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Abstract: Background: The COVID-19 pandemic led to rapid growth in telemental health services
and investment in digital mental health technologies. Digital mental health technologies could
expand access to mental health care amid increasing provider deficit by providing tools for
expedited psychiatric symptom assessment and treatment augmentation. This systematic review
explores the recent evidence for the use of scalable digital tools, including virtual reality,
neurofeedback training, wearables, mobile apps, digital phenotyping, and machine learning for
PTSD symptom assessment, diagnosis, and treatment. Methods: A PubMed search identified
studies on digital technologies with current or future potential for scalability (accessible through a
small, digital device without the virtual or in-person presence of a mental health care provider)-
and PTSD diagnosis, symptom assessment, or symptom treatment as the primary outcome. Thirty-
five studies inform this review. Results: Virtual reality exposure therapy is efficacious for combat-
related PTSD treatment. Conclusions of studies investigating apps and neurofeedback training are
limited by low sample size and methodological heterogeneity. Machine learning models
demonstrate capability in detecting PTSD symptoms via passively collected data from smartphones,
wearables, and actively collected data from patient speech, writing, and videos, but standardization
of data collection and modeling are needed before application to clinical settings. Conclusions:
Advancements in scalable digital tools could address barriers in healthcare access and improve
patient engagement by providing asynchronous assessment and treatment augmentation. Future
research utilizing diverse patient populations in standardized controlled trials is needed to
determine evidence-based protocols for implementation.

Keywords: digital health; mental health; PTSD; virtual reality; digital phenotyping

Introduction

Posttraumatic stress disorder (PTSD) is a psychiatric disorder characterized by chronic intrusive
memories, hyperarousal, disrupted emotion regulation, depressed mood, and autonomic
dysfunction following exposure to a traumatic event (American Psychiatric Association, 2013). Up to
90% of the urban U.S. population is exposed to trauma at some point in their lives, and the lifetime
prevalence of developing PTSD is nearly 9% (Kilpatrick et al., 2013; Kessler et al., 2005). Globally, the
rate of PTSD varies, with countries affected by war and of low socio-economic status showing
considerably higher rates (Koenen et al., 2017). Current treatment guidelines for PTSD endorse
pharmacotherapy with selective serotonin reuptake inhibitors (SSRIs) or selective norepinephrine
inhibitors (SNRIs) in conjunction with trauma-focused exposure therapy or cognitive behavioral
therapy (Martin et al., 2021; Department of Veterans Affairs & Department of Defense, 2023).
However, only a minority of patients experience long-term remission of their symptoms (Watkins et
al.,, 2018). These approaches may also be particularly limited for treating veterans and patients with
chronic PTSD (Forbes et al., 2019; Watts et al., 2013). Although psychotherapy methods utilizing a
trauma-oriented approach are effective for treating PTSD (Watts et al., 2013; Bisson et al., 2013; Orr
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etal., 2002; Lee et al., 2016; Jericho et al., 2022), these practices require an extensive amount of training
on behalf of the provider. Given the regional disparities in access to trained mental health
professionals in the U.S. and globally, many patients are unable to receive an effective amount or
method of trauma-focused therapy (Adrilla et al., 2018; Keynejad et al., 2018, Kazdin et al., 2011; Cully
etal., 2010). The pandemic-driven growth of remote telemental health services has helped ameliorate
these geographic barriers for some patient populations (Di Carlo et al., 2021; Jones et al., 2020), as
teletherapy has been shown to be as efficacious as in-person services for treating depression, anxiety,
and PTSD (Giovanetti et al., 2022; Acierno et al., 2021; de Oliveira et al., 2023). Indeed, due to the
complex nature of PTSD and its limited response to current treatments, more frequent and intensive
therapy sessions may best improve treatment responses (Hendriks et al., 2018). However, increasing
the frequency of teletherapy is not feasible considering the growing shortage of mental health
providers (Satiani et al., 2018). Consequently, it is imperative to optimize the distribution of
healthcare resources and enhance the efficacy of current therapeutic approaches. One potential
solution is through leveraging the increasing capabilities of digital technology.

The ubiquity of smartphones and advancements in digital technology, including wearables and
artificial intelligence (Al), pave the way for innovative automated diagnostic approaches. Digital
phenotyping techniques allow for an automated, non-intrusive evaluation of patient symptoms
during their day-to-day lives through measuring patterns in data collected from smartphones and
wearables to create a digital signature (Torous et al., 2017; Reinersten et al., 2018; Sheikh et al., 2021).
Several models have used this approach to accurately predict the presence of mood disorders
(Jacobsen et al., 2019), suicidal thoughts (Kleiman et al., 2018), and relapses in substance use (Hsu et
al.,, 2020) and psychosis (Barnett et al., 2018). Additionally, these data streams can be combined with
“active” data collection, prompting patient engagement through written, vocal, or video inputs (Bedi
et al,, 2015; Kamath et al., 2022). Ultimately, these innovations could offer healthcare professionals
the capacity to enhance diagnostic precision, evaluate a large number of patients, and intervene in a
timely manner (Le Glaz et al., 2021).

Other scalable digital tools, such as virtual reality (VR), mobile apps, and neurofeedback training
(NFT) could offer innovative approaches to PTSD treatment augmentation in a patient-directed
manner. VR and augmented reality (AR) therapies can supplement or replace prolonged exposure
(PE) therapy by immersing the user into a customizable, interactive three-dimensional environment.
These immersive environments can integrate realistic elements of a patient’s traumatic experience
that would otherwise be difficult or unsafe for extinction training, making this technology
particularly suitable for veterans with combat-related trauma. Indeed, past reviews have suggested
comparable efficacy to PE for this patient population (Kothgassner et al., 2019; Eshuis et al., 2020).
With adequate oversight and patient training, virtual reality exposure therapy (VRET) could be
completed at home and without the presence of a mental health service provider (Jones et al., 2020;
Goreis et al., 2020). Meanwhile, mobile apps require little to no training to use and are a low-cost way
to widely distribute psychoeducation, teach self-guided psychological exercises, and disseminate
wellness surveys. Recent research shows promise in their potential for these tools to help reduce
symptoms of depressive, anxiety, and pain (Torous et al., 2021; Ioannou et al., 2020). Other
approaches, such as NFT, have seen limited use outside of research settings, but may soon be more
widely available with decreasing costs and increasing capabilities of at-home electroencephalograph
(EEG) headsets. NFT involves detecting an individual's EEG activity while they attempt to
endogenously produce a predetermined brain rhythm. When this rhythm is achieved, the user’s
behavior is reinforced with a visual, auditory, or game stimulus. Consistent training of particular
brain states and metacognitive skills has been shown to modulate autonomic arousal, and therefore,
may be useful as an auxiliary tool for PTSD intervention (Marzbani et al., 2016).

How these technologies can be best implemented in clinical practice remains to be determined;
however, they present a unique opportunity to provide patients with self-directed therapy, to limit
provider burden, and to enhance efficacy of mid-level providers. While the application of the
aforementioned technologies in mental health (Torous et al., 2021) and PTSD have been reviewed in
other contexts (Bourla et al., 2018; Wu et al., 2023; Meyerbroker et al., 2021; Morland et al., 2020;
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Ramos-Lima et al., 2020; Wickersham et al., 2019), these reviews highlighted a single tool (Wu et al.,
2023; Meyerbroker et al., 2021; Morland et al., 2020; Wickersham et al., 2019), require updating (Bourla
etal., 2018), or did not focus on scalable digital tools specifically (Wu et al., 2023; Morland et al., 2020;
Ramos-Lima et al., 2020). In this paper, we present a review of recent findings of scalable digital tools,
encompassing digital phenotyping, wearable devices, natural language processing, facial feature
detection, virtual and augmented reality, neurofeedback training, and mobile apps in their current
capacities for predicting PTSD diagnosis, monitoring symptoms, and augmenting treatment. We
discuss the evolving landscape of digital technology and the requisites for applying scalable tools to
clinical practice.

Table 1. Definitions of selected scalable digital technologies.

Selected Technology | Definition

Digital Phenotyping | Mobile phone data, such as the number and length of calls and texts,
accelerometry, GPS, and voice quality, can be used in conjunction with
machine learning algorithms to predict, differentiate, and track mental
illness.

Wearables Devices that measure skin conductance, EKG, heart-rate, heart-rate
variability, and EEG to detect changes in respiration, cardiac activity,
and circadian rhythm. These data can be used to provide information
about an individual’s autonomic function, a potentially useful indicator
for PTSD severity and treatment outcomes.

Natural language Al-assisted analysis of the tone, content, quality, and sophistication of
processing (NLP) and | patient speech and writing can be used to identify different mood states,
Facial detection detect presence of psychiatric symptoms, and predict future behavior.

Facial recognition can also detect facial valence and mood state in
response to questions or emotional stimuli to predict diagnostic status
and symptom severity.

Immersive Use of an immersive head-mounted display (HMD), 180-degree
technologies (VR, AR, | monitors, or projection goggles can aid extinction training by recreating
3DMR) virtual environments and/or projecting virtual objects relevant to a
patient’s traumatic experience onto the real-life environment. Can be
used in conjunction with a treadmill (3MDR) or with other sensory
information to increase environmental immersion and reduce avoidance

behaviors.
Neurofeedback EEG, when used with a computer interface, can provide real-time data of
Training patient brain activity. Patients can learn to modulate their brain activity

in response to stimuli presented through the computer interface when
targeted brain rhythms are achieved.

Apps Mobile platforms accessed via smartphone that screen for psychiatric
symptoms, provide psychoeducation, coping strategies, CBT, and
additional treatment resources.
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Table 2. Summary of studies included in review. Summary of 35 studies on scalable digital technologies for the assessment and treatment of PTSD published 2017-2022.

Study Technology Purpose Sample Demographic Method Findings Notes
Natural Language Processing (NLP) and Facial Feature Interpretation
The audio and video of the patient
to fi -ended ti
Voice and audio PTSD and MDD 81 patients admitted to an emergency res;;;(t):;e;s :n li‘: Efigre: deee qltleejr;(ins The algorithm was able to predict a
Schultebraucks et . diagnostic department of a Level-1 Trauma Unit . P ) P CAPS-5 PTSD diagnosis with an AUC of
feature extraction o . . . . network which was trained to extract . .
al. (2022) . prediction post-  following a life-threatening traumatic . . . .90 as well as depression status with an
with ML facial features of emotion and their
trauma event . . AUC of .86
intensity, speech prosody, movement
parameters, and natural language content.
PTSD detection AUC of 954 and classification accuracy
f di f RF algorithm t dict PTSD f 89.1%. Probability of PTSD
Marmar etal.  Speech extraction with rc.)n.1 rec.or mgs °" Warzone veterans—52 with PTSD a'gorithm 1o predic . prgsence © . %o. Probability o o was
clinical interviews . based on speech features in clinical higher for markers that indicated
(2019) ML . .. and 77 without R .
(with clinical interviews slower, more monotonous speech, less
psychologist) change in tonality, and less activation
The model was able to discriminate
Multi-layered ML algorithm used to with 93% accuracy between healthy
Gavrilescu et al. . Facial . PTSD, an)fiety, 128 caucasian, half male. 20 with Predict presence of P.TSD, MDD, or subjects.and t.hose affected by Major
(2019) microexpression depression MDD. 19 GAD, 17 PTSD anxiety through analyzing facial features Depressive Disorder (MDD) or Post-
detection with ML detection ! ! while subjects watched emotion-inducing traumatic Stress Disorder (PTSD), and
or emotion-neutral videos 85% for Generalized Anxiety Disorder
(GAD)
N-gram features count the
.. . number of co-occurring words
Natural language PTSD detection 300 Veterans- half with diaenosed Uiiiy?;;iist?t T;z:lllgoisn;ierli_ AUCGs of the four text classifiers—DT, within a given window of word.
He et al. (2017) ,g & from patient & g . . PP L P. NB, SVM, and PSM —were .68, .90, .86 DT: decision tree; NB: naive
processing . PTSD writing narratives to predict likelihood of .
narratives . . and .94 respectively Bayes; SVM: support vector
PTSD diagnosis .
machine; PSM: product score
model
PTSD dete'ction . . Used PSM model on patient writing Anal‘ysis of patient text—respf))nses alone
Natural language from patient 99 trauma survivors, 34 with a self- narratives alone or in coniunction with yielded an accuracy of 84%, and a
He et al. (2019) Buag narratives and reported PTSD diagnosis and 65 onHne sensitivity of 100% while combining
processing responses to a 21-question online-survey

online-survey
responses

without PTSD

online survey responses with Bayesian

to predict presence of PTSD diagnosis modeling increased accuracy to 97%.

Sawalha et al.
(2022)

Natural language
processing

PTSD detection
from interview
transcripts

188 individuals with PTSD, 87
without. Used text data from a
popular dataset, the Audio/Visual
Emotion Challenge and Workshop
(AVEC 2019) (23)

Achieved highest mean accuracy rate of
80.4%, with an AUC of .80 and an F1
score of .85 and .72 for the non-PTSD

and PTSD groups, respectively.

Sentiment text analysis (sub-branch of
NLP) gathered from computer conducted
semi-structured interview to detect PTSD

Digital phenotyping
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Participants were given an Android  Fatigue, interest in activities, and social o
73 participants (67% male, 33% device to use as their normal phone. A connectedness were predicted using g
PTSD and veterans) who reported at least one mobile app app gathered data on LASSO regression trained on data (GPS, =1
Digital phenotyping . symptom of PTSD or depression on messaging, outgoing calls, location, device messages sent, outgoing calls) from the o
Place et al. (2017) . depression . . . . . . )
using smartphone symptom prediction the Primary Care PTSD Screen (PC-  use, speaking rate, and voice quality prior week with AUCs of .56, .75, and @
ymp P PTSD) or the Patient Health during normal phone use in addition to .83 respectively. Depressed mood was —
Questionnaire (PHQ-2) weekly voicemail diary entries fora  predicted from audio data with an AUC ;
period of 12 weeks. of .74 e}
Average time away from home and -
distance traveled from home did not %
correlate with avoidance symptoms %
(PCL5-7 item). Both trauma-exposed T
228 Females, 150 with groups stayed closer to their homes on g
. .. . . . PTSD+emotional instability and Passively-collected smartphone-based =~ weekends when compared to controls —
m
Frlei;};);r(;)et al. leilrtlal E;Z?:)t}}ig;ig PTS?;:E‘EZTHC history of child abuse, 35 healthy ~ GPS data of distance travelled from home (PTSD:b=-0.618, p=.004; HTC: b =- é
8 P P trauma controls with child abuse over a period of seven days 0.593, p =.032), with only the PTSD g
history, and 45 healthy controls group differing significantly from _
controls on weekdays (b =-— Y]
0.340, p =.048). Including covariates for 8
depression and health status dropped @
this relationship out of significance =
Used leave one subject out (LOSO) and k- =
185 females, 150 with PTSD and 35 fold cross-validation on GPS data tracking Diagnostic eroup status predicted with %
Lekkas and Digital phenotyping  PTSD diagnostic ~ healthy trauma controls (same as daily time spent away from home and 5 sroup . P . ie)
. .o . . R an AUC = 816, sensitivity =.743, =3
Jacobson (2021) using smartphone prediction above, but without healthy control ~maximum distance travelled from home o &
. . 1 specificity = .8, and an accuracy =.771. 3
group) to predict PTSD diagnostic likelihood o
using data from Friedman et al., 2020 ©
Wearables B
Individuals with PTSD showed [ﬁ
significantly greater SCR than
63 trauma-exposed patients in the Feasibility study for measuring skin individuals without PTSD during
Hinrichs et al. Mobile skin PTSD diagnostic emergency departmen.t (51% I.nale, conducta#ce (SC) via mobile device trauma interview (P = .00.6). The AUC S'CI.{: Skin Conductance
L2 76% Black). Motor vehicle accident (eSense) in emergency department for the ROC curve analysis for SCR on Reactivity, PSS: PTSD Symptom
(2017) conductance prediction . : . .
was most commonly reported trauma patients who had experienced a trauma PTSD diagnosis was 0.79 (p =.001). SCR Scale
(65.1%) approximately 1 year before during trauma interview also correlated
positively with PTSD symptom total
score on the PSS(b = 0.42, p =.001).
107 trauma-exposed patients in the =~ Used mobile SC (eSense) to predict the SCR during trauma interview was
Hinrichs et al. Mobile skin PTSD diagnostic emergency departmen.t (56% r.nale, future 1nc1den.ce of PTSD in emergency sxgﬁ%ﬁcantlyicorFelated w1th.the
2 82% Black). Motor vehicle accident department patients who had experienced probability of being in the chronic PTSD
(2019) conductance prediction

was the most commonly reported a trauma within the past 12 hours. Used a trajectory (r=0.489, p <0.000001; AUC =
trauma (59%) series latent growth mixture modeling .90), with SCR being the most significant
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(LGMM) to classify participants into
future PTSD symptom trajectories

predictor of the chronic PTSD trajectory
(p<0.00001) when controlling for
demographic and clinical measures.

Wiltshire et al.
(2022)

Mobile skin
conductance

PTSD symptom
assessment

62 trauma-exposed children (54% Measured SC using eSense in trauma-
male, 79% black, average age 9.11, SD exposed children during a standardized

=0.37) trauma interview

Degree of trauma exposure was
significantly correlated with SCR (i.e.,
change in SCL from baseline to
maximum SCL) during the TESI-C
interview (r(55) = 0.30, p = .023, ) trauma

SCL habituation is difference

exposure alone significantly predicted between maximum SC and end

SCR after controlling for other variables,

R2change = 0.129, F (1,50)change = 8.31,
p =.006. Hyperarousal symptoms
predict SCL habituation r2= .05, F(1,48)
change =4.31, p=.043

of interview SC.

Grasser et al. (2022)

Mobile skin
conductance

PTSD symptom
assessment

86 refugee youth (aged 7-17, 41.8%
male, all Arab) with an average of 4
traumatic experiences

Measured SC using eSense in trauma-
exposed children during a standardized
trauma interview

Trauma exposure was significantly
associated with SCR during trauma
interview (R2=.084, p=.042). SCR
during trauma interview was positively
correlated with reexperiencing
(R2=.127, p=.028), and hyperarousal
symptoms (R2=.123, p=.048)

Cakmak et al.
(2021)

Wrist-worn sensor

PTSD diagnostic
prediction

Collected survey and HRV data from ED

patients recently exposed to trauma and

used these data with a machine learning
model (SVM log regression, Multilayer
perceptron) to detect PTSD diagnostic
status in the 8 weeks following trauma

1618 emergency department patients
with recent (<72hour) trauma-
exposure (36% male)

AUC of .74 in predicting PTSD at 8wk
using survey, only .54 with HRV, and
.73 when combining survey and HRV

Tsanas et al. (2020)

Wrist-worn sensor

PTSD symptom
tracking

42 participants with PTSD (38%
male), 43 traumatized controls, and
30 healthy controls.

Wrist-worn sensor detecting actigraphy,

Participants with PTSD showed more
fragmented sleep patterns and greater
intraday variability compared with

light, and temperature data over 7 days traumatized and healthy control groups,

showing statistically significant (p <.05)
and strong associations (IR| > 0.3).

Reinersten et al.
(2017)

Ambulatory ECG
(Holter) monitor

PTSD diagnostic
prediction

Detected heart rate variability (HRV)
features (statistical moments, power
24 male veterans with clinical
diagnosis of PTSD and 25 healthy
controls a 24-hour Holter monitor to create a
machine learning model for predicting

PTSD diagnostic status

spectral density components, entropy, and
acceleration / deceleration capacity) using diagnostic status. 24-hours of data from

Using logistic regression models on an
out-of-sample test set data yielded an
AUC of 0.86 for detecting PTSD

sample yielded AUC of 0.72 and
random segments resulted in AUC of
67

Sadeghi et al. (2022)

Smartwatch

PTSD symptom
detection

99 veterans with PTSD diagnosis

(83% male) data related to heart rate, body

(Random Forest, Support Vector

Used a smartwatch-based app to collect Of several machine learning algorithms Model was trained on a subset

of the sample (70%) and tested
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acceleration, and self-reported Machine, Logistic Regression and on the remaining participants
hyperarousal events over several days to XGBoost), XGBoost had the best (30%).
create machine learning models for ~ performance in detecting onset of PTSD
predicting onset of PTSD hyperarousal =~ symptoms with 83% accuracy and an

events AUC of 0.70, where average heart rate,

minimum heart rate and average body

acceleration were the greatest
predictors.

Immersive Technologies

Both treatment groups showed
significant reduction in CAPS scores
after nine weeks of treatment and at
three-month follow up (p <.001), but

there were no between-group
differences.

VRET + PE + in vivo exposure vs control
group that viewed a moving image on
computer during imaginal exposure.
Participants completed 8-12 90-minute

83 active-duty service members

VR head-mounted (100% male) combat-related PTSD
McLay etal. (2017) display (HMD) PTSD treatment randomized to VRET (n = 42) or

control (n =41 . .
( ) sessions over nine weeks.

At week 12, difference in mean CAPS
scores between the immediate and
delayed 3MDR arms was 9.56 (95% CI [-
17.15, -1.97], p = .014) with an estimated

During exposure, instead of immersing in
the VR environment, participants viewed
an image of the VR environment on a
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42 veterans (all male) with treatment- ~ computer screen while walking on offect size of d = 0.65. These effects were
. 3MDR (VRET+ EMDR resistant combat-related PTSD treadmill (3MDR). Participants received L. o 3MDR: multimodal motion-
Bisson et al. (2020) . PTSD treatment . . . . maintained at 26 week follow-up. PCL-5 .
+ treadmill) randomized to 3MDR (n=21) or  two preparation sessions followed by six (-11.67, 95% CI [20.06, ~3.27], p = .006) assisted exposure therapy.
sl 20, e DR o e Gy (514950 342 45, -
& . R . i .0018) and insomnia (ISI; -7.34, 95% CI
Control group received intervention after
[-10.64, -4.01], p < .001) also were
12 weeks. .
improved at 12 weeks.
Same protocol as Bisson et al. except
. control group consisted of treatment as Greater decrease in CAPS scores in
42 veterans (98% male) with usual without trauma-related treatment.
. . .. 3MDR group vs control group at 16
Van Gelderen et al. SMDR (VRET+ EMDR treatment-resistant combat-related  Both groups received similar amount of
. PTSD treatment . . weeks (F(1,37) = 6.43, p=.016; d = 0.83).
(2020) + treadmill) PTSD randomized to 3MDR (n=21)  treatment hours. Experimental group L
. ) R R . . PCL-5 was not significant (F(1,37) = 2.51,
or waitlist control (n=21) received six 70-90 minute sessions over six - 121;d=051)
weeks with an option of continuing up to p=Aeha=t
10 weeks. o
- Y - Both treatment groups improved CAPS ~ “Wizard of Oz” protocol: 2,
lea.rd of Oz protocol. Partlcl.pal’ltS scores (F (1,190) =51.18, p<0.001), but During VRET, patients verbally 5
o . received two preparatory sessions . . . A
192 veterans (90% male) with . there we differences between groups describe events of their N
. followed by seven 90-minute weekly . . . o
Difede et al. (2022) VR head-mounted PTSD treatment Teatment-resistant combat-related sessions. with 30-45 minutes of exposure (F(1,190) =2.36, p=.126). Therapy-by-  traumatic memory in the first ©
’ display (HMD) PTSD randomized to VRET (n = 97) ", . . p . MDD interaction (F=4.07, p=.045) person to the therapist, who IS
and 30 minutes of processing discussion. . ) =3
or PE (n=95) . . . . suggested that VRE was more effective  customizes the VR scene to =
At session 3, participants received either D

for depressed participants (CAPS mean match the patient’'s memory. D-

D-cycloserine or placebo difference = 51,95% CI[1.17,5.86],  cycloserine (DCS) is a partial
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p =.004, effect size =0.14) but PE was
more effective for nondepressed
participants (CAPS mean symptom
difference =-8.87 [95% CI [-11.33, -6.40],
p <.001, effect size =-0.44)

agonist at the N-methyl-D-
aspartate (NMDA) glutamate
receptor.

Neurofeedback Training

36 civilians with PTSD (28% male)
were randomized to experimental
NEFT (n = 18) or sham NFT (n=18)

and compared to healthy controls (n=

No significant difference in CAPS score
reductions from pre- vs. post NFT
training between the experimental and
sham groups (F(1.42, 48.37) =0.911, n2=
0.026, ns). Only the experimental group

Digitally-guided alpha-rhythm showed significant CAPS-total scores

desynchronization neurofeedback

ichol. tal. N feedback f - t t-NFT (t(17) = 3. <
Nicholson eta euro ‘ee' bac PTSD treatment 36). Military occupational trauma (n = measured from the parietal lobe vs sham rom pre- o pos (t17)=3.00, p
(2020) Training . . . . .008, dz =0.71) and from pre-NFT to the
3), first responder occupational ~ neurofeedback. Minimum of 17 20-minute
e . . 3-month follow-up (t(17) = 3.24, p < .005,
trauma (n = 2), and civilian weekly NFT training sessions for 20 weeks . - .
. dz=0.77). Higher remission rates in
physical/sexual abuse or neglect (n = .
13) experimental group vs sham group
(61% vs 33%). Aberrant connectivity in
large-scale brain networks trended
towards normalization post-treatment
After eight weeks of treatment, scores
on the Korean Version of the PTSD
Checklist-5 (PCL-5-K) improved more in
the NFT group than in the waitlist
22 adl.llts with PTSD (10% male) Audio-based NFT training activation of control group (NSRT group: 24.90 +
randomized to NFT group (n = 10) or . 13.13 vs. waitlist control group: 4.11 +
. . parietal lobe alpha- and theta-rhythms S
Neurofeedback waitlist-control (7=9). Domestic . 9.03; p <0.01), and this difference was
Leem et al. (2021) .. PTSD treatment . . and suppression of beta-rhythms. 16 50- .
Training violence trauma (n = 16), traffic . . . . maintained at one month follow-up.
. . minute sessions (30 minutes active and 20 K
accident (n = 2), school violence (n = . . . Measures of anxiety (BAL p <.01),
minutes resting) over eight weeks . .
1) depression (BDI, p <.01), and quality of
life (QOI-EQ-VAS, p <.01) were also
significantly improved in the NFT
group compared to waitlist controls at
one-month follow-up.
59 adults with PTSD randomized to Traur.na—orlented NF?F pr(?tocol in Wth.h Both NFT groups showed reductions in EEG recording used a machine-
. experimental group listening to an audio ~ CAPS scores compared to controls . .
three groups: Trauma-script feedback . ; . . learning based modeling of
. clip of a personal trauma-interview. (F(2,34) =6.21, p = .005, 2 = 0.26), with a R R
Fruchtman- interface (Trauma-NFT; n=13), . . . . previous EEG sessions recorded
. Neurofeedback . Another group listened to neutral music. marginal difference between the NFT | . . . .
Steinbok et al. Trainin PTSD treatment  neutral feedback interface (Neutral- Down-reetlation of amvedalar activit . (p = 07). Relative to No-NF in conjunction with fMRI, which
(2021) nng NFT; n = 14), and a waitlist control N eguation of amyg covity groups (p = 7/). Be ative 1o o allowed EEG-alone to be related

group of No-NF (n=13)

(AmygEFP) reduced the volume of the
audio clip. 15 40-minute sessions over 13
weeks

control, Trauma-NF showed the largest
decrease in symptoms (-35.13%; p =
.001), followed by Neutral-NF (-19.48%;

to predicted decreases in

amygdalar fMRI BOLD activity
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p = .04). Both NFT groups also
improved on anxiety (STAI), and only
the Neutral-NFT group significantly
improved on depression (BDI), where
Trauma-NFT showed a marginal
improvement. Neither experimental
group significantly improved in
emotional regulation or alexithymia.

37 children (aged 6-13 years old, 65%

male) with PTSD randomized to NFT Audio and visual NFT training inhibition After 12 weeks, fewer NFT participants
group (n=20) and treatment as usual of delta-, theta-, and beta- rhythms and

control (n =17). Chronic neglect (n =

the activation of each individual’s

met diagnostic criteria for PTSD
compared to controls, as assessed by K-

Rogel et al. (2020) Net;}:)af;eiiback PTSD treatment 33), impaired caregiver (n=33),  maximal amplitude alpha-rhythm in the SADS (10/16 controls vs 4/16 NFT, p =
J separation from primary caregiver (n parietal cortex vs. treatment as usual. 24 6- .033). At one-month follow-up, this
=35), physical abuse, and domestic 12 minute sessions of biweekly NFT over  difference was no longer significant
violence were most commonly 12 weeks (7/14 controls vs 10/15 NFT, p = .362)
reported traumas
Only the NFT group showed significant
reductions in PTSD symptom severity in
four of the seven clinical measures: the
Videogame-based NFT protocol training PCL5 (p =.005, d =2.24), the PCTTSD
. Lo . for DSM-5 (p =.005, d = 3.1), the
29 adults with PTSD randomized into  alpha-rhythm suppression over the . .
Neurofeedback three groups: Neurofeedback (n =1 0) arietal cortex vs motor imagery (MI) Harvard Trauma questionnaire (p = Conducted outside of the clinical
du Bois et al. (2021) ee PTSD treatment roups: - P o sery .005, d =2.41), and the 10-item CD-RISC cted v otthe ¢
Training Motor-imagery (n=10), and control ~ game training mu- and beta-rthythm (p = 041, d = ~0.4). Significant setting (in public buildings
(n=9) modulation over the sensorimotor cortex. ... b1 )-8
- ] . differences between NFT and MI groups
Six to seven 20-minute sessions . . . .
in their pre- and post-intervention
differences in two of the seven clinical
questionnaires (PCL-5 [p =.001, d =2.22]
and HTQ [p =.001, d =2.19]).
Mobile Apps
At 1- and 3-month follow-ups, there
were no significant PTSD symptom
differences between groups, as assessed
64 trauma-exposed patients in the via the abbreviated 8-item PTSD
Pacella-LaBarbara PTSD coach mobile emergency department assigned to ~ Patients used the PTSD coach app ad  checklist. Although, at 3-month follow-
PTSD treatment s . .
et al. (2020) app PTSD Coach (n = 33) or treatment as libitum for one month up, black participants assigned to the

usual (TAU; n=31)

intervention group (n =21) reported
marginally lower PTSD symptoms (95%
CI [-0.30, 37.77] and higher self-coping
efficacy (95% CI [-58.20, -3.61])
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according to a nine-item scale created by
the authors.

After 24 days, there were no significant
differences in self-reported health
between the two groups. A follow-up
study using the same participant data
revealed significant differences in

179 adults in Sweden with trauma in posttraumatic stress in the group with

. . . Participants were assessed twice daily access to the PTSD coach for three
Swedish version of the past two years assigned to have
Hensler et al. PTSD treatment

ith i 1f- health hs (d =-0.4! % CI [-0.70, -0.20]),
PTSD coach mobile access to a Swedish version of PTSD with questions about self-reported health months (d = -0.45, 95% C1{-0.70, -0.20])

(2021/2022) app coach (n = 89) or waitlist control (n = as well as app usage and use of strategies as assessed by the PCL-5. Participants

90) for 21 consecutive days with access to the app were also more

likely to experience clinical
improvements (x21,150) = 4.62; p = .03
(x*(1,150) = 4.62; p = .03) and less likely
to meet diagnostic criteria for probable
PTSD compared to waitlist controls
(x*(1, 150) = 7.74; p = .005).

After three months, participants with
access to the app showed significant
reductions in PCL-C scores compared to
waitlist controls (F(1, 117) =4.55, p =
Participants were assessed for PTSD  .035). Mean scores did not significantly
symptom scores with PCL-C after three differ after the waitlist controls received
months of ad libitum use treatment (t(118) = 0.73, p = .466). The
PTSD Coach group also showed
significant reductions in depression
symptoms (PHQ-8; F(1,117) =8.34, p =
.005).

120 trauma-exposed participants with
PTSD h il it PCL- i
Kuhn et al. (2017) SD Coach mobile PTSD treatment elevated PCL-C scores a51gr1ed' t(.)
app PTSD coach access (n=60) or waitlist

control (n=60)
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The patients were each allocated to a

80 ICU patients discharged after month-long treatment program; either At 3-month follow-up, clinically

being treated for cardiorespiratory mobile mindfulness, therapist-led insienificant decreases in all er N
Mobile app-based failure, divided between mobile telephone-based mindfulness, or Signitic . ecreases 1 groups o
Cox et al. (2019) R PTSD treatment . R K PTSS: mobile (-2.6, 95% CI[-6.3, 1.2]),
mindfulness program mindfulness (n=31), telephone psychoeducation. Patients were assessed telephone (~2.2, 95% CI [-5.6, 12])
mindfulness (n=31), or with patient health questionnaire and Post o dulzation ) 3' 5' 95 0/0 - 8' 0’ 1' 0])'
psychoeducation (n=18) Traumatic Stress Scale (PTSS) at 3-month e e
follow-up.

Participants were instructed to follow the Both the experimental group (p < 0.001)

112 dyads of veterans and their novel CALM program for six months and and the active control group (p =0.002) CALM: Cognitive Applications

Elbogen et al. support person completed this study.
8 CALM mobile app PTSD management pportp . p Y had a mobile device to access apps improved on PTSS. Among secondary for Life Management, TBI:
(2019) Of the veteran participants, 90% were . . . . oo
. supplementary to their program. Active outcomes, there was a larger decrease in Traumatic Brain Injury
male with an average age of 36.52. - .
control group participants received anger over 6 months compared the
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psychoeducational material and did control (B=-5.27, p =.008).
visual memory training. Family/friends reported that veterans
randomized to CALM engaged fewer
maladaptive interpersonal behaviors
(eg, aggression) over 6 months than the
control (B =-2.08, p =.016).

RePS mobile app trained attention bias by

Ppresenting participants with two words,
where at least one was neutral, and one After 21 days of training, all three
associated with threat. Both words were  groups showed reductions in PCL-5
neutral in placebo condition, and in the  scores from baseline (p <.001), but not
personalized ABM, the threat word was  at 5 week follow-up (p= .484). There

chosen based on what the model were no significant difference in PCL-5
predicted to be most threatening to the  scores between the groups (p =.786)
participant. Participants were instructed

to use the app for 21 days.

689 patients with PTSD symptoms in
the United States (20% male)
PTSD management assigned to have personalized ABM
(n =234), non-personalized ABM (n =
app 219), or placebo (n = 236)

“Resolving
Psychological

Niles et al. (2020) Stress” (RePS) mobile

There was 77.5% agreement between the
SAM was used to assess PTSD symptoms, CAPS-5 and the PCL-5 in SAM. Also,
89 trauma-exposed participants in the general functioning, depression, etc. and participants with a clinician-rated PTSD

PTSD and
Van der Meer et al. Smart Assessment on de Sres:;n Netherlands consisting of 88 police involves a shortened, Dutch version of the diagnosis had significant higher scores
(2017) your Mobile (SAM) ; derﬁi fication officers and 1 ambulance worker ~ PCL-5. Participants completed the SAM  on the PCL-5 (mean =43.10, SD = 13.55)
.3% male on average 5.6 days before completing in- than participants without a
75.3% mal ge 5.6 days bef pleting i han particip ith PTSD
person CAPS-5 interview diagnosis (mean = 25.75, SD = 11.01), (t=

—6.43, p < .001)

Sanadak is a smartphone-based mobile
app that provides CBT-based self-help in After 4 weeks, no significant difference
the Arabic language. found between the intervention group
Participants were allocated to either an  using the Sanadak app (n = 65) and the
intervention group that used the Sanadak psychoeducation control group (n = 68)
app for four weeks or a control group that on the PDS-5 (mean difference=-0.39,
received psychoeducational reading 95% CI[-3.24,2.46], p=.79)
material.

133 trauma-exposed Syrian refugees
residing in Germany aged 18-65
Rohr et al. (2021)  Sanadak mobile app PTSD management divided into an intervention group n
=65, and a control group n = 68.
Participants were 61.7% male
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Methods

To identify recent articles using digital technologies for PTSD diagnosis, symptom assessment,
and treatment, a PubMed search was conducted in February of 2023 screening for original research
publications between 2017 and 2022. Query of PubMed used the terms “PTSD” OR “posttraumatic
stress disorder” AND “digital phenotyping” OR “wearable” OR “sensor” OR “digital technology”
OR “virtual reality” OR “augmented reality” OR “mobile app” OR “machine learning” OR “artificial
intelligence” OR “neurofeedback” OR “facial recognition” OR “natural language processing.” These
criteria were specified to human trials with full text available in English, and abstract review ensured
original research was conducted with the aforementioned digital technologies-defined as digital
technologies that have current or future potential for scalability (meaning a patient could feasibly
gain access to the use of the technology through the purchase or provision of a small, digital device
[i.e., wristband, tablet, headset, smartphone, or computer] and use it without the virtual or in-person
presence of a mental health care provider)-and PTSD diagnosis, symptom assessment, or symptom
treatment as the primary outcome.

Records identified through database searching (n = 839)

Records screened (n = 839) Records excluded by titles and abstracts (n = 722)

Full-text articles excluded (n = 85):

« Used technology that does not have

Full-text articles assessed for eligibility (n = 117) current or potential future scalability

(potential for asynchronous use, cost-

effectiveness, or use at home) or
technology is not digital

1 « Did not assess PTSD diagnosis,
management, or treatment

Records retrieved (n = 32)

Records from references (n = 3)

L
)

Studies included (n = 35)

Figure 1. Our Pubmed search generated 839 publications, 722 of which were screened out during title
and abstract screening. The remaining 117 articles were screened for full-text, and 85 of these were
rejected because they were outside the scope of the review (focused on other psychiatric disorders),
used a digital tool that does not have potential scalability (neuroimaging, vagal nerve stimulation,
teletherapy, TMS). An additional three articles found from citation trails were included, bringing the
total number of studies informing this review to 35.

Each study was independently screened by LB and IR for author bias and for adherence to
inclusion and exclusion criteria. If the two authors disagreed on the fit of a study for inclusion, AJ
decided whether to include the study. We then categorized the articles as “immersive technologies”
(VR and AR), “digital phenotyping,” “wearables, ” “natural language
processing and facial feature interpretation,” and “mobile apps.”

"o

neurofeedback training,


https://doi.org/10.20944/preprints202409.1313.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 September 2024 d0i:10.20944/preprints202409.1313.v1

13

Results
Digital Tools for PTSD Diagnosis and Symptom Assessment
Digital Phenotyping

Our search identified three studies using data collected from smartphones to predict the
presence of PTSD or PTSD symptoms. All studies used GPS data to some extent and were conducted
in civilian populations. Place et al., (2017) gathered various data types generated through regular
phone use in a sample with PTSD and depression symptoms and created a regression model that
predicted presence of depressed mood, fatigue, interest in activities, and social connectedness with
acceptable area under the receiver operating characteristic curve (AUC) of 0.74, 0.56, 0.75, and 0.83
respectively (see de Hond, 2022 for description of AUC interpretation) with PTSD diagnosis verified
by the Structured Clinical Interview for Mental Disorders (SCID). Another study used GPS data to
compare mobility patterns of women with PTSD, those with a history of child abuse but mentally
healthy, and healthy controls, finding significant differences in distance traveled from home in the
trauma-exposed groups compared to controls, especially during weekends (Friedmann et al., 2020).
However, these differences were influenced by depression and health status in some cases. A third
study used these GPS data to feed a machine learning algorithm to successfully differentiate between
PTSD and control groups with high accuracy and predictive value (AUC = 0.82) (Lekkas et al., 2021).

Wearables

We reviewed four studies using digital skin conductance collected digitally via iPad (eSense
app); three studies collecting pulse data with a wrist-worn sensor or Holter monitor; and one study
measuring actigraphy, light, and temperature with a wrist-worn sensor.

Skin conductance data may aid PTSD diagnosis prediction in emergency department patients
who had been exposed to trauma, with one research team achieving an AUC of 0.7 when using a
regression model based on skin conductance reactivity (Hinrichs et al., 2017) and an AUC of 0.9 in a
different sample two years later (Hinrichs et al., 2019). The other two studies highlighted the utility
of using various skin conductance metrics for PTSD symptom prediction in children, finding skin
conductance reactivity during a standardized trauma interview correlated with the number of
traumatic events experienced and with PTSD symptoms in a sample of predominantly Black youth
(Wiltshire et al., 2022) and in a sample of youth refugees (Grasser et al., 2022).

Investigations into pulse data and heart rate variability (HRV) through wearable sensors yielded
variable results in predicting PTSD diagnosis; one study on 1618 emergency department patients
with recent trauma exposure showed an AUC of 0.56 using a machine learning model based on
sensor-based features, which improved to 0.79 when combined with clinical survey data (Cakmak et
al., 2021). Another study using HRV data from 24-hour ECG monitoring demonstrated potential in
distinguishing PTSD in a sample of male veterans with combat-related PTSD, with a model reaching
an AUC of 0.86 when applied to an out-of-sample dataset and 0.72 when applied to the sample group
(Reinertsen et al., 2017). Sadeghi et al., used data from smartwatches tracking heart rate and body
acceleration, and to develop a machine learning model for predicting PTSD hyperarousal events in a
cohort of 99 veterans (Sadeghi et al., 2022). The best performing machine learning model achieved an
83% accuracy and an AUC of 0.70 in predicting the occurrence of a PTSD hyperarousal event
compared to self-report. The model identified higher average heart rate, higher minimum heart rate,
and increased body acceleration as key predictive factors for the onset of PTSD hyperarousal
symptoms.

Tsanas et al. demonstrated potential utility in tracking sleep with wearables for diagnostic
purposes (Tsanas et al., 2020). Using sensors to measure actigraphy, light, and temperature, PTSD
patients were seen to have more fragmented sleep patterns compared to traumatized and healthy
controls.

Natural Language Processing (NLP) and Facial Feature Interpretation


https://doi.org/10.20944/preprints202409.1313.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 September 2024 d0i:10.20944/preprints202409.1313.v1

14

Our literature search revealed six studies aiming to use machine learning to analyze speech,
facial expression, or word choice to diagnose or predict PTSD trajectory (Schultebraucks et al., 2022;
He et al., 2017; He et al., 2019; Sawalha et al., 2022; Marmar et al., 2019; Gavrilescu & Vizireanu, 2019).

Multiple studies have successfully used speech features and facial expressions, captured from
recorded responses to interviews or prompts, to predict PTSD diagnoses. These predictions were
benchmarked against gold-standard assessments such as the Clinician-Administered PTSD Scale
(CAPS) and the PTSD Checklist for DSM-5 (PCL-5). For instance, Marmar et al. (2019) used Random
Forest modeling to analyze objective speech features such as monotony of speech, hesitations, and
energy variations during Clinician-Administered PTSD Scale (CAPS) interviews. The algorithm
reached a sensitivity of 0.90, specificity of 0.88, AUC of 0.95, and an overall correct classification rate
of 89.1%, finding participants with PTSD had slower, more monotonous speech, less change in
tonality, and less activation. Meanwhile, Schultebraucks et al. (2022) achieved similar results using
facial features of emotion and their intensity, speech prosody, movement parameters, and natural
language content collected from participant video responses to five open-ended questions one month
after experiencing a life-threatening traumatic event. The authors used a deep neural network model
that predicted a PCL-5 PTSD diagnosis and depression diagnosis with AUC of 0.90 and .86
respectively. Another study by Gavrilescu & Vizireanu (2019) also demonstrated feasible diagnostic
accuracy without provider intervention by applying machine learning to differentiate facial
expressions common to patients with either PTSD, generalized anxiety disorder (GAD), or MDD.
Using a multi-layered neural network-based architecture detecting facial features from videos of 128
participants watching emotionally-stimulating videos, the researchers were able to obtain an
accuracy of 93% in predicting MDD and PTSD, and over 85% accuracy in predicting GAD.

Three studies demonstrate the potential in remote and automated PTSD diagnosis through
textual analysis, with one study Sawalha et al. implementing an artificial, human-controlled avatar
to ask emotionally-valenced questions over a video conference call. The researchers achieved a top
accuracy of 80.4% and an AUC of 0.80 using natural language processing (NLP) techniques on
transcripts generated from the interviews. Similarly, He et al. (2017) analyzed text responses of
veterans’ written self-narratives detailing their trauma and current symptoms using four different
machine learning models. The product score model achieved the greatest accuracy of 82% compared
to clinical interview and the highest AUCs recorded for the support vector machine (0.90) and
product score model (0.94). In a follow up study in non-veterans using the product square model, He
et al. (2019) showed the diagnostic utility of self-narratives is increased when combined with online
survey responses, improving the diagnostic accuracy from 84% to 97%.

Mobile Apps

The ubiquity of mobile smartphones provides an opportunity for incorporating scalable
screening for psychiatric disorders, and one study assessed the use of a mobile app for PTSD
diagnostic screening. Van der Meer et al. (2017) introduced SAM, a mobile app for screening PTSD
and depression, in 88 trauma-exposed first responders. SAM showed a 77.5% agreement with the
gold standard, and participants with a clinician-rated PTSD diagnosis had higher SAM-administered
PCL-5 scores.

Digital Tools for PTSD Treatment Augmentation
Immersive Technology (VR, AR, 3DMR)

All six studies reviewed here included samples consisting solely of active duty service members
or combat veterans (van Gelderen et al., 2020; McLay et al., 2017; Bisson et al., 2020; Difede et al., 2022,
Loucks et al., 2019), as they were the only trials that met inclusion criteria (see methods section). All
virtual reality exposure therapy (VRET) sessions were conducted in the presence of a trained
therapist, with two studies utilizing the “Wizard of Oz” protocol in which the therapist can control
the ambient environment (location, time of day, sounds, etc.).
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Difede et al. compared PE to VRET in a RCT of 192 veterans with treatment-resistant combat-
related PTSD, where the VRET group was placed in a VR environment relevant to their trauma and
completed imaginal exposure (Difede et al., 2022). As participants recounted their traumatic event,
the therapist customized the environment to match their description. In addition, at the first
intervention session, participants received either a cognitive enhancer, D-cycloserine (partial NMDA
glutamate receptor agonist), or a placebo. After nine weeks of treatment, participants in both groups
improved significantly in CAPS scores, but, in accordance with previous work comparing VRET to
PE (Kothgassner et al., 2019), there were no significant differences between the groups. Interestingly,
depressed patients were more likely to benefit from VRET (p=.004, effect size=0.14), while
nondepressed patients were more likely to benefit from PE (p <.001, effect size =-0.44). The cognitive
enhancer did not significantly impact treatment outcomes.

Three studies reported using multimodal motion-assisted exposure therapy (3MDR), which
consists of a VRET protocol making use of eye-movement desensitization (EMDR) while walking on
a treadmill (van Gelderen et al., 2020; McLay et al., 2017; Bisson et al., 2020). In a study of 81 active-
duty service members with PTSD, McLay et al. studied 3MDR therapy integrating olfactory and
motor stimuli and showed significant reductions in CAPS scores at 12 week follow-up, but not
significantly different from compared to a control exposure therapy group that viewed a moving
image on a computer screen (McLay et al., 2017). Bisson et al. and Van Gelderen et al. both followed
the same 3MDR protocol in which 42 veterans selected 12 images that evoked memories of the
traumatic event (Bisson et al., 2020; van Gelderen et al., 2020). While immersed, participants walked
through a tunnel in a virtual outdoor environment and were presented with trauma-related images.
Both of these studies found significant reductions in CAPS scores in 3MDR groups compared to
waitlist controls (p = .021, d=.65) (Bisson et al., 2020) and controls who received non-trauma related
treatment (p =.016, d = 0.83) (van Gelderen et al., 2020).

One open arm trial of 15 veterans tested the feasibility of using VRET for military sexual trauma
and found significant reductions in CAPS (d =1.11) and PCL-5 scores (d =1.14) as well as depressive
scores (d = 0.94), but these differences were insignificant at three-month follow up (Loucks et al.,
2019). The study had a high drop-out rate with only 9 participants completing the trial.

No completed clinical trials were found that used augmented reality (AR) for PTSD treatment.
However, there are pilot findings of augmented reality exposure therapy applied to real-life
situations for treating behavioral avoidance in patients with PTSD ([name deleted to maintain the
integrity of the review process], 2023).

Mobile Apps

The ubiquity of mobile smartphones provides an opportunity for incorporating scalable
treatment augmentation without the need for an adjunct health professional. Previous investigations
have explored mobile apps as tools for delivering education, self-guided psychological exercises,
wellness surveys, and more (Rohr et al., 2021; Cox et al., 2019). The following papers explore the
efficacy of downloadable mobile apps in PTSD treatment.

Four of the nine studies reviewed here utilized the PTSD coach (Kuhn et al., 2017; Hensler et al.,
2021; Hensler et al., 2022; Pacella-LaBarbara et al., 2020), an app developed by the U.S. Department
of Veterans Affairs’ National Center for PTSD and the Department of Defense’s DHA Connected
Health (Kuhn et al., 2014). The app consists of several modules designed to improve patient education
about PTSD, track PTSD symptoms over time, and provide patients with self-management exercises
inspired by cognitive behavioral therapy.

In one of the first RCTs of PTSD Coach, Kuhn et al. recruited a sample of 120 trauma-exposed
participants and found that users of the app experienced significant reductions in PTSD and
depression symptom scores over three months as assessed by the PCL-C and PHQ-8 (effect sizes 0.41
and 0.45 respectively) (Kuhn et al., 2017). In another study, Hensler et al. studied 179 trauma-exposed
adults and found that after 24 days, there were no reported differences in self-reported health
between the experimental and control groups (Hensler et al., 2021). In a follow-up study using the
same participant data, an intent-to-treat analysis revealed participants with access to the app for three
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months were more likely to experience clinical improvements (p = .03) and less likely to meet
diagnostic criteria for probable PTSD compared to waitlist controls (p = .005) (Hensler et al., 2022).
Lastly, Pacella-LaBarbara et al. studied PTSD Coach in 61 patients within 24 hours of experiencing a
motor vehicle collision. At 1- and 3-month follow-up, there were no significant PTSD symptom
differences between groups. Notably, 76% of those who had used the app reported it to be extremely
helpful, but only 67% of subjects assigned to the app group had used the app at least once (Pacella-
LaBarbara et al., 2020).

Cox et al. explored a self-directed mobile mindfulness app in a sample of 80 adult patients who
had been treated for cardiorespiratory failure and underwent ICU management. Participants were
each allocated to a month-long treatment program of mobile mindfulness, therapist-led telephone-
based mindfulness, or education about critical illness. At one and three-month follow-ups, all groups
showed clinically insignificant decreases on the PTSS (Cox et al., 2019).

Elbogen et al. investigated cognitive rehabilitation using the CALM program on 112 veterans
with traumatic brain injury and PTSD. While both the experimental and psychoeducation control
groups showed significant reductions in CAPS scores (p <.001 and p =.002, respectively), CALM was
not significantly more effective (Elbogen et al., 2019).

Niles et al. used a mobile-based cognitive training intervention, attention-bias modification
(ABM), for PTSD management. The ABM program involved flashing a neutral word and a
threatening word simultaneously to participants, who were instructed to direct attention to the
neutral word. Participants were assigned to ABM with personalized threatening words, non-
personalized ABM, or placebo with two neutral words. After 21 days of training, all three groups had
significant reductions in PCL-5 scores from baseline (p < .001), but there were no significant
differences among the groups (Niles et al., 2020).

Rohr et al. assessed the Sanadak mobile app in a sample of 133 Syrian refugees with PTSD. After
four weeks, no significant difference was found between the Sanadak app group and the
psychoeducation control group on the PDS-5 (p =.79) (Rohr et al., 2021).

Neurofeedback

Our search revealed five studies investigating EEG-NFT for the treatment of PTSD. We did not
include studies using fMRI as the primary training tool, as it is not scalable (see inclusion criteria).

Two studies investigating alpha-rhythm suppression over the parietal cortex found significant
decreases in PTSD symptoms. Nicholson et al. (2020) showed 20 weeks of NFT in a civilian sample
led to significant reductions in CAPS-total scores from pre- to post-NFT (p < .008, d = 0.71) and at
three-month follow-up (p < .005, d = 0.77), but there was no significant difference in CAPS score
reductions compared to sham groups (12 = 0.026). Another smaller study in 29 Rwandans with PTSD
also showed large effect sizes in pre- to post-NFT PTSD scores on the PTSD Checklist for DSM-5
(PCL-5) (p =0.005, d = 2.24), the Primary care PTSD screen for DSM-5 (PC-PTSD) (p =0.005, d = 3.1),
and the Harvard Trauma questionnaire (p =0.005, d =2.41) (du Bois et al., 2021). However, while this
study reported that only the NFT group showed significant reductions in PTSD symptoms and that
there were significant reductions between the NFT group and the active control group (motor
imagery), there were no reported differences between the NFT group and waitlist controls.

As opposed to alpha suppression, Leem et al. (2021) studied activation of parietal cortex alpha-
rhythms. Following eight weeks of training, PTSD symptoms (measured through a Korean version
of the PCL-5) improved more in the NFT group than in the waitlist control group (p <.01), and this
difference was maintained at one month follow-up along with measures of depression, anxiety, and
quality of life. Similarly, Rogel et al. (2020) assessed parietal alpha activation and concurrent theta,
beta, and delta suppression in a sample of 37 children with PTSD. After twelve weeks, fewer NFT
participants met diagnostic criteria for PTSD compared to controls, but this difference was not
maintained at one-month follow-up.

Previous fMRI studies suggest downregulation of the amygdala during exposure to trauma-cues
could improve PTSD symptoms (Gerin et al., 2016; Nicholson et al., 2021). Fruchtman-Steinbok et al.
(2021) developed an EEG NFT model that correlated with fMRI-amygdala activity in which
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successful suppression of amygdala activity reduced the volume of audio recorded from trauma-
interviews. Following 15 sessions of NFT, both neutral NFT and trauma-interview NFT groups
showed significant reductions in CAPS scores compared to waitlist controls (p =.005, n2 = 0.26), with
a significant difference between trauma-NFT and controls (p = .001) and a marginal difference
between neutral-NFT and controls (p = .07). These reductions in CAPS scores were maintained at
three and six-month follow up but were not significant (p = .07).

Interestingly, although all five studies showed significant reductions in PTSD symptoms, only
one study showed a correlation between brain activity changes and symptoms, with Nicholson et al.
finding a negative correlation between total CAPS score reduction and salience network activity post-
NET (p =0.015).

Discussion

The current review sought to investigate the efficacy of scalable digital technological tools for
predicting PTSD diagnosis, monitoring symptoms, and augmenting treatment. This review surveyed
a broad array of technologies to offer an update on the most promising digital tools, leading to the
inclusion of studies from direct patient care through randomized controlled trials to feasibility
studies applying machine learning. Considering the nascent stage of numerous technologies
examined in this review, most research identified are pilot studies, which exhibit a wide variation in
study design and methods. This made cross-study comparisons difficult. Furthermore, most studies
did not directly compare the digital intervention to other methods of therapy or diagnosis, meaning
conclusions of their effectiveness are limited.

There is increasing interest in the field of psychiatry for using machine learning and artificial
intelligence to generate individualized approaches to symptom assessment through identifying
digital biomarkers of disease, and many of the studies included in this review often leveraged
machine learning approaches to enhance diagnostic prediction capabilities. However, the application
of machine learning to psychiatry is still in its nascency, as there is limited consensus on standards
for building, testing, and validating machine learning approaches (Koppe et al., 2021). For example,
among the reviewed studies, the choice of machine learning algorithm greatly influenced predictive
capability. In one study applying NLP to patient narratives, despite equivalent pre-processing of data
inputs, four different commonly-used machine learning models varied widely in their predictive
abilities when applied to the sample, as AUCs ranged from 0.68 to 0.94 (He et al., 2017). Although
different data processing algorithms may be best suited given different data structures, there are still
many unknowns about the different factors that influence model performance (Koppe et al., 2021).
Nevertheless, the results of the reviewed studies support the potential for these digital technologies
to supplement future clinical practice.

Studies of digital phenotyping and wearables showed promise in their ability to predict the
presence of PTSD diagnosis or symptoms, with HRV showing the most consistent evidence. Of note,
these technologies showed discriminant validity when applied to veteran cohorts and highly diverse
civilian samples. For instance, studies on mobile skin conductance included samples of majority Black
or Arab participants and showed potential in detecting PTSD diagnosis and in assessing symptom
severity. Likewise, studies utilizing patient speech, writing, and facial features were also conducted
in diverse civilian samples and showed a high degree of accuracy in detecting PTSD diagnosis using
machine learning modeling.

One particular advantage to the use of these technologies for patient assessment is their potential
to be incorporated into a clinic’s workflow with limited disruption to the patient or the provider
(Rodriguez-Villa et al., 2020). If used in conjunction with in-person assessments, these technologies
could provide a means of longitudinal symptom monitoring prior to or between appointments and
for timely intervention. Indeed, the use of these data may be particularly helpful for assessing patients
with PTSD, as avoidance behavior is a hallmark of the disorder. However, more work is needed in
larger cohorts to establish standardized approaches to data collection and machine learning modeling
before definitive conclusions can be drawn from this literature. These technologies should also be
used to distinguish the presence of PTSD symptoms from other psychiatric symptoms before being
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deployed in clinical practice, as healthy controls were the comparison group in the majority of digital
phenotyping, wearables, NLP, and facial recognition studies included in this review.

While the identification and assessment of digital biomarkers is an emerging trend in psychiatric
research, the application of VR to PTSD is relatively more established. Previous reviews of VR for
PTSD treatment have shown equivalent but not superior treatment outcomes to standard
methodologies in treating veterans with combat-related trauma (Kothgassner et al., 2019; Eshuis et
al., 2020), and this has been the general conclusion of studies informing this review. More studies of
VRET are needed in diverse populations and in different types of trauma, as the majority of recent
studies have been in military or veteran cohorts. Although combat environments are currently the
easiest to recreate, there are some trials integrating stimuli for traumas related to sexual assault
(Loucks et al., 2019) and motor vehicle accidents (Beck et al., 2007). It should also be noted that trials
in this review had a trained counselor or therapist present during VRET sessions, and that unlike
VRET for social phobias (Premkumar et al., 2021; Hildebrand et al., 2022), no PTSD trial to date has
been conducted in a self-guided manner. As the capabilities of this technology and of generative
artificial intelligence (i.e., ChatGPT) continue to advance, it may soon be possible to create customized
scenarios in which digital characters interact with the patient, facilitating exposure therapy for
interpersonal traumas in self-guided exposure format.

This review sought to include augmented reality (AR), but there have yet to be any published
studies using this technology in patients with PTSD. AR may be uniquely suited for in vivo exposure
therapy and real-life contextualization of exposure therapy, as patients can move freely and interact
with trauma-relevant objects within the immediate environment. [name deleted to maintain the
integrity of the review process] et al. has previously succeeded in the use of AR in single session
treatment of simple phobias ([name deleted to maintain the integrity of the review process] et al.,
2021) and recently developed a platform that allows for in vivo exposure therapy of social situations
commonly avoided by people with PTSD ([name deleted to maintain the integrity of the review
process], 2023).

Meanwhile, apps have been used extensively outside of the clinical setting and require limited
training to use. However, as with other emerging digital tools, heterogeneity and limited evidence
base currently limit conclusiveness about the effectiveness of apps. Most of the reviewed studies
described an improvement in PTSD symptoms, and participants consistently described apps as easy
to use. Despite their utility, apps are not used consistently or extensively, as most studies report a
steep drop in usage several days after participants begin using an app. Adherence may best be
addressed with consistent support from mental health provider or through greater use of
gamification (Sandoval et al., 2017).

NFT makes use of gamification to promote engagement, and the studies informing this review
showed small to moderate improvements in PTSD symptoms compared to waitlist controls.
Nevertheless, studies were limited by small sample sizes and heterogeneity in study design.
Participants within the same treatment arm also engaged in different meta-cognitive activities to
achieve the goal-directed brain state, including focusing on colors, “quieting the mind,” or focusing
on the reward stimulus, suggesting a lack of specificity in the neural processes and self-regulation
skills being trained (Nicholson et al., 2020). The potential therapeutic mechanism of NFT remains
unclear, and future studies will need to directly compare NFT protocols of activation and suppression
of different neural oscillations, reinforcement schedules, and include active-control comparisons in
order to better elucidate therapeutic potential.

Although this review highlights significant advancements in technological innovation in the
field, these technologies have seen little use in the community setting and by clinicians. For example,
VR emerged in the 1980s (Slater et al., 2016), but its use is mostly limited to major academic settings.
The inertia and “resistance to technology,” lack of large-scale data, high cost, and technological
complexity seem to be major obstacles in moving these technologies from academia into the
community. Therefore, there is a need for greater focus in enhancing the usability, scalability, and
cost of these technologies in order to transform them from laboratory and research innovations to
tools of the future mental health professional.
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This review has limitations. First, the conclusions from this review are limited due to sparse use
of double blinding in these studies, which may be a product of interacting with digital technology
and due to the nature of machine learning studies, as they were oriented towards diagnostic
assessment. As such, use of sham digital treatments or data collection could be useful for future
studies. Second, we elected to include a wide range of study designs, as opposed to limiting our
search to randomized controlled trials (RCTs). Our goal was to provide an up-to-date view of the
current capabilities of scalable digital technologies for PTSD and restricting inclusion criteria to RCTs
would have limited our conclusions.

In conclusion, this review examined the use of digital technological interventions for assessing
and treating PTSD. Increased availability of effective tools for assessing and treating PTSD is needed,
and a number of digital technologies show promise in their ability to automate diagnosis and expand
access to treatment augmentation. However, there is a need for further research into creating
standardized, evidence-based protocols for these technologies to allow for greater dissemination.
Likewise, more evidence comparing these digital technologies to standard practices in controlled
settings is needed before they can be applied to clinical practice.
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