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The increasing ubiquity of health sensing technology holds promise to enable patients and health care 
providers to make more informed decisions based on continuously-captured data. The use of sensor-
captured patient-generated data (sPGD) has been gaining greater prominence in the assessment of physical 
health, but we have little understanding of the role that sPGD can play in mental health. To better understand 
the use of sPGD in mental health, we interviewed care providers in an intensive treatment program (ITP) 
for veterans with post-traumatic stress disorder. In this program, patients were given Fitbits for their own 
voluntary use. Providers identified a number of potential benefits from patients’ Fitbit use, such as patient 
empowerment and opportunities to reinforce therapeutic progress through collaborative data review and 
interpretation. However, despite the promise of sensor data as offering an “objective” view into patients’ 
health behavior and symptoms, the relationships between sPGD and therapeutic progress are often 
ambiguous. Given substantial subjectivity involved in interpreting data from commercial wearables in the 
context of mental health treatment, providers emphasized potential risks to their patients and were uncertain 
how to adjust their practice to effectively guide collaborative use of the FitBit and its sPGD. We discuss the 
implications of these findings for designing systems to leverage sPGD in mental health care.  
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1 INTRODUCTION 
Mental health disorders are prevalent in the US and around the world, posing an enormous 
burden to individuals and society. At an individual level, mental health disorders can cause social 
and cognitive limitations and lower quality of life, while at a societal level, they can reduce 
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productivity and increase health care expenditures [23, 31, 32, 63]. Veterans experience elevated 
rates of mental health issues, especially post-traumatic stress disorder (PTSD). An estimated 23% 
of veterans returning from Operation Enduring Freedom/Operation Iraqi Freedom receive a 
diagnosis of combat-related PTSD [42]. Patients with PTSD tend to have high rates of comorbid 
mental and physical health conditions, such as depression, suicidality, and musculoskeletal and 
respiratory disorders [17, 40, 113]. Given the complexity of both PTSD and its frequently co-
occurring disorders, individuals with PTSD often require ongoing management by health care 
providers.  
 One promising avenue for managing complex health conditions involves leveraging 
behavioral and physiological signals via wearable activity monitors like Fitbits. These devices 
have become increasingly ubiquitous since their debut a decade ago. A 2014 national survey found 
that one in ten American adults uses a wearable activity monitoring device on a daily basis [87], 
and that number is growing. Through sensors in the devices, activity monitors automatically track 
signals such as step count, heart rate, and sleep, on a continuous basis. Sensor-captured data from 
wearable devices is one form of patient-generated data (PGD) which has been increasingly 
considered for integration into different clinical practice settings to inform care. A growing 
number of studies have started to address the potential of sensor-captured PGD (sPGD) as a tool 
to increase physical activity, for instance applying wearables as an intervention for overweight 
or sedentary patients [1, 7, 20, 45, 102].  
 Applications of wearables to mental health have proceeded more slowly, reflecting the less 
straightforward mapping of available data streams to psychological states and symptoms. Yet, 
there are strong connections between physical and mental health [108], and signals detectable 
through sensors can also correlate with psychiatric symptoms. Early work exploring the 
application of wearables to mental health has suggested that wearables may support behavioral 
activation among patients with depression [20] and motivate exercise among women with 
comorbid alcohol-dependence and depression, leading to reductions in anxiety and depressive 
symptoms [1]. In addition, studies of students and their college mental health providers suggest 
interest from both groups in applying sPGD to set personalized behavioral goals, assess 
therapeutic progress, and prompt reflection and discussion about the role of patients’ behavior in 
mental health [59, 74]. While this represents a fledgling area of research, early findings suggest 
potential value of self-tracking for mental health.  
 Opportunities to integrate sPGD into mental health care also potentially align with recent calls 
for measurement-based care of mental health conditions [38, 47, 71]. In measurement-based care, 
treatment decisions are made through systematic tracking of patients’ symptoms and responses 
to treatment. The guidelines that currently exist in relation to measurement-based care focus on 
self-reported assessments of symptom severity such as the Patient Health Questionnaire (PHQ-9) 
for depression [67], Generalized Anxiety Disorder Scale (GAD-7) for anxiety [101], PTSD 
Checklist for Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (PCL-5) for 
PTSD [11], and Brief Alcohol Monitor (BAM) for substance abuse [15]. However, these self-report 
measures are subject to biases due to factors such as memory and social desirability. These biases 
do not affect sPGD. By using sPGD collaboratively with patients, providers may gain access to 
another stream of data to inform and adjust treatment.  
 Within CSCW there is growing interest in the collaboration required to leverage PGD 
generally in clinical environments [22, 75, 77, 94, 96]. We are still in the early adoption phase for 
sPGD, particularly in mental health care where providers are often slow to adopt health 
information technology [14], and where existing wearable devices have not been designed with 
mental health in mind. At present, we have little understanding of how mental health providers 
envision the role of sPGD in patient care and its potential impacts on their therapeutic role. To 
address this gap, we conducted semi-structured interviews with 17 mental health care providers 
who treat veterans with PTSD and who represent a variety of specializations from individual 
psychotherapy to yoga instruction. These providers offered care in a three-week intensive PTSD 
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treatment program in which veterans were given a complementary Fitbit. Although not required, 
members of the care team had the opportunity to engage with patients regarding the use of the 
Fitbit and its data. This study seeks to clarify how mental health care providers perceive 
applications of sPGD in this therapeutic context, as well as the barriers they perceive to realizing 
use of sPGD. 
 In this paper, we address two research questions:  

• What opportunities and barriers do mental health care providers perceive in applying 
sPGD among populations with PTSD within routine care settings? 

• How can providers’ perspectives inform the design of sensor-captured tracking 
systems and strategies to implement these technologies and their data in treatment? 

 Our findings suggest that providers view patients’ self-tracking with Fitbit as a means to 
promote empowerment and positive behavior change. They also envision using sPGD 
collaboratively, for instance in clinical conversations where data is situated in relation to both 
their clinical expertise and the patient’s beliefs and experiences. However, given the climate of 
uncertainty around appropriate application of this novel type of health data, providers had 
enacted few of these envisioned collaborative uses. We discuss the challenge that mental health 
contexts may present to the “objective” nature of sPGD, the ways that perceived risks and 
uncertainty may drive treatment decisions in mental health care, and implications for designing 
systems to better leverage sPGD in mental health care.  

2  BACKGROUND AND RELATED WORK 
In this section, we provide an overview of prior work related to integrating sPGD into the clinic, 
emphasizing collaborative processes afforded by these data. Although most of these studies 
pertain to the physical health domain, we also review the few studies examining use of sPGD in 
mental health, an area in which measurement-based care is gaining prominence. 

2.1  The Promise of sPGD in the Clinic 
Reflecting the increased availability of commercial wearable devices, consumers have been at the 
forefront of adopting self-tracking technologies to advance health, with 172 million wearable 
devices shipped in 2018 alone [53]. Consumer wearables, built by companies including Apple, 
Samsung, Fitbit, and Garmin, have been advertised to “improve overall health” [54], and to 
facilitate self-management of health through collecting information that was previously 
accessible only in clinical settings, using specialized equipment, or through analog methods such 
as journaling. With relatively little effort, consumers can now create continuous logs of 
physiological and behavioral data such as number of steps, resting heart rate, and time asleep. 
 On its face, the growth of consumer wearables should contribute to the efficiency and quality 
of health care, reducing the need for health services through facilitating patients’ self-
management, and – if data is made accessible to providers – allowing for remote monitoring and 
personalized treatment [8, 104]. Patient-provider collaboration using PGD collected through 
analog methods have been promising. Chung et al. [21] examined how health care providers used 
log data from patients with obesity and irritable bowel syndrome (e.g., manually compiled logs of 
sleep, stress, mood, and food), and showed that PGD aided in developing personalized treatment 
plans, building the patient-provider relationship, and supporting patients in behavior change. 
Early research on automated tracking with devices such as continuous blood glucose monitors 
and smartphone accelerometers likewise suggested that making these data available to providers 
enhanced patient motivation and facilitated decision-making around health behavior change [19, 
69, 89]. 
 Despite these potential benefits, studies on the diffusion of PGD into routine clinical practice 
have also uncovered a number of barriers faced by clinicians [2]. For instance, Zhu et al. [116] 
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identified technical, social, and organizational challenges related to sharing and utilizing PGD in 
clinical practice. Technical challenges included the inability to transfer PGD into electronic health 
records. Social challenges included negotiating differing expectations around use of data in 
clinical discussions given the limited time during visits. Organizationally, while many patients 
desired to make their care more collaborative, clinicians often had not adjusted their culture or 
workflows to accommodate desired levels of patient involvement. In a review of the literature on 
PGD in the clinic, West et al. [112] revealed additional barriers to integration including: 
misalignment of patient and provider perspectives, such as when patients shared detailed activity 
logs that providers deemed clinically irrelevant, issues with data quality, incompatible data 
formatting, ambiguity in data interpretation, and challenges deciding what actions to take based 
on the data. Notably, most studies on the use of PGD in clinical settings centered on its application 
on physical health conditions; only two clinicians in the studies reviewed by West et al. were 
mental health care providers. 
 Our study begins to fill this gap by providing early insights into how mental health care 
providers perceive PGD, specifically sPGD. This question is timely given the paradigm shift 
occurring in mental health care over the past two decades towards measurement-based care, as 
described in the next section. 

2.2  Measurement-Based Care in Mental Health 
In clinical contexts, measurement-based care involves repeated and systematic appraisal of a 
patient’s condition to inform treatment delivery, including adjusting treatment based on the 
patient’s response. While measurement-based approaches have been longstanding in care of 
physical health conditions [50], the push toward measurement-based care in mental health has 
been more recent and has distinct challenges [38, 47, 71]. Measurement-based care of physical 
health can involve administration of laboratory tests to diagnose conditions or monitor progress 
over time [103], but gold standards for assessing mental health rely on patients reporting their 
own psychological symptoms. Typically, patients rate the extent to which they experience 
symptoms outlined in the Diagnostic and Statistical Manual of Mental Disorders [4]. To reflect 
the dynamic nature of these symptoms, measures must be completed regularly, which imposes a 
burden on patients and providers. In addition, patient-reported data are subject to fallible 
memory, as well as social desirability bias wherein patients over-report positive behaviors and 
experiences and under-report negative ones in an attempt to meet providers’ expectations [98, 
107]. Furthermore, patients and clinicians may lack the tools, motivation, or ability to take regular, 
systematic measurements.  
 Sensor-captured measurement holds promise to easily extract a range of health-related signals 
while avoiding the various pitfalls of self-report. While current consumer wearables do not 
provide a direct view into psychological states like anxiety or mood, a number of signals captured 
by wearables, including physical activity, resting heart rate, and sleep, have relevance for both 
physical and mental health [56, 114]. As mentioned above, Fitbit reduced relapse risk among 
women with depression and alcoholism by motivating use of physical activity to manage alcohol 
cravings and mood [1]. Another study found that participants with depression perceived benefit 
from using a Fitbit in terms of increased self-awareness and physical activity motivation [20]. Yet, 
in these studies, sPGD were not integrated into clinical workflows and did not inform treatment 
decisions. Wearables were applied primarily as a way to enhance mental health via the benefits 
of physical activity, rather than to extract insight into specific mental states or symptoms. 
 The ability to gain insight into mental states and symptoms via sPGD may be improving. An 
emerging area of research on “digital phenotypes” suggests that combining signals extracted from 
wearable devices and additional sensors (e.g., sensors in the mobile phone) can serve as a basis 
for identifying and predicting mental health states, often through machine learning models [78, 
83, 106]. For example, Madan et al. [73] used location and communication data from mobile 
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phones in order to detect stress. Mobile phone sensors have also been used to monitor mental 
health-related signals in conditions including bipolar disorder, schizophrenia, and depression, and 
to predict events like relapse [9, 30, 78, 92], although less work to date has examined how patients 
and care providers might effectively intervene on the basis of such predictive models [94].  
 As sPGD becomes more accurately linked to mental health states, these data are likely to 
become increasingly relevant to measurement-based mental health care, suggesting a need to 
better understand clinical perspectives and experiences related to using sPGD in a mental health 
treatment environment.  

2.3  Integrating sPGD in Mental Health Treatment 
There are few studies in CSCW that specifically address clinical integration of sPGD in mental 
health care. One by Meng et al. [74] investigated how collaborative use of sPGD by students and 
their university mental health counselors could support management of depression. This study 
examined reactions to a prototype of iSee, a mobile sensing platform that collected data on heart 
rate, physical activity, phone use, location, and other physiological and environmental factors, 
processed data into personalized targets for behavior change, and shared this data with students 
and their counselors. Similar to previous findings on self-tracking, students and counselors valued 
the potential to track progress and to discuss data during counseling sessions. Providers and 
patients also saw potential to use PGD to enhance therapeutic feedback and to find new 
correlations between behaviors and symptoms. Similarly, a study by Kelley et al. [59] on college 
students and student mental health professionals found that both groups viewed behavioral data 
as providing useful proxies for mental health states. For example, stress is difficult to track 
directly, but students felt they could approximate their stress levels by observing their patterns 
of sleep. 
 Our study extends this avenue of research, examining the potential for delivering mental 
health care that integrates sensor data from a widely-available consumer wearable, Fitbit, in a 
different therapeutic population and setting: veterans completing an intensive PTSD treatment 
program. It might be especially useful to examine sPGD in relation to PTSD given that PTSD 
symptoms and treatments have behavioral and physiological elements that wearables like Fitbit 
may detect. For instance, stress and panic attacks are associated with elevations in heart rate, 
while disruptions to sleep schedules and daily routines may correspond to sleep hours and step 
counts. Thus, various streams of sPGD available from commercial wearables have promise to 
facilitate “objective assessments” of behaviors and states relevant to symptoms, coping, and 
therapeutic progress in this population [70].  
 sPGD can offer detailed, ongoing, and multifaceted information about patients’ status outside 
the clinic, providing an alternative to error-prone and burdensome self-report measures common 
in mental health treatment. However, commercial wearable devices are designed with wearers as 
primary stakeholders and adopters rather than care providers. Such devices have not been 
designed or optimized for clinical settings, particularly mental health care settings. This is both a 
limitation of the current exploration as well as an opportunity to inform future work. Our 
contribution to this area of research includes a provider perspective of the use of Fitbit in a routine 
care setting for veterans with PTSD. 

3  SUMMARY 
Studies have shown that sPGD have potential to improve health care by providing access to 
extensive information about patients’ health and daily behaviors, thereby facilitating evidence-
based treatment decisions. To date, there have been few studies of sPGD in mental health. It 
therefore remains unclear what opportunities providers see in using sPGD in a routine care 
setting and in relation to the physiological and behavioral manifestations of PTSD. Our 
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investigation seeks to expand our understanding of the potential role that sPGD might play in 
mental health care from the perspective of providers who are on the front lines of adopting these 
data into a new setting and navigating uncertainties around their interpretation and use.  

4  SETTING 

4.1 Prevalence, Characteristics, and Treatment of PTSD 
Lifetime prevalence of PTSD is estimated to be around 7% among American adults [62]. A 
diagnosis of PTSD requires both exposure to a trauma and a combination of symptoms clustering 
around intrusion, avoidance, changes in mood and cognition, and changes in arousal and 
reactivity [4]. Not everyone who experiences a traumatic event develops PTSD, and the 
development of PTSD is more common in women than men (20.4% to 8.1% respectively) and varies 
in response to the type of trauma experienced (1.8% for physical attack to 65.0% for rape) [61] 
Military personnel with exposure to combat stressors are at an elevated risk of developing PTSD, 
with an estimated 38.8% receiving a PTSD diagnosis. Especially when severe, PTSD can have 
negative consequences for life, work, and relationships [6, 61].  
 PTSD is often addressed in outpatient settings with evidence-based treatments including 
cognitive processing therapy (CPT). CPT focuses on discovering “stuck points,” irrational beliefs 
about traumatic events. For example, a veteran suffering from combat-related trauma could 
believe they were the cause of others’ untimely death through their commands. Dispelling stuck 
points involves Socratic dialogue and worksheets. In Socratic dialogue, the clinician asks the 
patient a series of questions to facilitate healthier reappraisal of traumatic events. In this process, 
the patient contributes their life experiences and interpretations while the clinician contributes 
their expertise on trauma and interventions. Clinicians may also assign worksheets for patients 
to complete outside of session. These may prompt patients to write and dissect narratives about 
the traumatic event [41, 90]. 
 The uptake of evidence-based treatment for PTSD is poor due in part to patients’ avoidance 
as well as difficulties accessing treatment [52, 57, 97, 111]. Some individuals with more severe or 
persistent symptoms also require a high level of care. One form of more intensive care is intensive 
outpatient treatment which condenses comprehensive therapeutic interventions into a short time 
period. Increasing the frequency of visits can lead to lower dropout rates and minimize between-
session distractions that disrupt treatment [57, 58]. Intensive treatments are beginning to gain 
significant traction and yield positive results for a variety of mental health conditions [49, 95].   

4.2  Routine Care Setting: Intensive Treatment Program 
The Road Home Program: National Center of Excellence for Veterans and Their Families at Rush, 
funded in part by Wounded Warrior Project, created an intensive treatment program (ITP) in 
order to improve the accessibility, quality, and frequency of care for veterans living with the 
invisible wounds of war. This outpatient ITP lasts for three weeks and provides over 120 hours of 
comprehensive mental health care [115]. Each cohort consists of 10-13 veterans diagnosed with 
PTSD. To measure progress over the three weeks, veterans regularly complete four clinical survey 
assessments. These surveys track symptoms of PTSD (PTSD Checklist for Diagnostic and 
Statistical Manual of Mental Disorders, Fifth Edition, PCL-5) [11, 12], depression (Patient Health 
Questionnaire-9) [67], negative cognitions (Post-traumatic Cognitions Inventory) [36], and guilt 
(Trauma-Related Guilt Inventory) [68].  
 During the ITP, each veteran receives 13 sessions of group CPT, 14 sessions of individual CPT, 
12 sessions of group mindfulness-based resilience training, and 13 sessions of group yoga. Each 
patient is assigned an individual provider, consistent across all individual sessions. Group 
providers are consistent across all sessions for each cohort. CPT providers include counselors, 
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social workers, and psychologists. Mindfulness-based resiliency training and yoga groups are led 
by nurse practitioners, mindfulness instructors, and yoga teachers. In addition, the 
comprehensive team includes nurses, psychiatrists, neurologists, neuropsychologists, and 
psychology and social work trainees. In this study, we refer to this group as the “care team” and 
individuals as “care providers” as opposed to “clinicians” to encapsulate the diversity of expertise 
represented.  
 As part of wellness programming, Fitbits were incorporated into the fitness and nutrition 
courses to promote a healthy physical activity level and to facilitate self-awareness of the body’s 
physiological responses to triggering events. On the day of the veteran’s arrival, the staff provides 
the veteran with their own Fitbit and explains how to program it, use it, and interact with it, 
answering questions as the veteran sets up the device. Throughout the program, nutrition and 
fitness care team members incorporated the Fitbit into the curriculum through training and 
reviewing heart rate during sessions.  
 A prior study investigated how veterans in the ITP made use of Fitbit and its PGD [82], but it 
did not assess the care team’s uses or perceptions of sPGD, as examined here. Prior to the 
application of Fitbit in the ITP, providers did not report extensive past engagement with PGD 
beyond soliciting patient completion of clinical symptom surveys; few reported engaging with 
behavioral or physiological data collected by patients outside the clinic. When the Fitbits were 
first introduced to the ITP, care team members received minimal (<1 hour) training on the data 
generated by the Fitbit. Team members that joined after the initial deployment of Fitbit devices 
were not trained, and most participants reported not being able to recall this training. Care team 
members did not have access to the Fitbit data unless the patient showed it to them through the 
Fitbit mobile application on their smartphone or through the Fitbit device itself. At the end of 
their three-week stay, Fitbit data for each consenting patient was downloaded in spreadsheet 
format to store for potential future research (Fig. 1). Care team members’ largely undirected use 
of sPGD allows us to understand how routine mental health care processes may or may not be 
conducive to integration of these data.  
 

 
Fig. 1. De-identified Fitbit data from a patient that completed the program 

5  DATA COLLECTION AND ANALYSIS 

5.1 Recruitment and Participants 
Interviews were conducted in person except for one conducted by phone due to a scheduling 
conflict. All care team members in the ITP received an invitation to participate via e-mail from 
the research director (AKZ) and the clinical director (MB). Participants were not compensated for 
their participation. Table 1 provides summary information for all participants. 
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5.2 Data Collection 
In order to examine how health care providers in the ITP envisioned using Fitbit data, we 
conducted semi-structured interviews with 17 members of the program’s care team. Three 
members of this group also served as administrators.  
 The interviews with the care team covered their: 1) role within the ITP, 2) experiences with 
PGD outside of the ITP, 3) perspectives on PGD, and 4) experiences with the Fitbit during the ITP. 
In order to gain a deeper understanding of possible uses of data outside of the current constraints 
of the Fitbit interface, care team members were also shown a list of broad categories of data Fitbit 
captures: heart rate, sleep, physical activity, consumption (food, drink), height, and weight. They 
were asked how they envisioned data of these types could be used within the context of the ITP.  

Table 1. Participant Care Roles 

Participant Role 
C1 Group therapist 
C2 Individual therapist 
C3 Non-therapistb 
C4 Group therapist 
C5 Group and Individual therapist 
C6 Non-therapistb 
C7 Individual therapist 
C8 Individual therapist 
C9 Individual therapist 
C10 Non-therapistb 
C11 Individual therapist 
C12 Individual therapist 
C13 Group and Individual therapist 
C14 Individual therapist 
C15 Non-therapista,b 
C16 Group therapista 
C17 Group therapista 

aParticipant is also an organization administrator  
bTo anonymize participants who are the sole providers in their role, an administrator,  

nurse, nutritionist, and yoga instructor are listed as “non-therapist” 
 

 Next, to constrain their envisioned uses to current technical capabilities and processes at the 
ITP, participants were shown a Microsoft Excel spreadsheet containing deidentified Fitbit data 
from a single patient who had previously completed the 3-week ITP (Fig. 1). The patient data was 
chosen for its completeness over the three-weeks of the program in order to gather more reactions 
to the various types of available data. Care team members talked through their initial impressions 
of the data, the value they envisioned the data could bring, and how they imagined incorporating 
sPGD into their daily workflow. Participants were also prompted to envision having access to the 
data in real-time as the three-weeks elapsed, with completeness of the data depending on when 
the data is accessed. For example, if they were to check the Fitbit data on the third day of the 
program, the spreadsheet would only contain the first three rows of data. Finally, given that the 
care team can currently only access a patient’s Fitbit data via the patient sharing data on their 
mobile app, we asked participants to explore a version of the Fitbit application shown on an iOS 
device. Care team members with administrative roles in the organization were asked additional 
questions about their observations of the care team’s use of the Fitbits and their perspective on 
the role of the Fitbit within the goals of the ITP and within its parent program.  
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 The Institutional Review Boards at Northwestern University and Rush University Medical 
Center approved this research. 

5.3 Data Analysis 
A third-party service transcribed audio recordings from all interviews. The resulting transcripts 
were analyzed by the first author through a process of open coding, which captured current and 
proposed uses of data trackable by the Fitbit and barriers to such uses. Open codes were 
condensed into axial codes to create a code book, and all transcripts were coded using the 
resulting code book. The other authors peer-checked codes throughout. Taking a thematic 
analysis approach, the emerging patterns were sorted into themes that were derived from the 
data itself as opposed to existing theories [13]. This allowed us to identify patterns of use 
embedded in this specific context of care. Less prominent themes were disregarded, and the 
resultant themes were used to reanalyze the data set.  

6  FINDINGS 
In this section, we present our findings on care providers’ perceptions of the applications of Fitbit 
and its sensor-captured data to managing their patients’ mental health. Providers were generally 
aware that their patients in the ITP were using Fitbits, and some reported specific interactions 
related to the Fitbit data. Providers also reflected broadly on the ways they envisioned sPGD being 
leveraged in the future, ranging from patient-driven Fitbit uses to active collaboration around the 
Fitbit and attempts to incorporate its data into routine delivery of mental health care. We organize 
our findings to reflect this distinction between uses that minimally or indirectly involve the 
provider and collaborative uses of sPGD.  

6.1  Patient-Driven Uses of Fitbit and its Data 
While providers lacked extensive knowledge of how their patients were using the Fitbit during 
or after the ITP, they envisioned a number of ways in which patients could monitor and reflect 
on patterns in their Fitbit-captured data, leading to improved understanding and management of 
their own health. Several had examples of discussing these data in care when initiated by the 
patient. However, providers also noted potential challenges of interpretation that could arise in 
patient-driven use. 
 6.1.1 Self-Monitoring and Validation. Providers largely agreed that patients’ uses of Fitbit might 
involve monitoring of and reflecting on patterns in their data (e.g., step count, heart rate, sleep 
logs) as objective records of their activity. This monitoring was generally viewed as a source of 
patient empowerment, and some had seen evidence of such benefit in practice. For example, C16 
described the sense of validation a patient had experienced by reviewing patterns in her data. 
This patient had believed her feelings of exhaustion were inexplicable, given their persistence 
despite efforts to get reasonable hours of sleep, but she discovered that the Fitbit tracked not just 
hours in bed but also the quality of sleep. This metric yielded a new insight, providing a better 
account of her troubling symptoms. C16 described: 

“It's almost like getting an outside opinion... from the Fitbit that helps them see, that 
helps them better understand their symptoms… That’s really validating.” (C16) 

Providers also speculated that patients might be motivated through accessing a record of their 
accomplishments, such as meeting step count goals. As C16 continued:  

“I think that the benefit for the step challenge, for example, is obviously getting 
physical exercise, likely more than they have in the past because they are kind of 
prompted to do more. It also helps them feel a sense of accomplishment.” (C16) 
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This validation might be particularly valuable to patients with PTSD whose sense of self-worth is 
often impoverished:  

“A lot of the thoughts you have are that you are incapable, inadequate, cannot 
accomplish things. So, that [data] kind of directly speaks against that, right? ‘I am able 
to accomplish something, like reaching 10,000 steps a day.’” (C16) 

C4 described seeing these benefits in practice, with patients reporting that they had used sPGD 
to counter some components of PTSD, such as negative beliefs. In particular, some patients who 
had been isolated and inactive because of PTSD expressed their delight when increases in activity 
became apparent through reviewing sPGD. C4 reports that, in response, “I just try to provide 
affirmations for the change in their behavior.” 
 In addition, some providers hypothesized that sPGD might even surface benefits obtained 
through therapy, such as a change in symptoms after completing a written narrative of their 
trauma. For example, C4 described that accessing Fitbit’s graphs of symptoms could 
hypothetically provide a patient with:  

“…a visual of progress, or how things are changing over time for them. It can connect. 
For example, if somebody writes their trauma account… and then, they notice a change 
in how they slept.” (C4) 

 In these examples, the data from Fitbit have value in allowing patients to self-monitor. They 
also have potential to provide an outside perspective for patients, which might yield new insight 
or validate a patient’s effort and therapeutic progress. Indeed, some of these benefits had already 
been reported by patients in clinical conversations.  
 6.1.2 Reinforcing Negative Views and Agitating Symptoms. Providers also recognized situations 
where patients’ use of the Fitbit could lead to negative consequences. For instance, PTSD can be 
characterized by the tendency to catastrophize or become hyperfocused on negative occurrences. 
Several providers reported concerns that, upon reflecting on their data, patients could become 
discouraged by apparent lack of progress, or might focus on negative trends: 

“Sometimes it can have an alternative effect like, ‘Yeah, look how shitty I’m sleeping, 
no wonder I feel so bad’ and then it can create a focus on negative things as opposed to 
not being aware that you’re sleeping so bad. It creates something else like, ‘Oh, look at 
me, I’m not even sleeping well. It’s just one more thing like life sucks’ kind of a thing. 
So, I wouldn’t say that that’s typical but that’s also a way that it can actually have a 
negative impact… if somebody is overly negatively bleak about their life and 
everything around them then it could just be one more thing to reinforce how bad they 
have it.” (C14) 

 Providers also reported that overuse of Fitbit might provoke anxiety in patients. This had 
already occurred with at least one of C9’s patients, such that C9 had to shift focus away from the 
data to a more productive task. He described:  

“People get a little obsessed about sort of tracking symptoms. I had a client that I can 
remember that wore his Fitbit and every time he would get anxious he’d be like, ‘My 
heart rate’s at this, my heart rate’s at this,’ and that would just get him really amped up 
and he would obsess about this and it was like this instant biofeedback which just 
really elevated his anxiety because he was just so fixated on his heart rate and so we 
actually had to say, ‘Let’s dial back on you monitoring every few minutes. It’s useful 
information to have but let’s refocus on what we’re doing here.’” (C9) 

In C9’s view, not only did the patient’s use of sPGD reinforce anxiety, but conversations about 
the sPGD led to loss of time that might have been spent on evidence-based practices like CPT. 
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 These examples suggest that, from the provider’s perspective, the same data from the Fitbit 
might either support empowerment or induce fixation and anxiety depending on context, 
suggesting an ambiguous relationship of Fitbit data to patient wellbeing. C11 provided an example 
of how productive or unproductive application of Fitbit data may reflect a particular patient’s 
approach to coping:  

“I think physical activity can go both ways. It's a coping skill for a lot of people, but it 
can also be a form of avoidance.... So, ‘Oh, you were distressed today and then you 
went and ran so hard that you made yourself puke? … Is this healthy exercise or is this 
you not wanting to feel your feelings?’ I know that that’s come up with a couple of my 
veterans as far as limiting their physical activity to, ‘Okay you're going to go work out 
for an hour, but you're not gonna push yourself to a point of pain because that’s 
avoidance.’ So, depending on the person, sometimes that’s real useful information. 
Other veterans will be like, ‘Oh, I've been walking to and from group today. It feels 
really good. I've been getting my steps in and it's been really helpful. I've noticed a 
difference.’ That’s helpful.” (C11) 

This situation highlights the importance of re-contextualizing physiological data within a clinical 
process where a provider may intervene to suggest an alternate way to frame or interact with the 
data. The provider may choose to de-emphasize negative patterns or to steer a patient away from 
data fixation or avoidant behaviors that have potential to be exacerbated by self-tracking, such as 
over-exercise. In the next section, we describe how providers recognized potential benefits of 
engaging with sPGD as a routine aspect of treatment.  

6.2 Integrating Fitbit Data into Treatment Protocols 
While providers reported that patients occasionally discussed their Fitbit data in clinic visits, 
providers largely had not pursued integration of the Fitbit and its data into their routine mental 
health care. However, providers envisioned that the Fitbit and its data could support their work 
by capturing additional information outside of the treatment setting, even providing a new means 
of systematically testing effectiveness of treatment options in order to improve care. When 
assessing a patient’s condition, therapists currently rely on three streams of data: (1) observation 
of the patient’s behaviors and interactions, (2) the patient’s self-report, and (3) the patient’s scores 
on various survey measures. Analyzed together, providers can identify areas of consensus or 
discrepancy between the different data streams, sometimes highlighting a need for discussion and 
clarification. For example, if the patient’s PHQ-9 scores decrease (i.e. patient’s depression is 
decreasing) yet the patient appears to be withdrawn during group therapy sessions, there is a 
conflict between the two points of data that needs to be reconciled. Some providers imagined that 
the Fitbit data could serve as a fourth stream of data that could offer triangulation with other 
available data streams and also provide ongoing insight into the patient’s status and behaviors 
outside of the clinic. 
 6.2.1 Understanding the Relationship Between sPGD and Standard Measures. In order to make 
this new stream of data useful, providers stated that sPGD should ultimately connect back to 
survey measurements. C17 speculated that it might be possible to identify a relationship between 
PTSD symptoms as measured by surveys and behaviors tracked by the Fitbit, potentially even 
allowing a view into therapeutic progress across the ITP:  

“What I think we could do more of with the Fitbit is seeing [patterns of sleep]…what 
was their baseline for the first week and then going into the second week what’s the 
average there and then the third week and seeing if that mimics the scores that we see 
on their self-report measures. Usually people will be very distressed in the first week, 
experience significant hypervigilance, an increase sometimes in frequency and 
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intensity of their symptoms and then it will hit a peak and then will decrease into week 
three so I would be curious as to whether the Fitbit would show that.” (C17) 

Having observed a common trajectory of symptom scores among patients undergoing three 
weeks of treatment, C17 was curious about whether the Fitbit could also surface these patterns.   
 6.2.2 Integrating sPGD with Therapy. Beyond triangulating patterns observed in other data 
streams, care team members envisioned that the Fitbit could be used to aid in treatment, such as 
through facilitating “reality testing” to help patients overcome false or dysfunctional beliefs. C1 
envisioned a situation in which the step count feature could be applied to identify negative 
cognitions and dispel them during individual therapy sessions:  

“If somebody’s steps are really low for the entire ITP, it might lead to a discussion 
about ‘What’s that about?’ and then it might elicit a belief or cognition of, ‘The world 
is not safe’ or, ‘If I leave my room something terrible might happen.’ That could result 
in a homework assignment being given about, ‘Why don’t you go out with the group 
tonight and just see how it goes? Experiment.’” (C1) 

Thus, accessing the Fitbit and its data could prompt dialogue around a stuck point centering on 
the consequences of being out in the world. The Fitbit could then be used to quantify or track 
progress toward an increased activity goal as the participant challenges the stuck point.  
 The Fitbit data was also viewed to have the potential to guide more productive discussions 
during treatment. For instance, C2 described how discovering correlations might open up a 
conversation about causes of stress:  

“It could be beneficial [to] have that information and say, ‘Oh, wow, as your scores 
have gone down, your sleep is gotten better’ [or] ‘As your scores have gone down, 
your heart rate seems a little more even’ [or] ‘Your heart rate is always up during the 
group, what’s going on with that?’” (C2) 

 While these uses were hypothetical, providers were optimistic that the signals tracked by 
Fitbit might offer new opportunities to engage in therapeutic dialogue. In particular, observing 
correlations between symptoms and behaviors was envisioned as a potential way to spark 
conversations about progress and changes throughout therapy. 

6.3  Challenges to the Use of sPGD in Treatment 
Providers also anticipated potential negative consequences of collaborative activities involving 
sPGD, such as diverting time from evidence-based practices. They highlighted that displacement 
of standard care could negatively affect the patient’s treatment and cost the organization valuable 
time and resources.  
 6.3.1 Connecting to Clinical Practice. Especially given the present context wherein patients 
decide whether and how to use the Fitbit and which data to share with providers, providers 
questioned whether they would have opportunities to connect data with their domain expertise: 
evidence-based care, which in this program was CPT. Providers wanted not only evidence that 
use of the Fitbit would significantly help patients, as measured by self-report surveys, but also 
training to help them connect Fitbit data to their established clinical practices. C8 outlined these 
concerns about not adhering strictly to CPT:  

“It’s noticeable if a clinician is not sticking to protocol because, a) the patient’s scores 
aren’t changing and they’re not as engaged in the program and the client lags behind 
and, b) If I were like, ‘We went into the app and talked about sleep data’ we would be 
asked ‘Why aren’t you sticking to the protocol?’ not in a mean way or not in a 
punishing way but in a way that’s just like everyone needs to be a united front and 
consistent.” (C8) 
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Given that patients’ health is at stake, providers in the ITP highly value providing care that is 
effective and cohesive. It was not yet clear that the Fitbit and its sPGD would help in this effort.   
 Questions about the validity of the sensors were also cause for concern. C1 hypothesized that 
inaccurate readings from the Fitbit could cause unnecessary alarm and waste time in “non-
productive conversations,” derailing clinical practices and undermining protocol. For example, 
this was imagined to occur if the Fitbit indicated poor sleep in a patient who in reality slept well:  

“The Fitbit sleep data is not as solid as other sources of data so I could see it backfiring 
somewhat…that if a person is actually sleeping fine their Fitbit could say that they’re 
not or vice versa it might just confuse things.” (C1) 

Thus, measurement errors might be counterproductive to treatment, even potentially leading to 
an exacerbation of patients’ issues.  
 6.3.2 Time and Resources. Another concern regarding integrating Fitbit into care was the time 
and the resources needed to incorporate new streams of data. As C7 described:  

“There's always so much to do.… You're already kind of preparing for sessions, and at a 
certain point it's like, ‘How much am I treating or assessing what I'm seeing on a 
screen or on paper compared to just talking to someone and figuring stuff out 
together?’” (C7) 

In this quote, C7 highlights the potential that time needed to understand sPGD might negatively 
impact a meaningful interaction with the patient.  
 Furthermore, if Fitbit data were to be integrated into the clinical data repository (as opposed 
to the patient approaching the provider to share data), participants noted that additional 
individual preparation work might be required in order for patient-provider collaboration to 
occur. To prevent wasting time in sessions, the care team members envisioned reviewing the data 
before the patient comes in in order to decide whether there is something notable to discuss. 
However, as C5 notes, therapists may be unclear on how to recognize what is worth discussing 
and, furthermore, how to act on it.  

“You’re going to need [to] train them on how to balance all of these different pieces of 
data they have  access to and how to prioritize the data. I think it would be especially 
important for new therapists coming on. It would probably be pretty overwhelming for 
some to have access to that much data and I think we would need to do like a standard 
operating procedure of how to [deal with] the information.” (C5) 

 Providers felt they had relatively little flexibility in adopting new practices given the 
organization’s emphasis on protocols to ensure standardization and cohesion. Administration of 
specific symptoms survey measures was directly tied to grants and funding sources for the 
organization. As one provider and program leader (C16) stated:  

“If our main funders want to see you doing a program for veterans with PTSD, what 
we want to see is reduction in PTSD symptoms and obviously that’s what we want to 
focus on. If we had another funder that said, ‘Hey, we’ll give you this much money to 
make sure that all the veterans with PTSD see an improvement in their sleep or their 
exercise’ or any of that, then our program would be structured very differently and 
maybe would incorporate more of these types of information.… I don’t think the goals 
will change simply because they are pretty set on what they’re looking for, but if they 
were to change, I think that would directly impact what we do in here because we 
specifically chose CPT because it’s an evidence-based treatment for PTSD because 
that’s our goal.” (C16) 
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 At present, there are no specific evidence-based practices for the treatment of PTSD that 
involve data the Fitbit can track. Consequently, providers noted a lack of organizational incentive 
to use the data, especially given its unknown value in treatment and the time and resources that 
would be required for training and integration. 

7  DISCUSSION 
Our study examined providers’ perceptions of the application of sPGD to delivering mental health 
care. In current practice, Fitbit and sPGD use were self-directed by patients, and providers 
recognized a number of ways that sPGD could help patients to generate new insights about 
symptoms, provide external validation, and reinforce therapeutic gains. At the same time, 
providers also expressed concern that patients might interpret data in unproductive ways or fixate 
on negative patterns. Clinical interactions were viewed as potentially fruitful settings within 
which to contextualize sPGD in relation to the patient’s experience and goals, while also drawing 
on the provider’s therapeutic expertise to interpret data and extract insights relevant to treatment. 
Nonetheless, given the limited validation of sPGD as clinically-relevant measures in mental health 
and the lack of protocols to accommodate collaboration around these data into clinical workflows, 
providers had done little to apply Fitbit as a mental health tool beyond offering consultation when 
initiated by patients. These findings echo our prior work with veterans completing the ITP, which 
found that the Fitbit was primarily used for self-monitoring and supporting social interactions 
with peers, rather than collaborating with the care team [82].  
 The gap we describe between providers’ envisioned and actual collaborative uses of Fitbit and 
its data reflects a number of challenges these providers face in adopting novel technologies within 
a mental health care environment. In our discussion, we describe that despite the promise of sPGD 
as a means of bringing “objectivity” into mental health care, applying sensor-captured data 
involves a complex and uncertain interpretive process that, from the provider’s perspective, is 
imbued with potential risk. In the sections that follow, we situate our findings in relation to prior 
work highlighting the subjectivity inherent in extracting meaning from technology-based 
measurements and we discuss organizational factors relevant to negotiating risks emerging from 
this interpretive process. Finally, given the unique constraints of sensor-based data within this 
mental health space, we identify design opportunities for patient-provider collaboration around 
sPGD.  

7.1 Shifting Fitbit Data from “Objective” to “Situated Objectivity” 
Our data highlight a tension between the perceived authority of sPGD as a source of “objective” 
measurement and the subjectivity inherent in extracting insights from these data. Below we 
describe how a process to appropriately situate data is necessary in order to establish meaning so 
that sPGD can be effectively used in mental health services.   
 7.1.1 Situating Objective Data in Mental Health. Pantzar and Ruckenstein have observed that 
there are prevailing perceptions of tracking devices as a source of “mechanical objectivity” [28] 
where, due to their automated and standardized collection of data, their measurements are 
perceived as essentially objective [85]. Yet, they argue, the meaning of sensor-captured data is in 
fact deeply tied to the particular contexts in which data are collected, and data must therefore be 
appropriately situated to offer reliable insight. For example, sensor-captured data might indicate 
a user’s elevated heart rate over their baseline in a certain timeframe. There could be multiple 
possible reasons for this pattern; elevated heart rate might reflect stress and motivation as an 
individual strives to achieve a meaningful goal, but it could also reveal anxiety that impairs that 
individual’s ability to function. In this example, contextualizing sensor-based data within an 
individual’s larger experience is central to interpretation. Pantzar and Ruckenstein therefore 
propose the concept of “situated objectivity” to describe the epistemological status of sensor-
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tracked data, combining the authority of mechanical objectivity with the important role of context 
in knowledge formation.  
 Our findings suggest that providers view clinical interactions as a promising site for 
developing situated objectivity, with both patients and providers contributing valuable context. 
Specifically, clinical conversations may facilitate elaboration by the patient on her subjective 
experiences during data collection and on her initial assessment of the meaning of these 
experiences. In turn, the provider might suggest an alternative framework through which to view 
these experiences, drawing on a therapeutic perspective. For instance, Fitbit data might show the 
patient’s elevated heart rate whenever she is in a particular location. The patient might identify 
that this physiological reaction reflects an experience of anxiety. Without guidance from the 
provider, the patient might take this as a sign to avoid that location to prevent this response. 
However, from a therapeutic perspective, such avoidance might be unproductive, failing to 
address the cause of the anxiety. The provider might recommend against avoidance, instead 
suggesting continued visits to the site while employing coping methods learned in therapy, 
allowing the patient to ultimately overcome the anxious response. In this example, despite the 
application of non-traditional data to spark the conversation, the therapist operates within his or 
her therapeutic expertise by proposing a new possible lens through which the patient might view 
her experience in order to facilitate the development of mastery and resilience [39].  
 7.1.2 Overcoming Interpretive Challenges. Our findings also suggest that providers see a 
potential role they could play in helping patients overcome specific interpretive biases that might 
manifest in relation to sPGD. One challenge among patients with PTSD is a tendency to focus on 
negative aspects of experience at the expense of positive ones [60]. In this context, the perceived 
“objectivity” of sensor-based data can play a dual role. On the one hand, providers hoped that 
sPGD could reduce the bias involved when patients monitor their symptoms and health behaviors 
in daily life, speculating that these data could offer an “outside” perspective, potentially more 
tethered to reality, and more valid and reliable than patients’ perceptions. This authoritative 
perspective from sPGD was viewed to have beneficial effects when it allowed patients to 
recognize their efforts and accomplishments (e.g. achieving step count goals). By the same token, 
however, sPGD could authoritatively reveal negative patterns of behavior or lack of progress in 
ways that might be demotivating. Thus, perceptions of sPGD as an unbiased signal could enhance 
or diminish motivation, largely reflecting the particular patterns the patient extracts from the 
data. Given the numerous potential patterns that patients could focus on within the Fitbit data, 
the input of the provider may become especially valuable to counteract negative biases, including 
by highlighting positive trends and accomplishments, or recommending against over-tracking in 
those who become fixated.  
 Our findings suggest that mental health providers may have an important role to play in 
situating sPGD, including reframing and refocusing data interpretation. These findings echo 
those of West et al. [112], who found that mental health providers perceived their patients to need 
help overcoming the substantial ambiguity of self-tracked mood ratings. It is worth noting that 
providers’ perspectives offer value in contexts beyond mental health, with work in physical health 
also suggesting the value of collaboration to overcome data ambiguity [75-77]. For instance, 
similar to our findings, Mentis et al. [76] describe “co-interpretation” that occurs as a negotiation 
between perspectives of patients and providers in clinic visits. Yet, as the next section describes, 
despite value of multiple perspectives for interpreting sPGD, providers in this setting faced 
barriers to taking on this role in routine practice. 

7.2 Uncertainty and Risk of Non-Traditional Mental Health Data 
In this section, we describe the barriers to integrating sPGD into mental health care, focusing on 
the ways providers are inhibited by uncertainty in deciding which measures to examine, lack of 
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clarity on what sPGD-driven actions to take, and concerns that emphasis on sPGD might displace 
validated measures and better-established therapeutic activities. 
 7.2.1 PGD as an Unvalidated Measure. In a commercial context, wearables provide data that 
may sometimes lack precision and accuracy, but that still generally fall within an acceptable 
“uncertainty tolerance” for consumers [65]. Providers using such devices, including those in 
mental health settings, may have substantially lower tolerance for risk. Indeed, managing risks 
and benefits for their patients is a large part of providers’ jobs, and prior work suggests that 
providers are often slow at adopting new technology because of concerns about liability and risk 
[48, 66]. To manage risk, providers typically rely on evidence-based practices, which include using 
validated measures and assessments. Commercial devices that passively capture PGD, such as 
Fitbits, have yet to be empirically validated for many of their potential uses in health care, 
particularly in mental health care. In physical health, many self-tracking technologies at least 
mirror “gold standard” analog tracking practices, such as blood glucose monitoring, calorie 
counting, and heart rate variability. In contrast, in mental health, sensors currently map onto 
symptoms like stress and depression in ambiguous ways, with “gold standard” measures generally 
coming from validated self-report instruments [38]. While a body of evidence is emerging to 
support correlations between sensed data and self-reported symptoms, such models generally 
combine an array of signals [78]. This work has also relied heavily on “black box” algorithms that 
people cannot easily understand [10]. At present, there is limited evidence that care team 
members can manually extract clinically meaningful information from self-tracked data from 
commercial wearables.  
 In medicine, risks of a new measure or approach can be justified at times based on potential 
clinical benefits. In this study, benefits were viewed as uncertain. While providers suggested 
possible therapeutic uses for sPGD, they also emphasized that benefits could be inconsistent 
across patients. With clinical relevance of sPGD to mental health still unclear, especially in 
contrast with evidence-based practices, it is unsurprising that providers were hesitant to engage 
with sPGD.  
 7.2.2 Organizational Fit & PGD. While the providers described in this paper are on the front 
lines of this novel application of PGD to mental health, a number of organizational factors make 
them unlikely evangelists for new technologies.  
 First, these providers operated in an organizational context in which their workflows and 
incentives were closely tied to self-report measures of mental health symptoms that were not 
associated with Fitbit. In this context, if a provider dedicates time during a clinical interaction to 
interpreting sPGD, they risk disrupting the organization’s established practices. Such disruption 
could even come at the cost of patient health, since focusing on sPGD takes time and attention 
that might otherwise be applied to evidence-based treatment. Second, if a patient’s health does 
not improve per symptom questionnaires, the provider’s care process could even come under 
scrutiny, a possibility mentioned by at least one provider in this study. In general, providers 
wondered whether there was organizational buy-in for their role in supporting patient use of the 
Fitbit such that they would be appropriately trained and accommodated in taking on the 
substantial work and risk involved. Finally, when we consider health information technology, it 
is often important to evaluate innovations post-implementation to understand how workflows 
and other organizational features affect adoption [25]. However, sPGD creates an additional 
challenge because of the potential use of the collected data in the care process itself. With the 
growing emphasis on evidence-based practices in health care [37], administrators and 
policymakers will need to ensure that there is a strong evidence base supporting safety and 
effectiveness prior to even implementing sPGD technologies. Otherwise, providers may be 
reluctant to use these tools. Other studies have also highlighted unmalleable policies, introduction 
of new risks, and lack of incentives for adopting new work practices as major barriers to 
implementation [79, 84, 86, 109]. 



Provider Perspectives on Integrating Sensor-Captured Patient-Generated Data in Mental 
Health Care  115:17 
 

PACM on Human-Computer Interaction, Vol. 3, No. CSCW, Article 115, Publication date: November 2019. 

 While these challenges to adoption are significant, CSCW and Implementation Science 
researchers highlight how we could begin to navigate organizational barriers [24, 35, 44]. For 
example, the CSCW community has highlighted the importance of understanding organization 
members’ interpretive frames for making sense of emerging technology [84] and the 
Implementation Science community has emphasized how willingness to adopt an innovation can 
reflect positive characteristics such as trialability, which may involve providing low-risk 
situations within which to experiment and become comfortable with new technologies [29, 34, 
46]. This may also include the provision of training, a social climate where key stakeholders 
support social influence [27, 64], and where organization members can learn from other’s 
experience [18]. The success of sPGD in healthcare organizations will depend on ensuring the 
organizational readiness to adopt these tools.    

7.3  Design Considerations for sPGD in Mental Health 
In this section, we describe challenges designers face in supporting use of sPGD in mental health, 
including in facilitating data interpretation by both providers and patients. We also discuss 
considerations that may emerge as mental health states become more reliably linked to sensor-
based data. 
 7.3.1 Designing for Multiple Perspectives. Our findings suggest that providers and patients 
have different interpretive approaches and priorities for sPGD, with providers emphasizing 
opportunities to inform therapeutic activities, and patients looking to validate their experiences, 
enhance self-understanding, or motivate themselves outside the clinic. These differing patterns 
of interacting with the data suggest a need for different types of interfaces for different 
stakeholders to access, review, and interpret sPGD.  
 In considering possibilities of using sPGD in their work, mental health providers emphasized 
their need to constrain the application of sPGD to data considered more relevant and familiar, 
and for which the organization holds them accountable. Similarly, other studies have found that 
clinicians want patients to track data considered “clinically relevant” [112, 116]. Yet, in the present 
context, Fitbit use by patients is voluntary and self-directed, and providers have little control over 
what data patients track or share. To support extracting relevant information, providers will likely 
require more comprehensive, reliable, and timely access to data. While fundamental, this step is 
not simple. Prior work from a physical health context suggests barriers to data sharing including 
privacy concerns as well as incompatible formatting and challenges incorporating data within 
electronic health records [22, 112, 116]. Furthermore, having accessed data, providers likely need 
support to extract meaningful signals. This could be facilitated by automatic pattern recognition. 
For instance, prior work has generated alerts based on changes in physical activity as captured 
by wearable sensors [16], and changes in health status as captured through passive sensing in a 
housing facility [99]. Pattern recognition and interpretation can also be facilitated through 
automated data annotations, such as natural language captions for correlations between different 
self-tracked measures (e.g., sleep and stress) [10]. In past work, the presence of captions increased 
users’ understanding of behavioral patterns and of these patterns’ potential consequences. 
Visualizations may also help to make correlations between various signals salient (e.g., through 
bubble and bar charts) [96]. Finally, as Raj et al. [88] note, providers’ appropriate response to 
changes in patient status may require access to contextual information. For instance, providers 
may benefit from labels that specify whether data were collected when patients were at home, at 
work, or in the clinic. 
 Considering the needs of patients suggests additional design considerations. In particular, 
providers suggested negative consequences when patients over rely on quantified metrics in 
monitoring their health status, expressing concern that patients might use data in ways that 
manifest PTSD and its related symptoms by becoming fixated on the data or using it to harshly 
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evaluate themselves. Such considerations could be addressed, in part, through the ways data is 
visualized. Researchers and designers in the HCI space have previously explored departures from 
numeric presentation of tracked data towards visual representations that allow for subjective 
interpretation and that prompt reflection and mindfulness. This has included imprinting 
physiological data on artifacts, such as when Howell et al. [51] created a shirt with a colorful 
display corresponding to emotion as detected by changes in the wearer’s skin conductance, and 
when Thieme et al. [105] created spheres with lights that fade in and out based on the holder’s 
heart rate. As for non-digital data representation, Snyder et al. [100] worked with individuals with 
bipolar disorder to create speculative visual representations of their lived experience. Although 
these examples might not translate into a clinical environment, they highlight a shift from 
quantified PGD to instead emphasize multiple possible meanings of data, potentially reducing 
fixation with quantified self-monitoring, as observed in this and other studies [59, 72, 96]. These 
potential benefits should be weighed against the usefulness of numeric representations in 
identifying trends and anomalies.  
 Design may also facilitate collaboration and integration of multiple perspectives. For example, 
Chung et al. [22] show that patients and providers rely on data artifacts to facilitate sharing and 
contextualizing self-tracking data. Through these data artifacts, patients and providers can 
prioritize topics of discussion to cover during clinic visits [96]. Each party also can draw attention 
to patterns that they find important, offering tentative accounts of the data’s meaning, perhaps 
through highlights or annotations [75]. Options to annotate data may be especially desirable in 
mental health, where patterns in sPGD cannot be interpreted without understanding the wearer’s 
subjective mental state. Additional considerations should be taken to constrain the annotation 
process given the numerous possible correlations to draw from the data. For instance, automated 
pattern recognition could be applied to identify a subset of patterns and anomalies from sPGD 
which the patient might then annotate, situating them in subjective experiences such as 
motivational states and occurrence of symptoms. 
 7.3.2 Leveraging Sensor Data in the Future. This study investigated the ad-hoc use of a 
commercial wearable in a routine care setting, expanding a body of research on the clinical use 
of passively generated data in mental health. While our findings suggest a high level of ambiguity 
perceived in the signals from a commercial wearable in this care setting, this in part reflects that 
Fitbit and similar wearables focus on physical rather than mental health sensing. This will likely 
change in the future as research and development advance to better detect and predict mental 
health states through passively collected data, sometimes in combination with self-reported data 
[78, 106]. Much of the work in this area has leveraged smartphones rather than wearable devices, 
including smartphone-based sensing of geolocation, vocal quality, accelerometry, communication 
logs, and social interactions as based on co-presence of other devices and sampling of ambient 
noise [5, 33, 55, 78]. Other work has explored using physiological measurements not routinely 
available in commercial wearables, such as electrodermal activity [43]. In addition, digital trace 
data, such as social media posting content has been applied to predict mental health states [93]. 
As these advancements involve the collection of private and personal data, it is important to 
highlight recent work on passive tracking that has identified ethical concerns with privacy and 
monitoring of populations [91]. 
 This work is still at an early stage and largely outside the awareness of the providers 
interviewed in this study. However, integration of these emerging methods into treatment and 
management of mental health must ultimately be informed by collaboration with the stakeholder 
communities these tools will impact, including patients, who will be asked to allow these devices 
to collect and transmit their personal data, and clinicians, who will be required to use this data to 
inform and adjust their clinical care. 
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8 FUTURE WORK 
Our findings suggest some areas of further research. First, although a few collaborative uses of 
sPGD were being actively carried out in this care setting such as consulting with patients, most 
uses envisioned by providers were hypothetical. Other research methods may be needed to 
understand what collaborative uses of sPGD would look like on the ground. For example, research 
in this area might introduce prototypes to providers to elicit specific reactions that may inform 
how to design sPGD technologies and integrate them into workflows. Second, findings suggest 
that providers are concerned that patients’ PTSD might lead them to a biased and even dangerous 
interpretation of sPGD. Future work might seek to understand with greater specificity the nature 
of interpretive patterns among those with mental health conditions. For instance, some mental 
health conditions affect processes of social comparison (e.g., a tendency toward upward social 
comparisons that reinforce feelings of inadequacy), and this could manifest when using social 
features of self-tracking [3, 80]. In addition, future research might address how such interpretive 
biases can be addressed in collaborative processes outside the clinic. Work in both the physical 
and mental health domains acknowledges that self-tracking practices are shaped through input 
from others, including not just providers, but also friends, family, peers, and acquaintances [81, 
110]. Applying the lens of situated objectivity, future work may ask what distinct perspectives 
individuals in these social roles can provide to better extract meaning from data and plan action. 
Third, a prior study investigated how veterans in the same ITP made use of Fitbit and its sPGD 
[82], and future research will involve comparing the perspectives of these two groups of 
stakeholders to understand where their perspectives do and do not align.  
 Finally, we noted a gap between providers’ envisioned uses of sPGD and their day-to-day 
practices, with perceived risks emerging as a major barrier to applying sPGD to therapy. While 
there are many variations of models explaining adoption of innovation in health care [26], future 
work might seek to understand whether different care settings and specializations place greater 
or lesser emphasis on risk. For example, mental health care providers may be particularly sensitive 
to risk given the perceived vulnerability of their patients. Understanding the role of risk may be 
crucial to facilitating further adoption of novel technologies in mental health care treatment.  

9 LIMITATIONS 
Our study had several limitations. First, our study was limited to one care setting, an intensive 
treatment program for PTSD. While such settings are common for PTSD treatment among 
returning veterans, it is unclear to what extent the use of sPGD would proceed similarly in other 
care settings, such as those that feature less time with patients, fewer providers, or different areas 
of specialty. Second, in this care setting, the specific wearables provided to patients were Fitbit 
brand. While we cannot generalize our findings to other sources of sPGD, Fitbit leads in the 
consumer market for wrist-worn wearables and has features common across many other such 
devices. Third, it is worth noting that the Fitbit is not designed for mental health specifically or 
for a clinical setting. Yet, as discussed throughout this paper, the type of information derived from 
the Fitbit may nonetheless include behavioral and physiological signals pertinent to mental health 
and its treatment.  

10 CONCLUSIONS 
In this intensive treatment program, mental health care providers identified opportunities for 
sPGD to empower their patients in managing PTSD, as well as potential to situate data in 
therapeutic expertise to guide data interpretation. However, while patients may have increasing 
interest in bringing these data into mental health treatment settings, providers had thus far not 
taken an active role in integrating sPGD into their practice. Provider perspectives highlight a 
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number of challenges in adopting consumer-focused technologies in routine mental health care. 
Their hesitation reflects, in part, the lack of clear clinical relevance of the data. Furthermore, 
providers anticipated that substantial time and effort would be needed to appropriately 
understand and apply these new, complex data streams. Without organizational support, applying 
sPGD in therapy might compromise their ability to meet present professional objectives and 
standards based around established self-report metrics. These findings suggest areas of 
consideration when bringing self-tracked data into mental health care and highlight the 
importance of facilitating data interpretation, establishing clinical relevance, and managing risk. 
These issues will likely play an important role as wearables and their data further diffuse into 
mental health care.  
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