvements. Furthermore, implementing
booster sessions with the game may be beneficial as well
[84-86].

Contrary to our secondary hypothesis, we found that adolescents
in the Moving Stories group were less confident about providing
help at the 6-month follow-up compared with adolescents in
the control group; however, there were no group differences at
the 3-month follow-up or after the program. The adolescents in
the Moving Stories group may have felt less confident after 6
months about remembering and applying the helpful skills taught
in the Moving Stories program, whereas the adolescents in the
control group had no knowledge of whether specific skills were
helpful or harmful. Indeed, we did not find any effects on first
aid skills. It could be that, for confidence to increase, a strong
and longer-lasting knowledge improvement would be needed.

No group differences were found for symptom recognition, first
aid intentions, beliefs about the helpfulness of adults in general,
help-seeking intentions in general, or toward informal and
formal sources specifically. We did not find group differences
in perceived stigma, social distance, or providing and seeking
help. The null results in our study are not in line with previous
work, as other mental health literacy programs have been found
to be effective in improving mental health literacy, specifically
in terms of knowledge [43,44,47]. An explanation could be that
our study was conducted on a population of younger adolescents.
Most successful mental health literacy programs have been
tested on older adolescents [43,44], and a study with younger
adolescents found weaker effects [45]. Younger adolescents
may be less developmentally equipped or lack experience with
depressed peers to relate to the topic [45]. Another reason for
not finding significant effects could be that the content of the
Moving Stories program was not sufficient to improve mental
health literacy. Other mental health literacy programs have
incorporated didactic sessions in which facts about depression
and first aid skills are explained. The Moving Stories program
did not include didactic sessions but was focused on learning
by doing [50]. It is possible that the experiences in the video
game did not sufficiently lead to improved knowledge. As the
contact session took approximately 50 minutes and focused on
sharing experiences and translating the story of Lisa to the real
world, providing information about depression was not
prioritized. Future iterations of Moving Stories could combine
the learning by doing in the video game with the didactic
sessions from other programs to improve its effectiveness. This
might be especially beneficial for a younger, less-experienced
group of adolescents. Finally, it could also be that we did not
have sufficient power to show effects in a Dutch context. We
based our power analysis on an Australian study; however, the
contexts of the 2 countries might have differed too much. Future
studies in a Dutch context with Moving Stories, or any other
mental health literacy program, should start with a lower
expected effect size.

Finally, the process evaluation showed that Moving Stories was
well-received by the adolescents, and adherence to the full
program was high. This is as important as the stigma results, as
both digital and nondigital mental health programs often suffer
from engagement problems [87]. If we want a school program
to be successful outside the research context, we need
adolescents to be intrinsically motivated to participate in the
program. Although the Moving Stories program does not have
the same entertainment goals as the video games adolescents
play today, adolescents in our study were still engaged by the
game and interested in the content of both the game and the
contact session.

Strengths and Limitations
This study used a rigorous design to test the effects of a new
mental health literacy program. Most studies on the effects of
health literacy programs do not include a control group, and
very few studies test the effects over a longer period [40-42].
Another strength of this study is the assessment of ≥1 element
of mental health literacy [21]. Many studies on mental health
literacy focus solely on knowledge of depression facts [88]. In
this study, we also assessed knowledge of available help, first
aid skills, and help-seeking and first aid intentions.

A limitation of our study was the difference between dropouts
and completers at the 6-month follow-up. Age and education
level differences in attrition were mostly because of a class that
received the questionnaire right before the Christmas break and
therefore received fewer reminders. Compared with the other
classes, adolescents in this class had a higher mean age and
lower educational level. However, this particular class did not
explain the attrition differences found in depressive symptoms.
Adolescents with depressive symptoms may have been less
comfortable with answering questions about their mental state
and therefore did not fill in subsequent questionnaires [89-91].
In addition, all participants were made aware that in the
exceptional case that the data showed that the adolescent was
feeling very bad, they themselves and their parents would be
contacted by the research team. To avoid such a call, the
adolescents could have chosen not to fill out later questionnaires.

A second limitation was the relatively low reliability of some
of the outcome measures (ie, beliefs about help and personal
stigma). These outcomes should be interpreted with caution. In
general, low psychometric quality is found for mental health
literacy measures [88] and, to enable comparisons, we included
questionnaires that were used in studies on one of the most
rigorously evaluated mental health literacy programs (teen
Mental Health First Aid [44]). Although the use of vignettes
had the benefit of not relying on labels to assess mental health
first aid, a disadvantage was that we did not know what the
effects of repeated use of the vignettes were. However, our study
did show a variety in responses to the vignettes over time,
meaning that the participants did not simply repeat their answers.
More work is needed to develop measures of good quality that
help us assess the effects of mental health literacy programs
more effectively [88].

Finally, we were unable to explore the behavioral effects of the
Moving Stories program because of small subsamples and
differences at baseline in the quality of the provided help
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between the 2 conditions. If we are interested in studying
whether adolescents show appropriate and effective behavioral
responses when coming into contact with a friend with
depressive symptoms after participation in a mental health
literacy program, long-term follow-ups with larger samples are
needed to allow for the occurrence of such an event. Moreover,
assessing reaching out for help next to assessing receiving help
would provide even more useful information.

Future Directions
On the basis of the results of this study, we have several
recommendations for future directions of the Moving Stories
program specifically and mental health literacy programs in
general. One recommendation is to compare the effects of a
mental health literacy program between younger and older
adolescents. The original idea of Moving Stories was to teach
adolescents first aid skills and help-seeking behavior before
most mental health problems occurred. However, it could be
that a mental health literacy program is more effective when
students have experienced mental health problems themselves
or in their social environment, which is more likely when they
are older. Another recommendation is to tailor mental health
programs to the preferences of the users. This becomes a more
feasible option when digital tools are used and might improve
their effectiveness [87]. For example, for Moving Stories, we
could create a male or nonbinary version of Lisa and increase
the number of first aid and dialog options in the game. Then,
the game could be tailored to the preferences of a user but also
to their knowledge and experience level. Finally, although many
programs, both for mental health literacy and stigma, include

the presence of a person with lived experience, the organization
of these sessions on a large scale has proven to be difficult.
Other options could be to include video material of people with
lived experience while a school mental health professional leads
a discussion. An added benefit is that the students participating
in these discussion sessions are immediately in contact with
someone who can provide help if they need it.

Conclusions
The results of this clustered randomized controlled trial seem
to show that the Moving Stories program could be effective in
reducing personal stigma regarding depression in adolescents,
although the effects were small. Moreover, the program was
well-received and well-adhered to, something that can be
difficult to achieve with young adolescents. In its current form,
the Moving Stories program had no effect on mental health
literacy components, perceived stigma, or social distance. Our
results suggest that a larger sample might be needed to show
the effects on a Dutch adolescent population. Nevertheless, the
stigma results and positive evaluations may be a good stepping
stone for further iterations of the program. Combining the
program with didactic elements from other programs and
scheduling regular follow-up conversations in the classroom
might improve these results. Moreover, tailoring the video game
to each individual player’s preferences and skill level could
further increase its effects. With better results and after showing
its effectiveness in studies with larger sample sizes, the program
could be implemented in schools to improve help-seeking in
adolescents and reduce the negative consequences and burden
of depressive symptoms.
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Abstract

Background: Smartphone self-monitoring of mood, symptoms, and contextual factors through ecological momentary assessment
(EMA) provides insights into the daily lives of people undergoing psychiatric treatment. Therefore, EMA has the potential to
improve their care. To integrate EMA into treatment, a clinical tool that helps clients and clinicians create personalized EMA
diaries and interpret the gathered data is needed.

Objective: This study aimed to develop a web-based application for personalized EMA in specialized psychiatric care in close
collaboration with all stakeholders (ie, clients, clinicians, researchers, and software developers).

Methods: The participants were 52 clients with mood, anxiety, and psychotic disorders and 45 clinicians (psychiatrists,
psychologists, and psychiatric nurses). We engaged them in interviews, focus groups, and usability sessions to determine the
requirements for an EMA web application and repeatedly obtained feedback on iteratively improved high-fidelity EMA web
application prototypes. We used human-centered design principles to determine important requirements for the web application
and designed high-fidelity prototypes that were continuously re-evaluated and adapted.

Results: The iterative development process resulted in Personalized Treatment by Real-time Assessment (PETRA), which is a
scientifically grounded web application for the integration of personalized EMA in Dutch clinical care. PETRA includes a decision
aid to support clients and clinicians with constructing personalized EMA diaries, an EMA diary item repository, an SMS text
message–based diary delivery system, and a feedback module for visualizing the gathered EMA data. PETRA is integrated into
electronic health record systems to ensure ease of use and sustainable integration in clinical care and adheres to privacy regulations.

Conclusions: PETRA was built to fulfill the needs of clients and clinicians for a user-friendly and personalized EMA tool
embedded in routine psychiatric care. PETRA is unique in this codevelopment process, its extensive but user-friendly personalization
options, its integration into electronic health record systems, its transdiagnostic focus, and its strong scientific foundation in the
design of EMA diaries and feedback. The clinical effectiveness of integrating personalized diaries via PETRA into care requires
further research. As such, PETRA paves the way for a systematic investigation of the utility of personalized EMA for routine
mental health care.
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Introduction

Background
Ecological momentary assessment (EMA; also referred to as
the experience sampling method or ambulatory monitoring) [1],
is an increasingly popular self-monitoring method to gain insight
into daily life experiences relevant to mental health problems.
With EMA, clients monitor their daily life as it is lived via short
questionnaires (ie, diaries) on their smartphones. Several times
per day, they rate their experienced symptoms, affect, thoughts,
activities, and (social) contexts [2]. In research, EMA has
already been applied to improve our understanding of mental
disorders by examining how symptoms fluctuate in daily life,
in relation to stressful and rewarding events, and in a diverse
range of mental disorders [3-6]. Increasingly, researchers and
scientists are recognizing the potential of EMA as a tool for
improving mental health care [7-10]. Self-monitoring through
EMA and visualizing the data in EMA feedback may offer
clients and clinicians relevant insights into the person-specific
mechanisms that contribute to clients’ mental health problems
[8].

EMA as a Self-monitoring Tool
In many medical disciplines, self-monitoring of, for example,
daily blood pressure or glucose levels, is already a common
practice and is informative for diagnosis and treatment planning
[11,12]. Similarly, mental health treatment may benefit from
the self-monitoring of daily symptoms, (social) contextual
experiences, and treatment-related factors [13]. Indeed, for this
reason, many mental health treatments such as cognitive
behavioral therapy already use some form of (paper-and-pencil)
self-monitoring [14], and routine outcome monitoring is well
established [15]. However, EMA is both more detailed and more
frequent than existing monitoring methods. Typically, EMA
assesses momentary experiences (“right now, I feel cheerful”),
which can be rated on a visual analog scale ranging from 0 to
100 (“not at all” to “very much,” respectively). In mental health
care, momentary experiences can pertain to symptoms (eg,
sadness, restlessness, or hearing voices) or other factors relevant
to treatment (eg, harmful or helpful thoughts and behaviors).
The number of EMA assessments per day, as well as the timing
and duration of the assessments, depend on the goal of the EMA
diary and the experienced burden of completing the diaries.
Most EMA studies thus far have used 3 to 10 assessments per
day for 1 to 2 weeks [16,17], whereas some have monitored for
up to 4 months [18].

Clinical Promise of EMA
Self-monitoring through EMA is suggested to improve clients’
self-management by increasing their insights into their
well-being. By frequently reflecting on one’s symptoms and
learning what types of activities or situations positively or
negatively influence well-being, clients may become more in

control [19]. As such, EMA self-monitoring may be an
intervention in itself. In addition, EMA data can be visualized
to enhance the understanding of clients’ personal mechanisms
that contribute to mental health problems. Such EMA feedback
could be as simple as demonstrating variability in affect or
showing contexts in which clients have complaints. As EMA
is suggested to be unaffected by memory biases [20], such
feedback could provide a more reliable overview of how clients
fared between treatment sessions. This could improve shared
decision-making and the therapeutic alliance (ie, the
client-clinician relationship, involving an agreement on the
goals and tasks of treatment, as well as their interpersonal bonds
[21]) [10,19]. Therefore, EMA feedback could form the basis
of a more collaborative approach to diagnosis and intervention,
where clients and therapists use EMA data to decide together
on the next treatment step.

Empirical Evidence for Clinical Effectiveness of EMA
The first empirical investigations into the clinical effectiveness
of EMA are promising. In qualitative research, clients and
clinicians describe the beneficial effects of EMA on client
self-management, therapeutic alliance, and treatment
effectiveness [22-25]. This is supported by a clinical trial
demonstrating that adding EMA monitoring and feedback to
antidepressant treatment was more effective in reducing
depressive symptoms than using antidepressant medication
alone [26], and it improved clients’ feelings of empowerment
[27], emotion differentiation [28], and behavioral change [29].
However, 2 other clinical trials did not replicate these beneficial
effects in individuals with depression in routine care [30] and
individuals reporting a loss of interest and pleasure (anhedonia)
[31]. This discrepancy may be because in clinical trials thus far,
EMA diaries have been standardized for all clients. This
insufficiently relates EMA feedback to clients’ treatment goals,
making the EMA less effective, and may increase the burden
for clients, who have to frequently answer questions that are
irrelevant to their current situation [32]. Therefore,
personalization of the EMA seems to be a core requirement for
successful clinical implementation.

Developing Web-Based EMA Technology
Given that clients, clinicians, and researchers align in their
positive evaluation of the clinical utility of EMA, the field needs
a flexible, user-friendly, and evidence-based application for the
use of personalized EMA diaries in mental health care. More
specifically, this entails the development of a digital
infrastructure that enables clients and clinicians to intuitively
construct personalized EMA diaries, deliver them to clients’
smartphones, and dynamically visualize the gathered EMA data.

In this paper, we describe the development of Personalized
Treatment by Real-time Assessment (PETRA), a web-based
application that enables the use of personalized EMA diaries
in Dutch mental health care. PETRA was built into electronic
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health record (EHR) systems to ensure sustainability and easy
access. The web application comprises a decision aid to help
clients and clinicians construct personalized EMA diaries, an
EMA diary item repository, a diary delivery system, and a
feedback module to visualize the gathered EMA data. PETRA
was developed in close collaboration with clients and clinicians
as they will be the primary users. Involving them early in the
development process is crucial to ensure the uptake of PETRA.

Methods

Study Design
PETRA was developed using the road map of the Center for
eHealth Research (CeHRes) of the University of Twente, the
Netherlands [33]. The road map comprises 5 iterative phases.
In the first 2 phases of the CeHRes road map (contextual inquiry
and value specification), we conducted focus groups and
interviews to identify the needs and requirements of the relevant
stakeholders, clients and clinicians, for a personalized diary
web application [34]. The next phase (design) comprised an
iterative design process in which prototypes were developed,

evaluated, and adapted frequently based on feedback from
clients and clinicians [35]. In this paper, we describe the results
of these 3 phases and the resulting PETRA web application.
The final 2 phases of the CeHRes road map (operationalization
and summative evaluation) will involve implementing the web
application and evaluating its use in practice.

During each of these phases, stakeholders were actively involved
to ensure their perspectives are integrated into PETRA. The
CeHRes road map follows human-centered design principles,
attempting to understand the needs of users and actively
involving them in designing solutions to meet these needs [36].
Therefore, the PETRA project team was multidisciplinary and
comprised the core scientific team; a scientific programmer;
the RoQua development team to ensure sustainable embedding
in existing mental health care software; a user experience (UX)
designer to integrate the needs of all stakeholders; and client
and clinician representatives engaged in interviews, focus
groups, and usability sessions. All team members critically
reviewed the prototypes, which were then continuously adapted
and re-evaluated (Figure 1).

Figure 1. Overview of the developmental phases of PETRA (Personalized Treatment by Real-time Assessment). EMA: ecological momentary assessment.

Setting and Participants
The PETRA web application was developed from 2016 to 2022
at the Department of Psychiatry, University Medical Center
Groningen (the Netherlands), facilitated by iLab, a collaborative
initiative to implement scientific innovations into clinical
practice [37]. PETRA’s software was built into RoQua [38], a
nonprofit web-based questionnaire system for research and care.
RoQua is fully integrated into the EHR systems of several
mental health care facilities in the Netherlands, which are part
of the Rob Giel Research Center (RGOc) [39]. The facilities
participating in this collective mostly provide secondary or
tertiary (specialist) mental health care services to clients
presenting with a diverse range of mental disorders, such as
major depression, bipolar disorder, anxiety disorders, and
psychosis.

Participant Recruitment
Participants comprised a convenience sample of clients and
clinicians recruited from RGOc facilities, who took part in
interviews, focus groups, and usability sessions. All clients with
a (self-reported) history of mental health problems (regardless
of type) were eligible to participate in the study. Similarly, all
clinicians working in an RGOc facility were eligible. Clinicians
could be psychiatrists, psychologists, or psychiatric nurses.
Participant characteristics for the first 2 phases can be found in
the studies by Bos et al [22,23] but were not systematically
collected in the design phase. The clients were informed of the
PETRA project by the RGOc coordinator of the client
representatives or their clinician. If interested, clients received
a flyer and, after providing consent, were invited for an
interview, focus group, or usability session. The clients were
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reimbursed for their time (€10 [US $10.18] per hour). Clinicians
were invited based on prior participation in ongoing diary studies
or their expressed interest in PETRA during (department)
presentations. Both clients and clinicians were invited to join
multiple sessions to offer feedback on the adaptations that were
made.

Ethics Approval
The University Medical Center Groningen Medical Ethics
Committee exempted this research from a full review (reference
number 201900401). Clients signed a written informed consent
form to participate in the focus groups, interviews, and usability
sessions.

Phases 1 and 2: Identifying the Requirements of Clients
and Clinicians
Phases 1 and 2 aimed to identify perceived problems in the
status quo of mental health treatment, perceived advantages and
challenges of personalized electronic diaries, and core
requirements for the EMA web application to be developed.
In-depth qualitative interviews and focus groups were conducted
with 40 clients and 27 clinicians between June 2016 and March
2018 on the perceived utility of EMA for psychiatric care and
perceived important requirements for a clinical EMA tool. Focus
groups with clients or clinicians were conducted in groups of
3 to 7 participants until data saturation was reached (ie, no new
themes emerged). The focus groups and interviews were part
of 2 qualitative studies that broadly focused on identifying
applications of EMA in diverse clinical contexts and
implementation requirements. For more details, we refer the
reader to previous studies [22,23] (for interview guides, see
Table S1 in Multimedia Appendix 1). In this paper, we
specifically discuss the resulting recommendations for the
development of an EMA tool on which PETRA was based.
Furthermore, in this phase, we compiled a list of potentially
relevant constructs to assess personalized EMA diaries. On the
basis of previous EMA research and subsequent suggestions by
clients and clinicians, each construct was linked to related EMA
diary items (eg, “I feel anxious” for the construct “Anxiety”).

Phase 3: Development of PETRA Prototypes

Overview
On the basis of the recommendations in phases 1 and 2, we
designed prototypes for the web-based personalized EMA tool
PETRA. These were continuously tested and redesigned in
usability sessions with clients and clinicians held from May
2019 to August 2021. Owing to the COVID-19 pandemic, all
usability sessions after March 2020 were conducted via video
calls (for interview guides, see Table S1 in Multimedia
Appendix 1). At each session, the researcher FB and UX
designer TV were present. After each session, they wrote a
report with the main recommendations. The participants were
invited to provide feedback on this report.

Sessions With Clinicians
On the basis of phases 1 and 2, clinicians were considered the
primary users of the decision aid and feedback module: they
would need to integrate PETRA into their working routines and

introduce it to clients. Therefore, most of the usability sessions
were held with clinicians. A total of 18 clinicians participated
in ≥1 of the 31 usability sessions (5/18, 28% were men).
Approximately 77% (24/31) of the sessions were held
individually, and 23% (7/31) of the sessions took place in groups
of 2 to 3 clinicians. Most clinicians were psychologists (10/18,
56%), followed by psychiatrists (4/18, 22%) and psychiatric
nurses (4/18, 22%). Of the 18 clinicians, 7 (39%) participated
once, 8 (44%) participated twice, and 3 (17%) participated
thrice. During each session, clinicians were asked to describe
their thoughts and expectations regarding EMA and their
requirements for a diary web application. Subsequently, the
clinicians were walked through a digital prototype of the PETRA
web application. They were encouraged to describe what they
saw on the screen and provide their initial thoughts on each
page (the think-aloud method). When the clinicians offered
suggestions for improvement, follow-up questions were asked
until an in-depth understanding of the proposed adaptation was
reached. The clinicians were also invited to explain how they
would use PETRA in treatment and to suggest new features or
feedback types.

Sessions With Clients
A total of 12 clients participated in ≥1 of the 4 usability sessions,
which were similar to those with the clinicians. Clients were
currently or had been previously in treatment for mood,
psychotic, or anxiety disorders (8/12, 67% were men). Of the
12 clients, 9 (75%) participated in 1 usability session, and 3
(25%) participated in 2 sessions. The sessions took place in
groups of 3 to 7 clients. One of the sessions specifically focused
on designing low-fidelity (paper-and-pencil) prototypes for
EMA diary feedback. The other usability sessions were used to
obtain feedback on the digital high-fidelity prototypes of the
PETRA web application. Feedback was sought on the workflow
and its intended use in treatment.

Data Analysis
The interviews and focus groups were transcribed and analyzed
thematically using the Qualitative Analysis Guide of Leuven
[40]. Briefly, this approach involves the identification of
important themes within qualitative data, which are then
iteratively verified against the transcripts. Further details are
provided elsewhere [22,23]. The resulting themes regarding the
requirements of a clinical EMA tool are described in the Results
section.

After each usability session, wireframes were created with the
proposed changes to the PETRA web application (see Figures
2-4 for example wireframes or a slide-by-slide overview on the
PETRA website [41]). A wireframe is a blueprint that explicates
the flow throughout the web application. In total, 9 low-fidelity
wireframes of the overarching structure and workflow of
PETRA were designed, each version improving upon the
previous one. The final ninth wireframe was used for the next
stage, which focused on determining the types of content,
visuals, and graphs depicted on the screens. This stage
comprised 15 high-fidelity wireframes, which were again
improved iteratively.
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Figure 2. The first wireframe that was designed of the first page of the decision aid, on which participants select the goal of the EMA diary. The
usability sessions indicated a need for an introduction and a more detailed progress menu. More detailed wireframes can be found here [41]. EMA:
ecological momentary assessment.

Figure 3. The ninth wireframe that was designed of the first page of the decision aid, on which participants select the goal of the EMA diary. As
suggested in usability sessions, it incorporates an introduction and a more detailed progress menu. More detailed wireframes can be found here [41].
EMA: ecological momentary assessment.
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Figure 4. The final (visual) design of the first page of the decision aid, on which participants select the goal of the EMA diary. More detailed wireframes
can be found here [41]. EMA: ecological momentary assessment.

Results

Phases 1 and 2: Core Requirements of PETRA

Overview
The first 2 phases of the CeHRes road map resulted in an
in-depth overview of clients’ and clinicians’ perceptions of
perceived problems in the status quo of mental health treatment,

perceived advantages and challenges of personalized electronic
diaries, and core requirements for the EMA web application to
be developed (Table 1). The core requirements were (1)
extensive possibilities for personalization, (2) resource
efficiency, (3) scientifically grounded and provided by a trusted
source, and (4) meeting the demands regarding privacy and safe
data storage. Relevant quotes can be found in Table S2 in
Multimedia Appendix 1.
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Table 1. Results of phases 1 and 2 of the Center for eHealth Research road map in the development of the PETRA (Personalized Treatment by Real-time
Assessment) application.

DescriptionTheme

Problems clients and clinicians identified in the status quo of mental health treatment

Reliability or efficiency
of current monitoring
instruments

• Often paper-and-pencil based and deemed less reliable and efficient
• Often focus too much on symptoms and fail to take important contextual factors and strengths into account
• Usually only administered 1 to 2 times per month; missing relevant information about clients’ daily lives

throughout the day
• Usually not person-specific enough to be directly relevant to clients

Insights • Limited insight into overall progress and treatment outcomes
• Limited insight into the effects of treatment or lifestyle adaptations
• Limited insight into the frequency and severity of symptoms and when they occur
• Limited insight into triggers and relapse signals
• Recall of well-being in between sessions is biased by current mood or otherwise difficult to recall for clients (recall

bias)

Therapeutic alliance • Knowledge imbalance between client and clinician, weakening the therapeutic alliance
• Current monitoring instruments are often not discussed in treatment, weakening the therapeutic alliance
• Limited contact between client and clinician in between sessions
• Client does not believe in the current treatment approach as the effects are not clearly visible

Perceived advantages of personalized electronic diaries

Reliability or efficiency • More reliable and efficient as assessments take place multiple times per day via smartphone and are less easily
forgotten or ignored

Insight • Offers insights into progress, treatment effects, and the flow of symptoms throughout daily life, thereby increasing
client self-management

• Offers insights into contextual factors and personal strengths

Therapeutic alliance • Client and clinicians share the same information and can, therefore, collaborate more easily
• Relevant diary feedback can more easily be integrated in treatment, strengthening the therapeutic alliance and

clients’ trust in their clinician

Perceived challenges in constructing personalized electronic diaries

Diary construction • What kind of clinical questions can be answered with electronic diaries?
• How to formulate or select relevant and valid diary items?
• How to determine the number of assessments per day, balancing client burden and the number needed to answer

a clinical question?
• How to determine the necessary diary schedule (eg, time-contingent or event-contingent) for a clinical question?
• How to make sure the diary maximizes its advantages and minimizes disadvantages?

Diary feedback • How to automatically analyze and visualize the diary data without the need for statistical knowledge of the clinician?
• How to interpret the diary feedback in a clinical context?

Personalization
All clients and clinicians stressed the necessity for extensive
personalization of the diary content, schedule, and duration.
They suggested that clients and clinicians should be able to
compile different EMA items based on the clients’ current care
needs in a flexible manner. This means that EMA diaries should
be transdiagnostic and adaptable in diverse stages of treatment.
The alternative, where diaries are constructed based on client
diagnosis, was viewed as limiting, more burdensome, and not
in line with the real-world situation where many clients present
with symptoms of multiple diagnoses. Furthermore, EMA diaries
should not only focus on symptoms but also on personal
strengths and (social) contextual factors. This need for
personalization has also been highlighted in research on
monitoring in general [32,42,43].

Resource Efficiency
Both clients and clinicians emphasized that the use of EMA in
treatment should be easy, time efficient, and fit with the existing
workflow of clinicians. This means that constructing
personalized EMA diaries and interpreting the resulting feedback
should be intuitive and cost clients and clinicians limited time,
effort, and resources. This corresponds with research
demonstrating that eHealth is most useful if it matches client
and clinician expectations [44]. Thus, the web application should
be largely automated and integrated into existing digital
infrastructures used in mental health care, preferably the
clinician’s EHR system.

Scientific Background
Clients and clinicians indicated that they found it difficult to
assess the effectiveness of eHealth applications, which
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corresponds to eHealth research [45,46]. Therefore, they stressed
the need for a web application that is scientifically grounded so
that the resulting diary and feedback are valid, trustworthy, and
according to scientific standards for EMA [16]. Furthermore,
as clinicians are not primarily trained in the innovative methods
and statistics necessary for constructing and analyzing diary
data, they indicated that the web application should help them
with constructing diaries and interpreting feedback.

Privacy
The final core requirement clients and clinicians mentioned was
that the gathered diary data should be safely stored, protecting
the privacy of clients, according to data protection laws (eg, the
General Data Protection Regulation [GDPR] law of the
European Union). Given the far-reaching personalization of the
diaries, the data should be treated accordingly.

Phase 3: Design of PETRA

Overview
The core requirements for a web application for personalized
EMA diaries were translated into the current design of PETRA.

PETRA was developed as a web-based application, built into
EHR systems via RoQua. As per the suggestion of clinicians,
this means that clients and clinicians do not need additional
log-in data, and clients do not need to install an app on their
phones, allowing easy access for both. PETRA was developed
for adult clients diagnosed with mood, anxiety, or psychotic
disorders receiving treatment in specialized mental health care.
Proficiency in the Dutch language and client possession of a
smartphone with internet access are required to use PETRA.

PETRA comprises four main parts: (1) a decision aid, (2) an
item repository of diary items, (3) an SMS text message–based
diary delivery system, and (4) a feedback module. An overview
of the various parts of PETRA is shown in Figure 5. Each part
was iteratively evaluated and adapted based on the feedback of
clients and clinicians, who mostly agreed on the design of
PETRA’s features. PETRA was designed to be used
collaboratively: clients and clinicians together decide on the
goal, content, and schedule of the EMA diary and interpret the
feedback together. Clients have access to the decision aid and
feedback modules via their clinician. PETRA’s steps are outlined
in more detail in the following sections.

Figure 5. Overview of PETRA.

Decision Aid
A decision aid was developed to assist clients and clinicians in
constructing personalized EMA diaries. This decision aid is
intended to be used collaboratively by clients and clinicians.
The following specifications can be personalized via the decision
aid: (1) the content (or diary items), (2) the number of
assessments per day, (3) the diary schedule (timing of the
assessments), and (4) the length of the EMA monitoring period.
These specifications depend on the intended goal of the diary,
anticipated burden for the client, and the client’s main symptom
profile.

PETRA’s decision aid was developed based on the results of
phases 1 and 2 and guidelines for designing EMA studies
[16,47]. First, we developed a list of clinical goals for which
personalized EMA may be insightful. Such goals include, for
example, gaining insights into the effects of lifestyle on
well-being or monitoring the effects of medication. Each goal

is linked to potentially relevant EMA items, a preferred number
of assessments, a preferred diary schedule, and a preferred diary
period (Tables S3-S5 in Multimedia Appendix 1). This matching
process was based on clinical EMA research demonstrating the
requirements for different types of research questions. For
example, if gaining insights into contextual factors is the primary
goal, the best practice in EMA research is to opt for a
semirandom diary schedule, in which the assessments are
randomly generated within multiple predefined time blocks.
This is generally considered the most ecologically valid way of
gaining an overview of someone’s activities and events during
the day [48].

In addition to the goal, clients and clinicians select the symptom
profile they wish to focus on. We developed a list of prevalent
symptom profiles in specialist mental health care (eg,
depression, anxiety, and psychosis). Each symptom profile was
linked to potentially relevant EMA items. For example, relevant
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constructs for clients in depression treatment could be mood,
anhedonia, worry, self-esteem, and resilience.

The decision aid first prompts clients and clinicians to decide
on the clinical goal, symptom profile, and preferred diary
schedule (see Figure 5 or the PETRA website for a video [49]).
In the next 2 steps, based on these decisions, PETRA
automatically preselects the relevant EMA items and proposes
a diary schedule. This preselection can be adjusted according
to personal preferences while remaining within valid boundaries
(eg, if the goal is to assess the relationship between activities
and symptoms, only a semirandom schedule of at least five
assessments per day can be selected [48]). Clients and clinicians
can deselect irrelevant items or select additional items. The
PETRA decision aid further includes a preview function, which
visualizes the diary as the patient views it on their phone, and
a burden indicator, which is a gradient bar that changes color
according to the number of items in the diary to remind clients
and clinicians to discuss the burden when constructing diaries
(S6 and S7 in Multimedia Appendix 1 [16,17,47,50,51]).
Although research currently offers no clear-cut guidelines on
the diary length and associated burden [17,50], a study
demonstrated that 60 items per diary were perceived as more
burdensome than 30 [51], and another study showed that EMA
studies, on average, comprised 30 items [16]. It is likely that
the number of items and associated burden differs between, as
well as within, individuals and across populations and treatment
stages. Therefore, the burden indicator was based on our
experience in designing EMA studies and will be updated based
on the UXs and emerging research.

EMA Item Repository
The EMA item repository was developed as clients and
clinicians indicated a preference for a menu in which they could
select clinically relevant constructs (eg, mood or hearing voices)
that automatically tie into preworded items. Although the EMA
field is yet to establish the validity of EMA items, best practices
have been developed in EMA research on the wording of EMA
items [16,47,50]. The PETRA items were developed based on
these best practices.

The EMA item repository was developed by the scientific team
based on extensive experience with the items used in EMA
studies and subsequent evaluations and suggestions by clients
and clinicians. First, we determined potentially relevant
constructs to be assessed; that is, constructs pertaining to
symptoms, strengths, and contextual factors. For each construct,
we formulated 4 to 10 diary items.

This resulted in four item sets based on the EMA assessment
schedule: (1) at semirandom moments (128 items), (2) at fixed
moments (126 items), (3) once daily in the evening (62 items),
and (4) once daily in the morning (18 items). EMA assessments
can occur either at fixed time points (eg, at noon) or at random
points in predefined intervals (eg, somewhere between 10:30
AM and noon), termed fixed or semirandom EMA designs,
respectively. Fixed designs are believed to be less burdensome
for clients, whereas semirandom designs supposedly provide a
more representative overview of daily experiences [2,48]. The
item sets were developed as experiences can be expected to
operate on different timescales and, therefore, require different

wording. For example, mood usually fluctuates throughout the
day and requires multiple assessments for valid estimation.
However, excessive buying, a symptom of mania, may only
vary from day to day and can be sufficiently assessed only in
the evening. Most items are answered on 0 to 100 visual analog
scales (ranging from “not at all” to “very much”), some via
selecting categorical multiple-choice checkboxes (eg, indicating
activities, coping strategies, or locations), and some via entering
text (eg, descriptions of events). The full lists of EMA items
are available in item S9 in Multimedia Appendix 1
[16-18,22,23,26,37,42,47,50-72] (Bos, F, unpublished data,
May 2022; Jenner, JGL, unpublished data, October 2006;
Bringmann, L, unpublished data, January 2021). In addition to
the item sets, clients and clinicians can also formulate a limited
number of person-specific items.

Semirandom and fixed diary schedules are mutually exclusive.
Once-daily items are often an informative addition to these more
frequent assessment schedules. Therefore, in the decision aid,
the constructs of the once-per-day schedules are integrated
within the construct structure of the semirandom and fixed
schedules. This ensures that clients and clinicians can select
items based on the construct. For example, the construct
(hypo)mania provides items assessed in the moment
(semirandom or fixed), as well as morning and evening items.
Although the EMA items are grouped into constructs in the
decision aid, they are reordered in the actual diary to balance
positive and negative items and ensure that more fleeting
momentary emotions are assessed before contextual experiences
[16,50].

EMA Delivery System
Once clients and clinicians have constructed the EMA diary,
clients receive SMS text messages on their personal
smartphones. The messages are sent according to the chosen
diary schedules and contain a link to the EMA diary items,
which are presented and filled in via the browser. Clients receive
reminders if the diary has not been completed within 20 minutes,
and the link is disabled after 30 minutes (semirandom and fixed
schedules) or 3 hours (once-daily schedules).

Feedback Module
The gathered EMA data for each client are visualized in the
PETRA feedback module, which clients and their clinicians can
discuss during a regular treatment session (see Figures 6-8 or
the PETRA website for a video [49]). This module is grouped
around three themes identified by clients and clinicians as
relevant to psychiatric treatment: the fluctuations and changes
in symptoms and strengths over time, associations between
(social) contexts and symptoms and strengths, and the impact
of pleasant and unpleasant events (see item S8 in Multimedia
Appendix 1 for more details). The early versions of the feedback
module were based on the feedback module developed in the
Therap-i trial [52]. The PETRA feedback module is updated in
real time and offers dynamic feedback options, and each graph
can be adapted and can display any of the assessed EMA items.

Clients and clinicians indicated that the understanding of EMA
data is greatly facilitated by qualitative descriptions of the
context provided by clients. Therefore, clients are actively

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e36430 | p.50https://mental.jmir.org/2022/8/e36430
(page number not for citation purposes)

Bos et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


encouraged to provide such descriptions. In the feedback
module, these qualitative evaluations can be linked to high and
low scores to provide contextual information on moments the
client experiences high or low symptoms. Furthermore, all
entered text is summarized in word clouds to intuitively
summarize the main themes that emerged from the qualitative
data and provide context for when these themes emerged. The
PETRA feedback is descriptive as statistical analysis of diary
data was considered too complex, unclear, and vulnerable to

misinterpretation [73,74]. However, the modular structure of
the feedback module ensures that novel feedback can be easily
added in later stages. For example, if empirical evidence shows
that certain patterns in EMA data can be linked to treatment
response or outcome, PETRA can offer this information directly
in its feedback module [75-77]. Finally, the module has a report
function, which enables users to save graphs and comments (eg,
therapy notes) for later use.

Figure 6. An interactive graph on the variation in mood and symptoms in the feedback module. All continuous ecological momentary assessment
(EMA) diary items can be selected from the menu on the right side of the screen. Clicking on any of the assessment points will activate a sliding pane
depicted in Figure 7. For a video, see here [49].
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Figure 7. Sliding panel in the feedback module that provides relevant contextual information for a specific moment in the time series and surrounding
moments. Moments are selected by clicking on assessment points in the graph depicted in Figure 6. For a video, see here [49].

Figure 8. A word cloud of all freely entered text in the feedback module. Clicking on a word provides more context on when this word was used. For
a video, see here [49].

Discussion

Principal Findings
In this paper, we outline the development of PETRA, a
web-based application for personalized EMA in Dutch

psychiatric care. Interviews, focus groups, and usability sessions
with clients and clinicians demonstrated that they expected an
added value of integrating personalized EMA into treatment.
Crucial requirements entailed a personalized and user-friendly
diary tool built on scientific foundations, which adheres to
privacy regulations. The subsequent thorough cocreation design
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process ensured that PETRA was considered intuitive,
user-friendly, and useful for clients and clinicians.

By involving clients and clinicians from the start of the
development, PETRA can be considered a significant
advancement of current EMA (web-based) applications that are
mostly targeted at researchers. By systematically integrating
the perspectives of clients and clinicians with those of
researchers and software developers, the PETRA web
application has promise as a tool for assisting both clients and
clinicians in the personalized treatment of mental health
problems.

Limitations
In this project, we attempted to include a diverse group of clients
and clinicians with differing levels of interest in using
personalized EMA for treatment. However, this was a relatively
small sample, and participants were selected based on their
interest in EMA. Therefore, it cannot be ruled out that we
overestimated the eventual uptake in clinical practice. As EMA
requires significant time and resources from both clients and
clinicians, it may not appeal to everyone [78,79], which was
also highlighted in the focus groups and interviews. However,
research indicates that EMA is feasible for diverse psychiatric
populations [47,80,81], including individuals diagnosed with
depression [26,27,82], bipolar disorder [83,84], anxiety [85],
and psychotic [53,86,87] disorders, from youth [88,89] to older
adult populations [90]. Feasibility will likely not depend on
diagnosis but rather on the intrinsic motivation of clients,
symptom severity, and stage of care [22,23].

Furthermore, there are some limitations that pertain specifically
to the PETRA tool. First, PETRA is only accessible to clients
via their clinicians via their EHRs. This can be a psychiatrist,
psychologist, or psychiatric nurse affiliated with a RoQua mental
health care facility. We are currently developing client access
to PETRA directly via their personal health record system to
enable clients to interpret feedback independently of their
clinician. This is in line with clients’ desire to have access to
their own data [23]. Second, proficiency in the Dutch language
and client possession of a smartphone with internet access are
required to use PETRA. This implies that PETRA is currently
unavailable in other languages.

Comparisons With Prior Studies
Thus far, EMA software development has mainly focused on
researchers [91-94], who have different needs from clients and
clinicians. However, there are three known EMA platforms for
clinical purposes: MindLogger [94], m-Path [95], and PsyMate
[96,97]. MindLogger does not solely focus on EMA but also
on other self-monitoring techniques and mobile interventions.
As m-Path and PsyMate are most similar to PETRA, we will
briefly review them here. Both platforms offer a web
environment for clinicians and clients and a smartphone app
that delivers EMA diaries to clients. PsyMate provides a
standardized EMA diary: a set list of EMA items (which may
differ slightly according to the target group) and 10 assessments
per day on a semirandom schedule. m-Path is an open-source
platform that targets both researchers and clinicians. It offers
full freedom with creating a diary but no decision aid, requiring

knowledge of constructing EMA diaries. Similar to PETRA,
PsyMate and m-Path were developed based on best practices
for EMA and GDPR compliance. Their smartphone apps enable
client access to EMA data, which PETRA is still developing.
PETRA differs in that it was codeveloped with clients and
clinicians from the beginning, balancing personalization with
user-friendly diary construction and feedback. Furthermore, the
PETRA decision aid and feedback module were specifically
developed for use as shared decision-making tools, integrating
EMA with contextual information. Finally, its integration into
EHR systems via RoQua [38] ensures that PETRA is sustainably
embedded in clinical practice. As such, each platform has a
different focus, and its concurrent development can advance
our understanding of how to optimally implement EMA in
clinical practice.

Qualitative work demonstrates that clients and clinicians
consider personalized EMA a useful add-on tool for diagnosis
and treatment [22-24,78,98]. Similarly, self-monitoring of
symptoms is considered safe and acceptable in diverse
psychiatric populations [32,99,100]. Our results suggest the
need for a collaborative approach to integrating personalized
diaries in care, where clients and clinicians decide together on
the focus of the EMA and the interpretation of feedback [22].
This corresponds to research demonstrating the importance of
shared decision-making for psychiatric outcomes [10,101-103].
Throughout the development process, we realized the
importance of tailoring PETRA’s EMA diaries and feedback
to diverse clinical settings and client populations. However,
much is unknown regarding the optimal type and timing of
EMA feedback and how this potentially varies across diagnoses
and treatment strategies. This means that PETRA will need to
be continuously re-evaluated and adapted based on the diverse
needs of clients and clinicians in psychiatric care. This iterative
process has also been highlighted in other recent publications
on the co-design of self-monitoring technology with users
[42,97,104].

Ethical Considerations
Several ethical considerations arise when developing tools for
highly personalized self-monitoring. First, the (sometimes
qualitative) data are sensitive, and the privacy of the client
should be well protected [105]. For PETRA, software and data
transmission security are guaranteed by RoQua [38] and are in
compliance with the GDPR. Second, clients may expect that
the self-monitoring application alerts them or their clinician in
the case of elevated EMA scores, which PETRA currently does
not provide. Research indicates that this feature is desired by
clients [23]; however, scientific evidence is lacking on how to
provide EMA-based alerts with adequate sensitivity and
specificity. Therefore, it is important to manage the expectations
of clients and clinicians through training. Third, self-monitoring
can be burdensome: clients can feel disturbed in daily activities
or even experience symptom worsening [22,106]. Clients and
clinicians will have to decide together whether the benefits of
EMA outweigh this burden. The PETRA application helps
clients and clinicians with this decision by providing a burden
indicator, which helps them make informed decisions on the
number of items. Similarly, the burden may be reduced by
placing equal emphasis on symptoms and strengths in
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personalized diaries, in line with other studies on self-monitoring
technology [104,107].

Finally, research suggests that clinician training and support
via a helpdesk are important requirements for the
implementation of EMA in clinical settings [25,97]. The
clinicians in this study also expressed these needs. Training is
important to minimize potential health risks and help clinicians
construct valid diaries, accurately interpret EMA feedback, and
integrate EMA into treatment. Therefore, in the PETRA project,
clinicians receive training on the valid use of EMA and the
integration of PETRA in treatment, and they have access to a
helpdesk. Clinicians are made aware that the feedback should
be treated as an additional perspective that is equally (not more)
valuable compared with the perspectives of clients and clinicians
themselves. Furthermore, short instructive videos are included
in PETRA’s various steps, explaining (1) how the decision aid
works, (2) what clients should know when completing a diary,
and (3) how to interpret the feedback [49].

Directions for Future Research
Although self-monitoring is already a prominent feature in
several treatment modalities and protocols [14,108], an
important next step is to determine the clinical effectiveness of
adding personalized EMA to the treatment. This is especially
relevant as only standardized diaries have been investigated in
randomized controlled trials [26,27,29-31]. Extensive
personalization options are clearly desired in clinical practice
but may mean that effective components may differ across
clients, which may complicate research into the effectiveness
of personalized EMA [105]. Furthermore, future trials should
not only solely focus on symptom improvement but also on
more proximate outcomes relevant to the mechanisms of EMA,
such as self-management and the therapeutic alliance [52].
Finally, future research will have to investigate the clinical
populations and treatment settings for which personalized EMA
can be effective. PETRA enables research on these questions.
Within the PETRA project, the effectiveness of personalized
EMA is tested both qualitatively and quantitatively. PETRA is
currently being tested in pilot sessions with clients and clinicians
and is continuously updated. Analytics are collected to assess
which features of PETRA are used and how, when, and by
whom. Furthermore, clients and clinicians are invited to fill out
questionnaires on their positive and negative experiences with
PETRA, as well as their effects on self-management [109,110]
and the therapeutic alliance [111]. This will allow us to examine

how personalized EMA influences psychiatric care and to
improve PETRA accordingly. These steps can help to set
personalized EMA, such as PETRA, as an eHealth technology
apart from the myriad of apps available to clients and clinicians,
who will be more inclined to use EMA if it is supported by
scientific evidence [112].

The second step concerns further scientific validation of the
EMA items [113,114] and the development of more innovative
EMA feedback. Such endeavors should explore more descriptive
visualizations [115] and further develop statistical methods to
analyze EMA data. Previous publications on EMA have often
highlighted the potential of person-specific statistical models
for informing treatment. These models include, for example,
network analysis to demonstrate associations between symptoms
[54,116,117], early warning signals to alert clients to impending
relapse [118,119], and machine learning to differentiate between
diagnoses [120]. However, since then, several publications have
shown that the outcomes of these models depend on
methodological and statistical choices [73] and that researchers
disagree on their implications for treatment [74]. Therefore,
PETRA focuses on descriptive feedback, with a large role for
qualitative descriptions until more consensus on statistical
models has been reached.

Conclusions
PETRA was developed to meet the demands of clients and
clinicians for a personalized and user-friendly EMA tool
embedded in routine psychiatric care. By collaboratively
constructing EMA diaries and interpreting the resulting dynamic
feedback, PETRA offers clients and clinicians a new tool to
illuminate daily life processes that worsen or alleviate mental
health problems. This approach may have beneficial effects on
client self-management and the therapeutic alliance and, thus,
has the potential to significantly improve clinical care. Our
findings demonstrate the importance of a multidisciplinary
approach to the development of personalized EMA tools,
including clients, clinicians, researchers, and software
developers, to ensure that their needs are sufficiently addressed
in the design of the tool. PETRA is unique in its codevelopment
process, extensive but user-friendly personalization options,
integration into EHR systems, transdiagnostic focus, and strong
scientific foundation in the design of EMA diaries and feedback.
As such, PETRA paves the way for a systematic investigation
of the effect of personalized EMA on specialized mental health
care.
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Abstract

Background: The COVID-19 pandemic has broad negative impact on the physical and mental health of people with chronic
neurological disorders such as multiple sclerosis (MS).

Objective: We presented a machine learning approach leveraging passive sensor data from smartphones and fitness trackers of
people with MS to predict their health outcomes in a natural experiment during a state-mandated stay-at-home period due to a
global pandemic.

Methods: First, we extracted features that capture behavior changes due to the stay-at-home order. Then, we adapted and applied
an existing algorithm to these behavior-change features to predict the presence of depression, high global MS symptom burden,
severe fatigue, and poor sleep quality during the stay-at-home period.

Results: Using data collected between November 2019 and May 2020, the algorithm detected depression with an accuracy of
82.5% (65% improvement over baseline; F1-score: 0.84), high global MS symptom burden with an accuracy of 90% (39%
improvement over baseline; F1-score: 0.93), severe fatigue with an accuracy of 75.5% (22% improvement over baseline; F1-score:
0.80), and poor sleep quality with an accuracy of 84% (28% improvement over baseline; F1-score: 0.84).

Conclusions: Our approach could help clinicians better triage patients with MS and potentially other chronic neurological
disorders for interventions and aid patient self-monitoring in their own environment, particularly during extraordinarily stressful
circumstances such as pandemics, which would cause drastic behavior changes.

(JMIR Ment Health 2022;9(8):e38495)   doi:10.2196/38495

KEYWORDS

mobile sensing; sensor; sensing; mobile health; mHealth; algorithm; multiple sclerosis; disability; mental health; depression;
sleep; fatigue; tiredness; predict; machine learning; feature selection; neurological disorder; COVID-19; isolation; behavior
change; health outcome; fitness; movement; physical activity; exercise; tracker; digital phenotyping
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Introduction

The COVID-19 pandemic and the ensuing response (eg,
lockdown and social distancing) have broad negative impacts
on physical and mental health worldwide [1-7]. The effect is
more pronounced for people with chronic neurological diseases
such as multiple sclerosis (MS) [8-10]. People with MS have a
significantly higher burden of mental health comorbidities than
the general population. Moreover, people with MS have a 50%
lifetime prevalence of depression, 2-3 times higher than the
general population [11-13]. Given its association with higher
disability and mortality, depression is a major comorbidity that
lowers the quality of life [11,14-20]. Further, people with MS
have greater COVID-19 risk due to certain immune
disease-modifying therapies as well as their physical disability,
and many have experienced drastic change in their neurological
care due to the pandemic [21]. Concerns for COVID-19, coupled
with decreased social support and health care access during the
pandemic, have contributed to even higher stress and depression
in people with MS [10,22-24].

During the pandemic, digital technologies have become
invaluable for supporting social interaction, health care access,
and health monitoring. Digital health tools can also measure an
individual’s mental health profile based on passive (noninvasive)
tracking. Given the complexity and heterogeneity of real-world
behaviors, models that leverage different aspects of an
individual’s daily behaviors are necessary to accurately predict
mental health status. Relevant to depression in people with MS,
clinicians could use this digital passive sensing approach to
potentially identify patients who require urgent health
interventions.

Past research has leveraged passively generated data from
personal digital devices (eg, smartphones and fitness trackers)
to capture human behavior and predict health outcomes. This
moment-by-moment, in situ quantification of the individual-level
human phenotype using data from personal digital devices is
known as digital phenotyping [25]. Previous works using
passively sensed smartphone and wearable data to predict
physical disability and fatigue in people with MS have been
exploratory in assessing the feasibility of data collection and
the preliminary association between sensed behaviors and
outcomes [26-28]. However, the clinical applicability of digital
phenotyping to inform clinical outcomes in people with MS in
the real world has not yet been established.

Here, we present a machine learning approach leveraging data
from the smartphones and fitness trackers of people with MS
to predict their health outcomes during a mandatory
stay-at-home period of the pandemic. Building on an existing
analytical pipeline [29], we quantified behavior changes during
the stay-at-home period when compared to the preceding period
and used the changes to predict the presence of patient-reported
outcomes of depression, neurological disability, fatigue, and
poor sleep quality during the stay-at-home period. This study
is different from prior studies in that it examines the clinical
utility of digital phenotyping with passive sensors for predicting
health outcomes during the early wave of the COVID-19
pandemic in a unique natural experiment. The study has

relevance for predicting the health outcomes of patients with
chronic and complex conditions beyond MS during major
stressful scenarios (eg, pandemics and natural disasters) that
could considerably alter behaviors.

Methods

Overview
This study was part of a larger study that aimed to examine the
clinical utility of passive sensors on smartphones and fitness
trackers in predicting clinically relevant outcomes in people
with MS. Data collection from participants in this larger study
occurred between November 2019 and January 2021. Because
data collection for 56 participants spanned the locally mandated
stay-at-home period in response to the COVID-19 pandemic,
we used this unique natural experiment to test the hypothesis
whether machine learning models leveraging passive sensor
data can predict the health outcomes of people with a chronic
neurological disorder (ie, people with MS) during major stressful
scenarios.

To briefly summarize our approach, we used data from 3 sensors
in the participants’ smartphones (calls, location, and screen
activity) and 3 sensors in the participants’ fitness trackers (heart
rate, sleep, and steps) to predict patient-reported outcomes of
depression, global MS symptom burden, fatigue, and sleep
quality during the COVID-19 stay-at-home period. We
computed behavioral features from these 6 sensors before and
during the stay-at-home period and took the difference as a
measure of behavior change resulting from the stay-at-home
mandate. We then used changes in behavioral features to predict
the outcomes.

All methods were performed in accordance with the institutional
review board guideline and institutional regulation.

Participants
The study included adults 18 years or older with a
neurologist-confirmed MS diagnosis who owned a smartphone
(Android or iOS) and enrolled in the Prospective Investigation
of Multiple Sclerosis in the Three Rivers Region study, a
clinic-based natural history study at the University of Pittsburgh
Medical Center [21,30-34].

Ethical Considerations
The institutional review boards of University of Pittsburgh
(STUDY19080007) and Carnegie Mellon University
(STUDY2019_00000037) approved the study. All participants
provided written informed consent.

Study Design
The participants downloaded a mobile app to capture sensor
data from their own smartphones and additionally received a
Fitbit Inspire HR (Fitbit Inc) to track steps, heart rate, and sleep.
Data were continuously collected from smartphone and Fitbit
sensors of 56 participants during the study period (16 November
2019 to 15 May 2020, including the local stay-at-home period).

All 56 (100%) participants completed data collection for a
predefined period of 12 weeks while 39 (70%) agreed to extend
data collection for an additional 12 weeks (for a total of 24
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weeks). Moreover, 6 (11%) participants who did not have
sufficient data during the period before the stay-at-home
mandate were excluded from the machine learning analysis.

Survey Response and Patient-Reported Outcomes
All participants completed a baseline questionnaire, which
queried their demographics and baseline health outcomes, on
the Saturday following enrollment. During the study, the
participants completed additional questionnaires, as described
below, at intervals according to each questionnaire. All
questionnaires for the overall study were administered via the
web using the secure, web-based Research Electronic Data
Capture system, including the stay-at-home period [35,36].

Depression
We used the Patient Health Questionnaire-9 (PHQ-9) to measure
the severity of depression symptoms once every 2 weeks [37].
PHQ-9 contained 9 questions, with each answer being scored
on a scale of 0 to 3. Higher scores indicated more severe
depressive symptoms.

Global MS Symptom Burden
We used the Multiple Sclerosis Rating Scale—Revised
(MSRS-R) to measure global MS symptom burden and
neurological disability once every 4 weeks [38]. MSRS-R
assessed 8 neurological domains (walking, upper limb function,
vision, speech, swallowing, cognition, sensory, bladder, and
bowel function); each domain scored as 0 to 4, with 0 indicating
the absence of symptom and 4 indicating higher symptom
burden and more severe disability.

Fatigue
We used the 5-item version of the Modified Fatigue Impact
Scale (MFIS-5) to measure the impact of fatigue on cognitive,
physical, and psychosocial function once every 4 weeks [39].
Each item in MFIS-5 was scored on a 5-point Likert scale from
0 (never) to 4 (almost always). Higher scores indicated more
severe fatigue.

Sleep Quality
We used the Pittsburgh Sleep Quality Index (PSQI) to measure
sleep disturbances once every 4 weeks [40]. PSQI comprised
19 individual items, with 7 component scores (each on a 0-3
scale) and 1 composite score (0 to 21, where higher scores
indicate a poorer sleep quality).

For each outcome, we averaged the measures collected during
the stay-at-home-period and then dichotomized the resulting
outcomes using thresholds. The binary outcomes would likely
have better clinical utility as they are more easily understood
by patients (for self-monitoring), volunteers with limited mental
health training, or even clinicians. For “Depression,” PHQ-9
scores were dichotomized as “≥5: presence of depression” and
“<5: absence of depression.” For “Global MS symptom burden,”
MSRS-R scores were dichotomized as “≥6.4: higher burden”
and “<6.4: lower burden.” For “Fatigue,” MSIF-5 scores were

dichotomized as “≥8: high fatigue” and “<8: low fatigue.” For
“Sleep quality,” PSQI scores were dichotomized as “≥9: poorer
sleep quality” and “<9: better sleep quality.” The thresholds for
depression and sleep quality were based on previous works
[37,41]. Given the lack of consensus from the literature, we
calculated the median scores of the global MS symptom burden
and fatigue in a larger data set of 104 people with MS, of which
the 56 (53.8%) people with MS in this paper represented a
subgroup (with data collection encompassing the stay-at-home
period) and used the median scores as the thresholds.

Sensor Data Collection
Each participant installed a mobile app based on the AWARE
framework [42], which provided backend and network
infrastructure that unobtrusively collected from smartphones
the location, screen usage (ie, when the screen status changed
to on or off and locked or unlocked), and call logs (for incoming,
outgoing, and missed calls). Further, participants wore a Fitbit
Inspire HR, which captured the number of steps, sleep status
(asleep, awake, restless, or unknown), and heart rate. Calls and
screen use were event-based sensor streams, whereas location,
steps, sleep, and heart rate were time series sensor streams. We
sampled location coordinates at 1 sample per 10 minutes, and
steps, sleep, and heart rate at 1 sample per minute.

Data from AWARE were deidentified and automatically
transferred over WiFi to a study server at regular intervals. Data
from the Fitbit were retrieved using the Fitbit application
programming interface at the end of the data collection.
Participants were asked to keep their devices charged and to
always carry their phone and wear Fitbit.

To protect confidentiality, we removed identifiable information
(eg, names and contact information) from survey and sensor
data prior to analysis. We followed the standard practice for
sensor data security.

Mediation Analysis
Mediation analysis was performed using the nondichotomized
outcomes (ie, the average of the patient-reported outcomes
collected during the stay-at-home-period). Process Macro in
SPSS (IBM Corp) was used for mediation analysis [43].

Data Processing and Machine Learning
The data processing and analysis pipeline (Figure 1) were built
on our prior work [29] and involved several steps:

1. Feature extraction from sensors over time slices to identify
behavior changes.

2. Handling missing features.
3. Machine learning to predict patient-reported health

outcomes during the stay-at-home period:
• Using 1-sensor models (ie, models containing features

from 1 sensor).
• Combining 1-sensor models to obtain the best model

for each outcome.
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Figure 1. Data processing and analysis pipeline. (A) Machine learning pipeline for predicting depression (Patient Health Questionnaire-9 [PHQ-9]),
global MS symptom burden (Multiple Sclerosis Rating Scale—Revised [MSRS-R]), fatigue (Modified Fatigue Impact Scale-5 [MFIS-5]), and sleep
quality (Pittsburgh Sleep Quality Index [PSQI]) using passive sensors from smartphones and fitness trackers. (B) For each sensor during the
pre–stay-at-home period and the stay-at-home period, each feature was extracted from 15 time slices. The pre–stay-at-home features were subtracted
from the stay-at-home features to obtain the behavior change features. First, raw data from the device sensor were preprocessed and then filtered by a
time-of-the-day epoch and a days-of-the-week option. Features were then extracted from the selected raw data.

Feature Extraction
We computed features from the 6 sensors of calls, heart rate,
location, screen, sleep, and steps, given their potential to inform
depressive symptoms [29,44-48], as well as fatigue [49], MS
symptom burden such as decreased mobility [27], and sleep
quality [50,51].

Location features captured mobility patterns. Steps and heart
rate captured the extent of physical activities. Calls features
captured communication patterns. Screen features might inform
the ability for concentration [52,53] and the extent of sedentary
behavior [54], despite potential caveats for people with MS and
other chronic neurological disorders. Sleep features captured
sleeping duration and patterns, which could indicate sleep
disturbance (eg, insomnia or hypersomnia) associated with
depression [55]. Please see Multimedia Appendix 1 (section
A.1 [29,44,46,56-59]) for details of features extracted from each
sensor.

Features from the 6 sensors were extracted over a range of
temporal slices (Figure 1B) preceding and during the
stay-at-home period. For each period, we obtained the daily
averages of these features by computing the average of the daily
feature values. We computed features of behavior changes by
subtracting the daily averages of features during the baseline
(pre–stay-at-home) period from the stay-at-home period for the
machine learning models.

Temporal Slicing
The temporal slicing approach extracted sensor features from
different time segments (Figure 1B). Past work showed that this
approach can better define the relationship between a feature
and depression. For example, Chow et al [60] found no

relationship between depression and the time spent at home
during 4-hour time windows, but they found that people with
more severe depression tended to spend more time at home
between 10 AM and 6 PM. Similarly, Saeb et al [61] found that
the same behavioral feature calculated over weekdays and
weekends could have a very different association with
depression. Here, we obtained all available data (spanning
multiple days of the study) from a specific epoch or time
segment of the day (all day, night [ie, 12 AM-6 AM], morning
[ie, 6 AM-12 PM], afternoon [ie, 12 PM-6 PM], and evening
[ie, 6 PM-12 AM]) and for specific days of the week (all days
of the week, weekdays only [ie, Monday-Friday], and weekends
only [ie, Saturday-Sunday]) to achieve 15 data streams or
temporal slices. To extract features from each of the 15 temporal
slices, we first computed daily features, averaged daily features
from the pre–stay-at-home period, and averaged daily features
from the stay-at-home period. We then subtracted the
pre–stay-at-home feature matrix from the stay-at-home feature
matrix to obtain the behavior change features. We concatenated
the resulting 15 temporal slices of behavior change features to
derive the final feature matrix.

Feature Matrix
After feature extraction, each of the 6 sensors had a feature
matrix, with each sample containing a participant’s feature
vector comprising behavior change features from 15 different
temporal slices.

Handling Missing Data
Missing sensor data can occasionally occur due to several
reasons. Our approach for handling missing data is described
in Multimedia Appendix 1 (section A.2).
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Machine Learning Using Nested Feature Selection
We built machine learning models to predict dichotomized
outcomes using the data set, building on a published approach
[29], and validated our models using leave-5-participants-out
cross-validation to minimize overfitting. The model generation
process followed these steps:

1. Stable feature selection using randomized logistic
regression, leveraging temporal slices.

2. Training and validating 1-sensor models for each of the 6
feature sets of calls, heart rate, location, screen, sleep, and
steps.

3. Obtaining predictions from combinations of sensors by
combining detection probabilities from 1-sensor models to
identify the best performing model.

4. Classifying different outcomes
by running the pipeline for each outcome.

Stable Feature Selection
To enable stable feature selection from a vast number of
behavioral features, Chikersal et al [29] proposed an approach
called “nested randomized logistic regression,” which we
deployed in this study. This method decomposed the feature
space for each sensor by grouping features from the same time
slices and performed randomized logistic regression on each of
these groups. The selected features from all groups (ie, all time
slices) are then concatenated to give a new and much smaller
set of features. Next, we performed randomized logistic
regression on this new set of features to extract the final selected
features for the sensor. We performed the nested feature
selection for each of the six 1-sensor models, thereby nesting
the process. This method was performed in a
leave-5-participants-out manner such that the model used to
detect an outcome for a participant did not include that person
during the feature selection process. More details about this
method can be found in Multimedia Appendix 1 (section A.3).

Training and Validating 1-Sensor Models
For each sensor, we built a model of the selected features from
that sensor to detect an outcome. We used
leave-5-participants-out cross-validation to choose the
parameters for that model. We trained models using the
following 2 machine learning algorithms: logistic regression
and gradient boosting classifier [29]. We chose the model with

the best F1-score for a given outcome, which provides the
detection probabilities for the outcome. The process is
independent of other outcomes.

Obtaining Predictions From Combinations of Sensors
The detection probabilities from all six 1-sensor models were
concatenated into a single feature vector and given as input to
an ensemble classifier (ie, AdaBoost with gradient boosting
classifier as a base estimator), which then outputted the final
label for the outcome. For all outcomes, only the detection
probabilities of the positive label “1” were concatenated. The
positive label was the “presence of depression” for “depression,”
“high burden” for “global MS symptom burden,” “severe
fatigue” for “fatigue,” and “poor sleep quality” for “sleep
quality.” The “n_estimators” (the maximum number of
estimators at which boosting is terminated) parameter was tuned
during leave-5-participants-out cross-validation to achieve the
best-performing combined model.

To analyze the usefulness of each sensor, we implemented a
feature ablation analysis by generating detection results for all
possible combinations of 1-sensor models. For six 1-sensor
models, there were 57 combinations of feature sets, as the total
combinations = combinations with 2 sensors + ... + combinations
with 6 sensors =

Classifying Different Outcomes
This pipeline of training and validating six 1-sensor models and
57 combined models was run independently for each of the 4
outcomes. For each outcome, we reported the performance based
on the best combination of sensors. We also reported the
performance of baseline models (ie, a simple majority classifier
whereby every point is assigned to whichever is in the majority
in the training set) as well as models containing all 6 sensors.

Results

Participant Characteristics
The characteristics of the 56 participants were representative
of the typical MS study (median age 43.5 years; n=48, 86%
women). Table 1 shows the detailed participant characteristics.
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Table 1. Study participant characteristics.

ValueVariable

Sex, n (%)

48 (86)Female

8 (14)Male

Race, n (%)

51 (91)White

5 (9)African or African American

Ethnicity, n (%)

55 (98)Non-Hispanic or Latino

1 (2)Hispanic or Latino

43.5 (37-52)Age (years), median (IQR)

13.0 (6.7-17.4)Time elapsed (years) from age of first neurological symptom

onset to study participation, median (IQR)

1 (0-3)PDDSa score at start of study, median (IQR)

Disease-modifying treatment, n (%)

38 (68)Higher efficacy

12 (21)Standard efficacy

Depression diagnosis, n (%)

39 (70)Not diagnosed with clinical depression before study enrollment

17 (30)Diagnosed with clinical depression before study enrollment

Pharmacotherapy for depression, n (%)

39 (70)Not taking medication for depression before study enrollment

17 (30)Taking medication for depression before study enrollment

Nonpharmacotherapy for depression, n (%)

52 (93)Not receiving nonmedication therapy for depression before study enrollment

4 (7)Receiving nonmedication therapy for depression before study enrollment

Study outcomes: average measures during the stay-at-home period, median (IQR)

3.7 (0.0-7.4)PHQ-9b (depression)

7.5 (3.4-10.3)MSRS-Rc (global MSd symptom burden)

8.0 (4.6-11.0)MFIS-5e (fatigue)

11.0 (7.8-14.3)PSQIf (sleep quality)

aPDDS: Patient Determined Disease Steps.
bPHQ-9: Patient Health Questionnaire-9.
cMSRS-R: Multiple Sclerosis Rating Scale—Revised.
dMS: multiple sclerosis.
eMFIS-5: Modified Fatigue Impact Scale-5.
fPSQI: Pittsburgh Sleep Quality Index.

Interrelated Outcomes
The main study outcome is patient-reported depression as well
as associated neurological symptom burden, fatigue, and sleep
quality. We measured the Pearson correlations among the
average values of the 4 outcomes during the stay-at-home period
for the participants. Depression severity (PHQ-9) correlated

with the global MS symptom burden (MSRS-R), fatigue severity
(MFIS-5), and sleep quality (PSQI; Figure 2).

To dissect the complex relationship among these outcomes to
inform better patient monitoring and guide potentially more
precise interventions, we performed mediation analysis (Figure
3). When MFIS-5 and PSQI were both included as mediators
in the model (path c’), the association between MSRS-R and
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PHQ-9 was no longer significant (effect size=0.13 and the
bias-corrected bootstrap confidence intervals=–0.14 and 0.40).
However, the association between MSRS-R and PHQ-9 through
MFIS-5 (path a1b1) remained significant (effect size=0.34 and
the bias-corrected bootstrap confidence intervals=0.13-0.52).

The association between MSRS-R and PHQ-9 through PSQI
(path a2b2) also remained significant (effect size=0.13 and the
bias-corrected bootstrap confidence intervals=0.02-0.27). Hence,
the relationship between the global MS symptom burden and
depression might be mediated by both fatigue and sleep quality.

Figure 2. Correlations among the 4 clinically relevant patient-reported outcomes in this study. For all correlations, P<.001 (N=56). MFIS-5: Modified
Fatigue Impact Scale-5; MSRS-R: Multiple Sclerosis Rating Scale—Revised; PHQ-9: Patient Health Questionnaire-9; PSQI: Pittsburgh Sleep Quality
Index.

Figure 3. Parallel mediation analysis. Path model showing the effect of Multiple Sclerosis Rating Scale—Revised (MSRS-R; measuring global MS
symptom burden) on the Patient Health Questionnaire-9 (PHQ-9) score (measuring depression) as mediated simultaneously by Modified Fatigue Impact
Scale-5 (MFIS-5; measuring fatigue) and Pittsburgh Sleep Quality Index (PSQI; measuring sleep quality). Path c represents the effect of MSRS-R on
PHQ-9 without mediators in the model. Path c’ represents the effect of MSRS-R on PHQ-9 when MFIS-5 and PSQI mediators are included in the model.
Paths a1b1 and a2b2 represent the effect of MSRS-R on PHQ-9 through MFIS-5 or PSQI respectively. The figure shows nonstandardized β regression
coefficients (*P<.05, **P<.001, ***P<.0001) as reported by PROCESS Macro in SPSS [43]. MS: multiple sclerosis.

Predicting Outcomes During the Stay-at-home Period
Figure 4 shows the performance of the machine learning pipeline
for predicting each of the 4 outcomes using the best sensor
combinations (ie, the set of sensors that had the best performance
for each outcome). Accuracy is the percentage of patients for
whom the outcome label was correctly predicted. F1-score is a
metric of model performance that measures the harmonic mean
of precision and recall. Precision is the positive predictive value,
or the number of true positive labels divided by the number of

all positive labels (true positive + false positive). Recall is
sensitivity, or the number of true positive labels divided by the
number of all patients who should have the positive labels (true
positive + false negative). In this study, “positive” label refers
to the outcome of interest (eg, presence of depression is the
positive label for depression). Figures S1 to S4 in Multimedia
Appendix 1 report the performance of individual sensors and
when all 6 sensors were included. Tables S1 to S4 in Multimedia
Appendix 1 list the features selected by the best models for each
outcome, and their corresponding coefficients.
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Figure 4. Performance of the machine learning pipeline using all sensors and the best sensor combination for predicting each of the 4 clinically relevant
outcomes in people with multiple sclerosis during a state-mandated stay-at-home period. "Accuracy (All Sensors)" and "F1 Score (All Sensors)" are
the accuracy (× 0.01) and F1-score obtained by combining all 6 sensors. "Accuracy (Best Sensors)" and "F1 Score (Best Sensors)" are the accuracy (×
0.01) and F1-score obtained by the best combination of sensors. See Multimedia Appendix 1 for additional performance metrics of all models. MFIS-5:
Modified Fatigue Impact Scale-5; MSR-R: Multiple Sclerosis Rating Scale—Revised; PHQ-9: Patient Health Questionnaire-9; PSQI: Pittsburgh Sleep
Quality Index.

Depression
The baseline model (simple majority classifier) had an accuracy
of 50.0% in predicting the presence of depression during the
stay-at-home period. The model containing all sensors had an
accuracy of 70% (40% improvement over the baseline). The
model with the best combination of sensors (calls, heart rate,
and location) had an accuracy of 82.5% (65% improvement
over the baseline).

Global MS Symptom Burden
The baseline model had an accuracy of 64.7% in predicting high
global MS symptom burden (versus “low burden”) during the
stay-at-home period. The model containing all sensors had an
accuracy of 76.7% (18.5% improvement over the baseline). The
model with the best combination of sensors (calls, heart rate,
location, and screen) had an accuracy of 90% (39%
improvement over the baseline).

Fatigue
The baseline model had an accuracy of 61.8% in predicting
severe fatigue (versus “mild fatigue”) during the stay-at-home
period. The model containing all sensors had an accuracy of
71.7% (16% improvement over the baseline). The model with
the best combination of sensors (calls, heart rate, and location)
had an accuracy of 75.5% (22% improvement over the baseline)

Sleep Quality
The baseline model had an accuracy of 65.7% in predicting
poor sleep quality (ie, “poor sleep quality” versus “better sleep
quality”) during the stay-at-home period. The model containing
all sensors had an accuracy of 70.2% (7% improvement over
the baseline). The model with the best combination of sensors
(location and screen) had an accuracy of 84% (28%
improvement over the baseline).

Discussion

Principal Findings
In this unique natural experiment conducted during the early
wave of the COVID-19 pandemic, we reported the clinical utility
of digital phenotyping for predicting clinically relevant outcomes

for people with MS. Using only passively sensed data, our
machine-learning models predicted the presence of depression,
high global MS symptom burden, severe fatigue, and poor sleep
quality during the stay-at-home period with potentially clinically
actionable performance.

The best models outperformed not only baseline models (simple
majority classifier) but also models containing all sensors. The
best sensor combinations for predicting depression and fatigue
were the same (ie, calls, heart rate, and location), while these
sensors were also included in the best sensor combination for
predicting global MS symptom burden (ie, calls, heart rate,
location, and screen). Comparably, the best sensor combination
for sleep quality (ie, location and screen) had the smallest
overlap with the sensor combinations for the other three
outcomes. This observation was consistent with the finding that
depression, fatigue, and global MS symptom burden were better
correlated among themselves than with sleep quality (Figure
2). We also looked at the feature coefficients of the features
selected by the best models (Multimedia Appendix 1, section
B.2). Examples of the best features of changed behavior selected
by the best model for predicting depression (ie, features with
the highest absolute coefficients) include increase in number of
incoming calls during evenings on weekdays, decrease in
average heart rate when the person is at rest or has low activity
(outside exercise heart rate zones) during evenings on weekends,
and increase in regularity in movement patterns in 24-hour
periods with respect to nights on weekends.

Our findings built on a small body of prior work that explored
the feasibility of passive sensing in people with MS and
preliminary correlations between passively sensed behaviors
and MS outcomes. For example, Newland et al [26] explored
real-time depth sensors at home to identify gait disturbance and
falls in 21 patients with MS. Other studies reported correlations
between passively sensed physical activity and disability
worsening in people with MS [27,62,63]. Chitnis et al [28]
examined the gait, mobility, and sleep of 25 people with MS
over 8 weeks using sensors mounted on their wrist, ankle, and
sternum, and reported correlations among gait-related features
(eg, turn angle and maximum angular velocity), sleep and
activity, and disability outcomes.

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e38495 | p.69https://mental.jmir.org/2022/8/e38495
(page number not for citation purposes)

Chikersal et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


Previous work on predicting health outcomes for people with
MS using passively sensed behaviors is scarce. Tong et al [49]
used passively sensed sleep and activity data collected from
198 people with MS over 6 months to predict fatigue severity
and overall health scores, achieving good performance in line
with acceptable instrument errors. To our knowledge, our study
is the first to use passively sensed behavior changes to predict
multiple interrelated clinically relevant health outcomes in MS,
including depression, disability, fatigue, and sleep quality. While
several studies used passively sensed data from the general
population to report behavior changes during the COVID-19
pandemic [64-67], our study provides the first real-world
evidence of potential clinical utility of passively sensed behavior
changes to predict health outcomes during the unique
stay-at-home period in a population with a chronic neurological
disorder and complex health needs. From a methodological
standpoint, the application of behavioral features computed over
temporal slices to predict depression and other health outcomes
in people with MS is novel. Our approach of using change in
features between the period preceding the stay-at-home and
stay-at-home periods to predict outcomes during the
stay-at-home period is also novel. Finally, we included new
heart rate features that can be computed using data from the
Fitbit application programming interface.

Our approach has potential clinical utility, particularly during
major stressful events (beyond COVID-19) that worsen health
outcomes and limit health care access. For instance, predictive
models built using our approach could help patients self-monitor
their health when access to in-person clinical care becomes
suddenly limited and could encourage patients (or their
caregivers) to actively seek medical attention sooner when the
models predict adverse outcomes. Further, our models could
help clinicians better monitor at-risk patients and make triage
decisions for patients who require prioritization for interventions
(eg, medication and counseling), particularly in the setting of
suddenly limited health care access and scarce resources.

Limitations
Our study has 2 limitations. First, the COVID-19 pandemic
started during our data collection for an ongoing larger study
of people with MS. While it provided a unique opportunity to
conduct a natural experiment to assess the utility of digital
phenotyping to predict health outcomes in people with MS

during the highly unusual stay-at-home period, we had a modest
sample size of participants who happened to have sufficient
sensor data collected both just before the sudden issue of the
stay-at-home order and during the stay-at-home period. We also
had limited ability to seek external replication of the drastic
behavior changes during the early stage of the pandemic since
the stay-at-home order was lifted and has not been reinstated.
To reduce the chance of overfitting and improve the validity of
the findings, we used leave-5-participants-out cross-validation,
such that in each fold, the participants used for training and
testing were different. Our approach performed well for not
only 1 outcome but all 4 clinically relevant outcomes pertaining
to mental health and neurological disability in people with MS.
We have reasonable confidence because of the consistently
good model performance across all 5 folds and the consistently
robust predictions for all 4 outcomes. We are not aware of other
published studies with data from before and during the
stay-at-home orders, particularly involving patient population
with chronic neurological disorders such as MS who are at
heightened risk for adverse health outcomes resulting from
social isolation, reduced support, and limited health care access.
Given the uniqueness of the data set, we believe the findings
are clinically relevant despite the relatively modest sample size.
Second, the study used patient-reported health outcomes. Given
the restriction of in-person clinical visits during the stay-at-home
period, rater-performed examination was not feasible.
Importantly, these patient-reported outcomes are all validated
for people with MS, highly correlated with rater-determined
measures, interrelated among themselves, and clinically relevant.

In summary, we reported the potential clinical utility of digital
phenotyping in predicting subsequent health outcomes in people
with MS during a COVID-19 stay-at-home period. Specifically,
we predicted the presence of depression, high global MS
symptom burden, severe fatigue, and poor sleep quality in people
with MS during the stay-at-home period using passively sensed
behavior changes measured by smartphone and wearable fitness
tracker. The predictive models achieved potentially clinically
actionable performance for all 4 outcomes. This study paved
the way for future replication studies during major stressful
events and has implications for future patient self-monitoring
and clinician screening for urgent interventions in MS and other
complex chronic diseases.

 

Acknowledgments
We would like to thank our undergraduate research assistants: Man Jun (John) Han, Dong Yun Lee, Kasey Park, Phoebe Soong,
and Christine Wu, for helping us monitor participant compliance throughout the data collection process. We would also like to
thank Yiyi Ren for helping develop the app used for data collection. We would also like to thank the research participants and
their treating clinicians. The study is funded by the Department of Defense (CDMRP MS190178).

Authors' Contributions
PC designed and conceptualized the study; analyzed and interpreted data; and drafted and revised the manuscript for intellectual
content. SV, KM, EW, and DQ played a major role in the data acquisition. AD and MG designed and conceptualized the study;
interpreted the data; and drafted and revised the manuscript for intellectual content. ZX designed and conceptualized the study
and had a major role in the data acquisition, data interpretation, drafting, and revision of the manuscript for intellectual content.

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e38495 | p.70https://mental.jmir.org/2022/8/e38495
(page number not for citation purposes)

Chikersal et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


Conflicts of Interest
None declared.

Multimedia Appendix 1
Supplementary material.
[DOCX File , 18995 KB - mental_v9i8e38495_app1.docx ]

References
1. Czeisler M, Lane RI, Petrosky E, Wiley JF, Christensen A, Njai R, et al. Mental health, substance use, and suicidal ideation

during the COVID-19 pandemic - United States, June 24-30, 2020. MMWR Morb Mortal Wkly Rep 2020 Aug
14;69(32):1049-1057 [FREE Full text] [doi: 10.15585/mmwr.mm6932a1] [Medline: 32790653]

2. Panchal N, Kamal R, Cox C, Garfield R. The implications of covid-19 for mental health and substance use. Kaiser family
foundation. 2020. URL: http://medfam.facmed.unam.mx/wp-content/uploads/2021/05/
implicaciones-de-COVID-EN-LA-SALUD-MENTAL.pdf [accessed 2022-07-27]

3. Ettman CK, Abdalla SM, Cohen GH, Sampson L, Vivier PM, Galea S. Prevalence of depression symptoms in US adults
before and during the COVID-19 pandemic. JAMA Netw Open 2020 Sep 01;3(9):e2019686 [FREE Full text] [doi:
10.1001/jamanetworkopen.2020.19686] [Medline: 32876685]

4. Twenge JM, Joiner TE. U.S. Census Bureau-assessed prevalence of anxiety and depressive symptoms in 2019 and during
the 2020 COVID-19 pandemic. Depress Anxiety 2020 Oct;37(10):954-956 [FREE Full text] [doi: 10.1002/da.23077]
[Medline: 32667081]

5. Kujawa A, Green H, Compas BE, Dickey L, Pegg S. Exposure to COVID-19 pandemic stress: Associations with depression
and anxiety in emerging adults in the United States. Depress Anxiety 2020 Dec 10;37(12):1280-1288. [doi: 10.1002/da.23109]
[Medline: 33169481]

6. O'Connor RC, Wetherall K, Cleare S, McClelland H, Melson AJ, Niedzwiedz CL, et al. Mental health and well-being
during the COVID-19 pandemic: longitudinal analyses of adults in the UK COVID-19 mental health & wellbeing study.
Br J Psychiatry 2021 Jun;218(6):326-333 [FREE Full text] [doi: 10.1192/bjp.2020.212] [Medline: 33081860]

7. Lebel C, MacKinnon A, Bagshawe M, Tomfohr-Madsen L, Giesbrecht G. Elevated depression and anxiety symptoms
among pregnant individuals during the COVID-19 pandemic. J Affect Disord 2020 Dec 01;277:5-13 [FREE Full text] [doi:
10.1016/j.jad.2020.07.126] [Medline: 32777604]

8. Motolese F, Rossi M, Albergo G, Stelitano D, Villanova M, Di Lazzaro V, et al. The psychological impact of COVID-19
pandemic on people with multiple sclerosis. Front Neurol 2020 Oct 30;11:580507 [FREE Full text] [doi:
10.3389/fneur.2020.580507] [Medline: 33193033]

9. Zanghì A, D'Amico E, Luca M, Ciaorella M, Basile L, Patti F. Mental health status of relapsing-remitting multiple sclerosis
Italian patients returning to work soon after the easing of lockdown during COVID-19 pandemic: A monocentric experience.
Mult Scler Relat Disord 2020 Nov;46:102561 [FREE Full text] [doi: 10.1016/j.msard.2020.102561] [Medline: 33045494]

10. Broche-Pérez Y, Jiménez-Morales RM, Monasterio-Ramos LO, Vázquez-Gómez LA, Fernández-Fleites Z. Fear of
COVID-19, problems accessing medical appointments, and subjective experience of disease progression, predict anxiety
and depression reactions in patients with Multiple Sclerosis. Mult Scler Relat Disord 2021 Aug;53:103070 [FREE Full
text] [doi: 10.1016/j.msard.2021.103070] [Medline: 34119745]

11. Patten SB, Marrie RA, Carta MG. Depression in multiple sclerosis. Int Rev Psychiatry 2017 Oct 06;29(5):463-472. [doi:
10.1080/09540261.2017.1322555] [Medline: 28681616]

12. Chan CK, Tian F, Pimentel Maldonado D, Mowry EM, Fitzgerald KC. Depression in multiple sclerosis across the adult
lifespan. Mult Scler 2021 Oct 14;27(11):1771-1780 [FREE Full text] [doi: 10.1177/1352458520979304] [Medline: 33307963]

13. Solaro C, Gamberini G, Masuccio FG. Depression in multiple sclerosis: epidemiology, aetiology, diagnosis and treatment.
CNS Drugs 2018 Feb 7;32(2):117-133. [doi: 10.1007/s40263-018-0489-5] [Medline: 29417493]

14. Siegert RJ, Abernethy DA. Depression in multiple sclerosis: a review. J Neurol Neurosurg Psychiatry 2005 Apr
01;76(4):469-475 [FREE Full text] [doi: 10.1136/jnnp.2004.054635] [Medline: 15774430]

15. Feinstein A, Magalhaes S, Richard J, Audet B, Moore C. The link between multiple sclerosis and depression. Nat Rev
Neurol 2014 Sep 12;10(9):507-517. [doi: 10.1038/nrneurol.2014.139] [Medline: 25112509]

16. Zhang Y, Taylor BV, Simpson S, Blizzard L, Campbell JA, Palmer AJ, et al. Feelings of depression, pain and walking
difficulties have the largest impact on the quality of life of people with multiple sclerosis, irrespective of clinical phenotype.
Mult Scler 2021 Jul 14;27(8):1262-1275. [doi: 10.1177/1352458520958369] [Medline: 32924841]

17. Diamond BJ, Johnson SK, Kaufman M, Graves L. Relationships between information processing, depression, fatigue and
cognition in multiple sclerosis. Arch Clin Neuropsychol 2008 Mar;23(2):189-199. [doi: 10.1016/j.acn.2007.10.002] [Medline:
18053682]

18. Ford H, Trigwell P, Johnson M. The nature of fatigue in multiple sclerosis. Journal of Psychosomatic Research 1998
Jul;45(1):33-38. [doi: 10.1016/s0022-3999(98)00004-x]

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e38495 | p.71https://mental.jmir.org/2022/8/e38495
(page number not for citation purposes)

Chikersal et alJMIR MENTAL HEALTH

XSL•FO
RenderX

mental_v9i8e38495_app1.docx
mental_v9i8e38495_app1.docx
https://doi.org/10.15585/mmwr.mm6932a1
http://dx.doi.org/10.15585/mmwr.mm6932a1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32790653&dopt=Abstract
http://medfam.facmed.unam.mx/wp-content/uploads/2021/05/implicaciones-de-COVID-EN-LA-SALUD-MENTAL.pdf
http://medfam.facmed.unam.mx/wp-content/uploads/2021/05/implicaciones-de-COVID-EN-LA-SALUD-MENTAL.pdf
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2020.19686
http://dx.doi.org/10.1001/jamanetworkopen.2020.19686
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32876685&dopt=Abstract
http://europepmc.org/abstract/MED/32667081
http://dx.doi.org/10.1002/da.23077
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32667081&dopt=Abstract
http://dx.doi.org/10.1002/da.23109
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33169481&dopt=Abstract
http://europepmc.org/abstract/MED/33081860
http://dx.doi.org/10.1192/bjp.2020.212
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33081860&dopt=Abstract
http://europepmc.org/abstract/MED/32777604
http://dx.doi.org/10.1016/j.jad.2020.07.126
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32777604&dopt=Abstract
https://doi.org/10.3389/fneur.2020.580507
http://dx.doi.org/10.3389/fneur.2020.580507
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33193033&dopt=Abstract
http://europepmc.org/abstract/MED/33045494
http://dx.doi.org/10.1016/j.msard.2020.102561
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33045494&dopt=Abstract
http://europepmc.org/abstract/MED/34119745
http://europepmc.org/abstract/MED/34119745
http://dx.doi.org/10.1016/j.msard.2021.103070
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34119745&dopt=Abstract
http://dx.doi.org/10.1080/09540261.2017.1322555
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28681616&dopt=Abstract
http://europepmc.org/abstract/MED/33307963
http://dx.doi.org/10.1177/1352458520979304
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33307963&dopt=Abstract
http://dx.doi.org/10.1007/s40263-018-0489-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29417493&dopt=Abstract
https://jnnp.bmj.com/lookup/pmidlookup?view=long&pmid=15774430
http://dx.doi.org/10.1136/jnnp.2004.054635
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15774430&dopt=Abstract
http://dx.doi.org/10.1038/nrneurol.2014.139
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25112509&dopt=Abstract
http://dx.doi.org/10.1177/1352458520958369
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32924841&dopt=Abstract
http://dx.doi.org/10.1016/j.acn.2007.10.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18053682&dopt=Abstract
http://dx.doi.org/10.1016/s0022-3999(98)00004-x
http://www.w3.org/Style/XSL
http://www.renderx.com/


19. Bakshi R, Shaikh ZA, Miletich RS, Czarnecki D, Dmochowski J, Henschel K, et al. Fatigue in multiple sclerosis and its
relationship to depression and neurologic disability. Mult Scler 2000 Jun 02;6(3):181-185. [doi:
10.1177/135245850000600308] [Medline: 10871830]

20. Strober LB, Arnett PA. An examination of four models predicting fatigue in multiple sclerosis. Arch Clin Neuropsychol
2005 Jul;20(5):631-646. [doi: 10.1016/j.acn.2005.04.002] [Medline: 15894455]

21. Levin SN, Venkatesh S, Nelson KE, Li Y, Aguerre I, Zhu W, Multiple Sclerosis Resilience to COVID-19 (MSReCOV)
Collaborative. Manifestations and impact of the COVID-19 pandemic in neuroinflammatory diseases. Ann Clin Transl
Neurol 2021 Apr 22;8(4):918-928 [FREE Full text] [doi: 10.1002/acn3.51314] [Medline: 33616290]

22. Vogel AC, Schmidt H, Loud S, McBurney R, Mateen FJ. Impact of the COVID-19 pandemic on the health care of >1,000
People living with multiple sclerosis: A cross-sectional study. Mult Scler Relat Disord 2020 Nov;46:102512 [FREE Full
text] [doi: 10.1016/j.msard.2020.102512] [Medline: 32977074]

23. Manacorda T, Bandiera P, Terzuoli F, Ponzio M, Brichetto G, Zaratin P, et al. Impact of the COVID-19 pandemic on
persons with multiple sclerosis: Early findings from a survey on disruptions in care and self-reported outcomes. J Health
Serv Res Policy 2021 Jul 18;26(3):189-197 [FREE Full text] [doi: 10.1177/1355819620975069] [Medline: 33337256]

24. Levit E, Cohen I, Dahl M, Edwards K, Weinstock-Guttman B, Ishikawa T, Multiple Sclerosis Resilience to COVID-19
(MSReCOV) Collaborative. Worsening physical functioning in patients with neuroinflammatory disease during the
COVID-19 pandemic. Mult Scler Relat Disord 2022 Feb;58:103482 [FREE Full text] [doi: 10.1016/j.msard.2021.103482]
[Medline: 35016114]

25. Huckvale K, Venkatesh S, Christensen H. Toward clinical digital phenotyping: a timely opportunity to consider purpose,
quality, and safety. NPJ Digit Med 2019 Sep 6;2(1):88 [FREE Full text] [doi: 10.1038/s41746-019-0166-1] [Medline:
31508498]

26. Newland P, Wagner JM, Salter A, Thomas FP, Skubic M, Rantz M. Exploring the feasibility and acceptability of sensor
monitoring of gait and falls in the homes of persons with multiple sclerosis. Gait Posture 2016 Sep;49:277-282. [doi:
10.1016/j.gaitpost.2016.07.005] [Medline: 27474948]

27. Shammas L, Zentek T, von Haaren B, Schlesinger S, Hey S, Rashid A. Home-based system for physical activity monitoring
in patients with multiple sclerosis (Pilot study). Biomed Eng Online 2014 Feb 06;13:10 [FREE Full text] [doi:
10.1186/1475-925X-13-10] [Medline: 24502230]

28. Chitnis T, Glanz BI, Gonzalez C, Healy BC, Saraceno TJ, Sattarnezhad N, et al. Quantifying neurologic disease using
biosensor measurements in-clinic and in free-living settings in multiple sclerosis. NPJ Digit Med 2019 Dec 11;2(1):123
[FREE Full text] [doi: 10.1038/s41746-019-0197-7] [Medline: 31840094]

29. Chikersal P, Doryab A, Tumminia M, Villalba DK, Dutcher JM, Liu X, et al. Detecting depression and predicting its onset
using longitudinal symptoms captured by passive sensing. ACM Trans. Comput.-Hum. Interact 2021 Feb 28;28(1):1-41.
[doi: 10.1145/3422821]

30. Levin SN, Riley CS, Dhand A, White CC, Venkatesh S, Boehm B, et al. Association of social network structure and physical
function in patients with multiple sclerosis. Neurology 2020 Aug 07;95(11):e1565-e1574. [doi:
10.1212/wnl.0000000000010460]

31. Mani A, Santini T, Puppala R, Dahl M, Venkatesh S, Walker E, et al. Applying deep learning to accelerated clinical brain
magnetic resonance imaging for multiple sclerosis. Front Neurol 2021 Sep 27;12:685276 [FREE Full text] [doi:
10.3389/fneur.2021.685276] [Medline: 34646227]

32. Boorgu DS, Venkatesh S, Lakhani CM, Walker E, Aguerre IM, Riley C, et al. The impact of socioeconomic status on
subsequent neurological outcomes in multiple sclerosis. Mult Scler Relat Disord 2022 Jun;65:103994. [doi:
10.1016/j.msard.2022.103994]

33. Kever A, Walker ELS, Riley CS, Heyman RA, Xia Z, Leavitt VM. Association of personality traits with physical function,
cognition, and mood in multiple sclerosis.. Mult Scler Relat Disord 2022 Feb;59:103648. [doi: 10.1016/j.msard.2022.103648]

34. Epstein S, Xia Z, Lee AJ, Dahk M, Edwards K, Levit E, Multiple Sclerosis Resilience to COVID-19 (MSReCOV)
Collaborative. . Vaccination against SARS-CoV-2 in neuroinflammatory disease: early safety/tolerability data. . Mult Scler
Relat Disord 2022 Jan;57:103433. [doi: 10.1016/j.msard.2021.103433]

35. Harris PA, Taylor R, Minor BL, Elliott V, Fernandez M, O'Neal L, REDCap Consortium. The REDCap consortium: Building
an international community of software platform partners. J Biomed Inform 2019 Jul;95:103208 [FREE Full text] [doi:
10.1016/j.jbi.2019.103208] [Medline: 31078660]

36. Harris PA, Taylor R, Thielke R, Payne J, Gonzalez N, Conde JG. Research electronic data capture (REDCap)--a
metadata-driven methodology and workflow process for providing translational research informatics support. J Biomed
Inform 2009 Apr;42(2):377-381 [FREE Full text] [doi: 10.1016/j.jbi.2008.08.010] [Medline: 18929686]

37. Kroenke K, Spitzer RL, Williams JBW. The PHQ-9: validity of a brief depression severity measure. J Gen Intern Med
2001 Sep;16(9):606-613 [FREE Full text] [doi: 10.1046/j.1525-1497.2001.016009606.x] [Medline: 11556941]

38. Wicks P, Vaughan TE, Massagli MP. The multiple sclerosis rating scale, revised (MSRS-R): development, refinement,
and psychometric validation using an online community. Health Qual Life Outcomes 2012 Jun 18;10:70 [FREE Full text]
[doi: 10.1186/1477-7525-10-70] [Medline: 22709981]

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e38495 | p.72https://mental.jmir.org/2022/8/e38495
(page number not for citation purposes)

Chikersal et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1177/135245850000600308
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10871830&dopt=Abstract
http://dx.doi.org/10.1016/j.acn.2005.04.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15894455&dopt=Abstract
https://doi.org/10.1002/acn3.51314
http://dx.doi.org/10.1002/acn3.51314
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33616290&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2211-0348(20)30587-3
https://linkinghub.elsevier.com/retrieve/pii/S2211-0348(20)30587-3
http://dx.doi.org/10.1016/j.msard.2020.102512
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32977074&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/1355819620975069?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1177/1355819620975069
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33337256&dopt=Abstract
http://europepmc.org/abstract/MED/35016114
http://dx.doi.org/10.1016/j.msard.2021.103482
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35016114&dopt=Abstract
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
http://dx.doi.org/10.1016/j.gaitpost.2016.07.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27474948&dopt=Abstract
https://biomedical-engineering-online.biomedcentral.com/articles/10.1186/1475-925X-13-10
http://dx.doi.org/10.1186/1475-925X-13-10
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24502230&dopt=Abstract
https://doi.org/10.1038/s41746-019-0197-7
http://dx.doi.org/10.1038/s41746-019-0197-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31840094&dopt=Abstract
http://dx.doi.org/10.1145/3422821
http://dx.doi.org/10.1212/wnl.0000000000010460
https://doi.org/10.3389/fneur.2021.685276
http://dx.doi.org/10.3389/fneur.2021.685276
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34646227&dopt=Abstract
http://dx.doi.org/10.1016/j.msard.2022.103994
http://dx.doi.org/10.1016/j.msard.2022.103648
http://dx.doi.org/10.1016/j.msard.2021.103433
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(19)30126-1
http://dx.doi.org/10.1016/j.jbi.2019.103208
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31078660&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(08)00122-6
http://dx.doi.org/10.1016/j.jbi.2008.08.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18929686&dopt=Abstract
https://onlinelibrary.wiley.com/resolve/openurl?genre=article&sid=nlm:pubmed&issn=0884-8734&date=2001&volume=16&issue=9&spage=606
http://dx.doi.org/10.1046/j.1525-1497.2001.016009606.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11556941&dopt=Abstract
https://hqlo.biomedcentral.com/articles/10.1186/1477-7525-10-70
http://dx.doi.org/10.1186/1477-7525-10-70
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22709981&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


39. Meca-Lallana V, Brañas-Pampillón M, Higueras Y, Candeliere-Merlicco A, Aladro-Benito Y, Rodríguez-De la Fuente O,
et al. Assessing fatigue in multiple sclerosis: Psychometric properties of the five-item Modified Fatigue Impact Scale
(MFIS-5). Mult Scler J Exp Transl Clin 2019 Nov 09;5(4):2055217319887987 [FREE Full text] [doi:
10.1177/2055217319887987] [Medline: 31741743]

40. Buysse DJ, Reynolds CIII, Monk TH, Hoch CC, Yeager AL, Kupfer DJ. Quantification of subjective sleep quality in healthy
elderly men and women using the Pittsburgh sleep quality index (PSQI). Sleep 1991;14(4):331-338. [doi:
10.1093/sleep/14.4.331]

41. Fictenberg NL, Putnam SH, Mann NR, Zafonte RD, Millard AE. Insomnia screening in postacute traumatic brain injury:
utility and validity of the Pittsburgh Sleep Quality Index. Am J Phys Med Rehabil 2001 May;80(5):339-345. [doi:
10.1097/00002060-200105000-00003] [Medline: 11327555]

42. Ferreira D, Kostakos V, Dey AK. AWARE: mobile context instrumentation framework. Front. ICT 2015 Apr 20;2:1-9.
[doi: 10.3389/fict.2015.00006]

43. Hayes A. Introduction to Mediation, Moderation, and Conditional Process Analysis: A Regression-Based Approach. New
York, US: Guilford Press; 2017.

44. Saeb S, Zhang M, Kwasny MM, Karr CJ, Kording K, Mohr DC. The relationship between clinical, momentary, and
sensor-based assessment of depression. Int Conf Pervasive Comput Technol Healthc 2015 Aug;2015:1-10 [FREE Full text]
[doi: 10.4108/icst.pervasivehealth.2015.259034] [Medline: 26640739]

45. Wang R, Chen F, Chen Z, Li T, Harari G, Tignor S, et al. Studentlife: assessing mental health, academic performance and
behavioral trends of college students using smartphones. 2014 Presented at: ACM international joint conference on pervasive
and ubiquitous computing; September 13-17, 2014; Seattle, Washington. [doi: 10.1145/2632048.2632054]

46. Canzian L, Musolesi M. Trajectories of depression: unobtrusive monitoring of depressive states by means of smartphone
mobility traces analysis. 2015 Presented at: ACM international joint conference on pervasive and ubiquitous computing;
September 7-11, 2015; Osaka, Japan p. 1293-1304. [doi: 10.1145/2750858.2805845]

47. Xu X, Chikersal P, Dutcher JM, Sefidgar YS, Seo W, Tumminia MJ, et al. Leveraging collaborative-filtering for personalized
behavior modeling. Proc. ACM Interact. Mob. Wearable Ubiquitous Technol 2021 Mar 19;5(1):1-27. [doi: 10.1145/3448107]

48. Xu X, Chikersal P, Doryab A, Villalba DK, Dutcher JM, Tumminia MJ, et al. Leveraging routine behavior and
contextually-filtered features for depression detection among college students. Proc. ACM Interact. Mob. Wearable
Ubiquitous Technol 2019 Sep 09;3(3):1-33. [doi: 10.1145/3351274]

49. Tong C, Craner M, Vegreville M, Lane ND. Tracking fatigue and health state in multiple sclerosis patients using connnected
wellness devices. Proc. ACM Interact. Mob. Wearable Ubiquitous Technol 2019 Sep 09;3(3):1-19. [doi: 10.1145/3351264]

50. Min JK, Doryab A, Wiese J, Amini S, Zimmerman J, Hong JI. Toss 'n' turn: smartphone as sleep and sleep quality detector.
2014 Presented at: Proceedings of the SIGCHI Conference on Human Factors in Computing Systems; April 26, 2014;
Toronto, Canada p. 477-486. [doi: 10.1145/2556288.2557220]

51. Sano A, Phillips AJ, Yu AZ, McHill AW, Taylor S, Jaques N, et al. Recognizing academic performance, sleep quality,
stress level, and mental health using personality traits, wearable sensors and mobile phones. 2015 Presented at: IEEE 12th
International Conference on Wearable and Implantable Body Sensor Networks (BSN); October 19, 2015; Cambridge, MA,
USA p. 1-6.

52. Demirci K, Akgönül M, Akpinar A. Relationship of smartphone use severity with sleep quality, depression, and anxiety in
university students. J Behav Addict 2015 Jun;4(2):85-92 [FREE Full text] [doi: 10.1556/2006.4.2015.010] [Medline:
26132913]

53. Kwon M, Lee J, Won W, Park J, Min J, Hahn C, et al. Development and validation of a smartphone addiction scale (SAS).
PLoS One 2013;8(2):e56936 [FREE Full text] [doi: 10.1371/journal.pone.0056936] [Medline: 23468893]

54. Costigan SA, Barnett L, Plotnikoff RC, Lubans DR. The health indicators associated with screen-based sedentary behavior
among adolescent girls: a systematic review. J Adolesc Health 2013 Apr;52(4):382-392. [doi:
10.1016/j.jadohealth.2012.07.018] [Medline: 23299000]

55. Nutt D, Wilson S, Paterson L. Sleep disorders as core symptoms of depression. Dialogues in Clinical Neuroscience 2022
Apr 01;10(3):329-336. [doi: 10.31887/dcns.2008.10.3/dnutt]

56. Press WH, Rybicki GB. Fast algorithm for spectral analysis of unevenly sampled data. The Astrophysical Journal. URL:
https://adsabs.harvard.edu/pdf/1989ApJ...338..277P [accessed 2022-07-27]

57. Mantua J, Gravel N, Spencer RMC. Reliability of sleep measures from four personal health monitoring devices compared
to research-based actigraphy and polysomnography. Sensors (Basel) 2016 May 05;16(5):646 [FREE Full text] [doi:
10.3390/s16050646] [Medline: 27164110]

58. Cook JD, Prairie ML, Plante DT. Utility of the Fitbit Flex to evaluate sleep in major depressive disorder: A comparison
against polysomnography and wrist-worn actigraphy. J Affect Disord 2017 Aug 01;217:299-305 [FREE Full text] [doi:
10.1016/j.jad.2017.04.030] [Medline: 28448949]

59. de Zambotti M, Goldstone A, Claudatos S, Colrain IM, Baker FC. A validation study of Fitbit Charge 2™ compared with
polysomnography in adults. Chronobiol Int 2018 Apr;35(4):465-476. [doi: 10.1080/07420528.2017.1413578] [Medline:
29235907]

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e38495 | p.73https://mental.jmir.org/2022/8/e38495
(page number not for citation purposes)

Chikersal et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://journals.sagepub.com/doi/10.1177/2055217319887987?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1177/2055217319887987
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31741743&dopt=Abstract
http://dx.doi.org/10.1093/sleep/14.4.331
http://dx.doi.org/10.1097/00002060-200105000-00003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11327555&dopt=Abstract
http://dx.doi.org/10.3389/fict.2015.00006
http://europepmc.org/abstract/MED/26640739
http://dx.doi.org/10.4108/icst.pervasivehealth.2015.259034
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26640739&dopt=Abstract
http://dx.doi.org/10.1145/2632048.2632054
http://dx.doi.org/10.1145/2750858.2805845
http://dx.doi.org/10.1145/3448107
http://dx.doi.org/10.1145/3351274
http://dx.doi.org/10.1145/3351264
http://dx.doi.org/10.1145/2556288.2557220
http://europepmc.org/abstract/MED/26132913
http://dx.doi.org/10.1556/2006.4.2015.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26132913&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0056936
http://dx.doi.org/10.1371/journal.pone.0056936
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23468893&dopt=Abstract
http://dx.doi.org/10.1016/j.jadohealth.2012.07.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23299000&dopt=Abstract
http://dx.doi.org/10.31887/dcns.2008.10.3/dnutt
https://adsabs.harvard.edu/pdf/1989ApJ...338..277P
https://www.mdpi.com/resolver?pii=s16050646
http://dx.doi.org/10.3390/s16050646
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27164110&dopt=Abstract
http://europepmc.org/abstract/MED/28448949
http://dx.doi.org/10.1016/j.jad.2017.04.030
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28448949&dopt=Abstract
http://dx.doi.org/10.1080/07420528.2017.1413578
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29235907&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


60. Chow PI, Fua K, Huang Y, Bonelli W, Xiong H, Barnes LE, et al. Using mobile sensing to test clinical models of depression,
social anxiety, state affect, and social isolation among college students. J Med Internet Res 2017 Mar 03;19(3):e62 [FREE
Full text] [doi: 10.2196/jmir.6820] [Medline: 28258049]

61. Saeb S, Lattie EG, Schueller SM, Kording KP, Mohr DC. The relationship between mobile phone location sensor data and
depressive symptom severity. PeerJ 2016;4:e2537 [FREE Full text] [doi: 10.7717/peerj.2537] [Medline: 28344895]

62. Block VJ, Bove R, Zhao C, Garcha P, Graves J, Romeo AR, et al. Association of continuous assessment of step Count by
remote monitoring with disability progression among adults with multiple sclerosis. JAMA Netw Open 2019 Mar
01;2(3):e190570 [FREE Full text] [doi: 10.1001/jamanetworkopen.2019.0570] [Medline: 30874777]

63. Stuart CM, Varatharaj A, Domjan J, Philip S, Galea I, SIMS study group. Physical activity monitoring to assess disability
progression in multiple sclerosis. Mult Scler J Exp Transl Clin 2020 Dec 07;6(4):2055217320975185 [FREE Full text]
[doi: 10.1177/2055217320975185] [Medline: 33343919]

64. Sun S, Folarin AA, Ranjan Y, Rashid Z, Conde P, Stewart C, RADAR-CNS Consortium. Using smartphones and wearable
devices to monitor behavioral changes during COVID-19. J Med Internet Res 2020 Sep 25;22(9):e19992 [FREE Full text]
[doi: 10.2196/19992] [Medline: 32877352]

65. Ong J, Lau T, Massar SAA, Chong ZT, Ng BKL, Koek D, et al. COVID-19-related mobility reduction: heterogenous effects
on sleep and physical activity rhythms. Sleep 2021 Feb 12;44(2):zsaa179 [FREE Full text] [doi: 10.1093/sleep/zsaa179]
[Medline: 32918076]

66. Pépin JL, Bruno RM, Yang R, Vercamer V, Jouhaud P, Escourrou P, et al. Wearable activity trackers for monitoring
adherence to home confinement during the COVID-19 pandemic worldwide: data aggregation and analysis. J Med Internet
Res 2020 Jun 19;22(6):e19787 [FREE Full text] [doi: 10.2196/19787] [Medline: 32501803]

67. Huckins JF, daSilva AW, Wang W, Hedlund E, Rogers C, Nepal SK, et al. Mental health and behavior of college students
during the early phases of the COVID-19 pandemic: longitudinal smartphone and ecological momentary assessment study.
J Med Internet Res 2020 Jun 17;22(6):e20185 [FREE Full text] [doi: 10.2196/20185] [Medline: 32519963]

Abbreviations
MFIS-5: Modified Fatigue Impact Scale-5
MS: multiple sclerosis
MSRS-R: Multiple Sclerosis Rating Scale—Revised
PHQ-9: Patient Health Questionnaire-9
PSQI: Pittsburgh Sleep Quality Index

Edited by J Torous; submitted 06.04.22; peer-reviewed by N Marotta, N Chiaravalloti; comments to author 27.06.22; revised version
received 15.07.22; accepted 16.07.22; published 24.08.22.

Please cite as:
Chikersal P, Venkatesh S, Masown K, Walker E, Quraishi D, Dey A, Goel M, Xia Z
Predicting Multiple Sclerosis Outcomes During the COVID-19 Stay-at-home Period: Observational Study Using Passively Sensed
Behaviors and Digital Phenotyping
JMIR Ment Health 2022;9(8):e38495
URL: https://mental.jmir.org/2022/8/e38495 
doi:10.2196/38495
PMID:35849686

©Prerna Chikersal, Shruthi Venkatesh, Karman Masown, Elizabeth Walker, Danyal Quraishi, Anind Dey, Mayank Goel, Zongqi
Xia. Originally published in JMIR Mental Health (https://mental.jmir.org), 24.08.2022. 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 2022 | vol. 9 | iss. 8 | e38495 | p.74https://mental.jmir.org/2022/8/e38495
(page number not for citation purposes)

Chikersal et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://www.jmir.org/2017/3/e62/
https://www.jmir.org/2017/3/e62/
http://dx.doi.org/10.2196/jmir.6820
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28258049&dopt=Abstract
https://doi.org/10.7717/peerj.2537
http://dx.doi.org/10.7717/peerj.2537
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28344895&dopt=Abstract
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2019.0570
http://dx.doi.org/10.1001/jamanetworkopen.2019.0570
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30874777&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/2055217320975185?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1177/2055217320975185
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33343919&dopt=Abstract
https://www.jmir.org/2020/9/e19992/
http://dx.doi.org/10.2196/19992
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32877352&dopt=Abstract
http://europepmc.org/abstract/MED/32918076
http://dx.doi.org/10.1093/sleep/zsaa179
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32918076&dopt=Abstract
https://www.jmir.org/2020/6/e19787/
http://dx.doi.org/10.2196/19787
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32501803&dopt=Abstract
https://www.jmir.org/2020/6/e20185/
http://dx.doi.org/10.2196/20185
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32519963&dopt=Abstract
https://mental.jmir.org/2022/8/e38495
http://dx.doi.org/10.2196/38495
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35849686&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

Clinical Targets and Attitudes Toward Implementing Digital Health
Tools for Remote Measurement in Treatment for Depression:
Focus Groups With Patients and Clinicians

Valeria de Angel1,2, MSc; Serena Lewis1,3, BSc; Katie M White1, BSc; Faith Matcham1,4, CPsychol, PhD; Matthew

Hotopf1,2, MD, PhD
1Department of Psychological Medicine, Institute of Psychiatry, Psychology and Neuroscience, King's College London, London, United Kingdom
2NIHR Maudsley Biomedical Research Centre,  South London and Maudsley NHS Foundation Trust, London, United Kingdom
3Department of Psychology, University of Bath, Bath, United Kingdom
4School of Psychology, University of Sussex, Falmer, East Sussex, United Kingdom

Corresponding Author:
Valeria de Angel, MSc
Department of Psychological Medicine
Institute of Psychiatry, Psychology and Neuroscience
King's College London
E3.08, 3rd floor East Wing
16 De Crespigny Park
London, SE5 8AF 
United Kingdom
Phone: 44 7415838882
Email: valeria.de_angel@kcl.ac.uk

Abstract

Background: Remote measurement technologies, such as smartphones and wearable devices, can improve treatment outcomes
for depression through enhanced illness characterization and monitoring. However, little is known about digital outcomes that
are clinically meaningful to patients and clinicians. Moreover, if these technologies are to be successfully implemented within
treatment, stakeholders’ views on the barriers to and facilitators of their implementation in treatment must be considered.

Objective: This study aims to identify clinically meaningful targets for digital health research in depression and explore attitudes
toward their implementation in psychological services.

Methods: A grounded theory approach was used on qualitative data from 3 focus groups of patients with a current diagnosis
of depression and clinicians with >6 months of experience with delivering psychotherapy (N=22).

Results: Emerging themes on clinical targets fell into the following two main categories: promoters and markers of change.
The former are behaviors that participants engage in to promote mental health, and the latter signal a change in mood. These
themes were further subdivided into external changes (changes in behavior) or internal changes (changes in thoughts or feelings)
and mapped with potential digital sensors. The following six implementation acceptability themes emerged: technology-related
factors, information and data management, emotional support, cognitive support, increased self-awareness, and clinical utility.

Conclusions: The promoters versus markers of change differentiation have implications for a causal model of digital phenotyping
in depression, which this paper presents. Internal versus external subdivisions are helpful in determining which factors are more
susceptible to being measured by using active versus passive methods. The implications for implementation within psychotherapy
are discussed with regard to treatment effectiveness, service provision, and patient and clinician experience.

(JMIR Ment Health 2022;9(8):e38934)   doi:10.2196/38934
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Introduction

The widespread availability of remote measurement technologies
(RMTs), such as smartphones and wearables, provides
opportunities to assist in the management of patients with
long-term health conditions, such as depression. Passive sensing
involves the automatic monitoring of behavioral, physiological,
and environmental information using multiple digital sensors
[1], whereas active sensing requires user input by replying to
questionnaires or completing smartphone-based tasks. Used in
combination, active and passive monitoring provide ways of
capturing continuous, ecologically valid, and high-resolution
measures of signs and symptoms related to depression. There
are numerous potential uses for such data, including outcome
measurements, patient stratification, and clinical
decision-making within the treatment.

Cognitive behavioral therapy (CBT) is the first-line treatment
for people with mild to moderate depression; however,
approximately 50% of patients do not recover from the episode
following treatment [2,3]. To date, there are no reliable
predictive indicators of treatment outcomes [4]; therefore, a key
question is whether RMTs could be used to identify predictors
of recovery. For example, RMTs could detect certain behavioral
subtypes of depression, which may be more responsive to CBT
than antidepressants.

Another application of RMTs is as an outcome measure.
Currently, clinical and research outcome measurements rely on
infrequent use of symptom scales, which rely on patients
remembering and communicating complex mood states, sleep,
appetite, and other core symptoms of depression, which is an
ability impaired in depression [5]. RMT, by directly measuring
key features of depression such as sleep and activity, may
provide more valid indicators of core depression phenomenology
and therefore provide better measures of treatment outcomes.

A further application of RMTs would be to provide information
to clinicians and patients, which could enhance the delivery of
care. For example, the impact of interventions such as sleep
hygiene or behavioral activation could be observed by patients
and clinicians using RMT, which would provide a more direct
and continuous indicator of change in targeted behaviors than
when relying on diaries or conventional outcome measures.

The measure of behaviors of interest in depression has taken a
bottom-up or data-driven approach to infer clinical states from
digital sensors; digital markers of behavior have adjusted to
existing sensors rather than the other way around [6]. These
approaches are helpful in identifying potential digital biomarkers
of disease; however, they are not always clinically meaningful.
To generate clinical targets relevant to a patient’s needs, their
views on what illness or improvement looks like for them should
be included. Clinical outcomes in digital health research are
based on mainstream diagnostic scale items; however, even
established psychometrics are criticized for overlooking outcome
domains that are important to patients [7]. Therefore,
patient-centered approaches to digital mental health are needed.

User acceptability is at the core of technology adoption [8], and
thus, the patient and clinician acceptability of RMTs is crucial

for successful implementation within the treatment. Although
RMTs have shown adequate levels of acceptability [9], few
studies have explored in-depth views on patient experience [6],
and those conducted in a clinical setting are fewer still [10].
This is problematic, given that treatment-seeking populations
have the potential added acceptability considerations of
increased burden of symptom severity, low cognitive and
emotional resources [11], and ethical concerns surrounding
personal data sharing [12].

In addition to barriers, identifying and harnessing facilitators
of RMT use during treatment may further motivate their use
within services. Simblett et al [11] found that patients felt that
RMTs provided opportunities to connect with peers and brought
about a sense of control and understanding of their condition.
However, previous studies have mostly considered participants
who were already using health tools as part of a research study
[13-15]. Although the experiences of current users are
undeniably helpful, understanding pre-use attitudes toward new
tools, including barriers to and facilitators of their adoption, is
central to their uptake and implementation in health care
services.

Therefore, the objectives of this study were 2-fold. Using
qualitative methods, we first aimed to understand what outcomes
are important for clinicians and patients as they improve with
treatment to create clinically meaningful targets for digital health
research. Second, we aimed to explore patient and clinician
attitudes toward the use of RMTs and identify any perceived
barriers to and facilitators of using these methods during
psychological treatments for depression.

Methods

Design
This was a qualitative study with a focus group design. A
thematic analysis was used to identify overarching themes within
the participants’ attitudes and experiences. The topic guide was
developed based on the research goals, where the 2 main aims
were allocated to approximately half of the session each.

Participants
We recruited a total of 22 participants, of whom 16 (73%) were
current or recent users of the Improving Access to Psychological
Therapies (IAPT) Talking Therapy program, a psychotherapy
delivery service provided by the United Kingdom’s National
Health Service (NHS). A separate group of clinicians within
the IAPT program were also recruited (6/22, 27%). They either
delivered CBT or were part of the care team for patients
undergoing CBT for depression and anxiety.

Clinicians with at least 6 months of experience in their roles
were recruited via email through their services. Patients were
recruited through advertisements in mental health service
waiting rooms and advertisements circulated by the staff.
Patients were eligible if they were aged ≥18 years and had
received at least three sessions of IAPT-delivered CBT for a
depressive disorder in the past year.
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Ethics Approval
The study was reviewed by the London Bridge Research Ethics
Committee, and approval from the Health Research Authority
was obtained (reference 19/LO/0662).

Patient and Public Involvement
This research was reviewed by a team with experience with
mental health problems and their caregivers who were specially
trained to advise on research proposals and documentation
through the Feasibility and Acceptability Support Team for
Researchers—a free, confidential service in England provided
by the National Institute for Health Research Maudsley
Biomedical Research Centre via King’s College London, South
London, and Maudsley NHS Foundation Trust. The reviewed
documentation comprised all participant-facing documents,
excluding the interview schedule.

Procedure
A total of 3 separate focus groups led by 2 researchers were
conducted in August 2019 at King’s College London, 2 for
patients and 1 for clinicians. All participants provided written
informed consent to participate in this study. Patient sessions
ran for 2 hours and clinician groups for 1 hour. The participants
were compensated £25 (US $32.50) for participating in the
study.

Baseline demographic data, including age, gender, ethnicity,
and the type of treatment received or administered, were
recorded. During the focus groups, participants were prompted
with a series of prespecified questions to explore the outcomes
that people value in relation to their mental health (eg, improved
sleep, increased socialization, and completion of daily chores).
In addition, they were asked about their attitudes toward using
smartphones and wearable technology during psychological

treatment (see supplementary note 1 for the topic guides in
Multimedia Appendix 1). Sessions were audio recorded and
transcribed verbatim (excluding filler words, such as “erm” or
“um”). The same 2 researchers—a PhD candidate and a
postdoctoral health psychologist—facilitated all the sessions.

Data Analysis
Transcriptions were independently coded and analyzed by 2
researchers using the NVivo software (version 12; QSR
International). To improve the breadth of perspectives and
reduce researcher bias, coding was replicated by a qualitative
researcher who was not present in the focus groups.

Following Braun and Clarke [16], an inductive, thematic
analysis approach was followed, in which the data drive the
generation of themes rather than a previous theoretical basis.
The researchers read the transcripts to identify emerging themes.
Recurring topics were grouped under the same code until the
general patterns of themes were identified. The researchers then
met to discuss and consolidate themes, generating a new list of
codes, which was used for a further round of coding.

Results

Sample Demographics
There were a total of 22 participants. The main demographic
characteristics of the sample are presented in Table 1. All
patients had a diagnosis of depression, and 63% (10/16) reported
comorbidities. Half of the participants (8/16, 50%) reported
having comorbid anxiety disorders, including generalized
anxiety disorder and panic disorder. The results were separated
into two main sections: (1) relevant clinical outcomes and (2)
implementation barriers and facilitators.

Table 1. Demographic characteristics of participants in the clinician focus group and both patient focus groups (N=22).

Total (N=22)PatientsClinicians (n=6)Characteristics

Group 2 (n=7)Group 1 (n=9)

44.6 (13.3)47.7 (11.6)47.9 (15.7)36.7 (9.3)Age (years), mean (SD)

Gender, n (%)

18 (82)7 (100)6 (67)5 (83)Women

4 (18)—a3 (33)1 (17)Men

Ethnicity, n (%)

2 (9)1 (14)—1 (16)Asian or Asian British

4 (18)—3 (33)1 (16)Black African or Caribbean, or Black British

11 (50)4 (57)4 (44)3 (50)White British

2 (9)1 (14)1 (11)—White other

3 (14)1 (14)1 (11)1 (16)Mixed or multiple ethnic groups

8 (50)c4 (57)4 (44)N/AbComorbid anxiety diagnosis, n (%)

3 (19)c1 (14)2 (22)N/APhysical health condition, n (%)

aNot available (no participants with these characteristics).
bN/A: not applicable (diagnosis information not collected for the clinician group).
cPatient data only; total: N=16.
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Clinical Outcomes

Overview
The first section of the focus group discussions revolved around
identifying which behavioral changes signaled an improvement
in, or worsening of, mood to our participants. Two main themes
were identified: behaviors that people engage in, which have
an impact on mood, named here as promoters of change, and

behaviors that manifest because of a change in mood, termed
as markers of change. These themes were further subdivided
into either external changes (referring to changes in their
behaviors and could, in principle, be measured objectively) or
internal changes (referring to changes in thoughts or feelings
rather than actions). Figure 1 summarizes the markers and
promoters of change discussed in the groups with example
quotes.

Figure 1. Internal and external markers and promoters of change and their corresponding remote measurement technology sensors through which they
could be measured.

Promoters of Change

Internal

Three main subthemes emerged as internal processes that could
help promote or hinder improvements in people’s moods. First,
participants found that feeling pressure from themselves or
striving for perfectionism to be better or do more would hinder

their improvement. Second, they felt that having insights into
their illness and awareness of progress was gratifying. Third,
experiencing an improvement in mood led some people to
gradually disengage with treatment “instead of doing the work
again so you do get complacent” (P07) by leaving homework
incomplete or stopping the medication, which, in consequence,
worsened mental health.
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External

A prevalent subtheme for all focus groups as a promoter of
mental well-being was staying active, including both vigorous
exercise and milder physical activity. This was followed by
establishing a routine, which both clinicians and patients found
to be central to experiencing improvement. Striving to create
better sleep habits to improve mental health and setting realistic
goals in the short term gave people a sense of accomplishment.
However, unrealistic targets ran the risk of bringing
discouragement and worsening the mood if left incomplete.

Psychoeducation, including signing up for and engaging with
mental health courses, was perceived as helpful, as was
completing the homework assigned during therapy. In addition,
participants found value in finding suitable distractions such as
comedy shows, music, and pursuing hobbies. Notably, only
clinicians discussed social media and screen time as having a
potential impact on mental health.

Societal stigma or how other people reacted to participants’
mental health difficulties was discussed only by patients as
something that affected their mental state but recognized that
they had no control over it.

Markers of Change

Internal

As people experienced improvement, they reported a general
feeling of being better able to cope, feeling less overwhelmed
with daily difficulties, and more motivated to go about their
daily lives. A participant summarized it as “I find I’m able to
run my day better” (P13). Participants also reported an increase
in confidence, self-acceptance, and making more plans for the
future, as their symptoms improved.

External

The single most mentioned theme was socialization and how,
as mood improved, they “began to reach out to friends again,
to reconnect with them socially” (P07). Going out more often
and meeting an increased number of people were mentioned.

Lack of energy, both physically and mentally, was discussed
as one of the more noticeable things, particularly with reference
to being able to leave the house as a combination of both
physical and mental motivation. Clinicians pointed out that
“people become more active, don’t they, as we go through
therapy” (C02).

Successful completion of daily tasks and other small daily
achievements was highlighted, which clinicians believed
represented an improvement in cognitive function. Specifically,
people noticed they were able to “get things off my to-do list
rather than just postponing them” (P01).

Clinicians reported noticing changes in a patient’s speech;
however, one of the clinicians pointed out that speech change
patterns may be different in anxiety, which, in contrast to those
with depression, may be faster to answer when symptoms are
more severe. Changes in self-care habits were also reported by
both clinicians and patients.

The patients expressed the importance of body language and
how others could discern their mood from their physical
appearance and facial expressions.

Implementation Barriers and Facilitators
The second part of the study focused on how RMTs, with the
potential to measure the aforementioned symptoms, were
perceived by patients and clinicians. A total of 6 overarching
themes and 26 subthemes were identified (Figure 2), and quotes
for each subtheme are presented in Table S1 in Multimedia
Appendix 1.

Figure 2. A breakdown of the six themes and subsequent subthemes emerging from the data. End nodes correspond to the number of codes related to
each subtheme; the larger the node, the more instances of coding for that subtheme.

Technology-Related Factors
Under the first theme of technology-related factors, we identified
the subthemes of accessibility, usability and convenience,

personalization of experience and modularity, reliability, and
discreetness or stigma. Most participants were concerned about
the price of the technology and the surrounding infrastructure,
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including access to reliable Wi-Fi. Participants also agreed that
technology and software would need to be simple to use and
convenient; for example, requiring regular charging or software
updates that took time and technological literacy would affect
their engagement. Participants valued the option to personalize
their experience and adapt the software to their needs by
deciding what to measure and manipulating the screen display.
Clinicians agreed that modularity within the software would
also be useful for them.

Concerns arose regarding the reliability of the technology,
especially devices with physiological readings, and how making
health decisions based on unreliable sensors could potentially
be harmful. Discretion was also important, as wearable devices
should not identify people with psychiatric disorders.
Participants preferred mobile phone apps to wearable devices;
however, commercially available fitness devices or
smartwatches would avoid these concerns.

Information and Data
Data and information management emerged among the three
focus groups and revolved around five main topics: security,
privacy, control over data collection, feedback, and clinician
data management and workload. Compared with patients,
clinicians verbalized more data considerations.

Within the subtheme of security, participants were mainly
concerned about sensitive information being leaked or picked
up through digital sensors and going out to third parties and
private corporations. Privacy concerns were related to who could
gain access to the data and what choice patients would have
over their access. In addition, patients wanted control over data
collection and the option to engage with this technology or opt
out rather than being a prerequisite for treatment. Therefore,
many participants preferred the idea of a wearable device over
a smartphone app for health or research purposes, as having a
separate device gave participants a sense of awareness and
control over when data collection took place.

Patients generally wished to review their progress, and thus,
receiving feedback from RMTs would be valuable but should
be tailored according to personal preferences and in a way that
promotes positive reinforcement.

For clinicians, themes emerged related to managing big data,
training, and clinical workloads. They were concerned about
receiving adequate training, which would affect the effectiveness
of the tool and their overall workload, and discussed the
necessity of software to help sift through large amounts of
information to generate actionable insights. Clinicians raised
further concerns about whether RMT data would be used to
evaluate risk and whether this would add to their workload.

Emotional Support
Attitudes toward whether RMTs could provide an additional
source of emotional support during treatment went in 2 opposite
directions. On the positive end of the spectrum, participants
believed that digital tools could complement human interaction
by creating another channel of communication, which was
thought to help with in-treatment discussions. Both clinicians
and patients discussed how RMTs could accommodate the

provision of lower-intensity extra support after treatment, for
example, by having posttreatment check-ins. This technology
was also thought to provide an opportunity to create a
community by sharing achievements and involving others in
their goals, thus providing an additional source of support.

Conversely, 2 further subthemes revolved around the fear of
overreliance on technology and a decline in human interaction.
Clinicians believed that relying on a wearable device during
treatment could affect relapse rates if patients became reliant
on these tools and they were then taken away after treatment.
Patients echoed this sentiment and added that this overreliance
may detract from a feeling of autonomy.

Any replacement of human interactions was almost universally
considered detrimental to the therapeutic alliance. Participants
believed that no longer feeling accountable to a therapist would
detract from their motivation to engage with treatment or
homework.

Cognitive Support
The positive motivational impact of automated messages or
notifications being delivered to people via smartphones was
discussed in all groups. Participants thought positively of RMTs
as tools for memory aids in several ways, including helping
manage practicalities such as taking medication and keeping
track of what improves their mood. Clinicians believed that
using RMTs as memory aids could improve adherence to
homework or medication. Another way in which it was
perceived as a complement to treatment was through planning
and goal setting.

Increased Self-awareness
Subthemes within self-awareness revolved around having a
reflexive tool to identify triggers and boosters of well-being,
assess treatment trajectory, positive or negative reinforcements,
and the potential to worsen rumination and health anxiety.
Keeping a continuous log of these reflections was thought to
help identify changes in symptom trajectories in an ecological
context, such that it could provide guidance on what improves
people’s mood and identify negative triggers.

Clinicians discussed the benefits of potentially identifying
treatment trajectories, such that they may adjust strategies
depending on changes in behavior. A subtheme of positive
reinforcement emerged in the groups, in which people believed
that being shown progress could prove motivating. Others
advised caution, as being presented with failure to achieve goals
could lead to feelings of self-defeat. Being forewarned of a
possible dip in mood gave some people a sense of foreboding,
which they felt could create a self-fulfilling prophecy.

A prevalent concern was whether monitoring health would lead
to increased anxiety as people obsess over data, which could,
in turn, worsen existing symptoms such as lack of sleep. Indeed,
some people disliked the idea of having a regular request to
reflect on their mental state and, therefore, constant reminders
of their ill mental health. Clinicians highlighted the risks to
those with health anxiety if they were exposed to constant health
monitoring and feedback.
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Clinical Utility
The theme of clinical utility emerged in relation to how, and to
what extent, digital tools could complement treatment. The
identified subthemes were related to improving the clinical
experience, objective symptom measurement, outcome
definitions, treatment effectiveness or concerns over the
evidence base, and targeting physical health.

RMTs were thought to improve the clinical experience by
replacing questionnaires, offering an electronic alternative to
paper, and gamifying data collection. Both patient groups
expressed a strong dislike for repeated symptom measurement
questionnaires, and automatic data collection was considered a
pleasing alternative. For aspects of therapy that cannot be fully
automated, such as homework, participants still expressed a
stronger disposition to engage with electronic methods.

Clinicians discussed the utility of more objective behavioral or
physiological symptom measures that could help contextualize
a patient’s symptoms. At the same time, they warned that
objective benchmarks for outcome definitions would vary
drastically across patients, such that symptom improvement
may manifest with opposite digital signatures across different
conditions.

Both patient groups discussed the issue of trust and whether
technology was as effective as human-based treatments in the
context of treatment. It was important for all groups that any
recommendations based on digital tool readings be evidence
based or accredited by the NHS to ensure their reliability.

An additional discussed benefit of using these devices in a
clinical population was that they encourage improvement in
physical health and sleep, which are items reportedly targeted
in treatment.

Discussion

We aimed to understand what improvement-related outcomes
are important for clinicians and patients, as well as the attitudes
toward the use of RMTs within psychological treatment. The
main purpose of this study was to generate clinically meaningful
targets for RMT research and help in their implementation in
research and clinical practice.

Clinical Outcomes
Participants talked about the behavioral, cognitive, and
emotional changes experienced alongside mood fluctuations.
Emerging themes were categorized as either markers or
promoters of change to differentiate how participants viewed
these fluctuations. Markers of change seemed to be referred to
as consequences of improvement in mental state, whereas
promoters were viewed as thoughts or behaviors that were
perceived as affecting changes in mental state.

This differentiation has implications for the causal model of
digital phenotyping in depression. Undoubtedly, patient and
clinician perspectives do not necessarily reflect the reality of
the time order relationship of these symptoms, which is a
necessary characteristic of causal inference. However, this model
can serve as a useful framework to contextualize the analysis
of relationships between digital features. This is especially
relevant as, with few exceptions [17], much of the existing work
on digital mental health is based on correlations [18], and
determining causality is necessary to extract actionable insights,
especially as they relate to treatment [19].

In this model, depicted in Figure 3, markers of change could be
used as a proxy for changes in mental state—the effect in a
causal effect model—and, therefore, primary targets for the
remote monitoring of symptoms. However, promoters of change
may be unrelated to the current mental state but be actionable
targets for treatment and predictors of mood fluctuations.

Figure 3. Model depiction of promoters and markers of change. As mood fluctuates, so do the markers of change, such as socialization, homestay, or
speech, each represented by a colored line. These vary with mood and can be used in combination to assess the current mental state. Promoters of
change, such as routine, sleep hygiene, and psychoeducation, can be viewed as clinical targets, which can be actioned at a time of downward mood
trend (as depicted by the red asterisk) and promote improved mental health.

The subdivisions of internal versus external factors could be
helpful in determining which factors are more susceptible to
measurement with active versus passive methods. GPS and

accelerometer sensors have been widely used for this purpose,
with promising results [20,21]. Other factors, such as body
language (gait and posture), maintenance of a routine, self-care,
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and task completion, have a very scarce literature base if any
(eg, gait [22] and task completion [23]), likely because of the
difficulty in operationalizing them via remote sensing.

Despite the advantage of minimal engagement required for
passive sensing, data from active apps such as smartphone
calendars can provide low-burden information on items such
as workload, leisure activities, and completed daily tasks. For
example, Wahle et al [23] included calendar events in prediction
algorithms to distinguish people with depression from
nondepressed people. However, it is likely that a multidomain
approach to data collection would be preferable to capture the
complex nature of the behaviors of interest.

Questions have arisen regarding the accuracy and face validity
of digital sensors that genuinely detect the behavior they claim
to measure [24]. However, sensor data have been widely found
to have adequate construct validity in that they can predict
self-assessed moods [18]. This means that although caution is
advised when inferring real behavior from digital features, they
may serve as helpful signals for depression.

Implementation Barriers and Facilitators

Overview
The implementation of digital health tools in health care services
requires insights into barriers and facilitators from stakeholders.
In the second section of our focus group discussions, we
identified six main themes: technology-related factors,
information and data, emotional support, cognitive support,
increased self-awareness, and clinical utility. The implications
and impact of these themes on implementation within treatment
with regard to treatment effectiveness, service provision, and
patient and clinician experiences are discussed in the following
sections.

Implications for Treatment Effectiveness
One of the necessary drivers of implementation is that these
tools are perceived as improving treatment outcomes. The
perception that RMTs could provide better communication and
increased self-awareness are 2 routes through which this could
be achieved. The third route is through supporting homework
[25]. Being able to follow patient trajectories more closely
would aid the development of prediction models for recovery
and relapse [15] and help clinicians make prompt and
better-informed decisions [26]. In addition, integrating a
treatment platform where patient-clinician communication is
enhanced with physical health tracking, psychoeducation, and
memory and motivational aids that are specifically tailored to
patient symptoms and treatment schedules could boost
effectiveness and move toward a more holistic and personalized
approach to treatment.

The patient-clinician therapeutic relationship was one of the
most prominent themes, where concerns that it may replace
human-delivered treatment can feel dismissive and indeed hinder
treatment effectiveness, despite finding value in the extra
low-intensity support technology provided. Despite the dearth
of research on the effect of digital health on therapeutic
relationships [27], a recent narrative review suggests that an
alliance within digital mental health can be cultivated, although

it may take a different form [28]. Given that a therapeutic
alliance is a highly predictive factor for treatment response [28],
such concerns should be carefully considered in implementation
strategies [29].

Importantly, RMT capabilities in terms of feedback schedules
need to be tailored to individual needs so as not to exacerbate
symptoms. Generally, feedback was appreciated; however, close
monitoring was strongly discouraged for those with health
anxiety. Indeed, case studies from the physical health field have
found that wearables worsen mental health in such cases [30].

Impact on Service Provision
Service provision could be negatively affected by the broadening
of the digital divide—the gap between those who benefit from
the digital age and those who do not. This study found that
technology-related factors such as accessibility, usability, and
complexity could affect the breadth of service provision by
increasing the digital divide in three main ways: those with
lower technology experience and literacy are less likely to
benefit from technologies with more complex designs [31],
people with severe depression are more likely to be unemployed
and therefore have lower purchasing power for devices or stable
internet [32], and reduced cognitive abilities could affect the
capacity to effectively interact with the devices.

Despite research linking remote monitoring to increased overall
access to health care [33] and an overall increase in the capacity
for service provision, inequalities may still appear if those with
less access, experience, or capacity are less likely to benefit
from this technology.

Patient Experience
The main potential for improvement in patient experience is by
replacing recurring symptom questionnaires, which were almost
unanimously disliked by patients, who disliked the repetition
and negative phrasing of their symptoms. This is supported by
previous research showing that patients with depression would
value measures of wellness and illness [34]. Digital active data
collection methods could allow for different ways of capturing
symptoms, such as visual or animated scales. Their use could
also be reduced altogether by incorporating passive sensing.

Additional patient concerns revolved around data, specifically
around having agency over data collection and access, a finding
replicated elsewhere [11]. Therefore, patient-clinician
discussions on which behaviors to monitor, and why, could
improve attitudes toward RMT use in treatment. Privacy
concerns could be reduced for some people if certain features,
such as location-based data, were not deemed relevant to a
patient’s treatment and, therefore, not recorded.

Clinician Experience
A key facilitator for clinicians was the utility of having objective
behavioral measures to contextualize symptoms. They believed
that this could be used to motivate and engage patients in their
care. However, a major factor that could affect clinician buy-in
was related to data management and interoperability, a concern
also found in primary care settings [35]. Electronic medical
record systems are already a source of excess data inputting for
clinicians. Adding active and passive data generated from digital
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health tools is unlikely to improve care and may well overburden
clinicians unless they are provided with adequate tools and
training to manage and interpret data in actionable ways. Much
of the research on acceptability revolves around patients;
however, clinicians are end users who have been shown to
express varying attitudes toward the implementation of new
technologies, attitudes that can be improved through exposure
to technology and training [36].

Strengths and Limitations
This study included clinician views, a key stakeholder with a
strong influence on implementation success and whose practice
we aim to influence. The inclusion of 3 separate focus groups
allowed for different dynamics and a wider range of experiences
to be captured in this study.

Some limitations include the fact that despite the importance
of capturing attitudes before implementation, the barriers and
facilitators reported here may vary after the experience of
sustained RMT use. This study relied on a small sample of
participants with treatment experience from a single health
service, meaning that these results may not be broadly
generalizable to other settings.

In addition, the participants’ previous experiences with
technologies were not included in the analysis.

There may also be confusion surrounding the term RMTs and
what they can be used for; thus, a dichotomy may arise between
the use for self-management, which patients are more likely to
envision, or the use for prediction in clinical care. The latter is

less understood and thus might have affected the participants’
responses.

Future Research
Future longitudinal studies could include active data that capture
the emotional and psychological factors presented in this study
and could generate passive data features that closely match the
behavioral markers reported here. Studies examining the severity
of depression and device engagement are already underway
[37]. Applying such methods to patients currently in
psychotherapy could provide insights into how real engagement
and device use vary within mental health services. Finally, the
study by Torous et al [38] sheds light on the importance of
supporting working alliances in digital health platforms;
therefore, similar studies examining remote measurement and
digital therapeutics are necessary.

Conclusions
Digital tools bring new methods of data collection and new
outcomes; therefore, there is a need for a re-evaluation of the
clinical targets that are considered important. Therefore, advice
on what type of information should be measured and analyzed,
as well as attitudes toward their use from different stakeholders,
is central. This study used a qualitative approach to identify
clinical targets that are important to patients and clinicians and
developed a framework for determining which factors may be
more susceptible to be measured using active or passive
methods. We also identified 6 main themes surrounding attitudes
toward RMTs, which could drive implementation efforts in
health care settings.
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Abstract

Background: Engagement with mental health smartphone apps is an understudied but critical construct to understand in the
pursuit of improved efficacy.

Objective: This study aimed to examine engagement as a multidimensional construct for a novel app called HabitWorks.
HabitWorks delivers a personalized interpretation bias intervention and includes various strategies to enhance engagement such
as human support, personalization, and self-monitoring.

Methods: We examined app use in a pilot study (n=31) and identified 5 patterns of behavioral engagement: consistently low,
drop-off, adherent, high diary, and superuser.

Results: We present a series of cases (5/31, 16%) from this trial to illustrate the patterns of behavioral engagement and cognitive
and affective engagement for each case. With rich participant-level data, we emphasize the diverse engagement patterns and the
necessity of studying engagement as a heterogeneous and multifaceted construct.

Conclusions: Our thorough idiographic exploration of engagement with HabitWorks provides an example of how to operationalize
engagement for other mental health apps.

(JMIR Ment Health 2022;9(8):e33545)   doi:10.2196/33545

KEYWORDS

engagement; mental health apps; cognitive bias modification; human support; mobile health; mHealth; mobile phone

Introduction

Background
Over the past 2 decades, the number of available mental health
smartphone apps has grown to well over 10,000 [1]. Compared
with the number of apps available, research testing the efficacy
of apps is extremely limited [2,3]. However, a growing body
of research supports the clinical benefits of some mental health
apps for a range of emotional disorders (anxiety and depression
[4], anxiety [5], depression [6], schizophrenia [7], and alcohol

[8]), particularly when app use is supported by some level of
human coaching [9,10].

A critical challenge to realizing the potential of mental health
apps is attrition; app use has been found to decline significantly
after the first 2 weeks [11], and a recent review of health app
use from >100,000 users found that the average period of use
was just 5.5 days [12]. Mental health app users rarely complete
the “full course” of the app intervention [13]. There are many
possible explanations for declining app use; for example, users
may have “gotten what they need” [4], or the app has “lost its
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novelty” [14]. Intervention fatigue (emotional or cognitive
weariness attributed to the intervention) [15], lack of
accountability, and low alliance with app interventions have
been highlighted as the reasons for disengagement [16].
Furthermore, the presence of technical issues [17] or general
unhappiness with app features are obvious reasons for
discontinued use and emphasize the need to incorporate user
input into the app design process [18].

Although there is an implicit assumption of a meaningful
relationship between app use and benefit, the relationship
between app use and clinical outcomes is complex. Greater app
use has not consistently been associated with better clinical
outcomes (eg, Lin et al [19] and Bakker et al [20] found
association between app use and clinical outcomes, and Graham
et al [4] found no association between app use and clinical
outcomes). Thus, researchers have called for more attention to
engagement [1,21], suggesting that the way in which people
use and relate to (ie, connect with and enjoy) the app may have
important implications. This user-app relationship occurs both
during and outside of actual app use and may be central to app
efficacy [22]. Although systematic research on the most effective
methods to enhance engagement is lacking, a recent review
identified a broad range of factors that may facilitate
engagement, including increases in insight, sense of control
over one’s mental health challenges [23], and human
connections incorporated into the intervention [11,24].

Although there are many definitions of engagement, most concur
on its multifaceted and dynamic nature [23,25] suggesting that
it subsumes the extent of intervention use (amount, frequency,
and duration), as well as subjective experience (attention,
interest, and affect) with the intervention [26]. Nahum-Shani
et al [27] integrated theories of engagement across disciplines
(ie, education, industrial or organizational psychology, and
computer science) and suggested that engagement may be best
thought of as “energy investment involving physical, affective,
and cognitive energies directed toward a focal stimulus or task.”
Recent examinations of engagement have indeed focused on a
tripart model: behavioral (physical involvement with the
intervention), cognitive (thinking about, attending to, and
processing the intervention), and affective (emotional response
to the intervention) [23,27-29]. These 3 domains are distinct;
an individual can enjoy an intervention (affective) but not
complete the suggested amount of use (behavioral), or they can
complete intervention sessions (behavioral) and not make
connections between the app and their life (cognitive).
Nahum-Shani et al [27] asserted that engagement is a state that
waxes and wanes because of a variety of internal and external
factors [30] rather than a relatively stable construct [28,31].

This Study
In this study, we aimed to operationalize the model of
engagement by Nahum-Shani et al [27] for a novel mental health
app called HabitWorks. We developed HabitWorks to provide
support during the critical transition between acute psychiatric
care and outpatient treatment, a time of high risk for symptom
deterioration, rehospitalization, and treatment disengagement
[32]. HabitWorks was initially developed for patients receiving
cognitive behavioral therapy (CBT) skills–based partial hospital

care and was designed to augment treatment by facilitating the
practice of cognitive therapy skills, to promote skill practice in
the postacute period, and to ease the transition back into
community treatment [33].

HabitWorks delivered a personalized interpretation bias
intervention, as well as self-monitoring. This intervention was
designed to promote an adaptive interpretive style, as the
tendency to interpret ambiguous situations negatively (or not
interpret them positively) plays an important role in the
maintenance of most emotional disorders [34]. This type of
intervention reliably improved interpretation bias and, in some
cases, led to improved clinical symptoms [35,36]. The
interpretation bias exercise was framed as a way for participants
to practice catching themselves when jumping to negative
conclusions, ultimately fostering healthier mental habits. The
symptom-monitoring component was presented as a way of
raising awareness about mood fluctuations.

In a small pilot study, HabitWorks was feasible and acceptable
for a transdiagnostic sample of patients attending a partial
hospital program [33]. Qualitative feedback revealed that
participants enjoyed using the app and related the content to
their daily lives. Although adherence was excellent during acute
care (ie, 78.6% met the 5-session benchmark), similar to many
apps [11], use throughout the month after discharge decreased
over time (ie, based on the 3-session weekly adherence
benchmark, weeks 1-3: approximately 33% adhered; week 4:
approximately 0% adhered) [33]. Increasing app use during the
month following discharge is likely to be vital to the efficacy
of HabitWorks, as similar cognitive bias modification
interventions have been found to be most effective with practice
and repetition [36,37]. Consequently, we made several
refinements to the app to enhance engagement during the
postdischarge period.

This study aimed to (1) present an operationalization of
engagement with HabitWorks based on the 3-facet model, (2)
identify patterns of behavioral engagement with HabitWorks
during the month after discharge, and (3) present case examples
to illustrate 5 distinct patterns of behavioral engagement. The
identification of engagement patterns was based solely on use
because of the objectivity of the measurement, precedent
regarding the way in which engagement patterns have been
categorized in larger studies [11,38] and our project’s a priori
determination of adherence. Although we primarily focused on
behavioral engagement for pattern categorization, we also
explored indicators of affective and cognitive engagement.
Research indicates that presenting only behavioral outcomes
may be simplistic and fail to fully capture engagement as a
construct [27]. Examining affective and cognitive engagement
is crucial for developing a more thorough and nuanced
understanding of the way people interact with apps. An
idiographic approach was preferred to achieve a rich
understanding of patterns of engagement [39,40] with this new
app and as research on other apps has highlighted the
heterogeneity in the preference of app features [26]. Exploring
individual patterns of engagement with HabitWorks may inform
further tailoring of the app to enhance its efficacy for high-risk
populations, as well as inform the development of similar types
of mental health apps.
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Methods

Participants and Setting
This study included 31 participants who were randomly assigned
to HabitWorks in a pilot randomized controlled trial (RCT;
Table 1 provides the demographic characteristics of
participants). Participants were recruited from a partial hospital
program at McLean Hospital in Belmont Massachusetts, which

provides intensive, CBT-based, transdiagnostic treatment.
Inclusion criteria included at least moderate symptom severity
at admission (>9 on the Patient Health Questionnaire-9 [41] or
Generalized Anxiety Disorder-7 [42]), at least a minimal level
of interpretation bias (<80% accuracy on the Word Sentence
Association Paradigm [WSAP]; [43]), having an Apple iPhone
(HabitWorks was not compatible with Android), and willingness
to sign a release form to communicate with outpatient providers
in case of any safety concerns.

Table 1. Full sample demographics (N=31).

ValuesCharacteristics

29.2 (10)Age (years), mean (SD)

Gender, n (%)

1 (3)Nonbinary transmasculine

19 (61)Woman

11 (36)Man

Sexual identity, n (%)

1 (3)Queer

3 (10)Bisexual

2 (7)Gay or lesbian

25 (81)Heterosexual

Ethno-racial identity, n (%)

1 (3)Do not know

3 (10)Asian and White

2 (7)Asian

2 (7)Hispanic or Latinx

24 (77)Non-Hispanic White

Exclusion criteria included current mania, psychosis, or severe
clinical acuity, as judged by clinic staff, which would impair
the understanding of consent and research procedures. Forgeard
et al [44] provided a thorough overview of the partial hospital
program, and Beard et al [33] provided the description of
eligibility for the HabitWorks study. Eligible participants
provided informed consent to participate in the study procedures
as an augmentation to their care as usual. The 5 case examples
chosen from the larger sample (N=31) have been masked such
that they include no identifiable information, and all
demographic data (ie, diagnosis and occupation) have been
changed.

Ethics Approval
This study was approved by the Mass General Brigham
Institutional Review Board (2018P000252).

HabitWorks Intervention
HabitWorks delivered a personalized, transdiagnostic
interpretation bias intervention. The app was developed in
consultation with content experts and clinic directors for
implementation strategy. Given the importance of user
involvement in the development process [1], a patient advisory
board and open trial participants provided critical feedback
throughout the development process, informing modifications
to the app and methods to enhance engagement [33]. Table 2
provides a detailed list of HabitWorks features and prior
evidence supporting their usefulness.
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Table 2. Features of HabitWorks and strategies used to enhance engagement.

What does this look like in HabitWorks?Empirical supportFeature or strategy

[11,39,45-50]Human support • App use was guided during acute care as support staff checked in with participants daily or less
frequently if preferred.

• Postdischarge support was continued through weekly email check-ins.

[51-53]Customization and notifica-
tions

• Participants were prompted to schedule 3 exercise sessions per week in the month after discharge
and were then sent push notifications at the scheduled times.

• Exercise scheduling was customizable such that participants could schedule and change exercise
session timing, promoting participants’ sense of control and feasibility to use in the context of
the participant’s busy life.

[45,54]Personalization • Increased relevancy of HabitWorks by only offering it to those who demonstrated at least a
minimal level of interpretation bias.

• Participants completed personalization checklists assessing demographic characteristics and
worry domains (eg, social situations, panic symptoms, and relationships). The app algorithm
then selects relevant word-sentence pairs (see the study by Beard et al [33] for checklists).

[55,56]Novelty • HabitWorks presented variations of the interpretation bias exercise in format and length through
the “level up” and bonus functions. When participants reached 90% accuracy, they progressed
to the next out of 10 levels, which featured increasingly positive interpretations and introduced
novel word-sentence pairings [33].

• The app presented 17 randomized encouraging GIFs, such as a celebrity giving a thumbs up, at
the end of each exercise session.

[45,50,57-60]Mood and tracking fea-
tures

• Participants completed mood surveys prompted by the app weekly and self-initiated surveys as
desired.

• HabitWorks included progress graphs of mood check-in data, as well as exercise performance.
The exercise graphs depicted changes in reaction time and interpretation accuracy over time.

[61-63]Habitdiary • The Habitdiary asked participants to reflect on their week and record instances in which they
found themselves jumping to negative conclusions or noticed changes in their thinking or behav-
ior.

• Participants were prompted to complete entries once weekly during check-ins and could also
initiate additional entries as desired.

[54,60]Feedback • HabitWorks provided feedback during the exercise to participants immediately following each
trial based on the accuracy of their responses (ie, “Correct!” Or “Try Again!”), as well as at the
end of each exercise on overall reaction time, accuracy, and percentage improvement (see the
study by Beard et al [33] for a description of feedback).

• HabitWorks provided PHQ-9a and GAD-7b scores.

[18,64-66]Privacy and data security • Users required a unique passcode to access HabitWorks.
• HabitWorks enabled touch ID to access the app and ensured thorough understanding of participant

rights, data collected, data storage techniques, and data uses by going over consent documentation
and storing this document within the app.

aPHQ-9: Patient Health Questionnaire-9.
bGAD-7: Generalized Anxiety Disorder-7.

The interpretation bias exercises were based on the WSAP
[43,67]. At the onset of the exercises (Figure 1 provides
screenshots), participants were instructed to imagine themselves
in each of the upcoming situations. Next, a word was presented
that represented a positive (funny), neutral (toast), or negative
(embarrassing) interpretation of an ambiguous situation that
followed (during your speech at the wedding, you notice people

in the audience laughing). Participants clicked “yes” or “no”
on their phone screen, indicating whether they believed the word
and sentence were related. Next, they were presented with
corrective feedback (ie, “Correct!”) based on the accuracy of
their responses. In this task, endorsing neutral or positive
interpretations and rejecting negative interpretations were
considered as accurate responses.
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Figure 1. Supplemental screenshots of a HabitWorks exercise trial.

HabitWorks delivered several versions of the WSAP, varying
by the length and order of the stimuli. Each exercise after
discharge comprised 50 trials. Additional variations of the task
included the following: (1) a reverse exercise (the sentence was
followed by the word), (2) a bonus session (only 30 trials), and
(3) a habit test (personalized assessment version of the task in
which there was no corrective feedback).

Participants were asked to use the app daily during acute care,
with support from bachelor’s degree–level research staff as
desired. This report focuses on engagement during the month
following discharge, during which participants were asked to
complete exercises 3 times per week independently, as well as
a weekly in-app check-in that included a mood check-in (ie,
depression and anxiety scores) and the habit test. During this
postdischarge period, participants continued to be supported
via weekly email check-ins from the staff. Participants were

asked to complete assessments after treatment (1 week after
discharge) and after 1 month (1 month after discharge).
Participants were compensated US $100 for completing the
study assessments but were not compensated for their app use.

Measures

Overview
Measures were administered via the HabitWorks app, as well
as on the web using REDCap (Research Electronic Data
Capture; Vanderbilt University) [68]. Figure 2 [27,69] shows
the indicators used for the measurement of each engagement
facet. Of note, although some indicators of engagement were
planned a priori (eg, number of exercises completed and
affective ratings on exit questionnaire), others were selected
post hoc based on available data from the RCT (eg, Habitdiary
entries).
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Figure 2. Operationalization of engagement in HabitWorks based on the visual model used by Nahum-Shani [27] and created by Appleton et al [69].
CEQ: Credibility and Expectancy Questionnaire.

Behavioral Engagement

Use

We calculated the number of exercises completed per week,
number of Habitdiary entries completed, and number of
self-initiated mood surveys.

Adherence

Adherence to the protocol was defined as the completion of the
suggested 12 exercises and 4 weekly check-ins during the
1-month postacute phase of the study.

Cognitive Engagement

Credibility and Expectancy Questionnaire (Credibility Only)

After the first session of HabitWorks, the participants were
asked to complete the Credibility and Expectancy Questionnaire

(CEQ) [70]. The CEQ is a widely used 6-item self-report
measure with items that load on 2 factors: credibility (items
1-3) and expectancy (items 4-6). A rating scale of 1 (not at all)
to 9 (completely) or 0% to 100% is used for each question,
depending on the question content. The credibility items from
the CEQ assess how logical the participants believe the
intervention to be. We examined the initial ratings of credibility
as a measure of early-stage cognitive engagement with the
intervention.

Habitdiary

Participants were asked to complete free-response diary entries
weekly during the 1-month postdischarge phase and were able
to initiate additional entries as desired from the dashboard of
the app (Figure 3). The content of the entries was coded as an
indicator of the degree to which participants applied the app
content to their lives or used the feature as a free-response diary.
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Figure 3. Supplemental screenshot of the HabitWorks dashboard.

Level Progression

The participants progressed through a series of 10 levels in the
HabitWorks app based on exercise performance [33]. As
participants progressed through the levels, they were presented
with increasingly positive stimuli to endorse compared with
more neutral stimuli at the beginning. As such, the achieved
levels corresponded with mastery of the task and the content
received (ie, more positive stimuli). To progress from one level
to the next, the participants had to achieve 90% accuracy in
their exercise. Importantly, an accuracy score of 70% on the
assessment version of the WSAP (ie, no corrective feedback)
reflects a healthy, nonanxious interpretation style [43]. We
examined the final achieved level as a marker of cognitive
engagement with the app.

Qualitative Feedback

Participants were asked to provide feedback on the HabitWorks
app verbally during each assessment time point and during
weekly check-ins conducted via email. In addition, qualitative
interviews were conducted at the 1-month assessment by the
senior author (CB). Although qualitative interviews were not
initially intended to assess engagement, several prompts (ie,
“Do you feel like anything’s changed with you since you started
the HabitWorks app?” and “Are you thinking about yourself or
other people differently?”) reflect our theoretical understanding
of cognitive engagement (Multimedia Appendix 1 provides a
full measure). Feedback from assessments and sessions
underwent rapid coding qualitative analysis [71] by the first
(RR) and second (EB) authors to identify predominant themes
related to the ways in which participants connected the app to
their other treatment or daily life. These data were subsequently
used as indicators of cognitive engagement.

Affective Engagement

Exit Questionnaire

We administered a self-reported measure of satisfaction [35].
This exit questionnaire prompted participants to rate how
helpful, relevant, user-friendly, and satisfying they found
HabitWorks on a scale with options ranging from 1 (completely
disagree) to 7 (completely agree; Multimedia Appendix 1
provides the full measure).

Qualitative Feedback

Several items (ie, “What did you think about the HabitWorks
app?”; “What did you find beneficial?”; “What was not
helpful?”) included in the qualitative interview reflect our
theoretical understanding of affective engagement (Multimedia
Appendix 1 provides the full measure). This qualitative
interview along with assessment feedback underwent rapid
coding qualitative analysis (described previously). Themes and
feedback that were identified as reflective of their experience
(eg, enjoyment and irritation) using HabitWorks were used as
indicators of affective engagement.

CEQ (Expectancy Only)

The expectancy items assessed how participants feel regarding
the intervention’s potential to reduce their symptoms. We
explored the ratings of expectancy toward HabitWorks as a
measure of early-stage affective engagement with the
intervention.

Results

Behavioral Engagement Patterns Overview
App use data were passively collected within the app and stored
on a secure REDCap server. Upon study completion, data were
exported and aggregated by participants for the following
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variables: type of use, date, and content related to use (eg,
accuracy score for exercises, mood symptom score, and
Habitdiary content). Use during the month after discharge was
focused on, as many factors (ie, insurance, clinical acuity, and
logistics) affected the length of stay in acute care, making
comparisons of use during acute care challenging. We calculated
the following summary variables for the month after discharge:
number of exercises completed per week, number of weekly
check-ins completed (of 4), number of Habitdiary entries
completed, and number of user-initiated mood surveys
completed.

After a thorough visual inspection of the data, the first (RR),
second (EB), and last (CB) authors discussed and came to a
consensus to identify 5 patterns of engagement in the month
after discharge. The 3 authors then independently categorized
participants into one of the 5 use patterns: consistently low (0-2
exercises per week; 5/31, 16%), adherent (9-15 exercises during
month; 14/31, 45%), drop-off (adherent initially, then dropout;
2/31, 6%), high diary (adherent plus >2 diaries per week; 3/31,
10%), and superuser (>16 exercises during month, 7/31, 23%).
We then selected the cases that represented each engagement
pattern. Table 3 provides a summary of participant engagement
indicator data.

Table 3. Summary of participant engagement.

Participant E

(superuser)

Participant D

(high diary)

Participant C

(drop-off)

Participant B

(adherent)

Participant A

(consistently low)

Facet and indicator

Behavioral

60 (500)10 (83)13 (108)13 (108)4 (33)Exercises during 1
month after discharge
(suggested 12), n (%)

1711644Number of Habitdiaries

4 (100)4 (100)2 (50)3 (75)3 (75)Weekly check-ins (sug-
gested 4), n (%)

221733Number of user-initiat-
ed surveys 1 month af-
ter discharge

Cognitive

795671 (not at all) to 9 (com-
pletely)

55376Credibility: useful—1
(not at all) to 9 (com-
pletely)

10 (100)1 (10)10 (100)8 (80)4 (40)Level completion by 1
month (out of 10 lev-
els), n (%)

Worries about the fu-
ture, romantic relation-
ships, family, and
health

Free-response record
(ie, monitored with
timings): sleep,
food, symptoms, and
medication

Symptom improvement
and current treatment,
social functioning,
work, and COVID-
19–related worries

Dating, current treat-
ment, general mental
health status, and
awareness of symp-
tom improvement

Relationship function-
ing, eating behaviors
and symptoms, and
interpersonal conflict

Habitdiary content

Affective

3070103080Expected improvement
(%)

6.6 (0.55)5.6 (0.55)N/Aa6 (0.71)6.6 (0.55)Exit questionnaire: 1
(completely disagree)
to 7 (completely agree),
mean (SD)

aN/A: not applicable.

Participant A: “Consistently Low”
Participant A was a college student with a primary diagnosis
of bipolar disorder. Participant A maintained a low level of
activity in the app throughout the month after discharge and
completed the 1-month follow-up assessment.

Behavioral Engagement
During the month after discharge, participant A completed 75%
(3/4) of the weekly check-ins, as well as 3 self-initiated mood
check-ins. Exercise completion during the month after discharge
was low (ie, 4), reflecting low and sporadic use: participant A
completed 1 exercise in week 1, a total of 2 exercises in week
2, no exercise in week 3, and 1 exercise in week 4.
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Cognitive Engagement
At baseline, participant A’s cognitive engagement, assessed by
credibility ratings (out of 9=“completely”), was good (treatment
logicality=7 and usefulness of treatment=6). Participant A
completed 4 Habitdiary entries that covered several themes such
as relational functioning and interpretations (ie, family, social,
and romantic relationships), eating-related symptoms, and
interpersonal conflict. Level completion was low; they reached
level 4 (out of 10) by the 1-month time point. At the 1-month
assessment, participant A indicated that they enjoyed the weekly
mood check-ins and that these were “eye opening” with regard
to their symptoms.

Affective Engagement
At baseline, affective engagement measured by expectancy was
high (80%). At the 1-month follow-up, affective engagement
reflected by the exit questionnaire ratings (out of 7=“completely
agree”) was excellent (satisfaction=6, helpfulness=7, and
user-friendliness=7). At the 1-month assessment, participant A
indicated that they liked the notifications and the ability to
schedule and reschedule exercise sessions at their convenience.

Summary
Participant A was considered “Consistently low” as they did
not reach an adherent level of use on a weekly basis, or
cumulatively, throughout the month following discharge.
Despite low use, participant A demonstrated moderate cognitive
engagement and strong affective engagement. Therefore, we
speculate that other factors may have affected their behavioral
engagement. Notably, participant A’s month after discharge
coincided with the onset of the COVID-19 pandemic. Participant
A’s lack of activity in week 3 seemed to coincide with an
increase in suicidality, for which they received a risk evaluation
from the senior author. Their qualitative data revealed other life
factors that increased their stress level during their transition
out of acute care (ie, moving out of their parents’ home during
the onset of the COVID-19 pandemic and conflict with family),
which may have contributed to their low use.

Participant B: “Adherent”
Participant B had a primary diagnosis of major depression, was
living alone, and was preparing to apply to college. Participant
B completed all follow-up assessments.

Behavioral Engagement
During the month after discharge, participant B completed 75%
(3/4) of the weekly check-ins, as well as 3 self-initiated mood
check-ins. Participant B was categorized as adherent as they
completed 13 of the 12 suggested exercises.

Cognitive Engagement
At baseline, cognitive engagement, assessed by credibility
ratings on a scale out of 9 (“completely”), was good (treatment
logicality=6 and usefulness of treatment=7). During the 1-month
postdischarge period, participant B completed 4 Habitdiary
entries that covered several themes such as dating, current
treatment, general mental health status, and awareness of
improvement of symptoms. Level completion was good; they
completed level 8 by the 1-month time point. At the 1-month

assessment, participant B mentioned “[HabitWorks] allowed
me to have more control over negative automatic thoughts.”

Affective Engagement
At baseline, affective engagement measured by expectancy was
low, with the expected symptom improvement rated at 30%. In
the daily sessions, participant B consistently reported finding
the app easy to use. At the 1-month follow-up, affective
engagement reflected by the exit questionnaire ratings (out of
7=“completely agree”) was excellent (satisfaction=6,
helpfulness=6, and user-friendliness=7). In the qualitative
interview, participant B said that they found the app easy to use
and feasible to fit into the structure of the day.

Summary
Participant B was considered “Adherent” as they met the
suggested exercise completion benchmarks. Despite their low
expectancy early in treatment, they demonstrated strong
behavioral, cognitive, and affective engagement throughout the
month. They did not exhibit high initiation to use app features
outside of the prompted occasions.

Participant C: “Drop-off”
Participant C was a teacher and had a primary diagnosis of major
depression. Participant C adhered to the study protocol through
week 3 of the postdischarge month. Drop-off during week 4
coincided with the transition from remote to in-person learning
at their school, and participant C subsequently did not complete
the 1-month follow-up assessment.

Behavioral Engagement
During the month after discharge, participant C completed 50%
(2/4) of the weekly check-ins, as well as 7 self-initiated mood
check-ins, all before a drop-off in week 4. Exercise completion
during the month after discharge (ie, 13) was adherent but
reflected a drop-off in use; participant C completed 5 exercises
in weeks 1 and 2, a total of 3 exercises in week 3, and no
exercises in week 4.

Cognitive Engagement
At baseline, participant C’s cognitive engagement, assessed by
credibility ratings (out of 9=“completely”), was low to moderate
(treatment logicality=5 and usefulness of treatment=3).
Participant C commented on having trouble with the WSAP
and ambiguous situations related to work. Participant C
completed 6 Habitdiary entries that covered several themes such
as symptom improvement and current treatment, social
functioning, work, and COVID-19–related worries (ie, getting
COVID-19 at work and wearing a mask). Level completion was
excellent; they reached level 10 by the end of week 3.

Affective Engagement
At baseline, affective engagement measured by expectancy was
low, with expected symptom improvement rated at 10%. As
participant C did not complete the 1-month follow-up, the exit
questionnaire ratings and qualitative interviews could not be
used to indicate the level of affective engagement.
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Summary
Participant C was considered “Drop-off” as they initially
exceeded the suggested number of exercises and then suddenly
dropped off in use and did not complete the follow-up
assessment. Although participant C was active, they used all
app features (ie, diary, mood surveys, and exercises) and showed
good cognitive engagement. Participant C’s drop-off coincided
with the transition from remote to in-person school during the
COVID-19 pandemic, and they had previously voiced concerns
about this transition because of the fear of contracting
COVID-19.

Participant D: “High Diary”

Overview
Participant D had a primary diagnosis of panic disorder.
Participant D was excited to participate and “contribute to
science” and was attuned to the app, frequently reporting
perceived glitches or malfunctions to study staff. Participant D
stated that they wanted to be completely adherent and completed
all study assessments.

Behavioral Engagement
During the month after discharge, participant D completed 100%
(4/4) of the weekly check-ins, as well as 1 self-initiated mood
check-in. Exercise completion during the postdischarge month
was generally adherent, although slightly less than suggested
(ie, 10): a total of 5 exercises in week 1, a total of 2 exercises
in weeks 2 and 3, and 1 exercise in week 4.

Cognitive Engagement
At baseline, cognitive engagement, assessed by credibility
ratings (out of 9=“completely”), was very good (treatment
logicality=9 and usefulness of treatment=5). Participant D
completed 11 Habitdiary entries and seemed to primarily use
this feature as a tool for monitoring sleep, food, symptoms, and
medication changes. Level completion was very low, remaining
at level 1 by the end of the month after discharge. Despite not
improving in exercise accuracy, participant D reported that it
was “cool that [the app made me] notice my negative automatic
thoughts” and that it was “eye-opening” in that it created greater
awareness of interpretive style in daily life.

Affective Engagement
At baseline, affective engagement measured by expectancy was
good, with expected symptom improvement rated at 70%. At
the 1-month follow-up, affective engagement reflected by the
exit questionnaire ratings (out of 7=“completely agree”) was
good (satisfaction=6, helpfulness=5, and user-friendliness=6).
In the qualitative interview, participant D reported that they
liked the checklists to personalize stimuli and subsequently
found all presented stimuli relatable.

Summary
Participant D was considered “High diary” as they clearly
developed a preference for the Habitdiary feature. Indeed,
although participant D completed 10 exercises during the
postdischarge month, they seemed to use HabitWorks primarily
for its diary function rather than connecting the WSAP exercises
to their daily life. Similarly, they did not seem to benefit from

the interpretation bias intervention exercises, as indicated by
them never progressing beyond level 1 (indicating low
interpretation accuracy).

Participant E: “Super User”

Overview
Participant E had a primary diagnosis of major depression.
Participant E was extremely interested in participating
mentioning past positive experiences with mental health apps
and an interest in continuing to use apps to address mental health
concerns. Participant E was active throughout the study and
completed all the study assessments.

Behavioral Engagement
During the month after discharge, participant E completed 100%
(4/4) of the weekly check-ins, as well as 22 self-initiated mood
check-ins. Exercise completion during the postdischarge month
was extremely high (ie, 60 total, 15 exercises per week).

Cognitive Engagement
At baseline, cognitive engagement, assessed by credibility
ratings (out of 9=“completely”), was moderate to good
(treatment logicality=7 and usefulness of treatment=5).
Participant E completed 17 Habitdiary entries, using this feature
as intended to track negative automatic thoughts, as well as
negative interpretations of events occurring in daily life. Themes
present in the diary entries included worries about the future,
romantic relationships, family, and health. Level completion
was high, reaching level 10 by the end of the month after
discharge. During the follow-up assessment, participant E
reported that they found the situations personally relevant and
noticed that handling some real-life situations was more
challenging after they stopped using the app.

Affective Engagement
At baseline, affective engagement measured by expectancy was
low, with the expected symptom improvement rated at 30%.
At the 1-month follow-up, affective engagement reflected by
the exit questionnaire ratings (out of 7=“completely agree”)
was excellent (satisfaction=7, helpfulness=6, and
user-friendliness=7). Throughout the study, participant E
reported that the exercises were fun and enjoyable. In the
1-month qualitative interview, participant E reported that they
enjoyed both the routineness (ie, consistent daily and weekly
elements) and the “game component” of the app. They also
mentioned sometimes struggling to quantify symptoms over
the past 24 hours during weekly check-ins and sometimes found
the app stimuli redundant.

Summary
Participant E was considered a “Super user” as they far exceeded
benchmarks for exercise completion during the month after
discharge. They also completed an extremely high number of
Habitdiaries and user-initiated mood surveys during this period.
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Discussion

Principal Findings
We examined patterns of behavioral engagement with a new
mental health app designed to facilitate a healthier interpretive
style as well as cognitive therapy skills practice following
discharge from short-term psychiatric care. First, we
operationalized engagement using a model that captures its
multifaceted and dynamic nature and presented 5 cases reflecting
the engagement patterns present in the sample. The data revealed
heterogeneity across participants in behavioral use patterns, as
well as variability within participants in their behavioral,
cognitive, and affective engagement.

Behavioral Engagement
We identified 5 patterns of engagement in our sample:
consistently low, adherent, drop-off, high diary, and superuser.
Most of the participants (22/31, 71%) were categorized as
adherent or superuser. This finding differs from the typical
pattern of quick disengagement with mental health apps. Indeed,
only 16% (5/31) participants were categorized as consistently
low in use. This may be because of the framing of the app as
an augmentation and extension of care, motivation and
excitement to use the app in our sample, and the engagement
enhancement strategies used in HabitWorks.

High behavioral engagement may have been because of the use
of bachelor’s degree–level staff for human support throughout
the protocol [50,46]. HabitWorks is unique in that it shifts from
a guided intervention (during acute care) to a fully automated
or user-automated intervention (postdischarge period) [72].
However, even as a user-automated intervention, research staff
played an important role, checking in with progress via weekly
email, answering any technical or content-related questions
regarding the app, and scheduling follow-up assessments.
Notably, participant D mentioned the usefulness of staff in
handling technical issues that arose, an issue area that often
otherwise results in dropout [17].

The evidence supporting the usefulness of human support brings
to the forefront the therapeutic alliance within app research, a
well-documented, robust predictor of treatment outcome in
traditional mental health care [73]. Human support may promote
an alliance by creating step-by-step “process accountability”
and enhancing agency and investment in treatment [16]. In
HabitWorks, human support was delivered by research staff
who checked in with the participants and monitored their app
data (both exercise and mood scores) throughout the study. This
type of support in HabitWorks cultivated a sense of “teamwork”
among the app, staff, and participant, in essence, an alliance.
As defined, the therapeutic alliance seems to subsume the
aspects of affective (ie, expectancy and liking) and cognitive
(ie, trust and credibility) engagement. Overall, our findings
suggest that human support may have positively influenced
behavioral engagement at various points throughout the study.

Cognitive Engagement
Indicators of cognitive engagement varied across the 5 cases.
Although cognitive engagement assessed by initial credibility
ratings ranged from average to good, level completion varied

dramatically across the cases. Level progression in HabitWorks
required the achievement of 90% accuracy in the current level.
We might expect practice, or exercise completion, to be
associated with level achievement. However, participant D
“High diary” completed 10 exercises after discharge but still
did not progress past level 1. This is surprising, and one might
conclude that participant D misunderstood the exercise, was
inattentive during the exercise sessions, or was not engaged
cognitively with the app.

However, in addition to level completion, cognitive engagement
with HabitWorks was elicited by the Habitdiary function, which
prompted participants to journal briefly about when they noticed
themselves jumping to negative conclusions in their daily lives.
Participant D (“High diary”) used the feature somewhat
differently than the other participants (ie, as a free-response
diary and self-monitoring record) and completed a high number
of diary entries. Their qualitative data indicated that they were
aptly applying the principles of the app to their life. Taken
together, we may conclude that this participant showed a
preference toward the diary feature and was in fact cognitively
engaged, despite their lack of level progression. This apparent
discrepancy may highlight the importance of measuring each
facet of engagement with >1 indicator.

Qualitative data from all 5 cases added further nuance to our
understanding of cognitive engagement, indicating that these
participants found that the app helped them become aware of
and assert control over their negative automatic thoughts, notice
their interpretive style in their daily life, and better handle daily
life situations. Participants’ use of CBT language (ie, negative
automatic thoughts) in their feedback may illustrate a useful
integration between the app and their CBT-based partial hospital
treatment.

Affective Engagement
Affective engagement, measured by expectancy for treatment
to improve symptoms, was quite low for participants B, C, and
E. However, at the 1-month assessment, all participants rated
HabitWorks highly across acceptability indicators (ie,
user-friendliness, satisfaction, and helpfulness). Qualitative
feedback highlighted how participants easily integrated the app
into their lives; how the app was relevant to their experiences;
and that the app was fun, enjoyable, and game-like. Although
it may be intuitive that a focus on subjective user experience is
important to successful implementation [72], this focus may
also be central to securing clinically meaningful benefits for
users [21]. It is also notable that despite the initial low
expectancy for some, all users ultimately reported enjoying the
app. These findings suggest that HabitWorks has room for
improvement in generating early “buy-in” in this population
and support the conceptualization of affective engagement as
a state that fluctuates over time.

Relationships Between the Facets of Engagement
Although early affective engagement (ie, expectancy of app
benefits) was low for some participants and high for others,
these early ratings did not correspond in the expected direction
with behavioral engagement throughout the 1 month. The typical
relationship between expectancy and treatment engagement is
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such that lower expectancy is associated with lower engagement
in treatment [74]. However, participant A had the highest
expectancy and exhibited the lowest behavioral engagement,
and participant E had low expectancy and exhibited the highest
behavioral engagement. Moreover, all cases reported excellent
affective engagement on the exit questionnaire. Although we
cannot draw any conclusions from a case series, this observation
underscores 2 aspects of the model of engagement by
Nahum-Shani et al [27]: (1) engagement is dynamic and should
be assessed in a corresponding manner and (2) the facets of
engagement are related but distinct.

Participant C (“Drop-off”) illustrates the connection between
cognitive engagement and behavioral engagement and the
difficulty of relying on just one or the other to determine
meaningful use. Although participant C’s use of the app
suddenly dropped off after week 3 (ie, behavioral: shorter
duration of use), they had already completed the prescribed
number of exercises (ie, behavioral: adherent number of
exercises) and had achieved the highest level possible in the
app (ie, cognitive: interpretation bias accuracy). Their level
completion indicates that they reached a “healthy” interpretation
level (ie, 90% accuracy) at each level. Considering their
behavioral and cognitive engagement together, we can surmise
that they effectively used HabitWorks, suggesting that a drop-off
in use is not necessarily problematic in all instances.

This discussion aligns with previous research suggesting that
behavioral engagement alone does not necessitate better
outcomes [22]. Indeed, some minimum amount of use may be
necessary [75]; however, further use alone may not necessitate
larger improvements. Similarly, participant A’s use pattern
illustrates the proposition that sustained use may not be
synonymous with meaningful use, and some participants may
benefit from a period of inactivity. Specifically, participant A
was inactive during week 3 but became active again later in the
treatment month and went on to complete the 1-month
assessment. Their period of disengagement may constitute a
“recovery period,” a period of psychophysiological unwinding
thought to be important to meaningful engagement [27], which
allowed them to re-engage with the app subsequently. It is
possible that this type of sporadic engagement may be a
generally healthy or adaptive use style.

Limitations and Future Directions
Our study had some limitations. First, the current case series
included some indicators of engagement that were chosen post

hoc and were specific to the HabitWorks app. Thus, it is difficult
to compare engagement patterns across studies. Second,
although in the RCT, HabitWorks was compared with an active
control condition, differences in both features and
recommendations for use between conditions prevented
comparison of engagement patterns across conditions. Third,
in our focus on incorporating strategies to maximize app use,
it may be important to consider the potential for app overuse.
We did not examine the length of the interaction time, which
may be critical to further understanding effective use [76].
Problematic smartphone use that exceeds the necessary clinically
meaningful use can become disruptive in the user’s life and lead
to maintenance or furthering of psychosocial functioning
impairment [77]. Fourth, the free-response diaries could be
completed as desired by participants, and thus, the total amount
of diary use varied across participants, with greater content
available for those presumably more engaged in the app. Fifth,
the categorization of participants was based solely on behavioral
engagement. Future research with larger samples may apply
quantitative analyses to identify more nuanced patterns of
engagement that comprise all 3 facets, including cognitive and
affective. Finally, it is possible that some engagement strategies
were more helpful during early app interactions (ie, privacy and
security), whereas others encouraged engagement during later
interactions with the app (ie, novelty), and some others elicited
engagement throughout (ie, human support). Given the
conceptualization of engagement as state-like, it is likely that
the helpfulness of these strategies was not linear. An important
extension of this study will be to understand why users engaged
with various app features [78] and which engagement strategies
were the most helpful and at which time points.

Conclusions
This case series of HabitWorks participants illustrated 5 patterns
of engagement seen in our psychiatric sample transitioning out
of CBT skills–based care. In the context of an RCT with specific
recommendations for use and standardized delivery, 5 distinct
patterns of engagement emerged. The study of engagement may
be best approached from an individual difference’s perspective
rather than with aggregated data. To better understand and
promote “effective use” or “the extent, frequency, and duration
of investment of physical, cognitive, and affective energies...to
bring about a prespecified outcome” [27], a focus on multiple
facets of engagement and their interactions may be important.
This focus may ultimately allow for a better prediction of
clinical outcomes.
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Abstract

Background: Digital, self-guided cognitive behavioral therapy (CBT) interventions circumvent many barriers to in-person
therapy for young people (aged 12-24 years), although adherence to these interventions is low. The absence or insufficient
disclosure of recommendations or instructions for appropriate use may account for this. As such, many young people may not
self-administer these interventions appropriately or receive the optimal degree of treatment.

Objective: This systematic review aims to synthesize the literature on digital CBT for depression and anxiety in young people
to describe how appropriate use has been defined and communicated to users as instructions for use, to describe how adherence
has been measured, and to determine the associations between adherence and treatment outcomes.

Methods: A systematic review was conducted with 2 reviewers (SHL and MRA) extracting data independently. Overall, 4
electronic databases (Embase, MEDLINE, PsycINFO, and Cochrane Library) were searched in April 2021 for studies that met
the following inclusion criteria: participants aged between 12 and 24 years, evaluated a digital CBT intervention targeting
depression or anxiety, and reported instructions or recommendations for use or measures of adherence. Studies that evaluated
non-CBT interventions or cognitive- or behavioral-only interventions were excluded. Methodological quality was assessed using
the Cochrane Risk of Bias Tool and the Integrated Quality Criteria for the Review of Multiple Study Designs.

Results: There were 32 manuscripts that met the inclusion criteria, of which 28 (88%) were unique studies (N=16,578 youths).
Definitions of appropriate use varied among the different interventions in terms of intended recipients, duration and frequency
of use, and the features used to support engagement and adherence to appropriate use definitions. Reporting of appropriate use
definitions in studies was inconsistent, with no study systematically describing components of appropriate use or providing
information on how recommendations for use were relayed to users. Most often, definitions of appropriate use were derived from
the study protocol and descriptions of intervention features. Adherence was mostly operationalized as the degree of intervention
completion; however, reporting of adherence data was heterogeneous. There was little evidence of an association between degree
of use and outcomes in the 9 studies that examined this.

Conclusions: Definitions of appropriate use are unique to each digital CBT intervention. However, statements of appropriate
use are not systematically reported in the literature. Furthermore, the extent to which recommendations for use are communicated
to users is not routinely reported. Despite unique definitions of appropriate use, adherence was most often generically operationalized
as the degree of intervention completion and was not consistently associated with outcomes. We proposed a framework to promote
systematic reporting of definitions of appropriate use for digital interventions to provide guidance to users and to assist the
development of appropriate and nuanced measures of adherence.
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Trial Registration: PROSPERO CRD42020208668; https://tinyurl.com/4bu2yram

(JMIR Ment Health 2022;9(8):e37640)   doi:10.2196/37640
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Introduction

Background
Cognitive behavioral therapy (CBT) is a structured, skills-based
psychotherapy, typically delivered in-person by a trained
clinician over a duration of 12 to 18 weeks [1,2]. It is the gold
standard psychological treatment for anxiety and depression [3]
in both adults and young people, defined here as people aged
between 12 and 24 years, consistent with the Australian Institute
of Health and Welfare [4-7]. To safeguard the integrity of CBT
and ensure that efficacy is maintained [8], CBT manuals provide
clinicians with explicit instructions on administration. These
manuals detail indications of who will benefit, the treatment
targets and goals, the number and duration of sessions required,
sequence of content delivery, and between-session practice and
real-world enactment of skills (ie, homework [9]). Clinicians
also adapt various engagement strategies to promote adherence
to CBT, including developing a therapeutic alliance through
collaborative goal setting, communicating and enhancing
treatment expectancies, and clarifying concepts to ensure that
treatment processes and rationale are well understood
[1,2,5-7,10,11]. Some CBT manuals also differentiate the
critical, core treatment components from optional modules and
strategies to measure symptoms and treatment outcomes [1].
To summarize, the components of CBT manuals that guide
clinicians’administration as intended are as follows: recipients,
target condition, number and duration of sessions, sequence of
content, homework activities, engagement-promoting strategies,
core therapeutic components, assessment and monitoring, and
crisis management.

Despite its efficacy, the uptake of in-person CBT is suboptimal
across all ages [12-15]. In young people, this is due in part to
the affordability and availability of trained practitioners,
perceived stigma, poor mental health literacy, and a preference
for self-reliance [16-18]. Among the young people who do seek
help, most do not receive CBT [19,20]. Improving access and
uptake of CBT is particularly critical for young people, as
three-quarter of depression and anxiety cases emerge by late
adolescence [21], and these disorders are a leading cause of
disability in this age group [22,23]. The transition of CBT from
in-person professional administration to digital, self-directed
delivery was hypothesized to overcome many of the treatment
barriers faced by young people [24]. A recent systematic review
and meta-analysis of internet- and computer-delivered CBT for
youth confirmed the positive effects of these interventions on
symptom reduction [25]. However, adherence to many of these
interventions is low despite the alignment of digital CBT with
young people’s help-seeking preferences [24].

Although personal factors such as motivation may account for
low adherence, reliance on the young person to appropriately
self-administer digital CBT interventions with none to limited

clinician guidance or supervision may also contribute. Thus,
similar to any self-administered treatment, it is essential that
the young person is provided with clear instructions to ensure
appropriate use; that is, to ensure that the intervention is used
in a way that generates optimal clinical benefit. Unlike in-person
CBT, where instructions for engaging with the treatment are
well documented within manuals and directly relayed to youth
through their clinician, it is unclear whether instructions or
recommendations for the appropriate use of digital CBT are
provided to users or consistently documented in the literature.
Instructions for use may be provided during intervention
onboarding or guided via explicit or implicit software design
features. For example, many digital CBT interventions have
used the design feature, “tunnelling,” to replicate the structure
of in-person CBT, whereby therapeutic modules are presented
sequentially to guide users through the content in an appropriate
sequence [26,27]. Other software design features, such as
tailoring content in response to user input, automated feedback,
rewards and encouragement, and reminders and notifications,
have also been used to replicate clinician guidance and
supervision [28]. An understanding of how digital CBT
interventions define appropriate use and how instructions for
use are relayed to youth requires examination to determine their
adequacy in supporting appropriate self-administration.

In addition to ensuring optimal outcomes, clear instructions for
the use of digital CBT interventions are required for researchers
and clinicians to operationalize users’ adherence to these
interventions. Adherence is defined as a meaningful measure
of the extent to which individuals’ intervention use corresponds
with creators’ recommendations, instructions, and expectations
of appropriate use [29,30]. For example, if the recommendation
is to complete all modules within a digital intervention,
adherence is measured by determining the number of modules
completed. Alternatively, if the recommendation is to engage
with a particular intervention activity on a specified occasion
(eg, complete a mindfulness mediation upon waking), adherence
is measured by determining the frequency of this event. In this
way, adherence provides a measure of the validity of treatment
administration. Thus, clear instructions for appropriate use and
corresponding adherence measures are crucial for ensuring that
the necessary standards of quality, safety, and efficacy are met.
Despite the importance of this, in a review of the literature,
Christ et al [25] found that many studies on digital CBT for
youth generically operationalized adherence as program
completion, heterogeneously reported as the proportion of
participants who completed all treatment modules or the average
number of modules completed across the sample. Several studies
failed to report any adherence data, and definitions of
appropriate use were not examined in the study by Christ [25].

Similar variability in the reporting of adherence has been found
in reviews of adult digital health interventions. One systematic
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review found that almost three-quarter of studies (45/62, 73%)
operationalized adherence as the degree of intervention use,
reported as the number of completed modules and activities,
log-ins, or time spent in the intervention [31]. Furthermore,
statements on instructions for use were only reported in one-third
(23/62, 37%) of studies, giving little indication of how
interventions defined appropriate use [31]. Inadequate reporting
of instructions for use and significant heterogeneity in reporting
of adherence are further demonstrated in at least 5 systematic
and narrative reviews of adherence to digital psychological
interventions in adults [32-36]. Collectively, adherence appears
to be operationalized in the absence of adequately reported
definitions of appropriate use or is generically operationalized
as adherence to total intervention exposure, based on the notion
of “the more, the better” rather than explicitly measuring the
accordance between recommended use and actual use. Studies
have provided little justification for this approach [31].
Furthermore, studies of adults and youth have not consistently
supported a linear relationship between adherence and outcomes
[25,29,37-39].

Despite the prevalence of digital CBT interventions for youth
[25], little is known about how young people have been
instructed to use these interventions, how adherence to
interventions has been operationalized, or whether measures of
adherence adequately determine differences between actual and
recommended use. It is important to examine this, as young
people have different patterns of engagement with technology,
preferences, and expectations compared with adults [40-42].
Clearer expectations of use may not only improve the
effectiveness of digital CBT but also assist young people in
selecting interventions most suited to their circumstances, while
also facilitating greater endorsement and dissemination by
mental health professionals. Establishing protocols for the
disclosure of appropriate use and the operationalization of
adherence is imperative for improving the uptake, adherence,
and effectiveness of digital CBT among youth.

Objectives
The primary aim of this systematic review was to synthesize the
published literature on digital CBT interventions for depression
and anxiety in young people to investigate the definitions of
appropriate use and the disclosure of instructions for use to
users. To this end, descriptions, recommendations or instructions
of appropriate use, or intervention features guiding use were
extracted from the included studies and mapped onto the 10
components within CBT manuals that typically guide
administration as a means of determining definitions of
appropriate use. A specific focus on digital CBT differentiated
our review from recently published reviews on engagement in
digital health interventions that incorporated CBT and non-CBT
interventions. This review also aimed to examine how adherence
to recommended use has been operationalized and measured
and to determine the associations between digital CBT
intervention use and outcomes among young people. This
information will improve our understanding of how young
people have been instructed to self-administer digital CBT
interventions and will determine whether the measures of
adherence used by researchers have accurately captured the

degree to which young people complied with instructions for
use.

Methods

Protocol and Registration
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) was used to ensure the quality and
consistency of the procedure and reporting [43]. The review
protocol was registered with PROSPERO (CRD42020208668).
We deviated from the original protocol to exclude cognitive-
and behavioral-only interventions and mindfulness-based and
acceptance and commitment therapy interventions to confine
the focus to digital CBT. In addition, we found that the study
manuscripts rarely reported on the instructions of appropriate
use. We acknowledge that this information may have been
provided to users within the intervention itself, but this is not
clear. As such, we derived the information on appropriate use
from the study protocols and intervention features.

Ethical Considerations
Conducting a systematic review or peer-reviewed literature is
not listed as a research activity that requires human ethics
approval by the UNSW Research Ethics Board. As such, ethics
approval was not applied for.

Eligibility Criteria

Participants
Participants were young people aged between 12 and 24 years.
This age range was selected to cover the full spectrum of youth,
as defined by the Australian Institute of Health and Welfare [4].
Where the age range of participants extended 12 to 24 years,
studies were excluded if the total sample contained <80% of
participants in the target range. In the absence of age range data,
a judgment was made based on the recruitment setting (eg,
secondary school) and the reported mean age. Diagnostic status
was not used as an eligibility criterion for samples.

Interventions
Eligible interventions included those directly targeting anxiety
or depression (including transdiagnostic interventions) via a
predominantly CBT-based psychological treatment delivered
by a computer, smartphone, or internet platform. Interventions
were also required to be used on more than one occasion. Purely
cognitive or behavioral interventions alone were not included,
nor were treatments aimed solely at problem-solving.
Interventions that were not predominantly CBT, such as
mindfulness-based interventions, acceptance and commitment
therapy, and interpersonal psychotherapy, were excluded.
Nonpsychological interventions, including exercise or physical
activities, music, and art therapy, were excluded.
Gratitude-based therapies and journaling were also excluded.

Comparison Groups
No restriction was imposed on the type or use of control or
comparison groups.
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Outcomes
Primary outcomes were symptoms of depression or anxiety
measured using standardized, validated, and reliable instruments
or scales, suitable for adolescents. Included studies were
required to report at least one measure of adherence and any of
the following: descriptions, statements, or instructions for
appropriate use or recommendations of use; descriptions of
intervention features supporting appropriate use, including
adherence-promoting features; or the association between
adherence and depression outcomes and adherence and anxiety
outcomes.

Studies
Studies were included if they were written in English, published
in peer-reviewed journals, and published after January 1, 1991.
Studies were not excluded based on study type or quality; both
controlled and uncontrolled studies (eg, pre-post studies without
a control group) were included. Case studies were excluded.

Search Strategy

Overview
The electronic databases, Embase, MEDLINE, PsycINFO, and
Cochrane Library, were searched for articles published from
January 1, 1991, to April 7, 2021. The start date was selected
to coincide with the year in which the World Wide Web was
introduced. The following search terms were used in the title,
abstract, and keywords: (adolescent* OR youth OR child* OR
teen* OR young adult) AND (online OR digital OR internet
OR app OR mHealth OR eHealth OR web OR web-based OR
smartphone OR smart phone OR computer*) AND (anx* OR
depress* OR affect OR mood) AND (cognitive therapy OR
cognitive behavioural therapy OR cognitive behavior therapy
OR cognitive behavioral therapy OR CBT). Additional sources
were included through a hand search that comprised examining
reference lists of key articles and systematic reviews and
authors’ knowledge of manuscripts related to digital CBT for
youth. Furthermore, the details from included studies were used
to conduct a search to identify relevant manuscripts reporting
on secondary or adherence outcomes from the included studies’
data sets.

Data Extraction and Synthesis
Articles were identified from the search strategy, and after
duplicates were removed, titles and then abstracts were reviewed
for relevance by the first author (SHL). A second reviewer
(AWS) independently screened 10% of the identified studies
to ensure the reliability of the eligibility criteria. Full texts of
the remaining studies (n=174) were appraised by 2 reviewers
(SHL and MRA) to determine eligibility. Reasons for exclusion
were discussed, and consensus for eligibility was confirmed for
6 articles. In cases where a consensus between the 2 reviewers
could not be reached, a third reviewer (MSK) assessed for
eligibility and a consensus was reached. The 2 reviewers (SHL
and MRA) independently performed the data extraction using
a data extraction template (Multimedia Appendix 1) designed
to identify information, including the following: study details,
sample details, intervention details, and outcomes of interest.
It is worth noting that, for delivery mode, interventions were
categorized as sequential where modular content was presented

sequentially or explicitly delivered in a sequential order with
content only becoming available when preceding modules were
completed, or nonsequential where content was unrestricted
allowing complete self-navigation.

Study outcomes of interest included the following: descriptions,
statements, or instructions of appropriate use for young people;
measures of adherence; and associations between adherence
and symptom outcomes. We relied only on the information
provided in the study manuscripts. Using the components of
manualized CBT, we identified information on appropriate use
pertaining to the following: intended recipient of the
intervention, intended target condition, intended number of
modules to be completed, intended duration and frequency of
use, instructions regarding real-world enactment of skills
(homework), adherence-promoting features (embedded within
the intervention), core components, and symptom assessment
and monitoring. We also extracted data on when and how users
were recommended to access in-person support, excluding risk
management procedures that constituted the study protocol. In
lieu of specific descriptions of appropriate use, we extracted
any information on intervention design features or other study
details that implied appropriate use. This included the following:
inclusion and exclusion criteria to indicate intended recipients,
duration of intervention access to indicate intended duration of
use, and tunneling to indicate intended sequence of content use.
The sources of information used to derive aspects of appropriate
use were recorded (trial protocol, feature description, or a
statement in the study manuscript). Post hoc determination of
the number of modules needed to achieve benefits was not
considered as constituting any aspect of appropriate use.

Adherence-promoting features included those explicitly used
by the authors to improve adherence or those that fit within the
following categories: supported use defined as use that involves
support, encouragement or guidance from a person, reminders,
rewards, gamification, social or peer support, tailoring defined
as the capacity to tailor content to meet an individual’s
requirements, personalized feedback including system-generated
personalized feedback, customization of visual features such as
avatars and color schemes, and interactive content defined as
content requiring active inputs from the user. These categories
were derived from past literature that endorsed supported use
as an effective adherence promoter [44] and systematic reviews
of user preferences [24,45]. Supported use was further
categorized into autonomous, supported, or intervention-led
blended, using the definitions provided by Fairburn and Patel
[46] (Table 1). Interventions delivered in schools were
categorized as supported, unless otherwise specified, and studies
that did not specify support in the use of the intervention were
recorded as autonomous. Interactive content was further coded
as follows: activities, quizzes, homework activities, and
multimedia content. The same intervention delivered under
different conditions (eg, with or without additional in-person
therapy sessions) was treated as 2 separate interventions and is
presented in different rows in the tables. It is worth noting that,
we elected to categorize personal feedback from a clinician or
support person as supported use, not tailoring, as supported use
is likely to have an element of personalization that does not
necessarily involve tailored delivery of the intervention content.
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In addition, the included studies were screened for references
to registered or published protocols. Where protocols were
identified, they underwent the same data extraction and synthesis
procedure as the study manuscripts to supplement data on

descriptions, statements, or instructions for appropriate use.
Finally, the number of aspects of digital self-administration
described in each study was tallied to show the degree to which
aspects of self-administration were disclosed.
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Table 1. Characteristics of included studies (n=32).

Participants (intervention)Study designCountry, setting, and
year conducted

Study and year
published

Age (years), mean
(SD; range)

Girl or woman
(transgender
person), %

Sample size, nPopulation and setting

16.97 (1.20; 15-19)81120Clinically relevant anxiety
symptoms and comorbid
depression

2×2 factorial de-
sign

Sweden, 2018Berg et al [47],
2020

16.3 (2.36; 13-23)7935History or risk of depressionPre-post feasibili-
ty trial

United KingdomBevan Jones et al
[48], 2020

14.34 (0.75; 12-17)60559Universal sample of sec-
ondary school students (30%

Cluster RCTaAustralia, 30 schools,
2006

Calear et al
[49,50], 2009 and
2013 with prior history of depres-

sion)

22.6 (2.3; 18-24)8183History of depression or risk
of depression

RCTUnited States, health
maintenance organiza-
tion

Clarke et al [51],
2009

14.9 (0.79; 13-16)4420Excluded from mainstream
education

RCTNew Zealand, 2009-
2010

Fleming et al
[52], 2012

14.63 (0.81; 13-17)68.1130Mild or moderate depressive
symptoms

RCTHong Kong, 3
schools, 2013-2015

Ip et al [53], 2016

15.02 (1.86; range

NRb)

56.951In 4 out of 5 schools, stu-
dents were identified by
school counselors and social

Pre-post open tri-
al

United States, 5
schools, year undis-
closed

Jaycox et al [54],
2019

workers; in the fifth school,
all students in the health
class participate.

17.60 (1.24; 14-20)53.430From a second-chance edu-
cation intervention. No
symptom eligibility criteria

Cluster RCTIreland, Youthreach
Centers, 2015-2016

Kuosmanen et al
[55], 2017

14.6 (1.71; 12-17)4633Obsessive compulsive disor-
der

12-week, single-
blinded RCT

Sweden, 2014-2015Lenhard et al
[56], 2017

16.8 (1.0; 15-20)50527 (3 arms re-
ceived interven-
tion)

No symptom eligibility crite-
ria

4-arm RCTNorway, 4 schools,
2009

Lillevoll et al
[57], 2014

NR (NR; 12-1965.7 girls, 2.3
transgender per-
son

9079No symptom eligibility crite-
ria

Open trial—sec-
ondary analysis
of 5 years of

SPARXc usage
data

New Zealand, 2014Lucassen et al
[58], 2020

12.95 (2.97; 7-17)66.394425Elevated anxietyOpen trialAustralia, 2014-2016March et al [26],
2018

18.4 (1.9; range
NR)

86.482No symptom eligibility crite-
ria

RCTUnited States, large
public university,
2012-2013

Melnyk et al
[59], 2015

15.55 (1.54; 12-19)65.794Depressive symptomsRandomized con-
trolled noninferi-
ority trial

New Zealand, 12 pri-
mary health care
youth clinics, general
practices, and school-

Merry et al [60],
2012

based counseling ser-
vices

15.3 (1.2; 13-17)9036Anxiety concerns2-arm, multisite,
pilot RCTs

Canada, 2014-2016O’Connor et al
[61], 2020

14.82 (0.93; 12-16)86.594No symptom eligibility crite-
ria

RCTAustralia, 2018-2019O’Dea et al [62],
2020

Year 1010067No symptom eligibility crite-
ria

Controlled trialAustralia, girls-only
schools

O’Kearney et al
[63], 2009
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Participants (intervention)Study designCountry, setting, and
year conducted

Study and year
published

Age (years), mean
(SD; range)

Girl or woman
(transgender
person), %

Sample size, nPopulation and setting

16.6 (1.7; 13-19)71258Mild to moderate anxietyRCTCanada, 2016-2018Radomski et al
[64], 2020

NR (NR; 12−16)NR55Significant depressionRCTUnited Kingdom,
schools, 2011-2013

Smith et al [65],
2015

13.98 (1.63; 12-18)59.1344Anxiety disorder3-arm RCTAustralia, 2006-2008Spence et al [66],
2011

13.5 (NR; 11-17)NR10Anxiety disorder or mild to
moderate depression

RCTUnited Kingdom,
home and school

Stallard et al
[67], 2011

15.2 (1.5; 13-18)4117Low moodRCTNew Zealand, 8 urban
high schools

Stasiak et al [68],
2012

15 (1.3; 13-17)7933Anxiety disorderRCTDenmark, 2015-2017Stjerneklar et al
[69], 2019

16.5 (1.6; 15-21)8910Social anxiety disorderRCTSweden, 2007-2008Tillfors et al [70],
2011

17 (NR; NR)7743Subclinical depression from
primary care sites

RCTUnited States, 2007Van Voorhees et
al [71], 2009

15.4 (1.5; 13-18)68193Subclinical depression from
31 primary care sites

RCTUnited States, 2012-
2016

Van Voorhees et
al [72], 2020;
Gladstone et al
[73,74], 2018 and
2020

14.3 (undisclosed;
13-17)

68426No symptom eligibility crite-
ria

RCTNew Zealand, 15
schools, 2009-2011

Whittaker et al
[75,76], 2017 and
2012

15.17 (1.11; 14-17)62.7924Anxiety disorderRCTAustraliaWuthrich et al
[27], 2012

aRCT: randomized controlled trial.
bNR: not reported.
cSPARX: Smart, Positive, Active, Realistic, X-factor thoughts.

Methodological Quality Assessment
The methodological quality of the included studies was assessed
using the Cochrane Risk of Bias (ROB) Tool for randomized
controlled trials (RCTs) [77] and the Integrated Quality Criteria
for the Review of Multiple Study Designs [78] for other study
designs. Quality ratings were determined independently by 2
reviewers (SHL and JRB) and then compared to resolve
differences. Studies were considered methodologically sound
if they met the Integrated Quality Criteria for the Review of
Multiple Study Designs criteria for inclusion [78] or were rated
as low in the ROB overall assessment of bias.

Results

Overview of Included Studies

Overview
The search resulted in 4641 studies, of which 174 full-text
articles were identified. A total of 32 studies met all inclusion
criteria and were included in the systematic review. The
screening process and reasons for exclusion are presented in
Figure 1. Table 1 summarizes the study, sample, and
intervention characteristics of the 32 included manuscripts. On
3 occasions, >1 manuscript was produced from a single study;
as such, these manuscripts were reported together, leaving a
total of 28 independent studies.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram.

Study Design and Country of Origin (Setting)
Of the 28 studies, most were RCTs (n=22, 78%), and the others
were open trials (n=3, 10%), feasibility trials (n=11, 39%), 1
(3%) non-RCT, and 1 (3%) factorial design. The majority were
conducted in Australia and New Zealand (11/28, 39%), Europe
and the United Kingdom (9/28, 32%), and the United States
(5/28, 17%), with others in Canada (2/28, 7%) and Hong Kong
(1/28, 3%).

Sample Characteristics
Across the 28 studies, 16,578 participants received the
intervention. Sample sizes varied considerably among studies,
ranging from 10 to 9079 (mean 592.07, SD 1857.44; median
61). Overall, 42% (12/28) of studies had sample sizes <50, and
57% (16/28) had sample sizes >50. Regarding gender
representation, 75% (21/28) of studies had >55% of their sample
as girls or women, 10% (3/28) of studies had between 45% and
55% of the sample girls or women, 7% (2/28) of studies had
<45% of the sample as girls or women, and 7% (2/28) of studies
did not disclose gender representation of their samples. The girl
or woman representation within the samples ranged from 41%
to 100%. Across all studies, the mean age was 15.74 years
(range 12.95-22.60), with a total age range of 7 to 24 years. A
total of 10% (3/28) of studies did not report the mean age of
the participants, and 14% (4/28) of studies did not report the
age range.

Intervention Characteristics
Intervention characteristics are presented in Table 2. A total of
20 interventions from 28 studies were identified and included
in the review, with the same intervention used in several studies:
SPARX (Smart, Positive, Active, Realistic, X-factor thoughts;
University of Auckland; n=4), MoodGYM (Australian National
University; n=3), Brave Online (University of Queensland;
n=2), CATCH-IT (University of Illinois; Competent Adulthood
Transition with Cognitive Behavioral Humanistic and
Interpersonal Training; n=2, not including the modified version),
and Breathe (University of Alberta; Being Real, Easing Anxiety:
Tools Helping Electronically; n=2). A total of 28% (8/28) of
interventions targeted depression, 25% (7/28) targeted
depression and anxiety, 10% (3/28) targeted unspecified anxiety,
and 7% (2/28) targeted a specific anxiety disorder (obsessive
compulsive disorder and social anxiety disorder). The digital
delivery formats included web-based (n=11), computer or
CD-ROM (n=6), multiplatform (n=1), weblinks viewed on a
smartphone (n=1), and 1 smartphone app (n=1). Several
interventions included elements of other therapeutic approaches
in addition to CBT, such as interpersonal therapy (2/28, 7%),
family systems therapy (1/28, 3%), and positive psychology
(1/28, 3%). The total number of modules ranged from 4 to 15
(mean 8.15, SD 2.74). A total of 10% (3/28) studies did not
specify the number of modules contained in the intervention.
Most interventions (14/20, 70%) were sequential, 10% (2/20)
were nonsequential (WeClick and MoodHwb), and 20% (4/20)
were undetermined.

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e37640 | p.111https://mental.jmir.org/2022/8/e37640
(page number not for citation purposes)

Li et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


Table 2. Characteristics of interventions (n=20).

Number of modules
or sessions

Therapeutic modelDelivery formatDelivery modeTarget conditionIntervention nameStudy and year published

8 modulesCBTaSequentialWebAnxiety and de-
pression

UndisclosedBerg et al [47], 2020

UnclearCBT, IPTb, posi-
tive psychology,

NonsequentialMultiplatform
(web, app)

DepressionMoodHwbBevan Jones et al [48],
2020

family systems
therapy

5 modules, 29 exer-
cises

CBTSequentialWebAnxiety and de-
pression

MoodGYMCalear et al [49,50], 2009
and 2013; Lillevoll et al
[57], 2014; O’Kearney et
al [63], 2009

Unclear; 4 compo-
nents

CBTUndisclosedWebDepressionUndisclosedClarke et al [51], 2009

7 modulesCBTSequentialComputerDepressionSPARXcFleming et al [52], 2012;
Kuosmanen et al [55],

2017c; Lucassen et al
[58], 2020; Merry et al
[60], 2012

10 modulesCBTUndisclosedWebDepressionGrasp the opportu-
nity (translated to

Ip et al [53], 2016d

Chinese and modi-
fied from CATCH-
IT)

7 modulesCBTSequentialComputerAnxiety and de-
pression

The LIFT programJaycox et al [54], 2019

12 modulesCBTUndisclosedWebOCDBIP OCDeLenhard et al [56], 2017

10 modulesCBTSequentialWebAnxietyBRAVE OnlineMarch et al [26], 2018;
Spence et al [66], 2011

7 modulesCBTSequentialWebAnxiety and de-
pression

COPEfMelnyk et al [59], 2015

8 modules; 6 mod-

ulesh
CBTSequentialWebAnxietyBreathegO’Connor et al [61],

2020; Radomski et al
[64], 2020

4 character storiesCBTNonsequentialSmartphone appDepression, anxi-
ety

WeClickO’Dea et al [62], 2020

8 modulesCBTSequentialComputerDepression
(mild-moderate)

StressbustersSmith et al [65], 2015

6 modulesCBTUndisclosedCD-ROMAnxiety, depres-
sion

TFDiStallard et al [67], 2011

7 modulesCBTSequentialCD-ROMDepressionThe JourneyStasiak et al [68], 2012

8 modulesCBTSequentialWebAnxiety, depres-
sion

ChilledOut Online
(Danish)

Stjerneklar et al [69],
2019

9 modulesCBTSequentialWebSocial anxiety
disorder

UndisclosedTillfors et al [70], 2011

14 modules; 14
modules (plus 1 op-

CBT and IPTSequentialWebDepressionCATCH-ITVan Voorhees et al
[71,72], 2020 and 2009;

tional anxiety mod-Gladstone et al [73,74],

2018 and 2020j ule and 5 parent
modules)

2 messages daily, for
9 weeks

CBTSequentialWeb links
viewed on smart-
phone

DepressionMEMO CBTWhittaker et al [75,76],
2017 and 2012

8 modulesCBTSequentialCD-ROMAnxietyCool TeensWuthrich et al [27], 2012

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e37640 | p.112https://mental.jmir.org/2022/8/e37640
(page number not for citation purposes)

Li et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


aCBT: cognitive behavioral therapy.
bIPT: interpersonal psychotherapy.
cSPARX-R is a revised version of the original Smart, Positive, Active, Realistic, X-factor (SPARX) intervention. The content of SPARX-R is essentially
the same; however, it is framed as a preventive intervention for young people who feel down, stressed, or angry rather than focusing exclusively on
depression.
dThe Grasp Opportunity intervention removed all face-to-face components from CATCH-IT, including the motivational interview or brief advice
component, and IPT modules were also excluded.
eOCD: obsessive compulsive disorder.
fCOPE: Creating Opportunities for Personal Empowerment.
gBreathe: Being real, easing anxiety: tools helping electronically.
hContent covered in both interventions seems to be the same; however, Radomski et al 2020 [64] reported 6 modules and O’Connor et al 2020 [61]
reported 8 modules.
iTFD: think, feel, do.
jMotivational interviewing was classified as a form of supported use.

Methodological Quality
All 6 non-RCT studies met the methodological quality criteria
for inclusion. Of the 22 RCTs included in the review, 9 (41%)
were assessed as having a low ROB, 9 (41%) as having some
concerns, and 4 (18%) as having a high ROB. All these studies
were included in the analysis.

Digital Self-administration Guidelines as Disclosed in
Study Manuscripts

Overview
The aspects of digital self-administration extracted from the
included studies are contained in Table 3 and Multimedia
Appendix 2 [26,27,47-76]. Only 1 study (the study by O'Dea
et al [62]) reported how instructions for appropriate use were
relayed to young people. In this study, an animation was used
to inform young people that they could use the intervention as
they wished.

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e37640 | p.113https://mental.jmir.org/2022/8/e37640
(page number not for citation purposes)

Li et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


Table 3. Components of appropriate use described in studies or derived from study protocols or intervention features.

Components of appropriate use (part 1)Study and year
published

Skill enactmentSequence of
content

Duration and fre-
quency of use

Amount of inter-
vention comple-
tion to benefit

Target condition or
therapeutic goals

Recipients

None providedSequential via
numbered

modulesb

8-week accessa, 1
module per week

None providedAnxiety and depres-

siona
15-19 year olds with
clinically significant
anxiety, without or with-
out comorbid depression

Berg et al [47],
2020

(other comorbidities ex-

cluded)a

None providedNonsequen-

tiald
Access for a mini-

mum of 2 monthsa.
Instructed “they

None providedDepression13-23 year olds with a
history or risk of depres-

siona

Bevan Jones et

al [48], 2020c

could use the pro-
gram as they
wished”

None providedSequential via
controlled de-

5-week access with
1 module delivered

Completion of
all 5 modules

Prevent or decrease
depression and anxi-
ety

12-17 year oldsaCalear et al
[49,50], 2009
and 2013 livery of mod-

ulesa
each weeka, each
module 20-40 min-
utes

Intervention guides
user to create a person-

None provid-
ed

32-week accessa,
unrestricted, self-
guided use

None providedDepressiona18-24 year olds with a
history of depression or

risk of depressiona

Clarke et al
[51], 2009

alized self-contract to
increase the frequency
of selected pleasant
activities (eg, taking a
relaxing bath, going
to a restaurant all by

yourself)b. Prompted
to record activities ev-

ery few daysb

After each level, the
digital guide reflected

Sequentialb5-week accessa, 1-2
modules per week,

None providedDepressiona13-16 year olds with
probable depression;
those with severe depres-

sion were excludeda

Fleming et al
[52], 2012

on how the learning
could be applied in re-
al life and set home-

work challengesb

each module approx-
imately 30-minute
duration

None providedNone provid-
ed

Access for the study

period (12 months)a,

None providedReduce depressive
symptoms (mild to
moderate level) or

13-17 year olds with mild
or moderate depressive

symptomsa

Ip et al [53],
2016

use at anytime, any-
whereprevent the onset of

major depressive

episodes.a “Improve
negative cognition,
reduce negative behav-
iors, strengthen re-
siliency, and reinforce
positive behaviors”

Goal setting at the end

of each moduleb
Sequentialb1-2 chapters per

week
None providedPTSDe, anxiety, and

depressiona

High school students
with limited mental

health resourcesa

Jaycox et al
[54], 2019

None providedSequential

levelsb
20-30–minute mod-
ules, completion of
one module each

weeka

None providedPrevent depression;
“aimed for young
people who feel
down, stressed or an-
gry”

15-20 year oldsaKuosmanen et
al [55], 2017
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Components of appropriate use (part 1)Study and year
published

Skill enactmentSequence of
content

Duration and fre-
quency of use

Amount of inter-
vention comple-
tion to benefit

Target condition or
therapeutic goals

Recipients

Young person and
parent encouraged to

complete ERPg exer-
cises together and re-
port back to clinician

Sequentialb12 weeks accessaNone providedOCDa12-17 year olds with a

primary OCDf diagnosisa
Lenhard et al
[56], 2017

None providedSequential via
locked con-

tentb

45-60 minute mod-
ules, 6-7 week ac-

cessa

None providedPrevent and reduce
depressive symptoms

Senior high school stu-

dentsa
Lillevoll et al
[57], 2014

Set challenges are
provided to allow
practice and facilitate

skill generalizationb

Sequential

levelsb
Open access, mod-
ules take 30 minutes

None providedPrevent and treat de-
pressive symptoms

12-19 year oldsaLucassen et al
[58], 2020

None providedSequentialb20-week access, 1
session each fort-

nighta

None providedAnxietya7-17 year olds with ele-

vated anxietya
March et al
[26], 2018

Weekly skill building
homework assign-
ments and goal setting
logs

Sequential via
locked con-

tentb

10-12–week access,a

30-minute modules,
1 module per week

None providedDepression and anxi-

etya
Freshman college stu-

dentsa
Melnyk et al
[59], 2015

“Virtual” guide,“ sets
and monitors real-life
challenges, equivalent

to homework”b

Sequentialb4-7–week accessa

30-minute modules

None providedClinically significant

depressiona
12-19 year olds with mild
to moderate depressive

symptomsa

Merry et al
[60], 2012

“Try Out feature,
which outlined activi-
ties for the adolescent
to choose to practice
the module’s key con-

cepts and skills”b

Sequential via
numbered

modulesb

8 weeks of website

accessa instructed to
use weekly

None providedAnxietya13-17 year olds with a
self-identified anxiety

concerna

O’Connor et al
[61], 2020

None providedNonsequen-

tialb
4-week accessa; self-
paced

Completion of
all 4 character
modules

Depression and anxi-
ety

12-16 year oldsaO’Dea et al

[62], 2020h

None providedSequentiala6-week accessa; self-
paced

None providedAims to reduce depres-
sion and vulnerability
to depression

High school girls aged

15-16 yearsa
O'Kearney et al
[63], 2009

Skill enactment
prompted between

modulesb

Numbered
modules indi-
cate sequential

contentb

30 min each, com-
plete one session per
week

None providedAims to address mild
to moderate anxiety
symptoms

13-19 year olds with self-

reported anxietya
Radomski et al
[64], 2020

“Designs own individ-
ualised homework
based on specific

technique”b

None provid-
ed

8-week accessa, 30-
40 min modules

None providedDepressionaDesigned for adolescents
with mild to moderate
depression

Smith et al [65],
2015

Responses to home-
work activities are ac-
cessed by therapist
and feedback is provid-

ed via emaila

Sequentialb60 min modules, one
module weekly

Completion of
all 10 modules

Reduction in anxiety
diagnostic status and

severitya

12-18 year olds meeting
diagnostic criteria for so-
cial anxiety disorder,
separation anxiety disor-
der, generalized anxiety
disorder, or specific pho-

biaa

Spence et al
[66], 2011
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Components of appropriate use (part 1)Study and year
published

Skill enactmentSequence of
content

Duration and fre-
quency of use

Amount of inter-
vention comple-
tion to benefit

Target condition or
therapeutic goals

Recipients

“At the end of each
session, participants
are given a brief as-
signment to com-

plete”b

Sequential via
numbered

modulesb

30-45 minute mod-
ules

None providedDepression and anxi-

etya
11-16 year olds with de-
pression or anxiety as-
sessed as suitable for

CBTa

Stallard et al
[67], 2011

Each module ends
with a challenge
(homework) for user

to completeb

Sequential via
numbered

modulesb

25-30 minute mod-
ules, complete be-
tween 4 and 10
weeks

Completion of
all 7 modules

Depressiona13-18 year olds self-re-
ferred with probable or at

risk of depressiona

Stasiak et al
[68], 2012

“Each module con-
tains homework prac-
tice tasks [users]... en-
couraged to com-

plete”b

Sequential via

orderb
30-minute modules

14-week accessa
None provided“Reduce diagnostic

severity and anxiety
symptoms”

13-17 year olds meeting
diagnostic criteria for an

anxiety disordera

Stjerneklar et al
[69], 2019

None providedNone provid-
ed

9-week access,a 1
module per week

Completion of
all 9 modules

Social anxiety symp-

tomsa
Adolescents (15-21
years) meeting diagnostic
criteria for social anxiety

disordera

Tillfors et al
[70], 2011

None providedNone provid-
ed

None providedNone provided“The intervention was
intended to reduce
multiple thoughts, be-
haviors, and interper-
sonal interactions
thought to increase
vulnerability for de-
pressive disorders...
And strengthen behav-
iors, thoughts and in-
terpersonal relations
thought to be protec-
tive against depressive
disorders”

Adolescents (14-21
years) at risk of depres-
sion (persistent subthresh-

old depression)a

Van Voorhees
et al [71], 2009

None providedSequentiala15-20 min modules,

12-month accessa
None providedPreventing the onset

of depressive episodea
13-18 year olds with ele-
vated depression symp-
toms or a history of de-

pression or dysthymiaa,
at clinically significant
risk of depression but not
with current depression

Van Voorhees
et al [72], 2020;
Gladstone et al
[73,74], 2018
and 2020

None providedSequentialb2 messages each day

for 9 weeksa
A minimum of
half the interven-
tion completed

“Prevention of the on-
set of depression”

Nondepressed years, 9-
12 years; students (13-17

year old)a

Whittaker et al
[75,76], 2017
and 2012

None providedNot provided30-minute modules;

12-week accessa
Not providedAnxietya14-17 year olds with diag-

nosed anxiety disordera
Wuthrich et al
2012 [27]

aAppropriate use derived from the trial protocol.
bAppropriate use derived from description of an intervention feature.
cAll groups received weekly mail feedback via the study platform on exercises from the therapist. In addition, one group was invited to chat with the
therapist in a 30-minute session.
dAppropriate use reported as a statement in the manuscript.
ePTSD: posttraumatic stress disorder.
fOCD: obsessive compulsive disorder.
gERP: exposure and response prevention.
hAll groups received standard digital CBT, designed to be neutral and straightforward. One group additionally received learning support that involved
interactive features.
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Intended Recipients and Target Condition
A total of 7% (2/28) of study manuscripts contained explicit
statements of the intended intervention recipients: adolescents
with mild to moderate depression [65] and adolescents with
clinically significant risk of depression [72]. For all other
manuscripts, intended recipients were derived from the
participant inclusion and exclusion criteria. Of these, intended
recipients were required to meet the diagnostic criteria for an
anxiety disorder in 17% (5/28) of studies, were symptomatic
(anxiety, depression, or both) in 32% (9/28) of studies, were at
risk of developing depression in 17% (5/28) of studies (ie,
symptomatic and/or history of depression), and were
asymptomatic in 3% (1/28) of studies. Symptom level was not
relevant to intended users in 21% (6/28) of studies (universal
sample) and symptom details were not provided in 7% (2/28)
of studies. A total of 39% (11/28) of study manuscripts described
the intended target condition. For the remaining 43% (17/28)
of studies, the intended target condition was derived from the
study protocol (primary outcome measure). Depression was the
target condition in 50% (14/28) of studies, anxiety in 32% (9/28)
and both anxiety and depression in 17% (5/28). Finally, 7%
(2/28) of studies provided statements on the intervention’s
therapeutic goals; both of the goals were to reduce unhelpful
cognitions and behaviors, consistent with a CBT approach.

Intended Degree of Completion, Duration and Frequency
of Use, and Sequence of Use
A total of 17% (5/28) of studies stated that all intervention
modules should be completed, and 3% (1/28) of studies stated
that half the modules should be completed. The remaining 82%
(23/28) of studies did not provide this information. Although
not explicitly stated as intended use by the study authors, 10%
(3/28) of studies examined noncompleters and completers. These
concepts appeared to be derived post hoc for analytical purposes.
Definitions of the latter included those who completed ≥4
modules out of 8 [64], ≥3 modules out of 5 [63], and more than
one-third of all activities [50].

None of the studies explicitly stated the intended duration of
intervention use. This information was derived from the duration
of intervention access in 82% (23/28) of studies (range 4 weeks
to 12 months); however, 17% (5/28) of studies did not provide
any information on this (eg, duration between pre- and
postintervention assessments). Intended frequency of use was
stated in 60% (17/28) of studies and was derived from an
intervention feature in 3% (1/28) of studies. Of these 18 studies,
9 (50%) recommended that users complete 1 module per week,
2 (11%) recommended up to 2 modules per week, 1 (5%)
recommended 1 module per fortnight, and 1 (5%) recommended
that users read 2 messages per day. A total of 21% (6/28) of
studies stated that the frequency of intervention use was
unrestricted. There were 36% (10/28) of studies that did not
provide any information regarding the intended frequency of
use. The intended sequence of content was derived from
intervention features, including numbered modules, locked
content, or module display, in 64% (18/28) of studies, from the
study protocols of 11% (3/28) of studies (prescribed delivery
of content), and was stated in the manuscript in 3% (1/28) of
studies. Of these 22 studies, interventions were intended to be

completed sequentially in 20 (90%) studies, with 2 (10%)
allowing users unrestricted access to alternate between modules.
A total of 27% (6/28) of studies provided no information on the
intended sequence of the intervention content.

Intended Skill Enactment
A total of 50% (14/28) of studies described intervention features
that prompted homework activities. The remaining 50% (14/28)
provided no information regarding recommendations for skill
enactment.

Adherence-Promoting Features
Regarding supported use, 17% (5/28) of interventions were
autonomous, 42% (12/28) were supported, 21% (6/28) were
both supported and intervention-led blended, and 10% (3/28)
were intervention-led blended only. A total of 28% (8/28) of
interventions used reminders (eg, email or SMS text message),
3% (1/28) implemented rewards (a snack upon completion of
a module), and 21% (6/28) contained gamified concepts (eg,
leveling up). Regarding interactive content, 82% (23/28) of
studies described interventions that used interactive features,
including 20 with interactive activities, 8 with quizzes, 7 with
homework activities, and 18 with multimedia content. A total
of 10% (3/28) of studies used tailoring, 10% (3/28) used
personalized feedback, and 14% (4/28) used customization of
visual features. None of the interventions were reported to
contain peer-support features.

Only 10% (3/28) of studies have examined the influence of an
adherence-promoting strategy on adherence to recommended
use. Van Voorhees et al [71] examined supported use as an
adherence promoter by combining the digital intervention with
3 in-person motivational interviewing sessions. These were
found to significantly increase site visits, time in intervention,
proportion of exercises completed, and number of characters
typed into interactive exercises. Berg et al [47] evaluated 2
strategies: supported use via chat sessions with a therapist and
learning support, which included short summaries, pedagogical
pictures, videos, and quizzes. These strategies, alone or
combined, did not lead to greater adherence when compared
with the control condition. Finally, Lillevoll et al [57] evaluated
the influence of personalized email reminders on adherence to
MoodGYM compared with standard email reminders and no
reminders. Neither form of reminder affected adherence to the
intervention.

Core Therapeutic Components, Symptom Monitoring,
and Accessing Crisis Support
A total of 14% (4/28) of studies reported core therapeutic
components, including exposure therapy, exposure and response
prevention therapy, behavioral therapy, and cognitive
restructuring. The remaining 85% (24/28) of studies did not
identify any. A total of 42% (12/28) of studies described
intervention features for monitoring mood and assessing safety.
Of these, 50% (6/12) of studies described symptom monitoring
that occurred every few days or weekly. The remainder (6/12,
50%) did not provide any information regarding the frequency
of mood monitoring. Furthermore, 28% (8/28) of study
manuscripts described intervention features that assessed suicide
risk and responded with helping-seeking information. The
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remaining 85% (24/28) of studies did not provide any
information on when users were recommended to seek crisis
support.

Reporting on Aspects of Intended Use
Of the 10 aspects of appropriate use identified to inform
instructions for use (presented in Figure 1), no study manuscript
reported on all 10 aspects. The average number of aspects
reported was 6.29 (SD 1.33) with a range of 3 to 8. Descriptions
of intervention features and study protocol details were relied
upon heavily to infer aspects of appropriate use (Table 3 and
Multimedia Appendix 2).

Measures of Adherence
The measures of adherence used in the included studies are
presented in Table 4. To support a clearer interpretation of the
results, adherence measures were coded as follows: module
completion, intervention visits or log-ins, time spent in
intervention, activity or homework completion and practice,
and total content completion. Study attrition was not considered

to be an appropriate measure of intervention adherence, as it
was not possible to differentiate the noncompletion of study
assessments from adherence to the intervention. Almost all the
studies (24/28, 85%) measured module completion, which was
reported as either mean (and SD) module completion or as
percentage of the sample completing a defined number of
modules (eg, 14/28, 50% of study manuscripts reported the
percentage of the sample completing all modules). Moreover,
21% (6/28) of studies reported intervention visits or log-ins,
either as the mean or as the percentage of the sample visiting
on a defined number of occasions. Furthermore, 25% (7/28) of
studies reported time spent in the intervention, either as the
mean total intervention time or as the mean time spent per event
(eg, visit or module). A total of 32% (9/28) of studies reported
activity completion as either the mean, percentage of all
activities completed, percentage of the sample that completed
a set number of activities, or percentage who engaged in any of
the activities. Just under half of all studies (13/28, 46%) reported
>1 measure of adherence, indicating multidimensional
operationalizations of the construct.
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Table 4. Methods for measuring adherence to digital interventions and their association with depression and anxiety outcomes (n=28).

Association
with anxiety
outcomes

Association
with depression
outcome

Measure of adherenceStudy and
year published

Total inter-
vention com-
pletion (%)

Activity, homework
completion or practice

Time spent in
intervention
(min)

Site or pp visits or
log-ins

Module completion

NRNR39.20NRNRNRaMean 5.46/8 modules
(SD 2.82); all mod-
ules=39.2%

Berg et al
[47], 2020

NRNRNRNRSeveral
hours=3% ap-

1-2 per
week=21%, 1-2

NRBevan Jones
et al [48],

2020b proximately 1
hour=29% ap-

per month=44%, 1-
2 total=26%

proximately
30 min-
utes=54%,
few min-
utes=20%, no
visits=3%

0c0c32.7015% of sample com-
pleted at least 20 of 29
exercises

NRNRMean 3.16/5 modules
>3 modules=62%; all
modules=32.7%

Calear et al
[49,50], 2009
and 2013

NRMinutes in inter-

vention—Posd,

NRNRMean 115.1
(SD 176.1),
median 52,
range 0-1088

Mean web visits
8.5 (SD 14.2), me-
dian web visits 6,
range web visits 0-
111, page hits
(mouse clicks)

NRClarke et al
[51], 2009

page hits—Pos,
mean web visits
0

NRNR69NRNRNR>4 modules=81%; all
modules=69%

Fleming et al
[52], 2012

NegNegf10NRMedian=39.3

(IQR=63.4)e
NRMedian 3 (IQR 5), all

modules=10%
(n=26/257)

Ip et al [53],
2016

NRNRNR% video
watched=63−89%

NRNRMean 6.37/7 modulesJaycox et al
[54], 2019

NRNR3055%-65% practiced
(variety of skills, eg,

NRNRMean 5/7 modules, >4
modules=87%, all
modules=30%

Kuosmanen et
al [55], 2017

thought monitoring,
thought challenging,
problem-solving)

0NR27NRNRNRMean 8.52/12 mod-

ules e, 1-5 mod-

Lenhard et al
[56], 2017

ules=97%, all mod-
ules=27%

NRNR3NRNRNR1-2 modules=64%,
>3modules=14%, all
modules=3%

Lillevoll et al
[57], 2014

NRNR3.70NR<25 minutes
per module

NR1 module=53.7%, 1-3
modules=44.9%, >4
modules=8.8%, 1-6

Lucassen et al
[58], 2020

modules=50.01%, all
7 modules=3.7%

NRNRNR17.72/25NRNRMean 2.21/10 mod-
ules (SD 2.44); in-

March et al
[26], 2018

cludes patient that did
not start the interven-
tion, no mod-
ules=21.65%, 1-2
modules=48.05%, >3
modules=30.31%

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e37640 | p.119https://mental.jmir.org/2022/8/e37640
(page number not for citation purposes)

Li et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


Association
with anxiety
outcomes

Association
with depression
outcome

Measure of adherenceStudy and
year published

Total inter-
vention com-
pletion (%)

Activity, homework
completion or practice

Time spent in
intervention
(min)

Site or pp visits or
log-ins

Module completion

NRNRNRNRNRNRAll modules=99%Melnyk et al
[59], 2015

NRNR6062% completed most
or all homework chal-
lenges

NRNR>4 modules=86%, all
modules=60%

Merry et al
[60], 2012

NRNR36% complet-
ed all 8 mod-
ules
(N=13/36)

NRNRNRNo modules=6%, all
modules=36%

O’Connor et
al [61], 2020

NRNR60NRPer story:
mean 5.55
min; overall:
mean 19 min

Mean 4.29, range
1-11

No modules=7.1%, all
modules=60%

O’Dea et al
[62], 2020

NR0cNRNRNRNR>3 modules=30%
(n=20/67)

O’Kearney et
al [63], 2009

0NR19.4NRNRNRMean 2.2/8 modules
(SD 2.3), all mod-
ules=19.4%, >4 mod-
ules (adher-
ers)=27.9%, <3 mod-
ules=72.1%, no mod-
ules=35.3%

Radomski et
al [64], 2020

NRNR86NRNRNR>4 modules=93%, all
modules=86%

Smith et al
[65], 2015

NRNR39NRNRNRMean 7.5/10 modules,
all modules=39%

Spence et al
[66], 2011

NRNR85NRNRNRAll completed=85%Stallard et al
[67], 2011

NRNR94NRNRNRAll completed=94%Stasiak et al
[68], 2012

NRNR30Mean 74.4NRMean 24.4, range
7-51

Mean 5.4/8 modules,
all modules=30%, >4
modules=69%

Stjerneklar et
al [69], 2019

00NRNRNRNRMean 2.9/9 modulese,
range 1-6

Tillfors et al
[70], 2011

NRNRNRMean percentage of
tasks complet-

ed=64%g, mean num-
ber of characters
typed in tasks=2724

Mean 121Percentage of sam-
ple visiting site at

least once=84.1%g

NRVan Voorhees
et al [71],
2009

NR0NRCharacters
typed=3071 (4572)

Total time on
website
(min)=100.2
(143.1)

Days visited the
site=3.7 (4.5)

Mean 3.4/14 modules
(SD 4.7)

Van Voorhees
et al [72],
2020; Glad-
stone et al
[73,74], 2018
and 2020

NR0NRHalf of the messages
viewed by 19% of

samplee,h

NRNRNRWhittaker et al
[75,76], 2017
and 2012
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Association
with anxiety
outcomes

Association
with depression
outcome

Measure of adherenceStudy and
year published

Total inter-
vention com-
pletion (%)

Activity, homework
completion or practice

Time spent in
intervention
(min)

Site or pp visits or
log-ins

Module completion

NRNR98.4NRNRNRAll modules—98.4%Wuthrich et al
[27], 2012

aNR: association was not reported.
bTime spent in intervention was average per visit [48].
cAssociation between adherence and outcomes determined by completer versus noncompleter analysis.
dPos: positive association.
eAdherence measure used to determine the adherence-outcome association.
fNeg: negative association.
gData were collated when more than one group received the intervention.
hActual, rather than self-reported outcomes.

Association Between Adherence and Outcomes
The heterogeneity of adherence measures, the different statistical
methods used to determine an association between adherence
and outcomes, and incomplete reporting of results made it
difficult to extract comparable data for a meta-analysis.
Associations are, instead, reported descriptively. A total of 19
(67%) studies did not report on the association between
adherence and symptom reduction. Of the remaining 8 studies,
6 (21%) examined the relationship between adherence to the
intervention and treatment outcomes for depression. A total of
4 studies, 2 (7%) of which compared outcomes for completers
and noncompleters (as defined by the authors), found no
association between adherence and depression outcomes.
Furthermore, 7% (2/28) of studies found an association between
depression and adherence, but in opposing directions, such that
depression decreased as time in intervention increased as per
Ip et al [53], whereas Clarke et al [51] found that depression
reduced when the total time spent in intervention decreased.
Moreover, 14% (4/28) of studies examined the association
between adherence and anxiety outcomes: 10% (3/28) found
no association, and 3% (1/28) found a negative association
between symptom reduction and total time spent in intervention,
whereby more time in the intervention was associated with
lower anxiety symptoms [53]. None of the studies that used
multiple measures of adherence examined the independent
associations of these measures with treatment outcomes.

Discussion

Principal Findings
This systematic review aimed to synthesize how appropriate
use has been defined in digital CBT interventions for youth,
how instructions for use are relayed to young people and
reported in studies, and how adherence to appropriate use has
been operationalized and measured. This review found that none
of the included studies systematically described definitions of
appropriate use, which were instead derived from the study
protocol or intervention features. Despite all interventions being
based on CBT, the derived definitions of appropriate use varied
widely among studies, particularly in terms of intended

recipients, frequency and duration of use, and use of
adherence-promoting features. The only component of use with
some consistency among studies was the sequence of use, with
71% (n=20) of the 28 studies using interventions intended to
be used sequentially. Nearly all included studies neglected to
disclose how the instructions or recommendations for
appropriate intervention use were relayed to young people, with
only 3% (1/28) of studies providing such information [62]. The
results showed that most studies (24/28, 85%) operationalized
adherence as the degree of intervention completion, with
significant heterogeneity in how this was measured, regardless
of how appropriate use was defined. The most consistently
reported measure of adherence was the percentage of the sample
that completed the entire intervention (14/28, 50%). There was
little evidence of an association between degree of use and
improved outcomes.

Appropriate self-administration of digital CBT is critical for
achieving the therapeutic goals. Therefore, a lack of reporting
on both definitions of appropriate use and how instructions for
use are provided to users is somewhat surprising. Indeed, an
understanding of how the intervention creators desired the
intervention to be used by youth had to be derived from the
study protocol and intervention features for almost all
components of appropriate use, with the frequency of use the
only component explicitly stated in studies. These findings
suggest that inadequate consideration has been given to
developing nuanced definitions of appropriate use. As early
digital CBT interventions were direct translations of in-person
CBT, this omission may stem from the assumption that
engagement with CBT should be consistent regardless of the
delivery mode (ie, full program completion). However, given
the current innovative approaches to CBT delivery, particularly
the movement away from sequential delivery and expectations
of full program completion [38], it is imperative to investigate
patterns of digital CBT use that produce the greatest
improvements in defining appropriate use. There is also little
evidence that young users of digital CBT for depression and
anxiety are provided with adequate instructions for use. The
impact of this on young people’s treatment uptake, engagement,
response, and attitudes toward digital mental health care remains
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unknown. Poorly relayed instructions for appropriate use to
young people, their guardians, and health professionals may
contribute to poor intervention adherence in digital CBT. It is
possible that more nuanced definitions of appropriate use and
clearly delivered instructions on use could improve intervention
adherence and ultimately have beneficial effects on the
outcomes.

The resulting lack of guidance on how to operationalize and
measure adherence is an additional consequence of poorly
defined recommendations for appropriate use. Specifically, the
degree to which actual use aligns with appropriate use can only
be determined if the appropriate use is adequately defined. We
found that adherence was most often operationalized as the
degree of program completion, demonstrating a lack of
correspondence among definitions of appropriate use, which
varied widely, and operationalization of adherence. This
indicates that definitions of appropriate use are either inadequate
or not being used to operationalize adherence. This finding is
also consistent with findings in the adult literature, where
appropriate use is often undefined but nevertheless
operationalized generically as the more use, the better [31], with
significant heterogeneity in how the amount of use is measured
[29,79,80]. Our conceptualization of the appropriate use of
digital CBT is made up of 10 components (based on in-person
CBT manuals) and is therefore multidimensional. This suggests
that the measurement of adherence should be multidimensional
and nuanced enough to capture adherence to each aspect of
appropriate use. Taken together, adherence definitions and
measures that provide a meaningful indication of the extent to
which interventions are used appropriately are lacking, and
require refinement in future studies.

We found little evidence to suggest an association between
amount of use and symptom improvement. Most studies did
not examine or report a dose-response effect for the intervention
being evaluated. However, of those that did, most found no
association between use and either depression or anxiety
outcomes, regardless of the type of measure used. This finding
demonstrates that the pervasive notion of the more use, the
better is unsupported for digital CBT. A tenuous association
between use and outcomes is consistent with findings reported
in a recent meta-analysis of youth digital CBT interventions,
which found no association between adherence (measured as
the amount of use) and outcomes [25]. It is also somewhat
consistent with a review of adult literature, which found that
the association between use and depression outcomes depended
on the usage measure used [29]. The lack of association between
use and outcomes is, however, in contrast to in-person CBT
interventions, where there are clear associations between
intervention attendance and therapeutic benefits [81,82].

There are several possible explanations for the lack of
association between adherence and outcomes. First, it is possible
that measuring adherence as the degree of intervention
completion or use does not capture the complexity to which a
person may or may not adhere to various aspects of appropriate
self-administration. Specifically, current one-dimensional
measures of adherence are unlikely to quantify adherence to
other components of appropriate use that may be more critical

to intervention outcomes such as skill enactment or accessing
crisis support. However, as digital CBT has been shown to be
effective in well-controlled trials, outcomes are unlikely to be
completely unrelated to intervention use [80,83]. Another
explanation is that users simply stop using the intervention when
sufficient benefits have been obtained. This point within the
intervention would be expected to vary among individuals, so
no association between the amount of intervention use and
benefits would be evident. This notion is supported by a study
that used graphical modeling to identify a subset of users who
showed the greatest improvement in depressive and anxiety
symptoms despite spending less time in the intervention than
other groups of users [37]. Finally, some critical components
of the intervention—the active ingredients— may drive the
therapeutic response, and it is completion of these components,
rather than completion of the whole intervention per se that is
associated with outcomes. These explanations suggest that the
current narrow definitions of appropriate use as the degree of
intervention completion or use are too generic, and a more
nuanced approach to the measurement of adherence is required.

Poorly defined recommendations for appropriate use may have
several practical implications, including the reduced
effectiveness of digital CBT because of inappropriate
self-administration. Given the low uptake of evidence-based
interventions [19,20], this presents a significant missed
opportunity to improve young people’s mental health. It may
also prevent the self-selection of interventions that are best
suited to an individual’s circumstances and limit endorsement
and dissemination by mental health professionals. Currently,
there is little information in the scientific literature to guide the
development of definitions of appropriate use or the disclosure
of instructions for the use of digital CBT. In response to our
findings and to rectify poorly defined appropriate use and
generic operationalization of adherence, we developed a
framework to support the development and disclosure of
definitions of appropriate use and instructions for the
self-administration of digital CBT. The results are presented in
Table 5. It is based on the components of manualized CBT
designed to guide clinicians in delivering in-person CBT and
mapped onto definitions of intended use (the purpose of the
product), indications for use (who will be using the product and
why it will be used), and instructions for use (how to use the
product) as defined in the medical arena [84]. The use of this
framework to develop nuanced instructions for use could
optimize the therapeutic benefits of interventions. Finally, we
suggest an active evaluation of appropriate definitions and their
refinement based on the outcomes of the evaluation. For
example, a method to evaluate the extent to which the degree
of completion, duration, and frequency of use incorporated in
definitions of appropriate use produces therapeutic benefits is
to conduct a survival analysis [85,86]. Comparing instructions
for use related to degree of completion, duration, and frequency
of use with those demonstrated to produce reliable and clinically
significant reductions in symptoms, as determined by the
survival analysis, will contribute to the refinement of the
appropriate use definition. The proposed development,
evaluation, and refinement of definitions of appropriate use and
instructions for use is represented in Figure 2.
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Table 5. Framework to develop definitions of appropriate use and operationalize adherence in digital CBTa.

Example—CBT intervention
for specific phobia

Measure of adherenceDescriptionGuideline

Indications for use

For 12-16 year olds with a spe-
cific phobia, without learning
or developmental disorders

Determine who is using the
intervention

Who should use the intervention? Consider
indications and contraindications for who
should use the intervention.

Intended recipients

Specific phobia, for example,
spider phobia

Determine symptomatic
level of users

What disorder has the intervention been de-
signed to treat?

Intended target condition

Intended use

Reduce fear of spidersN/AbIdentify the specific outcomes the treatment
aims to achieve.

Therapeutic goals

Exposure hierarchyMeasure the extent to which
core components are com-
pleted

Identify intervention components that have
been empirically or theoretically demonstrat-
ed to be associated with, or to mediate, im-
proved outcomes.

Core therapeutic components
(empirical or theoretical)

Instructions for use

All modules of the intervention
should be completed

What portion of users com-
plete the required amount of
the intervention

Define how much of the intervention should
be completed.

Intended intervention completion

Exposure to spiders for 3-6
months

What portion of users en-
gage at the required frequen-
cy and duration of use

What frequency and duration of use is re-
quired to produce therapeutic outcomes?

Frequency and duration

Content should be completed
sequentially

Determine navigation
through content and the por-
tion of users engaging the
required sequence (if rele-
vant)

What pathway through the content will pro-
duce therapeutic outcomes?

Intended sequence

Approach rather than avoid the
next time when confronted with
feared object or situation

Determine the extent to
which users practice skills
as required

What enactment or practice of skills is re-
quired beyond actual intervention use to
achieve therapeutic outcomes?

Enactment of skills

Anxiety symptoms are improv-
ing, move on to the next level
of the exposure hierarchy (or
cease treatment or trigger
maintenance planning)

Determine the extent to
which users monitor symp-
toms as required (if relevant)

What level of symptom monitoring is re-
quired to produce therapeutic outcomes?
What behaviors should outcomes of symptom
monitoring produce?

Symptom monitoring

N/ADetermine the extent to
which users access crisis
support as suggested

When should users be recommended to ac-
cess crisis support and how will they access
crisis support?

Access to crisis support

Access to a clinician to con-
struct exposure hierarchy

Determine the extent to
which support is accessed
(if relevant)

Consider whether self-guidance is unlikely
to produce adequate adherence to appropriate
self-administration.

Supported use

aCBT: cognitive behavioral therapy.
bN/A: not applicable.

Figure 2. Process for defining, evaluating, and refining definitions of appropriate use and instructions for use.

JMIR Ment Health 2022 | vol. 9 | iss. 8 | e37640 | p.123https://mental.jmir.org/2022/8/e37640
(page number not for citation purposes)

Li et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


Limitations
In this review, we limited our search to CBT for depression and
anxiety, making it difficult to generalize our findings to other
interventions or mental health conditions. Future studies could
include other interventions and conditions to develop an
understanding of how appropriate use and instructions for use
have been defined and disclosed more broadly in digital health
interventions. Moreover, our data failed to account for the
possibility that appropriate use may have been defined or
instructions for use provided to participants, but not documented
in the study manuscripts or published protocols. However,
consistently generic operationalization of adherence across
studies suggests that this explanation is unlikely, and adequate
and systematic documentation of these constructs is,
nevertheless, required.

Conclusions
This review has contributed to our understanding of how
appropriate self-administration of digital CBT has been defined,
relayed to users, measured, and associated with outcomes across
various digital CBT interventions targeting depression and
anxiety in young people. Overall, there is a lack of systematic
reporting of nuanced definitions of appropriate use, and
measures of adherence rarely provide adequate information on
the degree of actual use corresponding to recommended
appropriate use. There is little evidence that the degree of
program completion or use is associated with intervention
benefits. Our findings may, in part, explain low engagement in
digital CBT; however, more work is required to better
understand engagement with digital CBT and find ways to
enhance it. A framework to assist in the development of
guidelines for the self-administration of digital CBT has been
provided.
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Abstract

Background: Levels of well-being are declining, whereas rates of mental health problems remain high in young people. The
World Health Organization defines mental health as not merely the absence of mental disorder but also includes social and
psychological well-being as integral to positive mental health, highlighting that mental health is applicable to young people with
mental health conditions and those without a diagnosis of a mental health condition. Reduced mental well-being have been
identified in studies of young people with clinical populations, as well as in populations consisting of nonclinical young people.
Self-help digital interventions can be delivered at mass at a low cost and without the need for trained input, thereby facilitating
access to support for well-being. Self-help interventions are effective in young people with mental health conditions, but systematic
reviews of such studies have been limited to randomized controlled trials, have not included reduced well-being as an inclusion
criterion, and do not consider engagement factors such as retention.

Objective: The objective of this study was to systematically review all controlled studies of digitally delivered, self-administered
interventions for young people aged 9 to 25 years, with perceived or clinically diagnosed reduced psychological well-being.
Participant retention and effectiveness of the interventions were also explored.

Methods: A systematic search of the PsycInfo, EMBASE, Cochrane, Scopus, and MEDLINE databases from inception to 2021,
reference searches of relevant papers, and gray literature was carried out for digitally controlled studies conducted with young
people with perceived or clinically diagnosed reduced well-being, aimed at improving psychological well-being. Data were
extracted to identify the effectiveness and retention rates of the interventions and the quality of the studies.

Results: Overall, 1.04% (12/1153) of studies met the inclusion criteria: 83% (10/12) of studies were randomized controlled
trials and 17% (2/12) were controlled pre-post studies. Most (6/12, 50%) studies aimed to improve symptoms of depression; 3
interventions aimed at both anxiety and depressive symptoms and 2 studies aimed at improving social functioning difficulties.
Owing to the high risk of bias across interventions and lack of similar outcome measures, a meta-analysis was not conducted.
Retention rates across studies were regarded as good, with moderate to high retention. Overall, the findings indicated that
predominantly self-administered self-help interventions improved well-being in the areas targeted by the intervention and identified
additional areas of well-being that were positively affected by interventions. Few interventions supported psychological well-being
that was different from those used by young people with a clinical diagnosis of mental illness or young people from neurodiverse
backgrounds.

Conclusions: The findings, along with the advantages of self-help interventions, highlight the need for upscaling self-help
interventions to better support vulnerable populations of young people who experience poor psychological well-being.
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Introduction

Background
Well-being is a multifaceted construct consisting of a person’s
physical, psychological, cognitive, social, and economic
well-being [1,2]. Psychological and social well-being (termed
hereon as psychological well-being) are identified as being
integral to a person’s health by the World Health Organization,
which highlights that mental health does not merely require the
absence of a mental health condition but also extends to a need
to experience positive well-being, which is inclusive of those
not living with a mental health condition. Poor well-being has
been identified in both populations of young people living with
mental health conditions and those who are not [3-6]. Indicators
of psychological well-being and mental health have been found
to be similar in youth populations, for example, relationships
with teachers, supportive families, and engaging with school
are related to good psychological well-being and mental health,
and bullying, single parent families, peer problems, and
parent-child arguments are indicators of poor psychological
well-being and mental illness [1,2,7]. Those living with a mental
health condition are more likely to experience reduced
well-being compared with those not living with a mental
disorder, but there is alarming evidence to suggest that
nonclinical youth populations also show trends toward reduced
well-being [4,8]. In light of the rising decline in psychological
well-being and increasing levels of mental illness in young
people [9,10], the efficacy and suitability of well-being
interventions that are already available for those with mental
health conditions should also be considered in young people
who experience low psychological well-being without mental
health conditions [11].

The calls for increased resources for young people with reduced
well-being may be at odds with the current state of the health
care system. Young people aged 10 to 24 years have the lowest
health care coverage compared with other age groups [12], and
service providers tend to face significant barriers to delivering
support, including issues stemming from a lack of investment,
resources, and training, resulting in decreased service-user
access and increased waiting times for child mental health
services [13,14]. The use of self-help interventions is
recommended by health care professionals for young people
with depression according to the national guidelines in the
United Kingdom [15], and increased recognition of self-help is
leading to its greater implementation within mental health care
[16]. This follows the stepped-care approach which proposes
that an individual should initially be treated with the least
intensive and least expensive intervention; for example,
self-help, which can increase at a rate proportional to the
individual’s need [17]. Considering the dearth of resources

available for psychiatry, resources available for well-being
would likely be even fewer [18]. Thus, self-help interventions
would be appropriate for young people experiencing reduced
well-being. In addition, the introduction of digital health
interventions (DHIs) could overcome the current challenges
experienced by health care systems worldwide by improving
access to care and promoting healthier populations [14], as
digitally delivered self-help enables large-scale delivery at a
low cost [19]. Furthermore, DHIs help overcome other barriers
experienced by young service users in accessing care services,
including stigma and embarrassment [20]. Digital self-help for
adolescents who prefer to be self-reliant may give them feelings
of autonomy [21,22], and concerns about stigma or
embarrassment could be reduced, as DHIs can be used privately
and anonymously [20,23,24]. The provision of DHI support is
consistent with international guidelines that recognize the value
of DHI in advancing universal health care coverage [14] and
supports the call for early well-being interventions for young
people with mild or low-level needs who would benefit from
support [25].

The recent surge in self-help DHI has resulted in an increasing
number of reviews of studies assessing their effectiveness [26].
Most of these reviews have examined guided self-help
interventions, which entail a degree of web-based or offline
guidance from a therapist rather than purely self-help
interventions. Self-help interventions, by strict definition, are
delivered without the need for any professional support through
text, audio, video, group, or individual exercises [27]. Newman
et al [28] categorized the degree of therapist involvement into
3 levels of support. The lowest level included completely
self-guided interventions, with the second level additionally
including the therapist providing rationale and instructions for
using the intervention. The third level of involvement entailed
the greatest amount of support, with the therapist actively
involved in providing therapeutic support during the
intervention. Considering the level and type of support provided
by professionals is important when trying to balance the
accessibility, adherence, and efficacy of therapy [29]. Digital
self-help interventions vary in their content, usually adapting
psychological therapy into a digital format, such as computerized
cognitive behavioral therapy (CBT) [30], and also include other
types of interventions, such as bibliotherapy [31], serious games
[32], peer-to-peer support [33], self-monitoring, and medication
adherence [34], all aimed at improving well-being in young
people. Current systematic reviews have been limited in terms
of their scope and coverage of the level of self-help support
involved, with reviews tending to focus on therapist-guided
self-help interventions in young people and in young people
with clinically diagnosed depression and anxiety [35-39].
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The only published systematic reviews to explore the efficacy
of therapist support in self-help intervention studies were by
Bennett et al [16] and Grist et al [36]. The study by Bennett et
al [16] reviewed both paper-based (eg, bibliotherapy) and digital
self-help interventions, whereas the study by Grist et al [36]
identified digitally delivered interventions only, for young
people with diagnosed mental health conditions. Both reviews
found improved outcomes in randomized controlled trials
(RCTs) with increased levels of therapist support; however, we
do not know if this would also apply to young people who may
experience reduced psychological well-being without a clinical
diagnosis of mental illness. With concerns about the impact of
the COVID-19 pandemic on young people, the use of digital
technology to support young people’s well-being has been
promoted [40,41]. Therefore, there could be an increase in the
number of interventions available for young people experiencing
reduced well-being, causing these reviews to become outdated.
Considering the narrower focus on digital interventions fitting
the 2 lower levels of support for self-guided interventions, as
proposed by Newman et al [28], increasing the search criteria
to potentially influential controlled before and after studies and
to all common mental disorders in young people, could also be
useful in identifying further relevant trials.

Objectives
The objective of this systematic review was to explore the
efficacy of predominantly self-administered digital interventions
for young people experiencing perceived reduced well-being,
whether or not they are diagnosed with a common mental
disorder. Through the focus on young people with perceived
reduced well-being, not excluding controlled pre-post studies
and the inclusion of only digital self-administered interventions,
this review will expand the scope of both studies by Bennett et
al [16] and Grist et al [36]. The level of retention of self-help
interventions will also be reported, which has not been explored
in previous studies. If effective, such interventions would not
rely on professional support or clinical diagnoses, expanding
their scope and enhancing access to well-being support for
vulnerable young people with reduced well-being.

Methods

Overview
Studies that assessed the effectiveness and acceptability of
self-help digital interventions targeting young people with
reduced well-being, with or without a diagnosis of a mental
disorder, were included in the search.

A protocol was created and registered on PROSPERO, the
International Register of Systematic Reviews (ID:
CRD42019129321). Initially, the search focused on the
neurodevelopmental conditions of tic disorders and associated
conditions. However, because of the lack of self-help digital
intervention studies for this condition and the relevance of the
literature on all common mental health conditions in youth, the
protocol was revised to apply the search criteria to all common
youth mental disorders, as well as to perceived poor
psychological well-being in the absence of a clinical diagnosis.

Types of Studies
The search was limited to publications in English because
translation was not possible. The search was intended for
quantitative studies; other study types, including qualitative
studies, reviews, commentaries, theses, and protocols, were
excluded. The study designs were required to be controlled
pre-post intervention designs to be included, but randomization
or control groups were not mandatory. Studies using secondary
data, in which the primary paper had already been included,
were removed to prevent bias.

Types of Participants

Age
Studies were included if the sample was aged between 9 and
25 years and had a mean population age of ≥18.51 years. This
ensured that all interventions were performed by young people
[16].

Conditions
To be included, the sample of young people had to be identified
by the authors of the study or identified as having perceived
reduced well-being through self-selection. Authors of the study
may have used a threshold for a well-being measure, symptom
severity or rating scales for mental conditions, or diagnosis of
a mental disorder indicative of reduced well-being. Studies in
which well-being was not measured (ie, prevention studies)
were excluded. Data from subgroups that met the
aforementioned criteria were included. Patients with physical
health conditions (eg, epilepsy, pain management, and asthma)
were excluded.

Types of Interventions
The interventions had to meet the criterion of being a digital
self-help intervention for well-being. This included both
web-based and offline digital interventions.

Studies adopting a combined design of digital and nondigital
interventions were excluded. No exclusion criteria were applied
for the type of digital delivery, length, or number of intervention
sessions.

To meet the definition of self-help, interventions should require
minimal support from a therapist [27]. Using the categories
proposed in the study by Newman et al [28], interventions
should fit the 2 lower levels of support and be completely or
predominantly self-administered. Therefore, interventions with
greater than predominantly self-administered support (ie,
therapeutic support from a trained professional) were excluded.
Interventions with support from gatekeepers or research staff
for technical assistance or overseeing the practical provision of
the intervention were included, as this did not provide
therapeutic support. Studies including automated emails or
feedback were included; however, responses containing
therapeutic feedback or guidance were excluded. Many studies
on young people have included safety checks. As safety checks
do not offer therapeutic support and are necessary for ethical
conduct, studies were not excluded based on their use.

The aim of the intervention required improving the
psychological well-being of young people, identified by an
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outcome measure that pertained to a respective measure of
well-being.

Types of Outcome Measures
The primary outcome of interest was psychological well-being.
Studies that did not measure changes in well-being (ie, pre-post
intervention) were excluded, as this would not allow the
assessment of the effectiveness of the intervention.

The outcome measures used in each study were documented to
explore how psychological well-being was measured. In defining
psychological well-being this study used the 2 domains of
psychological and social well-being, as they are areas of
functioning greatly affected when young people have a mental
health condition which presents with psychological symptoms.
The study by Pollard and Lee [42] documented indicators of
psychosocial domains of well-being, including aggression,
anxiety, emotional problems, loneliness, psychological distress,
coping, fulfillment, happiness, purpose in life, and self-esteem.
Indicators of social well-being included antisocial behavior,
negative life events, peer problems, troubled home relationships,
prosocial behaviors, quality of life, relationships with peers,
social skills, and support. For a full list of indicators, refer to
the study by Pollard and Lee [42]. The secondary outcomes of
the effectiveness and trial retention were also recorded.

Search Methods

Overview
The search strategy covered the following constructs: (1) young
people, (2) mental health conditions, (3) modes of digital
intervention and delivery, and (4) self-help (Multimedia
Appendix 1). These constructs were searched using the “AND”
Boolean term, meaning papers had to meet each of the above
constructs to be returned by the database. Each concept included
wide-reaching terms, aiming to capture as much literature as
possible. Furthermore, terms were adapted depending on the
relevant subject headings or Medical Subject Headings terms

to include plurals, singular words, and different spellings of the
words.

Electronic Searches
Five bibliographic databases (PsycInfo, Embase, Cochrane,
Scopus, and MEDLINE) were electronically searched for
relevant articles from the conception of the database until
September 24, 2021, when the search was conducted. An
example of the search strategy is presented in Multimedia
Appendix 2.

Other Searches
Reference lists of relevant systematic reviews (Multimedia
Appendix 3 [16,21,31,32,34,35,37,39,43-45]) were hand
searched by CMB and imported into EndNote (Clarivate) with
other references. The OpenGray database was searched to
identify any relevant gray literature.

Data Synthesis

Selection of Studies
All references were imported into EndNote X9, and duplicate
references were removed. CMB and EBD screened the
references based on the title, excluding references that did not
fit the inclusion criteria and documenting reasoning in the
flowchart shown in Figure 1. This process was repeated based
on abstracts and full papers. During full-paper screening, all
remaining articles were reviewed by both CMB and EBD. The
authors were contacted when more information was required
to indicate inclusion or exclusion. Disagreements were resolved
through discussions between CMB and EBD.

Full-text articles were screened according to eligibility criteria.
Overall, 20.6% (26/126) of the relevant full-text articles were
independently screened by the authors GMJ and EN to check
for agreement. This systematic review used the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) statement to ensure transparent and
comprehensive reporting [46].
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Figure 1. Flowchart of studies in line with PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines.

Data Extraction and Management
Data extraction of papers meeting the inclusion criteria was
extracted into RevMan (version 5.3) by CMB. Data extracted
included sample characteristics (age range, total number, gender,
and inclusion criteria), trial retention (by noting the number of
participants retained based on those completing outcome
measures after the intervention and at follow-up and weighting
this by sample size) and intervention retention (ie, the percentage
of participants who completed the intervention), study design,
intervention and comparison intervention details (aim, length,
number of sessions, components of intervention, professional
contact, and delivery method), outcomes measured, and when
these were measured; key findings (including means, SDs, CIs,
and P values) were taken from each study and placed into a
summary of findings table.

Assessment of Risk of Bias
The risk of bias for each study was assessed by CMB using the
Cochrane Collaboration tool [47], which covers 6 domains of
bias including selection bias, performance bias, detection bias,
attrition bias, reporting bias, and other biases. Disagreements
were discussed with EN and GMJ and resolved by consensus.
Experimenter bias was assessed as a source of bias. This tool
was developed for RCT studies, but for this review, the tool
was also used in controlled pre-post studies, with adaptations
to the tool suggested in previous protocols [48]. CMB made
judgments on the risk of bias, including a supporting quote from
the text when possible, and if unknown, it should be stated. The
attribution of low risk means that the bias was unlikely to have
caused an effect on the findings, and high risk suggests that bias
may have had a significant effect on the findings. No
publications were excluded based on quality because a
meta-analysis was not performed on the data. Studies with high
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bias were given less weighting when applying the findings to
narrative synthesis.

Results

Study Selection
In total, 1153 studies were returned from the search, of which
63 (5.46%) were duplicates and were removed. Subsequently,
of 1153 studies, 942 (81.7%) were screened by title: 618 (53.6%)
were excluded based on title, 178 (15.44%) were excluded based
on abstract, and 114 (9.89%) were excluded based on screening
of full texts, leaving 12 (1.04%) papers included in the review.
The reason for exclusion at each stage was documented, and
the flow diagram is shown in Figure 1.

Study Characteristics
Table 1 summarizes the study designs for all studies. In all, 10
studies were RCTs and 2 were controlled pre-post intervention
studies, all published between 2006 and 2020. The sample size
of young people with reduced well-being at baseline ranged
from 23 to 240 (mean 107). Studies were categorized according
to the primary aim of the interventions, which included

improving depression, depression and anxiety, and social
functioning. Half of the studies (6/12, 50%) aimed to improve
symptoms of depression in young people experiencing
depression and used 3 different interventions: SPARX [49-51],
The Journey [52], and MoodGYM [53,54]. Three interventions,
Mobiletype, Stressbusters, and Shamiri-Digital were aimed at
both anxiety and depression; Shamiri-Digital and Mobiletype
were explored in one study [55,56]. Mobiletype aimed to
improve levels of anxiety, depression, and stress in young people
showing elevated depression [56], and Shamiri-Digital was a
universal intervention aimed at improving anxiety and
depression [55]. Stressbusters aimed to improve anxiety and
depression in young people experiencing low mood and
depression, as assessed in 2 studies [57,58]. The final 2 studies
explored social functioning difficulties with an intervention on
blogging about social difficulties for a group of young people
scoring below average on peer relationships [59] and a cognitive
bias modification training (CBMT) intervention for participants
scoring above the cutoff for social phobia [60]. The studies were
conducted in Israel (n=1), New Zealand (n=3), Australia (n=2),
the Netherlands (n=2), Norway (n=1), Kenya (n=1), and the
United Kingdom (n=2).
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Table 1. Summary of included studies, including sample age, study design, outcomes and key findings, and average age calculated as mean weighted
by sample size.

Key findingsDelivery
method; de-
sign

Intervention components;
control components

SampleAim and authors;
intervention
name

Inclusion criteriaPartici-
pants
(males);
age range
(mean)

Depression

PC; RCTdCBTc, psychoeducation, re-
laxation skills, problem-

>30 on CDRS-RbN=187
(64); 12-19
(15.6)

Merry et al

[50]; SPARXa
• SPARX group showed improvements on the

CDRS-R (Cohen d=−0.293; P=.08) and sig-

nificant improvements on MFQe [61]solving, activity scheduling,
(P=.03), hopelessness (K-10; P=.04), andchallenging and replacing

anxiety (SCASf 0.075); maintained at follow-negative thinking, and social
skills (n=104); treatment as
usual (n=83)

up
• SPARX would be recommended and felt it

had appeal

PC; RCTCBT, psychoeducation, re-
laxation skills, problem-

>30 on CDRS-RN=32 (18);
13-16
(14.9)

Fleming et al
[49]; SPARX

• SPARX showed significant improvements
for depression (CDRS-R: F=18.11; P<.001;

RADSh: F=4.13; P=.05)solving, activity scheduling,
challenging and replacing • SPARX may be effective in treating students

in special education services with minimalnegative thinking, and social

skills (n=20); WLg (n=12) symptoms of depression and anxiety for de-
pression

• No differences found at follow-up

PC; RCTCBT, psychoeducation, re-
laxation skills, problem-

>59 on RCADSiN=208 (0);
11-16
(13.4)

Poppelaars et
al [51];
SPARX

• Significant reductions in RADS across
groups with a medium effect to the 1-year
follow-upsolving, activity scheduling,

challenging and replacing • No significant differences between groups
for SPARX (Cohen d=−0.283; P=.11), CBT,negative thinking, and social

skills; CBT program (n=50); or control
SPARX+CBT program

(n=56); MCj (n=51)

PC; RCTCBT, linking thoughts and
actions to feelings, behav-

>30 on CDRS-R
or >76 on RADS-
2

N=34 (20);
13-18
(15.2)

Stasiak et al
[52]; The
Journey

• Significant improvement for The Journey
depression ratings (CDRS-R: Cohen
d=−0.532; P=.001) and problem-solving
(Adolescent Coping Scale-Short [62])

ioral activation, pleasant ac-
tivity scheduling, problem-
solving and conflict resolu- • Nonsignificant reductions found in the

RADS for depression and quality of lifetion, cognitive restructuring,
challenging unhelpful (Pediatric Quality of Life Enjoyment and
thoughts, thought stopping, Satisfaction Questionnaire [63])
relaxation techniques and, • Suggests short-term efficacy and good adher-

encerelapse prevention (n=17);

ACk (n=17) • Secondary measures rarely met significance

Web; pre-postCBT, Information, relax-
ation, problem-solving, dys-

>16 on the CES-

Dn
N=23/78l

(23); 15-16

(—m)

O'Kearney et
al [54];
MoodGYM

• Reduction of depression vulnerability after
treatment for participants at risk compared
with control group (CES-D: Cohen d=0.042;
P=.87 and The Revised Children’s Attribu-

functional thoughts, nega-
tive thinking, assesses self-

tional Style Questionnaire)esteem, cognitive restructur-
ing, assertiveness, and cop- • Reductions maintained at follow-up com-

pared with before the interventioning with relationships
(n=23); AC (n=24) • Small sample size, so caution is noted
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Key findingsDelivery
method; de-
sign

Intervention components;
control components

SampleAim and authors;
intervention
name

Inclusion criteriaPartici-
pants
(males);
age range
(mean)

• Participants with elevated depression (CES-
D) did not show increased self-esteem (Nor-
wegian version of the General Self-Efficacy
Scale [64]) or reduced risk of depression
(CES-D: P=.36)

• High attrition and adherence problems

Web; RCTCBT, Information, relax-
ation, problem-solving, dys-
functional thoughts, nega-
tive thinking, assesses self-
esteem, cognitive restructur-
ing, assertiveness, and cop-
ing with relationships;
MoodGYM without re-
minders (n=176);
MoodGYM with reminders
(n=176); MoodGYM with
tailored reminders (n=175);
WL (n=180)

>16 on the CES-
D

N=198/1337
(—); 15-20

(16.8)l

Lillevoll et al
[53];
MoodGYM

Anxiety and depression

• The intervention group showed a main effect
of time on the Emotional Self-Awareness
Scale compared with attentional control. A
significant effect of time was found at 6-
week follow-up.

• The sample as a whole showed a decrease in
mood-related scores for the Depression
Anxiety Stress Scale [66], which may have
been because of 91% of the sample receiving
a pathways to care before the intervention in
their pretest medical review.

Mobile; RCTPrompted to complete an
entry on current activity; a
beep emitted from the phone
at random intervals with a
reminder beep 5 minutes
later; stress and mood 4
times a day; alcohol, drug
use, sleep, diet, and exercise
once a day (n=69); AC
(n=49)

Mild or severe
mental health in-
dicated by a gen-
eral practitioner
or >16 on The
Kazdin hopeless-
ness scale for
children [65].

N=118
(32); 14-24
(18.1)

Reid et al
[56]; Mobile-
type

• Nonsignificant MFQ reduction scores for
Stressbusters (Cohen d=−0.172; nonsignifi-
cant), which plateaued after the first 4 ses-
sions

• Nonsignificant increase in MFQ seen in the
control group

• No significant differences at the 4-month
follow-up (Beck Depression Inventory,
SCAS, or MFQ)

PC; RCTGoal-setting, getting activat-
ed, emotional recognition,
noticing thoughts, thought
challenging, problem-solv-
ing, improving social skills,
and relapse prevention
(n=46); AC (n=45)

>20 on the MFQN=91 (31);
12-18
(15.4)

Wright et al
[57]; Stress-
busters

• Stressbusters showed significant decrease in
MFQ (Cohen d=0.097; P=.001) and Screen-
ing for Child Anxiety Related Emotional
Disorders [67] for self-rated and parent-rated
scores, compared with the control

• Attainment was significantly improved for
Stressbusters

PC; RCTGoal-setting, getting activat-
ed, emotional recognition,
noticing thoughts, thought
challenging, problem-solv-
ing, improving social skills,
and relapse prevention
(n=55) WL (n=57)

>20 on the MFQ-
C

N=112
(—); 12-16
(—)

Smith et al
[58]; Stress-
busters

• A significant time×condition effect was
found, suggesting greater reductions in those
with depressive symptoms from baseline to
follow-up (2 weeks) than those in the control
group. A significant time effect was found
for those with elevated anxiety; showed de-
clines, regardless of group

• For both the elevated depression and anxiety
group, changes surpassed the reliable-change
index suggesting they met the standard for
clinically reliable change

PC; RCTGrowth mindset, gratitude,
and value or virtue affirma-
tion (n=28; n=24); AC
(n=28; n=25)

>10 on the Pa-
tient Health
Questionnaire-8
[68]; >10 on
Generalized Anx-
iety Disorder-7

N=56/103;
N=49/103;
13-18 (—)

Osborn et al
[55]; Shamiri-
Digital

Social functioning
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Key findingsDelivery
method; de-
sign

Intervention components;
control components

SampleAim and authors;
intervention
name

Inclusion criteriaPartici-
pants
(males);
age range
(mean)

• Blogging about social-emotional difficulties
improved writer’s social-emotional condition
(ratings by independent judges on the Judg-
ment of social-emotional condition)

• Improvements in the Rosenberg Self-Esteem
Scale [69] (Cohen d=0.211; P=.001), Inter-
personal Activities Checklist, and Index of
Peer Relationship [70] compared with other
blogging groups

• Social-emotional difficulty blogs open to
public responses had improved judge-rated
outcomes

• Findings remained stable at the 2-month
follow-up

Web; pre-postBlogging about social diffi-
culties in open response
blog; blogging about social
difficulties (closed respons-
es; n=27); blogging about
social difficulties (open re-
sponses; n=26); blogging
about general subjects (open
responses; n=28); blogging
about general subjects
(closed responses; n=27);
writing a private diary about
social difficulties (n=26);
MC (n=27)

Scored lower on
SD of index of
peer relationship;
interested in
starting a blog

N=161
(37); 14-17
(15.5)

Boniel-Nissim
and Barak
[59]; Blogging

• CBMT showed greatest improvements (Sin-
gle Target Implicit Association Test, Adoles-
cent Interpretation and Belief Questionnaire)

• CBT and CBMT showed significant improve-
ments after the test for social RCADS (Co-
hen d=0.051; P=.001) and test anxiety
(Spielberger Test Anxiety Inventory [71]),
significantly stronger for the CBT group

• Follow-up scores suggest effects remained
at 12 months, with Cognitive Bias Modifica-
tion showing lower negative associations
than other groups

Web; RCTAttentional bias modifica-
tion tasks, strengthening the
association between social-
evaluative situations and
positive outcomes, enhanc-
ing implicit self-esteem
(n=86); AC (n=84); MC
(n=70)

>10 RCADS so-
cial phobia;
(girls)>9 (boys)

N=240
(66); 13-15
(14.1)

Sportel et al

[60]; CBMTo

aSPARX: Smart, Positive, Active, Realistic, X-factor thoughts [50].
bCDRS-R: The Children’s Depression Rating Scale-revised [72].
cCBT: cognitive behavioral therapy.
dRCT: randomized controlled trial.
eMFQ: Moods and Feelings Questionnaire [61].
fSCAS: Spence Children’s Anxiety Scale [73].
gWL: wait-list.
hRADS: Reynolds Adolescent Depression Scale [74].
iRCADS: Revised Child Anxiety and Depression Scale [75].
jMC: monitoring control.
kAC: attentional control.
lSubgroup analysis: numbers are presented so that one can see how many of the same were included in the subgroup analysis.
mMissing data.
nCES-D: Centre for Epidemiological Studies Depression Scale [76].
oCBMT: cognitive bias modification training [60].

Descriptions of Interventions
In total, this review found papers on 8 different interventions
(SPARX, The Journey, MoodGYM, Mobiletype, Shamiri-Digital,
Stressbusters, blogging, and CBMT) delivered by mobile
phones, the internet, and computers; see Table 1 for an overview
of the interventions and their components. Of the 3 interventions
that were freely available, 2 (67%) could be used worldwide
(blogging and Shamiri-Digital), and 1 (33%) was restricted to
those living in the country where it was developed (SPARX). A

more detailed description of the content of the interventions is
provided in Multimedia Appendix 4 [49,50,52-60]. One of the
interventions required an annual fee (not required by participants
in this study; MoodGYM), and 4 of the interventions were
available only through research institutes (Mobiletype,
Stressbusters, CBMT, and The Journey). Professional contact
during these self-help interventions was mostly classroom
supervision, whereas young people completed the task and site
visits to check safety concerns. The length of interventions
varied from 1 to 28 sessions, with the duration of sessions
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ranging between 3 and 60 minutes. All studies had a follow-up,
with the shortest being 4 weeks and the longest at 12 months.
All the studies had a control intervention, as shown in Table 1.

Outcome Measures
Outcome measures, both primary and associated, across
interventions were highly heterogenous, with a variety of scales
used to assess clinical symptoms or psychological and social
well-being. The most commonly used outcome measures across
the included studies reflected 2 mental health conditions: anxiety
and depression. The most commonly used scale was the Revised
Child Anxiety and Depression Scale, which was included across
4 of the 6 studies aimed at improving depression [49-52]. A
total of 3 studies used the Mood and Feelings Questionnaire
[50,57,58], the Children’s Depression Rating Scale-revised
[49,50,54], and Spence Children’s Anxiety Scale [49,50,57],
and 2 studies used the Center for Epidemiological Studies
Depression Scale [53,54] across interventions aimed at
depression and anxiety and depression. Furthermore, outside
of measures of anxiety and depression, the Pediatric Quality of
Life Enjoyment and Satisfaction Questionnaire, a measure of
quality of life, was used by 3 interventions for improving
depression [49,50,52]. The Rosenberg Self-Esteem Scale, a
measure of self-esteem, was used in 3 separate studies for
interventions aimed at improving anxiety and depression and
social functioning [53,54,59], and the Adolescent Coping
Scale-Short to rate coping was used in interventions for both
depression and anxiety interventions [52,56]. In total, there were
36 different types of outcome measures, 28 of which were used
only by individual studies.

Owing to a few studies using the same or similar outcome
measures (ie, across all interventions, 3 studies had no
depression outcomes and those that did measure depression
used a variety of scales), 2 studies reporting on the same data
set, skewed data, and moderate to high levels of potential bias
across the studies, it was decided that conducting a meta-analysis
would not reflect the data appropriately, and thus, a
meta-analysis was not undertaken.

Characteristics of Participants
In total there were 1460 participants, ranging from 11 to 24
years, with a mean average of 15.4 years (for a given average
age, weighted by sample size). On starting the intervention, a
clinical threshold on a questionnaire for anxiety or mood
disorder was used by nearly all the studies other than the study
by Boniel-Nissim and Barak [59], who used an index of peer
relationships, that is, a well-being measure rather than a clinical
measure. Subgroup analyses from 3 studies with school-based
populations showed elevated scores for depression symptoms
[53,54] and one with elevated anxiety and depression [55].

Risk of Bias Within and Between Studies
Of the 7 standard quality criteria, 7 studies met 4 or more of the
7 criteria, deeming them to have moderate to low risk of bias
[50,52,53,55,56,59,60]. No studies met 6 or more standard
quality criteria. Of the remaining studies meeting less than half
of the criteria, 4 studies met 3 of the criteria [49,51,57,58], and
the study by O’Kearney et al [54] only met 1 of the criteria.
Most studies (10/12, 83%) applied adequate random sequence
allocation, which is expected to create comparable groups
through randomization that could be replicated. Fewer studies
(6/12, 50%) applied group allocation without any prior
knowledge of the participants, which increased the risk of groups
being selected for or against using an intervention. There was
a similarly high risk of performance bias, where participants
were not blind to the intervention (7/12, 58%). Less than half
of the studies used blinded outcome assessors (7/12, 58%),
leading to potential detection bias. A total of 3 studies published
a protocol that was available on the web before publishing their
papers; therefore, there was insufficient information to detect
reporting bias. Attrition bias was of higher quality across studies,
with most studies reporting the flow of participants throughout
the process (10/12, 83%). In other biases the highest risk was
found, as almost all the studies displayed experimenter bias,
whereby the intervention developer was the author of the study
(11/12, 92%).

Trial retention varied from a very high score of 100% to a very
low score of 10.4% (Table 2). Similar variations were seen in
intervention retention scores, from 100% of the sample reported
to have completed the full intervention to 0.04% completing all
modules of the intervention. Outlier analysis indicated that the
very low scores obtained in the study by Lillevoll et al [53]
were outliers in an outlier analysis based on postintervention
trial retention (95% CI 53-115). Not including the study by
Lillevoll et al [53], across studies of a total of 1256 participants,
1071 were retained giving an average trial retention of 85.2%.
At follow-up, for the studies who provided the information, the
range of retention varied from 57.9% to 100%. Of the 3
school-based populations using a universal intervention, with
pooled subgroup analysis, 2 (67%) showed trial and intervention
retention rates at the lower end of the scale [53,54], whereas 1
(33%) showed the highest trial retention, retaining all young
people who had elevated depression throughout the follow-up
[55]. The CBMT also showed low levels of intervention
retention [60]. One study did not provide sufficient details to
calculate intervention retention [59]. Looking at trial retention
compared with intervention retention within trials, the rates had
an average difference of 12.4 %.
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Table 2. A table of the numbers and percentages of participants enrolled in the studies at baseline, poststudy, and follow-up to display rates of retention,
in descending order, with an amount of professional contact. Percentages for participants retained were calculated by taking the total number of participants
at baseline and dividing it by the participants at poststudy or follow-up. These scores were used to calculate the overall mean and median percentages.

Intervention reten-
tion (%)

Trial retention, n (%)Participants at
baseline, n

Professional contactAuthor

Follow-upAfter the intervention

10056 (100)56 (100)56Shamiri-digital was completed in classrooms
over 1 session, where teachers supervised.

Osborn et al [55]a

6925 (78.1)31 (96.8)32During class time under minimal supervision
from school staff. Weekly check-ins from
researcher for safety checks and practical
support.

Fleming et al [49]

93 (self-report)159 (76.5)201 (96.6)208Completed at home.Poppelaars et al [51]

60168 (89.8)170 (90.9)187Safety checks at all time points plus an addi-
tional check at 1 month.

Merry et al [50]

8699 (88.4)100 (89.2)112Study information given by a clinical psychol-
ogist before enrollment. Stressbusters com-
pleted at school in an assigned room.

Smith et al [58]

8225 (73.5)30 (88.2)34School counselors instructed to give practical
support. Therapeutic support provided only
if requested from young people. Completed
in the counselor’s office.

Stasiak et al [52]

42139 (57.9) 200 (83)240Weekly emails with links to complete cogni-
tive bias modification training and a reminder
if not completed.

Sportel et al [60]

——b 124 (78)161Email checks conducted for diary entries.Boniel-Nissim and
Barak [59]

52.986 (76.7) 87 (77.6)112High-risk alert activated by psychologist if a
young person indicated suicide or self-harm;
young person’s community team informed.

Reid et al [56]

40 (half or more
modules)

 18 (72) 17 (73.9)23Completed at school during tutor period un-
der teacher supervision. Researchers attended
the first session to check successful log-in.

O’Kearney et al [54]a

70No follow-up
data

 55 (60.4)91Practical support to accessing Stressbusters
from researchers.

Wright et al [57]

0.04No follow-up
data

19 (10.4)198Automated email reminders of level of
MoodGYM use (tailored email group not in-
cluded).

Lillevoll et al [53]a

aStudies using subgroup analysis data only and not the original sample number.
bData not available.

Self-help Interventions for Depression or Depressive
Symptoms
Of the 3 interventions for depression, SPARX and The Journey
were delivered by an offline computer program, and MoodGYM
was accessed through the internet. All the interventions consisted
of key components of CBT, which included cognitive
restructuring, problem-solving, relaxation training, social and
communication training, and practice. Other components
involved in the interventions included psychoeducation (SPARX
and MoodGYM) or explicit homework tasks to reflect on learned
skills and apply them to real life (SPARX).

Self-help interventions aimed at depressive symptoms for young
people showing that symptoms of depression were effective
when using fantasy-world games: The Journey and SPARX
[49-52]. These programs were found to reduce depression after

the intervention, and improvements were maintained at the
3-month [50] and 1-year follow-up [51]. Furthermore, of these
4 studies, at least 88% of their participants completed
postintervention outcome measures and 73% completed
follow-up.

Other self-help intervention studies aimed at reducing depressive
symptoms have used MoodGYM, a traditional linear-style
approach of computerized CBT [53,54]. O’Kearney et al [54]
found risk and vulnerability reduction for depression after the
intervention and at follow-up. These findings were not supported
by the study by Lillevoll et al [53], whose sample had high
attrition rates of nearly 70% and reported no significant changes,
likely because of loss of power. Although the study by
O’Kearney et al [54] did show trends toward improvement in
depressive symptoms, both studies had small final sample sizes
and showed a high risk of bias.
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Self-help Interventions for Depression and Anxiety
Three interventions were found for anxiety and depression:
Mobiletype [56], Shamiri-Digital [55], and Stressbusters [57,58].
Mobiletype is delivered through a mobile phone using an app
that self-monitors to indicate to general practitioners and patients
whether there is a need for greater intervention. The results
suggest that the use of self-monitoring for young people with
depression and anxiety symptoms improves emotional
self-awareness. These results are promising given that the
control intervention was an attentional control similar to the
intervention, and the study scored highly for a low risk of bias.
Furthermore, retention rates in the trial were good considering
that this intervention was relatively demanding, requiring
participants to make entries 5 times a day over 2 to 4 weeks,
with results being maintained at the 6-week follow-up.

Shamiri-Digital is delivered through a web browser via a PC
and includes a single component which aims to be brief and
requires minimal training to deliver. The intervention involves
components related to well-being rather than clinical
components, such as growth mindset, gratitude, and value
affirmations. The results are promising as the attentional control
mirrored the structure and was similar to the Shamiri
intervention but focused on note-taking and effective study. In
addition, retention in the trial was very successful, as all
participants completed the trial and a 2-week follow-up. This
study showed a fairly low risk of bias, with a high risk only
seen in selective reporting and the use of intervention developers
evaluating the program.

Stressbusters is a CBT-based offline computer intervention that
uses a traditional linear-style approach to teach how to recognize
and challenge emotions and thoughts. A total of 2 studies
showed a reduction in scores for anxiety and depression after
the intervention and at the 4- and 6-month follow-up; however,
in the study by Wright et al [57], this was not significant
compared with the control group, who also showed
improvement. Furthermore, there was nearly a 30% difference
between the rates of attrition for both studies with the study by
Wright et al [57] having 60.4% remaining in their sample at
follow-up, compared with 89.2% for the study by Smith et al
[58]. Finally, both studies scored poorly with a high or unknown
risk of bias across the 4 criteria for each study, in particular,
relating to allocation concealment, blinding of participants and
researchers, and a lack of independent researchers conducting
the research.

Social Functioning
Boniel-Nissim and Barak [59] found improved outcomes when
blogging about social difficulties and greater improvements
when the blog was open to peers to respond to measures of
social-emotional distress and social behavior. These findings
were retained at the follow-up and showed a low risk of bias.
The study by Sportel et al [60] used CBMT to modify the
negative interpretations of people with social anxiety. This
intervention reduced the negative associations for up to 12
months after the intervention. Although the CBT control group
showed greater improvements than the CBMT group, the CBMT
group showed greater improvements compared with the no

intervention control group. A low risk of bias was also
associated with this intervention.

Well-being Outcomes Not Related to the Initial Aim
of the Intervention
Across studies, the reported effects were not always limited to
those associated with the main aim of the intervention. Of the
2 studies exploring SPARX for depression, one study found
improvements in scales for hopelessness and anxiety, alongside
improvements in depression scales [50]. The Journey succeeded
in improving depression scores while also showing
improvements in problem-solving skills for coping [52]. As
anticipated, one of the MoodGYM studies showed patterns
toward improvements in depression and vulnerability to
depression but also found improved self-esteem and attitudes
toward depression, although none of these reached significance
[54], and this was not matched by the other MoodGYM study
[53]. In Mobiletype users, although a significant increase in
depression and anxiety was not found, a general trend toward
improvement was noted, and a significant increase in emotional
self-awareness compared with control groups was shown [53].
In the study by Smith et al [58] on Stressbusters, a significant
increase in school attendance was also seen alongside
improvements in anxiety and depression scores. Blogging about
social difficulties improved outcomes in social dimensions such
as social-emotional distress and engagement in social behaviors
and self-esteem [59]. The CBMT group showed improvements
in implicit associations and social interpretations over the other
groups. Both the CBMT and CBT groups showed reductions
in social phobia and test anxiety [60].

Discussion

Summary of Evidence
This review examined the effectiveness of self-help interventions
aimed at improving psychological well-being in young people
with low psychological well-being, identified through
self-selection of perceived poor well-being, clinical diagnosis
of anxiety or mood disorders, or meeting a threshold suggestive
of mental health symptoms. A total of 12 studies met the search
criteria, 10 (83%) of which were RCTs and 2 (17%) were
controlled pre-post studies. Most interventions [49-52,56-58]
were aimed at young people who showed elevated symptoms
indicative of depressive or mood disorders on a symptom rating
scale, including interventions aimed at both anxiety and
depression. One study focused on those displaying elevated
symptoms of anxiety using anxiety symptom rating scales [60],
and the other included young people who scored below average
within the sample on a social functioning scale [59]. This was
the only study to use a measure of well-being which was not
also a clinical measure, that is, depression or anxiety. A total
of 3 studies were universal interventions for school-based
populations, with subgroup analysis of young people showing
elevated depression [53,54] and anxiety and depression [55].
No studies included young people who had self-perceived
reduced well-being or a diagnosis of a mental health condition
as inclusion criteria. Overall, the narrative evaluation indicated
that predominately or entirely self-administered self-help
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interventions improved psychological well-being in the areas
intended for intervention.

The results also highlighted that such interventions can lead to
improvements in other areas associated with psychological
well-being, such as self-esteem, emotional self-awareness, and
problem-solving skills, which had not been the primary outcome
of the intervention. The studies indicated reasonable levels of
trial retention, with over three-fourths of participants being
retained after the intervention for 9 of the 12 studies and at
follow-up for half of the studies. Furthermore, the intervention
retention levels were promising, as they suggested that young
people completed over half of the intervention. Although the
relationship between trial retention (ie, completing all outcome
measures of a trial) and intervention retention (ie, completing
all intervention modules) is not the same, the results seem to
support the notion that intervention and trial retention follow a
similar relationship in terms of indicating the level of young
people’s engagement [77].

Most of the included studies provided sufficient details to
calculate trial (12/12, 100%) and intervention retention rates
(11/12, 92%). Often, these data were not readily available, and
sometimes this was not available at all for follow-up data (11/12,
92%), even though participant flowcharts are recommended for
transparent reporting of RCTs [78]. For example, a participant
may be regarded as a “completer,” because they completed all
the questionnaires in the study, but this does not ascertain
whether they completed all the modules or active time spent in
the intervention. Trial settings are believed to consist of push
factors that influence attrition rates, with more open or
pragmatic trials tending to have greater dropout [77]. A sample
in the study by Lillevoll et al [53] showed notably reduced
adherence compared with other studies, possibly as a result of
running a trial in a more naturalistic setting. Therefore, it is
highly recommended that future interventions, studies, and
systematic reviews provide details on both intervention and trial
retention. Nonetheless, the findings presented here suggest that
young people engage well in self-help intervention trials.

The greatest promise for self-help digital interventions seemed
to be CBT-based fantasy-style games (eg, SPARX and The
Journey) for reducing symptoms of depression, which
demonstrated good trial retention and follow-up rates, whereas
traditional linear-style interventions showed greater variation
in improvement (eg, MoodGYM). Interventions used by young
people with anxiety and depressive symptomatology showed
general improvements in well-being, with mood monitoring
(Mobiletype) leading to the maintenance of increased emotional
self-awareness at follow-up. This was similar for linear-style
interventions with one of the Stressbusters studies and the
Shamiri-Digital trial, reaching significance for reductions in
depressive symptoms. Finally, interventions aimed at improving
social functioning were effective after the intervention and
remained significantly so at follow-up for the blogging group.
Some of the seemingly less complex interventions
(Shamiri-Digital and blogging) are freely available and open
source, which could present interventions that are truly
accessible to young people, raising an important point about
the need for available and effective interventions. Previous
reviews have suggested that the use of guidance within self-help

interventions improves the magnitude of the effect [16,79], but
these findings suggest that stand-alone interventions can support
young people with elevated symptoms or social functioning
difficulties without the need for therapist assistance.
Self-administered therapies have major advantages to guided
self-help because of their scalability, although not necessitating
further demands from already overburdened services, including
cost, location, and trained professionals [80,81].

A meta-analysis of the studies included in this report was not
deemed appropriate because of a lack of high-quality studies,
as nearly half of the papers met less than half of the quality
criteria required to protect against biases. Notably, 92% (11/12)
of studies demonstrated experimenter bias, and only 8% (1/12)
of studies were identified as having a low risk of bias for
selective reporting. Conducting a meta-analysis with biased
data can lead to misleading conclusions [82]. For example,
inappropriate concealment of participant allocation or selection
bias, as found in more than half of the studies included in this
review, can lead to 30% overestimation of the treatment effect
[83]. Although there is a need for more high-quality assessments
of self-help interventions, the time frame around running an
empirical study against the delivery time of commercial
interventions makes this difficult. As of March 2021, there are
53,979 and 53,054 medical health apps available in the Apple
App Store and Google Play, respectively, which have shown
increases of 4.86% and 6.51%, respectively, since the last
quarter of 2020 [84,85]. In light of the long time it takes to
complete and publish RCTs, it is unrealistic for researchers to
complete controlled assessments of interventions with the
unprecedented rate of growth of apps and digital technology
development [34,86]. Consequently, the use of RCTs to assess
research has been questioned, with iterative approaches to
development proposing that RCTs should be used only to assess
the overall functionality of an intervention or its theoretical
basis rather than for minor intervention modifications [86,87].
For these reasons, this review recommends conducting higher
quality controlled before and after studies that do not overlook
the bias criteria. This suggestion also meets the National Institute
for Health and Care Excellence best practice standards for
self-management of DHIs, requiring high-quality studies with
a comparison group [88]. One crucial method to improve quality
calls for researchers outside the developing group of
interventions to carry out controlled trials to minimize
experimenter bias. Furthermore, the inclusion of non-RCT
studies in future systematic reviews will enable the evaluation
of the most recent interventions to provide a comprehensive
overview of whether self-help interventions can effectively
support young people with mental disorders.

Despite a broad literature search, most trials were interested in
young people with clinical symptoms rather than reduced
psychological well-being, which was also mirrored in the
outcomes of the trials. This highlights the lack of recognition
of the importance of well-being in achieving positive mental
health outcomes. In contrast, self-help interventions were fairly
narrowly aimed at young people with mood, anxiety, or social
difficulties, and none were found for other underexplored
disorders such as neurodevelopmental, obsessive-compulsive,
sleep, eating, and anger conditions. Those living with such
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conditions would likely benefit from self-help interventions to
support well-being difficulties related to the clinical
symptomology of their diagnosis or because of living with their
condition [4]. As mentioned earlier, this review calls for higher
quality-controlled studies on self-help interventions with
populations of young people with such disorders and includes
measures of psychological well-being in the sample criteria and
outcome measures. Nevertheless, considering the findings of
Bennett et al [16], parent-involved self-help interventions may
be more useful than predominantly self-administered
interventions; the inclusion of parental involvement alongside
self-help interventions may overcome some of the
aforementioned barriers to interventions while retaining young
person engagement, compliance, and increasing the effectiveness
of the intervention. This is in line with evidence that
parent-involved multimedia and bibliotherapy interventions are
as beneficial for behavioral disorders as therapist-led
interventions in the long term [89] and that parent involvement
within CBT interventions is effective for adolescent anxiety
disorders [90]. This area of research warrants further
investigation as the digital delivery of parent training could
facilitate access to these interventions.

Limitations
This review had several limitations. A small number of studies
matched the inclusion criteria, and only 1 intervention was tested
with those experiencing reduced psychological well-being
outside of clinically diagnosed illnesses (ie, anxiety and
depression). This could be because of the specific focus on
psychological and social well-being, not including outcome
measures related to the cognitive, economic, and physical
domains of well-being [42]. Although the authors recognize
that these domains relate to and are important aspects of a young
person’s well-being, psychological and social functioning were
felt to be the most impaired when living with perceived reduced
well-being or a diagnosed mental health condition, and
identifying interventions aimed at improving these aspects was
a priority. By including other aspects of well-being, it is possible
that more interventions would have been found. As this review
only considered common childhood disorders, conditions such
as psychosis were not included, although it is recognized that
children with uncommon conditions would also experience
reduced well-being. Therefore, these results cannot be
generalized to less common disorders that were not included in
this review. The included studies were mainly developed by
and run in societies with a Western cultural influence, meaning
that few of the findings can be generalized to other cultures.

Finally, data were missing from certain studies which affected
study inclusion, conclusions that could be drawn for retention,
and the ability to conduct a meta-analysis. Although the authors
were contacted to request information related to the eligibility
criteria, a lack of response meant that they could not be included.
Alongside narrowing the search to English studies on the web
and including quantitative studies only, this may have reduced
the pool of the data set.

Conclusions
The findings of this review support the utility of digital self-help
interventions for young people with elevated symptoms of
depression and anxiety. Only 2 interventions were identified
for young people experiencing social functioning difficulties;
therefore, it is not possible to generalize the findings to
understand whether self-help interventions improve well-being
in those experiencing reduced well-being. Interventions were
found to be effective and had reasonable levels of retention,
suggesting that they were acceptable for youth populations. The
greatest promise seems to lie in fantasy-style interventions for
young people who experience symptoms of depression.
Nonetheless, traditional linear-style interventions were still
beneficial to users with depression and anxiety symptoms and
social dysfunction. The collective advantages of
self-administered self-help interventions included low costs,
ease of access, and reduced need for trained professionals, but
simple interventions were deemed to be an especially feasible
option in helping overcome barriers to accessing mental health
care for youth populations, as some of these were also readily
available to access. Greater efforts are warranted to improve
the quality of studies, and greater consensus is required on the
use of outcome measures in relation to retention and adherence,
as well as different aspects of well-being, to help determine the
impact of these interventions on broader well-being and in
real-world settings. Specifically, further research in this area
should focus on improving the quality of studies within the
research of predominantly or entirely self-administered digital
interventions for young people who show elevated
symptomatology of mental health problems and reduced
psychological well-being, and have mental, behavioral, and
neurodevelopmental disorders. With the improved quality of
studies, a meta-analysis could be performed which would
provide more precise indicators of the effectiveness of self-help
interventions. Research should also explore the use of
alternatives to RCTs in the assessment of digital interventions
to help close the gap between the progression of technology
and the dissemination of empirical studies.
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Abstract

Background: Voluntary self-exclusion from gambling is a common harm reduction option for individuals with gambling
problems. Multi-operator, nationwide self-exclusion services are rare, and a system introduced in the highly web-based gambling
market of Sweden is a rare and recent example. However, where web-based casino gambling and web-based betting are the
predominate gambling types in those seeking treatment, the risk of breaching one’s own self-exclusion through overseas web-based
operators may also be high.

Objective: This study aims to assess the prevalence of a nationwide Spelpaus (“gambling break”) self-exclusion and the
prevalence of gambling despite self-exclusion in patients seeking treatment for gambling disorder in 2021.

Methods: Health care documentation of recent treatment seekers (January 1 through September 1, 2021, N=85) in a Swedish
treatment facility was reviewed for data regarding problematic gambling types reported, history of self-exclusion, and history of
breaching of that self-exclusion.

Results: Common problem gambling types were web-based casino gambling (49/74, 66%) and sports betting (19/74, 26%).
The majority who participated in this study (62/85, 73%) were men. All women reported web-based casino gambling. Self-exclusion
through Spelpaus was common (60/74, 81%). Among self-excluders, gambling despite self-exclusion was common (41/60, 68%),
most commonly on unlicensed gambling websites.

Conclusions: The nationwide, multi-operator self-exclusion service of Sweden appears to reach many patients with a gambling
disorder. However, the remaining gambling options in an web-based gambling setting present a major challenge despite
self-exclusion. The recent data calls for further treatment efforts and potential improvements in services aiming to help voluntary
self-excluders abstain from gambling.

(JMIR Ment Health 2022;9(8):e37837)   doi:10.2196/37837

KEYWORDS

web-based gambling; gambling disorder; behavioral addiction; self-exclusion; addiction; gambling; prevalence; harm reduction;
abstain; problem gambling

Introduction

Gambling disorder is an addictive condition known to have
major deteriorating effects on individuals’ mental health and

social and financial situation [1]. One of the interventions
available in the management of problem gambling is the
individual’s own possibility to self-exclude from gambling, that
is, to limit one’s own access to a web-based gambling site or a
physical gambling venue, to prevent one’s own relapse into
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gambling. This is a method available in many land-based or
web-based gambling settings [2,3] and may serve as a viable
option for gamblers who perceive severe problems and who
may or may not seek formal treatment and for whom treatment
seeking may often be too limited [4].

In Sweden, a previously unreported type of self-exclusion
service, Spelpaus, meaning “gambling break” in direct
translation, was introduced in the gambling legislation from
January 2019, allowing gamblers to self-exclude from all
licensed gambling operators operating either via the internet or
physically in Sweden, including a large number of operators in
web-based and land-based casinos, sports and horse racing
betting, web-based card games, web-based lotteries, and
web-based bingos. The self-exclusion period can be chosen to
be either 1 month, 3 months, 6 months, or a year, and although
each period is discontinued automatically, one can enter the
system at any time to prolong it. Spelpaus is accessed at a
specific website [5] belonging to the Swedish Gambling
Authority, which is a national government authority, and the
provision of this service is therefore independent of the
individual gambling operators. Hitherto, it has been reported
that a majority of problem gamblers likely have not
self-excluded, although a substantial number of them do, and
a substantial number of individuals without gambling problems
also may choose to self-exclude in this system [6]. Spelpaus is
promoted by gambling operators through radio, television,
newspapers, and advertisements on the internet, as well as by
preventive and therapeutic institutions. As the service is
frequently mentioned in advertisement breaks in popular media,
it may have relatively good potential to be heard of by both
gamblers and nongamblers in the population.

Any system based on voluntary self-exclusion from gambling
is associated with a certain risk of breaching the exclusion, as
part of an addictive gambling pattern with lowered self-control.
However, the risk of breaching the self-exclusion is very little
described for web-based gambling services. Also, such data are
virtually unavailable for the present type of nationwide
self-exclusion services that involve a large number of gambling
types and operators. In a population survey in Sweden, among
online gamblers responding to a web-based survey, 38% of
those who had ever self-excluded via this Swedish national
self-exclusion service had gambled at some point during the
exclusion period [7]. Likewise, recent data have shown that in
a policy-based measure excluding gamblers from each gambling
operator after reaching a maximum loss limit at that operator,
it was common for gamblers with moderate risk or problem
gamblers to gamble on other operators; this indicates a risk that
individuals with intense gambling patterns may migrate to other
operators in case of responsible gambling measures putting a
limit to their gambling [8]. Thus, given this type of possible
migration between operators, it can be suspected that even
patients with gambling disorder who choose voluntary
self-exclusion may be at risk of switching to other operators
thereafter.

Sweden has a highly web-based gambling market, with
web-based casino gambling and sports betting representing the
vast majority of patients seeking treatment [9] and the vast
majority of commercial advertisements seen on television [10].

One major task of policy making in the area has been to exclude
unlicensed overseas gambling operators from the market to keep
Swedish gambling within the legal operators, which are likely
to follow government regulations including self-exclusion [11].
After the introduction of the Spelpaus self-exclusion service, a
policy debate has addressed the risk of breaching this
self-exclusion [7], typically because of the risk of migrating to
overseas gambling services, and thereby, limiting the efficiency
of self-exclusion. Based on this debate, it is important for policy
making in the field to assess whether it is common for patients
with gambling disorder to self-exclude from gambling, and
whether it is common for them to gamble despite this
self-exclusion. For this reason, this subanalysis was carried out
as a substudy from a larger retrospective chart review study in
a gambling disorder treatment unit. This substudy aimed to
evaluate the prevalence of Spelpaus self-exclusion and the
prevalence of Spelpaus breaching in treatment-seeking patients
with gambling disorder.

Methods

Study Participants
This study is a substudy of a larger systematic, retrospective
hospital chart study. The treatment episodes included are from
the regional gambling disorder unit of Region Skåne, where
both authors are employed, within the public health care
services. This facility has a responsibility for the assessment
and treatment of gambling disorder in the whole county of Skåne
in southern Sweden, a county with around 1.4 million
inhabitants. Other treatment providers in the county include the
social services of local municipalities, which may offer different
types of interventions for treatment-seeking clients with problem
gambling, as well as the voluntary, nongovernmental peer
support provided by local patient organizations. The Region
Skåne health care unit is specialized in gambling and assesses
treatment-seeking adults aged 18 years or older with gambling
problems, typically on a diagnostic level corresponding to the
World Health Organization diagnostic code of gambling disorder
(F63.0 [12]). This treatment facility has been previously
described in publications discussing the gambling types and
comorbidity in patients with gambling disorder [9] and lack of
evident changes in treatment seeking at the facility after the
onset of the COVID-19 pandemic [13]. Predominate gambling
types at the facility are web-based casino gambling, which is
also the gambling type most commonly seen in televised
gambling advertising in Sweden [10], and sports betting. The
majority of patients (80%) are men, and 58% are diagnosed
with another psychiatric comorbidity in parallel with the
gambling disorder [9]. The facility opened in December 2015
and has therefore been operating both before and after the formal
introduction of gambling into the treatment responsibilities of
Swedish health care and social service institutions in January
2018.

Study Procedures
This is a substudy originating from a larger one that aimed to
study characteristics and changes in patients seeking treatment
at the facility before and after the introduction of gambling into
the Swedish addiction treatment legislation, before and after
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the outbreak of COVID-19, and before and after the introduction
of specific gambling legislations by the Swedish government
due to COVID-19. The COVID-19–related aspect of this study
was the suspicion during the COVID-19 pandemic that societal
changes during the pandemic may be associated with increased
gambling patterns, at least in individuals with gambling
problems [14]. Given the specific picture of the data collected
from the most recent year (2021) and given the political and
media attention to the role of the Spelpaus self-exclusion service
in current trends in web-based gambling, a specific subanalysis
was carried out, involving only the treatment episodes from
January 1 through September 1, 2021.

This subanalysis includes all patients who applied for treatment
and received an appointment at the unit from January 1 through
September 1, 2021, that is, during a period when both authors
were employed by and actively working at the facility as the
medically responsible physician (AH) and as one of the
therapists (GÅ). The second author of the paper (GÅ) reviewed
each record of health care documentation from the facility. Data
extracted for this descriptive analysis include gender, type of
problematic gambling reported, whether the patient had reported
national Spelpaus self-exclusion upon treatment seeking, and
whether the patient reported gambling (and the type of modality)
despite this self-exclusion.

Ethics Approval
The overall study was approved by the Swedish Ethics Review
Authority (file number 2021-03636) on August 11, 2021. Also,
the specific subanalysis included in this paper along with its
specific aim was approved in an amendment to the same
authority (file number 2022-00911-02) on February 22, 2022.
In line with the ethics approval, no information or consent from
patients was required in this retrospective chart review study.

Statistical Methods
Results are reported as descriptive frequencies, including
absolute numbers and percentages, and gambling despite using
Spelpaus was compared between women and men, using the
Fisher exact test with significance defined as P<.05.

Results

A total of 85 individuals were included in the study. Among
them, 62 (73%) were men and 23 (27%) were women. A total
of 7 patients (2 men and 5 women) did not start the formal
treatment. Full data were not found in the chart review in 4
cases (4 men). Further data were available for 74 individuals,
that is, 56 (76%) men and 18 (24%) women.

Problematic gambling types reported were web-based casino
gambling (49/74, 66%), sports betting (19/74, 26%), and other
land-based gambling (1/74, 1%); the gambling type was missing
in 5 cases (7%). Web-based casino gambling was reported by
100% of women (18/18) and 55% of men (31/56), whereas
sports betting was reported by 34% (19/56) of men and none
of the women.

In total, 81% (60/74) had self-excluded through Spelpaus, 4%
(3/74) had not, and data were unavailable from the chart text in
15% (11/74) of the cases. All 3 individuals who did not report

self-exclusion were men. Out of those having self-excluded,
68% (41/60) reported having gambled despite using Spelpaus,
that is, 63% of men (27/43) and 82% of women (14/17), without
any significant gender difference (P=.22). Among clients
reporting gambling despite using Spelpaus, this was reported
to occur on unlicensed gambling websites in 68% of the cases
(28/41), and gambling with somebody else’s identity or
unlicensed gambling in land-based venues in 22% of the cases
(9/41); the information was missing for 10% (4/41) of the cases.

Discussion

This substudy aimed to provide an up-to-date observation
regarding the dissemination and feasibility of a harm reduction
service (Spelpaus) in use since 2019 in the Swedish gambling
market. This unique, nationwide, multi-operator self-exclusion
service, operating in a highly web-based gambling market, has
theoretically faced with a substantial challenge from the
hypothetical competition with overseas web-based operators
that are not included in this self-exclusion service. This analysis
demonstrates that among patients seeking help for gambling
disorder in recent months, adherence to the self-exclusion
service is very common; but among those who self-excluded,
as many as 68% had gambled despite self-exclusion. Thus,
given the fact that these patients are actively seeking treatment
for a severe gambling problem, it must be assumed that their
gambling problem was associated with the gambling activity
that breached the self-exclusion.

Therefore, this subanalysis, from a larger clinical study, can be
seen as an alert for improved measures against gambling in
people with gambling problems who seek measures to control
their gambling patterns. It can be concluded that in the present
setting, where web-based gambling is highly predominant
among patients with gambling disorder [9], this self-exclusion
service is insufficient for these patients to cope with their
addictive behavior. Structured treatment of the condition is
therefore required over and above this self-exclusion service,
but also, policy makers may need to consider technical or legal
possibilities to expand the self-exclusion possibility beyond the
present setting to gambling markets that are web-based and
cannot be expected to respect geographical borders.

A nationwide, multi-operator self-exclusion system appears to
attract people with severe gambling problems, as a clear majority
of treatment seekers in this study reported having enrolled in
this system. This can be seen as a major merit of this
self-exclusion system, such that it reaches the individuals for
whom it is intended. It goes beyond this study, which was
carried out in a clinical setting, to analyze whether the service
also successfully reaches individuals with subdiagnostic but
significant gambling problems, as they also must be considered
as a target group of this harm reduction service.

Our study clearly indicates a major challenge of this type of
self-exclusion service in a setting where web-based gambling
is common, as individuals with gambling disorders may be
attracted to overseas gambling operators, which are unlicensed
in Sweden, and therefore, beyond the jurisdiction of its gambling
regulations. Policy makers should address further technical and
judiciary possibilities of promoting self-exclusion from other
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gambling operators and not only those operating within the
country’s geographical setting. Additionally, treatment providers
and preventive institutions should address the fact that
self-exclusion from gambling is an insufficient measure for
individuals with gambling disorders, who also may need
structured treatment for their addictive behavior.

In addition to the findings regarding the self-exclusion service,
it must be noted that a clear majority of the patients seeking
treatment during these 8 months had a problematic gambling
pattern associated with web-based casinos. In particular, this
was the only problematic gambling type reported by the women
in the study, pointing to the potential risk of more female
gamblers being recruited to problem gambling due to this
modern gambling type. It confirms the previously demonstrated
addiction potential of web-based casino gambling, as this is the
most common gambling type in patients seeking treatment in
this study and previous clinical studies [9]; however, this type
of gambling is in fact used by a very small minority of gamblers
in the general population [15].

This study, a timely subanalysis from a larger project, aimed to
inform stakeholders in the area about an ongoing situation in a
gambling market where several different measures of responsible
gambling and preventive strategies have been tested. The study
results also suggest the need for further, more in-depth studies
about how gambling self-exclusion is perceived by users and
whether the choice to self-exclude, in gamblers who breach
their self-exclusion, may still be beneficial or have negative

effects. Such further research may partly require qualitative
studies to describe in more detail the considerations made by
gamblers in relation to self-exclusion. Also, the use of objective
gambling data or financial loan data in those who self-exclude,
in relation to their exclusion date and in relation to their
breaching, may highlight more closely the potential effects of
the self-exclusion system. However, in contrast to its timely
findings, this study clearly has some limitations. The study was
conducted in a single treatment facility and only for a period of
8 months, which means that the study sample is limited in size.
This clearly limits the potential for statistical calculations and
the generalizability of findings to other settings. In addition,
the number of study variables derived from a retrospective
analysis of medical records, intended not primarily for research
but for routine treatment purposes, is limited.

In conclusion, this brief report confirms the fact that patients
with gambling disorder are successfully reached by the relatively
unique Swedish nationwide self-exclusion service, but it also
clearly demonstrates the current challenge of self-exclusion in
a modern, highly digitalized gambling market. Therefore,
although the study supports the self-exclusion service used here,
it also concludes that formal treatment, further preventive work,
and more advanced services for self-exclusion from unlicensed
gambling operators are important. In addition, the overwhelming
majority of web-based casino gamblers in a single treatment
facility also confirms the previously reported addiction potential
of this gambling type.
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Abstract

Background: COVID-19 and its public health response are having a profound effect on people’s mental health. To provide
support during these times, Canada’s largest mental health and addiction teaching hospital (Centre for Addiction and Mental
Health [CAMH]) launched the Mental Health and COVID-19 Pandemic website on March 18, 2020. This website was designed
to be a nonstigmatizing psychoeducational resource for people experiencing mild to moderate distress due to COVID-19 and the
public health response to the pandemic.

Objective: The aim of this study was to examine the reach, usability, and user perceptions of the CAMH Mental Health and
COVID-19 Pandemic website.

Methods: This study used a mixed methods sequential explanatory design approach, which consisted of the following 2 distinct
phases: (1) quantitative data collection and analysis and (2) qualitative semistructured interviews. In phase 1, we analyzed Google
Analytics data to understand how many people visited the website and which were the most visited pages. We conducted a survey
to identify users’ sociodemographic backgrounds, and assess the usability of the website using the System Usability Scale and
users’ subjective stress levels using the Perceived Stress Scale (PSS-10). For phase 2, we conducted semistructured interviews
to explore user experiences; user motivation, engagement, satisfaction, and perception of the stress reduction strategies; reflections
of the website’s functionality, ease of use, navigation, and design; and recommendations for improvement.

Results: Google Analytics results showed 146,978 unique users from June 2020 to March 2021. Most users were from Canada
(130,066, 88.5%). Between February 20, 2021, and June 4, 2021, 152 users completed the survey. Most users identified as white,
female, and having at least a college degree. Based on the PSS-10 scores, most participants were experiencing moderate to high
stress when they visited the website. Users rated the usability of the website as acceptable. Ten users completed in-depth interviews
between May 2021 and June 2021. Positive feedback related to the content was that the website was a trustworthy source of
mental health information with helpful evidence-based stress reduction strategies. Areas for improvement included the text heavy
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design of the website, wider dissemination/marketing, and greater accessibility of the website to meet the needs of diverse
populations.

Conclusions: Adding stress reduction resources to a website from a well-respected institution may be a practical method to
increase awareness and access to evidence-based stress reduction resources during times of crisis, where there is severe disruption
to usual health care contacts. Efforts to ensure that these resources are more widely accessed, especially by diverse populations,
are needed.

(JMIR Ment Health 2022;9(8):e39885)   doi:10.2196/39885

KEYWORDS

COVID-19; website; stress; mental health; eHealth; internet-based intervention; mixed methods evaluation; usability; digital
health; health informatics

Introduction

The COVID-19 pandemic and its public health response are
having a profound effect on all aspects of society, including
mental health [1]. Introductions of public health measures, such
as quarantine, travel restrictions, and physical closure of places
of learning and businesses, were part of the response to reduce
the spread of COVID-19 [2-4]. Quarantine, social isolation, and
uncertainty surrounding the pandemic are known to negatively
impact mental health [5]. For example, one study of individuals
quarantined during the 2003 SARS pandemic in Toronto,
Ontario, found that 31% of the sample developed posttraumatic
stress disorder symptoms, and 29% demonstrated depressive
symptom severity similar to that of a patient with clinically
diagnosed depression [6].

In response to the disruption of in-person care during the current
COVID-19 pandemic, health systems rapidly adopted virtual
care options [7]. Where possible, care was delivered virtually
by telephone or through video-conferencing platforms and web
applications, which was especially true and possible with mental
health conditions [7]. Not everyone needed or wanted in-person
clinical services, but rather wanted accessible trustworthy
psychoeducation to manage the uncertainty-related stress and
anxiety associated with the disease itself and the impacts on
their lives [8,9]. This led to a concern that in the absence of
credible Canadian sources, most would turn to uncurated
information through social media [10-12]. In Canada, the
capacity of mental health and addiction services in the province
of Ontario was also of concern [13]. Even before the pandemic,
Ontario’s infrastructure for mental health and addiction services
was overburdened and underfunded [14]. Thus, expecting this
system to respond to people with mild to moderate distress was
not deemed to be appropriate.

Given the growing evidence suggesting that positive outcomes
can be achieved through the use of digital mental health
technologies [15-20], on March 18, 2020 (the same month the
World Health Organization declared COVID-19 a pandemic),
the Centre for Addiction and Mental Health (CAMH), Toronto,
Canada [21] launched a COVID-19 resource page on the CAMH
website [22]. The website was designed to be a digital, plain
language, nonstigmatizing psychoeducational resource for
Canadians experiencing mild to moderate distress due to
COVID-19. Stress was assumed to be universal due to the
uncertainty associated with an evolving pandemic. The response
would affect those with and without pre-existing mental illness

to varying degrees, with the majority of the population
experiencing mild to moderate distress, but in the absence of
resources, this could overwhelm the health care system that was
focusing on containing COVID-19. The website provides
practical problem-solving tips based on cognitive behavioral
therapy in both English and French. Specifically, it contains (1)
a moderated discussion board, (2) written content on managing
mental health during COVID-19, (3) self-assessments for
anxiety using the Generalized Anxiety Disorder-7 (GAD-7)
scale and perceived stress and resilience using the Perceived
Stress Scale (PSS), and (4) a series of answers to frequently
asked questions (FAQs) by the lay public on specific topics
including intimate partner violence and grief. Those with
diagnosable anxiety and depression might have more severe
stress responses, which in turn hampers engagement with digital
mental health interventions [23]. The lead developers (PS and
RD) felt that these individuals should be directed to seek clinical
services either in-person or virtually because they might need
more intensive services.

The rapid development of digital strategies to minimize the
negative impact of COVID-19 on public mental health has
outpaced the evaluation of digital health interventions [24-26],
creating a gap in our understanding of the utility and quality of
the interventions [27]. In this study, we report on the reach,
usability, and user perceptions of the CAMH COVID-19
website.

Methods

Study Design
This study used a mixed methods sequential explanatory design
approach, which consisted of the following 2 distinct phases:
(1) quantitative data collection and analysis and (2) qualitative
semistructured interviews. To report this study, we adhered to
the guidelines for Good Reporting of A Mixed Methods Study
(GRAMMS) [28].

Recruitment and Data Collection

Phase 1: Reach (Google Analytics) and Usability
(Self-administered Survey)
In phase 1, Google Analytics data were used to determine the
number of unique users, the countries and cities associated with
the users, what pages they visited and in what order, and the
channels (eg, Twitter and Facebook) that drove the most traffic.
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We collected Google Analytics data from June 2020 to March
2021.

In order to obtain additional descriptive information on who
uses CAMH’s COVID-19 website tools, we placed an
advertisement for this study on the website and sent a tweet
letting people know. Tweets were also sent from the
organizational accounts, @CAMHnews and @PSQuitSmoking,
asking users/readers if they were interested in participating in
the study. After consenting, participants completed a survey via
Research Electronic Data Capture (REDCap), which included
questions about sociodemographics; the PSS-10, a 10-item tool
scored on a 5-point Likert scale ranging from 0 (never) to 4
(very often), which assesses subjective stress levels [29]; and
the System Usability Scale (SUS) for assessing perceived
usability of applications and services [30,31]. The SUS is a
10-item questionnaire containing response options ranging from
strongly agree to strongly disagree. The decision to use the SUS
tool for measuring usability was based on its validity to
effectively distinguish between usable and nonusable systems
[30]. The SUS can be easily administered to participants and
has been shown to yield reliable results, even with small sample
sizes [30]. Once the participants completed the survey, they
were redirected to a new page via REDCap to provide their
contact details to enter into a draw for a gift card. This was
optional, and participants were able to choose not to enter the
draw. Participants were also asked about their interest in
participating in an interview and about consent for future
communication (both optional), and contact information (email
and phone number) was collected from those who were
interested. Participants were informed that information collected
from the survey might be used by CAMH for future research,
in which case, the data were deidentified and only aggregated
data were reported. We collected survey data from February
20, 2021, to June 4, 2021.

Phase 2: User Perceptions (Semistructured Interviews)
To explore and describe participant perceptions of the CAMH
COVID-19 website, semistructured interviews were conducted
from May 25, 2021, to June 29, 2021. Of the 152 participants
who completed the CAMH COVID-19 website evaluation
survey, 53 indicated that they were interested in being
interviewed. All 53 participants were eligible to be interviewed
as they visited the CAMH COVID-19 website and were over
the age of 18 years. They were contacted by email/telephone,

and a consent discussion was scheduled with individuals who
agreed to proceed with an interview. Once participants consented
and signed the informed consent using REDCap, they were
booked for a 30-minute semistructured interview over the phone
or a video-conferencing system. All interviews were audio
recorded and transcribed verbatim. Ten interviews were
conducted, and the data were assessed as adequate to permit
deep case-oriented analysis that resulted in an in-depth
understanding of users’ experiences with the website [32].
Several attempts were made to reach and recruit a heterogeneous
sample of users for interviews. However, those who consented
to participate were primarily college educated, white, and
female. All participants who consented to an interview were
from Ontario; thus, our sample was not representative of the
overall population of Canada.

After updates were made, qualitative semistructured interviews
were then used to further elaborate on the usability of the
website. Usability was defined as the degree to which a program
can be used easily, efficiently, and with satisfaction [33].
Specifically, the interview topic guide explored participants’
experiences with the website, including their motivation,
engagement, satisfaction, or dissatisfaction, and their perceived
experiences on whether the website helped to reduce their stress.
It also explored participants’ reflections on the CAMH
COVID-19 website’s functionality and ease of use/navigation,
the overall look/design, and how the intervention could be
improved.

Timeline of Project Activities
Figure 1 provides a timeline of project activities. The website
was launched on March 18, 2020. Content was added over the
year including making the website available offline through a
downloadable app available on the App Store for Apple devices
and Google Play Store for Android devices. Topics were added,
based on the evolution of the pandemic and perceived needs to
be addressed, by the planning committee (eg, parenting, grief,
trauma and loss, parent support, and back to school). On April
23, 2021, based on preliminary feedback from this study and a
review of the website by a trained behavioral psychologist and
professional designer, the website was updated to improve
navigation, eliminate duplication, and include additional content
(eg, support for caregivers), based on what was going on at the
time.
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Figure 1. Project timeline. CAMH: Centre for Addiction and Mental Health; WHO: World Health Organization.

Data Analysis

Phase 1: Google Analytics and Self-administered Survey
Google Analytics data collected from June 2020 to March 2021
were exported to Microsoft Excel, which we used to conduct
descriptive statistics. We calculated means, standard deviations,
and medians where applicable.

Quantitative data from the survey were analyzed using SPSS
(version 25; IBM Corp). The scoring guidelines provided by
the US Department of Health and Human Services were used
to inform the analysis of the SUS questionnaire in the survey
[30]. A SUS score between 0 and 100 was generated for each
participant by converting the score for each question into a new
number, summing the converted scores, and multiplying the
score by 2.5. Descriptive statistics were used to report
sociodemographic characteristics, usability, and engagement.
The PSS-10 was analyzed by first reversing scores for 4 of the
positive items on the scale and then summing across all 10 items
to receive a score between 0 and 40 for each participant.

Phase 2: Semistructured Interviews
Qualitative data analysis for the study involved an iterative
team-based process. Transcribed interviews were entered into
NVivo 12 (QSR International) for qualitative data management
and analysis. Two research staff read interview transcripts
multiple times to achieve immersion prior to code development.
The author AG crafted the initial codebook, and then, AG and
AS jointly coded the first 3 transcripts to refine the codebook
and defined the codes through consensus. Two other transcripts
were coded independently by AG and AS, and the calculated
intercoder reliability was assessed using the kappa coefficient
in NVivo 12. There was 93% agreement on 96% of codes [34].
The remaining transcripts were independently coded either by
AG or AS. Data were analyzed using thematic analysis [35]. A
deductive approach was used to identify the coding scheme for
the transcripts that allowed for the development of codes
corresponding to the components of usability and stress
management.

We merged both the quantitative and qualitative analysis results
to provide a more comprehensive overview of participants’
perceptions of the CAMH COVID-19 website.

Ethics
This study, including the recruitment and consent process,
received ethics approval from the CAMH Quality Project Ethics
Review Board (QPER #: 2020_34) [36].

Results

Phase 1: Google Analytics and Self-administered
Survey

Google Analytics
From June 2020 to March 2021, there were 146,978 unique
users (unduplicated/counted only once) of the website. Of the
146,978 users from all over the world, most were from Canada
(130,066, 88.5%), and of these, 30,964 (23.8%) were from
Toronto and 6538 (5.0%) were from Ottawa. The homepage
was the most visited page of the website, which had 91,866
unique page views during the 10 months, followed by the page
on “Coping with Stress and Anxiety,” which had 29,889 unique
page views during the 10 months [22,37]. Organic search traffic
(ie, entry through a search engine) accounted for the highest
proportion of user visits to the website. From June 2020 to
March 2021, 108,332 users (73.7% of all unique visitors) visited
the site through organic search and 36,630 users (24.9% of all
unique visitors) visited the site by typing the URL directly into
their address bar.

Characteristics of Survey and Interview Participants
Survey responses are shown in Table 1. We have divided
participant responses into 3 columns. The first column includes
participants who responded between February 20, 2021, and
April 23, 2021 (before the website was updated); the second
includes participants who responded between April 24, 2021,
and June 4, 2021 (after the website was updated); and the third
includes participants we interviewed.
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Table 1. Demographic data, Perceived Stress Scale, and System Usability Scale (SUS) scores.

Interview participants (May-
June 2021) (N=10)

Survey participants (April

24-June 4, 2021) (N=51b)

Survey participants (February

20-April 23, 2021) (N=101a)

Variable

Race/ethnicity, n (%)

5 (50.0)36 (70.6)76 (75.3)White

1 (10.0)1 (2.0)5 (5.0)Latin American

1 (10.0)2 (3.9)2 (2.0)Mixed (eg, African and White)

2 (20.0)6 (11.8)6 (5.9)East/South/South East Asian

0 (0.0)1 (2.0)0 (0.0)First Nations/Indigenous

0 (0.0)1 (2.0)3 (3.0)Black

1 (10.0)0 (0.0)1 (1.0)Indian–Caribbean

0 (0.0)4 (7.8)8 (7.9)Did not answer

45 (15)45 (18)44 (18)Age (years), mean (SD)

Gender, n (%)

10 (100.0)39 (76.5)86 (85.1)Female

0 (0.0)7 (13.7)10 (9.9)Male

0 (0.0)4 (7.8)0 (0.0)Nonbinary

0 (0.0)1 (2.0)5 (5.0)Unknown/did not know/did not answer

Education, n (%)

7 (70.0)17 (33.3)16 (15.8)Graduate degree

1 (10.0)9 (17.6)33 (32.7)University degree

1 (10.0)12 (23.5)24 (23.8)College diploma

1 (10.0)5 (9.8)6 (5.9)Trade/vocational school

0 (0.0)7 (13.7)18 (17.8)High school

0 (0.0)0 (0.0)3 (3.0)Elementary school

0 (0.0)1 (2.0)1 (1.0)Did not answer

Income (CAD $)c, n (%)

2 (20.0)7 (13.7)19 (18.8)$0-$29,999

0 (0.0)12 (23.5)19 (18.8)$30,000-$59,999

2 (20.0)5 (9.8)24 (13.9)$60,000-$89,999

3 (30.0)7 (13.7)12 (11.9)$90,000-$119,999

0 (0.0)2 (3.9)5 (5.0)$120,000-$149,999

2 (20.0)9 (17.6)15 (14.9)$150,000 or more

1 (10.0)9 (17.6)17 (16.8)Do not know/prefer not to disclose

Marital status, n (%)

7 (70.0)27 (54.0)47 (46.5)Married/in a relationship

1 (10.0)2 (4.0)14 (13.9)Divorced/separated

1 (10.0)17 (34.0)37 (36.6)Single/never married

1 (10.0)2 (4.0)2 (2.0)Widowed

0 (0.0)2 (4.0)1 (1.0)Do not know/did not answer

Level of perceived stress (Perceived Stress Scale score range), n (%)

0 (0.0)6 (12.5)8 (9.0)Low stress (0-13)

6 (60.0)25 (52.1)44 (49.4)Moderate stress (14-26)

4 (40.0)17 (35.4)37 (41.6)High perceived stress (27-40)
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Interview participants (May-
June 2021) (N=10)

Survey participants (April

24-June 4, 2021) (N=51b)

Survey participants (February

20-April 23, 2021) (N=101a)

Variable

System Usability Scale, n (%)

7 (70.0)28 (58.3)42 (48.3)Above average (greater than 68)

3 (30.0)20 (41.7)45 (51.7)Below average (lower than 68)

aFor the variables age, level of perceived stress, and System Usability Scale finding, the N values were 99, 89, and 87, respectively.
bFor the variables age, marital status, level of perceived stress, and System Usability Scale finding, the N values were 47, 50, 48, and 48, respectively.
cA currency exchange rate of CAD $1=US $0.77 is applicable.

Survey Results
In total, 152 participants completed the survey. Most participants
identified as white and female, and had at least a college degree.
Based on the PSS-10 scores, most participants were experiencing
moderate to high stress when they visited the website.

Survey data from February 20, 2021, to April 23, 2021 (before
the website was updated) indicated that participants reported a
mean SUS score of 66.44 (SD 16.72; IQR 10-97.5; N=87).
According to the SUS, this score was below average for a
website. Specific SUS items that received a low score included
the website being well-integrated (41/87, 47% agreed or strongly
agreed) and the likelihood of using the website frequently
(34/87, 39% agreed or strongly agreed).

After changes to the website were implemented, survey data
from April 24, 2021, to June 4, 2021, indicated that the
participants reported a mean SUS score of 70 (SD 17.02; IQR
22.5-100; N=48). According to the SUS, this score was above
average for a website. Improved scores were reported for the
website being well-integrated (31/48, 65% agreed or strongly
agreed) and the likelihood of using the website frequently
(26/48, 55% agreed or strongly agreed).

Phase 2: Interview Results

Background on Participants Interviewed
Interview participants (n=10) were experiencing moderate to
high levels of stress at the time they visited the website. Four
participants had a history of mental illness or had a family
member with a mental illness who received services from
CAMH. Of 2 participants, whose family members received
services from CAMH, one was an essential worker and the other
a retired health care worker looking for mental health resources.
The 2 participants with a diagnosed mental illness had recently
contracted and recovered from COVID-19. Both stated that they
were frequent users of the general CAMH website and visited
the CAMH COVID-19 page for COVID-19–related information.
Five other participants were researchers or professionals in a
health-related field working with individuals who required
mental health services. One participant was a stay-at-home
parent with young children.

Functionality, Ease of Use, and Design
Most participants who were interviewed reported having visited
the CAMH COVID-19 website once or twice, and having gone
there to look for resources on how to deal with stress (either for
themselves or for others). All participants (n=10) shared that
their first impression of the website was positive, and that there

were many helpful resources. Generally, participants found the
website visually appealing, and liked the diversity in the images.

I liked the overall design, sort of the esthetic of the
website. So, I found all of the photos that are in there
to be quite diverse, in terms of the way that people
look and the sort of different activities that they’re
doing. They all seem very relatable…. [29-year-old
participant]

Several participants (n=5) reported that the information was
helpful, but it was not well organized. Two participants
specifically mentioned feeling overwhelmed by the amount of
information on the website.

Well, my immediate impressions were that it was
really overwhelming. … There’s so many options….
Great…I mean it’s great to have so many options,
but because of the pandemic, I think people are
already overwhelmed… There’s a lot of good stuff
there. [72-year-old participant]

Another common theme, mentioned by 4 participants, was that
the information might not be accessible to many users who
might benefit from the information on the website.

My parents are refugees, like a lot of these words
would be difficult for them to understand…like stigma
and prejudice…I don’t know that those words mean
anything to them. Maybe making things a bit more
layman’s terms. Like if you want to just, kind of just
speak to the masses, versus people that are in a
clinical setting. Or have a background in mental
health and social work. [35-year-old participant]

In addition, 3 participants mentioned that there was a need to
disseminate the website to those who might need it the most.

My partner, for example, he’s dealt with mental illness
and homelessness for over ten years, and he didn’t
know that this website existed even. [43-year-old
participant]

The Website and Stress
When asked specifically about the website as a stress reduction
strategy for people in their province, all participants (n=10)
responded that the website had the potential to reduce stress for
individuals seeking help with stress-related issues. All
participants were from Ontario. Participants noted that CAMH
is a trusted authority where people can access evidence-based
resources without judgement.
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Well, I think it’s great that, I think it’s great that you,
you know, that you’re a trusted authority. And I think
it’s great…I think it’s really wonderful that all…that
this website has been put up. Because, you know, I
mean people need, need to get stuff from a trusted
place, you know. And a place where they won’t…and
where they won’t be judged, which is another huge
thing is judgment, right. [72-year-old participant]

I think, I really liked that you can take the tests. You
know the…you know like I’m familiar with the GAD7
just because I’m a Psychologist....Like, it’s just nice
to see that, you know there’s evidence-based research
supported measures... [37-year-old participant]

Consistent with the Google Analytics data, participants
mentioned that the section they visited the most was “Stress
and Anxiety.” Health professionals (n=3) indicated that the
self-assessment resources found on this page would be helpful
to their clients.

And, I think, when I went to the website, there were
like different advice kind of little columns that you
can read about how to like stay active and how to
decrease your stress and your burnout and whatnot.
And then there’s like different little tests you can take.
And so, I thought that was…it was just really nicely
laid out. Yeah. For…I mean, not for myself, like I
already, you know, I’m kind of like at the point where
I’m kind of feeling anxious, as given my profession,
but for clients and whatnot…I think it’s helpful for
them... [37-year-old participant]

A participant, who was single, mentioned that she found the
stress resources needed and was able to employ the
recommended stress and coping strategies outlined on the
website. This was in direct contrast to what parents said, as
noted below.

Well, it was very good. Because it tells you, you know
you need to be…keep yourself busy. You need to enjoy
things like, you know hobbies…. Yes. Definitely. And
I think for people who, you know like myself, who
lives alone. So, I read that…I read it basically to give
me information as a single person what is going on.
[62-year-old participant]

The need for information tailored to parents was mentioned by
2 participants as follows:

I think if you had a section for parents and that’s
something I think that would be helpful for sure. When
you have kids it’s like, you, you are responsible for
other people than yourself. And it’s just so much
harder, because there is no break …so it was
something that was useful, but for me in my situation,
it wasn’t quite enough, just because, you know you
can’t really control your children. So, like there’s
only so much that, so much that’s limited to you
having control over. Right. …so the coping strategies,
I think, are great, if you are a single person with no
other people dependent on you. [32-year-old
participant]

Participants with higher levels of stress or those who described
their situation as more complex noted that the stress management
strategies on the website were good for “normal stress,” but that
these strategies were not able to address the specific mental
health needs during the COVID-19 pandemic.

I think that the stress from COVID-19, is just
very…it’s very unique, in the fact that like obviously
none of us have really been through a pandemic like
this. But I think normal coping mechanisms may not
work as well, just because the nature of COVID.
…you can’t get out of the pandemic. There’s no
escaping it. So, I feel like the stress management
strategies were very good stress management
strategies for if you had normal stress. [32-year-old
participant]

A suggestion by 3 participants was to have a feature that allows
the user to connect to a live counsellor for more personalized
support, in order to get immediate help. While access to a live
counsellor was not available, the website included an online
peer-to-peer “Discussion Forum” where moderators were
available during business hours to provide general information
and encourage the use of available resources. However, only 1
of the 10 interview participants was aware of the discussion
forum feature on the website.

…the only thing that you could improve, it would if
you could connect somebody with a live person. I
think it should lead to someone, if somebody really
needs to talk to someone, I think that they should be
able to…. And I…believe me, I’ve tried a lot… I think
that they should be able to connect to a live person.
Because people who are desperate, need humanity.
[72-year-old participant]

I think one of the big things that I was kind of like
getting to, was just that there wasn’t…there wasn’t
an option to get help right away. [35-year-old
participant]

Discussion

Principal Findings
The goals of the study were to collect information on the reach,
usability, and user perceptions of the CAMH COVID-19
website, a web page designed to be a digital, plain-language,
nonstigmatizing psychoeducational resource for people
experiencing mild to moderate distress due to COVID-19.

Compared with similar websites [38], the CAMH COVID-19
website [22] is a highly accessed website, with 146,978 unique
individuals visiting the website in a 10-month period. The
majority of the 146,978 users were from Toronto and Ottawa,
which is consistent with the findings of a similar study
evaluating a Canadian mental health website portal [39] and
may be reflective of the increase in the percentage of Ontario
residents who indicated a poor or fair mental health status during
the second wave of the pandemic [40]. The most visited section
was the home page [22], followed by the Coping with Stress
and Anxiety [37] section, which shares different coping ideas
and strategies, and includes various self-assessment tests that
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help users understand/determine the stress levels and anxiety
they are experiencing, such as the PSS and GAD-7. Other
studies have similar findings that the home page was viewed
most frequently [41,42], with the second being a “self-check
page, on which users could complete a depression screening
tool” [41].

Users rated the usability of the website higher after changes
were made on April 23, 2021. During the first period of the
survey (February 20, 2021, to April 23, 2021), the average SUS
score was 66.44 (SD 16.72). The SUS increased by 3.6 points
after changes were made to the website (SUS score 70, SD
17.02). Both these scores correlated with an acceptable range
[31,43,44] and were similar to results obtained in other
evaluations of mental health websites [45].

Interview participants indicated that in the first iteration of the
website, they felt overwhelmed with the volume of information
and text-heavy web pages. Other studies have confirmed that
text-heavy interventions can make content difficult to digest,
thereby acting as a barrier to use [46], and website design related
to page complexity, navigational simplicity, and
comprehensibility should be considered to “reduce the cognitive
effort required to effectively use eHealth applications” [47].

Demographic data indicated that the majority of website users
were white women with higher education aged between 20 and
59 years. This is consistent with the findings of other studies
that females and adults aged 18-64 years, with high levels of
socioeconomic status, are more engaged, than males and other
age groups, in using health content–related websites [39,48-54].
The website’s reach may be a reflection of recent evidence
showing that women perceived a decline in their mental health
in 2020 during the second wave of the pandemic and
experienced worse mental health outcomes in comparison with
men [1,25,40,55]. Moreover, the gender differences in the
website’s reach may be attributed to men’s reluctance to access
mental health care because the intervention is not sufficiently
sensitive to masculine identity–related factors [56]. Given the
disproportionate negative impact of COVID-19 on diverse
groups [40], there is a need to reach a wider audience. Targeted
strategies need to be informed by gender sensitized services
[57] and are needed to provide mental health services to
communities who have been disproportionately impacted by
the COVID-19 pandemic, such as older adults, indigenous
people, and other racial and ethnic minority groups [58].
However, research shows that these communities (older adults,
indigenous peoples, and other racial and ethnic minority groups)
are the least likely to seek web-based health information
[25,52,54]. Proposed strategies to increase user engagement
and technology acceptance of e-mental health among diverse
populations include the implementation of a human-centered
design approach that integrates designers and users in the
development process from beginning to end [59].

Interview findings showed that most participants felt positively
about the website, as it was a trustworthy source of mental health
information and had helpful stress reduction features. Studies
have confirmed that individuals seeking mental health resources
online are concerned about the trustworthiness and credibility
of e-mental health, as well as the effectiveness of self-help

strategies [60-62], and as shown by another study, a lack of
trust in a single online source can contribute to health
information seekers’ stress [63].

Several interview participants wanted to connect to a live
counsellor for more personalized support and immediate help.
While moderators of the website’s “Discussion Forum” [64]
offered informational support, though not live counselling and
support limited to office hours, most interview participants were
unaware of this feature. This may be related to the design of the
website and participants’ feedback that they found the website
overwhelming and text heavy. Making the discussion forum
more visible might be important, especially given that research
has shown that well-designed self-guided interventions can be
successful without added human support and their associated
costs [65-68].

The website was designed to address the needs of individuals
with low to moderate levels of stress. However, the results
indicated that most of the individuals visiting the website had
moderate to high levels of stress. Further research is needed to
understand the characteristics of individuals with low levels of
stress and their low engagement with the website.
Technology-enabled care coordination, which involves the use
of online technology to facilitate delivery of multidisciplinary
team-based care, for patients with low to moderate levels of
distress has significant potential for improving population mental
health [69]. Improvements to the website are needed to address
the needs of individuals with high levels of stress, since studies
have shown that individuals with more severe mental health
symptoms are motivated to use digital mental health
interventions, but symptom severity can also form barriers to
engagement [23]. A guided approach, which includes the
provision of content that is relevant and customizable according
to users’ personal preferences and offers technical assistance
or training, may be suited to address the mental health of
individuals with higher levels of stress [23].

Our findings demonstrate that the CAMH COVID-19 website
was useful for disseminating information about evidence-based
stress reduction strategies. The website is a highly accessed
website with above average usability. Users found the website
to be a helpful and trustworthy source of mental health
information. The recommendations suggest that the design and
reach of the website need to align more closely with user needs
and with greater and more equitable access to mental health
care. These evaluations should be conducted with an
equity-oriented approach. For example, examination of who
was exposed to the website (ie, reach) allowed us to understand
the need to focus on equitable reach throughout any future
updates. Feedback from this evaluation will be useful for further
improvements to the website, which will be beneficial to both
the general public and health care professionals.

Strengths and Limitations
An important strength of this project was the mixed methods
design, as it allowed us to understand the complex problem of
stress during the first waves of COVID-19 in Ontario and
understand what users need as part of a website intervention.
Another strength of this project is that based on direct feedback
from users, we were able to make significant improvements to
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the usability of the website. Our study has several limitations.
First, we had a convenient sample and a low number of
respondents compared with the number of users in both our
survey and interview. Thus, they may not have been
representative samples, and it is possible that those who
perceived to have gained benefits from the website were more
likely to participate in the surveys and interviews. In addition,
the small sample of people who agreed to be interviewed (all
women) also limited the ability to stratify findings by
demographics or other variables of interest. Second, participants
were interviewed a number of weeks after having used the
website and completing the survey. As such, for some, recalling
the program details was difficult. Third, there was a lack of
longitudinal follow-up data on the effects of the website. Our
study was restricted to the reach, usability, and user perception
of the website and did not evaluate clinical efficacy. Lastly,
anxiety and depression were not addressed, as the developers

felt that individuals with these diagnosable illnesses needed
either in-person or virtual clinical services.

Conclusion
Adding stress reduction resources to a website from a
well-respected institution may be a practical method to increase
awareness and access to evidence-based stress-reduction
resources during times of crisis, where there is severe disruption
to usual health care contacts. Efforts are needed to ensure that
these resources are more widely accessed, especially by diverse
populations. Further research is required on the health impact
and role of e-mental health initiatives within the mental health
services system. Given the promise and significant investment
in digital mental health technologies, there is a growing need
to evaluate them for low-intensity psychoeducational
interventions.
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Abstract

Background: The COVID-19 pandemic required mental health services around the world to adapt quickly to the new restrictions
and regulations put in place to reduce the risk of transmission. As face-to-face contact became difficult, virtual methods were
implemented to continue to safely provide mental health care. However, it is unclear to what extent service provision transitioned
to telemental health worldwide.

Objective: We aimed to systematically review the global research literature on how mental health service provision adapted
during the first year of the pandemic.

Methods: We searched systematically for quantitative papers focusing on the impact of the COVID-19 pandemic on mental
health services published until April 13, 2021, in the PubMed, Embase, medRxiv, and bioXriv electronic bibliographic databases,
using the COVID-19 Open Access Project online platform. The screening process and data extraction were independently
completed by at least two authors, and any disagreement was resolved by discussion with a senior member of the team. The
findings were summarized narratively in the context of each country’s COVID-19 Stringency Index, which reflects the stringency
of a government’s response to COVID-19 restrictions at a specific time.

Results: Of the identified 24,339 records, 101 papers were included after the screening process. Reports on general services
(n=72) showed that several countries’ face-to-face services reduced their activities at the start of the pandemic, with reductions
in the total number of delivered visits and with some services forced to close. In contrast, telemental health use rapidly increased
in many countries across the world at the beginning of the pandemic (n=55), with almost complete virtualization of general and
specialistic care services by the end of the first year. Considering the reported COVID-19 Stringency Index values, the increased
use of virtual means seems to correspond to periods when the Stringency Index values were at their highest in several countries.
However, due to specific care requirements, telemental health could not be used in certain subgroups of patients, such as those
on clozapine or depot treatments and those who continued to need face-to-face visits.

Conclusions: During the pandemic, mental health services had to adapt quickly in the short term, implementing or increasing
the use of telemental health services across the globe. Limited access to digital means, poor digital skills, and patients’preferences
and individual needs may have contributed to differences in implementing and accessing telemental health services during the
pandemic. In the long term, a blended approach, combining in-person and virtual modalities, that takes into consideration the
needs, preferences, and digital skills of patients may better support the future development of mental health services. It will be
required to improve confidence with digital device use, training, and experience in all modalities for both clinicians and service
users.
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Introduction

At the start of the COVID-19 pandemic, mental health services
around the world, along with health services in general, needed
to adapt quickly to reduce the risk of infection and transmission
while continuing to support those with mental health problems
[1]. However, as identified early in the COVID-19 pandemic
by the World Health Organization (WHO), the pandemic went
beyond the physical threat to also affect mental health [2].

The link between COVID-19 and mental illness is increasingly
supported by robust evidence. The association is bidirectional;
mental illness increases the risk of subsequent COVID-19
infection, and the risk of a new mental health diagnosis increases
up to 180 days following COVID-19 infection [3,4]. COVID-19
and related coronavirus infections, such as SARS and Middle
East respiratory syndrome (MERS), are associated with
increased subsequent risk of depression, anxiety, and other
neuropsychiatric consequences, such as dysexecutive syndrome
[5-7]. This is in addition to any indirect effects on mental health
caused by restrictions and lockdowns imposed by the COVID-19
pandemic [8]. Unemployment, financial insecurity, and other
socioeconomic effects of the COVID-19 pandemic also
adversely impact mental health. Mental health consequences
can occur both at the time of a crisis and afterwards [9]. For
instance, it has been suggested that suicide rates in some
countries may have a delayed increase as a consequence of the
social, health, and economic disruption associated with the
pandemic [9]. As the pandemic evolved, access to vaccines and
their uptake have altered the pattern of infection [10], and
therefore, restrictive measures adopted by public health
institutions have changed [11]. Taken together, all these factors
suggest that there will be a rise in mental health treatment needs,
and this is likely to be long-lasting. Consequently, mental health
services have also started to plan or implement measures to
prepare for an anticipated increase in demand related both
directly to COVID-19 infection and indirectly to the sequelae
of its associated restrictions.

During the pandemic, the WHO proposed that the goals of
mental health care services need to focus not only on responding
to the acute mental health emergency, but also on recovery
thereafter and preparations for future emergencies [2]. How and
to what extent this has happened is yet to be seen.

In contrast to the volume of data on the mental health impact
of COVID-19, there have been few systematic considerations
of the response of mental health services. Some reports reflect
consultation with experts and service users to consider what
changes in services might be needed to meet the mental health
consequences of COVID-19 [12]. Organizations, such as the
WHO, have suggested an integrated approach including mental
health and psychosocial support in the COVID-19 response [2],
while the United Nations has highlighted the need for changes

and investment immediately to reduce mental health effects
later [13].

Preliminary data from a WHO survey suggested a considerable
detrimental impact on mental health services [14], with
telemental health (TMH) considered critical to maintaining
delivery of mental health services in response to
pandemic-related social distancing measures and confinements
[15]. Prompted by this, several countries modified national
telemedicine regulations to promote its spread [16]. However,
it is unclear whether the apparently rapid transition to TMH
observed in many high-income countries [1] has occurred
globally, which services have been affected, and whether this
change has been sustained through the different phases of the
pandemic.

To understand the degree to which service provision has changed
during the first year of the pandemic and the extend of the
transition to TMH in different countries, we systematically
reviewed the available literature on mental health services during
the pandemic. We also assessed these changes across the
different phases of the COVID-19 pandemic and in the context
of the local restrictions imposed.

Methods

Overview
We performed a systematic review of studies describing the
impact of the COVID-19 pandemic on mental health services
up to 1 year after the pandemic declaration on March 11, 2020
[17]. This is part of a wider assessment of the impact of the
COVID-19 pandemic across the mental health field (previously
published protocol for the full project is available on
PROSPERO, CRD42020178819) [18].

Search Strategy and Screening Process
The search strategy for the full project (see above) included
terms relating to mental health and the COVID-19 pandemic,
SARS, and MERS, with specific and generic specifiers (eg,
Medical Subject Headings [MeSH] terms; for full details, see
Multimedia Appendix 1). We searched PubMed, Embase,
medRxiv, and bioXriv electronic bibliographic databases using
the COAP (COVID-19 Open Access Project) online platform
[19] for relevant reports from inception until April 13, 2021.
Records on SARS and MERS were independently searched on
PubMed and Embase from inception to April 13, 2021.

At least two members of the review team (CZ, EGO, GR, JSWH,
KR, KAS, OM, or RS) independently screened the title and
abstract of the retrieved records. Full texts of the potentially
eligible records were then independently assessed against the
eligibility criteria. Any disagreement about eligibility was
discussed with a third member of the research team (AC, AP,
CV, or KH). The included articles and relevant systematic
reviews were also screened for references to identify additional
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records. References from all sources were cross-checked to
ensure that all referenced documents had been searched.

Eligibility Criteria
To examine the consequences of the COVID-19 pandemic on
mental health services, we included only reports providing
quantitative data on changes in service organization and delivery
(eg, how services were delivered: remote versus face to face;
the number of patients accessing the service) and the creation
of new services (eg, ad hoc created digital technologies and
TMH) to overcome the challenges related to the COVID-19
pandemic. Documents solely reporting diagnostic aspects (eg,
differential rates of two or more subgroups of mental health
diagnoses accessing the service and frequency of mental health
symptoms during the pandemic) were excluded, as these data
describing part of a service do not provide information about
the overall level of activity of a service. We included all types
of primary research reports (randomized studies, observational
studies, case reports, etc) focusing on mental health services
and coronaviruses. No time or language restriction was applied.

Data Extraction
Data extraction was performed independently by at least two
reviewers (CZ, EGO, GR, JSWH, KR, KAS, OM, or RS).
Relevant data on country of origin, data collection period,
service delivery method (ie, face-to-face or TMH), and service
provision were extracted from the included papers. We
categorized the identified records according to the following
categories: randomized controlled trials, cohort studies,
before-and-after studies, case-control studies, case reports/case
series, and survey/audit. For each paper, we also extracted the
key quantitative findings and collected them in a descriptive
summary.

COVID-19 Stringency Index
Given that several waves of infections and consequent
restrictions related to the COVID-19 pandemic affected different
countries at different times, we considered the timing of the
study period of the individual studies to be of limited use in
contextualizing findings locally. Instead, we reported findings
in the context of the country-specific COVID-19 Stringency
Index, a composite measure developed within the Our World
in Data project by the Global Change Data Lab (a nonprofit
organization) and the University of Oxford [20] to reflect the
stringency of a government’s response to COVID-19 restrictions
at any specific time. The score is based on 9 response indicators,
including school closures, workplace closures, and travel bans,
rescaled to a value from 0 to 100 (where 100 is the strictest
measure of response). This is therefore a dynamic measure,
capturing changes in a country’s policies at any point throughout
the pandemic. Where policies vary within a particular country,
the index reflects the response level of the strictest subregion
[11]. For each individual study, we report the minimum and
maximum Stringency Index score for the relevant time period.

The country-specific graphical representation of the COVID-19
Stringency Index starting from January 2020 can be accessed
online [20].

Results

Overview
We identified a total of 24,339 records, and the number reduced
by 3699 records after the removal of duplicates. After the
abstract and full-text screening, an additional 20,539 records
were excluded (Multimedia Appendix 2). A total of 101 papers
were therefore included in the review. Of these, 60 were
before-and-after studies, 23 were case reports and case series,
and 18 were cross-sectional surveys. A summary of the 101
included articles is reported in Multimedia Appendix 3. Overall,
the studies were concentrated in high-income countries, with
the majority in Europe (39.6%) and North America (29.7%)
(Multimedia Appendix 4).

Face-to-Face Mental Health Services
Of the 101 articles, 72 reported data on face-to-face mental
health services. A total of 52 of these were before-and-after
studies, 7 were case reports and case series, and 14 were
cross-sectional surveys. Regionally, 31 studies reported data
from Europe, 20 from North America, 1 from South America,
11 from Asia, and 9 from Australia (Multimedia Appendix 5).
No studies reported quantitative data from low-income countries,
and none were from the African subcontinent. As shown in
Multimedia Appendix 3, several studies reported a reduction
in face-to-face visits [21,22] and emergency department
presentations [23], with a reduction in the activity of specialized
settings, such as electroconvulsive therapy clinics [24-27]. Data
on hospitalizations were less clear, with some studies reporting
evidence of a reduced number of admissions (eg, [28,29]), others
reporting evidence of a rapid increase in admissions soon after
the pandemic onset (eg, [23,30]), and still others reporting no
differences compared to the same period in the previous year
(eg, [31,32]).

TMH Services
Table 1 [33-84] summarizes the characteristics of the subgroup
of 55 articles reporting data on TMH services, which includes
23 before-after studies, 19 case reports or case series, and 13
cross-sectional surveys. Most of the collected data within these
primary sources refer to the timeframe between January and
October 2020, with most focusing on the period around March
2020.

The world distribution of the studies on TMH services (Figure
1) showed a higher representation in North America (n=18) and
Europe (n=16, including 19 countries), while fewer articles
reported data from Central or South America, Asia, and
Australia. No studies reported quantitative data from low-income
countries, and none were from the African subcontinent.
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Table 1. Characteristics of the included studies on telemental health (N=55).

Stringency In-
dex, value or
range

Study periodCountryStudy settingStudy designStudy ID
(authors,
year)

End dateStart date

0.00-81.48April 20, 2020January 1,
2020

Germany and
Austria

Crisis hotline services for the general populationBefore-after
study

Arendt et al,
2020 [33]

5.56-72.69June 6, 2020January 2,
2020

United StatesA large, academic, consultation-liaison serviceBefore-after
study

Beran et al,
2020 [34]

76.85-87.96May 18, 2020March 17,
2020

FranceA health care and education center for adolescentsDescriptive
study

Berthaut and
Chamignon,
2021 [35]

67.59-93.52June 3, 2020March 3, 2020ItalyA psycho-oncology unitDescriptive
study

Cantini et al,
2020 [36]

85.19-87.96April 11, 2020April 1, 2020Italy71 departments of mental health and 107 psychi-
atric wards in general hospitals

SurveyCarpiniello
et al, 2020
[37]

21.76-72.69April 22, 2020March 11,
2020

United StatesThe Department of Veterans AffairsBefore-after
study

Connoly et
al, 2020 [38]

8.33-72.69May 31, 2020March 1, 2020United StatesAn eating disorder multidisciplinary unitBefore-after
study

Datta et al,
2020 [39]

0.00-73.15April 30, 2020March 1, 2020ChileA large private academic health networkBefore-after
study

Garcia-
Huidobro et
al, 2020 [40]

67.59-93.52June 3, 2020March 18,
2020

ItalyA free telephone-based psychological support
service

Descriptive
study

Ghiretti et al,
2020 [41]

81.94-87.50August 31,
2020

May 18, 2020IndiaAn outpatient service for substance use disorderBefore-after
study

Ghosh et al,
2021 [42]

68.98-85.19May 10, 2020March 16,
2020

SpainA hospital outpatient serviceBefore-after
study

Graell et al,
2020 [43]

81.94-96.30May 18, 2020May 1, 2020India109 private and public mental health servicesSurveyGrover et al,
2020 [26]

81.94-96.30May 15, 2020May 1, 2020India396 private mental health servicesSurveyGrover et al,
2020 [27]

72.69May 31, 2020April 1, 2020United States818 mental health care professionalsSurveyGuinart et al,
2021 [44]

UnknownUnknownUnknownCanadaA virtual emergency psychiatric consultation ser-
vice

Descriptive
study

Hall and
Sukhera,
2020 [45]

21.76-72.69March 31,
2020

March 11,
2020

United States93 clinic directors or designated representatives
of the Association of Psychology Training Clinics

SurveyHames et al,
2020 [46]

UnknownUnknownUnknownCanada and
United States

A telephone-based program to address substance
abuse within emergency departments

Descriptive
study

Harrison et
al, 2020 [47]

96.30-100.00April 24, 2020April 7, 2020IndiaA psychological helpline for the general popula-
tion

SurveyHazarika et
al, 2021 [48]

0.00-72.69June 30, 2020January 1,
2020

United StatesA community behavioral health centerBefore-after
study

Hoffnung et
al, 2021 [49]

54.63-87.04May 20, 2020March 24,
2020

Germany,
Czech Repub-
lic, and Slo-
vakia

338 health care professionalsBefore-after
study

Humer et al,
2020 [50]

0.00-72.69May 1, 2020January 1,
2020

United King-
dom

2180 mental health care workersSurveyJohnson et
al, 2020 [51]

13.89-86.11June 30, 2020March 1, 2020QatarMental health outpatient services in QatarBefore-after
study

Karim et al,
2020 [52]
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Stringency In-
dex, value or
range

Study periodCountryStudy settingStudy designStudy ID
(authors,
year)

End dateStart date

81.94-100.00September 30,
2020

April 1, 2020IndiaA large psychiatric hospitalDescriptive
study

Khanra et al,
2021 [53]

44.91-81.94June 30, 2020January 23,
2020

ChinaA hospital-based psychological counseling pro-
gram

Before-after
study

Lian et al,
2020 [54]

62.04-73.15June 30, 2020April 1, 2020AustraliaPrivate psychiatric consultation services in Aus-
tralia

Before-after
study

Looi et al,
2020 [55]

64.35-73.15May 31, 2020April 1, 2020AustraliaPsychiatric consultation services in Australian
rural settings (Australian Capital Territory,
Northern Territory, South Australia, and Tasma-
nia)

Before-after
study

Looi et al,
2020 [56]

64.35-73.15May 31, 2020April 1, 2020AustraliaPrivate psychiatric consultation services in New
South Wales, Queensland, Victoria, and Western
Australia regions

Before-after
study

Looi et al,
2020 [57]

68.06-75.46September 30,
2020

July 1, 2020AustraliaPrivate psychiatric consultation services in Aus-
tralia

Before-after
study

Looi et al,
2021 [58]

67.13-68.98August 10,
2020

July 2, 2020Canada942 direct support professionals working with
people with intellectual and development disabil-
ities

SurveyLunsky et al,
2021 [59]

72.69May 25, 2020April 10, 2020United StatesA telephone-based program for people with sub-
stance use disorders staying at San Francisco’s
COVID-19 isolation and quarantine site

Descriptive
study

Mehtani et
al, 2021 [60]

11.11-72.69April 10, 2020March 2, 2020United StatesAn outpatient clinicDescriptive
study

Mishkind et
al, 2020 [61]

8.33-72.69May 31, 2020March 1, 2020United StatesAn outpatient service for mental health and sub-
stance use treatment to pregnant and postpartum
women

Before-after
study

Moreland et
al, 2021 [62]

8.33-72.69September 30,
2020

March 1, 2020United StatesA psychosocial oncology serviceDescriptive
study

Myers
Virtue et al,
2021 [63]

81.94-100.00May 31, 2020March 25,
2020

IndiaAn outpatient serviceDescriptive
study

Naik et al,
2021 [64]

74.04-84.26April 13, 2020March 22,
2020

GreeceA helpline for the general populationDescriptive
study

Peppou et al,
2020 [65]

92.59-100.00May 17, 2020March 25,
2020

Dominican Re-
public

A counseling service for the general populationDescriptive
study

Peralta et al,
2020 [66]

67.59-93.52June 30, 2020April 1, 2020ItalyA national psychological counseling serviceDescriptive
study

Perricone et
al, 2021 [67]

72.69May 25, 2020May 11, 2020United States2619 psychologistsSurveyPierce et al,
2020 [68]

UnknownUnknownUnknownItalyA psycho-oncology unitDescriptive
study

Prior, 2020
[69]

81.48April 1, 2020March 24,
2020

Austria1547 psychotherapistSurveyProbst et al,
2020 [70]

62.50-72.69September 30,
2020

April 1, 2020United StatesAn outpatient service for consultation and coun-
seling of cancer patients

Before-after
study

Rainwater et
al, 2020 [71]

UnknownUnknownUnknownIndiaA national helpline for the general populationDescriptive
study

Ravindran et
al, 2020 [72]

0.00-72.69June 30, 2020January 1,
2020

United StatesThe Veterans Health Administration – the largest
integrated service in the United States

Before-after
study

Rosen et al,
2020 [73]

71.76March 23,
2020

March 23,
2020

BrazilA community mental health serviceDescriptive
study

Salum et al,
2020 [74]
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Stringency In-
dex, value or
range

Study periodCountryStudy settingStudy designStudy ID
(authors,
year)

End dateStart date

72.69May 18, 2020April 24, 2020United States768 mental health professionalsSurveySampaio et
al, 2021 [75]

5.56-72.69April 3, 2020February 28,
2020

United StatesA large child psychiatry departmentDescriptive
study

Sharma et al,
2020 [76]

81.94-100.00May 26, 2020March 25,
2020

IndiaAn outpatient clinicDescriptive
study

Singh Bhan-
dari, 2020
[77]

44.44-73.15June 10, 2020March 19,
2020

AustraliaA national digital mental health service for people
experiencing anxiety and depression

Before-after
study

Staples et al,
2020 [78]

11.11-79.63June 10, 2020March 10,
2020

United King-
dom

General practice services in EnglandBefore-after
study

Steeg et al,
2021 [79]

11.11-79.63April 16, 2020February 16,
2020

United King-
dom

A large mental health serviceBefore-after
study

Stewart and
Broadbent,
2020 [22]

11.11-79.63May 15, 2020February 1,
2020

United King-
dom

A large mental health serviceBefore-after
study

Stewart et al,
2020 [80]

55.09-76.85July 24, 2020April 22, 2020GermanyA hotline for psychological first aid for the general
population

Descriptive
study

Vonderlin et
al, 2021 [81]

0.00-94.4October 31,
2020

January 1,
2020

IsraelAn eating disorder treatment center for adolescentsBefore-after
study

Yaffa et al,
2021 [82]

69.91-77.31February 2,
2020

January 27,
2020

China108 Chinese residentsSurveyZhong et al,
2020 [83]

UnknownUnknownUnknownAustraliaA community outpatient serviceSurveyZulfic et al,
2020 [84]

Figure 1. The distribution of articles reporting data on telemental health. Values in the circles indicate the number of articles.

The key findings of included papers involving the impact of
COVID-19 on the use of TMH are shown in Textbox 1. Overall,
studies set in 19 countries reported the implementation of TMH
services locally at the beginning of the pandemic. They include
inpatient and outpatient services (eg, [71]), specialized services
(eg, [38,82]), adolescent services (eg, [82]), and services in both
private and public sectors (eg, [27]). For those services in which
TMH was already available, an increase in its use during the

pandemic was reported in several countries (eg, [21,50,70]).
The specific COVID-19 Stringency Index chart for each country
throughout the pandemic can be accessed online [20].

Several studies reported the creation of helplines both locally
and within national programs in several countries to provide
psychiatric and psychological help to the general population
(eg, [48,65,67,72]).
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Textbox 1. Telemental health services around the world. The specific COVID-19 Stringency Index chart for each country can be accessed online [20].

Asia

China

Before-after study

• A newly created hospital-based psychological counseling program in China served 474 users (7 users per day) during the lockdown, and the number
reduced to 162 (2 users per day) after April 2020 [54].

Survey/audit

• 42.6% of 108 survey respondents who received a psychiatric consultation during lockdown attended an internet-based service (n=46), 37.0% attended
a face-to-face visit (n=40), and 20.4% attended a telephone-based service (n=22) [83].

India

Before-after study

• In India, a telemedicine-assisted stepped-care outpatient service for substance use disorder was developed and started on the May 18, 2020. By
August 31, 2020, 160 new and 219 follow-up patients were registered in the teleaddiction service. Among them, 128 (80%) and 198 (90.2%) patients
received teleconsultations, respectively [42].

• Compared to the same period of 2019, the number of patients seen in a psychiatric outpatient service for patients with substance abuse dropped
(May: 170 vs 22; June: 351 vs 43; July: 467 vs 44; August: 436 vs 51) [42].

Descriptive study

• A local newly created psychological helpline received 239 calls over the 18 days of lockdown (April 7-24, 2020) [48].

• The Indian Government helpline received 20,475 calls during the first month of activity [72].

• An outpatient service in India created a new telephone outpatient service and delivered 60.1% of the planned follow-up visits using telehealth (1049
of 1748) in the first 2 months of lockdown [64].

• During the first months of the lockdown, a team of psychiatrists of an Indian hospital made 78 teleconsultations with new and followed-up patients.
In 6 cases, the patients were referred to their local hospital for further face-to-face assessment [77].

• In a large psychiatric hospital in India, 168 consultations were made using telepsychiatry between April and September 2020. The number of
teleconsultations during lockdown was positively correlated with travel cost savings (ρ=0.47, P<.01) and time savings (ρ=0.49, P<.01) [53].

Survey/audit

• A survey comparing the services in both public and private institutes during the lockdown period in India (n=109) showed that telecommunication
service use increased from 19.3% to 45.9% comparing the period before and during the pandemic [26].

• A survey evaluating the services in the private sector provided during the lockdown period in India (n=396) showed that telecommunication service
use increased from 26.3% to 52.0% comparing the period before and during the pandemic [27].

Israel

Before-after study

• In an eating disorder treatment center for adolescents, telemedicine meetings comprised 37% of all sessions during January to October 2020 (2193
sessions), while they were not used during the respective period between 2015 and 2019 [82].

Qatar

Before-after study

• Analyzing data on the number of visits in the mental health outpatient setting in Qatar in the 4 months following the introduction of telepsychiatry
(March-June 2020), the total number of individuals accessing mental health services (both face-to-face and telepsychiatry) increased by approximately
36.5% compared to the same period in 2019 (22,086 and 16,175 cases, respectively) [52].

Australia

Australia

Before-after study

• The use of the MindSpot Clinic, a national digital mental health service (DMHS) providing services to people experiencing anxiety and depression,
increased by 16.7% (mean number of assessments per week=455) during the pandemic (March 19 to June 10, 2020) compared to the period between
September 1 and September 28, 2019 (390 assessments per week) [78].

• Comparing data on private psychiatrists’ visits held in April-June 2020 and the same period in 2019 in Australia, the number of psychiatry consultations
(telehealth and face-to-face) rose during the pandemic by 14%, with telehealth representing nearly half of this total. Face-to-face consultations in 2020
were only 56% of the comparative number of 2019 consultations. Most telehealth involved short telephone consultations of ≤15-30 min. Video
consultations comprised 38% of total telehealth provision [55].
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• Comparing data on visits held in Australian rural settings (Australian Capital Territory [ACT], Northern Territory [NT], South Australia [SA], and
Tasmania [TAS]), the overall rate of consultations (face-to-face and telehealth) increased during March and April 2020, compared to the monthly
face-to-face consultation average of July 2018 to June 2019, except TAS (ACT: 1724 in April, increased 114%; 2061 in May, increased 136%; NT:
296 in April, increased 108%; 337 in May, increased 123%; SA: 12,864 in April, increased 116%; 12,876 in May, increased 116%; TAS: 1886 in
April, reduced 85%; 2189 in May, reduced 98%). For total video and telephone telehealth consultations combined, video consultations were lower in
April 2020 and higher in May 2020 [56].

• The total combined use of telehealth and face-to-face private psychiatric consultation services in New South Wales, Queensland, Victoria, and
Western Australia regions (Australia) in April and May 2020 increased by 10%-20% of the average monthly face-to-face consultations in the 2018/19
financial year [57].

• Comparing data on private psychiatrists’ visits held in July-September 2020 and the same period of 2019 in Australia, the number of psychiatry
consultations (telehealth and face-to-face) rose during the pandemic by 14%, with telehealth representing 43% of this total. Face-to-face consultations
in 2020 were only 64% of the comparative number of 2019 consultations. Most telehealth involved short telephone consultations of ≤15-30 min.
Video consultations comprised 42% of total telehealth provision [58].

Survey/audit

• An audit of 314 community patients to examine the potential implications of telephone support found that 21 (7%) did not have access to a phone,
and a further 58 (18%) were reported by the original authors as “unreliable in responding to contact over the phone based on past clinician experience.”
Moreover, during the first wave, regular face-to-face reviews were necessary for a group of patients, including 91 patients (29%) treated with depot
medications, and 71 (23%) taking clozapine [84].

Europe

Austria

Survey/audit

• During the lockdown, the number of patients treated daily via telephone increased from 0.42 ± 3.01 to 4.53 ± 5.77 (+979%, P<.001), and via internet
from 0.18 ± 1.35 to 2.99 ± 4.44 (+1561%, P<.001) [70].

Austria and Germany

Before-after study

• The number of crisis hotline calls increased during lockdown in both Austria and Germany [31].

Czech Republic, Germany, and Slovakia

Survey/audit

• A survey on 338 health care professionals showed that the number of patients treated via telephone increased from 0.92 ± 3.16 to 3.28 ± 5.22 per
week (+257%, t −8.717, P<.001), and the number of patients treated via the internet increased from 0.59 ± 2.54 to 5.83 ± 6.82 per week (+888%, t
−15.346, P<.001) during the 2-month period of confinement [50].

France

Descriptive study

• During lockdown, a health care and education center for adolescents that provides long-term psychiatric care, created a virtual ward using Discord,
a platform used to communicate using chat, calls, and video calls, to ensure continuity of care. Of the 38 patients who used this service, only 6 withdrew
early [33].

Germany

Descriptive study

• A total of 1292 telephone consultations were made by a telephone hotline for psychological first aid for COVID-19–related burden in 4 months
covering a period during and after the German lockdown. In 42% of all consultations, a short therapeutic intervention was performed; in 26%,
psychotherapeutic treatment was recommended; and in 11%, referral to other specialized telephone services was made [81].

Greece

Descriptive study

• In a report from a mental health helpline service in Greece during lockdown, most calls pertained to the quarantine (n=482, 83.7%) and more
specifically to feelings of “restraint” (56%) and “loneliness” (53%) [65].

Italy

Descriptive study

• In Emilia Romagna region (Italy), a free telephone-based psychological support service was established during lockdown, receiving 312 calls in the
first 11 weeks of activity [41].

• A national telephone psychological counseling service established during the COVID-19 pandemic had 193 users between April and June 2020 [67].

• A psycho-oncology unit reported having treated 28 cancer patients, 9 caregivers, and 7 family members during April-September 2020, switching
from face-to-face visits to virtual consultations [36].
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• In Treviso (Italy), the oncology unit switched their psychological monitoring to a virtual modality during the pandemic. In the first 9 weeks, they
conducted 123 online visits (12% were video calls using Google Hangouts, and 88% were telephone calls) [69].

Survey/audit

• Data from 71 departments of mental health and 107 psychiatric wards in general hospitals showed that during the lockdown (April 2020), scheduled
psychiatric consultations, both at home and on-site, went ahead for selected cases, being replaced in approximately 75% of cases by scheduled remote
contact, mainly telephone calls (100%), video calls (67%), or emails (19%), with 41% of units adopting all these means of contact [37].

Spain

Before-after study

• During the early COVID-19 pandemic (March-May 2020) in a hospital in Madrid, out of 1818 outpatient consultations carried out, 1329 (73.10%)
were delivered by telephone or videoconferencing and 489 (26.9%) were face-to-face, corresponding to 365 patients who were receiving treatment
at the time in the outpatient clinic or day hospital [43].

United Kingdom

Before-after study

• The likelihood of receiving a remote general practitioner/practice nurse consultation within 3 months of a self-harm episode was higher in the
COVID-19 pandemic (67.7%; March-April 2020) than in the prepandemic period (32.3%; ratio 2.10, CI 2.05-2.15; same period of 2010-2019). The
overall likelihood of having a general practitioner/practice nurse consultation was slightly lower (80.3% vs 83.2%; ratio 0.97, CI 0.96-0.98) [69].

• Comparing the 31-day periods before and after March 16, 2020 (lockdown announcement), virtual contacts increase by 117% compared to a 3%-22%
reduction observed comparing the same periods between 2015 and 2019 [25].

• Comparing the period before March 16 to that between March 16 and May 15, 2020, virtual contacts with community mental health teams increased
from 154 ± 17 to 380 ± 97 (+147%). In the same period, mean virtual contacts increased by 102.7% (26.7 ± 7.3 vs 54.2 ± 14.8) and mean total contacts
reduced by 24.9% (161.9 ± 30.7 vs 121.5 ± 26.1). Daily caseloads reduced by 2.1% (8729 ± 24 vs 8539 ± 124) and by 26.4% (221.8 ± 8.5 vs 163.3
± 20.0) [80].

Survey/audit

• During the first COVID-19 wave, 61.1% of 2180 mental health care workers in the United Kingdom rated the adoption of new digital ways of
working as “very or extremely important” in the management of the impact of COVID-19 at work [51].

North America

Canada

Descriptive study

• In Ontario, the implementation of a virtual emergency psychiatric consultation service (ie, Emergency Diversion Clinic) during the pandemic allowed
provision of consultations for 60% of all youth presenting to the emergency department for a mental health issue. After the assessment, 56% of patients
were linked to community mental health support [45].

Survey/audit

• A Canadian survey of direct support professionals (n=942) working during the pandemic with people with intellectual and development disabilities,
showed that the majority of them completed telephone-based visits (n=549, 58%), and only 22% (n=204) made at least one videocall. A total of 225
(24%) responders attended at least one face-to-face visit [59].

Canada and United States

Survey/audit

• In March 2020, an online survey involving 93 clinic directors or designated representatives of the Association of Psychology Training Clinics mainly
in the United States (n=89) and Canada showed that 23.7% (n=22) were forced to close face-to-face clinics and discontinue services, at least temporarily.
Of those that remained open for services, 61 training clinics (65.6% of the total sample, 86% of those that remained open) reported that their sites
remained open primarily using telepsychology [46].

United States

Before-after study

• Psychiatric consultations and patient volume in North Carolina decreased with the onset of the pandemic (March 2020) by 66.9% and 25.2%,
respectively. After the introduction of video consultations, psychiatric consultations were 39.1% lower compared to prepandemic data [34].

• Daily telemental health visits to the Department of Veterans Affairs rose from 1739 to 11,406 (+556%) in the weeks following the pandemic
declaration (March 2020). Daily in-person encounters fell from 57,296 to 10,931 (−81%) [38].

• In an American eating disorder multidisciplinary unit, the yearly average inpatient census by month changed from 31.92 (SD 5.33; before the
COVID-19 pandemic) to 19.33 (SD 4.5; March 2020 to May 2020) (59% of the usual census), owing to the implementation of telehealth strategies
in most aspects of the services (eg, new admission evaluation, psychotherapy, and group therapy) [39].

• After the onset of COVID-19 (April-May 2020), the average monthly utilization of telehealth services within the Medical University of South
Carolina’s Women’s Reproductive Behavioral Health Program (which provides outpatient mental health and substance use treatment to pregnant and
postpartum women within obstetric practices) increased by 90% compared to the data prior to the pandemic [62].
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• Comparing delivery of telemental health services in New York (USA) before, during, and after the lockdown, there was a tendency for adult patients
(n=1115, 21,131 sessions) to prefer telehealth compared to children (n=1374, 22,163 sessions) (P<.001). In this service, telehealth was implemented

in March 2020 (onset of lockdown) but patients returned to prefer face-to-face visits when in-person services resumed in May and June 2020 (χ2=21.745,
P<.01) [49].

• Data were compared for the number of mental health consultation visits made by cancer patients face-to-face in April-September 2019 and both
face-to-face and virtually in April-September 2020. In 2020, the number of inpatient consultations (330 vs 623), referrals (127 vs 175), and outpatient
visits (448 vs 550) decreased. Of the outpatient visits, 359 were telephone contacts, 69 were video visits, and only 20 were in person [71].

• Data from the Veterans Health Administration (VHA), the largest integrated health care system in the United States, showed that before the pandemic
(October 2019 to February 2020), VHA had 1.5 to 1.8 million visits per month, of which 85% were in-person visits, 11% were by telephone, and 5%
were by video. The use of telepsychiatry increased with the pandemic, and in June 2020, there were 1.5 million visits, of which 19% were in person,
59% were by telephone, and 20% were by video [73].

Descriptive study

• During March 2020, a large child psychiatry department registered an overall reduced number of study visits (645 vs 358) over a 1-month period,
with a shift toward phone and home-based telemental health (n=171 and n=160, respectively), compared to in-person visits (n=27) [76].

• In the 2 weeks before the implementation of the “Addiction Telehealth Program” (ATP) in April 2020, which is a telephone-based program to reduce
treatment access barriers for people with substance use disorders staying at San Francisco’s COVID-19 isolation and quarantine site, the program
received 10 calls from other health care providers, whereas in the 6 weeks after the implementation (April 10-May 25, 2020), there were 59 consultations
for the isolation and quarantine site [60].

• Data from the Johnson Depression Center and the Steven A. Cohen Military Family Clinic at the University of Colorado Anschutz Medical Campus
showed that the change to telemental health helped reduce no-show rates from 11.4% (n=57) in the 2 weeks before the pandemic (March 2-13, 2020)
to 7.8% (n=38) after implementation of telehealth (March 30-April 10, 2020). In the following months (April-September 2020), the no-show rate was
stable, with a rate between 5.5% and 8.5%, and a 26.2% increase in overall completed visits [61].

• During the first wave (March-September 2020), a psychosocial oncology service in the United States continued to provide visits through telepsychology
for 93% of established patients (n=85), while 4 patients left the service and 2 patients preferred to wait for the reintroduction of face-to-face visits.
The service also received 263 new referrals and delivered a first visit for 50.6% (n=133), with 82% (n=109) as digital visits and 18% (n=24) as
face-to-face visits [63].

• In New York, a telephone-based model was implemented during the pandemic to continue to address substance use within emergency departments
(SBIRT program). In 13 weeks, there were 228 incoming calls, 190 outgoing calls, and 4 voicemails processed. Moreover, 108 (26%) calls were with
patients, 13 (3%) with family/friends, 224 (53%) with staff members, and 79 (19%) with treatment providers [47].

Survey/audit

• Of the 818 mental health care professionals in the United States who reported using telepsychiatry during the pandemic (April-May 2020), 500
(61%) used both video and telephone, 273 (33%) used only telephone, and 45 (6%) used only video. Among the advantages cited, flexible scheduling
or rescheduling, timely appointment starts, and lack or reduction of no-shows were reported. Among the raised concerns, there were technical difficulties
and difficult access to video platforms, forcing the provider and patient to conduct visits telephonically despite both parties preferring 2-way video
[44].

• A survey of psychologists showed that the use of telepsychology increased with the pandemic, compared to data prior to the pandemic (before
January 2020), from 7.07% (SD 14.86) to 85.53% (SD 29.24) of the total activity [68].

• In a survey about the use of telepsychology, data showed that most therapists who already used telepsychology before COVID-19 reported an overall
increase in requests for therapy services from current patients (36.5%), whereas 41% of those who had started to use telepsychology during the
pandemic reported an overall decrease. Both groups reported a decrease in the number of requests from new clients (45% and 53%, respectively) [75].

Central and South America

Brazil

Descriptive study

• In a community mental health service in Brazil, telephone contact was possible for 61% of 154 treated patients, with 29% being advised face-to-face
visits through regular service attendance, and around 7% of service users were unable to be contacted, despite several attempts [74].

Chile

Before-after study

• During the early pandemic, a large private academic health network implemented a new telemental health service. In Santiago, the number of visits
delivered during this period via telepsychiatry was comparable to the 24.7% of visits delivered in 2019 by the face-to-face service [40].

Dominican Republic

Descriptive study

• In Santo Domingo, a team of volunteers consisting of 598 psychologists and 70 psychiatrists provided telephone counseling during the pandemic.
In the period from March 25 to May 17, 2020, they conducted 6800 phone interventions [66].
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Discussion

Principal Findings
Our systematic review found that face-to-face delivery of mental
health services was reduced at the start of the pandemic period,
with a reduction in the total number of delivered visits and few
mental health services forced to close. To meet mental health
needs, the use of TMH rapidly increased across high-income
countries and low- and middle-income countries at the beginning
of the pandemic, with almost complete virtualization of many
services by the end of the first year. To the best of our
knowledge, this is the first review that, using a preplanned
systematic approach, has collected quantitative reports on the
extent to which the COVID-19 pandemic impacted mental health
services internationally. Moreover, in presenting findings within
the context of the relevant COVID-19 Stringency Index, service
changes can be understood in the context of how strict national
restrictions were throughout the pandemic.

At the beginning of the pandemic, TMH was increasingly
adopted by mental health services to overcome the challenges
related to COVID-19 restrictions, with a steep rise during the
confinement period and, in general, during periods when the
COVID-19 Stringency Index was higher. In some settings, this
implementation was followed by a greater number of total health
care consultations than in previous years, when the only option
was face-to-face visits (eg, [34,52,55-58]). Moreover, it also
involved specific and specialist (tertiary) mental health service
provisions, such as emergency department or services dedicated
to postpartum women and patients with cancer. This adaptation
was essential to continue following up patients who may have
been considered at high risk or as a vulnerable category during
the pandemic due to their specific conditions.

The transition to the use of TMH was reported across high- and
middle-income countries, but there were no studies from
low-income countries. TMH provision has great potential in
low-and middle-income countries due to large geographical
distances and limited availability of mental health services to
cover the population needs [85], combined with reduced health
system capacity during the COVID-19 pandemic [86]. However,
very few studies quantitively assessed the impact of the
COVID-19 pandemic in middle-income countries (Iran, Turkey,
Dominican Republic, India, China, and Brazil) and none
assessed the impact specifically in low-income or African
subcontinent countries. This is despite reports of the rollout of
TMH in African nations to provide quicker and more extensive
access to mental health services [87]. Additionally, models of
service transformation in high-income countries may be difficult
to replicate or be less relevant in these settings [88]. Clearly,
quantitative data are needed to understand the impact of the
COVID-19 pandemic on mental health services and longer-term
changes, both positive and negative, in low- and middle-income
countries [89].

Although some services provided evidence of a gradual shift
back to face-to-face contact with a reduction in the COVID-19
Stringency Index (eg, after the initial lockdown period), virtual
delivery methods continued to be used more than in the
prepandemic period and, in some cases, remained the method

for the majority of patients. This may not have been universal
across all services and may have varied with patient preferences
and specific characteristics. For example, a US study found that
telehealth was less preferred for children after the confinement
period compared to adults due to difficulties delivering therapy
to them remotely [49]. Moreover, findings indicated that TMH
was favored for psychiatric consultations and support services,
but less for psychotherapy in both adult and child services [49].
This was despite the findings of a recent systematic review that
videoconferencing was an accessible and feasible modality for
therapy delivery to adult patients, with comparable levels of
therapeutic alliance between virtual and in‐person therapy
[90]. This apparent discrepancy might be due to the challenging
settings that clinicians and patients faced using the newly created
TMH services during the pandemic, but it also suggests that the
problems might be remedied by providing training (for both
patients and clinicians) in TMH to improve delivery of therapies
[15]. Clinicians’attitudes toward TMH may also have an impact
on its implementation in daily practice. As shown in a recent
systematic review on barriers to and facilitators of TMH during
the pandemic, clinicians reported a reduction in their ability to
develop and maintain a therapeutic relationship during televisits
[91]. This aligns with prepandemic data that showed that
clinicians’ perspectives on TMH can be a major barrier to the
uptake of the virtual modality [92]. Other factors influencing
clinicians’ adoption of TMH include perceptions of how
effectively this can be delivered, fears that aspects of in-person
care may be missed in virtual encounters (eg, observation of
physical signs such as tremor, fidgeting, and anxiety), and
satisfaction with plans for handling clinical emergencies at a
distance [92,93]. Moreover, a survey conducted in Hong Kong
during the pandemic highlighted the need for mental health staff
to receive dedicated training on clinical, technological, and
program-specific aspects when providing TMH [94]. There is
well-established guidance on virtual consultations to support
health care professionals in the pandemic [95-97]. This includes
physical examination, risk assessment, and management of
emergency situations such as agitation/aggression, suicidality,
and domestic violence [98]. During the COVID-19 pandemic,
charities and other organizations reported an increase in cases
of domestic violence and provided guidance on the safe
assessment of domestic abuse during virtual contacts [99].
Although these recommendations may have been helpful to
guide staff through the first period of the pandemic, training for
clinicians will be crucial to take advantage of TMH in standard
clinical care beyond the pandemic [15]. For example,
implementing telehealth as part of the formal training for
psychiatric residents has been proposed as an effective means
of developing these skills [100].

While TMH was implemented for most patients, there were a
small number of specific groups where it was not possible to
be used alone, and instead, a hybrid model was used, combining
face-to-face and digital strategies. This included services
providing treatment with clozapine or depot medication, and
electroconvulsive therapy. During the pandemic, such services
applied several strategies to reduce the risk of exposure for these
patients (eg, increasing the timing between blood monitoring
for clozapine, new infection control measures, and social
distancing) [101], but face-to-face contact could not be avoided
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completely. This highlighted that while teleassessment may
have similar advantages and disadvantages independently to
patient diagnoses, implementation of telemedicine in treatment
management will face different barriers in different diagnostic
groups. For instance, telemedicine has been typically used for
the treatment of some diagnoses, such as anxiety and eating
disorders [102,103], while programs addressing other diagnostic
groups are now emerging [104].

Due to financial barriers, digital literacy, and features of chronic
mental illness, a reliance on TMH services is not feasible for a
minority of community patients [84]. Studies describing these
clinical groups report a higher prevalence of certain diagnoses
(eg, schizophrenia or schizoaffective disorder) [84], while others
indicated several barriers, such as lack of digital literacy or
confidence to make full use of a telephone, and lack of an
appropriate device or broadband required to connect with
clinicians [105]. In resource-limited settings during the
COVID-19 pandemic, mental health staff working for Médecins
Sans Frontières used audio-only platforms for 80% of TMH
care interventions [106]. Despite this, over half of the patients
were unreachable using these interventions, mainly due to poor
network coverage, lack of communication devices, or lack of a
private space at home [106]. For these patients, specific
provision of a device or broadband might be necessary.
Investment in providing these resources will have to be balanced
at a country level against the costs associated with the
anticipated increase in mental health problems. Moreover,
appropriate training in TMH as well as the use of digital tools
specifically for patients may increase access to and acceptability
of virtual means. For instance, the DOORS (Digital
Opportunities for Outcomes in Recovery Services) program
provides an example of training to increase digital literacy and
confidence in patients with first-episode psychosis and serious
mental illness [104]. Such models will need to be developed
locally to match the needs of local populations and clinical
groups.

Limitations
Our study has some limitations. A systematic review relies on
the quality of the primary papers, and in this case, although we
found 55 articles on TMH, 19 were case reports or case series
presenting descriptive data on local services, with limited
generalizability. To address this, we grouped our findings
according to the country of origin, considering differences in
the local service structure, local needs, and stringency of
confinement measures during the pandemic. In addition, we
found limited reports on middle-income countries, and no reports
from the African subcontinent or from low-income countries.
Absent data do not represent evidence for the lack of

effectiveness or feasibility, as services (such as those in African
nations) may have implemented TMH without publishing
quantitative data. The lack of representation of low- and
middle-income countries in published health research is well
documented [107], but without data, it is difficult to assess the
impact of the pandemic on mental health services in these areas.
Since the literature on COVID-19 is growing at a rapid pace, it
is likely that relevant articles have been published after our final
search and are therefore not included in our review. Finally, the
aim of our project was to collect information about the changes
and difficulties that mental health services faced at the start of
the pandemic. Therefore, we limited the data collection to the
first year of the pandemic. Future studies should evaluate
whether these implementations will be confirmed or further
refined.

Conclusions
During sudden health emergencies or disasters, such as the
COVID-19 pandemic, mental health services cannot rely on
face-to-face activities to provide care to all patients. The
implementation of TMH has been demonstrated as feasible and
widespread in different countries, allowing mental health
services to continue the provision of essential care for patients,
even during times of extreme confinement. Although many
high-income countries and some middle-income countries were
able to transition mental health services to digital delivery, this
brought some challenges. While TMH was predominantly used
in the acute pandemic, some findings showed a reduction in its
use with time. Further training and support will be needed to
maintain the benefits of TMH and to address barriers, such as
digital exclusion. The pandemic can be seen as an opportunity
to explore the benefits of TMH in enabling broader access to
high-quality psychiatric treatment in the longer term [108].
Telehealth delivery methods are not only useful tools for the
acute pandemic, but also have a role in addressing the
anticipated increase in mental health needs after the immediate
disruption and in preparation for future emergencies [15].
However, specific subgroups of patients will likely need or
prefer face-to-face care, while others may not have access to
virtual means. A blended approach, combining in-person and
virtual modalities, that takes into consideration the needs,
preferences, and digital skills of patients may suit the future
development of mental health services, but this requires further
investigation that considers acceptability to patients, carers, and
clinicians. Delivering effective and equitable blended approaches
will require confidence in using digital technologies, training,
and experience in all modalities [108,109] to ensure that the
benefits of TMH and associated eHealth technologies spark a
transformation that is sustained beyond the immediate crisis.
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Abstract

Background: Wait times impact patient satisfaction, treatment effectiveness, and the efficiency of care that the patients receive.
Wait time prediction in mental health is a complex task and is affected by the difficulty in predicting the required number of
treatment sessions for outpatients, high no-show rates, and the possibility of using group treatment sessions. The task of wait
time analysis becomes even more challenging if the input data has low utility, which happens when the data is highly deidentified
by removing both direct and quasi identifiers.

Objective: The first aim of this study was to develop machine learning models to predict the wait time from referral to the first
appointment for psychiatric outpatients by using real-time data. The second aim was to enhance the performance of these predictive
models by utilizing the system’s knowledge while the input data were highly deidentified. The third aim was to identify the factors
that drove long wait times, and the fourth aim was to build these models such that they were practical and easy-to-implement
(and therefore, attractive to care providers).

Methods: We analyzed retrospective highly deidentified administrative data from 8 outpatient clinics at Ontario Shores Centre
for Mental Health Sciences in Canada by using 6 machine learning methods to predict the first appointment wait time for new
outpatients. We used the system’s knowledge to mitigate the low utility of our data. The data included 4187 patients who received
care through 30,342 appointments.

Results: The average wait time varied widely between different types of mental health clinics. For more than half of the clinics,
the average wait time was longer than 3 months. The number of scheduled appointments and the rate of no-shows varied widely
among clinics. Despite these variations, the random forest method provided the minimum root mean square error values for 4 of
the 8 clinics, and the second minimum root mean square error for the other 4 clinics. Utilizing the system’s knowledge increased
the utility of our highly deidentified data and improved the predictive power of the models.

Conclusions: The random forest method, enhanced with the system’s knowledge, provided reliable wait time predictions for
new outpatients, regardless of low utility of the highly deidentified input data and the high variation in wait times across different
clinics and patient types. The priority system was identified as a factor that contributed to long wait times, and a fast-track system
was suggested as a potential solution.

(JMIR Ment Health 2022;9(8):e38428)   doi:10.2196/38428
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Introduction

The length and predictability of wait times are important factors
that impact patient satisfaction, treatment effectiveness, and the
efficiency of care that the patients receive. Providing patients
with accurate wait time predictions and informing them about
potential appointment delays increase the patients’ satisfaction
level and enable care providers and staff members to manage
the patient flow more effectively and efficiently [1-3]. Lengthy
wait times are significantly associated with prognosis
deterioration in mental health care [4] and are associated with
higher rates of no-shows that adversely impact wait time
management. The issue of long wait times is worse for children
and youth with mental health problems, with some waiting as
long as 2.5 years [5].

A great deal of research has been conducted on wait time
prediction and identification of factors that drive lengthy wait
times in physical health care sectors, including emergency
departments [6], maternity emergency rooms [7], radiology
departments [3], and oncology departments [8]. These wait time
prediction models are usually developed for systems in which
care is provided during a single visit to a care provider and the
care is provided to patients individually. In contrast, mental
health care is offered in a different context: the care is usually
provided through multiple consecutive visits, the number of
which is not necessarily known at the beginning of treatment,
and the care can be provided to a group of patients, as in group
consultation sessions. In addition, the psychiatric clinics also
face a high rate of no-shows that make the task of wait time
prediction even more difficult. Because of these intrinsic
differences in the care provided for patients with physical
problems and psychiatric patients, the wait time models
developed for physical care cannot be readily used in the context
of psychiatric care.

The task of predicting wait times becomes even more
challenging when the available data are highly deidentified, that
is, all direct identifiers (such as name, address, license plate)
and quasi identifiers (such as gender, date of birth, zip code)
are removed. Although it is a common practice to deidentify
research data by removing the direct identifiers, the removal of
quasi identifiers makes highly deidentified data more attractive
from the privacy point of view, but at the same time, it
compromises the utility of the information in the data that can
otherwise be used to analyze and improve the system [9,10].

We use state-of-the-art machine learning (ML) methods to
predict outpatient wait times at a tertiary mental health hospital
by using real-time highly deidentified data. In addition, we use
these models to identify key factors that drive the wait times.
ML methods are sophisticated tools that can capture hidden
patterns in large and imperfect data more effectively than
conventional linear regression methods. ML methods are
resistant to noise in the data and they quickly adapt to
operational changes in wait time management processes without
human supervision [11-14]. ML methods have been widely used
in the mental health care sector for diagnosis [15-18], prognosis
[19-22], treatment [23-25], and other medical purposes. A few

literature review papers provide systematic surveys of these
papers [26-29]. However, to the best of our knowledge, ML
methods have not yet been applied to provide wait time
prediction in the mental health care sector, although other health
care sectors have benefitted from these sophisticated methods
in their waiting list management.

A system’s knowledge is obtained through systems thinking,
which is defined as seeing the relationship among components
(rather than seeing the components individually) and observing
the patterns of change (rather than static “snapshots”) [30]. In
the context of an emergency department, it has been shown that
ML models provide more accurate wait time predictions when
they are enhanced with the system’s knowledge in the presence
of quasi identifiers such as age and gender [31]. We obtain and
use the system’s knowledge to enhance the predictive power of
our ML models in the absence of quasi identifiers.

The first objective of this study was to develop 6 ML methods
(namely, linear regression, random forest, weighted k-nearest
neighbors, support vector machine, neural network, and decision
tree) for real-time prediction of wait time for new outpatients
in 8 outpatient clinics in Ontario Shores Centre for Mental
Health Sciences (Ontario Shores) in Ontario, Canada. The
second objective was to enhance the predictive power of ML
models by using the system’s knowledge while having highly
deidentified input data. The third objective was to assess variable
importance to understand what factors drove long wait times.
The fourth objective was to develop models such that care
providers could understand and use them relatively easily
without the need for background knowledge on ML models and
their implementation.

Methods

Data Source and Data Preparation
In this research, we used highly deidentified retrospective
administrative data from Ontario Shores to build ML models
for predicting new outpatients’ wait times. Our focus was on 8
outpatient clinics, namely, Anxiety and Mood Disorders (AMD)
Clinic, Traumatic Stress Clinic, Borderline Personality
Self-Regulation Clinic, Women’s Clinic, Prompt Care Clinic,
Prompt AMD, Prompt Transitional Aged Youth, and Prompt
Adolescent Consultation. Our data included 4998 patients whose
first appointment was between April 1, 2017 and September
30, 2019 (both days inclusive). We excluded 30 (0.6%) patients
because of missing referral dates. Selection of patients based
on the date of their first appointment, rather than their referral
date, had caused a selection bias in favor of 2 groups of patients:
(1) those who had longer wait times among patients whose
referral date was just before April 1, 2017 and (2) those who
had shorter wait times among patients whose referral date was
just before September 30, 2019. To address this selection bias,
we removed all patients whose referral date was before April
1, 2017, and for each clinic, we removed all patients whose
referral date was after September 30, 2019 minus the 80th
percentile of the wait times in that specific clinic. After
removing the biased data, we were left with 4187 referral entries.
Table 1 shows the breakdown of patient count by clinic.
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Table 1. Summary statistics of patients’ wait time across different clinics (N=4187).

Median daysMean (SD) daysPatients (n)Clinic

6498.08 (105.71)298Anxiety and Mood Disorders Clinic

165173.85 (113.58)203Traumatic Stress Clinic

112107.42 (60.33)181Borderline Personality Self-Regulation Clinic

7580.19 (47.08)155Women’s Clinic

2129.05 (23.90)2338Prompt Care Clinic

205.5186.42 (138.16)436Prompt Anxiety and Mood Disorders Consultation

3754.5 (45.77)402Prompt Transitional Aged Youth Consultation

90.597.14 (57.17)174Prompt Adolescent Consultation

Variables

Outcome Variable
We aimed to predict the wait time, defined as the time from
referral to the first appointment.

Predictor Variables Included in Our Data Set
Relevant variables for each patient were selected from the
electronic health record. The medical variables included referral
date, triage date, priority level (low, medium, and high)
designated at triage, all appointment dates, status of each
appointment (attended, no-show, and cancelled), and possible
status changes while waiting or receiving care. 

Engineered Predictor Variables
To better understand how our 8 clinics provided care to their
patients, we had monthly feedback sessions with the care
providers. In these sessions, components of the care system
were identified and their interactions were outlined. Figure 1
presents a schematic view of the care processes at our clinics
of interest. At first, care providers (usually family doctors) sent
referrals to Ontario Shores. Then, a triage clinician assessed the
patients and made intake decisions (accept or decline). Accepted
patients entered the wait list associated with each clinic and
remained there until the first appointment with their clinician.
The outcome variable, wait time, was actually the wait time of

the primary queue, as presented in Figure 1. Primary queue
patients who were ahead of the new arrival directly impacted
the new patient’s wait time. Understanding how the system
worked led us to understand that although follow-up queues
were downstream to the primary queue, they also indirectly
impacted the wait time of the new patients. This indirect impact
happened because the follow-up queues utilized the same
resources (clinicians) that the primary queue utilized. Therefore,
the new patient’s wait time depended on how much of the
resource capacity was utilized by the follow-up queues. Another
important output from our systems analysis discussions was
that the clinics had utilizations close to 100%, which meant all
of the care capacity offered by the clinics were assigned to
patients. This helped us to approximate the offered care capacity
by adding up the provided care. Obtaining the system’s
knowledge led us to define and measure the following predictor
variables: (1) number of patients from each priority level in
primary and follow-up queues, (2) the accumulative wait time
of patients from each priority level who were in follow-up
queues, (3) the accumulative amount of service (treatment) that
patients from each priority level in follow-up queues (note that
the amount of service received in the primary queue is zero)
had already received, (4) the accumulative amount of time
patients from each priority level had already spent in follow-up
queues, and (5) the total care capacity during 30-, 60-, and
90-day time windows just before the referral date.

Figure 1. A schematic view of an outpatient receiving mental health care.

Missing Values
Some patients were missing their designated priority level at
triage. However, those patients had a priority designated to them
at a later date (possibly owing to re-evaluations while waiting).
If a priority level at triage was missing, we replaced that with
the priority level designated at the closest date after triage.

Dimensionality Reduction
High dimensionality, that is, having too many variables in a
model, may cause many complications, including overfitting

and producing a higher sampling variance (ie, sensitivity to
small fluctuations in the training set) [32-34]. We reduced the
dimensionality of our data by selecting a subset of variables
(and discarding the rest) while retaining as much information
as possible from all variables. We kept all of the medical
variables, and among variables obtained from systems analysis,
we calculated the pairwise Pearson correlation and removed the
redundant information if the correlation was larger than 90%,
as in [35].
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Outliers
We used the generalized extreme studentized deviate method
to identify the outliers [36]. This method iteratively applies the
generalized extreme studentized deviate test and progressively
evaluates anomalies by removing potential outliers and
recalculating the test statistic and the associated critical value.
The procedure continues until all outliers are identified.

ML Methods

Implementation
We examined 6 different ML methods, namely, linear
regression, random forest, weighted k-nearest neighbors, support
vector machine, neural network, and decision tree [11]. We used
R version 4.0.2 (2020-06-22) and developed all our predictive
models in the tidymodels ecosystem of packages [37]. The
tidymodels ecosystem was used to streamline the modeling
procedure and to avoid coding variations caused by using
separate packages for each ML tool. Streamlining the modeling
procedure simplified the implementation and debugging steps
and therefore made the models more likely to be used by Ontario
Shores.

Tuning and Evaluation
For each of the ML modeling approaches, there were multiple
hyperparameters that we needed to tune to make sure that the
obtained output was the best (or close-to-best) possible from
that model. To obtain good models and to avoid overfitting,
data for each clinic were randomly divided into training (75%
of the data) and testing (the remaining 25%) sets. First, we
applied the Latin hypercube sampling method [38] to create the
search grid within the range of values of each hyperparameter.
Then, we selected the best value for each hyperparameter by
conducting an exhaustive grid search using the 10-fold
cross-validation method. As our outcome variable, wait time,
was continuous, we used the root mean square error (RMSE)
to compare the performance of different models.

Ethics Approval
This study was approved by the Research Ethics Boards at
Ontario Tech University (15596) and Ontario Shores
(19-009-D).

Results

Summary Statistics
The summary statistics of our data for different clinics are shown
in Table 1. The average wait time widely varied between the
clinics from 29 days for Prompt Care Clinic to 186 days for
Prompt AMD Consultation. For more than half of the clinics,
the average wait time was longer than 3 months. We also
calculated the median wait times, which varied between 21 days
for Prompt Care Clinic and 205.5 days for Prompt AMD
consultation, and confirmed long wait times. Our data also
showed large standard deviation values, which varied between
23.9 days for Prompt Care Clinic and 138.16 days for Prompt
AMD consultation. Having a high variation among patients’
wait times made it difficult for both care providers and patients
to be able to plan ahead.

The summary statistics of the appointments across different
clinics are shown in Table 2. In total, the data set included
30,342 appointments out of which 4862 (16%) were no-shows.
The number of scheduled appointments widely varied among
clinics, from 307 appointments for Prompt Adolescent
Consultation to 10,506 appointments for Borderline Personality
Self-Regulation Clinic. The proportion of no-shows also widely
varied across different clinics, from 2.9% (17/584) for Prompt
AMD and Transitional Aged Youth Clinics to 22.2% (623/2804)
for Women’s Clinic. Figure 2 shows the average wait time and
95% CI of all patients stratified by the priority level and clinic.
This figure illustrates that low-priority patients had the longest
wait time in all clinics, except for the Women’s Clinic, where
the medium-priority patients had the longest average wait time.

Table 2. Summary statistics of all the appointments and no-show appointments per patient across clinics.

No-show appointments (n=4862)All appointments (N=30,342)Clinic

MedianMean (SD)Patients, n (%)MedianMean (SD)Patients (n)

24.54 (6.84)1431 (20.9)1721.68 (23.03)6830Anxiety and Mood Disorders Clinic

45.57 (5.30)1148 (20.4)2627.27 (16.08)5617Traumatic Stress Clinic

57.98 (7.71)1453 (13.8)42.557.73 (50.18)10,506Borderline Personality Self-Regulation Clinic

23.99 (5.16)623 (22.2)17.517.97 (14.53)2804Women’s Clinic

00.07 (0.32)158 (4.9)11.34 (0.8)3167Prompt Care Clinic

00.03 (0.19)17 (2.9)11.08 (0.28)584Prompt Anxiety and Mood Disorders Consultation

00.03 (0.18)14 (2.6)11.05 (0.22)527Prompt Transitional Aged Youth Consultation

00.10 (0.37)18 (5.8)11.74 (2.3)307Prompt Adolescent Consultation
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Figure 2. The mean wait time with 95% confidence interval by priority level and clinic. AMD: Anxiety and Mood Disorders; BP: Borderline Personality;
Consult.: Consultation; TAY: Transitional Aged Youth.

Model Performance
We first applied our dimensionality reduction approach to the
training set. Variables introduced in the section “Engineered
Predictor Variables” appeared to contain similar information.
We dropped all of them except for “Number of patients from
each priority level in primary and follow-up queues.” We used
these variables along with variables introduced in the section
“Predictor Variables Included in Our Data Set” to build our ML
models. Table 3 displays the best RMSE values obtained from
each of the models for each of the clinics when we included the
engineered predictors. For each clinic (ie, each row), the best
performing method is italicized. As different clinics followed

different operational schemes and their wait times had different
profiles, there was not a single ML model that outperformed
all of the rest across all clinics. However, the random forest
method appeared to be the most promising method as it provided
the minimum RMSE values for 4 (out of the 8 clinics) and the
second minimum RMSE for the other 4 clinics. It is notable
that the linear regression method, regardless of its simplicity,
outperformed other ML methods at some clinics such as
Women’s Clinic. This can be attributed to the existence of linear
patterns in the data [39], having small sample sizes [40], and
the fact that the grid search method provides an optimal
combination of the selected subset of hyperparameter values,
but it cannot guarantee the global optimality of the output [13].

Table 3. Comparison of the root mean square error of different machine learning methodsa.

Decision treeNeural net-
work

Support vec-
tor machine

K-nearest
neighbors

Random forestLinear regres-
sion

Clinic

50.6583.4452.6470.3749.8966.88Anxiety and Mood Disorders Clinic

102.71108.3686.698.9593.5494.02Traumatic Stress Clinic

56.1661.9850.6151.9449.4750Borderline Personality Self-Regulation Clinic

56.7346.9339.634236.1633.45Women’s Clinic

17.1316.8717.1316.8316.4919.04Prompt Care Clinic

131.28142.53117.83125.64119.6121.25Prompt Anxiety and Mood Disorders Consultation

28.3428.9223.5626.326.1929.82Prompt Transitional Aged Youth Consultation

20.8426.619.1331.818.0420.4Prompt Adolescent Consultation

aFor each clinic (ie, each row), the best performing method is italicized.

Hyperparameter Tuning
Table 4 displays the list of hyperparameters that we used to tune
each of the ML methods, the range of values for each
hyperparameter, and the selected values for the AMD clinic.
The selected values varied across clinics.

Table 5 displays the selected values of the random forest
hyperparameters across different clinics. For some settings, the
neural network method with 1 hidden layer could be the same
as the linear regression method [12]; to avoid duplications, we
did not consider such settings for the neural network method.
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Table 4. Hyperparameters used for tuning the machine learning methods and their selected values for the Anxiety and Mood Disorders Clinic.

ExplanationSelected valueRangeMachine learning method, parameter

N/AN/AN/AaLinear regression

Random forest

Number of predictors at each split161 to 20mtry

Minimum node size142 to 40min_n

K-nearest neighbors

Number of neighbors to consider131 to 15neighbors

Minkowski distance parameter0.210.1 to 2dist_power

Kernel function for weighting sample distributionRectangular—bweight_func

Support vector machine

The cost of wrong predictions22.312–10 to 25cost

Radial basis function parameter10–1.7610–10 to 100rbf_sigma

Epsilon for support vector machine insensitive loss function0.110 to 0.2margin

Neural network

Number of units in the hidden model91 to 10hidden_units

Amount of weight decay10–0.3910–10 to 100penalty

Number of training iterations993101 to 103epochs

Decision tree

Cost/complexity parameters10–8.0210–10 to 10–1cost_complexity

Maximum depth of the tree31 to 15tree_depth

Minimum node size172 to 40min_n

aN/A: not applicable.
btriweight, triangular, rectangular, rank, optimal, inv, gaussian, epanechnikov, cos, biweight.

Table 5. Hyperparameters of the random forest method across different clinics.

Minimal node sizeCount of treesCount of splitting variablesClinic

14100016Anxiety and Mood Disorders Clinic

29100017Traumatic Stress Clinic

3110002Borderline Personality Self-Regulation Clinic

39100017Women’s Clinic

39100017Prompt Care Clinic

30100019Prompt Anxiety and Mood Disorders Consultation

10100011Prompt Transitional Aged Youth Consultation

10100011Prompt Adolescent Consultation

Variable Importance
The random forest method provides measures of importance
for predictor variables. These measures of importance help the
user to identify variables that have the most and the least impacts
on the outcome variable. Figure 3 displays the importance of
predictor variables, measured by impurity (variance of the
responses) at the AMD Clinic. The rankings of the importance
of predictor variables were similar to those shown in Figure 3
at other clinics. According to Figure 3, priorityUpdate,

countCurrentlyInService, and queueSize were the most
influential variables. In our models, priorityUpdate variables
denoted the last priority assigned to each patient,
countCurrentlyInService variables denoted how many patients
of different priority levels were currently receiving service (ie,
were in the follow-up queues) at the referral time, and queueSize
variables denoted how many patients of different priority levels
were waiting in the primary queue at the referral time. The
seasonality variables did not play important roles in wait time
prediction.
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Figure 3. Importance of the predictor variables, measured by impurity (variance of the responses), at the Anxiety and Mood Disorders Clinic.

Discussion

Current State
Although operations management and ML tools have been
widely used in different sectors of care for physical diseases to
improve the waiting list management, there has not been such
studies in the mental health care sector. Previous research has
demonstrated positive effects of operational and policy
improvements that have taken place to improve the wait list
management in physical health care, for example, cancer care
[41]. In 2015, the Canadian Wait Time Alliance [42] reported
that although there had been significant progress in the wait
time management in 5 areas of focus in the 2004 Health Accord
(hip and knee replacement, cataract, bypass surgery, radiation
therapy, and diagnostic imaging), mental health care struggled
with long waiting times and required immediate attention
nationwide. That report also outlined that universal measures

did not even exist to track access to psychiatric care across the
country. Loebach and Ayoubzadeh [43] compared the waiting
times for psychiatric patients and patients with physical
problems in the province of Ontario, Canada, and concluded
that while the former group often ended up waiting beyond the
target waiting times specified by the province, the latter group
often received their treatments within the target time window.

No-show Rates
In addition to adverse impacts that long wait times have on
patients’health conditions, they also cause higher no-show rates
that cause operational complications for health care managers
[44,45]. The no-show rate may depend on factors such as wait
time and quality of care and may vary between 5% and 80% in
different health care sectors [44,45]. Figure 4 illustrates the
positive correlation between longer wait times and higher
no-show rates in our data, which indicates that shortening wait
times may decrease the no-show rates as well.
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Figure 4. Correlation between no-show appointments and wait times. AMD: Anxiety and Mood Disorders; BP: Borderline Personality; Consult.:
Consultation; MH: Mental Health; TAY: Transitional Aged Youth.

Random Forest Method
In this research, we applied 6 different ML methods to predict
wait times in mental health care and to identify factors that drive
the long wait times. The input data were highly deidentified,
which limited the data utility. The random forest method
enhanced by the system’s knowledge turned out to be the most
promising method. The good performance of this model could
be attributed to some appealing computational features of the
random forest method, including its low sensitivity to outliers
and its ability in capturing complex interactions between
predictor variables [46]. From a practical point of view, another
appealing feature of the random forest method is its relatively
low sensitivity to parameter tuning [46]. Identifying the random
forest method as a superior ML method to predict wait times is
consistent with findings of [47] that identify this method as the
most accurate method to calculate the probability of waiting
more than 1 day before receiving treatment for patients with
opioid use disorder.

Managerial Insights
The impurity measure of variable importance, which was the
basis for ranking predictive variables in Figure 3, indicates that
the total amount of increase in the mean square error of the
model output resulted from a random permutation of each
variable in the test set. According to Figure 3, the long wait
times can be attributed to the usage of the priority system in
assigning the care resources to patients. In priority systems,
low-priority patients are preceded by patients from higher
priority levels and may end up waiting an extended period of
time to receive a relatively simple treatment. It is likely that
during their long wait times, low-priority patients are changed
to higher-priority patients owing to condition deterioration. This
phenomenon has been observed in other health care sectors,
and using the “fast-track” system for low-priority patients has
been suggested as a potential solution [48-50]. In a fast-track
system, the waiting line is broken into 2 separate lines: one for
low-priority patients and one for patients with higher priorities.
One potential advantage of this approach is that because of the
simpler nature of care required by low-priority patients, they
can be attended by “less-trained” clinicians, freeing up the
“more-trained” clinicians for patients with more complex needs.

One potential disadvantage of the fast-track system is that the
improvement in waiting time of low-priority patients may come
at the cost of longer wait times for patients with higher priorities.

Limitations
Small sample sizes coupled with very large variations within
wait times of each clinic imposed the main limitation in this
study. There was also a significant difference between the wait
time profiles of clinics such that the generalized models for all
clinics performed poorly in comparison to models for individual
clinics. In addition, the following approximations also impacted
the accuracy of model predictions.

1. Care Resource Capacity Limitation: There was no access
to the real capacity offered to patients at each clinic at a
given day and therefore, we created proxy variables to
approximate the capacity.

2. Group Meeting Limitation: Of the clinics that we reviewed
within Ontario Shores, the AMD, Traumatic Stress,
Borderline Personality Self-Regulation, and Women’s
clinics provided care through group meetings where
multiple patients attend at the same time. The dynamics of
group visits in clinics that provide group treatments were
not clear and therefore, we could not explicitly capture the
potential impacts of these treatments on wait times.

Conclusion
In this study, we used retrospective highly deidentified
administrative data from 8 clinics at Ontario Shores to build 6
different ML models to predict wait times. We enhanced our
models by system knowledge to mitigate the limiting impact of
deidentification on our data utility. The data included 4187
patients who received care through 30,342 appointments. The
random forest method provided the minimum RMSE values for
4 of the 8 clinics and the second minimum RMSE for the other
4 clinics. The priority system was identified as a factor that
contributed to long wait times, and a fast-track system was
suggested as a potential solution. Despite the challenges with
the wait time source data, this research provided Ontario Shores
with a deeper understanding of the extent of and contributors
to their wait times on a clinic-by-clinic basis. This research
provided Ontario Shores with information and knowledge to
pursue quality improvement initiatives to reduce wait times.
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