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Today, clinicians have limited visibility into the quality of homework exercises that occur outside of the
clinical context; however, understanding patient performance in these exercises is essential for guiding patient-
centered care. To address this, we present the Clinician Homework Review (CHR), a unique measure and
interface that displays similarity ratings calculated using sensor-captured patient-generated data (sPGD; i.e.
heart rate, phone usage, ambient noise, and physical activity) for therapeutic exercises outside of the clinical
setting within the post-traumatic stress disorder (PTSD) treatment context. Through concept testing sessions
with 10 clinicians, we examine how sPGD can be leveraged to measure and investigate what contributes
to patient performance in a therapeutic exercise. We also share in-depth information regarding clinician
interpretation and planned use of data displayed by CHR in clinical sessions with patients. We frame our
results in the context of situated objectivity and propose the notion of "perceived reference weight," which
describes the significance attributed to contextualized data. In doing so, we support clinical decision-making
in PTSD therapy.
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1 INTRODUCTION
For the last century, the delivery of nearly all psychotherapies has been constrained by data
collected from patient self-report and clinician intuition [26, 33]. This paradigm is especially
problematic when the clinician is evaluating the patient’s between-session homework assignments
in real-world contexts. Clinical data collected with subjective and narrow methods functions as an
ever-present obstacle in the practice, training, and delivery of cognitive behavioral psychotherapies.
Clinicians who treat mental illness are in need of ecologically sensitive tools to collect objective
and comprehensive data to efficiently track, assess, and respond to mental health needs throughout
the treatment process [15, 31, 58]. Patients are in need of tools that provide feedback to optimize
their therapeutic exercises based on the objective and comprehensive data [28, 90]. Sensor-captured
patient-generated data (sPGD) can be used to address these issues.
Recent work has explored the utility of sensor-captured patient-generated data (sPGD) in the

context of identifying and treating a variety of mental health conditions [6, 27, 40, 52, 89, 91, 92].
Studies have leveraged mobile phones or wearables to collect sPGD such as phone usage, sleep
data, and physical activity throughout a patient’s day-to-day activities. From this data, studies have
been able to predict relapse [91], monitor behavioral patterns [89], and investigate how such data
might begin to be incorporated into the clinical setting [63, 64].

Our study extends this research by investigating how sPGD might be utilized by clinicians who
are treating veterans with PTSD in an intensive 9-day outpatient treatment program. A cornerstone
of this program is daily patient therapeutic homework and the decision-making that drives the
clinician’s assessment of how well the patient engaged during the homework session. Presently, the
clinician only has the patient’s report of how the session went and their own intuition about the
session report to drive the patient’s treatment agenda. We present a concept test of the Clinician
Homework Review (CHR), a unique measure and interface that supports clinical decision-making.
It displays similarity ratings for therapeutic exercises performed under the guidance of a clinician
and at home for homework. The CHR is calculated using sPGD of heart rate, phone usage, ambient
noise, and physical activity. Using the CHR prototype as a probe we address the following research
questions:

• How can we design an interface using sPGD to inform clinicians about patient engagement
during therapeutic exercises?

• How will clinicians perceive the CHR’s utility and usability?
• How can CHR be used to support clinical workflow?

To explore these questions, we host sessions with ten clinicians who specialize in providing
therapy to veterans with PTSD. During these sessions, we gain an understanding of their practice,
reveal the CHR concept through a conceptual video and interactive prototype, and gather feedback
from clinicians via semi-structured interviews and surveys. Our research makes the following
contributions. We provide one of the few shared interfaces that display sPGD to clinicians and
patients in the context of mental health [76] for PTSD. We examine how sPGD easily collected
through commodity smartphones and fitness trackers can be leveraged to measure and investigate
which features (e.g., heart rate, physical activity, ambient noise, and phone usage) directly contribute
to patient performance in a therapeutic exercise. We also share in-depth information regarding
clinician interpretation and planned use of data displayed by CHR in clinical sessions with patients.

Our paper is organized as follows. First, we provide necessary background information on PTSD
and the setting (i.e., therapy point of care) in which our research was conducted. We then review
related work regarding developments surrounding technology created for a specific cognitive
behavioral therapy (i.e., Prolonged Exposure [74]) and how sPGD has been used to infer mental
health and inform measurement-based care. We provide a detailed description of our methods,

Proc. ACM Hum.-Comput. Interact., Vol. 8, No. CSCW1, Article 149. Publication date: April 2024.



Using sPGD to Support Clinical Decision-making in PTSD Therapy 149:3

including a description of the CHR prototype. We organize our findings to reveal the current state
of evaluating homework exercises in therapy, how clinicians interpret sPGD as presented in the
CHR prototype, and how they would integrate this data into their clinical practice. We then share
design implications, discuss the notion of "situated objectivity" [63, 69] as it applies to sPGD in
CHR, and propose the notion of “perceived reference weight,” describing the significance attributed
to contextualized data. We conclude by identifying the limitations of our research and providing
ideas for future work.

2 BACKGROUND
2.1 Post-traumatic Stress Disorder and Treatment in Veterans
Post-traumatic stress disorder (PTSD) is a trauma- and stressor-related disorder characterized by
trauma re-experiencing (e.g. intrusive memories and nightmares); avoidance of trauma-related
situations, thoughts, and feelings; negative alterations in thoughts andmood; and hyper-arousal [23].
PTSD is a chronic condition marked by considerable distress and dysfunction [23] with many
comorbidities, including substance abuse [66], domestic violence [34], suicidal ideation, and medical
illnesses [41, 77, 85]. US veterans are disproportionately affected by PTSD as compared to the US
population, 16 percent to 6 percent respectively [65]. Approximately 20 percent of veterans of the
conflicts in Iraq and Afghanistan meet diagnostic criteria for PTSD [19, 97].
Recovery from PTSD is possible, but treatment is an intensive process [74]. Several pharma-

cological and psycho-therapeutic approaches have been used to treat PTSD [5, 74], yet, only 50
percent of veterans with PTSD seek care [67] and the treatment dropout rate can be as high as
68% [29]. The treatment with the best evidence for therapeutic efficacy is prolonged exposure
(PE) therapy [8, 74]. PE therapy is delivered by clinicians through outpatient, intensive outpatient,
and inpatient programs and requires guided work in the clinical setting as well as homework
assignments in real-world contexts. Unfortunately, access and utilization of PE is low [73, 82]. One
aspect of high-quality PE implementation is the significant volume of data exchanged between
the clinician and the patient about therapeutic exercise engagement. These exercises include: 1)
in-vivo exposure to real-world stimuli and situations that the patient usually avoids; and 2) imaginal
exposure via the patient’s narrative of their distressing trauma memories.

Our study focuses on utilizing sPGD for imaginal exposure exercises in an intensive outpatient
program (IOP) setting. In order to understand the design of our system, it is important to understand
the structure and expectations of the imaginal exposure exercises in this setting.

2.2 Imaginal Exposures in the IOP Setting
Our study is situated within a specific point-of-care setting at a nationally renowned mental
healthcare facility that offers a two-week intensive outpatient program (IOP) for veterans with
PTSD in the United States. The veterans receive PE therapy, the gold-standard treatment for
PTSD [20, 48, 95]. On the first day, veterans are introduced to the PE therapy process including key
tenants of therapy such as “subjective units of distress” (SUDs), a quantified, self-report measure to
indicate their level of arousal. SUD is a 0-100 measure, where “0” means no negative affect, “50”
means manageable stress, and “100” the maximum level of distress the patient has ever experienced,
which is typically the level of distress the individual experienced when the traumatic event was
experienced or witnessed. On their first day, veterans are also assigned to a cohort of veterans who
are also undergoing therapy and to a specific clinician that they stay with for the duration of the IOP.
During the next 9 days, veterans are on a fixed daily schedule that includes one-on-one PE therapy
with the clinician, group therapy with their cohort, and individual PE practice. Each morning
consists of an individual therapeutic session during which the patient revisits the traumatic event
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through imaginal exposure with the clinician. During these individual sessions, the clinician is
responsible for ensuring the patient is optimally engaged with imaginal exposure through the
use of instruction, modeling, and immediate and direct feedback. Accordingly, we constrain our
definition of patient engagement in this context to refer to the level of attention the patient is giving
to the therapeutic exercise they are performing. Between individual sessions and outside of the
clinical setting, veterans are expected to listen to the recording of the morning’s imaginal exposure.
They are instructed to record their pre-SUDs before the exposure and peak- and post-SUDs during
and after each imaginal practice on paper worksheets [24] or via a mobile application such as PE
Coach [44].

Best practices of imaginal exposure homework include sitting still in a quiet environment without
distractions, closing one’s eyes, and imagining the narrative as described in the recording and
for its entire duration. Clinicians will typically review the homework with patients in session
the following day and ask them to report their experience, SUDs levels, and how well they were
able to stay focused, still, and engaged. They may also periodically review progress over time
by visualizing progress in an Excel Sheet, having patients chart SUDs by hand in a graph, or by
pulling up homework sheets from various points in treatment together [24]. Patients are also given
self-report assessments throughout therapy such as the PHQ-9 [42], PCL-5 [9], and other depression
and PTSD measures, which are stored in the patient’s electronic medical record and used by the
clinician to assess progress. The clinician is tasked with evaluating the various types of patient
self-report to make decisions about the quality of the patient’s imaginal exposure homework as an
indicator of the patient’s ability to engage with their traumatic memories (i.e., therapeutic progress).

3 RELATEDWORK
In this section, we review related work in three relevant areas. First, we describe existing tech-
nologies for trauma-based care, highlighting patient performance. Then, we discuss how sPGD
has been used to infer mental health status. Finally, we share how sPGD has been leveraged for
measurement-based care.

3.1 Existing Technology to Support Patient-Performance in Trauma-Based Care
A variety of technologies have been researched and developed for trauma-based care. They work
either as standalone solutions that are self-contained programs with no therapist support, or sup-
portive solutions that are complementary support for conventional therapy. Due to the uniqueness
of psychotherapy, supportive solutions are optimal as they ensure therapeutic effectiveness by
working with clinicians to optimize and customize care. In PTSD assessment and treatment, there
are three main types of technological solutions: Internet-based treatments, virtual reality, and
mobile health (mHealth) applications. They share a promise to reduce barriers to care such as
PTSD-related avoidance symptoms, stigma, lack of proximal feedback and support, ambulation and
transportation difficulties [55, 84], and overall costs [39].
Internet-based or telehealth treatments are either standalone or supported. While standalone

telehealth is highly scalable with small to moderate effect in reducing PTSD symptoms [43, 83],
the focus is usually limited to education and skills-training modules [12, 94] and attrition rates are
higher than in-person [12, 94]. At the same time, standalone telehealth cannot allow clinicians to
monitor and address inadequate patient performance. On the other hand, supported telehealth is
found to be more cost-effective than traditional in-person treatment [57] while not diminishing its
effectiveness [1, 2, 51, 56, 99] or increasing attrition [86].

Virtual reality has been used in trauma-focused treatments to help patients engage in therapeutic
exposures with their traumatic memories, which are objectively safe yet avoided as if danger-
ous [81]. The efficacy of virtual reality exposure therapy has been found effective with veterans and
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civilians [22, 30]. However, the costs associated with obtaining the appropriate hardware, software,
and clinical training are currently prohibitive to most clinicians, thus limiting the scalability of
virtual reality as a means to enhance patient engagement [80].

mHealth applications have recently emerged as a more accessible means to enhance engagement
in trauma-focused therapies. The most downloaded standalone app is PTSD Coach, which is pre-
sented as a tool to assist in PTSD management with information and learning coping tools [45]. The
empirical evidence regarding its clinical utility is mixed, and the observed effect on PTSD symp-
toms reduction is small compared to conventional in-person treatment [32, 45, 53, 71]. Adjunctive
apps are designed to help the patient engage in a conventional treatment where the therapist is
tasked with monitoring and addressing patient engagement. The most downloaded adjunctive
app for PTSD therapy is PE Coach [72], which has no clinician-facing version. It consolidates
PE resources digitally in the patient’s own smartphone with functionalities of therapy session
recording, conducting in-app assessments, progress trackers, appointment reminders, and psy-
choeducation. Adjunctive apps remain an area ripe for innovation that goes beyond digitizing
paper forms that can improve the patient’s and therapist’s ability to monitor engagement (e.g.,
multi-sensor systems) [24, 76].
Despite efforts to create technologies to support trauma-focused treatments, few of them are

designed to integrate with clinical treatments [72]. With our design of CHR for PE therapy, we
aim to begin to address this gap by creating an interface for both clinicians and patients with
therapeutic effectiveness and patient accessibility in mind.

3.2 Inferring Mental Health Through Sensor-Captured Patient-Generated Data
Smartphone applications and wearable activity tracking devices have been used to collect a range of
sensor-captured patient-generated data (sPGD) in the context of mental health conditions including
schizophrenia [91], bipolar disorder [6, 11, 27, 52, 89], depression [11, 40, 92], binge eating [38, 88],
and PTSD [63, 64, 75]. Different forms and combinations of sPGD have been collected during
non-clinical activities to characterize current mental health status, predict future mental states, and
support care management. We review recent studies and their usage of sPGD in the paragraphs
below.

Mobile phone sensing systems have been used to accurately predict psychotic relapse in patients
with schizophrenia [91, 93]. Wang et al., [91] 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 clinical assessments.

Sensing systems for bipolar disorder such as MONARCA [6, 27] and MoodRhythm [52, 89] aim
to support patient self-care and mental illness management while providing relevant information
to clinicians. To do this, they collect sPGD, such as accelerometer readings, location, phone usage,
social activity, or physical activity. They combine this passive sPGD with self-report assessments of
mood [6, 27, 52, 89] or other factors, such as sleep, medication adherence, activity, warning signs,
cognitive problem, stress, and alcohol consumption [6, 27]. To track the depression dynamics in
college students, Wang et al. [92] use the symptom features that proxy the symptoms defined in
DSM-5 to predict whether they are depressed on a weekly basis. In an observational study [11],
Braund et al. used mobile GPS for extracting circadian rhythm and found this was associated with
social support and predicted changes in anxiety levels of patients with mood disorders including
bipolar and depression.
sPGD have also been used in eating disorders research [38, 88]. Juarascio et al. [38] collected

heart rate variability data using wrist sensors and emotional eating behavior reports to predict
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emotional eating episodes. In another study, a mobile app collected accelerometer readings, app
usage, calls, and ambient light to detect contextual triggers of binge eating episodes [88].
Researchers have used sPGD for both exploratory and real patient PTSD care management

with clinicians and patients. Ng et al. presented clinicians with wearable activity tracker data (e.g.,
sleep quality, calories burned) and asked them to imagine how this could be incorporated during
PTSD therapy sessions [63]. Patients with PTSD participating in an intensive treatment setting
were provided with Fitbits. Results indicate that veterans had distinct motivations to use the Fitbit
including enhanced self-awareness and social interaction support. In contrast, clinicians thought
that Fitbit data could help identify a relationship between PTSD symptom measures [63].
Our study builds upon prior research which has investigated the utility of sPGD for mental

health conditions, particularly in an intensive treatment setting for veterans with PTSD [63, 64].
In contrast with previous studies, we combine both mobile app sensor data and FitBit data from
at-home therapeutic homework exercises. To our knowledge, this is the first attempt to leverage
sPGD to inform clinicians’ sense-making of patient performance of therapeutic homework.

3.3 Utilizing Sensor-Captured Patient-Generated Data for Measurement-Based Care
In measurement-based care, clinicians utilize systematic tracking of symptoms and responses to
treatment to guide clinical decision-making [50]. In the case of trauma-based treatments such as
PE therapy, patients regularly provide self-report measures through the PCL-5, PHQ-9, and SUDs
to capture metrics regarding patient response to therapy [25, 47, 61]. Yet, the validity of self-report
is limited as it is inherently biased [26, 33]. Furthermore, in a recent study, Das Swain et al. [21]
demonstrated that in predicting mental wellness with passive sensing data, psychological signals,
such as language, better predicted self-reported anxiety and stress, whereas behavioral signals, such
as sleep, better predicted stressful arousal. As past research has noted, sPGD demonstrates promise
in contributing additional data from different perspectives to measurement-based care [63].

sPGD can be utilized to inform clinical decision-making from a perspective of situated objectiv-
ity [63, 69] and empower patients to take an active role in their own care [17]. The term, "situated
objectivity," concerns the fact that subjective data can be affected by the context in which it is
collected and interpreted by people with different backgrounds [69, 70, 87]. Prior research argues
that patient-generated data should be tracked and interpreted within its internal and external
contexts [63] to avoid potential bias. In this sense, clinicians can use sPGD to help their patients
recall the circumstances under which the data was collected and facilitate their conversations with
patients. This can drive clinical decision-making and patient-centered care.

There are a variety of potential benefits in incorporating sPGD intomeasurement-based treatment
for mental health. sPGD provides the foundation for scalable behavioral pattern recognition for
clinicians and patients [60]. It can enhance the continuity of care by providing transparency into
the patient’s life outside the clinic between clinical sessions with the patient’s data [62, 96]. It can
make health data more accessible [40, 63, 64] and identify trends in treatment [18, 63]. Furthermore,
patient-generated data has been found useful in establishing trust between patients and providers
and assisting patient-clinician communication at the point-of-care [54, 78] to build stronger patient-
clinician relationships [17]. In past studies, researchers also reported cases where both clinicians
and patients are aware of the benefits of sharing patient-generated data and willing to use it in the
treatment [68, 75, 88].

Yet, there are also a variety of perceived challenges in utilizing sPGD in the point-of-care setting.
First and foremost, interpretation [59, 68, 96] and utility [63, 64] of data by key stakeholders is a
concern. The volume and types of data may not seem directly relevant for clinical purposes and
may conflict with existing workflows [3]. For clinicians, patient-generated data in unfamiliar and
non-standard clinical formats can be challenging to use within the clinical setting [96]. Patients may
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misinterpret data or have unrealistic expectations which can lead to fixation, discouragement [63],
emotional triggering [59], or lead them to conclude they are not progressing adequately [17, 40].
For example, Ng et al. found that some veterans using Fitbit data in PTSD treatment felt the purpose
of collecting the data was unclear and did not trust that the data was meaningful [64]. Second, the
addition of supplementary health data can be time-consuming [18, 63, 79] and create new barriers
in the patient-clinician relationship [79]. Finally, research has highlighted issues of interoperability
with other key systems in the ecosystem (e.g. EHR) and concerns for data privacy [24, 60]. Patients
tend to withhold information that they perceive as personal or sensitive [78], and this may be
exacerbated in the context of mental health, particularly for insular groups such as veterans with
PTSD who have heightened privacy concerns [24].
To date, studies have examined perceptions, benefits, and challenges of the use of sPGD for

measurement-based care. However, none have yet introduced a prototype to elicit reactions from
clinicians on therapy-specific contexts (e.g., therapeutic homework). Our study bridges this gap by
conducting an in-depth investigation of how clinicians interpret and plan to utilize sPGD presented
by the CHR prototype in reviewing imaginal exposure sessions with patients with PTSD.

4 METHODS
In this section, we discuss the CHR prototype design, study design, recruitment and participants, and
data collection and analysis. The Institutional Review Board at the Georgia Institute of Technology
approved this research.

4.1 Design of the Clinician Homework Review
The design of Clinician Homework Review (CHR) dashboard is meant to support imaginal exposure
activities. The purpose of imaginal exposure is to activate and modify trauma-related fear structures
in order to break the cycle of fear activation and avoidance. Through imaginal exposure, patients
revisit the memories of the traumatic event by recounting them aloud in vivid detail with the
clinician during the clinical session. The patient’s homework is to listen to the recording of the
most recent session’s trauma narrative while sitting in a quiet place with no disruptions. The CHR
is a novel measure that compares and contrasts patient sensor data during clinician-led imaginal
exposure exercises and homework sessions (See Figure 1). The sensor data during the clinical
therapy sets the baseline for "patient engagement" since the clinician is actively working with the
patient to stay focused during this time.

In order to design the CHR, the first, sixth, and last authors hosted weekly workshops over the
course of 12 weeks to gather a variety of perspectives on what were the optimal sensor streams to be
gathered during imaginal session activities. The workshop was attended by members of the research
team that represent both the computing and clinical perspectives as well as other engineering and
design professionals at the Georgia Institute of Technology and Emory University. Exposure therapy
exercises were explained in detail by the sixth author, who is a practicing exposure therapy clinician.
The goal was to consider sensor data that could be gathered to correlate with 1) fear activation and
2) avoidant behavior during imaginal therapy. Since the goal was also to use commodity devices
that could be readily available. The Fitbit activity tracker was chosen to gather heart-rate data
which is correlated with physiological response during fear activation. The smartphone sensors
were used to capture avoidant behavior. Each week the sixth author would provide an anonymized
scenario of a patient’s struggles (e.g., avoidant behavior) to complete their imaginal homework.
Example challenges included walking or driving around, or listening to the trauma narrative while
doing housework (e.g., vacuuming the house) instead of sitting in a quiet place. The group would
utilize these scenarios to discuss how mobile phone sensors might be able to help record deviations
from best imaginal exposure practices. They did so to identify data that would suggest that the
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optimal homework practice was not occurring. For example, steady heart-rate data (indicating no
response to the trauma narrative) recording ambient noise (e.g., TV or vacuum cleaner) or utilizing
the GPS tracker (that would show the path they took during the homework) during homework
sessions. These ideas were debated and refined over time until the final version of the CHR sPDGs
were determined. The anonymized scenarios were also leveraged to create the "dummy data" to
ensure that the CHR visualizations were realistic. For example, it would be expected that the heart
rate data would be high at the beginning of a session and would level off by the end of the session
to indicate that the patient was habituating to the trauma narrative.
The final CHR concept was meant to fit into the IOP workflow. The clinician would ask the

patient to use a mobile application and FitBit to record their imaginal exposure. When the app is
turned on, various data streams including heart rate, physical activity, phone usage, and noise level
in the environment are collected to establish a baseline level of engagement for optimal therapeutic
progress Later, when the patient is ready to do their imaginal homework exercise, they turn on
the app, and it collects the same data streams that were collected during the in-person clinical
session. The app then compares the patient sensor data detected during the homework session to
the sensor measures recorded earlier in the clinical session. These measures will be displayed in the
CHR dashboard. Either before or during the clinical session the clinician can view the SPGD (i.e.,
comprehensive CHR score) and can use the data along with the patient self-report. This facilitates
clinical decision-making about the current status of the patient’s fear activation and avoidance as
to drive an improved patient-centered care plan. Measures include:

• A comprehensive CHR score to give a high-level similarity rating that compares engagement
during the clinical session to engagement during homework. This is an average of the scores
of all data streams collected.

• Scores and visualizations for each data stream collected.
• Averages from all sessions within each data stream.

To reiterate, CHR collects and displays comparative data regarding patient engagement in
imaginal exposure exercises throughout exposure therapy. Clinicians can use this data to inform
their clinical decision-making about the delivery of PE therapy and guide the patient to optimal
performance. The patient gets feedback on their performance that allows them to optimize the
next homework exercise. Patients then get additional information that confirms what they did
well and where they can improve. In short, the goal of CHR is to support clinician delivery of
patient-centered care.

The mid-visual and functional fidelity prototype of the CHR interface was designed using Figma
based on how patient imaginal exposure exercises are designed, assigned, and evaluated within
the prolonged exposure therapy [74]. Clinicians were able to view the same "dummy data" that
was built into the prototype and click through the prototype in the think-aloud exercise. We also
reflected the findings from a previous study [24]. The prototype design was iteratively improved
reflecting the feedback from our clinician co-author. The prototype is available at: [Link].
The overview page (see Figure 1a) of the prototype utilizes sensor data, as suggested in prior

work [24], to help clinicians assess patient’s practices outside of clinics. Based on that data, the
system calculates a score to indicate patients’ engagement during their homework, compared to
the scenarios under clinician guidance. By clicking into each data category, clinicians can further
review the data in detail and see their changes over time (e.g., Figure 1b shows how patients’ heart
rates compared to clinical practice throughout days), as well as a high-level summary of the data
(e.g., Figure 1b shows the statistics comparing patients’ heart rate data during homework and in
clinic). To look at specific data points, clinicians can click on the "latest" tag. This will present the
comparison of how data changes alongside the time on a minute scale (Figure 1c).
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(a) Overview page: similarity rat-
ings of collected data streams.

(b) Comparison of all sections:
heart rate.

(c) Latest session: noise level and
physical activity.

Fig. 1. CHR prototype dashboard.

4.2 Recruitment and Participants
We presented the CHR concept prototype to 10 clinicians and received their feedback. All clinicians
were employed by the same mental healthcare facility and elected to participate after receiving an
internal email sent on our behalf. Participants were compensated with a $20 Amazon gift card for
their time. Table 1 provides a summary of participant information. 70% of our participants were
female, which aligns with 69% of clinical psychologists workforce being female as of 2021 [4].

4.3 Data Collection
All concept test sessions were conducted by the first and third authors via video call lasting between
40 - 60 minutes. First, clinicians shared their experience collecting and evaluating patient self-
reports for imaginal exposure exercises throughout exposure therapy in a semi-structured interview.
Then, they were shown a short video explaining the CHR concept. Afterward, they participated in
a think-aloud session [35] with the interactive CHR prototype in which they reviewed the CHR
sensor-captured patient-generated data for an imaginary patient. This prototype did not contain
real patient data, and mock data was used to create tables and visualizations to ascertain if it was
“realistic.” They were asked to share initial impressions of the prototype as well as to determine
what CHR told them about the imaginal exposure exercise, which area(s) of the homework (if any)
required clinician attention and how, and the time frame of the available data. After concluding the
think-aloud tasks, clinicians were then asked about their experience interacting with the prototype
in a semi-structured interview. Clinicians were asked to explain the CHR concept in their own
words, how (if at all) they saw themselves using CHR as a part of their exposure therapy practice,
what data (if any) they believed patients should have access to, and when. Clinicians were also
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Table 1. Participant information from 10 clinicians. Expertise using technology (software and hardware) is
self-rated on a scale of 1 to 5, with 1 being the lowest and 5 being the highest. System Usability Scale (SUS)
score [13] is used to measure usability.

ID Clinical psychol-
ogy practice

Exposure ther-
apy practice

Rated ex-
pertise with
technology

Technology used in clinical practice SUS
Score

C1 (F) 7 (years) 3 (years) 4 e-Sense, PE Coach, Computer for tele-
health, Zoom, MS Office Programs, audio
recordings

87.5

C2 (F) 35 35 3 Computer, VR, Zoom, Mobile Apps, EMR,
Online Portal

77.5

C3 (M) 5 3 4 Laptop, smartphone, video calling, Youtube
videos, file sharing, audio recordings, Box
for file sharing,Quicktime for audio editing,
Zoom

97.5

C4 (F) 5 2 3 CBT Apps like PE Coach, OneDrive, Zoom,
EMR

82.5

C5 (F) 13 8 3 Zoom, Email 60
C6 (F) 13 11 3 EMR, e-Sense, VR, mobile apps, Youtube

goggles, Excel
62.5

C7 (M) 6 3 3 Video and audio recordings, Zoom, email,
EMR, Salesforce, OneDrive, e-Sense

50

C8 (F) 6 0.75 4 Mobile apps, electronic documents, video
recording, e-Sense

77.5

C9 (M) 8 8 4 e-Sense, mobile apps, video recordings 85
C10 (F) 20 20 4 Mobile apps, electronic forms, tablets, tele-

conferencing software
100

given an opportunity to provide open-ended feedback. Finally, they completed a system usability
survey to evaluate their experience with the prototype.

4.4 Data Analysis
All sessions were transcribed by a third-party service and analyzed line-by-line by the first author
utilizing thematic analysis [10]. An initial set of 10 deductive codes were generated utilizing key
findings from Evans et al. [24] and Ng et al. [63] (e.g. "Clinician and patient relationship," "Self-
Report," etc.) and another 10 inductive codes emerged from reviewing the transcripts (e.g. "Clinician
Knowledge of Outside World," "Data Access," etc.). After the initial codebook was developed, the
authors met as a group to review the codes and various samples presented by the first author. These
were then refined as the group reviewed portions of the transcripts. In this first round of coding,
the 20 codes were applied to the 10 transcripts 447 times by three authors, and two deductive
codes were removed for lack of relevance to the data via group discussion and deliberation. The
second and third rounds of coding were performed to further refine and apply the code book.
A total of 16 parent codes (e.g. "Self-report") and 24 child codes (e.g. "Self-report quality," "SUDs
calibration") were applied 869 times. In the final step of data analysis, the first author reviewed the
findings with two of the clinician participants who volunteered to verify that the interpretations
were representative of their experience. From this data analysis, the group found themes related to
current clinical practices in evaluating imaginal exposure exercises, interpretation and imagined
utilization of CHR, and possible barriers to the use of CHR.
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5 FINDINGS
We organize our findings into three sections. First, to establish a baseline for understanding, we
describe current practices in collecting and assessing self-reports, clinician workflow, and clinical
decision-making for imaginal exposure exercises in PE therapy. Next, we share findings regarding
clinician interpretation of the utility and usability of sPGD presented in the CHR prototype. Finally,
we describe how clinicians report they would utilize this information in the therapeutic setting.

5.1 The Reality of Conducting Imaginal Exposures in PE Therapy
Conducting imaginal exposures in PE therapy is a specific procedure that includes many small
clinical decisions informed by theory-driven case conceptualization [74]. However, we found
that in delivering patient-centered care, the clinician practice extends beyond the PE guideline.
Accordingly, it is essential that we describe how clinicians guide the imaginal exposure exercise in
session, what expectations they have for at-home practice, and how this practice is evaluated in
the following in-person clinical session. These insights can be especially valuable in guiding future
design iterations of the CHR.

5.1.1 Guiding Imaginal Exposure Exercise In Session. In each session, clinicians guide patients in
conducting an imaginal exposure exercise. These generally last 60 - 90 minutes, and the clinician
offers guidance throughout to help the patient effectively articulate a narrative of the traumatic
event with their eyes closed. They recommend that patients use a smartphone application (e.g. PE
Coach) to record the session while their phone is in airplane mode. Clinicians have patients share
their pre, peak, and post-exercise subjective units of distress (SUDs).

In early sessions, clinicians spend time instructing patients on how to calibrate their SUDs ratings.
Clinicians help patients set anchor points from 0 to 100 that patients and clinicians will use to
assess SUDs scores throughout therapy. Patients express what experiences would produce a 0 (no
negative affect), 50 (manageable stress), and 100 (the most distressed you’ve ever been). C1, C4,
and C10 explained that this is a highly individualized process and, subsequently, there is a lot of
variability in how patients use SUDs. Clinicians must use their intuition to interpret this type of
reporting and guide patients on how to best use SUD scoring. C1 explained:

"[In speaking with a patient I’d say], I noticed that you said you were about a 70 or 80 in
the imaginal exercise] but you didn’t seem like you were having a lot of physiological
response. Can you tell me a little about that? [Or maybe I have someone who under
reports] and they tell me they are at a 30 but I’m noticing they are sweating. I normalize
that this is something really different than they are used to doing and its not just about
noting SUDs at any given time but allowing themselves to experience those emotions."
(C1)

Clinicians look for emotional engagement with the imaginal exercise rather than avoidance of
the memory. This includes the cognitive part (e.g., "this is dangerous"), the behavioral part (e.g.,
an urge to leave the situation or look away), and the physiological part (e.g., an increase of HR).
They look for physiological reactions to the exercise such as sweating, flushed cheeks, breathing
more heavily, speaking more quickly, and changes in body language. Three clinicians also utilized
a device called eSense to measure galvanic skin response (GSR). Clinicians also seek to identify
avoidance or safety behaviors during the imaginal exposure which might appear as any number of
reactions as they are highly individualized but might include actions such as fidgeting, re-enacting,
wringing hands, or hiding their face. C8 shared:

"We’re doing the imaginal exposure and I notice that [the patient] hides their face. If
that’s the first time I see it, then usually once we are done with the exercise, I name
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that behavior and we talk about it as a safety behavior. I ask them why they did it. I
also would call it out during the exercise and ask them not to hide their face. And then
I know it’s a safety behavior they might engage in. I would follow up on it later [in
session and homework.]" (C8)

Clinicians rely on their intuition and ability to customize the PE therapy protocol to meet
unique patient needs. Clinicians shared several instances in which bending the protocol may occur.
Specifically, they discussed over-engagement, which is characterized by experiencing an acute level
of distress that impacts the patient’s orientation (person, place, and time) and ability to identify
their immediate environment is indeed safe. For example, clinicians may have patients open their
eyes during the imaginal to reduce engagement if they are over-aroused, allow patients to act out
memories, or even move around, if appropriate. C7 explained that clinicians who are well-versed
in PE therapy are able to do this effectively. They said:

"Sometimes you bend a little bit, especially a [clinician] who knows the protocol. They
might bend the protocol to achieve what’s necessary. So for example, the person is
very over-engaged in their session, and during the imaginal, you say, okay, just do this
with your eyes open and then we’ll get to the appropriate amount of engagement as
we go through the course of treatment." (C7)

Lastly, clinicians explained that the COVID-19 pandemic, which shifted their practice to fully
virtual sessions, meant that they would have less control over the in-session imaginal exposure
and potentially limited visibility into avoidance behaviors that could occur outside of the camera
screen. For example, they might not notice hands wringing or a leg shaking. However, C9 shared
that despite the limitations of telehealth, there is still more control if your therapist is involved and
guiding a patient than if they are not present at all.
Clinicians provide guidance in session for imaginal exposures for optimal practices which are

individualized on a patient-by-patient basis for that moment in time in their treatment whether
in-person or via telehealth.

5.1.2 Expectations for At-Home Imaginal Exposure Practice. Following each in-session imaginal
exposure exercise under clinician guidance, patients are expected to listen to the recording from
that day by themselves for homework. In the context of the intensive outpatient program (IOP),
the patients may complete this exercise while at the facility during downtime or later from their
hotel room. However, during the time of this study, veterans enrolled in the IOP were participating
virtually due to the COVID-19 pandemic. As such, they were completing their homework in their
normal home environment.
First and foremost, clinicians expressed that they expected veterans to listen to the imaginal

exposure for the full duration of the recording. Clinicians instruct patients to complete this exercise
in a private space with the phone in airplane mode. However, clinicians said this was more easily
controlled in an IOP setting and took a more pragmatic approach to homework expectations during
the pandemic. They noted that some exceptions might need to be made based on the patient’s
real-world situation. C7 explained that some patients might need to use headphones so that others
in the household did not hear the recording. C1, C3, and C4 said that finding a quiet, private space
at home might be challenging or impossible. C3 said:

"I pick my battles. Ideally, no, [the patient shouldn’t walk] but if that’s the only time
they can get away - they’ve got a busy house, quarantine, kids, working from home,
they don’t have a space that’s quiet to sit down and do this, I’d be okay with that. It’s
not ideal, right? I’d tell them, "lock yourself in the car" first, but if [walking] gets them
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to do [the homework] and assuming that it wasn’t avoidance...getting them to engage
is the priority." (C3)

Clinicians also instruct patients to note their pre-, peak, and post-SUDs just as they would
in session. Patients may use a paper worksheet, a fillable PDF that can be sent virtually to the
clinician, or PE Coach to note their SUDs. C2 said that compliance on filling out the SUDs measures
for homework was probably about 50/50 and only because they emphasized the importance and
actively used them in session. If a patient forgot, C2 allowed the patient to fill them out retroactively
at the beginning of the session. In contrast, C6 explained that they didn’t place much emphasis
on completing SUDs measures for homework and rarely saw worksheets as they had in the clinic
before the pandemic.

Clinicians aim to have patients complete their imaginal exposure at home as similarly as possible
to the imaginal exposure completed in a clinical session. However, they have a realistic understand-
ing of what this might look like and adapt their expectations accordingly so long as the patient is
engaging with the memory.

5.1.3 Evaluating Imaginal Exposure Homework. Clinicians expressed a sense of underlying trust in
the clinician-patient relationship. They predominantly believed their patients regarding whether
or not they had completed the homework exercise and to what degree. Generally, clinicians felt
homework compliance was high, and as C4 and C5 pointed out, patients are forthcoming if they
have not completed it. On occasion, a patient may not be honest about homework compliance but
this becomes obvious quickly. C3 explained that patients are not able to easily lie about engaging
in the exercise. C3 said:

"[If they haven’t done the homework and say they have,] there’s a lack of depth. They
can’t really talk about it, right? It’s like when someone’s lying about something, it’s
either very shallow or overly detailed in sort of the wrong way." (C3)

Clinicians engage patients in in-depth conversations around the homework to better understand
and tailor the patient experience. Often, clinicians use SUDs as a way to initiate conversation
around homework. They probe for additional information and seek descriptive language to explain
when, where, and for how long they engaged in the imaginal homework exercise. They ask the
patient about any avoidance or safety behaviors that may have taken place, particularly those that
were identified in previous sessions. C1 noted that other avoidance behaviors may exist, but it can
be difficult for a patient to identify these alone as they may be habitual actions. Clinicians also
prompt patients to answer questions regarding the effort it took to engage in homework and what
has changed since the last time they performed the exercise. These questions help the clinician
understand the patient’s progress and how to continuously shape optimal practice. C10 explained
that engagement in imaginal homework early on may look different than later in the program; they
may allow a patient to act out a memory (e.g. holding up an imaginary gun) during the imaginal
early on to increase engagement.

"In early sessions, sometimes people act out parts of the memory and that can be a
sign of engagement, but as a therapist, I would also be talking with them about doing
that less over the sessions...staying with the memory and re-experiencing but not
re-enacting. It depends where we are in the sessions whether that’s a good or bad
thing." (C10)

Adherence to a strict homework regimen is not how the interviewed clinicians practiced PE
therapy for imaginal homework exercises. Instead, the clinicians seek to better understand the expe-
rience of the patient by gathering self-reports, tailoring the treatment accordingly, and continually
evaluating the patient’s habituation to and progress in therapy.
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5.2 Interpreting sPGD in the CHR Interface
Next, we share findings regarding clinician interpretation of the utility and usability of CHR proto-
type with sPGD data streams and visualizations. We report general feedback clinicians provided on
the prototype’s utility and usability. This is followed by an in-depth analysis of each data stream
collected including heart rate, phone usage, physical activity, and noise level.

5.2.1 General Utility and Usability. Overall, clinicians found the CHR prototype to be useful and
usable for informing their PE therapy practice for imaginal homework exercises. After interacting
with the prototype, all ten clinicians filled out a survey to provide a system usability rating (see
Table 1). On average, the CHR prototype received a SUS score of 78, with seven clinicians providing
a score of 77.5 to 100. Three clinicians provided a score between 50 - 62.5. All three individuals
who rated the CHR at this lower level also rated their expertise with technology at a 3 (out of 5).
Those who rated their expertise at a 4 (out of 5) tended to provide higher scores, suggesting CHR
may be a more attractive concept to clinicians with more technological expertise.
Clinicians unanimously understood the CHR concept correctly and were able to articulate its

purpose and functionality at a high level in their own words. Before clicking into the individual
data streams, they understood that the rings represented a similarity rating and that the number in
the center of the rings provided an average of all data streams. Clinicians identified two areas that
presented a challenge in interpreting the data. First, they wondered what an ideal and/or realistic
similarity rating was. Second, they were unsure of what the individual data streams might entail
but were able to bridge this gap in knowledge once they interacted with the prototype over time.

About half of the clinicians indicated that visualizing patient habituation (e.g. reductions in SUDs
from session to session) to therapy over time might be more useful than general averages.

5.2.2 Heart Rate. Clinicians shared that heart rate provided useful information regarding patient
performance in homework. Six of ten clinicians felt they would address heart rate with the patient
while one stated they would use it for their own knowledge. They felt collecting comparative heart
rate data over the course of all sessions could potentially demonstrate the body’s physiological
response to PE therapy and demonstrate progress over time. In reading the interface, most clinicians
focused on the heart rate activity comparison graph showing heart rate (bpm) against the time
of the imaginal exposure exercise. C3, C6, and C7 articulated that when reading the graph, they
were looking for similarities in heart rate peaks around the same points in time to determine
patient performance. C6 shared that heart rate would be a useful indicator for her as a clinician to
determine habituation and would inform how she shaped therapy, but that she would not discuss
this with a patient from session to session. In contrast, C9 felt this was the only piece of the CHR
prototype that they would continually visit with the patient as it was singularly telling in terms
of demonstrating habituation. C4 felt similarly and said that heart rate data could be particularly
useful visualization for patients who are struggling to engage in treatment.

"Heart rate can be one indicator of how emotionally engaged they are, especially if
this is a patient that we’re seeing a lot of avoidance and that they’re having trouble
emotionally engaging with the memory after we’ve done a few repetitions." (C4)

Clinicians did question what heart rate might look like in real patients and how this might
change their view on the utility of the data stream. C1, C2, and C7 questioned what heart rate
might be able to show in terms of patient performance. C1 questioned:

"[For homework the heart rate data is] a little bit lower, so that looks theoretical but
it’s a good theory [of what could happen]." (C2)

C3 questioned whether the Fitbit would provide high enough quality data to conduct heart rate
variability analysis, though, they noted this was likely outside of the concern of an average clinician.
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C8, C10, and C7 acknowledged that heart rate had some utility but would prefer a galvanic skin
response (GSR) data stream.

5.2.3 Phone Usage. Clinicians were able to easily interpret the amount of calls, number of contacts,
and time spent calling, texting, and utilizing apps. In our prototype, we displayed this data to
demonstrate the patient was engaging in all of these behaviors during homework. Perhaps unsur-
prisingly, nine of ten clinicians stated they would use this data stream as part of their practice. C4
and C9 explained that they imagined this data would be particularly helpful early on in treatment
as they could catch and correct it early. C1 believed collecting and visualizing this data could open
doors to behaviors not previously detected by the patient. He said:

"Sometimes I think a call or a text comes in and they don’t think about it; it’s just kind
of natural to [respond]. And so that would be kind of a learned habit that we can talk
more about and work on not engaging [with calls or texts] with when they’re doing
the homework. I think some of this data is information that maybe they wouldn’t talk
to you about maybe when you’re asking about how their homework went." (C1)

However, six clinicians were confused about the functionality of the phone usage data stream.
All six assumed the phone would be in airplane mode as is standard in their current recommended
instructions for imaginal homework exercises in-session and for homework (even when using an
application like PE Coach). As a result, they supposed that the patient had not complied with that
request. C1 and C7 also questioned where the indicators for a paused recording were on the graph
given that phone calls had taken place. C7 thought that perhaps it also picked up apps running in
the background of the phone rather than those in active use. C3, C7, and C10 questioned whether
or not phone usage included usage of the CHR mobile application itself. C3 shared a statement that
demonstrates this confusion in interpreting the similarity score and data stream details:

Phone usage would be a big one [for my attention] if [it] was high. If similarity, I guess,
was low, that would be a big concern for me. (C3)

While phone usage received a strong reaction from clinicians, interpretation was variable and
clinicians struggled to understand what phone usage during the imaginal really meant.

5.2.4 Physical Activity. Seven of ten clinicians indicated that they found physical activity to be a
useful source of information for patient performance. C1, C2, C6, C7, C8, and C10 indicated that
this could provide some additional context to homework performance. It might show that a patient
was engaging in avoidance behaviors. C1 said:

"Walking for a few minutes might mean that they were also engaging in other things
like chores or things around the house." (C1)

However, C3, C6, and C7 explained that while physical activity was not ideal, it might be the
only way that a patient was able to complete the homework. C3 and C6 said that walking might be
okay, especially early on in therapy, so long as it was not avoidance behavior. Clinicians stated that
walking was preferable to driving as they should be devoting their attention to the homework to
properly engage. C7 said:

"I have had patients say, ‘I went on a walk and I listened to my imaginal.’ And I’m
like, ‘I would prefer that you did not do that.’ But I do also feel like sometimes that
may be a thing that comes up, especially with COVID and people working from home,
[sometimes] there no other place." (C7)

After reviewing this data stream, five clinicians asked if it was possible to see smaller movements
they typically address (e.g. fidgeting, wringing hands, shaking legs). C4 and C6 initially mistook
the physical activity graph to depict data representing these smaller movements. C4 said:
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Within sessions [I] will talk with patients about how much they’re fidgeting,if I notice
a leg shaking, if I notice they’re covering their face or moving their hands a lot, fixing
their hair a lot. So this is really nice that this tracks it. And even within session, patients
don’t always know in session how much they’re moving around. They’re so in the
imaginal that unless I point it out to them, they don’t know, so this would be a really
nice way to have some objective data saying, ‘look, you’re moving around quite a bit.
What’s going on?’ We really want your activity level to be pretty low. We want you
sitting still, hands on your lap. I think that could facilitate a conversation about what’s
happening in session, but then also having a peek into what’s going on during their
homework session, too." (C4)

Clinicians did find some utility in physical activity but noted that movement may be okay for
some patients, especially early on. Several clinicians desired the ability to see smaller movements.

5.2.5 Noise Level. Noise level in the environment received mixed reviews from clinicians. Six
stated that they found the data stream useful but noted it had less utility than other data streams
collected. C1, C3, C4, and C10 explained that they would assume the noise levels in the homework
environment would almost certainly be higher than in the clinical environment, which is abnormally
quiet. C10 said that they expected a higher noise level, particularly in earlier sessions as the patient
was acclimating to best practices in PE therapy. C1 and C9 pointed out that noise levels could be
especially relevant for telehealth as it might help manage the clinicians’ expectations around what
was realistic for both the imaginal exercise completed under their guidance and for homework. C9
said:

"Noise levels is a cool one because you would expect not to have any noise problems
inside a therapist’s office. This is interesting to think about in terms of telehealth. So
you know, now that we do so much over telehealth, I guess we’ll see a lot less controlled
in-session things [like noises in the background]. But I’d still expect more control if
your therapist is actually watching you [than for homework]." (C9)

Seven of ten clinicians had some confusion about the utility and functionality of noise levels.
C2, C6, C7, C8, and C9 struggled to understand what noises the sensor stream was detecting; was
it the recording or just ambient noise? How did it work if the patient was wearing headphones?
What happens if there is a loud noise on the street while the data is being collected? C1 raised a
concern of particular relevance to veterans who have a heightened sense of privacy concerns. He
expressed confusion over how the app collected noise, in what format, if it was associated with
the patient name, and how it was stored. C6 and C7 questioned what an optimal noise level really
was inside and outside of the clinical setting. C5 and C6 weren’t sure how to interpret a similarity
rating between the imaginal exposures. C5 said:

"I’m thinking about what information I don’t have that could be the attribution for the
higher level of noise during homework versus in the PE session. But either way, so
what? I really don’t know what to draw from that." (C5)

While noise levels could offer some insights into patient performance, clinicians stated that they
might already expect a difference in noise levels. Furthermore, they had several questions regarding
the functionality of noise levels that required clarification.

5.3 Integrating CHR sPGD into the Review of Imaginal Exposure Homework
Here we describe how clinicians would address the sPGD data presented by the CHR prototype in
therapy. We also discuss clinician perspectives on patient data access and barriers to use.
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5.3.1 Providing Feedback to Patients. Clinicians indicated that they would utilize the data presented
by CHR in conjunction with their already existing processes for evaluation such as SUDs, PCL-5,
verbal reports, and clinician intuition. C2 said:

"If their SUDs aren’t going down, if they don’t seem to be making improvement, I’m
going to look at this and I’m going to say, I think this is why. I think you’re not really
engaged in your imaginal exposure, you’re doing other things, so that’s why it’s not
getting better. So just use it as another bit of data." (C2)

The majority of the clinicians said they would integrate CHR data into their already existing
flow for evaluating homework exercises. They would ask general questions about how the patient
felt the homework went, what changes they might have noticed, and if there were any distractions.
By asking these open-ended questions, they would allow the patient to respond with or without
the data or go through the data together and discuss the best way to move forward. C10 shared:

"I would probably start with a more open-ended question about how did they feel like
their homework went. And if they didn’t bring up that they were distracted and doing
other things on their phone while they were supposed to be listening, then I would
say, oh, well, in looking through CHR, it looks like there were some interruptions
during your exposure. Let’s talk about that. What’s going on? Why were you getting
calls, and then, getting more specific? And from looking at all that, I wouldn’t want to
nitpick 20 different things with the patient. I would kind of try to put it under, if it’s
appropriate to put it under one umbrella of, let’s find a quiet place next time where
you can be by yourself and not interrupted, you know, turn off the getting calls and
getting notifications while you’re doing this. And you know, set in giving some more
specific instruction in how to make a quiet place where they can focus just on doing
their imaginal exposure." (C10)

However, there was a sense among four clinicians that using this data could introduce the risk
of a patient feeling criticized. While they felt the data could be useful, discussing it with a patient
has to be a balance between providing useful feedback and ensuring engagement. This would have
to be determined on a patient-by-patient basis. C9 explained:

"I do think that one downside to this could be that we don’t want to be like ’Hey, you
were walking around during your imaginal!’ We don’t want to wag our fingers at
patients. But we do want to make sure they’re engaged. So we need to balance those
two things." (C9)

Clinicians indicated that many of the sensor streams would be best addressed early on in
treatment, particularly when the patient was more likely to engage in some of these distractions
and when they were still in the learning phase. Afterward, clinicians envisioned that CHR, or parts
of it (e.g. heart rate) could be visited periodically.

5.3.2 Data Access. There was variability in opinions surrounding data access. Clinicians had
distinct opinions on what data they would allow patients to see and when. Three clinicians (C1, C2,
C3) believed patients should gain access to all of their CHR data immediately after finishing the
exercise at home. That way, they could review it and bring it into the session ready to discuss it.
Half of the clinicians (C4, C6, C7, C9, and C10) believe that patients should gain access to all of their
CHR but only once they are in-session with the clinician. They worried that patients might not
understand how to interpret the data or might fixate on it without clinician guidance. C8 believed
that patients should have access to all of their data but when should be determined by the needs of
the patient. They said:
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"If someone is very prone to worry or rumination that might not be someone that I
would give access to right away. I don’t think it would be harmful; I just think that it
could be something that they look at and then really think about a lot, and it might
take away from the main work, which is just doing the imaginal exposure." (C8)

The only clinician who did not believe patients should have access to all of their data was C5.
She shared that they would share data only if it was noteworthy. She said:

"If I’m reviewing the data and there is nothing in particular that jumps out at me, I’m
not sure I would find a clinical reason to share it with the patient. But I might do that
if there’s something that I want to talk about with the patient." (C5)

In general, clinicians believed patients should have access to all of their CHR data, but when they
ought to receive access varied.

5.3.3 Barriers to Use. A variety of barriers arose in our conversations with clinicians. First, and
perhaps most obvious, is the time burden of sPGD integration. It is one more demand on top of an
already demanding therapeutic process. C7 said:

"I don’t know is [this] a discussion that takes two minutes? Or is [it] a discussion that’s
now all of a sudden taking 30 minutes and pulling away [from the rest of the session]?"
(C7)

Furthermore, as insinuated in the data access section, clinicians are not confident that patients
will be able to interpret this data on their own. C3 expressed:

"Patients might not know what to do with all this information." (C3)
Concerns about data privacy, particularly for the veteran population, were mentioned by three

clinicians. They worried that this technology might feel overly intrusive and that veterans might
have concerns over what was collected, how it was stored, and for how long. C1 said:

"[The veteran] population is even more sensitive to privacy concerns, so they would
probably want to know a little bit more about, you know, what is recorded as far as
sound [for example]." (C1)

There was also concern from one clinician regarding how data collection through the phone and
FitBit might be cost-prohibitive for some patients. C1 questioned how the volume of data collected
might not align with what their smartphone plans allow.

6 DISCUSSION
Through our investigation of the CHR prototype dashboard, for supporting clinical decision-making,
we contribute to the growing body of literature that examines the use of sensor-captured patient-
generated data (sPGD) for clinical mental health [7, 27, 38, 88, 89, 91, 93]. Previous research has
investigated the usefulness of incorporating passive mobile sensing systems [7, 11, 27, 89, 91, 93]
and wearable devices [64, 92] to measure physical activity, phone usage, sleep quality, and more to
indirectly assess mental health conditions. In measurement-based care, these practices have been
shown to improve patient-clinician communication and establish greater levels of trust [54, 78]. Ng
et al.’s application of FitBit tracking data to intensive trauma-based care for veterans with PTSD
suggests that passive sensing systems can improve patient self-monitoring habits [64]; however,
when examining reasons for non-use, veterans shared that they did not see a clear connection
between the FitBit tracking and its relevance to therapy goals. Similarly, West et al. [96] pointed
out the misalignment of objectives as one of the barriers for clinicians in using patient-generated
data in clinical settings. In the design of CHR, we extend the research of the application of sPGD in
clinical mental health by directly measuring imaginal exposure exercises. Thus, we make explicit
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connections between sPGD and therapy practice. In presenting our CHR concept through an
interactive prototype, we also gather specific feedback from clinicians about how they might use
such data. This contributes to a growing literature on clinical decision-making in situ. It reveals how
visualizing such data can help give clinicians insights into treatment trajectory [76] and patient
outcomes [96]
The use of sPGD is one of many efforts to include additional perspectives in creating a more

holistic understanding of mental health status for veterans with PTSD in clinical therapy [7, 24,
64, 75]. This effort echoes previous findings that consider PGD or self-tracking data as context
boundary negotiating artifacts [46] by which patients’ life expertise and clinicians’ expertise in
clinical practice are mediated [18]. The automated nature of sPGD [16] requires minimal patient
engagement and has thus been considered to be more objective than patient self-report. However, as
Ng et al. point out while sPGD is free from some of the biases of self-report, it is not fully objective
[63]. Instead, they suggest that it should be viewed as “situated objectivity” [69] which combines
the notion of 1) “mechanical objectivity” in which sensor data creates a frame of reference for
interpreting self-tracking information and 2) “trained judgment” in which experts are relied upon
for contextualization of knowledge formation. They highlight how clinicians play a critical role in
reframing and refocusing data interpretation for patients [63]. The current findings highlight this
interplay. It shows that a patient’s imaginal exposure and SUD ratings are highly individualized and
require a clinician’s interpretation within the temporal resolution of the PE intensive outpatient
program (e.g. day 1 versus day 9). Clinicians adapt the PE therapy protocol to the patient’s progress
or setbacks during the nine-day stay. Thus, clinicians expressed an interest in leveraging multiple
streams of sPGD (e.g., physical activity, noise level) as contextual information to better understand
patients’ self-reported imaginal exposure homework practice. This study demonstrates a use case
for "situated objectivity" by showing how the CHR’s multiple streams of sPGD help the clinician to
contextualize the patient’s self-report and to guide the next steps in the therapy. Still, depending on
different scenarios (e.g., making sense of sensor-detected noise data), more contextual information
(e.g., location, presence of others) might be needed to assist the clinician in the interpretation of
the data.

Since figuring out a patient’s avoidance behaviors during imaginal exposure exercises is a crucial
part of Prolonged Exposure (PE) therapy [74], we speculate that CHR can lead to a more holistic
understanding of patient performance. This may help facilitate discussions between clinicians and
patients and drive patient engagement. Furthermore, adding a patient-facing homework review
dashboard might improve patient accountability [17, 18] and sense-making about the PE homework
since they would now have objective contextual, behavioral, and physiological data at their disposal.
This suggests that future research should investigate the impact of collecting and communicating
about sPGD in this context of patient-provider collaboration in PE with studies involving both
providers and patients.

In considering the interpretation of sPGD for clinical decision-making, it is crucial to consider the
experience level of the clinician. Our study interviewed PE practitioners whose extensive experience
enables them to anticipate the needs of patients and make clinical decisions that individualize the
practice of PE therapy to meet those needs. Individual clinician practices may then be reflected in
the sPGD collected for each patient. While our study focused on the individual patient, aggregate
forms of sPGD from multiple patients will require additional investigation to uncover meaningful
patterns. Conversely, novice clinicians may require more support than what is currently presented
when interpreting CHR data. As pointed out by one of our expert clinicians, it is possible that
a patient’s at-home practice may outperform the clinician-led session when the clinician is a
novice. While this is an edge case, the current design of CHR assumes that the patient performs
their therapeutic activity better under the guidance of a clinician. Considering the skill of the
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individual interpreting the data leads us to an extension of situated objectivity. Specifically, the
latter takes into account the non-systematic way in which experts contextualize self-tracking data.
Thus, "perceived reference weight" describes the significance attributed to contextualized data for
making clinical decisions based on sPGD. For clinicians, when expertise is high and self-report is
consistent, the reference weight of self-tracking data is low, acting as a supplemental source to
inform decision-making. When expertise is low and self-report is unreliable, the reference weight
of self-tracking data is high, leading the data to be a more influential source for discussion.

6.1 Design Implications
We have identified several design implications useful for future designs that utilize sPGD to
measure patient performance in shared interfaces to support clinical decision-making and patient
engagement.

6.1.1 CHR Validation and Extension. Current practices of conducting and reviewing Imaginal
Exposure therapy point to ways in which the CHR concept is valid, but also to new features. As
clinicians already utilize mHealth technology (e.g., PE Coach) to assist PE therapies, CHR pushes
this practice forward by making it a tool that supports telehealth sessions, allowing clinicians
to easily access patient behavior. CHR also facilitates comparing data streams between patients’
homework and in-session engagement (i.e., adhering to PE best practices such as sitting quietly
while listening to their trauma narrative recording).

Additionally, the concept of CHR facilitates clinicians’ interpretation of patients’ data (i.e., sPGD
and SUDs) in a situated context. In this sense, future tools should first support forming a mutual
understanding and calibrating patients’ data. CHRmay be extended to provide the charts visualizing
both sPGD and self-reported pre, peak, and post-SUDs for this purpose. To allow both clinicians and
patients to review the data, a tool might incorporate a Patient Homework Review (PHR) interface.
PHR would be able to support patients by providing them with access to their sPGD, following the
personalized decision about when and what data stream would be made available to the patients.
As reported in the findings, clinicians spend time instructing patients on how to calibrate their
SUDs ratings. Integrating sPGD in PHR interface might support this practice.
By adding rich contextual information to patients’ data (e.g., duration of homework, location),

the design of such tools could enable clinicians to identify a patient’s avoidance behaviors. This
may require future designs to include different features (e.g., visualizations, filtering, comparisons)
that allow clinicians and patients to make sense of their data. With the help of these new features,
patients may be empowered to bring aspects of their practice that they haven’t mastered and
clinicians can better tailor treatment to each patient’s specific needs.

6.1.2 Facilitate Customization. Clinicians demonstrated distinct preferences for specific data
streams, data access, and how they would approach the use of this data in session with patients.
These distinct preferences are closely related to the workflow of clinicians and must be considered
in designing clinician interfaces that support reviewing clinical homework and making clinical
decisions. This relates to previous studies [14, 37, 49, 98] that highlight the lack of user-centered
design approaches as one of the main obstacles in the adoption of clinical decision support systems
in the field. Clinicians did not adopt the systems when they felt that the systems fit poorly into
the clinical workflow and hamper their expertise. Therefore, future interfaces should be designed
to accommodate clinicians’ distinct preferences in their practices. We suggest future interfaces to
allow clinicians to customize their own dashboards (e.g., choose preferred data streams) as well
as patient access to data. The clinicians were very clear that patient access would be based on
individual patient profiles; the implication was that uncurated data streams could have a negative
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implication on some patients’ treatment performance. Likewise, some clinicians might be given the
option between multiple physiological data streams (e.g., heart rate or GSR).

6.1.3 Develop Contextualized Training Material. Regardless of the expertise of clinicians, there are
barriers to incorporating sPGD into their workflow or clinical practices. Echoing what has been
discussed in previous studies on the use of PGD in clinical practice [18, 68, 78, 96], our clinicians
also had concerns about having limited time to incorporate sPGD into their workflow. In addition,
clinicians can face challenges while trying to integrate a novel and potentially useful datastream
that they are not already familiar with [68, 96]. For example, seven out of ten participants were
confused about the functionality of ambient noise level. Designing technology to support highly
manualized psychotherapy like PE [25], it is recommended to work closely with clinicians to
develop instructional materials with concrete use cases with detailed settings and clear guidelines
on when and how to use each data stream during clinical conversations.

6.1.4 Identify What Data is Collected and Stored. Activities like imaginal exposures (i.e., trauma
narratives) are deeply personal. Clinicians expressed concern over the storage of this data and the
need to protect patient privacy. Past studies have also highlighted legal liability from the storage
of such data [24]. Future designs should avoid storing personal health information when possible
and abstract to sPGD data points only. For example, rather than storing the audio content, sPGD
stores only the decibel levels. Furthermore, clear guidelines and policies should be displayed for
both clinicians and patients. Patients should also have the opportunity to decline transmission of
the data from any homework session recorded to protect their privacy.

6.1.5 Leverage Current Work Practices. Existing technologies affected clinician interpretation of
sPGD data. First, due to the functionality of PE Coach, clinicians expected that patients would
be able to utilize CHR in airplane mode. This is not the case but did impact the interpretation of
data and the instruction clinicians said they would provide to patients. Second, three clinicians
used eSense to measure GSR. As such, clinicians felt heart rate was less precise than the data they
were accustomed to using. Future designs could consider these existing workflows and incorporate
clinician preferences.

7 LIMITATIONS AND FUTUREWORK
Our CHR concept was designed with clinicians who receive state-of-the-art Prolonged Exposure
therapy training. It also assumes that patients are attending therapy at the intensive outpatient
program where they also are provided housing at a nearby hotel. This also assumes that patients
have access to a smartphone and have free wifi. This may not be the case for patients who are
doing therapy in their communities. Future research might consider how to reduce this barrier to
access. It would also be interesting to determine how novice clinicians use sPGD. How might their
interpretations of the data and perceived use differ from the expert clinicians enrolled in this study?

We concocted "dummy data" using the approach used in previous works [36, 37]. While we did
so in co-designed sessions with an expert clinician it still may not represent real patient data. Real
patients’ data might reveal different patterns from what we derived (e.g., patients’ data during a
trip might be significantly different from normal life), which might pose challenges for the current
visualizations. Future researchers may want to experiment with different design directions (e.g.,
allowing patients to annotate their data) to facilitate patient sense-making and patient-centered
discussions. Future work should also determine how clinician usage of sPGD streams varies from
patient to patient and if we can learn meaningful patterns from cohorts of patients. For example,
how might sPGD collected in-session vary between patients that have combat trauma versus
military sexual trauma? Is it possible to predict when habituation will occur among sub-populations
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of veterans? And how will patients interpret and react to the use of this data in therapy? Finally,
future research should explore how CHR might be utilized in the context of patient engagement
and empowerment in therapy.

8 CONCLUSION
Clinician intuition and self-report are fundamental to the delivery of psychotherapies. Our results
show that technologies such as the CHR can be useful in situ. They highlight how sPGD from
commodity devices can be integrated within a manualized PTSD therapy. Also, that clinicians can
use this data to compare patient performance between in-clinic and homework sessions; and to
gauge adherence to therapeutic best practices. They reveal the usefulness and challenges of using
CHR during homework review with the patient. In sum, our findings suggest that clinicians can
leverage sPGD interfaces to support their workflow, and decision-making and enhance patient-
centered mental health progress.
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A APPENDICES
A.1 Interview / think aloud protocol
A.1.1 Introduction.
Hi [PARTICIPANT NAME], thank you very much for joining us and for participating in our

study! My name is [NAME]. I am joined by my colleague, [NAME] who will be taking notes during
this session.

Today, I will be taking you through an exercise with a dashboard that displays a new technology
to assist clinicians as they guide patients through exposure therapy. In our session today we will
ask a few questions, show you a short video about a new technology, and then have you use a
prototype of the technology. We will finish the session by having you answer some questions about
your experience with the prototype.

Before we jump into things, I want to remind you of your rights as a participant. Your participation
is anonymous. You do not need to answer any questions you do not want to or participate in any
tasks you do not want to. If at any time you decide you no longer want to participate, please let me
know and we will discontinue the session immediately.

Do you have any questions about the session before we get started?
Do you mind if we record this session?

A.1.2 Baseline questions.

• First, I’d like to ask you about your experience with collecting self-report from patients about
their homework activity during exposure therapy.

• How do you evaluate patient self-report for imaginal exposure homework activity?
• Can you give me an example of a time when you evaluated self-report? NOTE: Tailor this
question to how the previous question (e.g. if they say patients sometimes aren’t truthful,
ask for an example of that). You can dig in deeper depending on what they share.

A.1.3 Showing the video about the prototype (script below).

• Many mental health interventions, such as Prolonged Exposure Therapy, have a homework
component. Imagine if you could be a fly on the wall while your patient completed their
homework. You would be able to understand how the context impacted their performance
and provide necessary feedback for improvement.

• The Clinician Homework Review, or CHR, is a novel concept that aims to do just that. It is
a measure that compares and contrasts patient engagement during clinician led imaginal
exposure exercises and for homework sessions throughout exposure therapy.

• During the clinical session a patient uses a mobile app and FitBit, to record their imaginal
exposure exercises. When the app is turned on, various data streams including heart rate,
physical activity, location, phone usage, and noise level in the environment are collected to
establish a baseline level of engagement for optimal learning.

• Later, when the patient is ready to do their homework, they turn on the app and it collects
the same data streams that were collected during the in-person clinical session.

• It then compares and contrasts the patient engagement measures detected during the home-
work session to the engagement measures recorded earlier in the clinical session.

• These measures will be displayed as a Clinician Homework Review on both a clinician
dashboard and patient-facing mobile application. Both clinicians and patients will be able to
view patient engagement performance from the clinical and homework sessions.
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• Measures include: a comprehensive CHR score to give a high-level similarity rating that
compares engagement during the clinical session to engagement during homework. This is
an average of the scores of all data streams collected; scores and visualizations for each data
stream collected; averages from all sessions within each data stream.

• CHR collects and displays comparative data regarding patient engagement in imaginal
exposure exercises throughout exposure therapy. Clinicians can use this data to inform their
delivery of exposure therapy and guide the patient to optimal performance. The patient gets
feedback on their performance that allows them to optimize the next homework exercise.
They then get additional information that confirms what they did well and where they can
improve.

• In short, CHR helps clinicians to individualize feedback to each patient and helps patients
know how well they did during their homework.

A.1.4 Main Interview Questions. Now we are going to ask you a few questions about your experi-
ence with the prototype as well as your background.

Prototype-related questions
• In your own words, what does the dashboard do?
• How, if at all, do you see yourself using the dashboard as a part of your exposure therapy
practice?

• What data, if any, do you believe patients should have access to? When?
• Is there anything else you would like to share?

Experience-related questions
• How long have you been practicing clinical psychology?
• How long have you been practicing exposure therapy?
• On a scale of 1 to 5, with one being the lowest and 5 being the highest, how would you rate
your expertise using technology?

• What technology (software, hardware) do you typically use as part of your clinical practice?

B SURVEY QUESTIONS
Responses were given on a Likert scale with 5 items, from 1 (strongly disagree) to 5 (strongly agree).

• I think that I would like to use the dashboard frequently.
• I found the dashboard unnecessarily complex.
• I thought the dashboard was easy to use.
• I think that I would need the support of a technical person to be able to use the dashboard.
• I found that the various functions in the dashboard were well integrated .
• I thought that there was too much inconsistency in the dashboard.
• I would imagine most people would learn to use the dashboard very quickly.
• I found the dashboard very cumbersome to use.
• I felt very confident using the dashboard.
• I needed to learn a lot of things before I could get going with the dashboard.
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