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INTRODUCTION

The rising prevalence of wearable technologies in society has catalyzed their use

in clinical settings. This has run the gamut from treatment programs for weight

management [3,12] to mental health. Within the last decade, an abundance of research

has investigated incorporating wearables into clinical therapy programs for patients

with schizophrenia, depression, and other chronic mental health conditions [37,38].

Traditionally, clinical evaluations only provide a short glimpse into patients’ progress.

They require highly-trained professionals, can be time-costly, and still provide sparse

data points throughout a multi-week therapy program [36]. The rapidly evolving nature

of this area of human-computer interaction is thus no wonder: these relatively

unobtrusive tools grant clinicians and care teams an unprecedented level of insight into

their patients’ behavior when outside of their office.

The improved insight provided by wearable technology increases continuity of

care and provides the clinicians with higher resolution, ubiquitous data of their patients’

treatment trajectory. Crucially, such passive sensors - sensors that collect data with

minimal human interaction - do so with little burden to the patient. This is supported by

previous research, which has shown a general willingness among patients to use

wearables in mental health therapy [11,26,29]. Notably, a major challenge facing this

application of wearables has been patient understanding, privacy, and usability [26]. As

such, a truly effective implementation of clinical wearables for mental health therapy

must prioritize patient agency over their data, as well as education of how physiological

tracking benefits treatment [9,29].
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This research project will extend from the ongoing work conducted on the

Prolonged Exposure Collective Sensing System for PTSD (PECSS) team at Georgia Tech.

Existing mobile health (mHealth) and ubiquitous computing systems for mental health

treatment have incorporated a patchwork of sensors to give clinicians insight into the

treatment trajectory and status of their patients during intensive outpatient programs

(IOPs) for post-traumatic stress disorder (PTSD). Specifically, these IOPs involve

patients undergoing prolonged exposure (PE) therapy, in which clinicians guide patients

through exercises in the clinical settings, as well as real-world environments [16].

PECSS builds on this by creating a comprehensive system of sensors and apps collecting

patient-generated data (PGD), including metrics like location data, subjective units of

distress (SUDs), app usage, SMS activity, and audio data. This project aims to introduce

to this digital ecosystem the use of physiological data, namely heart rate collected by

provided Fitbits, to address the broader HCI question: how can clinicians and

researchers effectively incorporate wearables into PE therapy for PTSD? Exploring this

question involves answering, is the PECSS system usable and learnable? Encouraged by

prior research [9,29], this study will investigate how users interact with the mobile app

and wearable components of the system. It will design a protocol for educating patients

regarding the use, applicability, and privacy of their data. Data collected from

participants will then be analyzed to evaluate the capabilities of the system to provide

insight into participation in mock exposures.
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LITERATURE REVIEW

Post-traumatic stress disorder (PTSD) is a trauma- and stressor-related disorder

characterized by re-experiencing of trauma (e.g., intrusive memories and nightmares);

avoidance of trauma-related situations, thoughts, and feelings; negative alterations in

thoughts and mood; and hyperarousal [39]. PTSD burdens 6% of U.S. citizens and

disproportionately 16% of U.S. veterans [35]. Over the past few decades, PE therapy has

become one of the leading treatments for the condition. The strategy is a specific type of

cognitive behavioral therapy that, through imaginal and in-vivo sessions, teaches

individuals to gradually approach these intrusive memories, feelings, and situations

[17]. Despite the prevalence of research supporting its efficacy [32,33], patients

frequently drop out of treatment [18,19,21]. Thus, there has been a recent push in the

areas of human-computer interaction and ubiquitous computing for mHealth solutions

to augment IOPs and improve patient engagement.

Significant research involving mHealth technologies has been conducted within

other vulnerable populations, namely schizophrenia patients. As early as 2016, a study

by Wang et al. [36] proposed a mobile sensing system that collected data regarding

physical activity, location, environmental setting, digital communication, and phone

usage. Using machine learning models to predict the risk of psychotic relapse for

patients in an intensive schizophrenia clinic, the study demonstrated significant

predictive power from passively sensed metrics as compared to traditional assessments.

Though foundational for later research on predictive mHealth technology in a clinical

setting, this study’s findings are hardly extrapolatable to other mental health conditions

like PTSD. To yield more relevant insight regarding the social implications of PTSD, a
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subsequent study [38] applied the same sensing system to explore the viability of

assessing social functioning in schizophrenic patients. Critically, the study’s results

suggested that quantitative sensing from mobile phones alone could offer insight into

behavioral and social health, and thus apply to PTSD treatment. However, in both of

these studies, physiological data was not collected.

While the tracked metrics of mobile phones have been shown to provide insights

into patient treatment trajectories for schizophrenia, the predictive power of

physiological metrics for PTSD is yet to be empirically explored in a clinical setting.

Results from Ernala et al. [15] suggest that physiological data, such as heart rate, may

serve as proxy diagnostic signals for mental health conditions typically evaluated using

PHQ-8, PHQ-4, and PCL-5. Specifically for PTSD, heart rate variability has been shown

[34] to be an indicator of autonomic nervous system dysregulation, a key marker of

PTSD. Still, despite these promising results for the clinical insight offered by these

metrics, the incorporation of both mobile sensing and passively collected physiological

data is yet to be studied.

In recent years, wearable technology has grown in popularity among researchers

for unobtrusive, scalable applications in mobile health. Furthermore, Fitbits appear to

be sufficiently accurate for heart rate (MAE = 5.96% [27]), and especially suitable for

applications where scalability and low participant burden are central to the population

or research question [27,28]. Research into veteran perspectives on the use of wearable

activity trackers in IOPs for PTSD further motivates the introduction of Fitbits into

therapy. A study by Ng et al. [29] interviewed veterans with PTSD immediately

following a 3-week intensive IOP for PTSD, observing that veterans cite three principal

reasons supporting wearable activity tracker use in treatment: they increase
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self-awareness, support social interactions, and facilitate giving back to other veterans.

However, unaddressed areas in this study’s methodology constitute an opportunity for

improvements in Fitbit use in IOP treatment. Chief among these include structured

training and education on the function and rationale behind Fitbit use in mental health

treatment, the absence of which is a major motivation for nonadherence to continued

Fitbit use. As per Powers et al.’s [31] results demonstrating the positive impact of

exercise augmentation in PE therapy, it may follow that educating patients on the link

between physical and mental health for PTSD treatment could increase adherence.

With this body of research suggesting the multitude of benefits of activity

tracking and physiological augmentation of mHealth systems for PTSD, it is crucial that

such implementations achieve these benefits while preserving patient agency and

privacy. As such, following closely behind this rise in prevalence of mHealth solutions

have been growing ethical and privacy concerns. Research by Paul et al. [30] suggests

that the use of these relatively novel wearable devices in clinical settings introduces

seldom-addressed HIPAA concerns. As subsequent research [9,23] has identified,

visualizing PGD is paramount to ensuring patients understand their metrics as it

pertains to their treatment. Such research indicates a need for transparency and security

in patient data collection, storage, and ownership.

The current study will combine the findings of previous research on the utility of

heart rate using activity tracking wearables to assess the usability of this sensor suite in

simulated PE therapy. To do this, the study will explore user perceptions and attitudes

about the incorporation of Fitbit activity tracking into the PECSS sensor suite.

Participants will complete a collection of simulated exposures while using the PECSS

system. Data collected from the PECSS mobile app and the Fitbit will be used to
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evaluate the ability of these data streams to provide insight into participant performance

during such exposures. Participant feedback on the usability of the system will be

combined with feedback on data privacy concerns to maximize integration adherence

and promote data privacy for real PTSD patients in PECSS’s subsequent deployment. In

doing so, this study aims to demonstrate how wearable PGD can most effectively be

introduced to PE therapy such that patient engagement is maximized and clinicians are

better equipped to design more effective treatment, ultimately increasing the efficacy of

PE therapy for PTSD.
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METHODS

OVERVIEW

The aforementioned usability testing has three principle aims:

1. Collect heart rate data from participants in a variety of physically or mentally

stimulating scenarios using Fitbits.

2. Using this data and ground truth data from the PECSS mobile app, evaluate the

efficacy of Fitbit integration during the simulated “PE therapy” (i.e., in-vivo and

imaginal sessions).

3. Ensure the use of Fitbit in the simulated PECSS meets users’ needs.

The following sections detail the experiment’s participant pool, materials, trial design,

and procedure.

PARTICIPANTS

We recruited a convenience sample of nine participants (male = 6, female = 3;

median age = 21) for this study. The sample consisted of Georgia Tech undergraduate

students working on the PECSS research project. Each recruited participant was

randomly assigned to one of four scenario groups, resulting in two participants per

group except for group B, which contained three participants. Participants were

provided with a Fitbit Inspire HR to facilitate passive heart rate tracking. These groups

and their trial sequence are described in Table 1 below.
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Table 1: Trial Timeline

Group

Trial Timeline

n

Pre-

survey

In-vivo

Activity

Clip

(Valence)

Imaginal

instructions

Clip

(Valence)

B

r

e

a

k

In-vivo

Activity

Clip

(Valence)

Clip

(Valence)

A
2

Jog

Serenity

(=)

Enjoyment

(+) Walk

Serenity

(=) Fear (-)

B
3

Walk

Serenity

(=)

Enjoyment

(+) Jog

Serenity

(=) Fear (-)

C
2

Jog

Serenity

(=) Fear (-) Walk

Serenity

(=)

Enjoyment

(+)

D
2

Walk

Serenity

(=) Fear (-) Jog

Serenity

(=)

Enjoyment

(+)

MATERIALS

Like many wearable devices, the Fitbit Inspire HR is equipped with a multitude

of sensors including an accelerometer, gyroscope, and heart rate sensor [40]. To

measure heart rate, the Fitbit uses photoplethysmography (PPG), a popular low-cost

and noninvasive technique for optical measurement of volumetric changes in blood

vessels [4]. LEDs mounted on the bottom of the device flash multiple times per second,

then light-sensitive diodes detect these volumetric changes in the wrist capillaries [2].

Such volumetric changes have been shown to act as a surrogate for heart rate [27].

To simulate both in-vivo and imaginal aspects of PE treatment (see Appendix C -

Testing Protocol), a collection of videos was chosen based on those compiled by Chen et

al. [10] and Di Crosta et al [13]. The first category, “serenity,” was chosen to act as a

control category, meant to calm the participant and establish a baseline of arousal.

Hence, the “serenity” video clip was shown first for each participant, followed by the

positive/negative valence clip. This clip was selected based on the work of Bednarski [5],

which found that clips in this category most reliably elicited a feeling of serenity across a
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wide range of participants. Serenity, or calmness, is a mental state free from anxiety,

tension, negativity, and disturbance. Often linked with the feeling of “doing nothing”

and the emotion of contentment [14,20], serenity encourages individuals to slow down

and savor their current experiences. The video categories of “enjoyment” and “fear”

were chosen to elicit two of the five basic emotional triggers defined by the Paul Ekman

Group [10]. Enjoyment was chosen as the positive valence, while fear was selected for

negative valence since fear commonly arises in PTSD through the re-experiencing of a

traumatic event.

Table 2: Videos selected from the CAAV dataset

Title: Fear Videos Mean Valence Score Mean Arousal Score

Slapping someone (male) 1.74 7.11

Being threatened with a knife (male) 1.79 7.04

Kicking something 1.81 6.13

Being kidnapped 1.85 6.41

Snorting cocaine 1.98 5.15

Stealing from someone 2.03 5.67

Being threatened with a knife (female) 2.05 6.96

Drawing a swastika 2.07 5.53

Poisoning a person 2.08 6.22

Losing hair 2.17 6.2

Title: Enjoyment Videos Mean Valence Score Mean Arousal Score

Eating pizza (female) 7.76 6.05

Eating pizza (male) 7.73 5.54

Hugging someone 7.49 4.75

Finding cash (male) 7.48 5.84

Finding cash (female) 7.41 6.66

Receiving flowers from someone 7.38 5.64

Hugging someone 7.35 5.27

Celebrating with someone 7.35 5.21
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Smiling at someone 7.31 5.77

Kissing someone 7.3 4.44

Table 3: Videos selected from Chen et. al (2020)

Video Description

Intensity Score

(1-5)

Enjoyment 1
Two pandas were playing together, and a sudden sneeze made people

laugh.
5

Enjoyment 2
A little girl's father, who is in the military, surprises her at her

birthday party.
5

Enjoyment 3 A little girl pretends to be a veterinarian and bandages a dog. 4

Fear 1 A person tries to capture a large snake that is hiding under a bed. 5

Fear 2
A person hanging off a tall building with one hand; a person sliding off

a tall, slanted building.
4

Fear 3 A spider crawls over a young child's body. 4

Tables 2 and 3 summarize the video clips used in this study. Within each

emotional category, amateur video clips studied by Chen et al. [10] were combined with

a series of short clips from the Chieti Affective Action Videos (CAAV) dataset [13] to act

as emotional elicitors for participants. For both sources, clips with the highest emotional

intensities were selected to maximize emotive - and thus physiological - responses.

Videos in the CAAV dataset used a 9-point Self-Assessment Manikin (SAM) scale to

measure emotional valence and arousal, with 1 indicating a negative valence/low arousal

and 9 corresponding to a positive valence/high arousal [7,13]. Videos chosen from Chen

et al. [10] each had high (i.e. 4 to 5) emotional intensity scores as rated by the

researchers on a 5-point Likert scale [24]. Likewise, out of the 361 clips in the CAAV

database, the top 10 clips with the highest mean arousal score were selected for each

category. Videos eliciting negative emotions (here, the fear category) had high valence

scores, whereas more positive videos had lower valence ratings.
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PROCEDURE

A usability testing protocol was established to ensure continuity and uniformity

across all trials. The full protocol can be found in Appendix C - Testing Protocol. Before

each trial, participants completed a pre-trial survey that gauged how frequently they

perform cardiovascular exercise each week, their susceptibility to various phobias, as

well as their hand dominance. These responses are summarized in Table 4 along with

participant demographic information. Data on activity levels were collected to control

for different heart rate variations across participants during the in-vivo’s (e.g. sensed

heart rates among highly active participants would be lower compared to less-active

participants). Previous work has indicated that increased movement in the dominant

hand leads to less accurate heart rate readings in wearables [27]. As such, data on

participants’ hand dominance was polled to determine the non-dominant hand on

which to wear the Fitbit, thereby maximizing data accuracy across all participants.

Participants were also polled on their propensity for Acrophobia (fear of heights),

Arachnophobia (fear of spiders), and Ophidiophobia (fear of snakes). Since several of

the most emotive videos selected for the “fear” category of videos depicted such phobias,

controlling for this allowed for standardizing heart rate responses across the imaginal

trials. The survey can be found in Appendix A: Pre-Trial Survey.

During the trial, both participants in the group were instructed to perform the

given in-vivo activity (jogging or walking) while wearing the provided Fitbit on their

non-dominant wrist and holding a provided Android smartphone running the PECSS

mobile app. The watch had already been configured in the PECSS system, and each

participant was instructed to keep the smartphone on their person for the duration of

the trial. In each trial, participants first started a pre-assigned in-vivo assignment in the
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app: either “Jog” or “Walk” corresponding to their group. The participants began by

performing the in-vivo activity for 5 minutes. At the end of the period, they ended the

assignment in the app and entered their pre-, intra-, and post-activity levels of exertion

on a 1-100 scale. They then sat and watched a neutral clip for 5 minutes meant to elicit a

state of serenity. This intermediate step allowed participants to calm down and return to

a baseline level of physical arousal before proceeding. Continuing then to the

pre-assigned imaginal task, the participants started the imaginal assignment in the

PECSS app before being verbally informed about the contents and purpose of this

section of the trial. Resembling the patient-clinician imaginal conversations in PE

therapy, audio features were collected by the mobile app during this time. They then

watched a 5-minute compilation of clips intended to elicit a specific emotional response

(i.e. either enjoyment or fear). Participants were then allowed to take a 5-minute break

before repeating this process for the other in-vivo activity and imaginal valence. This

design allows all permutations of in-vivo/imaginal pairs to be tested, thereby ensuring

the order of performed activity and emotional valence can be accounted for when

analyzing the sensed heart rate. After both in-vivo and imaginal exposures were

completed, participants were instructed to upload their data collected in the app. Such

data were uploaded to a remote database for later retrieval and analysis.

Following the trial, participants completed a post-trial system usability scale

(SUS) that asked participants for feedback on the usability of the Fitbit and mobile app

in these mock exposures (see Appendix B: Post-Trial Usability Survey). The SUS [8] is

an industry-standard, 10-item questionnaire that reliably scores systems (out of 100) on

their usability and learnability [22]. In addition to the standard SUS questions, the

survey also asked to what degree it increased their awareness of their physical responses
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to stimuli, what concerns they have in the collection and ownership of their heart rate

data, and what frustrations they had while completing the assignments. The results of

these surveys, as well as the data from the rest of the trial, are displayed in the following

section.
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RESULTS

In this section, we present our findings and summarize the results of the trials.

This includes responses from the aforementioned surveys and data collected by the

PECSS mobile app and Fitbit watch.

SURVEYS

Table 4: Pre-Trial Participant Information

Group Participant Sex
Dominant

Hand

Frequency of

cardiovascular

exercise

Fear of

Heights

(1-5)

Fear of

Spiders

(1-5)

Fear of

Snakes

(1-5)

Age

Used a

Fitbit

before?

A

1 Female Right Never 2 3 1 21 Yes

2 Male Right A few times per month 2 2 2 19 No

B

3 Male

No

preference A few times per month 1 5 5 22 No

4 Male Right Every day 2 4 4 21 No

5 Male Right Once per week 4 2 2 18 No

C

6 Male Right A few times per month 2 3 1 21 No

7 Female Right Once per week 1 3 4 20 No

D

8 Female Right Once per week 5 5 5 20 Yes

9 Male Right A few times per month 4 2 5 28 Yes

Averages: 2.56 3.22 3.22 21.1

Medians: 2 3 4 21

Std. Dev: 1.42 1.20 1.72 2.85

The sample of nine participants reported a variety of activity levels and degrees of

fear for the phobias shown during the trials. Most individuals reported engaging in

rigorous cardiovascular exercise a few times per month or once a week, with one person

each exercising every day and not at all. All of the participants wore the Fitbit on their

left wrist given the near-universal right-hand dominance. Participants also reported a

wide range of perceived fearfulness of heights, spiders, and snakes. Acrophobia (fear of
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heights) saw the lowest median score of 2, whereas Arachnophobia (fear of spiders), and

Ophidiophobia (fear of snakes) had median scores of 3 and 4 respectively.

Table 5 summarizes responses for the post-trial survey. The first 10 questions

consisted of questions from the system usability survey (SUS), and the final question

asked participants to assess to what degree wearing the Fitbit increased their awareness

of their physiological reactions to the videos. All questions were scored on the standard

SUS scale of 1-5, with 1 indicating a strong disagreement with the statement and 5

indicating a strong agreement [8,22]. Median scores for each question are also shown.

Written feedback collected from this survey is included in Appendix B - Participant

Feedback.

Table 5: Post-Trial Survey Results

System Usability Scale (SUS) Questions

Group Participant Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10
SUS

Score

The Fitbit made me more

aware of my physical

responses to the videos

shown.

A

1 3 1 3 1 4 1 5 1 3 2 80 5

2 3 2 4 1 5 4 5 4 2 1 67.5 3

B

3 4 2 4 1 4 2 5 3 4 1 80 4

4 4 1 4 2 4 1 4 1 5 2 85 2

5 3 1 5 4 3 3 5 1 4 1 75 3

C

6 3 1 5 1 4 2 5 1 5 1 90 2

7 4 1 5 1 3 1 5 1 5 1 92.5 3

D

8 4 3 3 4 4 3 4 4 3 3 52.5 4

9 1 1 5 1 5 2 5 1 5 1 87.5 2

Medians: 3 1 4 1 4 2 5 1 4 1 3
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HEART RATE DATA

The graphs in Figure 1 show participants’ heart rate throughout the exposures in

each trial group. Time segments are labeled according to the exposure (i.e. jogging or

walking in-vivo; enjoyment, serenity, or fear imaginal). Note that since the Fitbit

reports heart rate at a maximum granularity of 5-second intervals, the precision of these

labels is inconsequential. Table 6 summarizes the average, highest, lowest, and standard

deviation in heart rate for the 5 exposures across all participants.

Figure 1: Heart Rate Graphs Across Trial Groups

19



20



Table 6: Cross-Participant Exposure Statistics

Exposure

Mean Heart Rate

(BPM) +/- 5.96%

Peak Heart Rate

(BPM) +/- 5.96%

Lowest Heart Rate

(BPM) +/- 5.96%

Standard

Deviation

Walking 105.1 140 68 12.95

Jogging 132.5 173 70 23.58

Enjoyment 85.2 112 48 15.08

Fear 84.4 128 52 13.16

Serenity 86.7 115 52 11.18
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MOBILE APP DATA

Data collected from the mobile app supplemented the Fitbit data. Location data,

app usage, activity data, and self-reported ratings of exertion were successfully collected

for the in-vivo exposures. The phone generally classified the in-vivo activity correctly,

detecting the participant was on foot while walking or jogging (see Figure 2(b)).

Periodically, however, the phone could not classify the movement pattern, and thus

reported “unknown.” Participants did not exit the PECSS app to use other apps, except

for Participant 1 who accidentally entered the settings app. The app still recorded this

event, which can be found with the rest of the mobile app data in Figure 2 below.

Figure 2: Mobile App Data

(a): Self-reported ratings of exertion and recorded app usage
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(b): Activity classifications during in-vivo 1: jogging

Audio metrics (not raw recordings) were collected as well. Figure 3 shows the

maximum amplitude readings from the phone’s internal microphones shortly before,

during, and briefly after Participant 1’s first in-vivo (jogging).
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Figure 3: Audio Data
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DISCUSSION

The Prolonged Exposure Collective Sensing System (PECSS) is intended to be

used by patients undergoing Prolonged Exposure (PE) therapy. During imaginal

sessions, patients use the app while verbalizing their trauma under clinician guidance,

allowing them to listen back to the recording at a later date. In out-of-clinic in-vivo

exposures, patients complete homework assignments in the app while wearing the

Fitbit. We conducted a usability study with three aims. First, to collect heart rate data

from participants in a variety of physically and mentally stimulating scenarios using

Fitbits. Second, to use this data and ground truth data from the PECSS mobile app, to

evaluate the efficacy of Fitbit integration in “PE therapy” (i.e., in-vivo and imaginal

sessions). Finally, we wanted to ensure that using the Fitbits during the simulated

PECSS deployment met the users’ needs. The results of the study support each of these

aims; however, there are some limitations. We will discuss the major findings related to

aims one and two in this section and those related to the third aim in the design

implications section. We will also discuss the results of this work relating to the existing

literature.

Regarding the first and second aims, heart rate data collected from the Fitbits

during the trial provided insights into the participants’ responses to various physical

and mental stimuli. Across all four groups, distinct peaks in heart rate appear during the

jogging and, to a lesser extent, walking in-vivo. Furthermore, the inclusion of the

serenity video appeared to accomplish its intended purpose: to allow for a period of

relaxation to restore the participant’s heart rate to pre- in-vivo levels before performing

the imaginal exposure. In support of existing work [15,27] regarding wearable heart rate
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accuracy during a variety of physical and non-physical activities, the Fitbit was indeed

able to capture differences in heart rate between the various exposures, particularly

among the physical in-vivo’s (see Table 6). The average heart rate for jogging (132.5

BPM) was 27.4 BPM higher than that of walking (105.1 BPM), which itself was 18.4 BPM

higher than the average heart rate while watching the serenity video (86.7 BPM).

Therefore, the Fitbit can not only discern whether the user is engaged in physical

activity but also the degree of intensity of that activity. This contributes an additional

dimension of feedback for clinicians, who can use the mobile app’s activity classification

as a coarse indication of what homework segment was being performed, then refer to

the Fitbit data for information on how stimulating the activity was. Furthermore,

participants were fairly neutral regarding whether the Fitbit affected their awareness of

their physical reactions to the exposures. Combined with the lack of negative feedback

regarding the Fitbit inhibiting their ability to complete the exposures properly, this may

substantiate previous findings [27,28] that such wearables are suitable where low

patient burden is imperative.

However, heart rate responses while watching the videos intended to elicit

emotions of fear or joy were less uniform. Participants 1, 6, 7, and 9 showed small, or in

the case of Participant 7 extreme, jumps in heart rate while watching the fearful videos.

In contrast, the other participants saw normal heart rate responses, even if they had

indicated having one or more strong phobias (e.g., Participant 8). The enjoyment videos

yielded a somewhat stronger pattern. Participants 2, 4, 5, 6, 7, and 8 showed marked

spikes in heart rate while watching these clips. Notably, despite self-scoring a low fear of

all three phobias (rating of 2 out of 5 for each), Participant 2 had one of the most

responsive heart rates while watching the fearful videos. This highlights a crucial
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affordance of the Fitbit: it may provide more accurate insight into user responses to

exposures when participants may diminish or exaggerate such responses.

The audio metrics also yielded promising results. When the participant was

instructed how to perform the exposure, both before and after the in-vivo and just

before the serenity video portion, the maximum amplitude increased accordingly.

Similarly, we observed a period of decreased amplitude while the participant was

jogging/walking (see Figure 3). It is important to note that since little speaking was

involved beyond short instructions and imaginal briefings (see Appendix C - Testing

Protocol), such data served simply as proof of concept that the phone could effectively

measure periods of speaking. Still, the phone’s apparent ability to capture audio with

reasonable fidelity complements Wang et al.’s [38] assertion of the value of other

smartphone metrics in mHealth therapy.

DESIGN IMPLICATIONS

In addressing the third aim of this study, the trials revealed several design

implications for the Prolonged Exposure Collective Sensing System (PECSS) mobile app

and its pairing with the Fitbit. In this section, we discuss these implications and their

effect on the usability of the PECSS system, then make recommendations for updating

the system. Overall, participants gave the system an average SUS score of 78.89,

indicating a positive usability experience compared to the average SUS score of 68 [22].

However, participants still reported problems while performing the mock activities. One

participant reported difficulty in attaching the Fitbit to their wrist, as the default band

size was too small for their wrist circumference. Moving forward, it will be good practice

to have both regular and extended bands on hand to best suit every patient. The trials
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quickly revealed bugs in the mobile app as well. While Participant 1 completed the

in-vivo activity, they found that screen rotation, which could occur while holding the

phone and walking/jogging, would cancel the attempt in the app. This was quickly

remedied by disabling screen rotation in the phone, but going forward, starting an

attempt should disable screen rotation for the duration of that attempt. Similarly, two

participants reported concerns over the navigation buttons present at the bottom of the

Android’s screen. Accidentally pressing the phone’s back button cancels the ongoing

attempt in the app’s current version, thus subsequent iterations should disable these

buttons while the attempt is in progress. Participants also reported confusion in the UI

while starting the imaginal exposure recordings. The app required users to hit “Start”

then “Start Imaginal.” Conversely, to end the exposure, participants were presented with

both a “Stop Imaginal” button and a “Stop Complete Imaginal” button. The former

intended to allow users to pause the recording and resume at a later time, but such

labeling confused participants as to what button to press to end the exposure after the

videos had concluded. Finally, it is important to note that none of the participants

pressed the “Upload Data” button on the homepage of the app. Uploading assignment

data is crucial for clinicians to view & analyze the patient's data. Assignment data was

not synchronized automatically - for example, on completion of an attempt - to promote

patient agency in deciding whether to share their data with their clinician or not.

However, since the participants in this study appeared to be unaware that uploading the

data was a deliberately manual process, this raises two implications for the PECSS

system. First, patients should be informed that they possess the choice to share their

exposure homework data with their care team or not. This should include discussing the

consequences of sharing versus not sharing data on their experience in care. Second, to
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ensure patients remember to upload their data (or not), the app should ask patients

upon completion of an attempt whether they would like to share their data with their

care team. Post-trial feedback also highlighted this concern for data privacy, agreeing

with Paul et al. [30] that data privacy is a critical concern where wearables are

employed.
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CONCLUSION

The current study showed that the Fitbit was able to capture physiological

manifestations of physical and emotional stimulation in the simulated PE activities via

heart rate. In integrating the wearable into the PECSS sensor suite, this study also found

the system to be usable and learnable while providing an additional dimension for the

assessment of users’ performance during such exposures. In this section, we summarize

the importance of these findings and discuss the study’s limitations and areas for future

researchers to explore.

The Fitbit’s ability to reliably capture changes in heart rate could equip clinicians

with additional insight into the in-vivo and imaginal exposures. Upon aligning each

attempt’s timestamps with the heart rate data, it became immediately obvious when the

participants were performing the exposure. This could allow clinicians to not only verify

patient participation in out-of-clinic exercises, but also tune their intuition and

decision-making to align with how viscerally their patients respond physiologically to

the exposures.

Additionally, the Fitbit showed promising results in its capability to sense smaller

changes in heart rate induced by joyful or scary imagery during the imaginal exposures.

This is a crucial dimension of data for clinicians since the re-experiencing of traumatic

events - which occurs in PE through narrated recounts during imaginal sessions - has

been shown to manifest in heart rate variability in those with PTSD [32]. Specifically,

our observation that heart rate variability decreased while viewing fearful videos as

compared to the joyful clips aligns with previous findings that phobic responses to

negative stimuli can manifest in decreased heart rate variability [32].
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LIMITATIONS

Since this is a pilot usability study, there are limitations to the results presented.

In this section, we discuss several notable limitations to consider when interpreting our

data. First, this data was collected in a controlled setting via a convenience sample of

PECSS researchers (age 19-28) who were at least somewhat familiar with the app and

PE process, not patients with PTSD. Though for this study - that is, evaluating the

usability and learnability of the PECSS system with Fitbits - this does not pose a

significant threat to the data gathered, it is important to note that PTSD patients may

find different aspects of the app or use of the Fitbit confusing. The participants in this

study were at least somewhat familiar with the app and generally technologically savvy,

whereas real-world patients may not be. Consequently, the scores collected from the

SUS are likely skewed towards a more positive usability rating. Second, our inability to

find a single, 5-minute video supported by prior research to elicit either a positive or

negative emotional response caused us to stitch 10 shorter clips together. This resulted

in a random compilation of videos previously shown to elicit a particular valence, but

the lack of continuity between them confused some participants, possibly at the

detriment of the videos' effectiveness. Third, it is important to note that real in-vivo and

imaginal exposures deployed in PE therapy are typically much longer than 5 minutes,

sometimes exceeding an hour in length [17]. As such, usability issues that were not

raised in these short exposures may become visible over longer ones. Finally, heart rate

data were analyzed observationally and not subjected to standard psychophysiological

analysis methods such as intragroup t-tests, heart rate variability calculations, or

electrocardiographic (ECG) R-wave time interval analyses [1,6].
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FUTURE WORK

The findings presented in this pilot study serve as evidence of the usability of the

system and support previous research into the affordances of wearable technology in

clinical settings, specifically for heart rate sensing in physically and emotionally

stimulating situations. In seeking to fulfill one of the aims of the study, the pilot data

collected in this study and design implications discussed above will be employed as part

of the greater PECSS project to improve usability in the app. The protocol developed for

this study contributes several design elements for the deployment of Fitbits in the

PECSS system (e.g., on which wrist to wear the watch, how users should be informed on

the use of their heart rate data, etc.). As discussed previously, the major limitation of

this study is the lack of PTSD patients evaluating the usability of the PECSS mobile app

and Fitbit during PE treatment. Future work should explore how the mobile app’s UI

can be improved to increase usability for this specific population. Furthermore, previous

research has indicated a correlation between the tonality of speech in PTSD patients and

their response to trauma [25]. The PECSS system should be deployed in real imaginal

exposures to explore whether the audio metrics can capture this phenomenon.
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APPENDIX A

PRE-TRIAL SURVEY
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APPENDIX B

POST-TRIAL USABILITY SURVEY
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PARTICIPANT FEEDBACK

Participant
What frustrations did you have with using the app or

Fitbit during the trial?

What concerns (e.g. privacy) do

you have regarding the

collection and use of your heart

rate data by third parties?

1

1. I cannot actually see current heart rate data being

recorded (and there is no confirmation message like

"your Fitbit data is being recorded now"), so I'm unsure

if it actually tracks my heart rate;

2. Android system have a back button that can be

accidentally clicked during the trial and I'm nervous

about clicking on it (so I have to redo the trial again);

3. I don't like holding my phone while walking (I

naturally have a desire to play with my phone) or

jogging (hard to hold and hard to avoid the accidental

click on the screen).

4. It is weird that the timer is already started in the

imaginal exposure but I need to click on start imaginal

again (I feel I may forget to do this sometimes); it's

confusing.

As long as they don't have my

name on it, everything is fine.

2

I think that everything worked fine. I just think that the

"taps" could be simplified. Like sometimes I need to hit

start twice or stop twice or I need to pause and then

stop. There should just be like three buttons. Play,

pause and stop and then like a save button. Just very

intuitive with icons and I think that would be very

beneficial for people. Also, I am not sure how people set

up the Fitbit so that could be a cause for a different

answer on some of those questions.

I have no concerns

3 No frustrations No concerns

4 None None

5
Having to press the start button twice for imaginals felt

a bit redundant
None

6 None None

7 I did not have any frustrations I do not have any concerns

8

I had no frustrations with the Fitbit during the trial but

I do feel that the system might be confusing to those

unaware or unfamiliar with parts of the system, i.e.

what is the purpose of an imaginal or in vivo and how

will it help me?

Concerns regarding privacy are

that it is safely secured and not

used in a way that would be

harmful to the person.

9 None
I have no concern since it is just

heart rate data.
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APPENDIX C

TESTING PROTOCOL

Pre-trial Requirements

Participant is provided with a Fitbit Inspire 2 that is connected to a Fitbit account

to store/retrieve data.

Participant is provided with an Android phone with PECSS app installed

The phone’s screen timeout is set to 10 minutes. Screen rotation is

disabled.

The Fitbit has been entered into the PECSS database and linked to the

participant’s ID. This can be done through the dashboard if implemented,

otherwise, it can be done manually through the API.

An in-vivo homework assignment is assigned to them in the PECSS app

corresponding to the type of physical activity to be performed.

Briefing

Participant fills out pre-trial survey

[Researcher 1] - “Before we proceed, please fill out this anonymous pre-trial

survey.”

Participant is briefed on the study

[Researcher 1] - “Thank you for agreeing to participate in this study. I will briefly

explain the goals of this study and describe what we will be doing today. This

pilot study has the following goals: (1) to collect heart rate data from participants

in a variety of physically or mentally stimulating scenarios using Fitbits. (2)

Using this data and ground truth data from the PECSS mobile app, evaluate the

usability and learnability of Fitbits integrated into PE therapy. And (3) ensure the

use of Fitbits in the deployment of PECSS will be based on the findings of this

study to address patient needs.”

[Researcher 2] - “In today’s trial, you will complete two mock “in-vivo”

assignments and two mock “imaginal” assignments. You will hold a provided

smartphone in your hand and wear a Fitbit watch throughout these assignments.

In the first in-vivo, you will jog or walk around this area for 5 minutes. Once
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those 5 minutes are up, you will sit and watch a series of videos. Upon

completion, you will record your levels of emotional arousal in the app. After a

short break, you will repeat this process with the other in-vivo and imaginal

assignments.”

In-vivo: participants jog/walk for 5 minutes

Pre-test:

Before participant equips the Fitbit, Researcher 1 walks them around the route.

Researcher 1 selects an in-vivo assignment and instructs participant to hit “Start

New In Vivo exposure.”

Participant enters a “Subjective Unit of Exertion” 1-100 as the “Pre-SUD” and

starts the assignment in the PECSS app.

[Researcher 1] - “In the Pre Subjective Unit of Distress box, put your current level

of exertion. Then press ‘Start In Vivo’.”

Intratest:

Participant performs the activity - jogging or walking - for 5 minutes.

Participant is to wear the Fitbit on their non-dominant wrist

Participant is to hold the phone in their dominant hand during the activity

[Researcher 2] - counts the number of laps they complete in the 5 minutes

After 5 minutes, participant is instructed to answer the questions on peak and

post-SUD values in the app, then press “Complete In Vivo.”

Post-test:

Participant is instructed to watch the “serenity” video for 5 minutes.

Imaginal: watching video clips

Pre-test:

Participant is provided with two videos: “enjoyment” and “fear”

Participant is given headphones

Intratest:
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Participant presses “Record a New Imaginal Exposure” in the PECSS app and hit

start imaginal (twice).

Participant is instructed what to do next

[Researcher 1] - “You will now view a series of clips. Please pay attention and

wear headphones while doing so, and let me know when the video has finished. If

at any time you feel too uncomfortable, please let me know and we will stop the

exposure.”

Participant watches the video

The phone is sitting on the table in front of them

Once the video ends, participant presses “Stop imaginal” then “Complete

imaginal” in the app.

Participant is given a 5-minute break to do whatever they want. Afterward, the above

in-vivo and imaginal are repeated with the other activity & valence.

Post-trial

Participant fills out post-trial survey

[Researcher 1] - “Thank you for completing the trial and for participating in our

pilot study. No identifying information will be included in the report of this trial.

Please fill out this anonymous post-trial survey.”

Researcher 1 presses the “Upload data” button in the PECSS app.
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