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Abstract

Background: Mobile health (mHealth) apps offer new opportunities to deliver psychological treatments for mental illness in
an accessible, private format. The results of several previous systematic reviews support the use of app-based mHealth interventions
for anxiety and depression symptom management. However, it remains unclear how much or how long the minimum treatment
“dose” is for an mHealth intervention to be effective. Just-in-time adaptive intervention (JITAI) has been introduced in the mHealth
domain to facilitate behavior changes and is positioned to guide the design of mHealth interventions with enhanced adherence
and effectiveness.

Objective: Inspired by the JITAI framework, we conducted a systematic review and meta-analysis to evaluate the dose
effectiveness of app-based mHealth interventions for anxiety and depression symptom reduction.

Methods: We conducted a literature search on 7 databases (ie, Ovid MEDLINE, Embase, PsycInfo, Scopus, Cochrane Library
(eg, CENTRAL), ScienceDirect, and ClinicalTrials, for publications from January 2012 to April 2020. We included randomized
controlled trials (RCTs) evaluating app-based mHealth interventions for anxiety and depression. The study selection and data
extraction process followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines.
We estimated the pooled effect size using Hedge g and appraised study quality using the revised Cochrane risk-of-bias tool for
RCTs.

Results: We included 15 studies involving 2627 participants for 18 app-based mHealth interventions. Participants in the
intervention groups showed a significant effect on anxiety (Hedge g=–.10, 95% CI –0.14 to –0.06, I2=0%) but not on depression
(Hedge g=–.08, 95% CI –0.23 to 0.07, I2=4%). Interventions of at least 7 weeks’ duration had larger effect sizes on anxiety
symptom reduction.

Conclusions: There is inconclusive evidence for clinical use of app-based mHealth interventions for anxiety and depression at
the current stage due to the small to nonsignificant effects of the interventions and study quality concerns. The recommended
dose of mHealth interventions and the sustainability of intervention effectiveness remain unclear and require further investigation.
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Introduction

More than 250 million people worldwide have depression or
anxiety, which are the 2 most common mental illnesses that
contribute to the global burden of disease [1]. The recent
coronavirus disease pandemic has further increased the numbers
of people reporting symptoms of anxiety and depression [2].
Both psychological and pharmacological therapies have been
reported to effectively reduce the symptoms of mental illness.
Yet, depression and anxiety disorders are notably undertreated
due to a variety of barriers, such as lack of access to treatments
and reluctance to get treatments because of social stigma and
unawareness of symptoms [3]. The ongoing pandemic resulting
in restrictions on social and physical distancing has posed
additional challenges to these individuals, worsening
undertreatment [2].

Mobile health (mHealth) apps leverage the ubiquity of mobile
devices and the mobile-cellular telecommunication infrastructure
and offer new opportunities to deliver psychological treatments
for mental illness in an accessible, private format [4]. As the
affordability and accessibility of smartphones are increasing,
mobile apps are becoming the main component of many
interventions promoting mental wellness and thus could be an
exceptional tool to support mental health care delivery [5,6].
Research effort has been made to develop and examine mobile
app-based interventions to improve patient engagement in
symptom management and reduce mental illness symptoms.
For instance, several smartphone apps are available for
delivering self-directed cognitive behavioral therapy (CBT) for
those with depression [7]. Other psychotherapies that are feasible
to be facilitated by apps include acceptance and commitment
therapy (ACT), problem-solving therapy (PST), and
psychoeducation [8,9].

Several previous systematic reviews and meta-analyses have
supported the use of app-based mHealth interventions for
anxiety and depression symptom management. Firth et al [10,11]
have reported a small-to-moderate effect size for both anxiety
and depression symptom reduction following interventions
delivered fully or partially by smartphone compared to control
groups (anxiety: Hedge g=.33, 95% CI 0.17-0.48, P<.01;
depression: Hedge g=.38, 95% CI 0.24-0.52, P<.001). Another
recent systematic review reported similar results supporting the
use of stand-alone smartphone apps for depression (Hedge
g=.34, 95% CI 0.18-0.49, P<.001) and anxiety (Hedge g=.43,
95% CI 0.19-0.66, P≤.001) symptom reduction [12]
Nevertheless, although previous studies have examined
intervention features and components to identify the most
effective design for app-based mHealth interventions [10,12],
due to the various study lengths (ie, 4 weeks, 6 weeks, 3 months,
6 months), it remains unclear how much or how long the
minimum treatment “dose” is for an mHealth intervention to
be effective.

Just-in-time adaptive intervention (JITAI) has been introduced
in the mHealth domain to facilitate behavior changes; it proposes
the use of ongoing information (individuals’ changing status)
to adapt the delivery of the intervention in its type, timing, or
amount (intensity) [13]. The goal of JITAI is to increase an
individual’s acceptance of the intervention as the intervention
is delivered “at the moment and in the context that the person
needs it most and is most likely to be receptive” [14].
Smartphones are an ideal platform to deliver JITAIs because
individuals’ responses and their location can reveal whether the
intervention is delivered and received at its maximum capacity.
JITAI has been used to support health behaviors changes, such
as physical activity [15,16], healthy diet [17,18], weight loss
[19], and addiction [20-22]. A recent meta-analysis of 31 JITAI
studies found significant effects of JITAI on improving health
outcomes and enhancing study retention and intervention
adherence [13,23,24]. JITAI emphasizes intervention tailoring
to meet individual needs to achieve the best outcomes; thus,
JITAI strategies regarding intervention dose (ie, type, amount,
and timing of delivery) are positioned to guide the design of
mHealth interventions with enhanced adherence and
effectiveness.

In this study, our primary goal was to evaluate and update the
evidence of app-based mHealth interventions for anxiety and
depression symptom reduction through a systematic review and
meta-analysis. In addition, inspired by the JITAI framework,
we examined the effective mHealth dose for anxiety and
depression symptoms where information was available. In other
words, what is the minimum amount of usage or exposure to
an mHealth app to effectively reduce anxiety and depression
symptoms? To the best of our knowledge, this is the first
systematic review and meta-analysis to examine the
effectiveness of mHealth in anxiety and depression from a dose
perspective.

Methods

Design
We conducted this systematic review and meta-analysis and
reported the results following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) guidelines
[25].

Search Strategy
We searched the published literature using keywords and
strategies designed by the team with the assistance of a medical
librarian. These strategies were created using a combination of
controlled vocabulary terms and plain keywords (Multimedia
Appendix 1). Databases that were searched were Ovid
MEDLINE, Embase, PsycInfo, Scopus, Cochrane Library (eg,
CENTRAL), ScienceDirect, and ClinicalTrials. We limited the
search to studies published from January 2012 to April 2020.
All searches were completed on April 30, 2020.
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Study Selection
Studies were included if they (1) evaluated an app-based
mHealth intervention designed to treat anxiety or depression or
both, (2) measured symptoms of anxiety or depression, (3) were
published as original research/trials in peer-reviewed journals,
and (4) were written in English. We included studies that
examined interventions delivered in part via mobile apps (ie,
smartphone + regular phone call). We excluded studies if they
(1) evaluated interventions not delivered in real-world settings
(eg, only delivered within a laboratory or clinical setting), (2)
evaluated interventions not delivered through a
hand-held/mobile device, (3) only measured intervention
usability or adherence but not the intervention effect on anxiety
or depression symptoms or outcomes, (4) only measured
physical stress responses but not any psychological
anxiety-related symptoms, (5) did not include a control group
and an experimental/comparison group with a random allocation
process, or (6) used a quasi-experimental or other study design
without a random allocation process.

Quality Appraisal
We used the revised Cochrane risk-of-bias tool for randomized
trials (RoB 2) [26] to assess each included study in 5 domains:
(1) risk of bias arising from the randomization process, (2) risk
of bias due to deviations from the intended interventions (effect
of assignment to intervention), (3) risk of bias due to missing
outcome data, (4) risk of bias in outcome measurement, and (5)
risk of bias in selection of the reported result. The assessor rated
each domain as “low risk of bias,” “some concerns,” or “high
risk of bias,” which constituted an overall risk-of-bias judgment
for the study. Every included study was assessed by at least 2
assessors; any discrepancies were resolved through a consensus
discussion during our team meeting.

Data Extraction
We developed a Microsoft Excel spreadsheet to facilitate
systematic data extraction through iterative discussions. We
extracted the following data from the included studies: study
details (authors, journal, year of publication, study purposes),
study design (sample size, participant eligibility criteria, control
type), interventions (theoretical foundations and app
components), and outcomes, including data for calculating the
effect size at study endpoints and follow-ups. In addition, we
obtained intervention dose design information, if available,
including frequency, duration, length, and timing of delivery,
to examine the minimum effective intervention dose. For
outcomes, we extracted primary outcomes relevant to anxiety
and depression from the included studies. If a study did not
indicate the primary outcome or had multiple primary outcome
measures, we used data from the most used clinically validated

instruments (ie, the State-Trait Anxiety Inventory [STAI] for
anxiety and the Patient Health Questionnaire-9 [PHQ-9] for
depression).

Data Synthesis
To pool the effect size of the interventions for each of the
depression and anxiety measurements from the included studies
with various measures, we computed Hedge g by taking the
difference in the mean scores (1) between the intervention and
control groups at each reported time point (between-group
comparison) as well as (2) between the different time points
following the interventions and the preintervention (ie, baseline)
for the intervention groups (pre-post comparison). These time
points included any reported time points during the interventions
and during the follow-up after the conclusion of the
interventions. For each comparison, we pooled and analyzed
these Hedge g values for the target time point using both
random-effect and fixed-effect models. The between-group and
pre-post comparisons were also analyzed at the conclusion of
the designed study intervention for depression and anxiety,
respectively. Further, we used line graphs to visualize the pooled
Hedge g values by time point, including follow-ups, to facilitate
the analyses of dose-dependent effects and substantiality of the
interventions.

We evaluated heterogeneity between studies using I2, which
measures the percentage of total variance that can be explained.

Study heterogeneity is considered low when I2<25%, moderate

when I2 ranges from 25%-75%, and high when I2>75% [27].
We also visually and statistically evaluated publication bias
using funnel plots and the Egger test [28]. The pooled effect
accounting for missing studies was assessed using the Duval
and Tweedie trim-and-fill analysis [29]. In addition, we
conducted subanalyses to compare the effect sizes generated
from studies that targeted both depression and anxiety symptom
reduction by pooling and analyzing Hedge g values at the end
of the study.

Results

Study Selection and Characteristics
Our search strategy yielded a total of 9837 citations from the 7
databases, including ClinicalTrials. After removing duplicates,
we screened 3921 (39.9%) abstracts and excluded 3467 (88.4%)
citations that did not meet our inclusion criteria. We then
reviewed 454 (11.6%) full-text articles and further excluded
436 (96%) studies based on our exclusion criteria (Figure 1).
Of the remaining 18 (4%) studies, 15 (83%) were included in
the meta-analysis; 3 (17%) studies did not report the data for
meta-analysis [30-44].
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Figure 1. PRISMA flowchart for study selection. PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses.

We summarize the characteristics, interventions, and primary
outcomes of the studies included in our meta-analysis (N=15)
in Tables 1 and 2. A total of 1942 participants were included
in the 15 studies. These studies were conducted in the United
States (n=4, 26%) [32,34,38,40], Germany (n=2, 13%) [36,39],
Sweden (n=2, 13%) [31,43], Australia (n=1, 7%) [35], Japan
(n=1, 7%) [37], Korea (n=1, 7%) [44], Switzerland (n=1, 7%)
[41], Taiwan (n=1, 7%) [42], and the United Kingdom (n=1,
7%) [33]; in addition, 1 (7%) study recruited participants
worldwide (the total percentage is more than 100% due to
rounding) [30].

The most frequently targeted population was adults (age≥18
years) self-reporting anxiety or depression symptoms (n=6,
40%) [30,34,36,38,40,41]. Other examined populations included
university students (n=2, 13%) [33,39]. Australian indigenous
youth (n=1, 7%) [35], and people with a diagnosis of cancer
(n=2, 13%) [32,44], social anxiety disorder (n=1, 7%) [31],
major depressive disorder (n=2, 13%) [37,43], and general
anxiety disorder (GAD; n=1, 7%) [31].

A total of 18 mobile apps were examined in the studies, with 8
(44%) targeting depression symptom management, 4 (22%)
targeting anxiety reduction, and 6 (34%) targeting both anxiety
and depression (Table 2). The majority of the mHealth apps

facilitated various CBTs (n=12, 67%) [31-33,35-39,41-44].
Other therapies included ACT (n=1, 6%) [35], mindfulness and
breathing relaxation techniques (n=1, 6%) [30], self-esteem and
acceptance of the present (n=1, 6%) [40], and attentional bias
modification (n=1, 6%) [42]. The length of intervention ranged
from 4 to 12 weeks, with 4 weeks being the most commonly
used length (n=5, 28%) [30,33,36,40,42]. Most apps were
designed to be used on a daily basis.

Various instruments were used as primary outcome
measurements. For depression, most studies used the Beck
Depression Inventory-II (BDI-II) as their primary outcome
measure (n=5, 33%) [38,41-44]. Other depression assessment
tools included the PHQ-9 (n=4, 27%) [34-37] and the Center
for Epidemiologic Studies Depression Scale (CES-D; n=2, 13%)
[39,40]. There were no common anxiety assessment tools across
the studies. There were a total of 8 different measurements used
in the studies, including the STAI (n=2, 13%) [42,44], the 6-item
short-form of the STAI (n=2, 13%) [33,39], GAD-7 (n=1, 7%)
[30], the Hamilton Anxiety Rating Scale (HAM-A; n=1, 7%)
[32], the Beck Anxiety Inventory (BAI; n=1, 7%) [43], the
Liebowitz Social Anxiety Scale-Self Report (LSAS-SR; n=1,
7%) [31], and the Social Interaction Anxiety Scale (SIAS; n=1,
7%) [41].
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Table 1. Characteristics of the included studies (N=15).

Outcome measuresAssessment
time points

Age (years),
mean (SD)

Sample sizeStudy populations/eligibility
criteria

Author (year), country

Control, nIntervention, n

Anxiety

GAD-7, ASI, OA-
SIS

Baseline, week
2, week 4 end
point (EP)

18-34 (51)Waitlist: 3231Anxiety Sensitivity Index
(ASI)-3≥16, Overall Anxi-
ety Severity and Impairment
Scale (OASIS)≥8, GAD-

7a≥6

Pham (2016),
global

LSAS-SR, PHQc-9,
GAD-7

Baseline, week
3, week 7 (EP),
follow-up (FU)

Intervention
group (Txt): 35.4
(11.0); bibliother-

Bibliotherapy:
70; waitlist: 69

70Diagnosis of social anxiety
disorder (SAD), LSAS-

SRb≥30

Boettcher (2018),
Sweden

week 3, FUapy: 35.9 (14.1);
week 7, FUcontrol group

(Ctrl): 35.0 (11.6) week 9, FU
week 41

HAM-Ae, HADS,
PHQ-9

Baseline, week
12 (EP)

Txt: 55.9 (12.4);
Ctrl: 57.0 (10.1)

Education con-
trol: 73

72Age≥18 years, diagnosis of
incurable solid tumor, Hospi-
tal Anxiety and Depression

Greer (2019),

United Statesd

Scale (HADS) anxiety sub-
scale>7, Eastern Coopera-
tive Oncology Group
(ECOG)=0-2

STAIf-S-6, PHQ-9,
DASS-21

Baseline, week
2, week 4 (EP),
FU week 2

Txt: 19.9 (1.83);
Ctrl: 19.8 (1.8)

Waitlist: 7472University students, Depres-
sion Anxiety Stress Scales
(DASS)-21 stress sub-
scale>14 or DASS-21 anxi-
ety subscale>7

Ponzo (2020),

United Kingdomd

Depression

PHQ-9Baseline, week
3, week 6 (EP),
FU week 4

N/RgWaitlist: 10Boost me=10;
thought chal-
lenger=10

Age≥18 years, PHQ-9>10,
Quick Inventory of Depres-
sive Symptoms (QIDS)>11

Stile-Shields
(2019), United

Statesd

PHQ-9Baseline, week
6 (EP)

Txt: 27.5 (9.5);
Ctrl: 25.0 (6.3)

Waitlist: 3031Australian indigenous youth
(age 18-35 years), PHQ-
9>10 or 10-item Kessler

Tighe (2017),
Australia

Psychological Distress Scale
(K10)>25

PHQ-9Baseline, week
4 (EP)

Txt: 41.2 (11.9);
Ctrl: 44.6 (10.7)

Waitlist: 4444Subjective need for a depres-
sion symptom reduction in-
tervention

Ludtke (2018),
Germany

PHQ-9, BDI-IIBaseline, week
5, week 9 (EP),
FU week 8

Txt: 40.2 (8.8);
Ctrl: 41.6 (8.9)

Medication
change only: 83

81Age 25-59 years, diagnosis
of major depressive disor-

der, BDIh-II≥10, currently

Mantani (2017),
Japan

taking and resistant to 1 an-
tidepressant

BDI-IIWeek 2, week
3, week 4, week

Moodivate: 43.8
(13.3); MoodKit:

Treatment as
usual (TAU): 9

Moodivate: 24;
MoodKit: 19

Age 18-65 years, PHQ-8>10Dahne (2019),

United Statesd

5, week 6, week
7, week 8 (EP)

44.7 (14.0); Ctrl:
43.1 (11.9)

Both anxiety and depression

STAI-6, CES-DiBaseline, week
7 (EP), FU
week 5

Txt: 24.0 (4.6);
Ctrl: 24.2 (3.6)

Waitlist: 7575University students, per-
ceived stress posttreatment
(PSS)-4≥8

Harrer (2018),
Germany

CES-D, GAD-7Baseline, week
2, week 4 (EP),
FU week 2

CBT/PPT SB:
42.3 (12.6); gener-
al SB: 38.0
(11.3); Ctrl: 40.3
(13.1)

Waitlist: 93General SB: 97;

CBTj/positive
psychotherapy
SuperBetter
(PPT SB): 93

Age≥18 years, CES-D≥16Roepke (2015),
United States
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Outcome measuresAssessment
time points

Age (years),
mean (SD)

Sample sizeStudy populations/eligibility
criteria

Author (year), country

Control, nIntervention, n

SIAS, LSAS-SR,
BDI-II

Baseline, week
12 (EP), FU
week 12

Txt: 34.7 (9.9);
Ctrl: 35.2 (12.1)

Waitlist: 3060Age≥18 years, ≥cut-off

score on SIASk or Social
Phobia Scale (SPS), Diag-
nostic and Statistical Manu-
al of Mental Disorders,
Fourth Edition (DSM-IV)
diagnosis of SAD

Stolz (2018),
Switzerland

STAI-S, STAI-T,

BDI-II, BAIl
Baseline, week
2, week 3, week
4 (EP), FU
week 4

Txt: 21.5 (2.2);
placebo: 21.5
(1.6); waitlist:
21.5 (1.6)

Placebo: 30;
waitlist: 22

30Age 25-35 years,
PSWQ>60, DMS-IV diagno-
sis of GAD subscale

Teng (2019), Tai-
wan

BDI-II, PHQ-9, BAIBaseline, week
9 (EP), FU
week 24

Txt: 30.2 (11.9);
Ctrl: 31.0 (11.0)

Face-to-face be-
havior activa-
tion therapy: 47

46Age≥18 years, PHQ-9≥5,
DMS-IV diagnosis of major
depression

Ly (2015), Swe-
den

BDI-II, STAI-T,
STAI-S

Baseline, week
10 (EP)

Txt: 41.9 (11.3);
attention control:
43.5 (10.4); wait-
list control: 47.1
(11.2)

Waitlist: 26; at-
tention control:
26

28Age 16-65 years, diagnosis
of cancer, BDI-II≥16 or
STAI>39

Ham (2019), Ko-

read

aGAD-7: Generalized Anxiety Disorder-7.
bLSAS-SR: Liebowitz Social Anxiety Scale-Self Report.
cPHQ: Patient Health Questionnaire.
dStudies were not included in the previous meta-analyses we identified.
eHAM-A: Hamilton Anxiety Rating Scale.
fSTAI: State-Trait Anxiety Inventory.
gN/R: not reported.
hBDI: Beck Depression Inventory.
iCES-D: Center for Epidemiological Studies Depression Scale.
jCBT: cognitive behavioral therapy.
kSIAS: Social Interaction Anxiety Scale.
lBAI: Beck Anxiety Inventory.
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Table 2. Intervention characteristics of the included studies (N=15).

Additional componentsLengthIntended doseApp contentsAuthor (year), country

Anxiety

N/Ab4 weeksN/RaPham (2016), global • Flowy app: minigames for breathing retraining
with reward feedback

Internet-based CBT with 9
modules

6 weeksDaily useBoettcher (2018),
Sweden

• CBTc with gamification and life skill challenges

N/A10-12
weeks

6 sessions (20-30 min-
utes each) with home-
work (10 -15 minutes
each)

Greer (2019), United

Statesd
• CBT with psychoeducation, activity planning,

problem solving, staying present, thought creation,
and summary/review

“Biobeam” wristband for
passive data collection

4 weeksDaily usePonzo (2020), Unit-

ed Kingdomd
• BioBase: CBT and self-compassion-based psychoe-

ducational content, mood tracking, and relaxation
exercises (physical activity, sleep

pattern, and heart rate)

Depression

Weekly coaching via
phone or email to enhance
intervention adherence

6 weeksN/RStile-Shields (2019),

United Statesd
• Boost Me: behavioral activation (BA) with activity

scheduling, aiming to increase rewarding activities
and monitoring of mood

• Thought Challenger: CBT involving identifying
and apprising maladaptive thoughts and creating
adaptive counter thoughts

N/A6 weeksN/RTighe (2017), Aus-
tralia

• iBobbly: ACTe with identifying thoughts, feelings,
and behaviors; learning distancing techniques;
regulating emotions through mindfulness, accep-
tance, and self-soothing activities; and identifying
values, goals, personalized action plans

N/A4 weeksA few minutes per dayLudtke (2018), Ger-
many

• Good to Yourself: CBT with cognitive strategies,
mindfulness, social competence skills, activating
exercises

Antidepressant switch to
escitalopram (5-10

8 weeks1 session/week with 20
minutes/session (not in-
cluding homework)

Mantani (2017),
Japan

• Kokoro: CBT, mood monitoring, BA, and home-
work

mg/day) or to sertraline
(25-100 mg/day)

N/A8 weeksAt least once per dayDahne (2019), Unit-

ed Statesd
• Moodivate: BA (psychoeducation, value identifica-

tion, activity planning based on values, completion
badges)

• MoodKit: CBT (thought identification/modifica-
tion, mood tracking, journaling, activity schedul-
ing)

Both anxiety and depression

N/A7 weeks30-90 minutes/module
with 1-2 modules/week
for 8 modules total

Harrer (2018), Ger-
many

• CBT with social support, rumination, time manage-
ment, procrastination, text anxiety, sleep, motiva-
tion, nutrition, exercise, mood diary, motivational
messages, and online eCoach

N/A4 weeks10 minutes/dayRoepke (2015),
United States

• SuperBetter: gamified app to increase drive to ac-
complish goals and build social support

• SuperBetter“ version with CBT/positive psychother-
apy (PPT): same app with additional CBT content
adapted from PPT and 2 classic CBT (cognitive
restructuring and behavioral activation)
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Additional componentsLengthIntended doseApp contentsAuthor (year), country

Weekly feedback from a
coach

12 weeks1 module/week• CBT with motivational enhancement, psychoedu-
cation, cognitive restructuring, self-focused atten-
tion, behavioral experiments, summary and repeti-
tion, healthy lifestyle and problem solving, and
relapse prevention

Stolz (2018),
Switzerland

N/A4 weeks3 times/day• Home-delivered attentional bias modification (HD-
ABM): administers attention training for which
disgusted and neutral facial expressions are used
as stimuli; target “probe” replacing only the neutral
face

Teng (2019), Tai-

wand

Face-to-face behavior acti-
vation therapy

9 weeksN/R• CBT with recall (statistics and summaries) and
save important nondepressed behavior, a behavior
activity database for providing suggestions, sup-
port, and inspiration; a bake-end system for thera-
pists monitoring participants' activities; and a
messaging system for communication between
participants and therapists

Ly (2015), Sweden

N/A10 weeks10-15 minutes/session
with a quiz for 48 ses-
sions

• HARUToday: CBT with psychoeducation, BA,
relaxation training, cognitive restructuring, problem
solving, and point reward system

Ham (2019), Koread

aN/R: not reported.
bN/A: not applicable.
cCBT: cognitive behavioral therapy.
dStudies were not included in the previous meta-analyses we identified.
eACT: acceptance and commitment therapy

Risk-of-Bias Assessment
Most studies (n=10, 67%) [30-32,34-36,38,39,41,42] were rated
as “some concerns” for bias, and 3 (20%) [33,40,44] were rated
as “high risk of bias” (Figure 2). All studies reported adequate
randomization sequence generation and allocation concealment.
In addition, 3 (20%) studies [33,42,44] reported unclear
information concerning their approaches adjusting the effects
of intervention nonadherence on outcomes, and 2 (13%) studies
had a high attrition rate and provided no information about their

approaches addressing missing data. Blinding of outcome
assessment was not possible for most included studies due to
the use of self-reported outcome assessments; thus, the results
of most studies (n=13, 87%) [30-34,36-41,43,44], although
unlikely, may be influenced by the awareness of the intervention
received. Concerning outcome reporting, we found no evidence
to suspect selective reporting for all studies. There was no
evidence of publication bias according to the funnel plots and
Egger test (Multimedia Appendix 2).
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Figure 2. Diagram summarizing the result of our risk-of-bias evaluation among the 15 included studies using the Cochrane risk-of-bias tool for RCTs.
RCT: randomized control trial.

Effectiveness of mHealth Apps in Anxiety and
Depression
Of the included 15 studies, 10 (67%) [30-33,40-42] examined
the effectiveness of app-based mHealth interventions in anxiety
management. When compared to the preintervention, at the
conclusion of the interventions, participants receiving the
interventions showed a statistically significant effect on anxiety
symptoms (Hedge g=–.20, 95% CI –0.31 to –0.09, heterogeneity

I2=0%, P=.79); see Figure 3a. Similarly, when compared to the
control groups, at the conclusion of the interventions,
participants receiving the interventions showed a statistically
significant effect on anxiety symptoms (Hedge g=–.10, 95% CI

–0.14 to –0.05, heterogeneity I2=0%, P>.99); see Figure 3b.

Of the included 15 studies, 11 (73%) [32-36,39-44] evaluated
the effectiveness of app-based mHealth interventions in
depression management. When compared to the preintervention,
at the conclusion of the interventions, participants receiving the
interventions showed a statistically significant effect on
depression symptoms (Hedge g=–.25, 95% CI –0.39 to –0.11,

heterogeneity I2=3%, P=.42); see Figure 4a. However, when
compared to the control groups, at the conclusion of the
interventions, participants receiving the interventions did not
show a statistically significant effect on depression symptoms

(Hedge g=–.08, 95% CI –0.23 to 0.07, heterogeneity I2=4%,
P=.41); see Figure 4b.
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Figure 3. Pooled effect size of mHealth apps on anxiety symptom management at the conclusion of the intervention: (a) before-after comparison for
the intervention groups and (b) comparison between intervention and control groups. BAI: Beck Anxiety Inventory; CBT: cognitive behavioral therapy;
GAD: generalized anxiety disorder; HAM-A: Hamilton Anxiety Rating Scale; HD-ABM: home-delivered attentional bias modification; LSAS-SR:
Liebowitz Social Anxiety Scale-Self Report; mHealth: mobile health; PPT: positive psychotherapy; STAI: State-Trait Anxiety Inventory; WL: waitlist.

JMIR Ment Health 2022 | vol. 9 | iss. 9 |e39454 | p.11https://mental.jmir.org/2022/9/e39454
(page number not for citation purposes)

Lu et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


Figure 4. Pooled between-group effectiveness of mHealth apps on depressive symptom management: (a) before-after comparison for the intervention
groups and (b) comparison between intervention and control groups. BDI: Beck Anxiety Inventory; CBT: cognitive behavioral therapy; CES-D: Center
for Epidemiological Studies Depression questionnaire; HD-ABM: home-delivered attentional bias modification; mHealth: mobile health; PHQ: Patient
Health Questionnaire; PPT: positive psychotherapy; TAU: treatment-as-usual; WL: waitlist.

Effects of mHealth Interventions on Depression vs
Anxiety
Our subgroup analysis included 8 (53%) studies [31,32,39-44]
evaluating the effectiveness of their interventions in both
depression and anxiety. The results indicated that the
intervention groups showed a significant effect on both anxiety

(Hedge g=–.23, 95% CI –0.36 to –0.10, heterogeneity I2=0%,

P>.99) and depression (Hedge g=–.22, 95% CI –0.39 to –0.06,

heterogeneity I2=15%, P=.31) compared to baseline (Figures
5a and 5b). However, compared to the control groups (waiting
list), mHealth interventions showed a significant effect only on
anxiety at the conclusion of the interventions (Figure 5c) but
not on depression (Figure 5d). This shows that mHealth
interventions are more likely to improve anxiety but not
depression.
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Figure 5. Subanalysis of pooled within-group and between-group effects of mHealth interventions on anxiety (upper panel) and depression (lower
panel) from studies evaluating intervention effects on both anxiety and depression (n=8): (a) within-group comparison for the intervention groups for
anxiety, (b) comparison between intervention and control groups for anxiety, (c) within-group comparison for the intervention groups for depression,
and (d) comparison between intervention and control groups for depression. BAI: Beck Anxiety Inventory; BDI: Beck Anxiety Inventory; CBT: cognitive
behavioral therapy; CES-D: Center for Epidemiological Studies Depression questionnaire; GAD: generalized anxiety disorder; HAM-A: Hamilton
Anxiety Rating Scale; HD-ABM: home-delivered attentional bias modification; LSAS-SR: Liebowitz Social Anxiety Scale-Self Report; mHealth:
mobile health; PHQ: Patient Health Questionnaire; PPT: positive psychotherapy; STAI: State-Trait Anxiety Inventory; TAU: treatment-as-usual; WL:
waitlist.
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Dose-Dependent Effects of the mHealth Interventions
When examining the dose-dependent effects of the mHealth
interventions, interventions longer than 7 weeks had larger effect
sizes on anxiety reduction, with a statistically significant effect
size at week 7 (Figure 6a). In contrast, the pooled effects on

depression fluctuated without a clear trend of dose-dependent
effects (Figure 6b). Regarding the sustainability of intervention
effects, the pooled effect sizes were not significant and reduced
over time during follow-ups for both anxiety and depression
(Figures 6c and 6d).

Figure 6. Pooled effects of the app-based mHealth intervention on anxiety (upper panel) and depression (lower panel) at different time points: (a)
during the designed study intervention length and (b) during the follow-up after the designed study intervention. a: number of study arms; mHealth:
mobile health.

Discussion

Principal Findings
We conducted a systematic review and meta-analysis to examine
the existing evidence on the effectiveness of app-based mHealth
interventions for anxiety and depression symptom reduction.
We included a total of 15 randomized controlled trials (RCTs),
with many studies [32-34,38,44] published after previous
reviews on a similar topic, providing an update to the current
evidence. Our meta-analysis shows that app-based mHealth
interventions have a modest but significant effect on anxiety
reduction, consistent with previous reviews [4,11,12]. This
finding adds confidence to the further development and
implementation of smartphone apps to facilitate psychological
treatments for anxiety symptom management [11]. In addition,
our results suggest that a longer intervention (ie, 7 weeks or
longer) is more likely to result in significant anxiety reduction.
This finding may explain the restricted effects in studies with
less than 7 weeks of app-based mHealth interventions. To the
best of our knowledge, this is the first meta-analysis to assess
the relationship between the app-based mHealth intervention
length and the effect of the intervention. We encourage
researchers to design a longer app-based mHealth intervention
for anxiety symptom control and to verify our findings regarding
the length of the intervention.

With regard to depression, we found that participants receiving
interventions for depression experienced little symptom
reduction that was not statistically significant. The finding is
inconsistent with other systematic reviews reporting that
smartphone apps have small-to-moderate effect sizes on
depression symptom reduction [4,10,12]. The inconsistency
could result from the fact that we included 1 measure per
outcome per study instead of averaging the data from studies
using multiple measurements for an outcome. The inconsistency
may also be because previous studies included both native
smartphone and web-based apps [4,10]. Web-based apps have
better accessibility by allowing participants to access the
interventions via various platforms [45]. In addition, the long
history of web app development led to optimal user interface
design, contributing to better usability and usefulness. Usability,
usefulness, and accessibility have been documented as the key
factors leading to successful and effective apps for mental illness
management [46]. Nevertheless, we decided to exclude
web-based apps because most studies reported no information
about the tools their participants used to access their apps, which
diminishes the purpose of our analysis on mHealth apps.

Another possible explanation of the consistency between the
results of this and previous studies can be that we included 5
[32-34,38,44] studies published after previous reviews and all
of them had insignificant effect sizes in our analysis. The effect
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sizes from the new evidence may neutralize the effect sizes from
the studies included in the previous reviews. The intervention
effect heterogeneity indicated that the optimal intervention
content, format, and dose designs remain unclear. This is further
supported by our dose-dependent analysis revealing that there
is no clear relationship between the intervention length and the
effect on depression, similar to a previous study [10].

There were 3 RCTs that met our eligibility criteria but were
excluded from our meta-analysis due to insufficient data
reported for the analysis [47-49]. All 3 studies reported positive
results toward the effects of smartphone apps facilitating CBT
on mental illness. Li et al [47] conducted a 12-week RCT and
reported that a CBT-based smartphone chatbot intervention is
efficacious for depression symptom reduction for patients with
HIV and depression at both 3 and 6 months [47]. Morbeg et al
[48] conducted a 4-week RCT and found that adult people
receiving a CBT-based smartphone app had significantly lower
anxiety and depression symptoms. Lastly, Arean et al [49]
examined 2 smartphone apps in a 4-week RCT for depression
and found that both apps generated a greater reduction, although
not significant, in the depression symptom score compared to
the control. However, we excluded these 3 studies because they
either reported statistics that cannot be used to compute Hedge
g without transformation based on assumptions or did not report
enough data for Hedge g calculation. Studies by Li et al [47]
and Morbeg et al [48] were also not included in other previous
systematic reviews. The study by Arean et al [49], after data
transformation with assumptions, was included in previous
reviews but showed inconsistent effects on depression symptom
reduction. Therefore, it was unclear whether the inclusion of
these studies would alter our results for depression. Further
researchers and reviewers should emphasize the gold standard
of reporting to enable better study comparison and synthesis
[25,50].

Consistent with previous reviews (eg, Lui et al [9]), the majority
of the included studies used mobile apps to deliver CBT for
anxiety or depression or both. Cognitive behavioral therapy has
been delivered by computer or web apps for the treatment of
various mental illnesses [51]. Our results did not suggest that
smartphone apps are not useful for facilitating CBT. Rather,
our results suggest that current evidence may be insufficient to
guide the app-based mHealth intervention design for effective
CBT-based mental illness intervention facilitation, thus requiring
more research engagement. In addition, other psychotherapies,
such as ACT, may also be effective in mental illness control
but received relatively less attention. More studies are needed
to uncover whether smartphone apps can facilitate other
psychotherapies and how effective they are.

One objective of our study was to evaluate the current dose
design of existing app-based mHealth interventions for anxiety
and depression for an understanding of the optimal mHealth
treatment length. We found that most interventions were
designed to be used on a daily basis and completed within 1.5
months [52]. However, most studies provided a paucity of
information about how much time their participants were asked
to spend on the interventions per day or per module/session of
the interventions; in addition, most studies reported no data on
how much time their participants actually spent on the

interventions (the actual intervention exposure). As a result, we
were only able to summarize the intervention effect by the
designed intervention length and dose reported in the included
studies.

Limitations and Strengths
Our review has several limitations that should be considered
when interpreting the results. First, our literature search was
restricted to English publications and resulted in a small amount
of research available compared to other meta-analyses
examining the evidence of smartphone-based interventions for
mental illness. Second, the included studies used various
outcome measures, and we extracted only the primary or
secondary measures for anxiety and depression. Although this
strategy was used in previous systematic reviews and
meta-analyses on similar topics, we might have missed the
effects detected by other measures. Both limitations might result
in our findings of limited or nonexistent efficacy of the
interventions and confidence reduction in our dose analysis
results. Finally, we included 6 studies that delivered their
interventions in part by smartphone. Although app components
were the main parts of their interventions, our results may not
represent the effects of stand-alone smartphone apps due to the
inclusion of the studies. Nevertheless, we decided to include
these studies because we considered these interventions were
still app-based mHealth interventions. In addition, small effect
sizes for 4 of the 6 studies suggest that the nonapp components
do not seem to contribute to the primary effect. Further studies,
including more studies for blended interventions (smartphone
app + other intervention components), are needed to compare
the effects of stand-alone smartphone apps and blended
interventions on mental illness management.

Despite the limitations, this review has many strengths. First,
our included studies covered several publications that were
published after 2019 [32-34,38,44] to reflect updated evidence,
which can support future development and use of app-based
mHealth interventions for anxiety and depression. Second, we
conducted several analyses assessing pooled intervention effects
at various study time points to understand the effective length
of app-based mHealth interventions. Finally, we computed the
pooled effect size of the mHealth interventions during the
follow-up period to uncover the sustainability of the intervention
effects on anxiety and depression reduction, which was not
revealed in previous systematic reviews focusing on a similar
topic [10-12]. These analyses provide innovative insights
informing the future study design of app-based mHealth
interventions assessing for anxiety and depression symptom
reduction.

Implications for Future Studies
The dose design of app-based interventions has been suggested
as an important aspect that profoundly influences intervention
effects [13,24,53]. However, incomplete and inconsistent
reporting of the intervention dose design and exposure in the
existing studies impeded our quantitative analysis exploring the
optimal intervention dose design for anxiety and depression.
Future studies should explore the effect of app-based mHealth
interventions with various dose designs and exposures for
anxiety and depression symptom management. In addition,
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research efforts are needed to improve the reporting of
intervention doses to enable comparable data for evidence
evaluation and synthesis. The use of the JITAI framework to
inform intervention design, evaluation, and reporting has
potential to enable high-quality evidence for future app-based
mHealth interventions for mental illness [13,24]. Finally,
although most studies reported that their interventions sustained
over follow-up compared to baseline, our analysis indicated
that the pooled between-group effects of the interventions were
not significant and rapidly reduced over time for both anxiety
and depression. We recommend future studies to further explore
the sustainability of symptom improvements from app-based
mHealth interventions for anxiety and depression at various
time points, including both during the study and after study
completion (follow-up).

Conclusion
In summary, although there is some evidence in using app-based
mHealth interventions for anxiety and depression symptom
reduction, clinical use cannot be recommended based on this
systematic review and meta-analysis due to the small to
nonexistent pooled effects found in existing studies, not to
mention concerns regarding study quality/reporting of the
existing studies. The effects of app-based mHealth interventions
may not yet be realized, as the optimal intervention dose is still
unclear. Future research should consider (1) adopting a
theoretical framework, such as JITAI, to inform intervention
design, evaluation, and reporting to enable high-quality evidence
for app-based mHealth interventions for anxiety and depression
care; (2) improving the reporting of data to enable comparable
data for evidence evaluation and synthesis; and (3) exploring
the sustainability of treatment benefit from the mHealth
interventions.
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Abstract

Background: An anticipated surge in mental health service demand related to COVID-19 has motivated the use of novel methods
of care to meet demand, given workforce limitations. Digital health technologies in the form of self-tracking technology have
been identified as a potential avenue, provided sufficient evidence exists to support their effectiveness in mental health contexts.

Objective: This literature review aims to identify current and potential physiological or physiologically related monitoring
capabilities of the Apple Watch relevant to mental health monitoring and examine the accuracy and validation status of these
measures and their implications for mental health treatment.

Methods: A literature review was conducted from June 2021 to July 2021 of both published and gray literature pertaining to
the Apple Watch, mental health, and physiology. The literature review identified studies validating the sensor capabilities of the
Apple Watch.

Results: A total of 5583 paper titles were identified, with 115 (2.06%) reviewed in full. Of these 115 papers, 19 (16.5%) were
related to Apple Watch validation or comparison studies. Most studies showed that the Apple Watch could measure heart rate
acceptably with increased errors in case of movement. Accurate energy expenditure measurements are difficult for most wearables,
with the Apple Watch generally providing the best results compared with peers, despite overestimation. Heart rate variability
measurements were found to have gaps in data but were able to detect mild mental stress. Activity monitoring with step counting
showed good agreement, although wheelchair use was found to be prone to overestimation and poor performance on overground
tasks. Atrial fibrillation detection showed mixed results, in part because of a high inconclusive result rate, but may be useful for
ongoing monitoring. No studies recorded validation of the Sleep app feature; however, accelerometer-based sleep monitoring
showed high accuracy and sensitivity in detecting sleep.

Conclusions: The results are encouraging regarding the application of the Apple Watch in mental health, particularly as heart
rate variability is a key indicator of changes in both physical and emotional states. Particular benefits may be derived through
avoidance of recall bias and collection of supporting ecological context data. However, a lack of methodologically robust and
replicated evidence of user benefit, a supportive health economic analysis, and concerns about personal health information remain
key factors that must be addressed to enable broader uptake.

(JMIR Ment Health 2022;9(9):e37354)   doi:10.2196/37354

KEYWORDS

Apple Watch; data; validation; mental health; psychology; precision medicine; heart rate variability; energy expenditure; sleep
tracking; digital health; mobile phone
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Introduction

Background
The COVID-19 pandemic has caused disruptions to the way
people go about their daily lives. From the changing nature of
work and employment, economic factors, the isolation brought
about by stay-at-home orders, and the uncertainty of
ever-changing health advice and medical directives, it is
anticipated that these stresses will lead to an increase in mental
health service demand beyond the current capacity [1]. The
adoption of digital health technologies can potentially alleviate
this burden.

Wearable devices are electronic sensors that are designed to be
placed onto, or near to, the skin to measure signals from the
body. Such devices can include wrist-worn devices similar to
a watch or wristband, which can pair wirelessly with a mobile
phone. Such devices have become a popular behavioral
intervention for monitoring physiological activity to promote
a healthy lifestyle [2]. Early forms of health monitoring include
pedometers that would track daily steps and derive basic energy
expenditure (EE) [3]. The potential of wearable devices for the
monitoring of health has become particularly attractive to health
care innovators seeking to enable new models of telehealth.
However, these devices monitor physiological signals or
physiologically related proxies (such as physical activity) of
the user rather than mental health. Such devices may take the
form of fitness trackers, which are typically simpler, lower-cost,
and fixed-function devices with limited capabilities. Such
devices often cannot support third-party apps, have limited user
interactivity, and focus on fitness monitoring as their primary
goal. By contrast, smartwatches are usually higher-end devices
with a richer mix of sensors and user interfaces and a flexible,
extensible software architecture permitting third-party software
access and extended features such as voice calling, media
control, and messaging. As the market matures, there are some
products that may blur the lines; however, it is the richer suite
of sensors, user interfaces, and support for third-party apps and
data access, which makes these devices attractive for mental
health research and monitoring purposes.

Mental health can be defined as “a state of wellbeing in which
the individual realizes his or her own abilities, can cope with
the normal stresses of life, can work productively and fruitfully,
and is able to make a contribution to his or her community” [4].
This state is intimately connected with physical health and forms
an integral part of general or overall health [5]. A mediation
study examined the effects of physical health on mental health
and vice versa, finding significant direct and indirect effects
and cross-effects [6]. Studies have also indicated the
effectiveness of physical activity in improving anxiety and
depressive symptoms [7]. The measurement of signals from
wearable devices that allow for an understanding of physical
activity may also allow mental health status to be inferred.

Motivation
Apple Inc has emerged as an industry leader in health
technology and wellness tracking devices [8]. The Apple Watch,
first introduced in 2015, has retained the largest market share
since its introduction and has continually advanced the

capabilities of smartwatches [9]. These devices are primarily
intended as wellness tools, garnering additional personal health
monitoring for the wearer, typically for physiological activities
such as heart rate (HR), HR variability (HRV), respiration rate,
and physiologically related measures such as EE and fall
detection. Some capabilities of these devices, such as the
electrocardiogram (ECG) function, including a supporting app,
have received Food and Drug Administration (FDA) clearance
[10], whereas other aspects of their sensors and app capabilities
have not yet been independently validated or received regulatory
clearances. Monitoring of stress using these devices has been
less studied but appears to be a promising avenue for application,
particularly in the mental health sphere.

As digital health provides a novel model of care through the
use of intelligent data, computing, and telecommunications, it
holds promise for meeting the challenges of increased mental
health demands. It can also enable precision medicine, which
provides treatments bespoke to the patient’s needs [11]. There
is interest in digital health across a number of industry sectors,
including health care providers, insurers, and businesses [12-17],
that may desire access to information on personal health through
wearable devices such as the Apple Watch.

Wider adoption of devices for mental health monitoring is, in
part, hampered by a lack of clarity regarding the devices’
capabilities, the accuracy and validity of the data that are
collected, and their applicability to mental health monitoring
and diagnosis [18-20]. This research aimed to fill this knowledge
gap by examining the embedded sensor capabilities within the
Apple Watch range, the physiological and physiologically
related metrics recorded and made available for analysis, the
validation status of these metrics within the literature, the
connections (where they exist) between relevant health
conditions associated with each metric, and implications for
treatment. This analysis was performed both in a “top-down”
approach focusing on reviewing published literature regarding
the Apple Watch and a “bottom-up” approach focusing on the
hardware and software capabilities of the Apple Watch to
identify both currently available features and potential features
that could be operationalized through the creation of customized
apps using the Apple WatchKit, CareKit, and ResearchKit
frameworks.

Methods

The literature review was conducted from June 2021 to July
2021.

Types of Studies and Materials
Various types of published studies and editorials were included.
The types of studies were extended to some unpublished (gray)
literature that was evaluated and reviewed for its suitability to
close gaps in knowledge. Other gray literature sources included
developer documentation for the HealthKit application
programming interface for storing and managing data collected
on the devices. Several opinion pieces were reviewed
contextually to further provide a professionally informed
perspective or illustrate further points of consideration. This
literature review was structured to include the literature
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concerning the monitoring of physical conditions that may
present with psychological stressors and the implementation of
the Apple Watch for such monitoring.

Search Strategy
The electronic databases selected for this literature review were
PubMed, Scopus, and Google Scholar. A list of secondary
keywords (Textbox 1) was developed with an emphasis on

“Apple Watch” and truncated keywords combined using
Boolean operators. Publication dates were restricted to 2015
onward, coinciding with the announcement of the first Apple
Watch. Other recent literature that included wearable devices
and novel developments to monitor or detect depression, anxiety,
or stress was also included in the search process, in addition to
reviews and systematic reviews.

Textbox 1. Literature review secondary search terms.

Secondary search terms

• “anxiety”

• “atrial fibrillation”

• “collection”

• “data”

• “depression”

• “digital health”

• “heart rate*”

• “insomnia”

• “mHealth”

• “monitor*”

• “oximet*”

• “physiology*”

• “psychology*”

• “remote”

• “respiration rate”

• “sens*”

• “sleep”

• “sleep apn*”

• “stress”

• “telehealth”

• “validat*”

• “wearable”

Selection Process
Published literature was included based on its use of the Apple
Watch for either physiological data validation or psychology
or mental health studies. Areas of interest for applications in
monitoring physiological stress and mental health included HR
monitoring, sleep tracking, respiration monitoring, and EE.
Other inclusion criteria included studies performed on the
suitability of wearable devices for monitoring physiological
stress and their impacts on mental health. Only publications in
English were included in the review. Screening was performed
by a primary researcher and reviewed by other authors.
Duplicate studies were removed.

Data Collection Process
Data extraction was performed using a spreadsheet that
synthesized the findings and grouped the studies. Data

management was achieved using EndNote (Clarivate Analytics)
as the bibliographic management software. Where studies did
not specify the Apple Watch Series, it was inferred by
comparing the date of publication with the Apple Watch Series
release dates.

Results

Literature Review
The literature search strategy resulted in 5583 paper titles being
identified. Screening of titles and abstracts resulted in 2.06%
(115/5583) of papers being selected and reviewed in full. Of
these 115 papers, 19 (16.5%) were identified as related to Apple
Watch validation or comparison studies, which are summarized
in Table 1.
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Table 1. Summary of Apple Watch validation studies (N=19).

OutcomeStudy focusStudy

Resilience and workload moni-
toring

Binsch et al [21],
2016

• PPGa reliable in the at-rest condition; wide-ranging outcomes during movement
• Apple Watch showed the most variance in steps and distances compared with ground

truth measurements, followed by the comparison, Fitbit Surge and Microsoft Band
• Such variances are surmised to be because of differences in data resolution and access

and underlying algorithms using accelerometer and GPS data for step count estimation

HRb and EEcShcherbina et al [22],
2017

• Lowest error in HR and EE for cycling; highest error for walking
• Apple Watch achieved the lowest overall error in HR and EE of the tested devices

(Basis Peak, Fitbit Surge, Microsoft Band, Mio Alpha 2, PulseOn, and Samsung Gear
S2)

HR and EEDooley et al [23],
2017

• Apple Watch HR mean absolute percentage error was between 1.14% and 6.70%, not
significantly different during baseline and vigorous-intensity treadmill exercise; lower
HR in light- or moderate-intensity treadmill exercise and recovery

• EE mean absolute percentage error was between 14.07% and 210.84%, measuring
higher EE in all states compared with the criterion measure (Parvo Medics TrueOne
2400), with greater errors for higher BMI and the male population

• HR and EE results were mostly better than other tested devices (Fitbit Charge HR and
Garmin Forerunner 225)

HRWang et al [24], 2017 • Apple Watch had 95% differences between −27 bpmd and +29 bpm; concordance cor-
relation coefficient was 0.91; accuracy diminished with exercise.

HRVeHernando et al [25],
2018

• Apple Watch RR interval data were found to contain gaps lasting 6.5 seconds per gap,
averaging 5 gaps per recording, not correlated with stress or relaxation case

• The cause is surmised to be because of failure to detect reliable pulses from PPG data
• Temporal HRV indices were not significantly affected, but frequency-based LFf and

HFg power showed a significant decrease
• Apple Watch was able to successfully detect mild mental stress

Moderate-intensity exerciseAbt et al [26], 2018 • Apple Watch threshold for moderate-intensity exercise was lower than the defined

criterion of 40% to 59% VO2Rh, leading to overestimation of moderate-intensity exercise
minutes

Maximal HRAbt et al [27], 2018 • Apple Watch had good to very good criterion validity for measuring maximal HR with
no substantial under- or overestimation

• Moderate and small errors were found for simultaneous recording from left versus right
watches

Sleep monitoringRoomkham et al [28],
2019

• Apple Watch raw acceleration data were used to compute ENMOi for classification
• Apple Watch had high accuracy (97.3%) and sensitivity (99.1%) in detecting sleep and

adequate specificity (75.8%) in detecting wakefulness

AFjPerez et al [29], 2019 • Apple Watch irregular rhythm notification was triggered on 0.52% of 419,297 partici-
pants

• Of those who returned an ECGk patch, 84% of subsequent notifications were confirmed
to be AF

• A total of 34% of ECG patches returned identified AF in part because of the transient
nature, suggesting that Apple Watch may be useful for ongoing monitoring

EENuss et al [30], 2019 • Apple Watch overestimated EE in women and underestimated EE in men
• Pooled relative error was 24.3%, 18.6% for men, and 19.9% for women
• Neither device showed accurate results compared with EE measured with a MetCart

HRThomson et al [31],
2019

• ECG correlation was strongest for very light intensity with a >0.90 concordance corre-
lation coefficient

• Most relative error rates were <5% with a maximum of 5.73%
• Apple Watch was more accurate in recording HR than the Fitbit Charge HR 2
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OutcomeStudy focusStudy

• Apple Watch 3 was generally accurate across a 24-hour period compared with ECG;
the mean difference was −1.8 bpm, the mean absolute error was 5.86%, and the mean
agreement was 95%

• Apple Watch was more accurate than Fitbit Charge 2

HR and passive monitoringNelson and Allen
[32], 2019

• Apple Watch showed good correlation without systematic error comparing Apple Watch
PPG HR with ECG ground truth

• Apple Watch showed a systematic overestimation of EE compared with indirect
calorimetry

• Apple Watch HR accuracy was clinically acceptable

HR and EE in patients with
cardiovascular disease

Falter et al [33], 2019

• Apple Watch 4 showed the highest validity in measuring HR, followed by Polar Vantage
V, Garmin Fenix 5, and Fitbit Versa

• The coefficient of variation for HR was 0.9% to 4.3% and, for EE, it was 13.5% to
27.1%

HR and EEDüking et al [34],
2020

• The walking error was 2.6%; jogging error was 5.1%
• HR limit of agreement was −2.2 to 1.8 bpm for walking and −3.5 to 4.3 bpm for jogging
• Apple Watch displayed a high level of agreement and was highly accurate

Step counting and HREspinosa et al [35],
2020

• Patients with AF showed a correlation coefficient of 0.7 between Apple Watch 4 and
telemetry

• Apple Watch 4 HR was more accurate for patients in the AF condition than for those
not in the AF condition

• Caution suggested in Apple Watch HR monitoring in patients with arrhythmia

HR in patients with AFSeshadri et al [36],
2020

• Apple Watch 4 notification correctly identified AF in 34 of 90 instances (41% sensitiv-
ity), with no false positives and 31% inconclusive

• The agreement between Apple Watch 4 and telemetry was 61%
• Apple Watch–exported ECG PDF files showed AF in 84 of 90 instances (96% sensitiv-

ity), no false positives, and 2 failures to generate PDFs
• Agreement between Apple Watch 4 ECG PDFs and telemetry was 98.9%
• Further validation is required because of the high inconclusive result rate

AFSeshadri et al [37],
2020

• Apple Watch 1 only showed good agreement on higher-rate fixed-frequency tasks, with
significant overestimation at low frequency

• Arm ergometry showed good agreement across all cadences
• Overground tasks showed poor agreement, with significant differences found

Wheelchair useGlasheen et al [38],
2021

• Apple Watch 1 variability increased as the magnitude of the HR measurement increased
• The Lin concordance correlation coefficient was 0.88, suggesting acceptable agreement

between Apple Watch 1 and telemetry

HR in patients with obstructive
sleep apnea and AF

Huynh et al [39], 2021

aPPG: photoplethysmography.
bHR: heart rate.
cEE: energy expenditure.
dbpm: beats per minute.
eHRV: heart rate variability.
fLF: low-frequency.
gHF: high-frequency.
hVO2R: reserve oxygen consumption.
iENMO: Euclidean norm minus one.
jAF: atrial fibrillation.
kECG: electrocardiogram.

Several published reviews focusing on wearable devices,
smartwatches, and associated physiological measurements were
also identified as part of this search (Textbox 2). These reviews

provide a contextual background in a number of areas; however,
this review was focused on Apple Watch–specific research.
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Textbox 2. Wearable device reviews identified.

Authors and review focus

• Lu et al [40], 2016: health care applications

• Reeder and David [41], 2016: health and wellness

• Kim et al [42], 2018: stress and heart rate variability

• Jo et al [2], 2019: patient benefits from wearable devices

• Shin et al [43], 2019: accuracy, adoption, acceptance, and health impact

• Attig and Franke [44], 2020: reasons for abandonment of personal tracking

• Guillodo et al [45], 2020: clinical applications of wearable-based sleep monitoring

• O’Driscoll et al [46], 2020: accuracy of energy expenditure monitoring

• Hickey et al [47], 2021: detect and monitor mental health conditions and stress

HR and HRV

Overview
Across the Apple Watch Series, there are several mechanisms
for detecting and monitoring HR metrics. At a minimum, all
Apple Watch Series use photoplethysmography (PPG) optical
HR sensors to detect either low or high HR and irregular rhythm.
In the newer model Apple Watch, there is the option for
additional sensors to record ECG. Therefore, Apple Watch users
have access to 2 independent measurements of HR through
separate apps that can serve similar functions to medical devices
[48].

Traditionally, clinical HR and cardiac assessments are performed
with 12-lead ECG recordings; however, this is unsuitable for
continuous monitoring applications. Wearable devices generally
use PPG- and ECG-based sensors, which can be more easily
integrated but provide less information. Irregular HR
notifications check for events that show irregular rhythm that
“may be suggestive of AF” [49]. In Apple Watch Series 1
onward, notifications can be derived from PPG-based
tachograms captured opportunistically at irregular times during
the day and subsequently classified using an algorithm [50]. In
the event that irregular heart activity is detected within the ECG
version 2 app, the Apple Watch (Series 4 onward) classifies the
ECG recorded event as either atrial fibrillation (AF), sinus
rhythm, high or low HR, or inconclusive or declares a poor
reading.

The Apple Heart Study, conducted from November 2017 to
August 2018, assessed 419,093 enrolled participants via PPG
recordings to determine the presence of previously undiagnosed
AF [29,50,51]. If an AF event was detected with a duration of
>30 seconds, the patient was offered a telemedicine consultation
and ePatch ambulatory ECG patch for confirmatory monitoring
over a period of up to 7 days. The study noted that of the
participants who had been notified by the Apple Watch of the
presence of AF, only 34% had subsequent ECG recordings
conducted via mailed ECG patches [29]. However, 84% of the
app-detected AF notifications were concordant with subsequent
clinical AF diagnoses [29].

A pilot validation study monitoring HR via PPG to detect the
presence of AF in patients with obstructive sleep apnea found

an agreement between the Apple Watch HR–declared events
and GE Healthcare CARESCAPE Monitor B650 telemetry [39].
The findings concluded that 95% of the HR readings made by
the Apple Watch Series 1 measured within 19 beats per minute
(bpm) of telemetry with a Lin concordance correlation
coefficient of 0.88 and a mean bias of 0.26 bpm. These values
were considered acceptable but relatively wide. Another study
used the Apple Watch Series 1 to detect clinical correlations
between HR during subacute periods in patients recovering
from acute myocardial infarction [52]. HR recordings were
taken 4 times per day during a 30-day postdischarge period.
Healthy patients showed a decline in average daily HR of 0.2
bpm per day compared with patients with prior coronary artery
bypass surgery showing an increasing HR trend of 0.1 bpm per
day and those with hypertension and type 2 diabetes mellitus
showing a slower HR decline.

A study by Shcherbina et al [22] compared the Apple Watch
(presumed to be Series 1) with other commercially available
wrist-worn devices. It found that the Apple Watch using the
Apple Health app was able to provide HR, EE, and step counts
sampled at 1-minute intervals or more frequently if
higher-intensity exercise was detected or declared by a workout
routine [22]. All other commercially available wrist-worn
devices in this study, including the Basis Peak, Fitbit Surge,
Microsoft Band, PulseOn, and Samsung Gear S2, only had
granularity down to 1 minute. Across all modes of activities,
the Apple Watch achieved the lowest error of all tested devices,
averaging a 2% error in HR. This was echoed in another 11%
(2/19) of studies comparing the accuracy of HR within Apple
Watch devices with other commercially available devices
relative to traditional ECG [23,33].

Derived from HR is HRV, another measurement of cardiac
performance indicating the variation in time between heartbeats
(NN or RR interval) in either the time or frequency domain. It
is a method for monitoring cardiac health, sleep quality, mental
stress, chronic pain, posttraumatic stress disorder, bipolar
disorder, and traumatic brain injury [53,54]. There are a number
of statistical methods to calculate HRV, including the SD of
NN intervals (SDNN), the HRV triangular index, the SD of the
average NN intervals, and the root mean square of successive
differences [55,56]. The Apple Watch provides HRV as the SD
of the beat-to-beat intervals (SDNN) [57]. Although HRV can
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be calculated from ECG, in the case of the Apple Watch, it is
calculated using the optical HR sensors and can be accessed
within HealthKit on a paired iPhone device.

Dalmeida et al [58] looked at HRV features in the time domain
and the high- and low-frequency domains to determine the most
ideal metric by implementing a machine learning algorithm.
They concluded that SDNN, as used by Apple Watch, was
acceptable among other methods for calculating HRV [58]. The
Apple Watch data used with the developed web application for
this study predicted stress states with 71% probability and
relaxation states with 79% probability. Another validation study
by Hernando et al [25] investigated the impacts of various HRV
statistical models on both the time and frequency domains in
both relaxed and stressed states and compared the various
statistical methods for their accuracy. Approximately 10% of
beats were missed, usually consecutively, with a greater number
of missing beats in the stressed state and at the beginning of
recordings. This is speculated to be because of poor skin contact
or sudden movement; however, no empirical evidence is
available because of the proprietary nature of the algorithms
within the Apple Watch. Computed time domain HRV metrics
were comparable with data from a Polar H7 chest belt, with
frequency domain metrics showing differences because of the
missed beats [25]. It was found that there was no significant
difference in the effectiveness of time domain HRV methods
and that SDNN was just as effective as other methods.

Applications in Mental Health
The potential of wearable devices for monitoring mental health
and related physiological stressors lies in the prospective ability
of users to interpret and understand their emotional awareness
and emotional regulation or of this information to be collected
and relayed to a caregiver or clinician for follow-up action.

Panic disorders commonly present with other mental health
issues, for which monitoring can prove to be valuable. Panic
attacks are specified as sudden or abrupt surges of involuntary
arousal, increasing HR rapidly and subsiding within minutes,
and are commonly preceded by cardiorespiratory instabilities
[59]. These involuntary movements are controlled by the
autonomic nervous system, which is part of the peripheral
nervous system. The autonomic system comprises sympathetic
and parasympathetic systems that have significant control over
HR, HRV, blood pressure, respiration rate, and temperature
[60]. In simple terms, sympathetic activity leads to arousal or
“fight or flight” responses, whereas parasympathetic activation
leads to more recovery activity. Research on the psychological
significance of the imbalance between these 2 systems suggests
that HRV could be used as a more ideal physiological
measurement of stress compared with HR. Reduced HRV is
seen in individuals with psychiatric disorders [61]. This is
because low-frequency components of HRV indicate increased
sympathetic activity, whereas high-frequency components are
generated within the parasympathetic system. An imbalanced
ratio between low- and high-frequency components suggests a
greater presence of stressing stimuli [42,58]. These findings
were also encouraged by a systematic review of wearable
devices, which determined that HRV was “the most useful
metric for detection of stress and anxiety” and that devices that

combined accelerometers, ECG, and subjective questionnaires
could assist in the diagnosis of depression [47].

Physiological data accuracy with regard to HR and HRV is
generally viewed as favorable compared with other devices,
especially in the at-rest condition, and is likely to provide
valuable data for the needs of mental health monitoring
applications.

EE Measurement

Overview
Another key tracking feature is step counting and the average
or total calories burned through EE. A key feature of EE and
movement tracking is the motivation provided by setting
personal activity goals. The Workout app used for the Apple
Watch assists in tracking progress updates and setting activity
goals. Motivation goal setting can assist in weight management
and overall health tracking and can be programmed within the
Apple Watch [62]. Apple provides several apps that can be used
with the Apple Watch to assist in health tracking and statistical
data collection with the Workout and Activity apps. The
Workout app includes a list of activities (Table 2), an automatic
workout detection feature, a record of workout sessions
(including start and end times), progress update tracking, and
reminders to start routines. The Activity app is used to monitor
general activity and movement throughout the day and is
intended to encourage users to move, stand up, and exercise.
Activity targets are displayed using dynamically closing rings,
illustrating a clear overall goal [63]. Passive data such as HR,
steps, distance, active minutes, and stand reminders are
collected. The total EE calculated from the Apple Watch
accelerometer was noted to improve with the inclusion of HR
in the calculation algorithm [46,64]. As such, the Apple Watch
continuously measures HR in the Workout app during exercise
and for 3 minutes afterward to calculate a “recovery rate,” which
is further used to enhance the estimate of how many calories
have been burned during the workout routine [48].

Wearable devices are typically able to determine the difference
between low- and high-intensity activity but require
improvement in resilience to changes in setting, particularly
with an increase in exercise intensity, if more accurate absolute
EE is to be extracted. Most validation studies that included the
Apple Watch indicated an overestimation of total EE at different
activity intensity levels [26,33,38,65]. However, 11% (2/19) of
the studies noted an underestimation of total EE in the study
group, and 5% (1/19) of the studies noted that the Apple Watch
overestimated EE in female participants but underestimated it
in male participants [30,64]. Despite the variation in the
accuracy of EE estimation, the device could successfully
distinguish activity intensity. This is summarized in a systematic
review of activity trackers and total EE proficiency by
O’Driscoll et al [46], which noted that devices exhibiting the
largest EE error relied exclusively on accelerometer data.

At present, a range of activity types and intensities can be
defined by the wearer (Table 2) [66]. This would enable the
Apple Watch to generate an improved EE estimate [52].
Additional data, such as altimeter data to indicate changes in
elevation, could further improve this estimate. Modifications
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to the accuracy of algorithms for activity tracking and calorie
counting can be improved with software updates and more
nuanced user input; for example, watchOS 8 (released in

September 2021) adds outdoor cycling detection, e-bike pairing
for improved calorie calculations, and Pilates and tai chi workout
types [66,67].

Table 2. Workout types for Apple Watch within the Workout app.

NotesSubtypeActivity type

Indoor or outdoorWalking • Apple Watch Series 1 requires iPhone to calibrate pace and distance
calculated from GPS (Apple Watch Series 2 onward)

• Elevation from altimeter (Apple Watch Series 3 onward)

Indoor or outdoorRunning • Option to use Bluetooth chest strap instead of integrated PPGa heart
sensor to reduce motion artifacts

Indoor or outdoor; e-bike or manual (watchOS 8)Cycling • Speed and distance (Apple Watch Series 2 onward) and map elevation
(Apple Watch Series 3 onward)

• Automatic detection for start and stop (from watchOS 8)

N/AbElliptical machineElliptical

N/ARower machineRower

N/AStepping machineStair stepper

Intense exercise followed by short periods of rest
(30-45 seconds)

HIITc • May affect HRd sensors
• Calories tracked with accelerometer

Tracks pace, distance, elevation gain, and calories
burned

Hiking • Requires altimeter (Apple Watch Series 3 onward) or paired the phone
with an altimeter

N/AAll types of yogaYoga

N/ADynamic strength training with dumbbells, resis-
tance bands, and medicine balls

Functional strength
training

N/AAll types of danceDance

N/AEasy moves and stretchesCooldown

N/AStrength-building of abdominals and backCore training

Pool or open swimSwimming • Set pool length; GPS is not used to conserve battery
• Open swim requires GPS; may affect HR sensors

Outdoor wheel-walk pace and outdoor wheel-run
pace

Wheelchair • Apple Watch Series 2 onward uses GPS or paired iPhone with GPS
for Apple Watch Series 1

• Measures time, pace, distance, calories, HR, and pushes

Add a workout typeOther • HR and motion sensors work together to provide an accurate reading
• Will display popular workouts from users

aPPG: photoplethysmography.
bN/A: not applicable.
cHIIT: high-intensity interval training.
dHR: heart rate.

Applications in Mental Health
Personal activity tracking and goal setting can lead to increased
exercise, with physical and mental health benefits. The key
components of mental health benefits can be seen in
individualized means of self-reflectivity and mindfulness [15].
Tracking changes in activity and movement can be used as an
indicator of health management, such as weight loss, but also
as a key indicator of changes in mood stages (eg, low activity
could indicate the presence of a depressive episode). A
cross-sectional study investigated the effects of wearable

trackers and how they make users feel and concluded that most
users felt positive about tracking technology and that negative
experiences were mostly confined to individuals with low
conscientiousness or openness to experience [68]. Further
investigation of wearable trackers and their psychological effects
in younger demographics is recommended, as well as an
examination of the effects in those who exhibit neuroticism and
obsessive-compulsive traits [68].

There is some ambiguity regarding the level of accuracy that is
acceptable for EE, as it depends on the context of the
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application. For wellness applications, the absolute accuracy of
EE may not be critical or align with the primary goal of the
intervention. In this case, small inaccuracies may not be
particularly significant for the user. Tracking of general
movement patterns in combination with measures of HRV and
respiratory rate variability may be sufficient for monitoring
work-related stress, detecting episodes of mania, anxiety or
depression, or sleep-related disorders (insomnia) [69,70].
Similarly, the detection of psychological distress through activity
metrics appears viable [71]. However, more research is required
to validate the capability of the Apple Watch to detect such
episodes.

Sleep Monitoring

Overview
The introduction of watchOS 7 in June 2020 brought about
integrated sleep monitoring to track the quality and duration of
wearers’ sleep for Apple Watch Series 3 and above. The
watchOS 8 release in September 2021 improved this by also
reporting sleeping respiratory rate [72]. As this is a relatively
recently introduced feature, which is primarily promoted as a
“wellness monitoring” feature, no literature was identified that
tested or validated it. Sleep tracking through third-party apps
is also available, some of which are more sophisticated and
integrate HR measurements from PPG [73].

Roomkham et al [28] performed a 27-night sleep study with the
Apple Watch Series 1 using raw data from its accelerometers
at 50 Hz through Apple’s Core Motion framework (independent
from the watchOS Sleep app, which did not exist at the time)
and compared the results with the Philips Actiwatch Spectrum
PRO [28]. The overall patterns between the 2 devices
demonstrated correlations of key movement events with 97.3%
accuracy and 99.1% sensitivity in detecting sleep and a
specificity of 75.8% for detecting wakefulness.

However, wrist-worn sleep monitors based on accelerometry
are not without criticism, and there is some skepticism about
the reliability of using wrist-worn devices for monitoring sleep
to identify the depth of sleep and wake periods. Approximately
5% (1/19) of the studies looked into 3 devices—the Mi Band
activity tracker, the MotionWatch 8, and the Sleep Cycle mobile
phone app—to monitor sleep [74]. All devices reported high
accuracy of time in bed but were incapable of accurately
detecting sleep and wake periods and sleep efficiency. This
study also found that each of the devices had unacceptable levels
of agreement with polysomnography. This view was echoed in
a systematic review of wearable devices for sleep monitoring,
which stated that wearables generally have “acceptable sleep
monitoring but with poor reliability” [45]. It is evident from
these studies that using wrist-worn accelerometers as the sole
sleep-monitoring sensor severely limits the ability to
contextualize sleep patterns and behavior. As such, they are not
capable of full-spectrum sleep monitoring but remain promising.

Applications in Mental Health
It is recognized that low quality of sleep may exacerbate
physical and mental health problems and that sleep tracking can

be used to improve user awareness of possible sleep problems
[75]. The prevalence of insomnia and chronic sleep issues such
as sleep apnea is increasing, with an estimate that 1 in 2 people
experience bouts of sleep disturbances during their life, with
negative impacts [39,45]. Sleep monitoring is also valuable for
mental health monitoring, as a lack of sleep can be the cause of
impaired performance, low energy levels, and problems with
mood.

The literature indicates that most wearable devices with
accelerometers have high sensitivity but low specificity for
sleep detection [45]. Specific information about the quality of
sleep would require other sensor data or could be inferred
through patient-practitioner communication. However, there
are practical concerns regarding battery use and when the device
can be charged, as many users may prefer to charge their Apple
Watch devices overnight [76]. Charging creates interruptions
in monitoring, which could pose a challenge in accurately
monitoring panic attacks, which usually occur unexpectedly
[28,59,77]. Improvements in charging times have occurred with
the announcement of Series 7, which includes the Apple Watch
Magnetic Fast Charging USB-C cable that can charge to 80%
battery capacity within 45 minutes, which may serve to
minimize such interruptions [78]. Limitations in the accuracy
and detail of sleep quality restrict clinical utility in cases of
mood disorders, mania, anxiety or panic attacks, and sleep-wake
disorders, which may require investigation in a specific sleep
cycle. The interpretation of sleep data can be complicated by
incorrect sleep detection (eg, while being still or watching
television) [75]. However, in combination with other tools and
strategies, general sleep monitoring and tracking can assist in
developing and implementing behavior change techniques.

Discussion

Apple Watch Sensors
The Apple Watch is a sensor-rich, well-constructed, and
connected device. It uses a large range of apps and has
significant potential for applications in mental health (Figure
1).

Apple Watch sensors typically include a 3-axis accelerometer,
a gyroscope and magnetometer, optical PPG-based HR sensors,
altimeters, ambient light sensors, temperature sensors, ECG,
and capacitive (touch) sensors [3]. Across each iteration of the
Apple Watch, sensor inclusions and capabilities have increased,
matched with software updates aimed at increasing the overall
accuracy of the collected data. Figure 2 presents a timeline of
the development of the Apple Watch, summarizing the changes
in sensor inclusions over time. The latest version of watchOS
(version 8.0.0) is supported by Series 3 to Series 7 models. The
models currently available for purchase include Series 3, SE,
and Series 7. The Apple Watch Series 3 does not include fall
detection as the 6-axis inertial measurement unit containing the
gyroscope and accelerometer was modified for later-generation
Apple Watches [49].

JMIR Ment Health 2022 | vol. 9 | iss. 9 |e37354 | p.28https://mental.jmir.org/2022/9/e37354
(page number not for citation purposes)

Lui et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


Figure 1. Summary of Apple Watch sensors, apps, and potential mental health applications. ECG: electrocardiogram; GNSS: global navigation satellite
system; LTE: Long-Term Evolution; PPG: photoplethysmography.
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Figure 2. Evolution of Apple Watch Series features. Feature upgrades (↑) and new feature additions (+) are indicated. ECG: electrocardiogram; GNSS:
global navigation satellite system; LTE: Long-Term Evolution; NFC: near-field communication; OLED: organic light-emitting diode; UWB: ultrawide
band.

One of the primary sensors in all generations of the Apple Watch
is the optical HR sensor, which is used to collect HR data. The
scientific principle that these sensors rely on is PPG to detect
the amount of blood that is flowing through the wearer’s wrist
at any given moment. The reflection of green and infrared
light-emitting diode (LED) light is measured with photodiodes
that allow for the determination of HR as a periodic variation

in the signal. By flashing hundreds of times per second, the
optical HR sensor can measure HR across a range of 30 to 210
bpm [48]. Infrared light is used to measure HR in the
background and for HR notification systems as infrared light
can penetrate the skin better; however, this makes it more
susceptible to motion artifacts. Green LEDs are used for
workouts and to calculate HRV [48]. The Apple Watch will
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automatically detect when there is an increase or decrease in
motion from the inertial measurement unit and change the LED
light color accordingly. Variations have been made in the design
and layout of the LED and photodiode arrays with each iteration
of the Apple Watch to improve accuracy [79]. These optical
HR sensors are used by the Irregular Rhythm Notification
Feature (IRNF), which can assist in the detection of AF [80,81].
A red LED was added in Series 6, enabling blood oxygen
saturation calculation by comparing the ratio of infrared light
and red light. Reflectance oximetry is noted as being less
accurate than clinically used transmittance oximetry [79], and
we did not identify any literature validating the accuracy of the
Apple Watch blood oximetry.

In addition to the optical HR sensors, from Series 4 onward (not
including the SE model), an ECG electrode was integrated into
the back face of the watch and the digital crown. When engaged
by the user’s finger, a closed circuit is created to measure the
electrical potential across the heart, similar to a 1-lead ECG.
An ECG measurement takes 30 seconds. The ECG sensor is
exclusively used with the ECG classifier to categorize heart
events as AF, normal sinus rhythm, high or low HR, or
inconclusive [48,82]. Version 2 of the ECG app also includes
additional classifications of AF, high HR, and poor recording.
For the earlier Apple Watch Series, a third-party accessory
(Kardia Band) could be used to provide a 1-lead ECG that
achieved a sensitivity of 93% and a specificity of 84% when
compared with a standard tachograph [83].

A clinical study compared the ECG app developed by Apple
Inc with an FDA-cleared clinical ECG device (GE Healthcare
CardioSoft ECG device), with recordings verified by 3
independent board-certified American cardiologists in each of
the ECG app categories [50]. The app received clearance by the
FDA as a De Novo class II device as it was proven to perform
similarly to the comparator device [82]. The same approval was
also given to the optical HR sensor IRNF software in 2018 [80].
Some limitations exist in the use of both apps, which are not
intended to be used on persons aged <22 years. Depending on
the country in which the Apple Watch user resides, they may
not have access to the software and, as such, may not be able
to use these notification features. In Australia, both the ECG
app (version 2.0) and the IRNF software were approved by the
Therapeutic Goods Administration of the Australian
Government in early 2021 [84,85].

Further Considerations
Health data collected from the Apple Watch could complement
smartphone data collection and self-reported measures to provide
additional context and assist in determining and tracking a user’s
affective and emotional health. Advancements in the sensing
technologies available within wearable devices and enhanced
user interfaces have removed some of the previously limiting
factors of monitoring mental health using wearable technology.
However, the current general consensus for using wearable
device sensors is that they should be paired with traditional
screening and diagnostic tools and not be considered as a
replacement [33,83]. Wearable devices can assist in clinical
diagnosis and application of therapy if the findings are consistent
with the patient’s complaints or concerns or if the patient is

unsure of their physiological level of stress [86]. Indeed, a
systematic review of digital health interventions for depression
and anxiety in young people has shown that such interventions
may only be of clinical significance when their use is highly
supervised [87].

An article compared several wearable devices, including the
Apple Watch (series unspecified), and their applications for
“advancing resilience and mental health of employees that
experience high workload” [21]. The study noted that an
increase in psychological disabilities in the modern workplace
requires the development of new and emerging technologies to
measure and monitor physical or mental status. As such, these
tools are being implemented to assist in the diagnosis and
treatment of stress within professional workplaces and in a
performance review. A potential issue with workplace inclusion
for monitoring mental health and wellness is regulations and
access to technology.

The use of the Apple Watch as a source of data may address
problems with patient recall bias as most assessments are reliant
on patient self-reporting. This could reduce the reliance on
patient memory and continued questioning to ensure
consistency. In addition, it could be a relatively low-cost method
for better long-term tracking of symptoms and trends in the data
[69]. The use of these data permits the construction of an
ecological context that could empower a more cohesive
diagnosis and application of therapy or assist in refining
threshold values used in algorithms toward a validated measure.

Although there are potentially great benefits of wearable devices
in improving mental health, there are some potential drawbacks,
including concerns about abandonment rates. Approximately
11% (2/19) of individual studies commented on the long-term
use of electronic wearables, one noting that 20% of consumers
stop using their wearables after 3 months, and <50% continue
to use them after 1.5 years [83,88]. This is compounded by the
need to provide enough contextual information regarding the
data collected, which requires some level of active user
participation. For a clinical diagnosis of a mental disorder,
clinicians must make a decision based on weighing the mix of
potentially contradictory evidence according to their expert
judgment, which could require symptom tracking over a period
of months to come to a clear conclusion. Symptom tracking for
the validation of several mental health diagnoses against the
Diagnostic and Statistical Manual of Mental Disorders can
require the presence of symptoms over a period of weeks,
months, or even years for mood disorders, anxiety disorders,
and schizophrenia [59].

A validation study was completed on the effectiveness of using
the Apple Watch to collect passive sensor data with “ecological
momentary assessments” from a watch-based questionnaire app
recording patient feedback to assess and monitor substance
abuse in young adults [89]. The response from participants on
the perceived burden of engaging with the app was low;
however, it was noted that the relative ease of completing the
surveys was easier on an iPhone than on the Apple Watch.
Burdensome interactions within wearable devices could reduce
uptake and willingness to use technology for mental health
monitoring. However, the benefits of engaging users through
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health notifications and alerts can assist in seeking medical
assistance or outpatient care [29]. A longitudinal observational
study using cognitive assessment delivered through the Apple
Watch in patients with major depressive disorder noted excellent
adherence for both mood and cognitive tests (95% and 96%,
respectively) over the 6-week study period, and it was not
influenced by symptom severity or cognitive function at the
study onset and did not deteriorate over time, supporting the
feasibility of this approach [90].

Health and Sensor Data Access
The availability of sensor and health data collected from the
Apple Watch and patient input relies on the application
programming interface frameworks available from Apple for
iOS and watchOS. The main frameworks are HealthKit,
ResearchKit, CareKit, and SensorKit [91-93]. HealthKit is the
most comprehensive as it implements a central repository for
all collected health data related to the user. Developers can write
apps that request permission to access the HealthKit data store
to record, access, and share user health data. SensorKit is used
in the event that raw access to sensors is required. ResearchKit
may be used to build research study apps, whereas the CareKit
framework is suited to the development of ongoing care
capabilities. Together, these frameworks allow for the
implementation of apps that can collect raw data and store and
analyze collected data (including passively collected data) and
provide tracking feedback to the end user as well as the clinician.

Within the HealthKit framework, a range of rigid data classes
and methods can be used to collect, store, and retrieve data. In
this way, virtually all types of health-related data can be stored
as numerical data (eg, HR) and categorical data objects (eg,
blood type). It categorizes the data systematically, reducing
duplication and allowing for straightforward statistical data
analysis. HealthKit supports units of measurement within each
of these categories such as length, mass, volume, and energy.
Conversion between measurement systems is automatically
supported within the framework but can also be explicitly
defined. Developers cannot create custom data types or units
but can use the metadata fields to store additional data.

Most of the identified studies investigating wearable devices
collected the activity level (steps and caloric expenditure), HR,
and sleep data without indicating how the data were collected
from the device, the frequency of data recording, or which
measures were extracted from HealthKit. We believe this to be
important information to be provided by studies, especially
those that develop a custom app, to ensure a comprehensive
understanding of the data, allow for comparative analysis with
other studies, and inform future developments.

Data Analysis and Digital Phenotyping Approaches
Digital phenotyping approaches have been an active area of
development enabled by the popularity of smartphones [94].
By collecting data from sensors in a smartphone on a
moment-by-moment basis, it is hoped that information about
the user’s behaviors can be inferred to personalize patient care
[95]. Active and passive data collection techniques have been
explored, including data such as location, activity, app use,
phone use, Bluetooth signals, and voice samples [96]. Research

has focused on correlating such data with reported and diagnosed
conditions to determine the most valid signals for mental health
applications; however, this is still considered to be in its infancy.

Early studies suggest that data surrounding activity and
geolocation could serve as early signs of mania or depression
[97]. Furthermore, the monitoring of movement and light data
was able to detect and assess depression severity [98]. Research
into schizophrenia shows that digital phenotyping approaches
have merit in identifying relapse events [99], that collected
accelerometer and GPS data have a good correlation with future
patient survey scores [100], and that such an approach was
tolerated by outpatients [101].

Issues surrounding noise, privacy preservation, missing data,
and data quality have been acknowledged and pose challenges
in data analysis as the sensors may not be able to provide a
complete context [102]. However, such approaches still require
considerations of clinical relevance, social equity, development
of common data standards, and multidisciplinary collaboration
[103,104]. This may include the need to improve digital health
literacy through training programs tailored to the needs of the
target population [105].

Although it may be theoretically possible to combine smartwatch
data with those collected from a smartphone to improve data
quality for digital phenotyping approaches, as a smartwatch is
more likely to be worn on the body than to be left behind, such
an approach may be incompatible with smartwatches, which
are much more resource constrained in terms of computational
power, storage, connectivity, and (most importantly) battery
power. The continuous collection of sensor data on smartphones
has been shown to have a significant impact on battery life,
which is a factor against user acceptance [103]. The impact on
smartwatches, which typically have smaller batteries and rely
extensively on sleep power-saving techniques to achieve all-day
battery life, is anticipated to be significant.

As a result, it seems most prudent to identify the relevant
physiological and physiologically related signals that relate to
mental health and build algorithms focusing on data from those
metrics alone rather than taking a dragnet correlation approach
as is traditionally used in digital phenotyping. Such an approach
will also serve to address some of the concerns regarding privacy
and user perceptions that such a system is fated to diagnose
users with conditions simply based on overcollection of data
and misunderstanding of cause and effect [106].

Personal Health Information
The issue of personal health information regulation is important
for maintaining user trust and privacy. Regulations have usually
lagged behind rapid technology development, with concerns
about data ownership. As such, there is some suggestion that
wearable technology be considered differently from consumer
technology because of inherent personal health information
concerns.

Consumer wellness devices are not considered medical devices
and, thus, may not be as accurate or reliable for remote health
monitoring. Establishing their accuracy would require
independent verification or undergoing regulatory approval
processes. Constraints surrounding medical device regulation
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are a source of concern as the long process can stifle innovation
and the development of new technologies [107]. However, some
features may be able to individually receive clearance from
regulators (eg, the ECG app with the Apple Watch) [108]. The
ECG app and IRNF are both classified as De Novo within the
FDA regulations, which is a marketing pathway for novel
devices of low to moderate risk where a predicate device does
not exist. In this manner, the FDA creates a classification for
the device, which can be used for future premarket approvals
of equivalent devices to ensure that new and emerging novel
technologies are not held back during classification.

In addition, most device manufacturers provide their own
independent platforms, very similar to HealthKit for the Apple
Watch, for users’ data storage. These platforms may be limited
in terms of data access and sharing, forming a vendor lock-in
that prevents users from being able to migrate their personal
health information to other platforms and reducing the research
value of the devices. There are concerns over the control larger
companies may have over the health data of users; this can
conflict with informed consent, which is integral to medical
practice [69]. Passive data collection is less intrusive and time
consuming for the wearer; however, it can capture a large
amount of personal data that can be stored unknown to the user,
even if they have authorized the data to be recorded. Typically,
the average person is more relaxed with security implementation
when using personal devices and may be unaware of the level
of security that third-party apps provide [13]. Similar concerns
surround wearable devices and their use in workplace wellness
programs and health insurance provisions if there is ambiguity
regarding how the data will be used and the potential for
surveillance [13,14]. The ethos behind the Apple HealthKit
framework’s rigid type structures and fine-grained authorization
process is designed to ensure that only necessary data are
collected or accessed [109,110].

The use of wearable technology for health care service provision
is still in its infancy, and evidence to support its implementation
is still being developed. Known concerns exist regarding passive
data collection, data ownership, data use, user trust, and user
attitudes toward wearable technologies, leading to potentially
high abandonment rates [44,103].

Current Applications
Perhaps the best model for how the Apple Watch can be applied
to mental health can be found in the insurance sector, where
some insurance providers have embraced wearable technologies
to promote healthier lifestyles. Incentive programs involving
wearable devices have been used by numerous US health
insurance providers, including United Health Care, Anthem,
Humana, Health Care Service Corporation, Centene, CVS

Health (Aetna), WellCare, Kaiser Permanente, GuideWell, and
Molina [17]. AIA Insurance Australia has a specific program
using the Apple Watch called the Vitality Apple Watch Benefit,
which reduces the monthly loan repayment of the device through
the achievement of weekly activity targets [16]. Loss-framed
incentivized policies using the Apple Watch achieve a 34%
increase in tracked activity days over 1 month in comparison
with a standard gain-framed policy [12]. This offers a potential
solution to individuals who may not have the financial flexibility
to pay the full upfront cost of the Apple Watch device but can
still have access to the benefits of the device as a wellness
monitor for personal health. Another study investigated the
“incentivize and persuade” health-tracking approach from both
insurers and employers for enhancing business chain value. It
was concluded that persuaded self-tracking, whereby service
firms or employers encourage consumers and employees to
collect and share data via self-tracking, is heavily influenced
by service firm and individual determinants. Understanding
consumer perceptions and consumer reactions within a
conceptual framework should reflect values in use, privacy and
security, and perceived fairness or justice as the technology
itself may perpetuate inequalities [15]. Both studies noted the
effects of physical activity on physical wellness, as well as
mental health, but did not specifically note the impact on policy
holders with severe mental illnesses. Investigation into mental
health monitoring for insurance purposes could potentially create
contention and the consensus that balancing privacy and
confidentiality is critical for engendering trust with users and
policy holders through transparency [111].

Conclusions
The Apple Watch has presented itself as a capable wearable
device that is able to monitor several physiological parameters
and track overall health and wellness. Its use within the mental
health sphere is encouraging, particularly as more research
emerges correlating changes in the emotional and physiological
states of the body. Measures of HRV are key indicators of
changes in both physical and emotional states. In combination
with other sensors to monitor general activity, sleep, and more,
health data can be aggregated with user-provided information
to assist in the monitoring and even diagnosis of mental health
disorders. Particular benefits may be derived through the
avoidance of recall bias by providing a more objective,
data-driven record of events in a passive manner. The lack of
methodologically robust and replicated evidence of user benefits
and a supportive health economic analysis, as well as concerns
about storage, access, and security of personal health
information, remain key factors that must be addressed to enable
broader uptake for mental health applications.
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Abstract

Background: Although there are thousands of mental health apps, 2 apps, Headspace and Calm, claim a large percentage of
the marketplace. These two mindfulness and meditation apps have reached tens of millions of active users. To guide consumers,
clinicians, and researchers, we performed a systematic review of randomized controlled trials (RCTs) of Headspace and Calm.

Objective: Our study aimed to evaluate intervention efficacy, risk of bias, and conflicts of interest (COIs) in the evidence base
for Headspace and Calm, the two most popular mental health apps at the time of our search.

Methods: To identify studies, we searched academic databases (Google Scholar, MEDLINE, and PsycINFO) and the websites
of Headspace and Calm in May 2021 for RCTs of Headspace and Calm testing efficacy via original data collection, published in
English in peer-reviewed journals. For each study, we coded (1) study characteristics (eg, participants, sample size, and outcome
measures), (2) intervention characteristics (eg, free vs paid version of the app and intended frequency of app usage), (3) all study
outcomes, (4) Cochrane risk of bias variables, and (5) COI variables (eg, presence or absence of a preregistration and the presence
or absence of a COI statement involving the company).

Results: We identified 14 RCTs of Headspace and 1 RCT of Calm. Overall, 93% (13/14) of RCTs of Headspace and 100%
(1/1) of RCTs of Calm recruited participants from a nonclinical population. Studies commonly measured mindfulness, well-being,
stress, depressive symptoms, and anxiety symptoms. Headspace use improved depression in 75% of studies that evaluated it as
an outcome. Findings were mixed for mindfulness, well-being, stress, and anxiety, but at least 40% of studies showed improvement
for each of these outcomes. Studies were generally underpowered to detect “small” or “medium” effect sizes. Furthermore, 50%
(7/14) of RCTs of Headspace and 0% (0/1) of RCTs of Calm reported a COI that involved Headspace or Calm (the companies).
The most common COI was the app company providing premium app access for free for participants, and notably, 14% (2/14)
of RCTs of Headspace reported Headspace employee involvement in study design, execution, and data analysis. Only 36% (5/14)
of RCTs of Headspace were preregistered, and the 1 RCT of Calm was not preregistered.

Conclusions: The empirical research on Headspace appears promising, whereas there is an absence of randomized trials on
Calm. Limitations of this study include an inability to compare Headspace and Calm owing to the dearth of RCTs studying Calm
and the reliance on author reports to evaluate COIs. When determining whether or not mental health apps are of high quality,
identification of high-quality apps and evaluation of their effectiveness and investigators’ COIs should be ensured.

(JMIR Ment Health 2022;9(9):e40924)   doi:10.2196/40924
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Introduction

Background
Mental health problems are leading contributors to the global
burden of disease [1]. As a result, efforts to improve
population-level mental health and wellness are a public health
priority. Although empirically supported treatments exist for
mental health problems, most people in need of support do not
access traditional mental health treatments [2]. Common barriers
to treatment access include high costs, low supply and
availability of clinicians, stigma toward professional treatments,
and preferences for self-help [3,4].

Mental health help-seekers have gravitated toward low-barrier,
cost-effective prevention and intervention programs, mainly
mental health apps. Although there are thousands of mental
health apps, data through 2021 have shown that 2 apps, Calm
and Headspace, are the most popular and consistently rank the
highest in the number of downloads and user activity [5-10].
Both apps include mindfulness meditation and deep breathing
content and allow users the ability to select the topic (eg, sleep
or stress relief), length, and modality of a guided sessions each
time they use the app (with the option to follow specific modules
in order). The app landscape is dynamic, but 2019 estimates
suggest that each app reaches approximately 5-9 million monthly
active users, and the apps are responsible for approximately
90% of total monthly active users [5,11]. Given the widespread
dissemination of these apps, evaluation of the quality of the
evidence for these apps is a public health priority. Such a review
could help identify if, for whom, and for which conditions these
mental health apps have been shown to be effective. Although
previous systematic reviews and meta-analyses have shown that
mental health apps can be effective for depression and anxiety
[7,12-14], there is little overlap between the apps that are
evaluated in academic research [15] and those that are widely
disseminated on public-facing app stores [5,16]. Thus, reviewing
Headspace and Calm is an important priority, and the findings
from existing reviews of mental health apps may not generalize
to these commercially popular apps.

Headspace Inc and Calm are both for-profit companies, and
both companies use research findings to promote their products.
Increasing interest in the clinical robustness of these apps [17]
presents a potential conflict of interest (COI): companies may
have incentives to publish “positive” findings and suppress
negative or inconclusive results. Even among academic
researchers, incentives to publish “positive” results has
contributed to biased literature, leading to concerns about the
reproducibility of psychological science [15]. There has also
been a growing conversation about “researcher degrees of
freedom”— decisions in data collection and analysis that may
contribute to the elevated rate of false positives in psychological
science [18]. While these concerns are always worth considering
when reviewing academic literature, they may be especially
salient when for-profit companies are performing or funding

research on their own products (eg, elevated estimates of the
effectiveness of antidepressant medications [19]). It is plausible
that similar concerns could be present in digital mental health
interventions [20], especially in cases where companies are
explicitly funding, sponsoring, or participating in clinical trials.

Objectives
In this study, we systematically reviewed randomized controlled
trials (RCTs) of Headspace and Calm, the two most popular
mental health apps. These two apps dominate the mental health
app market, both in absolute terms (reaching millions of users
each month) and relative terms (reaching up to 90% of mental
health app users). We aimed to (1) evaluate the efficacy of these
apps and (2) evaluate the risk of bias and COIs in the studies
contributing to this evidence base. Owing to a wide range of
outcomes of interest across studies, we did not conduct a
meta-analysis. The purpose of this review is to provide
researchers, clinicians, and consumers with up-to-date
information regarding the evidence base, risk of bias, and COIs
of the two most popular mental health apps.

Methods

Search Strategy
Our approach is outlined in detail in the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
diagram (Multimedia Appendix 1). Two authors (AO and SC)
conducted a literature review via Google Scholar, MEDLINE,
and PsycINFO databases using the search terms “[app
name]” AND “smartphone” in May 2021 to identify peer
reviewed RCTs of Headspace and Calm. To supplement this
procedure, we also identified articles via the websites for
Headspace and Calm, which list peer-reviewed publications on
their respective apps. The date range for this search had no start
date and ended in May 2021. Inclusion criteria were as follows:
RCTs of Headspace and Calm testing efficacy, published in
peer reviewed journals, in English only, and solely including
original data collection. Exclusion criteria included
non-Headspace or -Calm papers non-RCTs, nonoriginal data
collection, conference abstracts, or student theses,
non–English-language papers, and papers not published in a
peer reviewed journal.

Three authors (SC, AO, and NL) retrieved and independently
reviewed the full text of all eligible studies. Two authors (AO
and NL) coded half of the included articles, and one author (SC)
coded all the articles, such that each article was coded by at
least 2 coders. To resolve discrepancies, coders conducted
consensus conversations and referred to the articles for
resolution.

Data Extraction

Trial Outcomes
We extracted the following information from each included
article: participants, sample size, intervention adherence,
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treatment condition, and type of control condition. We extracted
all reported outcomes, regardless of whether the outcome in
question was examined as a primary, secondary, or exploratory
outcome, and we documented whether each outcome measured
was positive or negative (or null). A positive outcome was
defined as the intervention condition outperforming the control
with statistically significant findings. A negative outcome was
defined as the control condition outperforming the intervention
with statistically significant findings. A null outcome was
defined as nonsignificant differences between the intervention
and control conditions. To better characterize the studies and
to understand how participants engaged with the apps, we also
examined additional variables: (1) whether or not users had
access to the premium (paid) versions of the app, (2) whether
users were instructed to use specific parts of the app, or if they
were told to use the app freely and choose which content to
access, (3) the intended frequency of use, (4) the actual of
frequency of use (if measured), (5) the length of the intervention
(eg, 4 weeks), and (6) incentives that were provided to
participants for their participation in the study.

Power calculations were performed using G*Power (version
3.1) assuming an α of .05 and a desired power of at least 0.823)
[21]. We considered a study’s power as “high” if the study
included enough participants to detect a between-group
standardized mean difference of 0.3, “medium” if it included
enough participants to detect a standardized mean difference of
0.5, and “low” if it did not include enough participants to detect
a standardized mean difference of 0.5. Thus, studies with over
278 participants were coded as “high,” studies with between
102 and 278 participants were coded as “medium,” and those
with fewer than 102 participants were coded as “low” in power.

Risk of Bias
We assessed risk of bias using the Cochrane collaboration’s
risk of bias tool. Three authors (NL, SC, and AO) independently
assessed risk of bias by applying 7 criteria from the Cochrane
collaboration’s tool for assessing risk of bias: (1) evaluating
random sequence generation (selection bias), (2) allocation
concealment (selection bias), (3) blinding of participants and

personnel (performance bias), (4) blinding of outcome
assessment (detection bias), (5) incomplete outcome data
(attrition bias), and (6) selective reporting [22].

Assessment of COIs
There have been concerns about the reproducibility in
psychological science [15], which may be especially salient
when research is conducted or supported by profit-driven
companies [19]. Thus, it is important to apply additional codes
to assess study rigor and bias, going beyond those included in
the Cochrane framework. To develop these additional codes,
we reviewed relevant work on risk of bias disclosure
recommendations [15,22] and open science practices [23,24].
Specifically, we examined if (1) the companies had any role in
the study, (2) the companies initiated the study, (3) the
companies were involved in analyzing data, (4) the companies
provided funding for the study, (5) the companies were
mentioned in the acknowledgments section, (6) members of the
companies were included as coauthors, and (7) trial
preregistration. Preregistration—the act of specifying research
questions, relevant variables, and planned analyses before data
collection—is a highly valued open science practice that is
thought to reduce the use of questionable research practices
[25].

Results

Study Details

Overview
Our final sample consisted of 15 studies. We identified 14 RCTs
of Headspace [26-39] and 1 RCT of Calm [40]. Table 1
summarizes the characteristics and findings of each study on
all outcomes measured. We categorized specific study outcomes
into 5 overarching constructs (mindfulness, psychological
well-being, stress, anxiety, and depression) representative of
the psychosocial outcomes that mental health apps including
Headspace and Calm purport to target. This categorization
scheme enabled us to descriptively synthesize the various
outcome measures into overarching domains.
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Table 1. Included studies (N=15).

Gender (% female)
and age (mean)

Null or inconclu-
sive results

Positive resultsAdherenceControl groupInterventionParticipants
(sample size)

Authors (year;
country)

Calm

N/AaImproved stress,
mindfulness, and
self-compassion

On average,
intervention
participants
completed

Waitlist10 minutes of
daily use for 8
weeks

College stu-
dents (n=88)

Huberty et al
(2019; Unit-
ed States)
[40]

• 88
• Intervention:

20.41 years;
Control:
21.85 years37.9/70

(54%) min-
utes of medi-
tation per
week over
the course of
the study

Headspace

N/AImproved disposi-
tional mindfulness

On average,
intervention

Cognitive-training
app use for 30 days

10 minutes dai-
ly for week 1,
15 minutes dai-

University
staff novice
meditators
(n=95)

Bennike et al
(2017; Den-
mark) [26]

• 69% in the in-
tervention
group; 71% in
the control
group

and mind wander-
ing

participants
completed
302.7/450

ly for week 2,
and 20 minutes

(67%) min-daily for week
3

• Intervention:
41.4 years;
control: 43.4

utes of the
required

yearsmeditation
minutes over
the study pe-
riod

No effect on fear
acquisition or ex-

Improved retention
of extinction learn-
ing on day 2

On average,
intervention
participants
completed

WaitlistDaily 10-
20–minute
guided mindful-
ness meditation

Adults with-
out extensive
meditation
experience
(n=26)

Bjorkstrand
et al (2019;
Sweden)
[27]

• 79% (86% in
the interven-
tion group;
73% int he
control
group)

tinction of condi-
tioned response
on day 113.2 minutes

of medita-
tion per day

sessions over 4
weeks

• 35.1 years
(intervention:
35.6 years;
control: 34.5
years)

Marginally signif-
icant improve-

Improved global
well-being, daily

On average,
participants

Waitlist45 sessions of
guided mindful-

Adult em-
ployees of 2

Bostock et al
(2019; Unit-

• 59%
• 35.5 years

ment in systolicpositive affect,completedness meditation
over 8 weeks

firms in the
United King-
dom report-

ed Kingdom)
[28] blood pressure.

No effect on dias-
anxiety and depres-
sive symptoms, job

16.6/45 ses-
sions (37%)

tolic blood pres-
sure

strain, and work-
place social sup-
port

ing work
stress
(n=238)

N/AImproved satisfac-
tion with life,

On average,
intervention

WaitlistDaily use for 30
days

Adult novice
meditators
(n=74)

Champion et
al (2018;
United King-
dom) [29]

• 55%
• 39.4 years

stress, and re-
silience

participants
completed
6.21/10
(62%) ses-
sions in the
first 10 days
and 11.66/20
(58%) ses-
sions in the
second 20

daysb
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Gender (% female)
and age (mean)

Null or inconclu-
sive results

Positive resultsAdherenceControl groupInterventionParticipants
(sample size)

Authors (year;
country)

• Gender % not
reported

• Age range:
18-24 years
(average not
reported)

No effect on
anger or execu-
tive control

Improved aggres-
sion

53/77 (68%)
intervention
participants
completed
all required
sessions

Daily logic prob-
lem

Daily medita-
tion training
(approximately
15 min) for 3
weeks

College stu-
dent novice
meditators
(n=46)

DeSteno et
al (2018;
United
States) [30]

• 57%
• 28% aged 18-

24 years; 26%
aged 25-29
years, 27%
aged 30-39
years, and
19% aged 40-
49 years

No effect on
stress from inter-
nal pressure

Improved irritabili-
ty, affect, and
stress from exter-
nal issues

69/88 (78%)
participants
completed
all sessions

Mindfulness or
meditation psychoe-
ducational audio-
book

10 sessions in 1
month

Adult novice
meditators
(n=88)

Economides
et al (2018;
United
States) [31]

• Gender % not
reported

• 20.08 years

No differences in
flourishing,
stress, or anxiety.
No effect on re-
silience for
Headspace users.
(No effect on
mindfulness for
Smiling Mind
users)

Improved depres-
sive symptoms and
college adjustment
(for both
Headspace and
Smiling Mind
users). Improved
mindfulness for
Headspace users.
(Improved re-
silience for Smil-
ing Mind users).
Improvements
were maintained
for participants
who continued to
use intervention
apps

On average,
intervention
participants
completed
8.24/10 ses-

sions (82%)b

Intervention arm 2:
Smiling Mind app
use; control: Ever-
note app use

Daily use for 10
days

College stu-
dents
(n=208)

Flett et al
(2018; New
Zealand)
[32]

• 87%
• 40.7 years

No effect on satis-
faction with life,
flourishing, or
negative affect

Improved positive
affect and depres-
sive symptoms

Not reportedList-making app
use (Catch Notes)

10 minutes dai-
ly for 10 days

Adult app
users
(n=121)

Howells et al
(2016; Unit-
ed Kingdom)
[33]

• Arm 1: 69%
• Arm 2: 58%
• Mean age not

reported

Patients: no statis-
tically significant
differences in
change in anxi-
ety, depression,
sleep, or fatigue

Patients: improved
overall well-being.
(Caregivers: im-

proved FFMQc ob-
serving mindful-
ness domain score)

Not reportedWaitlist8 weeks of dai-
ly mindfulness
sessions deliv-
ered via
Headspace app

Arm 1: pa-
tients with a
diagnosis of
cancer
(n=72). Arm
2: their care-
givers (26)

Kubo et al
(2019; Unit-
ed States)
[34]

• 54%
• 19.4 years

No effect on em-
pathic accuracy

Improved compas-
sionate responding

Not reported14 sessions of cog-
nitive-training app
plus daily question-
naire

14 sessions plus
daily quiz over
3 weeks

College stu-
dent novice
meditators
(n=56)

Lim et al
(2015; Unit-
ed States)
[35]

• 76%
• 20.92 years

No difference be-
tween groups in
mindful disposi-
tion, critical
thinking, or exec-
utive functioning

N/AOn average,
intervention
participants
completed
15/30 (50%)
sessions

30 sham medita-
tions delivered
through Headspace
interface

30 mindfulness
meditation ses-
sions over 6
weeks

College stu-
dents (n=91)

Noone and
Hogan
(2018; Ire-
land) [36]

Improved mindful-
ness and compul-
sive internet use in
the intervention
group compared to
active control and
waitlist groups

Not reportedActive control:
muscle relaxation
podcast. Passive
control: waitlist

Daily 10-
minute mindful-
ness podcast

Adult novice
meditators
with signs of
compulsive
internet use
(n=994)

Quinones
and Griffiths
(2019; Unit-
ed Kingdom)
[37]
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Gender (% female)
and age (mean)

Null or inconclu-
sive results

Positive resultsAdherenceControl groupInterventionParticipants
(sample size)

Authors (year;
country)

• Intervention
group: 38%;
active con-
trol: 42%;
waitlist con-
trol: 37%

• Intervention
group: 39
years; active
control group:
40 years;
waitlist con-
trol: 41 years

No differences
between mindful-
ness and active
control groups in
anxiety or depres-
sion, but both
outperformed
waitlist group

• 100%
• Intervention

group: 51.4
years; control
group: 53.22
years

N/AImproved quality
of life and mindful-
ness.

On average,
intervention
patients used
the app
18/72 (25%)
days.

WaitlistSelf-guided
app-delivered
mindfulness
training for 8
weeks

Women diag-
nosed with
breast cancer
(n=112)

Rosen et al
(2018; Unit-
ed States)
[38]

• 64%
• 25.11 years

No differences
between groups
for mindfulness

Improved well-be-
ing and stress

On average,
intervention
participants
completed
11.97/30
(40%) ses-

sionsb

WaitlistApp-delivered
mindfulness
training over 30
days

Medical stu-
dents (n=88)

Yang et al
(2018; Unit-
ed States)
[39]

aN/A: not applicable.
bSelf-report data.
cFFMQ: Five Facet Mindfulness Questionnaire

RCTs of the Headspace App
Among the RCTs of the Headspace app, 43% (6/14) of studies
recruited novice meditators (individuals with some experience
with meditation practices prior to the study), 29% (4/14) of
them included college students, 14% (2/14) of them included
patients with cancer, and 7% (1/14) of them included individuals
with compulsive internet use. In other words, most studies
focused on samples from the general population, rather than
individuals with elevated levels of depression, anxiety, or
another mental disorders. Overall, 50% (7/14) of studies
included a measure of mindfulness, 57% (8/14) of them
measured well-being, 36% (5/14) of them measured stress, 29%
(4/14) of them measured depressive symptoms, and 29% (4/14)
of them measured anxiety symptoms. Furthermore, 43% (6/14)
of the studies used waitlist control conditions, 43% (6/14) of
them had active control conditions, and 14% (2/14) of them had
both an active and a waitlist control condition. Of the 5 RCTs
with only active control conditions, 33% (2/6) of studies used
cognitive training apps, 17% (1/6) of studies had participants
do daily logic problems, 17% (1/6) of studies used a mindfulness
or meditation psychoeducation audiobook, and 17% (1/6) of
studies had participants complete sham meditation sessions
through the Headspace app.

In 93% (13/14) of studies, participants were allowed to access
content from the premium (paid) version of the app. In 93%
(13/14) of studies, participants were instructed to use specific

parts of the app (as opposed to navigating the app freely). The
intervention period ranged from 14 days to 70 days (mean 33.14,
SD 14.53 days). In 79% (11/14) of studies, participants were
instructed to use the app for at least 10 minutes each day.
Overall, 29% (4/14) of studies did not report app adherence
data, 21% (3/14) of studies asked participants for self-reported
usage data, and 50% (7/14) of studies used backend app usage
data from Headspace to evaluate app usage. App adherence
metrics varied greatly (including days of meditation completed,
minutes of meditation completed, number of participants who
completed entire intervention, and number of completed
sessions), and these data are provided in Multimedia Appendix
2. No paper reported lower than 25% adherence or higher than
90.16% adherence on the measure they utilized. Furthermore,
71% (10/14) of studies offered some sort of incentive to
participants (eg, gift card, course credit, premium app access,
and lottery entry) and 29% (4/14) of studies offered no incentive
for participation.

RCT of the Calm App
The 1 RCT of the Calm app recruited college students, who
were not required to have a mental health diagnosis or clinically
significant distress. Of our 5 outcome domains of interest, the
Calm RCT measured stress and mindfulness. The active control
condition was a waitlist control. Participants were allowed to
access content from the premium (paid) version of the app and
were instructed to use specific modules within the app.
Participants were instructed to use the app daily for at least 10
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minutes a day for 8 weeks. On average, intervention participants
completed 37.9 out of 70 minutes (54%) of meditation per week
over the course of the study. Participants were given gift cards
as an incentive for completing questionnaires.

Trial Outcomes

RCTs of the Headspace App
Figure 1 presents a summary of main findings from the 14 RCTs
of Headspace. We categorized findings in the 5 domains of
interest as “positive” (ie, the intervention group showed
significant improvement compared to the control group),
“mixed” (ie, 2 or more measures of the same outcome domain
that yielded conflicting results), or “null” (ie, the intervention
group did not outperform the control group) for each outcome
domain. Of the RCTs of Headspace that evaluated mindfulness,
57% (4/7) had positive findings, 14% (1/7) had mixed findings,
and 29% (2/7) had null findings. Of the RCTs of Headspace
that evaluated well-being, 50% (4/8) had positive findings, 13%

(1/8) had mixed findings, and 38% (3/8) had null findings. For
the RCTs of Headspace that evaluated stress, 40% (2/5) had
positive findings, 20% (1/5) had mixed findings, and 40% (2/5)
had null findings. For anxiety, 50% (2/4) of studies had positive
findings, and 50% (2/4) had null findings. Finally, for RCTs of
Headspace evaluating depression, 75% (3/4) had positive
findings and 25% (1/4) had null findings. We were unable to
calculate effect size pooled estimates owing to the small number
of studies, the variability in outcome measures, and the wide
range of timing for administration of postassessments.

Sample sizes (number of participants included in analyses)
ranged from 46 to 994 (mean 174, median 102, SD 234).
Applying our coding system, 64% (9/14) of the studies had low
power (<102 participants), 29% (4/14) studies had medium
power (between 102 and 278 participants), and 7% (1/14) of
studies had high power (>278 participants). More specifics on
outcomes (including additional outcomes from each RCT) are
provided in Multimedia Appendix 2.

Figure 1. Summary of findings from randomized controlled trials (RCTs) of Headspace. “Mixed findings” refers to when 2 or more measures were
used to evaluate the same outcome domain in an RCT and these measures yielded conflicting results.

RCT of the Calm App
In the single RCT of the Calm app, participants in the
intervention arm showed significantly improved stress and
mindfulness scores than those in the control arm. In total, 88
participants were included in the analyses, and the study had
low power (<102 participants).

Risk of Bias

RCTs of the Headspace App
Overall, 100% (14/14) of studies were judged as having a low
risk of bias on two of the Cochrane criteria: random sequence
generation and allocation concealment. On the blinding
ofparticipants and personnel domain and the blinding of
outcome assessment domain, 50% (7/14) studies received a
rating of low risk and 50% (7/14) received a rating of high risk.
On the incomplete outcomedata domain, 57% (8/14) of studies

received a rating of low risk and 43% (6/14) received a rating
of high risk. Finally, on the selective reporting domain, 29%
(4/14) of studies received a rating of low risk and 71% (10/14)
of studies received a rating of unclear. These 10 studies were
not preregistered, so we could not determine if the authors
engaged in selective reporting of outcomes. For the other bias
category, 79% (11/14) of studies were rated as having a low
risk, 14% (2/14) of them were rated as having a high risk, and
7% (1/14) of them were rated as unclear. Itemized Cochrane
risk of bias results can be found in Multimedia Appendix 2.

RCT of the Calm App
The singular RCT of the Calm app was judged as having a low
risk of bias on the random sequence generation and allocation
concealment domains. On the blinding of participants and
personnel and blinding of outcome assessment domains, it
received a high risk rating. Incomplete outcome data was rated
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as having a low risk of bias and selective reporting was rated
as having a high risk of bias. The RCT of Calm had a low risk
of bias for the other bias category. Itemized Cochrane risk of
bias results can be found in Multimedia Appendix 2.

Assessment of COIs
In addition to the standard Cochrane risk of bias categories, we
evaluated preregistration and COIs related to the involvement
of app companies in the 15 RCTs identified.

RCTs of the Headspace App

Preregistration

Of the 14 RCTs of Headspace, only 36% (5/14) were
preregistered.

Assessment of COIs

Half of the studies (7/14) mentioned a COI in their COI
statement that involved Headspace or Calm, 21% (3/14) of them
did not include a COI statement, and 29% (4/14) of them
explicitly stated that there was no COI. In 14% (2/14) of studies,
individuals from Headspace or Calm were involved in the
study’s conception or execution. Overall, 93% (13/14) of studies
were not funded by Headspace, and for 7% (1/14) of studies, it
was unclear whether the app company had funded the study. In
14% (2/14) of studies, individuals from Headspace or Calm
were involved in data analysis and were included as coauthors.
In 71% (10/14) of studies, Headspace Inc provided premium
app access at no cost to researchers for participants to use, 21%
(3/14) of studies did not use complimentary access from
Headspace, and for 7% (1/14) of studies, this usage was unclear.
Figure 2 depicts the COI data of these studies.

Figure 2. Evaluation of conflicts of interest in randomized controlled trials (RCTs) of Headspace.

RCT of the Calm App

Preregistration

The 1 RCT of the Calm app was not preregistered.

Assessment of COIs

For the 1 RCT of the Calm app, Calm (the company) was not
involved in initiating the study, data analysis, study funding, or
authorship. Researchers did not specify in the paper whether
Calm provided app use free of charge for this study. The
company was not mentioned in the acknowledgments or COI
statements.

Discussion

Principal Findings
We performed a systematic review of RCTs evaluating
Headspace and Calm, the two most popular mental health apps.
First, we evaluated the efficacy of Calm and Headspace. For
Calm, additional RCTs will be needed before the question of
efficacy can be addressed empirically. For Headspace, our

review of RCTs demonstrated that the efficacy findings are
inconclusive. RCTs of Headspace showed that Headspace use
reliably improved depression. Findings were mixed for
mindfulness, well-being, stress, and anxiety, but at least 40%
of studies for each of these 4 outcomes showed improvement
from the intervention. The studies mostly focused on members
of the general population; we found that relatively few studies
have examined the efficacy of these apps with clinical samples.
Most studies were not powered to detect “small” or “medium”
effects. App adherence data were measured inconsistently.
Second, our review characterized the risk of bias and COIs in
the available evidence. For all studies, lack of preregistration
was a main concern for risk of bias. Direct app company
involvement in authorship and study procedures was low for
both apps. For Headspace papers, the provision of free use of
the premium version of the app was another key finding. The
single RCT evaluating Calm did not find COIs with regard to
the company’s involvement of study conduct, analysis, or
authorship.
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Comparison to Prior Work
Our general discussion of studies in aggregate mainly refer to
Headspace owing to the limited number of RCTs identified for
Calm. Despite the mixed findings and underpowered studies,
we believe that the evidence supporting an intervention should
be considered in light of its costs. Even if only a small
proportion of individuals who use a mental health app
experience symptom reduction attributable to the app, this “small
proportion” could include millions of individuals who would
not have accessed other forms of evidence-based support
[41,42]. Furthermore, users who do not benefit from the apps
can discontinue using them with low opportunity costs.
Headspace and Calm are unguided self-help apps with relatively
lower costs than other kinds of mental health promotion
interventions (eg, psychotherapy, medications, and professional
coaching). Both Headspace and Calm offer a free version of the
app, and the premium versions cost US $13 per month and US
$15 per month, respectively (or both offer an annual plan for
US $70 per year), which are considerably more affordable than
traditional mental health interventions [42] (eg, US $60-$250
per session for private-pay psychotherapy [43]).

Notably, there are several ways in which app usage in RCTs
may differ from app usage in naturalistic settings. The trials
included in this review focused on college students, healthy
volunteers from the general population, and novice meditators.
In most of the trials, users were instructed to access specific
content within the apps. In contrast, when apps are used in
naturalistic settings, users are free to choose the content that
they want to access. Additionally, engagement with apps tends
to be higher in trials, as investigators can promote engagement
through financial incentives, and participants in research trials
may feel committed to participating fully in the study [44].
Thus, findings from randomized trials may not fully generalize
to app usage in real-world settings. We were unable to draw
conclusions on app adherence data owing to variability in
measurement. App adherence is a crucial component of
understanding the real-world validity of mobile health (mHealth)
interventions; hence, adoption of standardized reporting tools
is necessary for appropriate evaluation of adherence in future
systematic reviews on mHealth interventions [45].

Given the low cost of Headspace, the fact that multiple
randomized trials have supported its effectiveness in some
samples and individuals who do not benefit from Headspace
can discontinue its use with a low opportunity cost, Headspace
may be a promising intervention. More evidence on Calm is
needed. The funding that Headspace provides promotes the
acquisition of empirical evidence on mental health apps, which
is positive, but the provision of app use free of charge for
research presents several relevant risks for bias. First, there is
evidence of a higher potential for bias when people who work
at a for-profit company are involved in study design, conduct,
and analysis [46]. Second, researchers who are interested in
studying psychological interventions or constructs including
mindfulness will be more likely to study a mindfulness app
being offered free of charge [7]. Other apps that may be equally
or more effective may not be able to financially support research
in this way. This difference accounts for the imbalance between
Headspace and Calm with respect to the number of published

RCTs we found in our review. The resulting plethora of research
on one app in comparison to other mental health apps may lead
consumers to believe that that app is the “best” intervention or
the most evidence based, when the lack of studies on other
mental health apps is potentially attributable to financial
inaccessibility.

Future Directions
Our review demonstrates several gaps to be addressed by future
research on popular mental health apps. First, future research
could examine for whom these apps are effective, and how much
of the intervention someone must complete to achieve desired
positive effects. Precision mental health techniques could be
used to identify individuals who are most likely to respond to
apps, minimum intervention time, and what content might be
most helpful for a given individual.

Future randomized trials of mental health apps could also
evaluate the effectiveness of apps when users are instructed to
use the app freely rather than when they are instructed to access
specific preselected modules within the app, particularly in
naturalistic settings. For example, Headspace gifted free app
access to educators during the COVID-19 pandemic [47], and
future similar circumstances could provide an opportunity to
study app efficacy and engagement.

The variability in outcomes across RCTs prevented us from
calculating effect sizes or other statistics in these data, limiting
our ability to draw conclusions. Future work could attempt to
standardize patient-reported outcomes in clinical trials on mental
health apps to enable future comparisons, especially via
meta-analysis.

The involvement of app companies in the research process
introduces a risk of bias in studies evaluating mental health
apps. We recommend that when evaluating an existing
intervention that is provided free of charge, researchers should
use an active control to demonstrate how Headspace and Calm
perform in comparison with alternative apps. With the goal of
improving mental health outcomes for users, strategies should
be explored to increase the number of open access apps available
for research.

Limitations
There are a few important limitations to our study. First, the
app market is dynamic, and new apps may increase in popularity
rapidly or over time. This study is time bound, since our search
was conducted in May 2021 when Headspace and Calm were
the most downloaded and widely used mental health apps. This
may change by the time of or after publication of this review.
Second, this review was not preregistered, and a protocol was
not published ahead of time, thus potentially increasing the risk
of bias in our review. Third, the disparity in the number of RCTs
for Headspace compared to those of Calm limited our ability
to investigate the Calm app thoroughly. We were not able to
directly compare efficacy and COI variables between Headspace
and Calm owing to only finding 1 RCT of Calm. Since the
number of RCTs for Headspace and Calm was beyond our
control, we discussed the results without comparing the two
apps and encouraged additional RCTs on Calm. Fourth, we only
captured risk of bias and COI information based on what authors
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reported; hence, we may not be aware of all potential COIs.
Fifth, we reported results on the basis of significance, but
significant findings do not necessarily mean that improvements
in psychosocial outcomes are clinically significant, and we did
not evaluate the data with respect to clinically meaningful
differences.

Conclusions
The wide adoption of apps including Headspace and Calm
provides an opportunity to address population-level mental
health. We hope that this review inspires further work on mental
health apps, both adding to the current evidence base on
Headspace and Calm and evaluating other mental health apps.

We advise clinicians, researchers, and consumers of clinical
research to ask similar questions about COIs when consuming
research, particularly research evaluating products from
for-profit companies using science-based marketing to promote
their product. Once a product such as Headspace or Calm is
widely used, it can be easily accepted on face value as effective,
but we want to inspire other researchers to evaluate the nuances
of the evidence base, especially since popular mental health
apps are already reaching millions of people each month. If
effective apps disseminate widely, they may play an extremely
important role in improving mental health and wellness
worldwide.
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Abstract

Background: Very few people seek in-person treatment for online behavioral addictions including gaming and gambling or
problems associated with shopping, pornography use, or social media use. Web-based treatments have the potential to address
low rates of help seeking due to their convenience, accessibility, and capacity to address barriers to health care access (eg, shame,
stigma, cost, and access to expert care). However, web-based treatments for online behavioral addictions have not been
systematically evaluated.

Objective: This review aimed to systematically describe the content of web-based treatments for online behavioral addictions
and describe their therapeutic effectiveness on symptom severity and consumption behavior.

Methods: A database search of MEDLINE, Embase, PsycInfo, Web of Science, Cochrane Central Register of Controlled Trials,
and Google Scholar was conducted in June 2022. Studies were eligible if the study design was a randomized controlled trial or
a pre-post study with at least 1 web-based intervention arm for an online behavioral addiction and if the study included the use
of a validated measure of problem severity, frequency, or duration of online behavior. Data on change techniques were collected
to analyze intervention content, using the Gambling Intervention System of CharacTerization. Quality assessment was conducted
using the Effective Public Health Practice Project Quality Assessment Tool.

Results: The review included 12 studies with 15 intervention arms, comprising 7 randomized controlled trials and 5 pre-post
studies. The primary focus of interventions was gaming (n=4), followed by internet use inclusive of screen time and smartphone
use (n=3), gambling (n=3), and pornography (n=2). A range of different technologies were used to deliver content, including
websites (n=6), email (n=2), computer software (n=2), social media messaging (n=1), smartphone app (n=1), virtual reality (n=1),
and videoconferencing (n=1). Interventions contained 15 different change techniques with an average of 4 per study. The techniques
most frequently administered (>30% of intervention arms) were cognitive restructuring, relapse prevention, motivational
enhancement, goal setting, and social support. Assessment of study quality indicated that 7 studies met the criteria for moderate
or strong global ratings, but only 8 out of 12 studies evaluated change immediately following the treatment. Across included
studies, two-thirds of participants completed after-treatment evaluation, and one-quarter completed follow-up evaluation.
After-intervention evaluation indicated reduced severity (5/9, 56%), frequency (2/3, 67%), and duration (3/7, 43%). Follow-up
evaluation indicated that 3 pre-post studies for gaming, gambling, and internet use demonstrated reduced severity, frequency,
and duration of consumption. At 3-month evaluation, just 1 pre-post study indicated significant change to mental health symptoms.

Conclusions: Web-based treatments for online behavioral addictions use an array of mechanisms to deliver cognitive and
behavioral change techniques. Web-based treatments demonstrate promise for short-term reduction in symptoms, duration, or
frequency of online addictive behaviors. However, there is limited evidence on the effectiveness of web-based treatments over
the longer term due to the absence of controlled trials.

(JMIR Ment Health 2022;9(9):e36662)   doi:10.2196/36662
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Introduction

There is growing recognition that some individuals engage in
problematic and potentially addictive behaviors across a wide
range of online activities, including gaming, gambling, shopping,
social media use, and pornography use [1-3]. The International
Classification of Diseases 11th Revision (ICD-11) includes 2
behavioral addictions associated with gaming and gambling
[4,5]. Gambling disorder was the first recognized behavioral
addiction and is characterized by gambling to escape negative
mood, tolerance, repeated unsuccessful attempts to change, and
gambling despite negative consequences. Gambling disorder
encompasses both land-based activities as well as online casino
gambling and web-based betting on sports and racing, which
have increased for adults and adolescents over recent years
[6,7]. Gaming disorder has characteristics that are consistent
with gambling disorder, but there is less focus on money,
chasing losses, and financial impacts of gambling on other
people. The ICD-11 describes gaming disorder as a condition
involving impaired control (eg, over the onset, duration,
frequency, and context of play), increasing prioritization of
gaming over other activities and life interests, and continued
involvement despite negative consequences (eg, impairment in
social, educational, and occupational functioning). Some online
behavioral addictions are not yet identified under any diagnostic
classification of the ICD-11 (eg, pornography and social media
use), and some excessive behaviors may be encapsulated by
existing categories (eg, online shopping within compulsive
buying disorder). Although the literature on different classes of
behavioral addictions is still developing, it is often argued that
there is a need for evidence-based interventions and other
countermeasures to prevent and reduce problematic use.

The literature on interventions for online behavioral addictions
has generally been focused on in-person treatment which is
intensive and typically involves 6 or more weekly sessions [8,9].
A recent review of treatment for gaming disorder reported it
was predominantly psychotherapeutic, face-to-face, and targeted
to those with more severe problems [10]. At the same time,
reviews have tended to focus on in-person treatment studies
and excluded web-based options as evidenced by a recent
Cochrane review on psychological therapies for gambling [9].
The lack of scholarly attention on web-based interventions may
be overlooking an important modality that is accessed by many
affected by behavioral addictions. Online behavioral addictions
reportedly affects between 1% and 3% of the population [11,12],
but help-seeking rates are quite low [13,14]. These findings
suggest that either few people want or require help to resolve
their problem or that available clinical options are not meeting
the needs of the population. Help seeking may be impeded by
structural issues such as the homogeneity of available treatments,
prohibitive cost and accessibility, or individual barriers like
depression, introversion, or a preference for self-management
[15-20].

Web-based treatment appears to be a viable alternative to
in-person treatment and has demonstrated effectiveness in

reducing symptom severity and consumption patterns of
addictive behaviors [21]. Web-based treatment has the potential
to reach a wider group of help seekers, such as those seeking
anonymity, to reduce perceived shame and stigma [20].
Web-based options may also be attractive for their relatively
lower cost compared to individual sessions or retreats [10] and
for their convenience and flexibility [20,22,23]. Furthermore,
these options may be optimally positioned in the online
environment (ie, at the site where users are experiencing
psychological difficulties) despite concerns around the
appropriateness of web-based delivery for online problems [24].
Online delivery may occur via email, websites, social media,
apps, online calls, instant messaging, and virtual reality and
may involve smartphones, laptops, and computers, among other
online devices. Currently, it is unknown how each of these
diverse options might be leveraged effectively to deliver mental
health services or other public health measures to address the
problematic use of online activities and applications.

Reviews on treatment for online addictive behaviors have not
yet explicitly focused on the mode of intervention delivery. Past
treatment reviews have also tended to be narrow in focus and
overlooked the wide variability in the scope of online activities.
For example, reviews of online behaviors have examined
interventions for problems related to gaming [8,10,25-29],
cybersex [30], both internet use and gaming [31-33], internet
use and smartphone use [34], and general internet addiction or
problematic internet use [2,35-38]. Reviews focused on
gambling problems have examined the effectiveness of
web-based treatment for prevention [39] and treatment [23,40],
but these were not restricted to samples of online gamblers.
Only 1 previous review has examined web-based treatments
specifically for problematic internet use, reporting on 3 studies
and without examining the effectiveness of treatment [36]. This
review included the search terms “online intervention,”
“eIntervention,” “eTherapy,” and “eHealth,” which meant other
forms of web-based treatments such as online psychotherapy,
psychoeducation, and self-help were overlooked. Given these
limitations and that considerable time (ie, 5 years) had passed
since the previous review, it was timely to evaluate the content
and effectiveness of web-based treatments for online behavioral
addictions.

This systematic review aimed to summarize and critique the
available literature on web-based treatments for online
behavioral addictions. Specifically, this review aimed to do the
following: describe the content of web-based treatments
inclusive of any intervention type for online gaming, gambling,
shopping, pornography use, social media use, smartphone use,
or nonspecified online use; and describe the effectiveness of
web-based treatments on severity, duration, or frequency of
consumption. Although only gaming and gambling are currently
recognized as addictive disorders in the ICD-11, the scope of
this review was expanded to include other online activities
(social media, pornography, and shopping) that have been
proposed to share similarities to these disorders and which have
been studied using addiction-based approaches [1]. It is
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acknowledged that, over time, there may be important changes
to the classification of these behaviors as disorders, including
their status of inclusion in The Diagnostic and Statistical Manual
of Mental Disorders and ICD nomenclatural systems.

Methods

This systematic review was registered and published on
PROSPERO (International Prospective Register of Systematic
Reviews; registration code CRD42021224595) and followed
the PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines [41].

Eligibility Criteria
Studies were selected on the basis of the following six inclusion
criteria: (1) at least 1 intervention arm was web-based; (2) the
behavioral addiction was predominantly a web-based activity
and involved gaming, gambling, shopping, pornography use,
social media use, smartphone use, or nonspecified internet use;
(3) the intervention was intended to reduce the severity,
frequency, or duration of the behavioral addiction inclusive of
mild and moderate problems; (4) the behavioral addiction was
assessed with a validated screen, self-report, or participant
registration in a treatment program; (5) the study had a
comparison group including a passive or active control or
comparative intervention, or was a pre-post study; and (6) there
was at least 1 evaluation conducted after the intervention.
Unpublished reports, conference papers, presentations, theses,
posters, opinion pieces, letters, or protocols were excluded.
Studies were also excluded based on the following four criteria:
(1) interventions not targeted at web-based behaviors, such as
land-based electronic gaming-machine gambling; (2) web-based
behavior considered to not be addictive (eg, cyberbullying); (3)
prevention programs designed to reduce the risk of future harm
or where there were no reported problems; and (4) where the
majority of the intervention content was not web-based.

Identification and Selection of Studies
A database search of MEDLINE, Embase, PsycInfo, Web of
Science, Cochrane Central Register of Controlled Trials, and
Google Scholar was conducted in June 2022. The search strategy
is provided in Multimedia Appendix 1. The search was limited
to studies in English language, published in the last 22 years
(ie, 2000-2022), and available in full text. To identify potential
studies that met the inclusion criteria, recent systematic reviews,
reference lists within these reviews, and reference lists of
included studies were also searched. Titles and abstracts of the
studies returned from the search strategy were screened
independently by 2 researchers (JJP and another researcher)
against the inclusion and exclusion criteria. The full text of the
studies returned from this process was also screened

independently by the 2 aforementioned researchers with a third
researcher (SNR) involved to resolve any disagreements.

Data Extraction and Analysis
A structured data extraction form was developed for the study
in Microsoft Excel. The data extraction included information
on the behavioral addiction type; recruitment and study methods;
participant demographics; outcome measures; intervention
characteristics; mode of intervention delivery; comparison
conditions; and outcomes for frequency, duration, severity, and
mental health. To systematically identify the content of
interventions, each paper was assessed against the 18 categories
of change techniques identified in the Gambling Intervention
System of CharacTerization (GIST-1) [42]. The GIST-1
provides an efficient way to classify change techniques sourced
from published articles as opposed to assessing the smaller
behavior change techniques reported in treatment manuals [43].
Two independent coders (JJP and SNR) assessed each article
for the presence of the 18 GIST-1 categories and extracted
qualitative data describing each technique.

Quality Assessment
Each study was assessed for quality using the Effective Public
Health Practice Project (EPHPP) Quality Assessment Tool for
Quantitative Studies [44]. The EPHPP assesses each study for
selection bias, study design, confounders, blinding, data
collection method, and study attrition. Each component was
rated as strong, moderate, or weak by 2 independent reviewers
(JJP and SNR). Each included study was then given a global
rating of strong (no weak ratings), moderate (1 weak rating), or
weak (2 or more weak ratings).

Results

Search Results and Flow Diagram
The search yielded a total of 17,274 studies which included the
results of the following 6 databases: MEDLINE (n=2448),
Embase (n=3410), PsycInfo (n=2872), Web of Science
(n=5750), Cochrane Central Register of Controlled Trials
(n=2630), and Google Scholar (n=164). After accounting for
duplicates, there were 13,232 studies remaining, of which 13,175
were removed following the review of the title and abstracts of
studies against the inclusion criteria (see Figure 1). There was
a high number of records requiring screening because of terms
such as “internet” and “social media.” The remaining 57 studies
were reviewed in full to examine their eligibility for inclusion,
which excluded 45 studies. A total of 12 studies with 15
intervention arms, published between 2010 and 2021, were
identified for inclusion in the review. The included studies
reported on 2218 participants, with individual study sample
sizes ranging from 10 to 1122 (mean 184.8, SD 294.3).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram of study selection.

Study Characteristics
Multimedia Appendix 2 presents a summary of included studies.
Of the 12 included studies, 7 were randomized controlled trials
(RCTs) and 5 were pre-post studies without randomization.
Studies recruited participants from Europe (n=8), Asia (n=4),
North America (n=3), and Oceania (n=1). Studies predominantly
recruited from the community (n=10) via social media, treatment
or industry websites, online panels, or online message boards.
The primary focus of interventions was gaming (n=4), followed
by internet use inclusive of screentime and smartphone use
(n=3), gambling (n=3), and pornography (n=2). A range of
different technologies were used to deliver content, including
websites (n=6), email (n=2), computer software (n=2), social
media messaging (n=1), smartphone app (n=1), virtual reality
(n=1), and videoconferencing (n=1).

The average age of participants was 33.9 (SD 10.9) years old,
and the percentage of males ranged from 10% to 100% (mean
71.8%, SD 31.7%). Almost all participants met the cutoff for
problematic behavior, with 8 studies including only people with
current problems and 3 studies reporting that the majority had
a problem (70%-92%). Participant engagement with the

addictive behavior was reported for duration (sessions, days,
and weeks) as well as frequency. The average session duration
was 57 minutes [45,46], and when measured over 1 week, the
average was 27 hours [47-51]. There were 2 studies for internet
reduction that reported an average of 5.5 hours of screen time
per day [52,53]. The average frequency of engagement was 6
times per week [20,45,46], with 2 studies involving gamblers
reporting a frequency of 13 times a month for internet gambling
[54] and another study reporting 62 sessions a month for online
poker [55].

Intervention Content
Intervention content was examined in 15 web-based intervention
arms from the 12 included studies. To determine the exact
content of interventions, the components were assessed and
coded into the GIST-1 framework of change techniques [42].
A total of 17 different change techniques were identified
(Multimedia Appendix 3). The average number of change
techniques per study was 4, with a range of 1 to 10 different
techniques. The change techniques most frequently administered
(>30% of arms) were cognitive restructuring, relapse prevention,
motivational enhancement, goal setting, and social support. No
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studies included imaginal desensitization or financial
management which were previously identified in the GIST-1.

Eight studies (ten arms) reported the delivery of cognitive
restructuring [45,51,54,55], cognitive bias modification (CBM)
[47,50], exposure therapy [49], or mindfulness [53]. Cognitive
restructuring prompted participants to identify, challenge, and
replace automatic negative thoughts associated with gaming,
gambling, pornography, and nonspecified internet use. Studies
also identified triggers and beliefs mediating the relationship
between situations and subsequent addictive behavior. Two
studies delivered CBM with the aim of altering automatic
responses to gaming stimuli. These studies delivered CBM using
a device similar to games, where participants used a joystick to
push away gaming cues and pull forward neutral or positive
associations. Only 1 study delivered exposure therapy that aimed
to reduce gaming via virtual reality technology. Exposure
therapy involved repeated exposure to high-risk situations, such
as scenes from popular games paired with aversion-inducing
noise (eg, siren). Just 1 study included mindfulness activities,
which were delivered via messaging across 7 days. Participants
were prompted to focus their attention on the present moment
through engagement with pleasurable activities, including
physical activity, breathing, eating, and letting go of disruptive
thoughts.

Six studies (eight arms) delivered problem solving [45,48,52],
relapse prevention [45,48,51,55], or social skills training [54].
Problem solving prompted participants to identify high-risk
situations or triggers that were barriers to sustained behavior
change. Participants were also prompted to develop action plans
and if-then plans for addressing barriers to change. Relapse
prevention prompted participants to review previous goals and
plans on what worked well or needed improvement with the
view to make plans and prevent future relapse. Just 1 study
delivered social skills training for pornography reduction, which
focused on improving communication skills and strengthening
relationships.

Five studies (five arms) reported the delivery of stimulus control
[46,53,56], behavioral substitution [45], or self-monitoring
[45,48], and five studies (five arms) delivered social support
[45,48,52,54,55]. Stimulus control involved periods of exclusion
from online gambling venues or reducing prompts, inclusive of
removing notifications, placing the phone out of sight, or turning
it off and establishing phone-free periods during the day (eg,
before sleep). Conversely, behavioral substitution involved
adding pleasurable activities into everyday life. Self-monitoring
involved tracking consumption or mood against a
self-constructed plan. Social support was provided by clinical
or nonclinical professionals who prompted engagement with
the intervention and, in 2 cases, delivered the content via
videoconferencing or email. Just 2 studies provided peer support,
with 1 offering online forums and another integrating fictional
characters discussing lived experience within cognitive
behavioral therapy (CBT) modules.

Five studies (six arms) reported the delivery of motivational
enhancement [45,48,51,52], decisional balance [45,48,51], or
goal setting [45,48,51,53]. Motivational enhancement aimed to
reduce consumption or increase help seeking by increasing

readiness to change. Studies administered motivational
interviewing techniques through person-to-person exchanges
via videoconferences or nonclinical project support.
Motivational enhancement was included as the first module of
CBT in 1 study, and another study assessed readiness as a
method of tailoring CBT. Three of the studies administering
motivational enhancement also offered decisional balance where
participants considered the advantages and disadvantages of
consumption and reasons for change. Studies that included a
goal setting activity prompted participants to establish goal
intentions, inclusive of frequency and duration of gaming,
pornography use, internet use, and smartphone use.

Seven studies (eight arms) reported the delivery of information
gathering [51,52,54], information provision [48,52], feedback
on assessment [45,51,53,55], or social comparison [51,55].
Information gathering explored the development of the problem,
family history, motives for the addictive behavior, past change
attempts, and an assessment of comorbid psychiatric disorders.
Information provision included guidelines for reduction and
tailored information on support options. Feedback on assessment
included a single written and visual report on consumption
patterns and severity of addiction, and repeated feedback
delivered across 7 days. Two studies provided extended
assessment feedback to detail how each individual’s results
compared with people of similar age and gender.

Intervention Effectiveness
Intervention effectiveness was determined by change in problem
severity, duration of use, or frequency (see Multimedia
Appendix 2). As presented in the following sections, the review
also examined change in mental health or psychosocial
functioning.

Problem Severity
Ten studies examined problem severity, including six RCTs
and four pre-post studies. Nine studies conducted after-treatment
evaluation, where two RCTs and three pre-post studies indicated
reduced problem severity for internet use [51,52], gaming [48],
pornography use [45], and smartphone use [53]. One study
compared web-based exposure therapy against in-person CBT
and reported a reduction in symptom severity and no difference
between treatments [49]. Three studies reported no change in
internet gambling [46,55] or gaming [47] after treatment. Five
studies conducted follow-up evaluation, where three pre-post
studies reported reduced severity of gaming [48], gambling
[56], and internet use [52]. Two studies reported no change in
severity of internet gambling at follow-up evaluation [46,55].

Duration
Eight studies assessed duration, including four RCTs and four
pre-post studies. Seven studies conducted after-treatment
evaluation, where two RCTs reported reduced duration
compared with a control group for gaming [50] and internet use
[51], and one pre-post study indicated reduced internet use [52];
the remaining four studies indicated no change in duration after
treatment [45,46,53] or did not measure change immediately
after treatment [48]. Four studies conducted follow-up
evaluation, where three pre-post studies reported reduced
duration of internet use [52], gaming [48], and gambling [56].

JMIR Ment Health 2022 | vol. 9 | iss. 9 |e36662 | p.57https://mental.jmir.org/2022/9/e36662
(page number not for citation purposes)

Park et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


One internet gambling reduction study reported no change in
duration at follow-up evaluation [46].

Frequency
Five studies assessed frequency, including two RCTs and three
pre-post studies. Three studies conducted after-treatment
evaluation, where one RCT and one pre-post study indicated
reduced frequency of pornography use [45,54]. One study
reported no change [55] or did not measure frequency
immediately after treatment [48,56]. Three studies conducted
follow-up evaluation, where two pre-post studies indicated
reduced frequency of gaming [48] and gambling [56]. One RCT
indicated no change in frequency of internet gambling at
follow-up evaluation [55].

Mental Health
Three studies assessed mental health or psychosocial
functioning, including one RCT and two pre-post studies. One
RCT for gaming demonstrated a reduction in anxiety symptoms
after treatment, but not for depression [47]. Two pre-post studies
demonstrated an increase in well-being for smartphone use and
gaming [48,53] and a reduction in psychological distress for
gaming [48]. One pre-post study for gaming conducted
follow-up evaluation which indicated improved psychological
distress and well-being [48].

Assessment of Study Quality
On the EPHPP Quality Assessment Tool, 7 out of 12 studies
scored a “moderate” or “strong” global rating (see Multimedia
Appendix 2). There were 4 studies that had a “weak” global
rating due to selection bias, confounds, and low study retention.
Just 2 of 12 studies had an associated protocol or registered
their study with a trials board [45,55]. Participant retention after
treatment was 64.8% (SD 37.5%) with a range of 11% to 100%.
The lowest retention was found in 2 gambling studies with 1
on web-based self-exclusion (11%) and 1 delivering CBT to
online poker players who were not actively seeking help (15%).
One study administering motivational interviewing by
videoconferencing reported that almost half of study participants
did not complete after treatment evaluation. Only 5 of 12 studies
completed follow-up evaluation that was most frequently 3
months [46,48,52,55], with 1 study conducting a 12-month
follow-up evaluation [56]. The average follow-up retention rate
was 24.0% (SD 30.7%) with a range of 8% to 70%.

Discussion

This systematic review aimed to summarize and critique the
available literature on web-based treatments for online
behavioral addictions. The review described and evaluated 12
studies that administered web-based treatments for problems
related to online gaming, gambling, pornography, and internet
or smartphone use. Treatment was delivered via a range of
different technologies inclusive of websites, email, computer
software, social media messaging, smartphone apps, virtual
reality, and videoconferencing. Treatment delivered an average
of 4 different change techniques and, like previous studies
involving in-person treatment [10,26,35,42], the most-employed
change techniques were cognitive restructuring, relapse
prevention, motivational enhancement, goal setting, and social

support. The least-used techniques have demonstrated
effectiveness for other addictive behaviors or in-person delivery,
including exposure therapy, social comparison, feedback on
assessment, self-monitoring, and mindfulness. These findings
suggest an opportunity to enhance or develop new intervention
types that incorporate these techniques.

This review described the effectiveness of web-based treatments
on severity, duration, or frequency of consumption. Immediately
following treatment, participant evaluation indicated that 5 out
of 9 studies that evaluated problem severity reported significant
improvements for gaming, pornography, and internet or
smartphone use. Out of 7 studies that conducted after-treatment
evaluation of duration, 3 reported reduced gaming and internet
use. Out of 3 studies that conducted after-treatment evaluation
of frequency, 2 reported reduced pornography use. Just 5 of 12
studies conducted follow-up evaluation, and this was most
frequently 3 months with one 12-month evaluation. Follow-up
indicated that treatment was effective at improving symptoms,
duration, or frequency. However, 4 out of 5 studies that
conducted follow-up evaluation included completers only, with
just 1 RCT for gambling [55] using intent-to-treat analysis which
indicated no effect of the intervention. Taken together, this
evidence suggests findings should be treated with caution given
studies retained just 1 in 4 participants. Easy access is related
to high attrition rates because people can easily step away from
treatment without interacting with another person [57,58]. One
pre-post study on gaming [48] reported a retention rate of 70%,
and this study had addressed the risk of attrition by including
a coach for advice and support during engagement with the
intervention. Future studies should investigate methods such as
support or other mechanisms like incentives for increasing
retention in web-based treatment for online addictions.

Participants in the included studies were predominantly male
and aged around 25 years old. Research indicates that being
male and more frequently engaged in addictive online activities
is associated with an increased risk of online addictions (gaming
disorder, gambling disorder, compulsive buying disorder, and
issues related to pornography use and social media) [59], which
suggests that most online interventions had appropriate target
groups. Participants reported various online intervention
components (not content) that were important or helpful, such
as privacy and convenience when accessing the intervention,
staying engaged with the intervention instead of being
overwhelmed or bored, and staying connected to professional
support systems through online messaging [48,60,61]. This
aligns with research reporting that help seekers have preferences
for web-based treatments due to their convenience, accessibility,
time efficiency, and ability to connect with professional support
in a nontraditional manner (ie, not face-to-face) [20].

The majority of included studies recruited participants from
Europe, North America, and Oceania. Only 4 studies recruited
from Asian countries despite a significant amount of in-person
intervention research for online addictions being conducted in
East Asia [62,63]. It bears noting, however, that East Asian
studies may often be published in non–English language
journals. In South Korea and China, there have been parallel
developments in structural and technological restrictions,
including content filters, shutdown features, and time limits

JMIR Ment Health 2022 | vol. 9 | iss. 9 |e36662 | p.58https://mental.jmir.org/2022/9/e36662
(page number not for citation purposes)

Park et alJMIR MENTAL HEALTH

XSL•FO
RenderX

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


[64-67]. However, research shows that people experiencing
problems with their online addictive behaviors (specifically
gaming, in this case) report disapproval with modifications to
the structure of activities. Instead, they report stronger support
for education, free online screening, self-monitoring tools, and
warning labels [11] that are online in nature or can be adapted
to be delivered online.

Several limitations of the review should be considered. First, a
meta-analysis could not be conducted due to the limited quality
of studies, limited data available, and varying study designs.
Second, just 7 RCTs were included, but only 3 conducted short-
or medium-term follow-up evaluation. In addition, the findings
from the included studies were limited due to high rates of
attrition at follow-up evaluation, with 4 out of 5 studies reporting
on completer analysis only. To determine the effectiveness of
web-based treatment, there needs to be a greater focus on RCT
study design as well as participant retention and long-term
follow-up evaluation. Third, we did not include non–English
language literature, which might have excluded a large body of
research conducted in East Asia. A strength of our study was
the inclusion of studies that were focused on treatment rather
than on prevention or early intervention; however, due to the
heterogenous study focus and design, we were unable to
determine who would likely benefit from web-based treatment.
Future studies might consider examining the effectiveness of
web-based treatment, level of problem severity, and type of
addictive behavior. Just 1 included study compared in-person
and web-based treatment and reported significant improvements
in symptom severity after 8 sessions with no difference between
groups. If future research finds web-based outcomes are similar
to in-person treatment, then there is a strong case for expansion
of web-based options.

There were also several limitations in relation to describing the
content of interventions. We used the GIST-1 [42] to categorize

change techniques instead of the 93-item behavior change
technique (BCT) taxonomy [43] because of the absence of
associated protocols or study registration. Just 2 studies
referenced a published or manualized protocol or trial
registration, which may reflect the exploratory nature of the
research at this time. The lack of detailed reporting is common
in behavioral addictions and was a reason for the development
of the GIST-1 classification system which enables researchers
to reliably code brief treatment descriptions [42]. Future studies
may consider obtaining treatment manuals or working with a
study developer to map the content of effective treatments onto
the 93-item BCT taxonomy [43]. The current study was also
limited to describing the content of interventions because of the
limited sample. Future studies should consider examining the
relationship between change techniques and participant
outcomes. Studies should also consider examining the theoretical
underpinnings or mechanisms of interventions and whether
these also have an impact on severity, duration, or frequency
of use.

This systematic review identified 12 studies assessing web-based
treatments for online behavioral addictions. These findings
highlight the potential of emerging web-based treatments, but
the current evidence base varied greatly in study quality. This
review also highlights the importance of having treatment
protocols registered or published alongside an article and
reporting components as aligned with BCTs or change
techniques to be able to replicate studies with the exact
components. Enhanced research designs are needed to develop
a stronger evidence base to inform health care guidelines. Future
research should also consider the relative appropriateness and
cost-effectiveness of web-based treatments to guide the
provision and allocation of funding across health systems. The
review should be updated as more evidence on intervention
effectiveness across online behavior types becomes available.
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Abstract

Background: While mental health applications are increasingly becoming available for large populations of users, there is a
lack of controlled trials on the impacts of such applications. Artificial intelligence (AI)-empowered agents have been evaluated
when assisting adults with cognitive impairments; however, few applications are available for aging adults who are still actively
working. These adults often have high stress levels related to changes in their work places, and related symptoms eventually
affect their quality of life.

Objective: We aimed to evaluate the contribution of TEO (Therapy Empowerment Opportunity), a mobile personal health care
agent with conversational AI. TEO promotes mental health and well-being by engaging patients in conversations to recollect the
details of events that increased their anxiety and by providing therapeutic exercises and suggestions.

Methods: The study was based on a protocolized intervention for stress and anxiety management. Participants with stress
symptoms and mild-to-moderate anxiety received an 8-week cognitive behavioral therapy (CBT) intervention delivered remotely.
A group of participants also interacted with the agent TEO. The participants were active workers aged over 55 years. The
experimental groups were as follows: group 1, traditional therapy; group 2, traditional therapy and mobile health (mHealth) agent;
group 3, mHealth agent; and group 4, no treatment (assigned to a waiting list). Symptoms related to stress (anxiety, physical
disease, and depression) were assessed prior to treatment (T1), at the end (T2), and 3 months after treatment (T3), using standardized
psychological questionnaires. Moreover, the Patient Health Questionnaire-8 and General Anxiety Disorders-7 scales were
administered before the intervention (T1), at mid-term (T2), at the end of the intervention (T3), and after 3 months (T4). At the
end of the intervention, participants in groups 1, 2, and 3 filled in a satisfaction questionnaire.

Results: Despite randomization, statistically significant differences between groups were present at T1. Group 4 showed lower
levels of anxiety and depression compared with group 1, and lower levels of stress compared with group 2. Comparisons between
groups at T2 and T3 did not show significant differences in outcomes. Analyses conducted within groups showed significant
differences between times in group 2, with greater improvements in the levels of stress and scores related to overall well-being.
A general worsening trend between T2 and T3 was detected in all groups, with a significant increase in stress levels in group 2.
Group 2 reported higher levels of perceived usefulness and satisfaction.

Conclusions: No statistically significant differences could be observed between participants who used the mHealth app alone
or within the traditional CBT setting. However, the results indicated significant differences within the groups that received
treatment and a stable tendency toward improvement, which was limited to individual perceptions of stress-related symptoms.

Trial Registration: ClinicalTrials.gov NCT04809090; https://clinicaltrials.gov/ct2/show/NCT04809090
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Introduction

Background
The multiplicity of issues related with active aging has been on
the agenda of national institutions and health agencies for many
years worldwide. The European Union framework directive on
health and safety at work (89/391/ EEC) [1] indicates that
practicable adjustments to physical and social working
environments are necessary to prevent or reduce excessive
physical and mental demands on aging workers. Many studies
have identified high levels of stress in the workplace as a major
factor for developing age-related health risks, including
cardiovascular diseases, sickness absence, anxiety, depression,
and burnout syndrome [2-5]. As a consequence, several
interventions have been implemented and evaluated for the
prevention of physical diseases and mental disorders, and the
strengthening of older employees, as reported in a recent
systematic review [6]. Although this review did not focus only
on the older population of workers, it reported some interesting
relevant findings for our research. Based on moderate evidence
that emerged from the review, cognitive behavioral therapy
(CBT) and stress management programs are expected to reduce
perceived stress. Nevertheless, the persistence and sustainability
of these interventions were insufficient or limited.

Another systematic review analyzed the results of studies
providing evidence for digital psychological interventions in
the workplace [7]. The authors reviewed digital interventions
aimed to address the well-known problem of accessibility of
mental health care for the working population in general, due
to limited resources in the occupational health sector and to
stigma. The adjective “digital” in the reviewed studies stands
for interventions whose primary modality of delivery was a
website, where participants could access different types of
assignments and receive feedback after completing the
assignments from a coach or therapist by email, text, or phone
call. All the summarized studies were randomized controlled
trials (RCTs), but only one study reported data about a mobile
app, and no study mentioned artificial intelligence
(AI)-empowered treatments.

The demand for accessible and large-scale mental health care
support has been previously pointed out [8] and aggravated by
the COVID-19 pandemic and its consequences [9,10]. A
growing number of studies have indicated that the development
of conversational AI systems (also known as chatbots) as
applications in the mental health domain can improve access
to mental health care support in an easy and inexpensive manner
[8,11,12]. Even though traditional in-person therapy sessions
remain the most frequent framework for support provision,
conversational AI agents have been shown to be an effective
alternative regarding various mental disorders, such as stress,
anxiety, and depression [8]. In particular, during the COVID-19
pandemic, the problem of accessibility to mental health
treatments increased users’ appreciation of remote therapy, thus

providing video therapy an opportunity to develop its potential
in a world where these kinds of communications represent the
new normal [13].

TEO (Therapy Empowerment Opportunity) is a mobile personal
health care agent (m-PHA) designed to provide CBT support
for the prevention and treatment of stress and anxiety [12]. It
has been designed and developed in collaboration with CBT
therapists [12]. In the course of the intervention, TEO converses
with users through text-based dialogues. From these
conversations, TEO recognizes users’ emotional states, beliefs,
and personal events, and implements strategies designed by
professionals.

Objective
The observational study discussed in this paper was designed
for evaluating the impact of introducing AI technology in the
psychological treatment of aging workers presenting a variety
of stress symptoms hypothetically related with moderate to high
levels of perceived stress in the workplace. The experimental
protocol was designed to answer the following questions: (1)
whether the use of AI-empowered conversational technologies
could contribute to people’s psychological well-being; (2)
whether there are differences in terms of symptom reduction
between receiving support from an AI-empowered
conversational technology and traditional psychotherapy; (3)
whether the observed changes are different when comparing a
group of people receiving treatment or not receiving it; and (4)
whether there are differences compared with a group of people
receiving a standard course with a psychologist in a remote
setting.

Methods

Design
The experimental design included comparison of the presence
of several different symptoms, like anxiety and depression, and
psychological attitudes, measured by standardized self-assessed
psychological questionnaires. We applied these metrics before
treatment (T1) and at the end of treatment (T2). An additional
measurement was performed 3 months after the end of treatment
to longitudinally assess the effects (T3). The self-assessment
scales we applied were Symptom Checklist-90-Revised
(SCL-90-R), Occupational Stress Indicator (OSI), and Perceived
Stress Scale (PSS). SCL-90-R is a self-administered
questionnaire that assesses a broad spectrum of
psychopathological symptoms like depression, anxiety,
psychoticism, and others. OSI is a questionnaire for the
evaluation of psychosocial stress in organizations. PSS is a brief
questionnaire for the detection of generalized psychological
stress. In addition, 2 brief versions of Patient Health
Questionnaire-8 (PHQ-8) and General Anxiety Disorders-7
(GAD-7) were administered at the beginning of treatment (T1),
after 4 weeks (T2), at the end of treatment (T3), and after 3
months (T4). PHQ-8 is an 8-item questionnaire for assessing
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and monitoring depression severity [14], while GAD-7 is a short
questionnaire for assessing and monitoring generalized anxiety
disorders [15].

The treatment involved administering 8 weeks of cognitive
behavioral psychotherapy, specifically oriented toward the
acquisition of stress management skills. In addition, the
experimental design included the possibility of supporting stress
management training-CBT with the continuous assistance of
an AI-based conversational agent for mental health care (TEO)
[12]. The experimental design included 4 groups of subjects as
follows: group 1 received traditional psychotherapy from CBT
therapists in a remote setting; group 2 received both traditional
therapy and the support of the conversational AI agent; group
3 received only the support of the conversational AI agent; and
group 4 was the control group not receiving any treatment.
Participants assigned to group 4 were also assigned to a waiting
list and received treatment at the end of the 8 weeks of the
experiment.

IDEGO (Digital Psychology srl, Rome, Italy) carried out the
psychometric tests and their data analysis. The experimental
design of the RCT, training, and evaluation of the AI algorithms
and systems were performed by the University of Trento.

Ethics Approval
This methodology was approved by the Ethics Committee of
the University of Trento within the context of the research
activities of the HORIZON2020 CO-ADAPT project, and the
experimental protocol has been registered on ClinicalTrials.gov
(NCT04809090).

Recruitment
We collected the data of this study between Spring and Fall
2021, when the third wave of the COVID-19 pandemic was
hitting Italy, starting from the Northern regions of the country.
The traditional recruitment strategies were inadequate or limited
owing to social distancing measures. To overcome these
difficulties, we designed new strategies on social media with
recruiting campaigns involving engaging posts and graphics.

Comparing the usage statistics of the 2 social networks Facebook
and Instagram, Facebook provided the highest percentage of
users in our target group (21.3% and 11.7% for Facebook and
Instagram, respectively) [16]. The campaigns were widespread
throughout Italy, with the goal to motivate people to reach our
website [17] and enroll in our research. The site included all
the information about the research and a form where the users
could request to participate. Moreover, the users could ask for
more information, resulting in one-to-one interviews to answer
all the questions. In order to select eligible participants, several
questionnaires and a clinical interview with each subject were
conducted. Exclusion criteria were the presence of severe
depression (PHQ-8 score ≥20), suicidal thoughts, substance
abuse, and mild cognitive impairment (Montreal Cognitive
Assessment score <26) [18].

Participants
The characteristics of the samples are described in Table 1. A
total of 65 potential participants were examined, and of these,
60 were recruited. A code was assigned to each participant, and
through a random generator of numbers, the selected subjects
were distributed into 4 groups. After the assignment, 2 subjects
(1 in group 3 and 1 in group 4) showed mental health issues
that made it necessary to reassign them to groups 1 and 2 to
provide more accurate monitoring, where they could receive
psychological support throughout the experiment. Other subjects
showed a critical profile during the experiment, and they were
directed to a standard psychological support service.
Subsequently, these subjects were excluded from the analyses
(Figure 1). Only 45 subjects were considered for the analysis.
Group 1 included 27% (4/15) men and 73% (11/15) women,
with a mean age of 54.08 (SD 4.11; median 54) years. Group
2 included 17% (2/12) men and 83% (10/12) women, with a
mean age of 55.17 (SD 3.69; median 55) years. Group 3
included 25% (2/8) men and 75% (6/8) women, with a mean
age of 55.63 (SD 4.50; median 55.5) years. Group 4 included
20% (2/10) men and 80% (8/10) women, with a mean age of
57.20 (SD 7.96; median 60) years.
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Table 1. Sample characteristics (N=45).

ValueCharacteristic

55.58 (5.08)Age (years), mean (SD)

Gender, n (%)

10 (22)Male

35 (78)Female

Group, n (%)

15 (33)Group 1

12 (27)Group 2

8 (18)Group 3

10 (22)Group 4

Formal education, n (%)

4 (9)Secondary school

14 (31)High school

16 (36)Degree

2 (4)Master’s degree or PhD

9 (20)Other

Marital status, n (%)

6 (13)Single

2 (5)Cohabiting

21 (47)Married

15 (33)Separated

1 (2)Widower

Figure 1. The CONSORT (Consolidated Standards of Reporting Trials) diagram shows the flow of the intervention, the enrollment of participants,
their allocation to treatment, their follow-up, and data analysis. PHA: personal health care agent; SMT-CBT: stress management training-cognitive
behavioral therapy; T2: end of the treatment; T3: 3 months after the treatment.
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TEO
TEO is an m-PHA [19], a type of AI conversational agent, in
the form of a mobile app that supports input/output interactions
with users via natural language. Many PHAs currently developed
for the mental health domain demonstrate limited flexibility of
interactions with users, with system-directed interactions and
a predefined dialogue flow [11]. As a result, the user has no
control over the flow of the conversation and can only follow
the system directives throughout the conversation. These
limitations lead to shallow conversations and weak user
engagement [8].

TEO allows users to share their thoughts and emotions using
free-form natural language and engages users in personalized
interactions about the events that are specific to each user. TEO
can engage users in 2 types of dialogues. For the first type, TEO
is designed to facilitate ABC (Activation, Belief, and
Consequence) note writing for users. ABC notes are worksheets
used by CBT therapists to help their patients in the identification
of activating events (A), their beliefs related to the events (B),
and the consequences of the events (C). Upon initiatives from
a user to share a moment he/she is experiencing, TEO engages
the user in dialogues where it asks a controlled set of questions
designed by CBT therapists and collects an ABC note from the
user in the form of a personal narrative about the event and
his/her emotions. For the second type of dialogue (follow-up),
TEO notifies the user about the ABC note written the day before
and asks the user how he/she feels about the events, whether
the issue is resolved, or whether the user is experiencing a
different emotion [20]. TEO then tends to engage the user in a
short personalized dialogue where it detects the recurrence of
emotions and life events the user is experiencing [21], and
provides helpful suggestions to ensure a healthier mental state.

Furthermore, TEO benefits from a knowledge base of
therapeutic suggestions, recommendations, and exercises, which
have been collected from therapists and domain experts. Users
receive personalized tips and exercises weekly based on their
progress of the therapy intervention. All the interactions with
TEO are provided to the therapist weekly prior to the therapy
session, so that the therapist can provide necessary support
regarding the events and emotions expressed in the recollections
and notes.

Measures
According to the findings by Sullivan and Artino [22] about the
power of parametric versus nonparametric tests to detect
differences between small-size samples, parametric analysis
with repeated measures ANOVA (with a mixed within and
between-subjects design) was performed to assess the
differences between times (T1, T2, and T3) and groups (group
1, group 2, group 3, and group 4), and their interaction effect
related to the results obtained in the PSS, SCL-90-R, and OSI
tests. Multiple comparisons were corrected by using Bonferroni
adjustment. The same analysis was conducted on PHQ-8 and
GAD-7, which were administered before the intervention (T1),
at mid-term (T2), at the end of the intervention (T3), and after
3 months (T4) to assess the differences between times (T1, T2,
T3, and T4) and groups (group 1, group 2, group 3, and group
4). Regarding the OSI test, only a few scales were considered

for the analysis, that is, the ones regarding coping strategies
(social support, home-work relationship, task oriented, logic,
time, and involvement), mental health, and physical health.

Results

PSS and SCL-90-R Results
The results obtained by administering the PSS and SCL-90-R
tests are reported in Table 2. For the PSS, Global Severity Index
(GSI), Positive Symptom Total (PST), Positive Symptom
Distress Index (PSDI), obsessiveness-compulsiveness,
interpersonal hypersensitivity, and depression scales/subscales,
the assumption of sphericity had not been violated; otherwise,
for the hostility and psychoticism subscales, the assumption
had been violated (Multimedia Appendix 1 presents the results
of the Mauchly test).

For the PSS, lower scores indicate lower stress levels and better
well-being. Significant differences within groups between times
were found for group 2 between T1 (mean 22.4, standard error
[SE] 1.97) and T2 (mean 11.6, SE 2.36) (SE 2.52; P<.001),
between T2 (mean 11.6, SE 2.36) and T3 (mean 16.6, SE 1.90)
(SE 1.80; P=.03), and between T1 (mean 22.4, SE 1.97) and
T3 (mean 16.6, SE 1.90) (SE 2.01; P=.02; Table 2). Further
comparisons conducted within times between groups revealed
a significant difference between groups at T1 (F3,32=3.34; P=.03;

η2p=0.24), specifically between group 2 (mean 22.4, SE 1.97)
and group 4 (mean 13.88, SE 2.20) (SE 2.95; P=.04) at T1.

For the GSI subscale of the SCL-90-R, lower values indicate
less psychological distress. Significant differences within groups
between times were found for group 2 between T1 (mean 59.4,
SE 2.64) and T2 (mean 48.9, SE 3.99) (SE 2.83; P=.002; Table
2). Further comparisons conducted within times between groups
did not highlight any significant difference.

For the PST subscale, lower scores indicate fewer reported
symptoms. Significant differences within groups between times
were found for group 2 between T1 (mean 59.7, SE 2.50) and
T2 (mean 51.9, SE 3.17) (SE 2.24; P=.004; Table 2). Further
comparisons conducted within times between groups did not
highlight any significant difference.

For the PSDI subscale, lower scores indicate lower intensity of
distress. Significant differences within groups between times
were found for group 2 between T1 (mean 57, SE 2.51) and T2
(mean 45.1, SE 3.94) (SE 3.37; P=.004; Table 2). Further
comparisons conducted within times between groups did not
highlight any significant difference.

For the obsessiveness-compulsiveness subscale, lower scores
indicate less symptomatology. Significant differences within
groups between times were found for group 2 between T1 (mean
57.6, SE 2.29) and T2 (mean 47.9, SE 3.53) (SE 3.02; P=.009;
Table 2). Further comparisons conducted within times between
groups did not highlight any significant difference.

For the interpersonal hypersensitivity subscale, lower scores
indicate less presence of feelings of inadequacy and inferiority.
Significant differences within groups between times were found
for group 2 between T1 (mean 54.9, SE 2.05) and T2 (mean 48,
SE 2.36) (SE 2.21; P=.01; Table 2). Further comparisons
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conducted within times between groups did not highlight any
significant difference.

For the depression subscale, lower scores indicate less
depression symptoms. Significant differences within groups
between times were found for group 2 between T1 (mean 63.1,
SE 3.29) and T2 (mean 51.8, SE 4.79) (SE 3.58; P=.01; Table
2). Further comparisons conducted within times between groups
did not highlight any significant difference.

For the hostility subscale, lower scores indicate the presence of
fewer anger-related personal characteristics. Significant
differences within groups between times were found for group
2 between T1 (mean 57.6, SE 4.22) and T2 (mean 45.4, SE
2.21) (SE 4.49; P=.03; Table 2). Further comparisons conducted

within times between groups did not highlight any significant
difference.

For the psychoticism subscale, lower scores indicate less
tendency of isolation and less presence of symptoms. Significant
differences within groups between times were found for group
2 between T1 (mean 56.7, SE 3.29) and T2 (mean 50.2, SE
3.58) (SE 2.18; P=.02; Table 2). Further comparisons conducted
within times between groups did not highlight any significant
difference.

The results of the somatization, anxiety, phobic anxiety, and
paranoid ideation (PAR) subscales are shown in Multimedia
Appendix 1.
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Table 2. Parametric analysis of repeated measures ANOVA for differences between times and groups with regard to the Perceived Stress Scale and
Symptom Checklist-90-Revised test.

η2pP valueF (df)TimebScale/subscale and groupa

T3, mean (SD)T2, mean (SD)T1, mean (SD)

PSSc score

0.17.0533.22 (2,31)16.92 (5.45)15.58 (7.81)21.17 (6.24)Group 1

0.37<.0018.95 (2,31)16.60 (6.29)11.60 (5.85)22.40 (5.66)Group 2

0.16.072.86 (2,31)18.67 (7.53)14.00 (9.38)21.50 (8.17)Group 3

0.01.850.17 (2,31)15.13 (5.25)14.63 (7.15)13.87 (5.19)Group 4

GSId

0.12.132.16 (2,31)53.17 (12.58)56.33 (18.73)58.42 (11.47)Group 1

0.30.0046.77 (2,31)54.70 (11.31)48.90 (7.36)59.40 (5.72)Group 2

0.09.251.44 (2,31)50.50 (9.89)48.83 (6.59)54.67 (6.89)Group 3

0.04.570.57 (2,31)51.50 (9.47)49.88 (8.74)53.25 (6.07)Group 4

PSTe score

0.07.351.10 (2,31)53.50 (11.97)54.92 (11.99)57.00 (9.41)Group 1

0.28.0065.97 (2,31)55.00 (12.24)51.90 (9.21)59.70 (6.38)Group 2

0.17.0573.14 (2,31)50.50 (9.94)48.67 (8.04)56.00 (9.10)Group 3

0.12.142.14 (2,31)53.13 (9.75)51.63 (8.91)56.88 (5.99)Group 4

PSDIf

0.11.171.90 (2,31)51.75 (9.96)53.00 (16.83)57.08 (10.25)Group 1

0.30.0046.49 (2,31)51.60 (9.57)45.10 (6.59)57.00 (8.49)Group 2

0.02.720.33 (2,31)49.33 (9.48)53.00 (14.99)53.00 (4.73)Group 3

0.01.890.12 (2,31)48.50 (8.19)46.88 (7.00)48.75 (3.88)Group 4

Somatization score

0.07.331.15 (2,31)52.83 (15.12)53.83 (21.91)57.25 (15.02)Group 1

0.16.062.99 (2,31)49.60 (8.75)47.30 (7.43)55.90 (10.96)Group 2

0.08.261.40 (2,31)42.83 (3.87)45.83 (6.37)49.67 (6.65)Group 3

0.00.980.02 (2,31)50.88 (8.63)50.50 (8.33)51.38 (8.78)Group 4

Obsessiveness-compulsiveness
score

0.02.720.34 (2,31)54.75 (11.34)56.00 (15.58)56.83 (8.62)Group 1

0.24.014.99 (2,31)53.50 (11.08)47.90 (7.91)57.60 (7.04)Group 2

0.07.341.13 (2,31)50.67 (11.24)51.67 (7.03)55.83 (7.63) Group 3

0.02.780.26 (2,31)51.88 (8.06)51.00 (8.47)53.38 (4.21)Group 4

Interpersonal sensitivity score

0.09.231.53 (2,31)50.17 (10.47)48.67 (7.23)52.25 (6.11)Group 1

0.23.024.71 (2,31)51.60 (11.46)48.00 (6.60)54.90 (6.33)Group 2

0.20.033.87 (2,31)52.33 (9.07)45.83 (5.31)53.67 (8.43)Group 3

0.09.231.55 (2,31)52.63 (15.90) 49.50 (9.84)53.88 (5.57)Group 4

Depression score

0.04.500.72 (2,31)55.67 (11.26)57.67 (22.76)59.25 (12.13)Group 1

0.26.015.34 (2,31)56.60 (13.13)51.80 (9.46)63.10 (9.79)Group 2

0.07.321.19 (2,31)54.00 (13.23)48.17 (7.63)55.33 (9.27)Group 3
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η2pP valueF (df)TimebScale/subscale and groupa

T3, mean (SD)T2, mean (SD)T1, mean (SD)

0.02.700.36 (2,31)51.88 (9.03)52.13 (8.86)54.63 (8.86)Group 4

Anxiety score

0.05.420.89 (2,31)53.50 (10.37)57.50 (23.62)56.92 (13.59)Group 1

0.13.122.27 (2,31)54.10 (9.61)47.80 (5.45)56.50 (11.57)Group 2

0.03.620.48 (2,31)52.67 (11.29)51.33 (8.57)55.83 (6.94)Group 3

0.04.560.59 (2,31)48.38 (6.78)46.00 (6.16)50.75 (5.31)Group 4

Hostility score

0.01.890.12 (2,31)47.33 (8.69)48.33 (7.05)47.50 (17.58)Group 1

0.21.034.12 (2,31)48.80 (7.90)45.40 (3.69)57.60 (14.52)Group 2

0.03.680.39 (2,31)52.00 (8.90)49.83 (9.33) 53.50 (7.99)Group 3

0.04.560.60 (2,31)48.63 (6.50)46.88 (8.08)51.75 (3.28)Group 4

Phobic anxiety score

0.13.122.25 (2,31)50.50 (9.56)57.67 (21.64)51.58 (11.02)Group 1

0.13.112.38 (2,31)56.30 (11.38)50.60 (6.02)50.00 (16.67)Group 2

0.02.720.34 (2,31)44.83 (1.60)45.67 (3.14) 48.83 (5.14)Group 3

0.01.880.13 (2,31)50.00 (10.92)48.38 (5.34)48.50 (5.43)Group 4

Paranoid ideation score

0.30.0046.58 (2,31)53.92 (13.07)52.33 (11.76)59.92 (10.98)Group 1

0.18.043.49 (2,31)54.90 (15.42)49.50 (7.82)54.20 (9.66)Group 2

0.26.015.35 (2,31)48.83 (7.14)46.83 (4.96)56.50 (10.77)Group 3

0.23.024.57 (2,31)50.63 (11.41)45.25 (7.44)52.25 (8.80)Group 4

Psychoticism score

0.17.063.17 (2,31)49.67 (8.79)54.67 (15.20)56.50 (12.75)Group 1

0.22.024.41 (2,31)57.20 (12.64)50.20 (8.87)56.70 (9.56)Group 2

0.00>.990.00 (2,31)48.33 (7.47)48.17 (6.01)48.33 (6.15)Group 3

0.00.990.01 (2,31)52.38 (12.42)52.88 (9.75)52.63 (9.74)Group 4

aGroup 1 received only traditional therapy; group 2 received both traditional therapy and the support of a conversational artificial intelligence agent;
group 3 received only the support of a conversational artificial intelligence agent; and group 4 did not receive any treatment (control group).
bT1 indicates before treatment, T2 indicates at the end of treatment, and T3 indicates 3 months after the end of treatment.
cPSS: Perceived Stress Scale.
dGSI: Global Severity Index.
ePST: Positive Symptom Total.
fPSDI: Positive Symptom Distress Index.

OSI Results
The main results of the OSI are reported in Table 3. For the
task-oriented, logic, mental health, and physical health subscales,
the assumption of sphericity had not been violated (Multimedia
Appendix 1 presents the results of the Mauchly test).

For the task-oriented subscale, lower scores indicate criticality.
Significant differences within groups between times were found
for group 2 between T1 (mean 5.2, SE 0.56) and T2 (mean 6.9,
SE 0.55) (SE 0.62; P=.04; Table 3). Further comparisons
conducted within times between groups did not highlight any
significant difference.
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Table 3. Parametric analysis of repeated measures ANOVA for differences between times and groups with regard to the Occupational Stress Inventory.

η2pP valueF (df)TimebSubscale and groupa

T3, mean (SD)T2, mean (SD)T1, mean (SD)

Social support score

0.15.241.57 (2,18)5.88 (2.85)6.50 (2.62)7.13 (1.73)Group 1

0.16.211.68 (2,18)6.10 (2.77)6.10 (1.85)5.20 (2.15)Group 2

0.01.930.07 (2,18)5.33 (3.79)5.00 (1.73) 5.00 (3.00)Group 3

0.01.900.10 (2,18)7.50 (0.71)7.50 (2.12)7.00 (2.83)Group 4

Task-oriented score

0.04.670.40 (2,18)5.50 (3.12)5.88 (2.30)5.25 (1.98) Group 1

0.31.043.97 (2,18)6.70 (2.50)6.90 (1.45)5.20 (1.55)Group 2

0.11.341.16 (2,18)4.33 (3.06)5.33 (0.58)6.33 (1.16)Group 3

0.04.720.33 (2,18)7.00 (1.41)6.00 (0.00)7.00 (2.83)Group 4

Home-work relationship score

0.19.152.12 (2,18)5.75 (1.58)7.00 (1.07)6.63 (1.69)Group 1

0.18.171.93 (2,18)7.00 (1.33)6.30 (1.64)5.80 (1.32)Group 2

0.15.241.56 (2,18)6.67 (2.52)5.00 (1.73)6.33 (2.08)Group 3

0.04.720.33 (2,18)8.50 (0.71)7.50 (0.71)8.00 (1.41)Group 4

Logic score

0.38.015.48 (2,18)4.63 (2.33)5.63 (2.50)3.88 (1.64)Group 1

0.00.990.02 (2,18)5.10 (2.08)5.20 (1.75)5.20 (1.81)Group 2

0.22.112.50 (2,18)3.33 (2.52)5.00 (0.00)6.00 (1.00)Group 3

0.00>.990.00 (2,18)6.00 (0.00)6.00 (2.83)6.00 (1.41)Group 4

Time score

0.02.860.15 (2,18)4.25 (1.75) 4.63 (2.26)4.63 (2.13)Group 1

0.15.231.62 (2,18)5.70 (2.45) 6.00 (1.83)5.00 (2.00)Group 2

0.06.570.57 (2,18)4.67 (1.53)5.33 (2.08)4.33 (1.16)Group 3

0.04.720.33 (2,18)7.00 (1.41)7.00 (2.83)6.00 (4.24)Group 4

Involvement score

0.17.201.79 (2,18)5.13 (1.81)6.50 (1.31)5.25 (1.58)Group 1

0.11.341.16 (2,18)6.00 (2.21)6.70 (1.57)5.70 (2.31)Group 2

0.01.950.06 (2,18)6.00 (2.65)6.00 (1.00)6.33 (1.16)Group 3

0.03.770.26 (2,18)7.50 (0.71)6.50 (4.95)7.50 (2.12)Group 4

Mental health score

0.07.510.70 (2,18)5.75 (1.67)5.13 (2.59)6.00 (2.98)Group 1

0.43.0076.70 (2,18)5.10 (3.32)3.00 (2.00)4.50 (2.01)Group 2

0.12.311.27 (2,18)5.00 (3.61)3.33 (2.52)4.33 (3.06)Group 3

0.04.670.42 (2,18)1.00 (0.00)2.00 (1.41)2.00 (1.41)Group 4

Physical health score

0.09.430.90 (2,18)5.75 (1.28)5.75 (2.05)6.75 (2.87)Group 1

0.32.034.17 (2,18)5.50 (2.99)5.70 (2.00)7.60 (1.90)Group 2

0.06.550.61 (2,18)5.33 (4.16)4.67 (2.52)6.00 (3.00)Group 3

0.23.092.70 (2,18)7.50 (3.54)3.00 (1.41)4.50 (2.12)Group 4
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aGroup 1 received only traditional therapy; group 2 received both traditional therapy and the support of a conversational artificial intelligence agent;
group 3 received only the support of a conversational artificial intelligence agent; and group 4 did not receive any treatment (control group).
bT1 indicates before treatment, T2 indicates at the end of treatment, and T3 indicates 3 months after the end of treatment.

For the logic subscale, lower scores indicate criticality.
Significant differences within groups between times were found
for group 1 between T1 (mean 3.88, SE 0.59) and T2 (mean
5.63, SE 0.72) (SE 0.52; P=.01; Table 3). Further comparisons
conducted within times between groups did not highlight any
significant difference.

For the mental health subscale, lower scores indicate a higher
level of mental well-being. Significant differences within groups
between times were found for group 2 between T2 (mean 3.0,
SE 0.72) and T3 (mean 5.1, SE 0.87) (SE 0.56; P=.004; Table
3). Further comparisons conducted within times between groups
did not highlight any significant difference.

For the physical health subscale, lower scores indicate a higher
level of physical well-being. Significant differences within
groups between times were found for group 2 between T1 (mean
7.6, SE 0.77) and T2 (mean 5.7, SE 0.65) (SE 0.66; P=.03;
Table 3). Further comparisons conducted within times between
groups did not highlight any significant difference.

The results of the social support, home-work relationship, time,
and involvement subscales are shown in Multimedia Appendix
1.

PHQ-8 and GAD-7 Results
The main results of PHQ-8 and GAD-7 are reported in Table
4. For the PHQ-8 test, lower scores indicate lower levels of
depression. The only significant difference found was the one

between groups at T1 (F3,31=3.85; P=.02; η2p=0.27), specifically
between group 1 (mean 9.42, SE 1.16) and group 4 (mean 3.43,
SE 1.51) (SE 1.91; P=.02).

For the GAD-7 test, lower scores indicate lower levels of
generalized anxiety. Significant differences within groups
between times were found for group 1 between T1 (mean 9.5,
SE 1.21) and T4 (mean 4.83, SE 1.1) (SE 1.24; P=.004; Table
4). Furthermore, comparisons conducted within times between
groups revealed significant differences between groups at T1

(F3,31=3.53; P=.03; η2p=0.25), specifically between group 1
(mean 9.5, SE 1.21) and group 4 (mean 3.14, SE 1.58) (SE 1.99,
P=.02). 

The PSS, SCL-90-R, OSI, PHQ-8, and GAD-7 results of the
interaction effects between time and group can be found in
Multimedia Appendix 1.

Table 4. Parametric analysis of repeated measures ANOVA for differences between times and groups with regard to Patient Health Questionnaire-8
and General Anxiety Disorders-7.

η2pP valueF (df)TimebScale/groupa

T4, mean (SD)T3, mean (SD)T2, mean (SD)T1, mean (SD)

PHQ-8c score

0.25.043.17 (3,29)5.83 (4.95)7.58 (5.58)7.50 (4.76)9.42 (4.89)Group 1

0.05.670.52 (3,29)6.70 (5.74)5.60 (5.10)6.70 (5.14)6.30 (4.72)Group 2

0.01.960.10 (3,29)4.50 (3.56)5.17 (4.02)5.50 (5.36)4.83 (2.14)Group 3

0.09.450.90 (3,29)3.14 (1.46)5.43 (2.64)5.00 (2.71)3.43 (1.40)Group 4

GAD-7d score

0.32.014.45 (3,29)4.83 (4.02)7.08 (5.14)8.00 (6.67)9.50 (5.23)Group 1

0.11.331.19 (3,29)5.80 (3.80)4.50 (2.76)5.70 (2.45)7.10 (3.64)Group 2

0.03.860.25 (3,29)4.50 (4.76)5.00 (4.86)5.67 (6.25)6.00 (4.43)Group 3

0.11.341.16 (3,29)2.57 (2.23)5.14 (1.77)4.43 (1.72)3.14 (2.04)Group 4

aGroup 1 received only traditional therapy; group 2 received both traditional therapy and the support of a conversational artificial intelligence agent;
group 3 received only the support of a conversational artificial intelligence agent; and group 4 did not receive any treatment (control group).
bT1 indicates the beginning of treatment, T2 indicates after 4 weeks, T3 indicates at the end of treatment, and T4 indicates after 3 months.
cPHQ-8: Patient Health Questionnaire-8.
dGAD-7: General Anxiety Disorders-7.

Participant Feedback
At the end of treatment, feedback was collected from all the
participants through the administration of a satisfaction
questionnaire conceived for this study. For each item of the
questionnaire, users were asked to indicate their degree of
agreement on a 5-point Likert scale, from 1 (strongly disagree)

to 5 (strongly agree). To assess satisfaction across all groups,
1 item of the questionnaire asked the users if they were satisfied
overall with the received treatment. In the same way, to assess
usefulness, they were asked if they felt that the treatment was
useful. General results of satisfaction and perceived usefulness
are shown in Table 5.
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In addition to the general questions available for all groups,
some specific questions were asked to assess the experience of
the participants who could interact with TEO (ie, groups 2 and
3), focusing on the participants’ experiences with the
conversational agent. The results are shown in Table 6. “Easy
to use” was used to refer to the ease of interaction with TEO,
and “usefulness” was used to refer to the perceived usefulness
of the app. “Personal usage” was intended to investigate if, in

case the conversational agent was available on app stores (iOS
or Android), the users would use it (using the question “If TEO
was available on the Android/iOS store, would you
use/download it for your personal use?”). Statistical analysis
with one-way ANOVA was conducted to assess whether there
were significant differences between groups for the above
variables. No significance was detected. Specific results are
reported in Multimedia Appendix 1.

Table 5. Satisfaction and perceived utility of the treatment.

Group 3cGroup 2bGroup 1aVariable

4.29 (0.76)4.54 (0.66)4.21 (0.89)Satisfaction score, mean (SD)

4.29 (0.76)4.69 (0.63)4.21 (0.89)Usefulness score, mean (SD)

aGroup 1 received only traditional therapy.
bGroup 2 received both traditional therapy and the support of a conversational artificial intelligence agent.
cGroup 3 received only the support of a conversational artificial intelligence agent.

Table 6. Participants’ self-assessments of mobile personal health care agent interactions.

Group 3a,cGroup 2a,bVariable

3.43 (1.40)3.62 (1.04)Easy to use score, mean (SD)

3.29 (1.38)3.38 (0.87)Usefulness score, mean (SD)

3.14 (1.77)3.77 (1.09) Personal usage score, mean (SD)

aAll values reported represent the average of the group scores.
bGroup 2 received both traditional therapy and the support of a conversational artificial intelligence agent.
cGroup 3 received only the support of a conversational artificial intelligence agent.

Discussion

Principal Findings
Given the small number of subjects per group, the results
concerning the differences between groups and between times
within each group are discussed. The statistical analysis seemed
to show significant differences between groups as follows: at
T1, group 2 and group 4 differed in terms of the PSS, and group
1 and group 4 differed in terms of the GAD-7 and PHQ-8 scales.
More specifically, group 2 reported higher levels of stress than
group 4, group 1 reported higher levels of anxiety than group
4, and group 1 reported higher levels of depression than group
4. Although randomization of the groups was performed
(explained in the Participants subsection in the Methods section),

the differences at T1 for the GAD-7, PSS, and PHQ-8 scales
could be due to a reduced sample size and a nonuniform
distribution in the groups of subjects from different geographical
zones of Italy as shown in Table 7. Overall, there was a
worsening trend in almost all scales across all groups (Tables
2 and 3) between T2 and T3, although it did not appear to be
significant. When we compared the interviews with some
subjects and the Italian COVID-19 epidemiological statistics,
we could observe an increase in COVID-19 positive cases and
a general concern arising from the Delta variant of the virus in
conjunction when the T3 statistics were collected from the
participants after several months of general stability. This may
be the reason for the overall deterioration observed from T2 to
T3.

Table 7. Distribution of the sample according to the zones of Italy (North, Center, and South).

Total (N=45), n (%)Groupa, n (%)Zone

Group 4 (n=10)Group 3 (n=8)Group 2 (n=12)Group 1 (n=15)

7 (15.6)0 (0.0)2 (25.0)4 (33.3)1 (6.7)North

33 (73.3)9 (90.0)6 (75.0)6 (50.0)12 (80.0)Center

5 (11.1)1 (10.0)0 (0.0)2 (16.7)2 (13.3)South

aGroup 1 received only traditional therapy; group 2 received both traditional therapy and the support of a conversational artificial intelligence agent;
group 3 received only the support of a conversational artificial intelligence agent; and group 4 did not receive any treatment (control group).

Analysis conducted separately within each group showed that
there were many significant differences between times in group
2. Altogether, group 2 seemed to show improvements in the

PSS, GSI, PST, PSDI, obsessiveness-compulsiveness,
interpersonal hypersensitivity, depression, hostility, and
psychoticism scores (Table 2), as well as the task-oriented,
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mental health, and physical health scores (Table 3). Despite
significant improvements in group 2, for the PSS, there was
significant worsening between T2 and T3, and there was an
increase in stress at T3, although it was lower than that at T1.
There was also worsening of psychological symptoms generally
related to stress for the mental health scale of the OSI
questionnaire (see Table 3 above). Despite significant worsening
of the PSS and mental health (OSI) scores from T2 to T3, which
generally detect similar symptoms of stress, it emerged that the
physical health (OSI) score improved. This could indicate that
subjects in group 2 were more susceptible to sudden changes,
that is, increased cases of the contagious disease at T3 in their
residential areas (in particular in Northern Italy) that could have
increased psychological stress. However, the results for other
scales suggest that the participants living in that geographical
area could sufficiently cope with increased COVID-19–related
worries, without developing higher levels of stress-related
physical symptoms.

Group 3 reported significant improvements in the scores of the
interpersonal hypersensitivity and PAR scales of the SCL-90-R
questionnaire between T2 and T3 (see Table 2). Group 1
reported improved PAR (Table 2), logic (Table 3), and GAD-7
(Table 4) scores between times. Furthermore, group 4 showed
a significant improvement in the PAR score between times
(Table 2). In group 3, several individuals withdrew their consent
to participate. Among them, 2 withdrew their consent owing to
organizational complications that emerged and 2 withdrew their
consent owing to very high expectations of the conversational
AI agent that were not maintained. They judged that it was a
waste of time to participate in this research compared with the
perceived benefits.

The feedback questionnaires administered to understand the
users’ experiences showed that group 2 experienced higher
levels of satisfaction and perceived the usefulness of the received
treatment more than the other groups (ie, psychological support
and use of the mobile health [mHealth] agent), as shown in
Table 5. Moreover, comparing groups 2 and 3, participants in
group 2 showed a greater ease of interaction with TEO, and
they found it more useful than those in group 3 (ie, the group
that interacted with the conversational AI agent without human
psychological support). Indeed, the “personal usage” scores
revealed a greater inclination of group 2 participants to use
TEO.

A few specific questions were administered per group to explore
some expectations. In group 1, the aim was to understand
whether users would accept or find useful the use of a mHealth
app together with traditional treatment. The results showed a
score of 3.07. In group 3, the aim was to understand whether
users would accept or find useful the use of a mHealth app
together with traditional treatment. The results showed a score

of 4.57. Overall, positive expectations related to combining
traditional treatment with a mHealth app were found,
considering the fact that participants in group 3, who used the
app, had higher expectations. In group 2, the aim was to
understand not the expectations but how effectively, for the
subjects, the use of the mHealth app facilitated traditional
treatment. The results showed a score of 3.93.

Altogether, these results suggest that a psychological treatment,
characterized by the presence of human contact, along with a
conversational mHealth agent would improve the impact of
treatment in terms of satisfaction and usefulness.

A further aspect to be considered in the evaluation of these
results is that this experiment was performed during the third
wave of the COVID-19 pandemic in Italy, as mentioned in the
Methods section. Our results indicate that although this event
had an impact on the levels of stress and on the general
psychological well-being of the participants, the observed and
perceived improvements were maintained over time in terms
of the reduction of physical stress–related symptoms.

Limitations
Following the recruitment process, the number of active
participants involved in this study was small, and this may
weaken the inferences and conclusions. Besides, although the
recruitment campaign was conducted through social media
platforms to reach out to all Italian regions, the majority of our
participants were from the center of Italy. The participants were
mainly women, and the fact that women tend to seek
psychological help more often than men has been studied
previously [23,24]. Nevertheless, the observed gender
predominance weakens the generalization of the drawn
inferences for both genders.

Conclusions
The aim of this study was to evaluate the possible improvements
related to the introduction of an AI-based mHealth app in
psychological interventions aiming to reduce stress-related
physical and psychological symptoms in aging workers. We
administered different standard psychological tests to measure
the levels of perceived stress, generalized anxiety, and
depression, along with other psychological dimensions. We
could not observe statistically significant differences between
the participants who used the mHealth app alone and those who
used it within the traditional setting of psychological treatment.
On the contrary, we could observe significant within-group
differences, with improvements in subjects who received
treatment. Moreover, we observed greater levels of satisfaction
and subjective perception of usefulness in participants who were
supported by a human therapist as well as the mHealth
conversational agent.
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Abstract

Background: Patients with limited English proficiency frequently receive substandard health care. Asynchronous telepsychiatry
(ATP) has been established as a clinically valid method for psychiatric assessments. The addition of automated speech recognition
(ASR) and automated machine translation (AMT) technologies to asynchronous telepsychiatry may be a viable artificial intelligence
(AI)–language interpretation option.

Objective: This project measures the frequency and accuracy of the translation of figurative language devices (FLDs) and
patient word count per minute, in a subset of psychiatric interviews from a larger trial, as an approximation to patient speech
complexity and quantity in clinical encounters that require interpretation.

Methods: A total of 6 patients were selected from the original trial, where they had undergone 2 assessments, once by an
English-speaking psychiatrist through a Spanish-speaking human interpreter and once in Spanish by a trained mental health
interviewer-researcher with AI interpretation. 3 (50%) of the 6 selected patients were interviewed via videoconferencing because
of the COVID-19 pandemic. Interview transcripts were created by automated speech recognition with manual corrections for
transcriptional accuracy and assessment for translational accuracy of FLDs.

Results: AI-interpreted interviews were found to have a significant increase in the use of FLDs and patient word count per
minute. Both human and AI-interpreted FLDs were frequently translated inaccurately, however FLD translation may be more
accurate on videoconferencing.

Conclusions: AI interpretation is currently not sufficiently accurate for use in clinical settings. However, this study suggests
that alternatives to human interpretation are needed to circumvent modifications to patients’ speech. While AI interpretation
technologies are being further developed, using videoconferencing for human interpreting may be more accurate than in-person
interpreting.

Trial Registration: ClinicalTrials.gov NCT03538860; https://clinicaltrials.gov/ct2/show/NCT03538860

(JMIR Ment Health 2022;9(9):e39556)   doi:10.2196/39556
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telepsychiatry; automated machine translation; language barriers; psychiatry; assessment; automated translation; automated;
translation; artificial intelligence; AI; speech recognition; limited English proficiency; LEP; asynchronous telepsychiatry; ATP;
automated speech recognition; ASR; AMT; figurative language device; FLD; language concordant; language discordant; AI
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Introduction

The most recent US Census Bureau investigation records that
nearly 26 million individuals older than 5 years are considered
of limited English proficiency (LEP), with a reduced ability to
speak, write, or read English [1]. In the United States, over 16
million Spanish-speaking individuals are classified as having
LEP [1]. Among Latino immigrants, those with LEP are less
likely to receive psychiatric health care as compared to those
with English proficiency (EP) [2,3]. Federal and state policies
have been created to reduce language barriers to health care and
mandate that interpreter services be available to all LEP
individuals [4,5]. Human interpreters are considered the gold
standard to provide linguistically and culturally competent
health care to patients with LEP, leading to improvements in
patient comprehension and satisfaction, clinical outcomes, and
health care use [6]. However, the usage rate of these services
remains low, as less than 20% of clinical encounters for patients
with LEP use interpreting services, often due to time constraints
for clinical encounters [7].

Currently, artificial intelligence (AI) interpretation technologies
have already been implemented in a variety of industries as
either a replacement for or augmentation to human interpretation
[8]. Health care, however, has been slow to apply AI
technologies. Moreover, there are limited published applications
of AI interpretation in health care, despite promising early
results for the use of AI interpretation for the translation of
written text, including public health information and electronic
health records [6,8,9]. Notably, a paucity of information exists
on the application of AI interpretation in health care to spoken
rather than written text.

Most publications regarding clinical interpretation focus on
ways to optimize the experience of using an interpreter, and
there are various guidelines that suggest strategies to best
integrate the interpreter into the encounter [10]. It is frequently
advised to use simplified speech, with pauses between sentences
to allow for sentence-by-sentence translation. Some published
simplifications include shortening of phrases as well as
avoidance of complex language, including idiomatic
expressions, jargon, and humor [10]. The extent to which
patients condense and simplify their speech when using an
interpreter is yet to be evaluated.

This paper describes the results of a cross-sectional study to
evaluate the translational accuracy of a novel AI interpretation
technological tool composed of dual automated speech
recognition (ASR) and automated machine translation (AMT)
function. ATP App was developed by the University of
California, Davis team to transcribe and translate psychiatric
interviews with Spanish-speaking patients who have LEP. When
assessing translational accuracy, it is important to be aware that
mistakes can occur at both the ASR transcription and the AMT
translation stages of AI interpretation. A separate paper further
describing the accuracy of the AI interpretation has been
prepared (Chan S et al, unpublished data, 2021). This study
focuses specifically on the ability of ATP App to translate
complex, figurative language devices (FLDs) such as metaphors,
similes, and euphemisms [11]. To maintain the original meaning

of these devices, the technology must be capable of recognizing
that a literal, word-for-word translation does not always confer
semantic equivalence between a phrase in Spanish and English
[12]. As such, the translation of FLDs is a complex task, but
one that would be required of AI interpretation in its application
to real-world patient-provider conversations.

This study also aimed to quantify the extent to which the use
of an interpreter affects patient speech quantity, measured by
patient word count per minute; it also aimed to understand
whether patient speech quantity differed between in-person or
videoconferencing environments, the latter being required during
the COVID-19 pandemic [13]. As such, we hoped to objectively
quantify some of the time and language content barriers that
physicians and patients face when using interpreting services.

Methods

Ethics Approval
This study was nested within a larger clinical trial approved by
the University of California, Davis Institutional Review Board
(IRB reference number: 1131922; trial registration number:
NCT0358860) [14].

Participant Selection
The original study recruited Hispanic individuals with significant
LEP from mental health and primary care clinics. All
participants were aged 18 or older and screened as likely to have
either a nonurgent psychiatric disorder, namely mood, anxiety
or substance use disorders, or a chronic medical condition.
Exclusion criteria included suicidal ideation or plans, significant
cognitive deficits, and those otherwise deemed inappropriate
for participation by their primary care provider or psychiatrist.

A total of 6 patients with psychiatric disorders were randomly
selected from the original study of 114 patients. The first 3
(50%) patients were recruited prior to the COVID-19 pandemic,
and the second 3 (50%) patients were recruited after the start
of the pandemic. This allowed us to assess if the transition to a
web-based, Zoom platform would impact AI interpretation.

Interview Format
The participants underwent 2 methods of psychiatric
assessments. Method A represented the current gold standard
of interviews of patients with LEP, whereby the
Spanish-speaking patient was interviewed by an
English-speaking psychiatrist, and the interview was interpreted
by a human, English-Spanish interpreter. This method is the
language-discordant format, with the provider and patient
speaking different languages. Method B represented the novel,
asynchronous telepsychiatry (ATP), AI interpretation format
whereby the Spanish-speaking patient was interviewed by a
Spanish-speaking researcher-interviewer, who was trained to
administer psychiatric interviews. These interviews were video
and audio recorded and subsequently transcribed and translated
into English with subtitles added to the video file. The files
were then sent to an English-speaking psychiatrist for diagnosis
and treatment plan recommendations. Asynchronous
telepsychiatry, without the added component of language
interpretation, has already been established as a clinically valid
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method for psychiatric assessments [15]. Transcription and
translation were carried out via a novel, cloud-based, dual ASR
and AMT app already developed by the research team, entitled
ATP App. The videos were later viewed by the psychiatrist. This
method is the language-concordant format, with the
researcher-interviewer and patient speaking the same language.
Of note, although it is common practice for human interpreters
to set the stage and ask participants to simplify or shorten their
speech to facilitate ease of interpretation, we specifically did
not ask the participants to modify their speech in any way. This
allowed us to analyze the natural speech of the encounters for
both methods [9]. All interviews in both methods were video
and audio recorded.

Transcription and Translation
Transcripts for both methods were generated from the
video/audio recording of each interview. These transcripts were

initially generated automatically and were subsequently verified
for accuracy and edited by 2 bilingual researchers. The
verification process was a labor-intensive process, requiring
each reviewer to replay the file multiple times to add, remove,
and replace words. The process of transcript verification required
approximately 4 minutes of editing per 1 minute of the interview
(Chan S et al, unpublished data, 2021). Instances of use of FLDs
spoken by the patient were then separately marked by 2 bilingual
researchers. There is a wide variety of FLDs (eg, similes,
metaphors, irony, idiomatic expressions, and euphemisms), all
of which apply language in a nonliteral manner to add
connotation [11]. Table 1 presents examples for some common
types of FLDs. FLDs used by the interviewers were excluded
from analysis to control for natural variation in the style of
speech used by the interviewers.

Table 1. Example figurative language devices.

Literal translation into EnglishCorrect translation into EnglishExample in SpanishFigurative language device subtype

This is filling my brain.This is overwhelming me.Eso se me está llenando el cerebro.Metaphor

They make me very heavy.It’s been very hard.Me hacen bien pesado.Idiomatic expression

I feel like I don’t serve for anything.I feel like I’m worthless.Me siento que no sirvo para nada.Simile

I peel away my head.I lose my mind.Se me despega mi cabeza.Personification

I felt more droopy.I felt more down.Me sentía yo más decaída.Euphemism

I’m not going to die from hunger.I’m not going to starve to death.No me muero de hambre.Hyperbole or exaggeration

Accuracy of transcription and translation of each FLD was
independently determined by 2 bilingual researchers. If an FLD
was categorized as an inaccurate transcription, the FLD was
marked as “transcript inaccurate,” and no subsequent analysis
of translation was made, as translation is dependent on accurate
transcription. If an FLD was categorized as an accurate
transcription, the FLD was then subdivided into either an
accurate or an inaccurate translation.

To analyze the quantity of patient speech, separate subtranscripts
were created of only the patients’ speech to obtain a patient
word count. This word count was then divided by the minutes
of the interview, to control for varying lengths of interviews.
The number of instances of FLDs was divided by the number
of minutes of the interview to control for the varying lengths
of patient interviews.

The primary statistical analysis compared FLD frequency per
minute, patient word count per minute, and percentage of
accurate translation of FLDs between Method A and Method
B for each patient. Analysis was performed using Microsoft
Excel with paired sample two-sided t tests. The secondary
statistical analysis compared only the percentage of accurate
translation of FLDs as stratified into the in-person,
pre–COVID-19 group for patients 1-3, and the Zoom format,

post–COVID-19 group for patients 4-6. P<.05 was used to
determine significance for all analyses.

Results

The study included 4 (67%) female and 2 (33%) male
participants, with an age range of 42-71 years and an average
age of 53 years; 4 (67%) participants were born in Mexico, 1
(17%) in Costa Rica, and 1 (17%) in Guatemala.

Figure 1 details the results of the three primary comparisons
between each method—the frequency of figurative language
devices as measured by number of FLDs per minute, the patient
word count per minute, and the percentage of accurate
translation as measured by number of correctly translated FLDs
per total number of FLDs. There was a significant increase in
the per-minute frequency of FLDs using AI interpretation (mean
0.61, SD 0.26) compared to using the human interpreter: mean
0.2, SD 0.1; t5=–4.58, P≤.05. There was a significant increase
in the per-minute patient word count using AI interpretation
(mean 90, SD 24.4) as compared to using the human interpreter:
mean 45.8, SD 16.8; t5=–7.7, P≤.05. There was an insignificant
decrease in the mean percentage of accurate translation of FLDs
using AI interpretation (mean 0.3, SD 0.18) compared to using
the human interpreter: mean 0.52, SD 0.29; t5=1.59, P=.17.
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Figure 1. Frequency of figurative language devices, patient word count per minute, and percentage of accurate translation per method and patient.
FLDs: figurative language devices.

Secondary comparisons were made to assess for possible
differences in the percentage of accurate translation of FLDs
for the interviews that were performed in person, prior to the
COVID-19 pandemic, compared to those that were obtained
over Zoom, after the COVID-19 pandemic. There was an
insignificant increase in the accuracy of both methods for the
Zoom format (mean 0.47, SD 0.3) as compared to the in-person
format: mean 0.35, SD 0.17; t5=–0.95, P=.39. When broken
down separately by method, however, there was a near
significant increase in the accuracy of AI interpretation for the
Zoom format (mean 0.4, SD 0.04) as compared to the in-person
format: mean 0.2, SD 0.04; t2=–4.02, P=.06. There was an
insignificant increase in the accuracy of human interpretation
for the Zoom format (mean 0.53, SD 0.46) compared to the
in-person format: mean 0.51, SD 0.08; t2=–0.1, P=.92.

Discussion

Principal Findings
This study looked at the linguistic differences in psychiatric
interviews of Spanish-speaking patients with LEP. The results
demonstrate that the patients’ speech differs significantly.
Method A in the presence of a human interpreter showed fewer
instances of FLDs, compared with Method B with
language-concordant interviews augmented with AI
interpretation. Additionally, in Method A, patients spoke with
a lower word count per minute compared to Method B, with an
average of half as many words per minute in the presence of a
human interpreter. There was no statistically significant change
in these results when using videoconferencing, compared to
in-person consultations, although the interpreting accuracy over
videoconferencing was higher for both methods.

Our findings aligned with our expectation that patient speech
becomes simplified and truncated when using a human
interpreter. This simplification aligns with many published
guidelines and articles that detail best practices for use of human
interpreting services, which often encourage a reduction in the
use of idiomatic speech, as well as a simplification of sentence
structure [10]. Within the specialty of psychiatry, diagnosis and
treatment decisions are heavily reliant on the verbal history
conveyed to the provider [16]. Our results suggest that the
history provided using a human interpreter will likely differ and

could represent a less comprehensive picture of the patient’s
psychopathology. Of note, human interpreting services
guidelines are generally geared toward providers rather than
patients, and the patients included in our study would likely not
have read these guidelines prior to the study. Instead, we propose
that there is an innate tendency for the patients to simplify their
speech when having to pause between sentences to allow for
translation. Additionally, the use of a human interpreter has
previously been associated with a reduced number of follow-up
appointments, reduced patient and provider satisfaction, and an
increased likelihood of not asking the questions that the patient
wanted to ask [17-19].

Moreover, the results of our study demonstrate that the use of
an in-person human interpreter (Method A) is currently more
accurate than AI interpretation (Method B) regarding the
translation of FLDs. The aggregate translational accuracy for
human interpreters was 52% versus 30% for AI interpretation
(P>.05), suggesting that both methods lend themselves to a high
degree of inaccuracy when translating FLDs. Of note, a sizable
contribution to the inaccuracy of translation by the AMT starts
from an inaccurate transcription of the conversation, suggesting
that improvements in audio recording and transcription would
increase the translational accuracy of the AI interpretation.

Finally, our results show that the transition of interviews from
in-person to the web-based, Zoom format in response to the
COVID-19 pandemic led to a higher, but statistically
insignificant percentage of translational accuracy of FLDs,
suggesting that both human-interpretation and AI interpretation
technologies can be adapted to accommodate the movement
away from in-person psychiatric evaluations. The aggregate
translational accuracy of Method A is 50% in-person vs 53%
over Zoom, and the aggregate translational accuracy of Method
B is 20% in-person vs 40% over Zoom. This difference appears
to stem from an improvement in transcriptional accuracy on
the Zoom format, likely seen because interview participants
took longer pauses after speaking and spoke in shorter phrases
over the Zoom format.

Limitations
There are several limitations that we have identified in this
study. First, the study is limited due to the small panel of patient
interviews that are included. The decision to analyze a limited
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subset of 12 patient interviews from the initial cohort of
approximately 200 patient interviews was made due to the
significant time required to both generate transcriptions for the
in-person Method A and to verify the machine-generated
transcripts for accuracy for Method B. Expanding the sample
size of the included patient interviews is possible in the future
using our database of recorded interviews but will be time
consuming. This study is additionally limited by the wide variety
of types of FLDs used in the interview discourse. Some devices,
such as idioms and metaphors, are clear to delineate from
nonfigurative speech. For example, the following patient
statement, “estoy viendo una luz al final del túnel” (“I am seeing
a light at the end of the tunnel”) is clear to recognize as a
figurative language device; it is well understood that the patient
is not actually seeing a light, but rather that they are using an
idiom that is in common use in both the English and the Spanish
languages. By contrast, some of the types of devices that are
used less frequently (eg, personification and euphemism) are
more subtle. For example, the following patient statement, “la
enfermedad me hizo traermelo para acá” (or “the sickness made
me bring him too”) is less obvious to recognize as figurative
language, whereby her depression (“the sickness”) is personified
to have forced the patient to do something.

Highlights
• Patients with LEP frequently receive substandard health

care because of language communication difficulties.
Medical interpreters are often in short supply and commonly
lengthen the time and simplify the language of medical
interviews.

• A combination of ASR and AMT technologies have been
developed as a method of AI interpretation. We applied
these to ATP consultations as we believe AI interpretation
may be a way of improving psychiatric interviews across
languages compared with interviews mediated through
human interpretation.

• In this study, the number of FLDs, the translation accuracy
of figurative language, and the patient word counts were
compared as proxies for interview complexity and volume.
We found in the AI interpretation model that word counts
were greater, and FLDs were more common but less
accurately translated than in the human interpreter model.

Conclusion
Going forward, technological improvements of AI interpretation
from both the transcription component and the translation
component will be required for ATP interviews to be conducted
in languages other than English. The field of AI interpretation
has made substantial progress within the past decade with the
transition from statistical machine translation to neural machine
translation [20]; we expect that AI interpretation will continue
to expand and improve in the coming years and to eventually
be at least as accurate as professional interpreters, allowing it
to be introduced into regular clinical use. As our patient
population in the United States continues to diversify, it will be
important to further develop novel technological approaches to
circumvent the time limitations and simplification of speech
that are currently seen with human interpretation. Further studies
of the accuracy of interpretation over videoconferencing
compared with in-person interpreting are required.
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