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Automated stress detection
using mobile application and
wearable sensors improves
symptoms of mental health
disorders in military personnel
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Debra Nofziger®, William Brim? and Craig Woodworth®

Design Interactive, Inc., Orlando, FL, United States, Department of Medical and Clinical Psychology,
Center for Deployment Psychology, Uniformed Services University of the Health Sciences, Bethesda,
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Leading causes in global health-related burden include stress, depression,
anger, fatigue, insomnia, substance abuse, and increased suicidality. While all
individuals are at risk, certain career fields such as military service are at an
elevated risk. Cognitive behavioral therapy (CBT) is highly effective at treating
mental health disorders but suffers from low compliance and high dropout
rates in military environments. The current study conducted a randomized
controlled trial with military personnel to assess outcomes for an
asymptomatic group (n=10) not receiving mental health treatment, a
symptomatic group (n=10) using a mHealth application capable of
monitoring physiological stress via a commercial wearable alerting users to
the presence of stress, guiding them through stress reduction techniques,
and communicating information to providers, and a symptomatic control
group (n=10) of military personnel undergoing CBT. Fifty percent of
symptomatic controls dropped out of CBT early and the group maintained
baseline symptoms. In contrast, those who used the mHealth application
completed therapy and showed a significant reduction in symptoms of
depression, anxiety, stress, and anger. The results from this study
demonstrate the feasibility of pairing data-driven mobile applications with
CBT in vulnerable populations, leading to an improvement in therapy
compliance and a reduction in symptoms compared to CBT treatment
alone. Future work is focused on the inclusion of passive sensing modalities
and the integration of additional data sources to provide better insights and
inform clinical decisions to improve personalized support.
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Introduction

Mental health disorders, including major depressive
disorder (MDD), generalized anxiety disorder (GAD), and
post-traumatic stress disorder (PTSD) represent leading causes
in global health-related burden (1),
significantly exacerbated by the COVID-19 pandemic (2).
Such disorders present with a variety of symptoms, including

and have been

stress, depression, anger, fatigue, insomnia, substance abuse,
and increased suicidality (3, 4). Available evidence suggests
that particular professions have an increased risk for
health disorders,

responders (5), medical professionals (6), and members of the

symptoms of mental including  first
armed forces. Within the latter, the literature increasingly
supports a Consequence of War Syndrome (CWS) to describe
a cluster of symptoms experienced by members of the armed
forces including chronic pain, insomnia, and other physical
complaints along with PTSD, anxiety, depression, anger, and
neuropsychological deficits (7). Unlike previous symptom
clusters such as Gulf War Syndrome (8), CWS appears to be
fundamentally linked to chronic stressors inherent to military
deployment (7). Given the increasing prevalence of mental
health disorders, there is an increasing need for support tools.

Cognitive behavioral therapy (CBT) has emerged as one of
the most effective psychotherapy modalities used to treat a
range of emotional and physiological symptoms such as
depression, anxiety, stress, anger, PTSD, and insomnia (9).
CBT is generally administered by mental health professionals,
and consists of a structured, collaborative process that helps
individuals consider and alter their thought processes and
behaviors, usually administered weekly over several months.
However, while CBT has been shown to be highly effective in
the general population, efficacy in military populations has
been limited (10), in which CBT is associated with low
(11). Additional
challenges to therapy provision in the military health system

compliance, and high drop-out rates
include the fact that many service members choose not to
(13),

participate at low rates in clinical studies (14). Within CBT,

seek care (12), experience long wait times and
much of the improvement in symptoms occurs due to skill
practice via homework assignments (15), but homework
in CBT In addition,

standard CBT does not offer the provider objective or

compliance remains problematic.
verifiable information regarding the utilization of therapeutic
skills outside of office visits (16), including use of the
relaxation and behavioral strategies shown to be the most
effective component of treatment (17).

Previous work by our group has indicated that mHealth
technology capable of monitoring and alerting participants to
stress, anger, and anxiety triggers, while offering such
information to providers, is capable of increasing CBT efficacy
in a small randomized controlled trial (RCT) using a military
veteran population (18). Other groups have highlighted the
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need for promoting engagement with mobile applications to
maximize efficacy (19, 20). There is a need to apply similar
technology in active duty military populations, closer to the
point at which symptoms develop. In the current study, the
ability of CBT to reduce symptoms of stress, anger, and
associated effects on other behaviors (e.g., sleep) with and
without an mHealth application was evaluated with 20 active
duty service members reporting stress or anger who were
undergoing CBT, compared to 10 asymptomatic active duty
service members. The primary objective was to measure the
effectiveness of the mHealth application in tandem with CBT
to reduce anger and stress in active duty service members. We
hypothesize that use of the mHealth application will result in
significantly less anger, anxiety, depression, and PTSD
symptoms following CBT treatment as compared to standard
CBT therapy in an active duty population.

Materials and methods
Participants

Thirty participants (ten per group) were recruited for this
study based on a power analysis using data from prior work
(d=1.0, @=0.05, B=0. 8, Wilcoxon-Mann-Whitney test)
(18). included  both
asymptomatic active duty military personnel, aged 18-64.

Participants symptomatic  and
Symptomatic participants were recruited at Brooke Army
Medical Center (BAMC, Ft. Sam Houston, TX, United States)
from active duty military personnel who presented to the
nonemergency, outpatient mental health clinic. Potential
participants were processed through the standard clinic intake
or triage protocol. Clinic providers were briefed on the study
availability and inclusion criteria. Participants that met the
initial inclusion criteria (diagnosis or complaint of stress and
anger), were offered to schedule with a project coordinator.
The project coordinator explained the protocol and completed
the consent if the participant was appropriate and volunteered
for inclusion. Asymptomatic participants were recruited
among active duty military personnel in Orlando FL using

word of mouth.

Experimental procedure

The study design was a parallel, RCT with active duty
populations to test the effectiveness of a novel mHealth
application in conjunction with CBT (experimental group)
compared to CBT alone (control group), and to an additional
psychologically asymptomatic control group (asymptomatic
group) that used the mHealth application. Symptomatic
participants were randomly assigned to a treatment group via
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block randomization to ensure equal and random groups.
Asymptomatic group participants were not randomized.

After obtaining written informed consent, participants were
given a unique four-digit study participant ID number and were
asked to complete baseline self-report questionnaires (see
Section “Self-reported measures”). Ten active duty service
members were randomized to receive the mHealth mobile
application as part of their CBT (experimental group), and
ten were randomized to receive standard CBT without the
mHealth application (control group). An additional ten active
duty service members that were not reporting stress or anger,
(asymptomatic group) received a smartwatch and mHealth
mobile application to determine the ability of the system to
detect anger and stress in a healthy cohort and to compare
any changes that occur from using the mHealth application
alone to CBT with the mHealth application in a symptomatic
population. After random assignment to treatment condition,
participants engaged in the protocol treatment with a study
therapist. Individuals not interested or deemed not
appropriate for the study, were scheduled for a routine follow
up appointment consistent with the clinic policy. Participants
randomized to the experimental group received a smartwatch
along with instructions in its use, and downloaded the
mHealth application to their Android or iOS phone (see
Section “Physiological measures”). To control for possible
effects of using study equipment, participants randomized to
the control group received a smartwatch only and instructions
in its use but were not provided with the download of the
mHealth application.

All symptomatic participants received standard CBT
consistent with the U.S. Department of Health and Human
Services Abuse and Mental
Administration (SAMHSA) CBT therapy manual targeting
stress and anger management, in a one-on-one setting (21).
The this

treatments widely used in both civilian and military/veteran

Substance Health Services

interventions used in study are manualized
populations and represent the current standard of care. The
expected treatment course is approximately eight to twelve
sessions, approximately 2-3 months for weekly sessions. All
participants completed the study measures at baseline and
every 4th session to completion of treatment. Prior to
appointments with participants assigned to the experimental
group, the the
physiological data (times and locations of situations that are

study therapist accessed participant’s
associated with stress/anger events and any journal entries)
via a secure cloud server and a password-protected, HIPAA-
compliant provider portal. The mHealth data since the last
appointment was discussed in the course of the treatment
session as an adjunct to the standard CBT protocol; as such,
therapists were not blinded to experimental condition.

The study terminated after the 12th scheduled appointment
although participants were allowed to continue with the study

therapist or referred to another treating provider if continued
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treatment was indicated. Participants were considered a
dropout if they left treatment after having completed the first
appointment. Participants were considered completed at the
12th session or if the participant and therapist agreed that
clinical goals were met at any point prior to the 12th session.
Follow-up analyses were assessed for the participant’s final
session whether completed or considered an early drop-out.
As all
participants at baseline and follow-up included groups of ten.

such, analyses described within and between
Participants who used the mHealth application also completed
a mobile application questionnaire at the final appointment.
Asymptomatic controls were recruited from other sites
through the use of fliers. Interested participants met with a
project coordinator and, if they met inclusion criteria, were
the participants

completed the same behavioral health assessment measures

consented into study. Asymptomatic

and received a smartwatch and the mHealth mobile
application along with instructions in its use. Data from the
asymptomatic controls was uploaded from the participant

phone to the secure cloud server.

Self-reported measures

Participants provided demographics information at their
initial appointment. The Depression, Anxiety, Stress Scale
(DASS)  (22), Patient-reported outcomes measurement
information scale (PROMIS)-Anger Scale (23), PTSD
Checklist for DSM-5 (PCL-5) (24), and Epworth Sleepiness
Scale (ESS) (25) were also provided at the initial appointment,
and every 4th session (up to 12 sessions) following the start
of the study as part of CBT.

Physiological measures

In previous work, the integration of data from a research-
grade wrist-worn wearable [Empatica E3; (26)] paired with an
Android mHealth application that objectively identifies stress
and prompts participants to engage in cognitive and
behavioral skills taught in CBT was shown to significantly
improve adherence with CBT and also resulted in significant
reductions to stress, anger, and anxiety in a group of military
veterans compared to CBT alone (18). In the current study,
the mHealth application was implemented in both Android
and i0S and provided to participants in the experimental and
asymptomatic groups for download on their personal device.
The mHealth application received raw sensor data from a
series of commercial smartwatches (Garmin, Olathe KS)
including the fénix® 5, fénix® 6, and vivoactive® 4 series.
Participants provided a 5min baseline recording, following
which data from the smartwatch was classified using a
cardiovascular algorithm of stress developed previously (18)
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which alerted users through the mHealth application when
physiological stress was identified. The stress algorithm used
pulse plethysmography (PPG) to derive frequency and
temporal domain metrics of heart rate variability (27) and
embedded
measurement unit (IMU) to give context to the raw data. The

respiration rate, along with an inertial
algorithm is 97.1% accurate in capturing stress, and is scaled
from 1 to 10, with 1 to 3 representing low stress, 4 to 7
representing moderate stress, and 8 to 10 representing severe
stress (18). When the algorithm identified stress, participants
were asked to provide self-reported information regarding the
stressor including the stress level and trigger, and were
prompted to perform guided stress and anger reduction
(28),

progressive muscle relaxation (29), biofeedback (30), and

techniques, including deep breathing exercises
meditation (31) available in the application. The application
leveraged techniques designed to promote user engagement,
including interactive elements (e.g., biofeedback), educational
materials, homework, and support tools (32). The mHealth
application also presented daily, weekly, or monthly stress
events and sleep metrics including sleep fragmentation,
defined as the number of minutes awake divided by the total
minutes between falling asleep and awakening. The mHealth
application also provided resources for emergency services,
contact lists for support, and educational information on the
effects of stress and fatigue. The application also provided
journaling capabilities to support CBT. A web-based provider
portal was implemented via a secure cloud server and allowed
CBT providers to view physiological data for individual
participants, utilization of skills being used in therapy, and
enter reminders which were sent to the mobile application.

Data analysis and statistics

Mixed model ANOVA analyses were used to analyze
differences between groups with a within group factor of
timepoint and a between group factor of condition
Effect

calculated using eta squared (7%), the ratio of the sum of

(experimental, control, asymptomatic). size  was
squares between groups to the total sum of squares. The
guidelines for interpreting 7° are: 0.01 =small effect; 0.06 =
moderate effect; 0.14 =large effect (33). Within groups, paired
t-tests were used to establish differences between the initial
and final session. All statistical testing was done in SPSS

software.

Results

The sociodemographic factors in the evaluation are listed in
(Table 1). The average age of the participants was 37.4+7.7
(SD) years, most were male, and most were in the Army.
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TABLE 1 List of sociodemographic factors of study sample.

Study sample % (n)

Gender
Male 80.0 (24)
Female 20.0 (6)
Age group
20-29 16.7 (5)
30-39 433 (13)
40-49 33.3 (10)
50-59 6.7 (2)
Military branch
Army 53.3 (16)
Navy 13.3 (4)
Air Force 10.0 (3)
Marines 233 (7)

Among the symptomatic groups receiving CBT, five
individuals dropped out prior to completion of therapy, all of
which had been the group.
Independent samples #-test indicated that individuals in the

randomized to control
symptomatic experimental group completed a significantly
greater number of therapy sessions (p=0.028) at an average
of 9.2 £2.8 (SD) sessions as compared to 5.6 3.9 (SD) in the
symptomatic control group. The effect size, calculated using
eta squared (n%), was large at 0.24. The asymptomatic control
group was assessed at 12 weeks following commencement of
the study.

Depression, anxiety, and stress scale (DASS) scores are
shown in Table 2. For the initial assessment (baseline), the
asymptomatic group was considered normal, while the control
group reported depression in the 83rd percentile (mild), with
anxiety and stress in the 96th percentile (severe) as compared
to a normative sample (34). The experimental group reported
depression in the 86th percentile (mild), anxiety in the 95th
percentile (severe), and stress in the 9lst
(moderate) (22).

A one-way between-groups analysis of variance (ANOVA)

percentile

was used to assess differences in self-reported depression,
anxiety, and stress (DASS) between groups at baseline. For
depression, there was a statistically significant difference at
baseline with a large effect size [F(2,27) =5.29, p=0.011, n2 =
0.28]. Post-hoc comparisons indicated that the asymptomatic
group reported a significantly lower depression score than the
symptomatic control group (p=0.033) and symptomatic
experimental group (p=0.017). No differences were observed
between the two symptomatic groups (p=0.958). There was
also a statistically significant difference in self-reported anxiety
with a large effect size [F(2,27)=8.19, p=0.002, n*=0.38].
Post-hoc comparisons indicated that the asymptomatic group
reported significantly less anxiety than the symptomatic
control group (p=0.002) and symptomatic experimental
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TABLE 2 Mean (SD) DASS assessment scores.

10.3389/fdgth.2022.919626

DASS scale Initial assessment Follow-up

Depression Anxiety Stress Depression Anxiety Stress
Asymptomatic (n =10) 3.1 (3.5) 1.6 (3.1) 7.3 (3.5) 2.5 (3.8) 22 (2.4) 9.7 (7.6)
Control (n=10) 10.8 (8.9) 17.2 (94) 29.8 (7.1) 114 (8.7) 12.0 (8.7) 242 (11.7)
Experimental (n = 10) 11.6 (5.8) 14.2 (12.4) 21.0 (9.8) 5.0 (5.0)° 5.0 (5.0)° 14.2 (6.0)

*Indicates significant differences within groups at p <0.05.

group (p=0.013). No differences were observed between the
two symptomatic groups (p=0.748). Finally, there was a
statistically significant difference in stress scores with a large
effect size [F(2,27)=24.21, p<0.001, n*=0.64]. Post-hoc
comparisons indicated that the mean for the asymptomatic
group was significantly lower than the symptomatic control
group (p<0.001) and symptomatic experimental group (p=
0.001). No difference was observed between the symptomatic
groups (p =0.300).

Depression, anxiety, and stress scale (DASS) scores during
the follow-up are also shown in Table 2. At follow-up the
asymptomatic group retained normal levels of depression,
anxiety, and stress, while the symptomatic control group
reported mild depression, with stress and anxiety in the 94th
the
experimental group reported depression, anxiety, and stress at
(22). At the the
symptomatic experimental group reported levels of stress,

percentile  (moderate). In contrast, symptomatic

normal levels follow-up assessment,
depression, and anxiety that did not differ statistically from
the asymptomatic group as described below, indicative of
successful therapy and reduction of symptoms. However, the
symptomatic control group reported values during their final
follow-up were not statistically different from the initial
assessment as described below, indicative of a lack of
therapeutic progress. There was a significant difference
between groups in self-reported depression with a large effect
size [F(2,27) =5.46, p=0.010, n* = 0.29]. Post-hoc comparisons
indicated a significant difference in depression between the
asymptomatic group and the symptomatic control group (p =
0.009). There were no significant differences found between
the symptomatic experimental group and the asymptomatic
group (p=0.647) or symptomatic control group (p=0.072).
There was also a significant difference in self-reported anxiety
at follow-up between groups with a large effect size [F(2,27) =
6.92, p=0.004, 172:0.33]. Post-hoc comparisons indicated a
significant difference in anxiety between the symptomatic
control group and the asymptomatic group (p=0.004) and
symptomatic experimental group (p=0.036) . No significant
differences were found between the symptomatic experimental
group and the asymptomatic group (p=0.603). Finally, there
was also a statistically significant difference in self-reported
stress between groups at follow-up with a large effect size [F

(2,27)=7.13, p=0.003, n?=0.35]. Post-hoc comparisons
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indicated a significant difference in stress between the
symptomatic control group and the asymptomatic group (p =
0.003) and the symptomatic experimental group (p=0.043).
No differences were found between the asymptomatic group
and the symptomatic experimental group (p = 0.499).

Within groups, the asymptomatic group reported no
statistically significant changes for depression (p =0.734, n° =
0.01), anxiety (p=0.656, n*=0.02), or stress (p=0.255, n°=
0.14) the
symptomatic control group reported no statistically significant

between baseline and follow-up. Similarly
changes in depression (p=0.834, n*=0.005), anxiety (p=
0.051, n*=0.36), or stress (p=0.051, n*=0.36). However, the
symptomatic experimental group, which used the mHealth
application for up to 12 weeks in conjunction with CBT
reported a statistically significant decrease in depression (p =
0.001, n*=0.72), anxiety (p=0.015, n*=0.50), and stress (p
=0.040, n* =0.39) with large effect sizes.

In addition to self-reported data, physiological stress
calculated by the mHealth application showed a gradual
decrease in moderate and high stress events (classified as >4
on a 10 point scale) as a function of time for the
experimental group (Figure 1). The number of stress events
in the asymptomatic group remained low throughout the
study, and by approximately 45 days (6 weeks of CBT for the
experimental group), the number of daily events were similar
between groups.

Participants had the option of providing feedback for each
stress trigger received in the application. The response rate to
the 97.7% in the
experimental group, and 91.1% in the asymptomatic group.

stress prompts was symptomatic
Across users of the mHealth system in the symptomatic
experimental and asymptomatic groups, work was identified
as the most common stress trigger (45.2%), followed by social
stress (28.2%), other (21.8%) and anticipatory stress (4.8%).
The relaxation strategies used immediately following the stress
trigger was also monitored for the symptomatic experimental
and asymptomatic groups. Biofeedback was the most popular
strategy used (73.9%), followed by deep breathing (11.3%),
progressive muscle relaxation (11.1%) and meditation (3.7%).
PROMIS-anger scores are show in Table 3. At baseline,
asymptomatic participants reported none to slight anger,
while both symptomatic groups reported moderate anger (23).

There was a statistically significant difference between groups
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TABLE 3 Mean (SD) PROMIS anger scores.

TABLE 4 Mean (SD) PCL-M scores.

Baseline Follow-up Baseline Follow-up
Asymptomatic (n =10) 50.5 (7.1) 50.0 (9.2) Asymptomatic (n = 10) 7.2 (5.6) 8.0 (6.9)
Control (n=10) 69.7 (6.4) 65.6 (9.9) Control (n=10) 32.6 (13.3) 30.5 (15.2)
Experimental (n =10) 64.4 (10.8) 55.3 (9.9)" Experimental (n =10) 29.4 (15.1) 20.5 (14.1)

*Indicates significant differences within groups at p <0.05.

at baseline with a large effect size [F(2,27) = 14.15, p < 0.001, n*
=0.51]. Post-hoc comparisons indicated that the asymptomatic
group reported significantly less anger than the symptomatic
control (p<0.001) and symptomatic experimental groups (p
=0.002). No the
symptomatic groups at baseline (p =0.348).

differences were observed between

At follow-up, there was a statistically significant difference
in self-reported anger between groups with a large effect size
[F(2,27) = 6.674, p=0.004, n*=0.33]. Post-hoc comparisons
indicated a significant difference in anger between the
asymptomatic group and the symptomatic control group (p =
0.004), but not between the symptomatic experimental and
asymptomatic group (p=0.449) or between the experimental
and control groups (p =0.063). At follow-up, the experimental
group’s average level of anger decreased from moderate to
mild but not enough to be significantly different from the
symptomatic control group (23).

Within groups, a statistically significant difference in anger
was observed for the symptomatic experimental group with a
large effect size (p=0.032, n*=0.42) between baseline and
follow-up, but not for the asymptomatic group (p = 0.821, n>
=0.006) or symptomatic control group (p = 0.236, n* = 0.15).

PCL-5 scores are shown in Table 4. At the initial
assessment, the asymptomatic group did not meet criteria for
PTSD, while both symptomatic groups scored in a range that
suggests the participants either had subthreshold PTSD or
would benefit from PTSD treatment (24). There was a
statistically significant difference at baseline between groups
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TABLE 5 Mean (SD) epworth sleepiness scale (ESS) scores.

Baseline Follow-up
Asymptomatic (n =10) 4.6 (2.6) 4.1 (3.5)
Control (n=10) 7.5 (6.0) 7.5 (4.7)
Experimental (n = 10) 8.7 (4.6) 9.8 (5.6)

with a large effect size [F(2,27)=13.10, p <0.001, n*=0.49].
Post-hoc comparisons indicated that the asymptomatic group
reported significantly fewer PTSD symptoms than the
symptomatic control group (p<0.001) and symptomatic
experimental group (p =0.001). No differences were observed
between the two symptomatic groups (p = 0.823).

At follow-up, there was a statistically significant difference
in self-reported PTSD symptoms between groups with a large
effect size [F(2,27)=7.96, p=0.002, n*=0.37]. Post-hoc
comparisons indicated a significant difference in PTSD
the asymptomatic group the

group (p=0.001). No significant
differences were found between the symptomatic experimental

symptoms  between and

symptomatic  control
group and asymptomatic group (p=0.088) or symptomatic
control group (p=0.198).

Within groups, no difference in PTSD symptoms was
observed for the asymptomatic (p=0.662, 71°=0.02),
symptomatic control (p=0.601, n*>=0.03), or symptomatic
experimental groups (p=0.096, 1°=0.28) between baseline
and follow-up.

Epworth sleepiness scale (ESS) scores are shown in Table 5.
At baseline, the asymptomatic group reported lower normal
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daytime sleepiness, while the symptomatic groups reported
higher normal daytime sleepiness (25). There was not a
statistically significant difference at baseline between groups
[F(2,27) =2.14, p=0.138, n*=0.14]. At follow-up, there was a
statistically
between groups with a large effect size [F(2,27) = 3.84, p=0.034,
n*=0.22]. Post-hoc
difference in sleepiness between the asymptomatic group and

significant difference in sleepiness symptoms

comparisons indicated a significant
the symptomatic experimental group (p =0.027). No significant
differences were found between the symptomatic control group
and asymptomatic group (p=0.242) or experimental group
(p=0.521). Within groups, no difference in sleepiness was
observed for the asymptomatic (p = 0.413, ° = 0.08), control (p
=0.601, 7°=0.031), or experimental (p=0.624, n*=0.03)
groups between baseline and follow-up.

In addition to self-reported sleep, sleep fragmentation was
calculated using movement data from the wrist-worn sensor
(Figure 2). During sleep epochs, each minute is classified as
“asleep” or “awake,” with fragmentation defined as a ratio of
awake minutes vs. total minutes in a sleep epoch, expressed as
a percentage. As is seen in Figure 2 and the self-reported data
from Table 5, the symptomatic group experienced lower sleep
quality throughout the study, which was not affected by the
use of the mHealth application.

Participants in the asymptomatic and experimental groups
rated various aspects of the mHealth application. On a scale
of 1 to 5, participants rated the overall experience with the
application at 3.8+ 0.6 (SD), the user interface at 3.3+ 1.1
(SD), the intuitiveness of the application at 4.3 + 0.8 (SD), and
the loading speed at 4.2+0.9 (SD). Participants rated the
stress alerts and relaxation strategies as features they liked
most, and application crashes as the experience they liked
least. Participants used the application on average 1.1+1.2
(SD) times daily, and most participants indicated that using
the mHealth application helped them to achieve their goals.

10.3389/fdgth.2022.919626

Discussion

The current study demonstrated the feasibility of pairing
data-driven mobile applications with CBT in a modest sample
size in a vulnerable population, leading to an improvement in
CBT compliance and a reduction in symptoms of depression,
anxiety, and stress. This data is in close agreement with a
similar study in a military veteran population, in which
participants who used data-driven mobile applications with
CBT were also significantly less likely to discontinue therapy
and significantly improved on measures of stress, anxiety, and
anger compared to controls undergoing CBT alone (18). Of
note, all participants in the experimental and control groups
were considered symptomatic for depression, anxiety, stress,
anger and PTSD at baseline. At follow-up, users of the
mHealth application in the experimental group reported levels
of depression, anxiety, stress, anger, and PTSD that were
indistinguishable from members of the asymptomatic control
group, while members of the symptomatic control group
retained baseline levels of depression, anxiety, stress, anger
and PTSD, indicating a multiplicative effect of leveraging
technology on CBT efficacy.

The symptoms targeted by the mHealth application are very
common among members of the armed forces (35). For
instance, severe stress was reported by nearly half of US
National Guard troops (36), and a similar proportion of
deployed members of the US Navy and Marines screened
positive for depression (37). Anger is also a prevalent problem
within the military (38). For veterans returning from the post
9/11 conflicts, problematic anger has been identified as one of
the
treatment

common conditions
(39). 16,699
members showed almost 47% demonstrating significant

most and pressing requiring

Survey responses from service

aggressive behaviors over the past 30 days (38). Taken
together, depression, stress, and anger represent highly

0.16
0.14
012

0.1
0.08
0.06
0.04

Sleep Fragmentation

0.02

——Experimental
----- Asymptomatic

FIGURE 2

Days since study onset

Daily average sleep fragmentation over the course of the study for the experimental and asymptomatic groups.
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prevalent problems in active duty service members and
veterans. However, the stigma of seeking care for mental
health disorders prevents the majority of military personnel
from seeking help (40). Previous research has shown that
data-driven mobile applications allow for the practice of CBT
skills and reduction in symptoms (41), and are well-accepted
by military populations (42), helping to promote effective
mental health support.

Unlike previously reported CBT mobile applications (41) or
laboratory applications which require expensive scientific-grade
hardware to capture stress (43), the current application
leveraged commercially available wrist-worn systems and the
participant’s personal mobile device to provide an adjunct to
CBT. High accuracy real-time alerting of stress was provided
through a previously reported algorithm (18) allowing
participants to identify, self-assess, and reduce stress. The
success of CBT depends largely on participants’ compliance
with practicing the coping strategies and relaxation techniques
they learn in each session (15). A primary function of the
mHealth system in the present study was to provide engaging
resources in support of the practice occurring between
sessions. Interactive alerts triggered by the stress classifier,
allowed users to learn how to recognize the physiological
symptoms of stress they might otherwise miss or ignore.
Similarly, the in-app stress reduction tools provided users
with increased awareness of their ability to reduce stress
through the use of visualizations that are synced with real-
time data from the sensor band. The goal was to help users
gain awareness and control over physiological functions they
may have otherwise missed or ignored. The current study
indicated that the level of use of the mHealth system
correlated with a reduction in symptoms. Such a system
allows for both in-person and remote monitoring and
Due to the
approximately half of the CBT sessions in the current study

treatment. ongoing COVID-19 pandemic,

were held remotely, an approach which is becoming
increasingly common across specialties (44). In addition,
study therapists reported benefits from the objective data
about participant stress and stress responses, and used this
data to calibrate and individualize treatment more effectively
and efficiently. However, therapists were not blinded to
participant experimental condition, which represents a
limitation in the current work.

PPG-based approaches to heart rate quantification are
subject to numerous artifacts, including: movement artifacts
(45); ambient light interferences, which saturates the PPG
(46); skin

pigmentation (47); and alteration due to user medical state,

photodetectors decreased reflection due to
including anemia or hypothermia (48). However, previous
research has indicated that PPG-based approaches to heart
rate variability assessments can be highly accurate (49),
especially when contextual information is available (18). In

the current study, the asymptomatic participants exhibited low
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stress levels on average over the course of the study. However,
the number of identified stress events did vary greatly within
this group. While this may be explained by individual
differences in stress experienced, it is also at least partially due
to the way the stress algorithm classifies suprathreshold stress
events for each user. The classifier was calibrated to a baseline
level for each individual. The implementation of the stress
classifier in the current study required participants to
manually calibrate their baseline by remaining at rest for a
fixed, 5-minute period. A too-high baseline resulted in a less
sensitive but more specific classifier, reducing the number of
identified stress events. On the other hand, if the baseline was
low, then the classifier was too sensitive, increasing the
number of identified stress events and the number of false
alarms. The self-baselining feature represents a limitation of
the current work. Future work will include developing an
algorithm that can automatically and adaptively determine the
physiological baseline for each user.

The most common stressors identified by the study sample
included work, social stress, other, and anticipatory stress.
Military operations involve rigorous mental and physical tasks
that contribute to physiological stress, altered mood, lack of
sleep, and physical strain, all of which lead to high injury
rates. Recent reports indicate that sleep disturbances affect a
growing majority of enlisted and veteran service members (50,
51), and that thermal injury rates remain high during training
and operations (52). Mission tempo, duration, frequency,
altitude, and weather conditions are additional work-related
stressors capable of degrading service member health and
performance, and service members who experience physical
or psychological injury are significantly more likely to be
discharged or to resign than those who do not (53). Social
interactions are considered one of the most potent human
stressors (54), and were identified as the primary cause in
about one third of stress responses captured in the study.
Anticipatory stress, in combination with social stress, form the
most potent controlled stress paradigm reported to date (55).
There are many additional real-life stressors described in the
(56),
examinations, anticipation of medical interventions, and

literature including  bereavement/loss, academic
public speaking, which were categorized as “other” in the
current effort.

Beyond traditional approaches to human state
quantification via body-worn or remote biosensors, machine
learning is being pursued to infer meaning from the
embedded

smartphones (57). Future work is focused on the inclusion of

increasingly sophisticated sensors in modern
such passive digital phenotypes for stress, which is expected
to improve user compliance and system ease of use by
eliminating the need for a separate wearable device, increase
data the
communication between a wearable and mobile device, and

security by removing need for wireless

more seamlessly integrating with smartphone functions such
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as contacting support groups. In addition, the integration of
additional data input sources, such as questionnaires, fitness
testing, or other applications will expand the scope of the
system beyond stress and sleep into general health and
wellness. Such an aggregation is expected to provide better
insights and inform decisions to improve personalized support.
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