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ABSTRACT 

Over the past decade as smartphones and wearable tracking devices have grown in popularity, 

more individuals have begun collecting their own health and behavioral data. Innovations in 

sensor technology now allow individuals to continuously collect data over long periods of time 

with minimal effort. As a result, more data has become accessible for individuals and their 

healthcare providers to analyze and inform decisions. While these data are often assumed to 

be a record of health and a reflection of the self-tracker’s routine living, it is inevitable that data 

is captured during a period of disruption or non-routine circumstances. This dissertation 

research investigated how self-tracked data that has been captured during such circumstances 

are reflected upon after the disruption has ended. The preliminary study explored the use of 

wearable data captured during an intensive outpatient therapy program, a circumstance 

outside of the patients’ routine environment. The main study explored how women reflected 

on data from their pregnancy around one year after giving birth. Through these studies, I 

formulated the notion of bounded situational contexts to encapsulate how individuals perceive 

the boundaries of disruption within data that is captured. I discuss how self-tracking tools can 

be designed to enable individuals to modify visualizations of their data according to their 

perceived bounded situational contexts to aid in data interpretation.  
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1 INTRODUCTION 

1.1 Motivation 

The mass appeal of quick self-optimization through the datafication of the self has led to an 

explosion in popularity of wearable self-tracking devices over the past decade [203]. With every 

upgrade, leaders of the wrist-worn wearable industry, Fitbit and the Apple Watch, race to add 

features that will quantify a new aspect of the wearer’s body and package the data back to the 

wearer in a visually appealing format. Beyond the mainstream channels, other wearables 

companies have developed products used to track oxygen levels in newborns1, performance in 

professional athletes2, local pollution3, and fertility4. Users of wearables span the range from 

the soldiers5 to pets6. At its foundation of this narrative of self-optimization is the ability to 

measure the self and reflect on data.  

Prior studies have demonstrated how self-tracking enables individuals to better understand and 

improve their health by shedding light onto previously invisible habits and behaviors [142]. For 

instance, by using health-monitoring applications, individuals with diabetes can find 

correlations between their actions and their health which then can lead to changes in self-

management practices [157]. In another example, providing individuals access to pedometers 

has been shown to increase their physical activity [5]. These studies suggest that tracking can 

 
1 https://owletcare.com/ 
2 https://www.catapultsports.com/ 
3 https://www.laroche-posay.me/en/article/MY-SKIN-TRACK-UV/a37392.aspx 
4 https://www.avawomen.com/ 
5 https://www.nytimes.com/2018/01/29/world/middleeast/strava-heat-map.htmlp 
6 https://www.whistle.com/ 
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motivate behavior change through the identification of direct causes and effects [110]. In 

recent years, researchers, designers, and developers have begun to explore the use of 

ubiquitous sensing technologies to detect and predict periods of stress, depression, 

schizophrenia, among other mental health conditions [50, 64, 65, 255]. 

In the clinic, self-tracking symptoms or activities have long been recommended to patients as a 

part of the treatment process [30, 125]. Research has suggested tracking items such as physical 

activity can help patients understand their depression or tracking moments a patient relies on 

alcohol in order to identify triggers [73, 163]. Sharing self-tracked data can supplement and 

enrich existing clinical health records in ways that were previously impossible or infeasible. Self-

tracking technologies have been shown to open up opportunities for remote monitoring and 

more data-driven and collaborative decision-making [39]. As evidenced by the increasing 

inclusion of self-tracked data into electronic medical records, these data which were captured 

outside of the clinical environment are playing an increasingly important role in the health care 

system. 

The commercialization of ubiquitous sensing technology has introduced complications for 

health data interpretation: these patient data are no longer captured solely within a controlled 

clinical environment. Patient health data are now captured often using sensors throughout 

different contexts of the individual’s life [186]. When activities and behaviors are captured by 

sensors, an individual’s actions are transformed into digital representations and key contextual 

information is often lost. There is a growing body of work within the HCI and ubiquitous 

computing fields around the development of systems that capture supplementary contextual 
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information. These studies which investigated context-aware technology and the incorporation 

of context into self-tracked data often focus on specific aspects of context that can be captured 

passively such as geographical, temporal, or social contexts [73, 143, 208]. The contextual 

information intended to enrich the behavior captured are often represented in data 

visualizations at a fine-grained scale (i.e. on a moment-by-moment basis), for example, an 

individual’s GPS location at discrete points in time [208]. There is often a gap in the information 

necessary to fully realize the tracker’s situation as coarse-grained contexts (i.e. situations that 

span across individual moments) are often excluded in data visualizations. 

1.1.1 Research Motivation: Non-Routine Circumstances 

The few studies that have focused on recontextualizing self-tracked data beyond the fine-

grained scale have primarily focused on routine circumstances within chronic physical health. I 

consider routine circumstances as a type of coarse-grained context because the concept of 

routine spans across individual moments. For instance, Raj et al. [193] investigated how the 

temporal context of “weekend” influenced blood sugar spikes in a regular pattern. Therefore, 

as opposed to focusing on fine-grained context – individual blood sugar readings at specific 

points in time – they studied how cyclical patterns across multiple routine weekends influenced 

blood sugar. However, not all of life is routine. Few studies on self-tracking focus on non-

routine circumstances, yet these periods are critical to take into consideration when 

interpreting health data.  

Breaks in routine circumstances are inevitable. Reasons for a routine to be disrupted or a 

transition to a new routine include moving homes, having a child, or dissolving a marriage [89, 
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99]. Yet, this information is often absent from data visualizations that individuals use to manage 

their health. For instance, an individual experiencing a depressive episode may fail to track 

their health during this period. Without visibility into this circumstance, viewers of the data may 

interpret lapses in tracking as simply forgetfulness when in fact, the missing data could indicate 

the need for an intervention [160]. Data representations that do not reflect non-routine 

circumstances may lead to misinterpretation and missed opportunities to gain an 

understanding about the self-tracker. 

The process of interpreting data from a non-routine circumstance may be different from the 

process of interpreting data from routine circumstances. During routines, the individual is at a 

steady state and within a predictable context. Context can be comprised of both external and 

internal components [178]. External contexts can be physical constraints (e.g. environments, 

tools) or social influences (e.g. cultural norms, obligations) while internal contexts can be 

personal goals, skills, and preferences [106, 178]. For instance, a routine “weekend” can 

involve a set of recurring and predictable external contexts and internal motivations. During a 

non-routine circumstance, external contexts may be unfamiliar to the individual and therefore 

internal context plays a more critical role in sensemaking and subsequent activities [178, 254]. 

In this research, I explored how individuals reflect on self-tracked data captured during non-

routine periods of life.   

Through a series of studies, I develop the concept of a bounded situational context (BSC) as a 

sensitizing concept to refer to a personalized context that an individual implicitly defines by 

factoring internal and external contexts during non-routine circumstances. This concept helps 
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to frame the observed temporal misalignment between the external disruption as well as the 

data that individuals internally perceived to be related to the disruption. Through this 

characterization, I aim to support the design of self-tracking technologies that more 

appropriately convey the lived experiences of the tracker. In turn, this will enable individuals to 

reflect on data they find relevant to their health and inform their health self-management 

practices.  

1.2 Research Objectives 

In this research, I examined the use of self-tracked data towards an understanding of mental 

health during non-routine circumstances. Motivated by a gap in prior research on the 

applications of passively captured self-tracked data in mental health clinical care settings, this 

dissertation first examined how mental health care providers envision using self-tracked data 

during a three-week inpatient treatment program, a non-routine circumstance. Results from this 

preliminary study prompted me to continue to explore how another non-routine circumstance, 

pregnancy, can influence how self-tracked data is used towards an understanding of health by 

individuals themselves. 

This research has three objectives: (a) examine how mental health care providers envision the 

use of self-tracked data in clinical care, (b) understand how self-trackers envision using data 

from a non-routine circumstance and (c) identify design considerations when visualizing self-

tracked data captured during a non-routine circumstance. Overall, I aim to expand research on 

self-tracking by focusing on mental health and providing insight on the care provider 
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perspective and then by homing in on how non-routine circumstances affect how the resultant 

data is reflected upon. Through this research, I address the following questions (see  

Table 1): 

Table 1: Summary of research questions, gaps, and contributions 

Research Gap Research Questions (#) Contributions 

Given the increase in use of 
sensor data by people to self-
track their behaviors and 
activities, we need a better 
understanding of how self-
tracked data can be used for 
mental health care from the 
perspective of mental health 
care providers.   

(1) How can self-tracked data be 
used in mental health clinical 
care? (preliminary study) 

(1a) What are mental health care 
providers’ perceptions of self-
tracked data? 

(1b) What are the benefits and 
challenges of using self-tracked 
data in mental health clinical care 
settings? 

An empirical investigation on the 
perspective of mental health care 
providers that treat patients on 
the use of patient self-tracked 
data for mental health resulted in 
a descriptive contribution 
expanding the body of literature 
on how self-tracking technology 
can improve mental health within 
clinical practice.  

Despite the importance of 
understanding context that 
underlies self-tracked data, 
there is a lack of research on 
how data from non-routine 
circumstances are interpreted 
and used over time (i.e. once 
a routine returns or a new 
routine is established).  

(2a) How do self-trackers define 
which data captured during non-
routine circumstances are useful 
to reflect upon? (main study) 

(2b) How do self-trackers envision 
reflecting on data after the non-
routine period has passed?  

By examining data interpretation 
practices within non-routine 
circumstances, this study 
extended current literature that 
had focused primarily on routine 
circumstances. Descriptive 
contributions included extending 
current literature on how 
individuals interpret and perceive 
health data captured for a non-
routine context.  

Theoretically, this study was the 
first to characterize how self-
trackers implicitly employ data 
work in order to segment data 
from non-routine periods – 
defining the term bounded 
situational context. 
 

Prior research on 
visualizations of self-tracked 

(3a) How should we think about 
designing data visualization-

The empirical study surfaced 
assumptions of current self-
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data have explored how to 
include context on a routine 
basis (e.g. weekends vs 
weekday behaviors) or on a 
fine-grained scale (e.g. 
instances of physical activity). 
However, little is known 
about how to represent data 
captured during non-routine 
circumstances, a type of 
coarse-grained context.  

modification features that support 
the reflection of data after the 
non-routine period has passed? 
(main study) 

(3b) What are the benefits and 
challenges of modifying data 
visualizations that depict a non-
routine period?  

tracking data visualizations that 
fail to consider disruptions to 
routine.  

Design contributions included 
data visualization-modification 
features that can be used to 
depict bounded situational 
contexts and empirically 
evaluating their perceived utility. 

 
1.3 Study Overview 

This dissertation research consists of (1) a preliminary study in which I conducted interviews to 

understand care providers’ perceptions of using patient wearable data during outpatient 

mental health treatment and (2) a main study in which I employed interviews and design 

elicitation methods to (a) understand how women interpret stress data captured during their 

pregnancy and (b) develop prototypes of visual-modification features both as a probe and to 

evaluate the features themselves.  

Preliminary study: I explored how care providers envisioned using self-tracked data in care for 

their patients, veterans undergoing intensive outpatient treatment for post-traumatic stress 

disorder. As part of this treatment, veterans were removed from their routine lives for three 

weeks as they received care and voluntarily tracked data on themselves using a commercial 

wrist-worn wearable. Using this tool, the veterans collected data during a non-routine 

circumstance: a treatment program purposefully away from their home and their routine.  



22 

 

I interviewed thirteen health care providers at a clinic which included therapists, non-therapists, 

and administrators. In this study, the participants described how they might use the veterans’ 

tracked data in order to provide care. A few participants voiced concerns that the data tracked 

during treatment may not be reflective of their patients’ health once they complete treatment 

and return to their home and work environment. In other words, participants questioned the 

relevance of data captured in non-routine circumstances when trying to assess patient health. 

This prompted me to pursue a deeper understanding of self-tracking data captured during 

non-routine circumstances for the Main study.  

Main study (Phase 1): To investigate the self-tracker perspective, I conducted interviews with 8 

women who tracked their stress for ~14 weeks of their pregnancy using a biosensor that 

measured heart rate and by answering ecological momentary assessments about stress. 

Through this research, I sought an understanding of how they perceived stress data collected 

from pregnancy, a non-routine circumstance. During interviews, most participants also 

discussed how they might use data they collected from periods before pregnancy that are not 

reflective of their current routine. During the session, the participants were asked to describe 

how they wish to explore these data and the perceived value of these data over time given that 

their circumstances have changed.   

Main study (Phase 2): Following the first phase of the main study, I created graphs of different 

types of health data simulated to depict a pre-pregnancy period, pregnancy, and post-

pregnancy period. I conducted 13 more interviews with other women that had self-tracked 
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their health during their pregnancy and asked them how they may want to modify each graph 

such that the visualizations display information that is relevant to them. 

1.4 Dissertation Overview 

This dissertation consists of six chapters as follows:  

• Chapter 1: Outlines research motivation, objectives, and study design 
• Chapter 2: Provides an overview of relevant research in the areas of self-tracking in 

health management, the role of context in self-tracking, and designing self-tracked data 
representations 

• Chapter 3: Describes the methodologies employed in this research: interviews, 
elicitation, and design evaluation 

• Chapter 4: Presents the preliminary study, answers the first research question, and 
motivates the main studies 

• Chapter 5: Presents the main study, which answers the remaining research questions 
• Chapter 6: Summarizes the research contribution of the dissertation and outlines future 

works 
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2 RELATED LITERATURE 

In this section, I describe the literature from the HCI and Health Informatics communities 

focusing on self-tracking, the role of context, and data visualizations. First, I provide an 

overview of prior work on the use of self-tracking in healthcare. Next, I introduce prior research 

on self-tracking specifically in the mental health domain. Then, I review studies that investigate 

how context influences the interpretation of self-tracked data. Finally, I discuss prior work that 

explore how to design data visualizations that aim to contextualize self-tracked data.  

2.1 Self-Tracking Defined 

For centuries, people have participated in the practice of collecting data on themselves. The 

terms self-tracking, self-monitoring, and life logging are commonly used to refer to the act of 

recording one’s own behaviors, thoughts, and feelings [134]. Thoresen and Mahoney [234] 

outline self-monitoring as a two-step process: (1) identifying the occurrence of the behavior 

and (2) systematically recording this observation. In 2007, the term “quantified-selfers” 

emerged to describe a culture of digital self-tracking, and now refers to a community of avid 

self-trackers [35, 152]. These data captured by individuals, when introduced into a clinical 

environment has been referred to as patient-generated data (PGD) or patient-generated health 

data [216].   

Advances in technology have led to changes in how self-tracked data are captured. Manual 

and passive methods of tracking each have their own benefits and drawbacks. Manual tracking 

affords the tracker freedom and flexibility to track according to their personalized needs [10]. 
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However, it is also considered high burden because it requires the tracker to actively 

participate in their tracking. Therefore, forgetting to track can lead to missing data. While 

burdensome, manual tracking can promote behavior change and impart reflection by 

encouraging deliberate actions that bring mindfulness to the behavior that is being tracked 

[132]. More recently, there has been a shift from manual tracking to passive tracking (i.e. using 

sensors); the wearable tracking device industry is growing exponentially year after year [109]. 

Sensors enable lay-persons to systematically capture data that was previously virtually 

impossible to capture such as the number of steps taken in one day or how much UV light their 

skin has been exposed to over the course of the day [219]. However, in contrast to manual 

tracking, automated self-tracking systems are typically less personalizable to lay-persons and 

the low-burden of tracking also led to lower self-reflection [132]. In sum, different self-tracking 

methods have inherent trade-offs.  

2.2 Opportunities and Challenges in Self-tracking for Health 

A key aspect of self-tracking is that it renders activities and behaviors that would otherwise be 

invisible into visible, tangible assets. Self-tracked health data can offer benefits not only for 

self-management of health, but also for clinical care. However, there are multifaceted 

challenges to the realization of these benefits.  

2.2.1 Data for the Individual 

For individuals self-tracking of their own volition (i.e. not clinician-initiated), data can inform and 

incite action [35]. For example, people diagnosed with a chronic disease such as irritable bowel 

syndrome and diabetes have used self-monitoring to conduct n-of-1 self-experimentation 
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activities in order to learn more about their health [121, 156, 181]. An individual with diabetes 

can create a personal blood glucose index by tracking their blood glucose after eating specific 

foods [156]. These insights in turn can lead to changes in eating behaviors. In these instances, 

tracking allowed individuals to access health data that can reveal patterns such as symptom 

triggers and the efficacy of interventions.  

However, there are challenges to self-tracking including burdensome data collection and lack 

of tools to interpret the collected data [35]. Manual self-tracking is burdensome because it 

relies on individuals’ ability to remember to track, to have the appropriate tools to track, and to 

perform the action of tracking [8, 43]. After the data is collected, some trackers find that there 

is no easy way to analyze and interpret data. This issue is particularly salient for trackers who 

are not skilled in statistics or data manipulation. While automated tracking circumvents the 

barrier of burdensome data collection, the large quantity of data collected exacerbates the 

issue of data interpretation [36]. Furthermore, commercial sensors are often accompanied with 

out-of-the-box data visualizations that provide visual summaries of data that are often designed 

in a one-size-fits-all format [118]. This can result in a misalignment between the self-tracker’s 

goals and the data that is presented back to them. For example, a study on women with eating 

disorders found that food tracking applications further encouraged unhealthy calorie restriction 

[54]. The complexity of the dynamics of self-monitoring activities and the enabling technology 

is further compounded when these data are introduced into the clinical arena.    
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2.2.2 Data for Clinical Care 

In contrast to traditional health data captured within the clinic, patient-generated data (PGD) 

are significant because they reflect patients’ health, activities, and behaviors in their daily life. 

PGD can also provide a more complete record of the patient’s health information that can be 

used to improve diagnoses and facilitate the personalization of treatment [38]. Furthermore, by 

actively monitoring their own health, patients are more empowered in their discussion about 

their health goals and priorities with their providers [39]. The availability of these data can also 

allow healthcare providers to monitor patients remotely and intervene in a timely matter [104]. 

In sum, the use of PGD in the clinic can improve clinician awareness of the patient’s health as 

well as improve patient-provider collaboration [146].   

While there are benefits to incorporating PGD into the clinical environment, adoption has been 

low due to a variety of factors [4, 38, 251, 259]. The value of PGD in applied settings is still 

unclear; clinicians aim to mitigate risk and harm when engaging with patients [22]. Therefore, 

they are often skeptical of the reliability of PGD because the data is collected in uncontrolled 

settings and devices are often not clinically validated [250]. There are also technical barriers to 

adoption. For instance, the lack of secure electronic medical record integration with PGD-

capturing devices can restrict a clinician’s ability to review the data [259]. In addition to these 

barriers, clinicians’ limited time dedicated to each patient leads them to favor familiar and 

traditional clinical health measurements and practices of care when making decisions [250]. 

Consequently, integrating PGD into clinical care is unlikely to occur without technical, social, 

and organizational change [259]. 
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2.3 Self-tracking in Mental Health 

Mental well-being is related to positive social and physical health outcomes [7, 248]. However, 

most research on digital self-tracking for health management has focused on chronic physical 

health conditions. There is a gap in our understanding when it comes to its applications to 

mental health care [250]. 

While self-tracking of behaviors, moods, thoughts, and symptoms manually has a long history 

in clinical mental health care, the use of passively sensed data in mental health is a new and 

growing area of research [73, 95, 163, 230]. Digital self-tracking tools for mental health care 

commonly fall into two classes: (1) digitization of traditional tools of care and (2) new sources of 

data that complement or replace traditional tools. The first category consists of digitalization of 

previously paper tools such as questionnaires (e.g. MoodTracker [154], diaries [161], etc.). 

Given that these tools build upon existing practices, they may see similar benefits and 

challenges to clinical adoption as digital self-tracking tools for physical health conditions. For 

instance, clinicians may already be familiar with specific measures of health and therefore are 

confident in data interpretation as compared to new sources of health data. Additionally, lack 

of technical integration to electronic medical records lead to the same obstacles seen in the 

physical health space.  

Tools that fall into the second class, those that leverage technology to replace or augment 

traditional clinical health data, have the potential to change how mental health issues can be 

detected, prevented, and treated. However, few studies have investigated how clinicians might 

apply these new tools in practice [162, 231]. Instead of depending on patient self-report which 
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may be unreliable [220, 241], sensors can enable healthcare providers to directly monitor their 

patients for physiological and behavioral signals of problematic mental health episodes or 

adherence to therapeutic recommendations. However, while the use of sensors to monitor 

physical conditions such as diabetes can be straightforward, its applications to mental health 

conditions such as depression can be indirect and ambiguous. Indeed, within clinical mental 

health care, most research on the use of sensors focuses on increasing physical activity as a 

means of managing mental health issues [2, 37, 42, 207]. Furthermore, while there is a growing 

body of research on the use of machine learning to track mental health status [173, 231], few 

investigations have included the perspective of mental health clinicians. More research with 

mental health care providers themselves is necessary to identify more opportunities for the use 

of sensor data in mental health clinical care settings. 

2.4 Context and Self-Tracking 

Unlike traditional health data captured by a healthcare provider at point of care, self-tracked 

data collected by patients is affected by the different contexts of their daily lives. When 

patients capture data passively by wearing a sensor or actively by answering questions 

periodically, these data captured are inherently influenced by the various factors within the 

patient’s ongoing life circumstances. For instance, blood glucose data from a patient, when 

collected at a clinician’s office will reflect a specific and moderately controlled value while 

blood glucose data from a continuous blood glucose monitor, collected throughout the day, 

will reflect variations throughout the day or days of the week based on various life contexts 

such as work and leisure [193]. An understanding of these different contexts in which the health 
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data is collected is imperative for accurate data interpretation. Below, I examine prior research 

in HCI on incorporating context when capturing or using self-tracked data. I identified a gap in 

the current literature on context and self-tracking; currently, routine and frequently recurring 

contexts have been the primary focus of study. By examining the few prior studies on self-

tracking during non-routine contexts such as disruptions, I argue that disruptions are common. 

Therefore, an understanding of non-routine context is important for individuals and providers 

to be aware of when reflecting on self-tracked data. 

2.4.1 Context Defined  
 

“Context is any information that can be used to characterise the situation of an entity. An entity 
is a person, place, or object that is considered relevant to the interaction between a user and an 
application, including the user and applications themselves.” – Anind K. Dey (1999) [1] 

 

Context is relevant information that, when absent, would change meaning of what is being 

communicated. Context is multidimensional (e.g. physical/spatial, social, emotional [187] and in 

a given point in time, different types of context can coexist, be nested within each other, and 

hierarchical [51, 189]. Understanding the multiple facets of contextual information can 

contribute to individuals’ understanding of their health status and health management activities 

[34, 181]. 

Contextual information is a critical factor when it comes to the interpretation of self-tracked 

data because context is deeply embedded in each stage of tracking [59]. These stages include 

the motivation to track, the means of capturing data, the ongoing process of collecting, 

integrating, reflecting on the data, and potential lapses and resuming of tracking. For instance, 

with regards to motivations to track, contexts such as health condition and external 
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circumstances such as social contexts can influence one’s intention or ability to track. The 

information collected will reflect the envisioned uses and desired insights from the data. 

Regarding the means of capturing data, tracking through manual or automated approaches 

depend on technical and economic contexts. For example, the availability of affordable mobile 

technology and the individual’s wealth can determine the feasibility of holding on to manual 

tracking tools during the day or wearing sensors. Ultimately, the data collected reflects the 

various dimensions of context across the different stages of self-tracking.  

As more people begin to track their health using wearable sensors, long-term tracking through 

a variety of changing life contexts is becoming increasingly common, which introduces new 

factors to consider when interpreting data [166, 200]. Meyer et al. [166] recently defined long-

term tracking as tracking that occurs over the span of years. When individuals track in the long-

term, lapses in tracking are expected and understanding the contexts that have led to these 

lapses may be as meaningful as the data itself. Furthermore, when data persists in perpetuity, it 

is unclear how long records will be meaningful, useful, and relevant to the individual. For 

instance, heart rate data captured during stressful period of illness may no longer be relevant 

once the individual has made a full recovery. Therefore, capturing the contexts surrounding 

these data become increasingly pertinent when interpreting data that has been collected over 

long periods of time. 

2.4.2 Routine Contexts 

Context-aware systems often rely on dimensions of context that are detected on a moment-by-

moment basis, such as a specific location at a specific time, which I refer to as fine-grained 
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context. Pavel et al. [187] classified contexts that contribute to an understanding of how various 

aspects of life influences wellbeing into the following dimensions: physical/spatial, social, 

emotional, mental, activity, availability, and environmental. The dimensions of context are 

numerous and as such, much research on context-aware systems have focused on how systems 

can be designed to capture contextual information passively [188]. Breaking down context into 

discrete entities provides a foundation for researchers to collect variables through various 

passive data collection tools such as sensors and APIs. For instance, Rabbi et al. [191] used 

motion, light, temperature, humidity, and audio sensors to assess wearers’ mental and physical 

health. Outside of automated data collection methods, researchers have also developed 

models that rely on capturing data through analog means such as ecological momentary 

assessments in which individuals periodically record their activity or mood such as stress in-the-

moment [175]. Fine-grained contextualized systems enable important features such as just-in-

time interventions [1, 114, 201, 217, 240] and user-friendly data aggregates such as averages 

and trends [18]. Indeed, aggregation is more readily understandable by individuals:  

“One would expect our added contextual cues (such as location visits and commutes) 
to strengthen users’ capacity to reconstruct past days, which should make past days’ 
history more meaningful and interaction more likely. This was not supported…Such low-
level representations of context have been found to be less valuable in uncovering the 
factors that influence behaviors when compared to high-level representations of 
physical activity (e.g., tables with overall exercise performed during a week at work), as 
they require ‘paging days of detailed data to attempt to find trends, correlations, or 
opportunities for change.’” [83] 

In such instances, the more data that is collected, the more accurate predictions will be. 

However, the underlying assumption in these studies is that the data is collected during a 
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routine period in which the data captured during these times are transferrable to future 

instances.  

Routines are repeated actions that are caused by recurring situations [100, 101, 174]. Routines 

consist of: (1) a context and (2) the set of behaviors in response to that context. Therefore, 

routine contexts enable predictable outcomes [184]. For instance, the routine context of 

weekend is recurring and can be used to detect and predict measures of health related to 

weekend-related environments and behaviors [193]. Frequently recurring departures from 

routine are referred to as routine variations and in themselves, can be predictable, for example, 

monthly happy hours that lead to anticipated spikes in alcohol consumption [12]. However, it is 

common for routines to break and resume, or change entirely.  

2.4.3 Non-Routine Contexts 

Infrequent or non-recurring deviations from routine may lead to uncharacteristic actions that 

are less predictable, for instance, a natural disaster that leads to altered patterns of eating [100, 

101]. Deviations from routine can be a time of instability or unpredictability and have been 

characterized in various ways in the HCI literature. Scholars have referred to the period after a 

destabilizing life disruption or life event such as dissolution, moving, or gender transition as a 

life transition or a construction of a new normal [89, 99, 159, 210]. Such unexpected “crises” 

and transitional periods that “punctuate discernable time blocks of a more or less steady state” 

(i.e. routine) can be unpredictable and difficult to define for patients, their caregivers, and 

healthcare providers [26]. The experience of cancer has been described as a journey, a period 

of life or health in flux [113, 167, 226]. Sandbulte et al. [206] refer to disruptive moments such 



34 

 

as illness that change how family members share their health information as “turning points.” 

Broadly, I will refer to these periods of instability, transition, construction of a potential new 

normal, which are not inherently recurring, as non-routine contexts.  

While disruptions or changes to routine are a common occurrence, few studies have 

characterized the nature of self-tracking or the use of the resulting data during these non-

recurring periods of disruption, transition, or evolution [89, 99, 200]. Prior HCI research that has 

explored self-tracking during such periods have primarily been situated in chronic illness 

contexts. For instance, prior work studying the lived experiences of self-tracking Parkinson’s 

Disease has found that individuals and their caregivers experience cycles of routinization of 

health management tasks as well as evolving routines through disease progression [169, 170, 

180, 242]. Outside of the context of chronic illness, as more data on individuals become 

available through long-term self-tracking, understanding how individuals interpret a lifetime of 

data – through its continuous evolution and the process of aging – will be increasingly relevant. 

Early work on self-reflection through long-term quantified tracking by Elsden et al. found that 

data were used to aid individuals in creating personal accounts of their past [56]. On a granular 

level, prior research on self-tracking for health have suggested that there are several ways in 

which non-routine contexts can influence both the tracked data itself as well as the 

interpretation of data that is tracked. 

2.4.4 Interpreting Self-Tracked Data from Non-Routine Contexts 

Given the challenges of ambiguity of and variety in types of disruptions, we know little about 

how self-tracked data collected during non-routine contexts are interpreted, how their 
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relevance evolves across changing contexts, and how we should design data visualizations for 

such situations [182]. However, by examining prior studies specifically on lapses in the routine 

self-tracking, I found shifts in how self-tracked data are collected and interpreted during such 

contexts. 

Lapses in self-tracking have been long studied in HCI and commonly framed as a ‘failure’ to 

track and a missed opportunity for insight [138, 166, 200]. However, by considering the context 

of a disruption to the tracker’s individual lives, lapses in data can be reframed as valuable 

information. For instance, Matthews et al. [160] found that due to the “syncopated rhythms” of 

bipolar disorder, the onset of an episode of depressive symptoms may lead to a struggle to 

self-track. Thus, the absence of data may be clinically meaningful in itself. Schroder et al. [213] 

introduced the concept of nonbinary lapsing when they studied the self-tracking practices of 

individuals that experience migraines. While most literature up until that point had framed self-

tracking as a binary of tracking or not tracking [138, 166, 200], they found that individuals 

would modify the type of information they recorded during stressful life circumstances as 

opposed to completely lapsing. These studies suggest that knowledge around the non-routine 

contexts that are not regularly recurring or inherently cyclical could serve as information to help 

future data-viewers interpret gaps or modifications in what is tracked as valuable insights about 

health. While disruptions can be reflected in data through gaps or changes in what is tracked, 

they can also manifest as values captured that deviate from the norm.  

Circumstances of disruptions can influence the data that is captured and how they are 

perceived [200]. During the COVID-19 pandemic, individuals in quarantine had to adjust their 
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exercise plans because goals including a high step count were no longer reasonably achievable 

[145, 227]. Body weight and food tracking data during pregnancy also deviate from that data 

of a prior routine (i.e. from a non-pregnant period). Without the context of “pandemic” or 

“pregnancy,” the data collected during these disruptions (a low step count or rapid weight 

gain) may be considered alarming. Visibility into contexts of disruption or transition are 

arguably even more valuable when interpreting self-tracked data than during routine periods 

[143]. Given the importance of understanding context when interpreting self-tracked data, 

there is a growing body of research in HCI that investigates how to make contextual 

information available within visualizations of self-tracked data [181]. 

2.5 Designing for Recontextualization 

Visualization is a powerful tool for making sense of large quantities of data. Visualized health 

data can quickly convey information about individuals’ health condition and feedback 

regarding their health trajectory [181]. Interfaces for visualizing data may display a single value 

(e.g. blood glucose monitor) or multiple values such as mood over time (e.g. MONARCA) [13]. 

How data and their associated contexts are presented impact the understanding that 

individuals glean from reviewing these data.  

2.5.1 Leveraging Context in Design 

With the ever-increasing amount of health data being collected by sensors, context becomes 

more important to support interpretation. Context in various forms are used to enrich data; this 

may include potential explanatory factors or perhaps triggers for an individual’s memory to 

promote self-reflection [181]. Contextual information has been presented in the form of 
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photos, text, weather information, and phone activity among others. Context that has been 

incorporated into visualizations, as previously discussed, are often at a fine-grained scale. For 

instance, Figure 1 depicts an artistic representation of outdoor and indoor air quality with 

respect to a tracker’s activities to allow them to reflect on how air quality impacts their asthma 

symptoms [256]. Such designs exclude other contextual factors may be co-occurring such as a 

period of illness or transition to new medication that may be affecting asthma symptoms. 

These factors are critical for an individual to be aware of when interpreting these data.   

 
Figure 1: Visualization of air quality and types of activities to help a tracker reflect on their asthma status [256]. 

2.5.2 Designing Visualizations of Context 
Within the health data visualization and context space, there are studies that explore how 

individuals will interpret contextualized data and those that investigate visualization methods.  
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In an example of the former, Sharmin et al. [217] created various data visualization prototypes 

based on input from experts and evaluated each visualization with potential users. The goal of 

Sharmin et al.’s visualizations were to provide researchers with a visualized overview of their 

participants’ stress data in order for them to identify appropriate times to present just-in-time stress 

interventions. Their designs were informed by a group of biomedical researchers, with whom they 

collaborated. The authors did not outline how they created their designs, but ultimately, they 

proposed four visualizations: spatio-temporal, temporal, contextual, and event-centric. Their results 

suggest that each of the visualization types provided different levels of granularity of context, each 

with its own advantages and disadvantages. The focus of such studies are to understand the use of 

contextualized data more so than designing such visualizations [87]. 

In an example of a study that focuses more on how to design visualizations for context, Epstein et 

al. [58] created visualizations of self-tracked data intended for personal use and self-reflection. First, 

they collected self-trackers’ goals and interests through a survey. They then introduced the concept 

of visual cuts which feature a subset of collected data with specific geographic or physical activity 

data to contextualize the values displayed. Based on the surveys, they developed various 

combinations of contextual features using a variety of visualization methods including tables, 

graphs, captions, maps, and Sankey diagrams. The goal of this study was to assess the type of 

visualization method most appropriate to convey the desired information. Similar to the results of 

Sharmin et al.’s study, they found that the contextual information was a valuable tool for data 

interpretation.  

In these examples, the contextual data undoubtedly provided additional insight about stress or 

other self-tracked data. However, the contexts depicted were on a fine-grained scale of individual 
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days or instances of physical activity. Taking a broader view, when data exists in perpetuity, data 

collected from the past periods of life may not be representative of the individual in their present 

situation and therefore aggregating these data may obscure the current realities. Once a routine 

context has changed and a new normal has been established or once a disruption has passed and a 

routine context has resumed, how should such historical data be represented in visualizations?  

2.5.3 Conceptualizing Context Through Design 

In a literature review on self-care technologies, Nunes et al.’s [181] identified six design 

considerations to help designers determine how to provide contextualized information 

specifically with respect to chronic conditions. They suggest: (1) patients more knowledgeable 

about their condition may seek to reflect on multiple dimensions of context for a single data 

point, (2) a patient should focus on one specific value and explore the context around it, (3) 

overview visualizations that show how a specific value changes over time must include context 

in order to avoid superficial interpretation, (4) only contextual information that is capturable 

should be incorporated into visualizations, (5) it may be beneficial to combine both overview 

visualizations and contextualized visualizations and (6) multiple visualization perspectives 

should be used to engage different types of users. However, when considering the context of a 

disruption, we see that it is less clear about how data from disruptions should be presented 

based on these strategies. For instance, a disruption may occur at an unexpected time with an 

unknown duration. This raises the question whether the designers should be making the 

decisions around how to present this coarse-grained context or whether the individual 

themselves should control how coarse-grained contexts are represented in the visualization.  
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My thesis work is complementary to Raj et al.’s [193] study in which they introduce the notion 

of contextual frames: “recurring contexts in which the factors that influence behavior and 

health status take on different degrees of relevance, thereby having different impacts on 

behavior.” For instance, a contextual frame of summer camp can lead to a patient’s lack of 

access to appropriate foods and increased activity, which may lead to low blood glucose levels. 

Through understanding these patterns, researchers and designers can create representations 

of data that more closely embody the lived experiences that influence health-related behaviors. 

In their discussion of design implications when considering contextual frames, Raj et al. [193] 

note that (1) timescale representations of data must reflect the type of temporal cycles as 

determined by users, (2) certain contextual frames may have relationships with one another, 

possibly reflecting a sequential pattern which can then be used for health predictions, and (3) 

similarities and differences between contextual frames can be used to design effective support 

strategies. In contrast, the main study of this dissertation seeks to explore the uses for self-

tracked data captured during disruptions and potentially non-recurring contexts. Given the lack 

of cyclical patterns, not all the findings about contextual frames apply to contexts of disruption. 

For instance, receiving a bone marrow transplant is a disruptive period of transition and 

uncertainty which introduces novel and unfamiliar factors that influence patients’ health [26]; 

such factors place the context of recovery outside of the definition of a contextual frame. This 

raises the question of how we design visualizations of self-tracked data captured during 

contexts that are newly emerging (i.e. not yet be classified as a contextual frame) or perhaps 

will never recur.  
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2.6 Summary 

Designing features to surface distinct periods of non-routine life that are reflected in self-

tracked data can support trackers in their goal of learning about or managing their health. To 

do this, we first need to better understand the uses for self-tracked data that is captured during 

non-routine contexts. I defined non-routine contexts broadly as periods of disruption, 

instability, transition, and construction of a potential new normal. I investigated how data 

collected during these periods can be used in the moment, proximally, and distally.  

The HCI community is beginning to approach the design of personal informatics systems as 

less of a static tool and more as a dynamic and subjective class of tools that allows for changing 

goals and life experiences [111, 151, 185]. Prior HCI research on recontextualizing self-tracked 

data have primarily investigated routine circumstances such as weekends and workdays or 

routine variations within chronic physical illness and physical health. I acknowledge that current 

technology is not designed to capture non-routine contexts and therefore logging such 

contexts are likely to be manual and highly burdensome [143, 158]. However, if we can better 

understand how these types of data can be used or change how people perceive their data, 

we can then identify ways to design systems towards meaningful data collection, curation, and 

utilization.   
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3 METHODOLOGY 

3.1 Chapter Overview 

The preliminary and main research studies are formative and qualitative in nature. Formative 

research is often used when exploring new conceptualizations and generating knowledge in an 

emerging area [74]. Qualitative research methods take an interpretive approach and are used 

to understand another’s view of the world rather than that of my own [116]. These methods are 

appropriate for both my preliminary study in which I sought to understand the perspective of 

mental health care providers and in the main study in which I investigated how women come to 

understand data from their pregnancy with respect to other periods of life. This chapter 

provides a brief overview of the data collection and analysis methods employed in this 

dissertation work. Details on the research methods for the preliminary and main studies are 

provided in Chapter 4 and Chapter 5 respectively.  

3.2 Data Collection 

Data was gathered through semi-structured interviews with text-based elicitation methods in 

the preliminary study and through semi-structured interviews with visual elicitation activities in 

the main study.  

3.2.1 Semi-structured interviews 

Semi-structured interviews are a commonly used method in HCI research and in particular, in 

healthcare research [79, 229]. The interview guide is versatile and flexible, allowing for 

spontaneity in response from participants. It also provides structure so that the researchers can 
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collect similar types of information from each participant while allowing for participants’ 

personal experiences to surface [103]. After allowing for participants’ personal expressions, 

interviewers may improvise follow-up questions [202]. Therefore, the construction of the semi-

structured interview guide must adequately allow the researcher to gain an understanding of 

the phenomenon studied, prevent the collection of data that is not necessary for the research, 

and empower participants to voice their individual experiences.  

3.2.1.1 Generative Elicitation Activities 

While semi-structured interviews traditionally involve the elicitation of information through 

questioning, elicitation techniques can be used to enrich question-based responses [16, 236]. 

Visual elicitation methods such as photo elicitation can be used to trigger memory in 

participants, lead to new perspectives, even help develop rapport with the participant [61, 

117]. Oral-based elicitation such as, vignettes, stories about an individual or a situation, are 

presented to participants through text or orally before they are asked for their response [107, 

250]. Vignettes can be used to investigate hypothetical responses or concepts unfamiliar to the 

participant. Broadly, semi-structured interviews with elicitation activities consist of prompts 

which provide structure to capture information towards the study purpose and the guiding 

research questions [119, 126].  

My studies employ text-based and graphic elicitation methods in conjunction with semi-

structured interview questions. In my preliminary study with mental health care providers, I 

used text-based elicitation cards as a means of reminding participants of the list of items to 

discuss including types of data captured by wearables that they may be unfamiliar with. 
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Similarly, my main study with pregnant or recently pregnant women involved selecting from an 

array of cards with types of self-tracked data on each according to prompts. These text-based 

elicitation methods have been employed by HCI researchers in the past [57, 90, 112, 171].  

Additionally, for the main study I used visual elicitation techniques to complement semi-

structured interview questions; specifically, I employed graphic elicitation. Graphic elicitation 

techniques such as diagrams have been used to depict  conceptual subjects through graphic 

abstraction [45]. An example of a graphic elicitation activity used is the timeline (see Figure 2) 

[11]. By having participants draw a timeline of their past, they can reflect on their past and 

present lives; this is critical as a core component of the main research study is understanding 

the temporality of context when it comes to self-tracked data. Drawing activities allows 

participants to reflect on the topic being explored [77]. Diagrams such as the timeline can be 

used to provide a basis for further probing and communication between researcher and 

participant [45]. 
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Figure 2. A participant-drawn timeline from [11] 

 

3.2.1.2 Evaluative Elicitation Activities 

Within HCI, researchers employ a variety of methods to evaluate whether a design has 

achieved the intended goal [195]. The choice for evaluation method is derived from the 

research goal [85]. For instance, a self-reported user questionnaire may be effective evaluating 

subjective measures that such as ‘Satisfaction,’ but a task analysis may be more appropriate 

when evaluating the efficiency that a design enables.  

As one primary objective of the main study was to better understand how data should be 

visualized, graphic elicitation was a key component of the evaluation process [102]. Through 

the semi-structured interviews in Phase 1, participants expounded upon their envisioned uses 

(or non-uses) of their health data captured before, during, and after their pregnancy. 

Participants described how they perceived the bounded situational nature of their pregnancy 

data. Based on findings from these initial interviews, I developed different means of modifying 

data visualizations.  In Phase 2 of the main study, participants evaluated the utility of these data 

modification features through a visual demonstration of a graph of simulated pregnancy data 

during a video call. My research methods follow the trajectory demonstrated in Crilly et al.’s 

model of the graphic elicitation process  [45] (Figure 3).  
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Figure 3. A flowchart of the graphic elicitation process from [45].  

3.2.1.3 Interviewing Effectively 

Once a semi-structured interview guide has been designed, it is the role of the researcher to 

conduct the interview effectively. Researcher skills include making the participant feel 

comfortable and safe to disclose information, clear communication, active listening, the ability 

to direct and redirect a conversation towards the research goals tactfully, and the ability to 

engage while maintaining neutrality. In my preliminary study, I conducted individual semi-

structured interviews with mental health care providers. The semi-structured interview protocol 

allowed the participants to share their lived experiences that they may not have previously 

given much thought about and allowed me as the researcher to reflect their conceptualizations 

back to them as I guided the discussion. Similarly, in my main study, I explored how 
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participants conceptualize data that they might not have previously thought of in-depth. By 

employing a semi-structured interview protocol with question-based prompts complemented 

with text- and other oral-based prompts, I was able to elicit participants’ stories and lived 

experiences.  

3.3 Data Analysis 

In each of these studies, I aimed to convey the story of participants’ perspectives. Therefore, I 

employed Braun and Clarke’s thematic analysis in my data analysis [23].  

3.3.1 Thematic Analysis 

Throughout my data collection for all stages of this research, I used the thematic analysis 

method [23]. Within HCI, thematic analysis is a widely used tool for analyzing qualitative data. 

Using this method, themes are identified, analyzed, and patterns are interpreted from data. 

Braun and Clarke outlined this process in six phases (Table 2). 

 

Table 2. Braun & Clarke’s Six-Phase Thematic Analysis Procedure. 

Phase Description of the process 
1 Familiarizing oneself with the data Transcribing data; reading and re-reading the data; 

noting down initial codes 
2 Generating initial codes Coding interesting features of the data in a 

systematic fashion across the entire data set, 
collating data relevant to each code 

3 Searching for the themes Collating codes into potential themes, gathering all 
data relevant to each potential theme 

4 Involved reviewing the themes Checking if the themes work in relation to the coded 
extracts and the entire data set; generating a 
thematic ‘map’ 
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5 Defining and naming themes Ongoing analysis to refine the specifics of each 
theme; generating clear definitions and names for 
each theme 

6 Producing the report Final opportunity for selecting appropriate extracts; 
discussion of the analysis; relate back to research 
question or literature; produce report 

 

Data analysis and data interpretation occurred during and after data collection [23]. Due to the 

visual and remote nature of the main study, videos were reviewed for visual patterns and since 

this activity is leveraged to prompt further probing and verbal communication, quotes were 

spot transcribed as part of the interview data corpus [96]. Throughout data collection, I 

reviewed audio or video recordings as appropriate while writing memos and formulating open 

codes inductively and iteratively. Once a comprehensive set of open codes were developed, I 

created axial codes, abstracting the open codes into a higher-level conceptualization. These 

axial codes were applied to other session videos and iterated upon to see where more 

prominent themes emerged, and which codes do not fit and therefore needed to be 

discarded. After iteratively defining these codes across the entire dataset, I defined and refined 

themes for the final analysis. These final themes guided the results and discussion of the study.  

3.3.2 Validity and Transferability 
Within HCI, qualitative research is often used to understand complex interactions between life 

and technology [3]. For at least a quarter of a century, there has been disagreement among 

researchers on what consisted “quality” qualitative research [19, 198]. However it is agreed 

that the goal of qualitative research is to generate findings that are valid and transferable [98, 

168]. 
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Validity refers to “the state or quality of being sound, just, and well-founded” [225]. The criteria 

for validity has been widely discussed for decades and while there is no universal agreement, a 

contemporary examination of approaches has defined the primary components as credibility, 

authenticity, criticality, and integrity [253]. I aim to achieve this by conducting data collection 

and analysis methods with rigor. I will conduct recursive and repetitive coding across the data 

corpus and iterate on codebooks to identify patterns and violations of such patterns.  

Transferability refers to the extent to which findings can be utilized in other contexts and 

therefore a useful theory to apply in the world. Transferability is often used in contrast of 

generalizability, which is often the goal for quantitative research. Furthermore, within 

qualitative research, generalizing findings as universal is inappropriate because individuals and 

groups are unique and therefore urge examination from various perspectives [139]. 

Transferring findings is valuable because an understanding of any given setting may lead to 

insights that may explain relationships observed in similar or very different settings. For 

instance, Erving Goffman’s impression management theory originally focused on within in-

person interactions but has since been applied to digital contexts such as social media [81, 

221]. Through dissemination of my main study findings at conferences, I hope to identify new 

domains where my findings are transferrable. 
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4 PRELIMINARY STUDY 
This chapter presents my preliminary study in which I investigated how patient-generated data 

can be used in mental health clinical care. Specifically, I sought to address the following 

research questions 

• RQ1a What are mental health care providers’ perceptions of self-tracked data? 
• RQ1b What are the benefits and challenges of using self-tracked data in mental health 

clinical care settings? 

Below are the results of the study which was originally presented at CSCW 2019 titled 

“Provider Perspectives on Integrating Sensor-Captured Patient-Generated Data in Mental 

Health Care.” I use the plural pronoun “we” to denote the contributions of the co-authors on 

this work.  

4.1 Study Overview 

Studies have shown that sensor-based patient-generated data (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 post-traumatic stress disorder (PTSD). Our investigation sought 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. 
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4.2 Introduction 

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 productivity and increase health 

care expenditures [40, 52, 53, 130]. Veterans experience elevated rates of mental health issues, 

especially PTSD. An estimated 23% of veterans returning from Operation Enduring 

Freedom/Operation Iraqi Freedom receive a diagnosis of combat-related PTSD [76]. Patients 

with PTSD tend to have high rates of comorbid mental and physical health conditions, such as 

depression, suicidality, and musculoskeletal and respiratory disorders [32, 72, 252]. 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 [194], 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 sPGD as a tool to increase 

physical activity, for instance applying wearables as an intervention for overweight or sedentary 

patients [2, 17, 37, 84, 194, 228]. 
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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 [244], 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 and motivate exercise among women 

with comorbid alcohol-dependence and depression, leading to reductions in anxiety and 

depressive symptoms [2]. 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 [125, 163]. 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 [69, 91, 140]. 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 [136], Generalized Anxiety Disorder Scale (GAD-7) for 

anxiety [224], PTSD Checklist for Diagnostic and Statistical Manual of Mental Disorders, Fifth 

Edition (PCL-5) for PTSD [20], and Brief Alcohol Monitor (BAM) for substance abuse [28]. 

However, these self-report measures are subject to biases due to factors such as memory and 
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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 [39, 164, 172, 205, 212]. 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 [27], 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 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. 

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 
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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.  

4.3 Methods 

4.3.1 Study Context: Post-Traumatic Stress Disorder 

The lifetime prevalence of PTSD is estimated to be around 7% among American adults [129]. 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 [9]. 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) [128] 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 [15, 128].  

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 
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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 [75, 197]. 

The uptake of evidence-based treatment for PTSD is poor due in part to patients’ avoidance as 

well as difficulties accessing treatment [108, 123, 214, 249]. 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 [123, 124]. Intensive treatments 

are beginning to gain significant traction and yield positive results for a variety of mental health 

conditions [94, 211].   

4.3.2 Study 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 [citation anonymized for review]. Each cohort 

consists of 10-13 veterans diagnosed with PTSD. To measure progress over the three weeks, 

veterans complete four clinical survey assessments. These surveys track symptoms of PTSD 
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(PTSD Checklist for Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition, PCL-5) 

[20, 21], depression (Patient Health Questionnaire-9) [136], negative cognitions (Post-traumatic 

Cognitions Inventory) [67], and guilt (Trauma-Related Guilt Inventory) [137].  

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, 

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.  



57 

 

A prior study investigated how veterans in the ITP made use of Fitbit and its PGD [179], 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. Care team members 

present at the time of the very first distribution of Fitbits received minimal (<1 hour) training on 

the data generated by the Fitbit. Team members that joined after this point 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 

once to store for potential future research (Figure 4). 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.  

 
Figure 4. De-identified Fitbit data from a patient that completed the program 
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4.3.3 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 and the clinical director. Participants were not compensated for their 

participation. Table 3 provides summary information for all participants. 

Table 3. 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” 
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4.3.4 Procedure 

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. 

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. 

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 (Figure 4). 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 
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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.  

The Institutional Review Boards at Northwestern University and Rush University Medical Center 

approved this research. 

4.3.5 Data Analysis 

A third-party service was employed to transcribe 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 capturable 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 [24]. 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.  
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4.4 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. 

4.4.1 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. 

4.4.1.1 Patient-Driven Uses of Fitbit and its Data  

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 
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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) 
 

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.” 
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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. 

4.4.1.2 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 hyper-focused 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) 
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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. 

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) 
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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. 

4.4.2 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 
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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. 

4.4.2.1 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 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.   

4.4.2.2 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:  
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“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. 

4.4.3 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. 
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4.4.3.1 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) 
 

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) 
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Thus, measurement errors might be counterproductive to treatment, even potentially leading 

to an exacerbation of patients’ issues. 

4.4.3.2 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) 
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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) 
 

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. 

4.5 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 
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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 

[179]. 

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. 
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4.5.1 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.   

4.5.1.1 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” [47] where, due to their automated and 

standardized collection of data, their measurements are perceived as essentially objective 

[186]. Yet, they argue that 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. Yet, 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-

tracked data, combining the authority of mechanical objectivity with the important role of 

context in knowledge formation.  
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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 

experience 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 [71].  

4.5.1.2 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 
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expense of positive ones [127]. 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). However, by the same token, 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 bias, including by 

highlighting the positive trends and accomplishments, or recommending against over-tracking 

in those who become fixated.  

Our findings present how 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. [251] who found that mental health providers perceived their patients to 

need help overcoming the substantial ambiguity of self-tracked mood ratings. However, 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 

[164, 165, 172]. For instance, similar to our findings, Mentis et al. [165] describe “co-
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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. 

4.5.2 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 clarity on what sPGD-driven actions to take, and concerns that emphasis on sPGD might 

displace validated measures and better-established therapeutic activities. 

4.5.2.1 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 

[133]. However, 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 [93, 135]. 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 
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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 [69]. 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 [173]. This work has also relied heavily on “black box” algorithms 

that humans cannot easily understand [18]. 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. Yet, benefits were viewed as uncertain in this study. While providers 

suggested possible therapeutic uses for sPGD, they also emphasized that benefits would 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.  

4.5.2.2 Organizational Fit & PGD 

While the providers described in this chapter are on the frontlines 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 
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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 [44]. 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 practice in health care [68], 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 [176, 183, 190, 245]. 

While these challenges to adoption are significant, CSCW and Implementation Science 

researchers highlight how we could begin to navigate organizational barriers [41, 66, 80]. For 

example, the CSCW community has highlighted the importance of understanding organization 

members’ interpretive frames for making sense of emerging technology [183] and the 
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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 [48, 63, 

86]. This may also include the provision of training, a social climate where key stakeholders  

support social influence [46, 131], and where organization members can learn from one 

anothers’ experience [35]. The success of sPGD in healthcare organizations will depend on 

ensuring the organizational readiness to adopt these tools. 

4.5.3 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. 

4.5.3.1 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 through which 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, 
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and for which the organization holds them accountable. Similarly, other studies have found that 

clinicians want patients to track data considered “clinically relevant” [251, 259]. 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 [39, 251, 259]. Furthermore, having 

accessed data, providers likely need support to extract meaningful signals. This could be 

facilitated by automatic pattern recognition, for instance, generating alerts based on changes 

in physical activity as captured by wearable sensors [31], and changes in health status as 

captured through passive sensing in a housing facility [222]. 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) [18]. In this 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) [212]. Finally, 

as Raj et al. [193] 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. 
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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 

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. [105] 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. [232] created spheres that change color based on the 

holder’s heart rate. As for non-digital data representation, Snyder et al. [223] 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 [125, 150, 212]. 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. [39] 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 
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prioritize topics of discussion to cover during clinic visits [212]. 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 [164]. 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. Yet, given the numerous possible 

correlations to draw from the data, it may be helpful to constrain the annotation process. 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. 

4.5.3.2 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 [173, 239]. 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 [14, 62, 115, 173]. Other work has explored using physiological measurements not 
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routinely available in commercial wearables, such as electrodermal activity [78]. In addition, 

digital trace data, such as social media posting content has been applied to predict mental 

health states [204]. 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. In addition to concerns related 

to impacts on clinical workflows and evidence of clinical efficacy, recent work on passive 

tracking has also identified ethical concerns with privacy and monitoring of populations [199]. 

4.5.4 Next Study 

This preliminary study, which focused on mental health care providers, highlighted new 

opportunities for research and design of self-tracked data. In particular, shifting the notion of 

self-tracked health data as information that is mechanically objective to information that is 

situationally objective introduces new aspects of self-tracking data interpretation and design to 

explore in future research.  

Regarding data interpretation, our study highlighted the importance of understanding context 

in knowledge formation. The context we studied, an intensive treatment program, was not the 

patient’s routine environment, either physically or socially. As one care provider (C1) in stated: 

“Part of me wonders…They’ve traveled here. This is totally not their home environment, 
you know, a lot of them are from more rural areas and now they’re in the city. There’s 
just a lot of reasons why their activity level and sleep and heart rate would be different 
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than it is typically so I'd be interested almost to getting [ITP] baseline data while they’re 
here and then when they go home for like three or six months. Like…before coming 
and then after they finished the [ITP] and go back home – are those different?”  
 

The intensive treatment setting can be conceived of as a disruption, a non-routine 

circumstance of the veterans’ lives. In the main study, I sought to gain a better understanding 

of the perspective of self-trackers themselves and how they perceived their data collected 

during a period that exists outside of their routine lives. Through this research, I answered the 

following research questions:  

• (RQ2a) How do self-trackers define which data captured non-routine circumstances are useful to 
reflect upon? 

• (RQ2b) How do self-trackers envision reflecting on data after the non-routine period has passed? 
 

Once I gained an understanding of how to support individuals reflecting on data from non-

routine circumstances, I also asked:  

• (RQ3a) How should we think about designing data visualization-modification features that 
support the reflection of data after the non-routine period has passed? 

• (RQ3b) What are the benefits and challenges of modifying data visualizations that depict a non-
routine period? 
 

In the next chapter, I present an empirical study that investigated the self-tracker perspective 

on their data captured during such a circumstance and how to design for them. 
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5 MAIN STUDY 

5.1 Study Overview 

In the preliminary study, I examined the use of wearables by mental health care providers in 

the treatment of their patients during a non-routine circumstance: an intensive treatment 

program. This study highlighted how the clinical perception of data is influenced by the 

understanding that the data were captured during a period outside of the patient’s routine life. 

The care providers were uncertain whether data captured by the wearables were a reflection of 

therapeutic progress or of the patient being in an unfamiliar environment. They perceived an 

ambiguity as to whether the behavioral data captured during the treatment program will have 

any indication on the patients’ behavior once they return to their routine environment. These 

results suggest that breaks in routine influence how data captured during these periods are 

interpreted by individuals reflecting on data.  

In this chapter, I describe a two-phase study to further explore this concept. In this study, I 

interviewed women on their perceptions of data they collected during their recent pregnancy, 

another instance of a non-routine circumstance (see Table 4).  

• Phase 1: I conducted a remote qualitative study that employed semi-structured 

interviews which allowed participants to express their own conceptualizations of the 

utility of data captured a non-routine circumstance and a textual-elicitation activity to 

further elicit their values [16]. I examined how women perceived of self-tracked data 
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captured during their pregnancy, its utility, and the temporality of its relevance. I 

answered: 

o (RQ2a) How do self-trackers define which data captured during non-routine 
circumstances are useful to reflect upon? 

o (RQ2b) How do self-trackers envision reflecting on data after the non-routine 
period has passed? 
 

• Phase 2: Based on interviews from Phase 1, I identified three data visualization-

modification features that participants may want to employ when reviewing data from 

their pregnancy. These were the ability to: (1) archive data, (2) highlight segments of 

data, and (3) mark up graphs. During each interview, I presented three graphs of 

simulated health data: (a) weight, (b) hours of sleep, (c) daily stress ratings, and asked 

them to pretend this data was captured during their pregnancy. I probed each 

participant on how they might want to modify each graph (archive, highlight, mark, or 

other) and how these modifications would support their self-reflection. This empirical 

investigation on how these three features may support self-reflection answers the 

questions:  

o (RQ3a) How should we think about designing data visualization-modification 
features that support the reflection of data after the non-routine period has 
passed? 

o (RQ3b) What are the benefits and challenges of modifying data visualizations 
that depict a non-routine period? 

 
 
 
Table 4. Summary of main study phases, methods, and research questions 
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Phase 1 
Need-finding 
 
Research Methods 
Semi-structured interviews with 
textual-elicitation activity 

RQ2a How do self-trackers define which data 
captured during non-routine circumstances are useful 
to reflect upon? 

RQ2b How do self-trackers envision reflecting on 
data after the non-routine period has passed? 

Phase 2 
Design evaluation 
 
Research Methods 
Semi-structured interviews with 
visual-elicitation activity 

RQ3a How should we think about designing data 
visualization-modification features that support the 
reflection of data after the non-routine period has 
passed? 

RQ3b What are the benefits and challenges of 
modifying data visualizations that depict a non-
routine period? 

 
5.2 Introduction  

Efforts to facilitate the integration of measurement-based care into routine care processes 

often result in the development of technology that passively capture signals related to health, 

but neglect broader relevant life contexts that may require manual tracking of signals [140]. For 

instance, a team of neuroscientists, engineers, and researchers at Project Amber sought to find 

biomarkers for depression through electroencephalography data: electrical activity in the brain. 

Ultimately, they concluded that while their metrics have potential to aid in clinical decision-

making, the value of their tool lies within the confluence of biometrics and the patient’s 

subjective experiences of daily living – the tool on its own, was ineffective7. This is not 

surprising, as context has always been vital to the interpretation of health data. When it comes 

to diabetes management, it is critical to know how often a patient is physically active and their 

eating habits. For depression management, identifying patterns of movement and social 

 
7 https://blog.x.company/sharing-project-amber-with-the-mental-health-community-7b6d8814a862 
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engagement with respect to time of day or duration can inform timely interventions. Inversely, 

data taken out of context can be uninterpretable or worse, misinterpreted. 

The increasing rate at which individuals are generating data on themselves using commercially 

available tracking devices means more data is being collected throughout more varied life 

contexts than ever before. Individuals can now possess data from decades ago and soon, their 

entire lifetime as parents provide their children their own wearables [257]. It is foreseeable that 

such digital artifacts may eventually be preserved for multiple lifetimes or even generations 

[150, 166]. With the proliferation of Internet of Things devices, interconnected data can be 

used to identify patterns beyond the individual level to a group or societal scale. Low-burden, 

passive context detection is an increasingly pertinent area of research as technologists begin to 

expand the uses for these data [6]. Incidentally, these data will inevitably be captured during 

periods of disruption or transitions between routines. 

In this two-phase study, I explored women’s perceptions of self-tracked data captured during 

non-routine periods such as pregnancy. In the first phase, I conducted semi-structured 

interviews and used text-based elicitation to understand how women envisioned using (or not 

using) data that was collected during pregnancy and other periods that they do not consider 

their current routine. In the second phase, I used visual representations of simulated pregnancy 

data to evaluate various data visualization-modification features and as a probe to understand 

how women define boundaries within their data. The participants were comprised of 21 women 

(Phase 1: n=8, Phase 2: n=13) who had recently given birth and had tracked their stress during 

their pregnancy. I found that depending on the type of self-tracked data collected, participants 
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implicitly perceived boundaries in segments of data, what I refer to as bounded situational 

contexts (BSCs). These boundaries were defined based on an individuals’ internal contexts (e.g. 

goal of having a healthy child) in relation to external contexts (e.g. physical state of being 

pregnant) and were delineated by events or by data itself. Participants envisioned reflecting on 

data to predict future patterns, set goals, view progress towards goals, and inform them on 

how to reach goals. They reported that modifying their data visualizations to explicitly model 

their implicit perceptions of data from BSC would be a useful aid for self-reflection. Finally, I 

discuss the characteristics of BSC, the importance of surfacing BSC in health data visualizations, 

and how subjective and implicit boundaries can be made explicit through modifying data 

visualizations. 

5.3 Methods 

5.3.1 Study Context: Pregnancy 

Pregnancy is a brief period in a woman’s life that is often considered disruptive. The lived 

experience of pregnancy is rife with uncertainty because physiological and behavioral changes 

that may or may not be transient [243]. During pregnancy, women may be confronted with 

gestational diabetes what could alter her patterns of eating, a body that disrupts her required 

sleep, and prenatal psychosocial stress that comes from the high-stakes rhetoric around 

reducing harm to the fetus [49]. For a woman having her first child, she is also transitioning into 

the role of motherhood, marking the beginning of further changes to routines, goals, and 

priorities [49]. While self-tracked data from before, during, and after pregnancy externally 
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appear to exist in distinct phases, I examined how women post-pregnancy reflected on data 

from these past periods.  

5.3.2 Recruitment: Post-Pregnancy Women 

Participants were recruited from a pool of current participants of an ongoing clinical trial at 

Northwestern Lurie Children’s Hospital: Wellness for Two – A Randomized Controlled Trial. The 

goal of the Wellness for Two study is to understand the effects of a pregnant woman’s stress 

on the neurodevelopment of her child [247]. Participants of this clinical trial were recruited 

during their first or second trimester and their participation continued until the child is one year 

old. During their second trimester, participants of the study were asked to track their stress 

using an adhesive heart monitor and by answering ecological momentary assessments (EMAs) 

about their stress and activities for 14 weeks. Half of the participants (50 of the total 100 target 

sample size) in the Wellness for Two study was randomly assigned to an intervention group and 

the other half were assigned to the control group. For those in the intervention group, if an 

algorithm determined that the pregnant woman had reached a threshold of stress on one day, 

they would receive a wellness intervention the following day in order to reduce their stress [58]. 

No participant was permitted to review their self-tracked stress data in order to not influence 

their own stress levels. After the 14-week period of stress tracking was completed, participants 

of Wellness for Two were eligible for this main study.  

I had IRB approval to reach out to these participants to recruit them for this study. At first 

contact, I explained the purpose of the study and asked them if they would be interested in 

participating. Participants had the opportunity to ask questions about the study before they 
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consented. I scheduled sessions through e-mail, phone, or text and used a digital consent 

form. Due to COVID-19, sessions were conducted remotely over video call and screen share 

Recruits will were compensated $30 by PayPal for their participation.  

5.3.3 Phase 1: Elicitation Interviews 

The objective for Phase 1 was to better understand participants’ perceptions of the uses of and 

interest in their pregnancy data after pregnancy.  

5.3.3.1 Participants 

Data saturation was reached after interviewing a total of eight participants, at which point I 

concluded data collection for Phase 1 [29]. Most participants had just given birth to their first 

child. On average, Phase 1 participants were 4.4 months post-birth at the time of the interview 

which resulted in a nonrepresentative sample. 

Table 5. Phase 1 Participant Characteristics 

 Participant 
# 

Months 
since birth 

First child? 

PHASE 
ONE 

1 3 Yes 

2 2 Yes 

3 4 No 

4 3 Yes 

5 7 Yes 

6 4 Yes 

7 6 No 

8 6 Yes 
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5.3.3.2 Data Collection  

Phase 1 consisted of two parts: (1) interviews to understand general perspectives on data the 

participants captured (including the data from their pregnancy) and (2) an elicitation activity to 

understand their perception around specific types of data they collected. Each session lasted 

approximately one hour. 

First, through the interviews, participants were asked broadly about their prior experiences with 

self-tracking and how they perceived their pre-pregnancy self-tracked data compared to their 

self-tracked data captured during their pregnancy. Next, participants were asked about their 

desired uses for self-tracked data that is captured during pregnancy and their uses for this data 

after pregnancy. The goal of this method was to surface their perspectives on the uses of data 

captured during a disruption and understand if and how they drew distinctions between data 

captured during pregnancy and data captured outside of pregnancy. More specifically, the 

semi-structured interview questions covered:  

§ Their experiences with self-tracking in general and when it comes to health (outside of 
the clinical trial) 

o What was tracked 
o How they decided to track 
o When started/stopped tracking 
o How the data were used at the time 
o Whether the data was shared with others, and if so, who, and why 
o How the data are used today (if it is used at all)  

§ Their experiences self-tracking stress during pregnancy (as part of the clinical trial) 
o What they were most interested in learning about themselves… 

§ Broadly: if they could have tracked anything during their pregnancy 
§ Specifically: if they had access to their Wellness For Two stress data 

o How would they use these stress data (and this use would persist after 
pregnancy? Why?) 
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After the interview portion, I conducted a textual-elicitation activity to further explore their 

interests when it comes to their data and ideate upon design features that may meet their 

needs. The goal was to identify specific examples of stress self-tracking data that the 

participants would be interested in seeing (e.g. Stress with Sleep and Excitement) and using 

these tangible examples, understand when these data are useful to them and how this 

“usefulness” may change after pregnancy. In sum, I first established the type of data that the 

participant was interested in exploring and then I probed on if and how they imagined using 

these data after pregnancy and when they consider the data no longer relevant or useful. 

The virtual textual elicitation activity was developed using an online drawing board tool with 

several ‘movable cards.’ Each card had one type of data collected during the Wellness For Two 

study or other data participants may have described tracking or would have liked to track 

during their pregnancy. The cards were labeled as follows (see Figure 5 for screenshot):  

• Heart rate 
• Automatically labeled: Stressful Day vs Non-stressful Day 
• Q1: In the past hour, did you experience anything stressful?  
• Q2: Over the past hour, how stressed were you feeling?  
• Q3: Over the past hour, did you feel you could not control important things?  
• Q4: Over the past hour, did you feel confident in your ability to handle problems?  
• Q5: Over the past hour, did you feel things are going your way?  
• Q6: Over the past hour, did you feel difficulties piling up so you cannot overcome 

them?  
• Q7: Over the past hour, how happy were you feeling?  
• Q8: Over the past hour, how excited were you feeling?  
• Q9: Over the past hour, how worried were you feeling?  
• Q10: Over the past hour, how irritable/angry were you feeling?  
• Q11: Over the past hour, how sad were you feeling?  
• Q12: In the past hour, have you exercised or done physical activity?  
• [ other data participants tracked during pregnancy ] 
• [ other data participants tracked outside of pregnancy ] 
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• [ any other desired data ] 
 

 
Figure 5. Screenshot of textual-elicitation activity with movable cards that participants selected from based on 

interest in the data. 

Participants were asked to arrange cards to create combinations of data types that they would 

be interested in learning about. For example, they may combine the card “Heart Rate” with 

the EMA question “Q12: In the past hour, have you exercised or done physical activity?” in 

order to investigate how often their stress overlapped with a raised heart rate with respect to 

occurrences of exercise as opposed to other potentially stressful events.   

Participants were encouraged to think aloud as they selected cards. For each combination, I 

probed on why they were interested in the combination, what information they hoped to learn, 

and the perceived longevity of the utility of the data (Would you want to review data from this 

period after your pregnancy is over?). Due to time, I asked them to create at most three 
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combinations. I asked them to rank which combination would be most interesting to them 

during pregnancy and which would be most interesting after pregnancy in order to elicit how 

their values changed as a result of this shift in context. Lastly, I asked how their data should 

appear to them once this context has shifted – if they wanted to see it at all.   

5.3.3.3 Data Analysis 

Due to the visual nature of the interviews, all sessions were video- and audio-recorded. Coding 

and refinement of interview questions were conducted iteratively throughout the data 

collection process. I wrote memos after each session throughout the study. After the first few 

interviews, I watched videos of the initial interviews, pausing to memo and transcribe data as I 

formed open codes. I described visual actions and representations to text as necessary [96]. 

Open codes were condensed into axial codes to create a code book, and the remainder of the 

videos were coded using the resulting code book. Through this iterative inductive approach, I 

identified themes. See Chapter 3 for more details on thematic analysis methods. 

5.3.4 Prototype Development 

Based on the data from Phase 1, I designed a prototype for use in a graphic elicitation activity 

in Phase 2. In this activity, Phase 2 participants used the prototypes to discuss how they wished 

to manipulate visualizations depicting pregnancy data according to their needs.  

I simulated and graphed two years of data on Weight, Sleep, and Stress using python with 

numpy and the Pandas library. Graphs using the data generated were created in Excel. The 

Weight data was simulated based on prior studies that found that weight increased an average 

of 30 pounds during pregnancy and declined rapidly over the first 8 weeks after birth and 
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slowly after that [25]. Sleep data was completely generated based on prior studies on the 

decline of sleep during the third trimester [97]. Given that the participants of the Wellness For 

Two Study only collected stress data from during the second trimester, I utilized the stress-

related EMA responses from a single participant from the Wellness For Two study chosen for 

their adherence to answering the EMAs. This Wellness For Two participant was excluded from 

participating in our study in order to ensure that Wellness For Two participants were never 

shown their own data. I generated simulated data depicting data from before and after the 

pregnancy such that stress was lower during certain segments and higher during other because 

pilot tests found that when EMA data was generated randomly, pilot participants did not know 

how to interpret or respond to the data.  

While each of the participants saw the same graph and data, the dates of the each of graphs 

were customized to match their dates of pregnancy and additional simulated data was 

generated so that the graph would represent data up until the month of the interview. Initially, 

I had chosen to simulate 3 months of data before and after pregnancy. However, after the first 

three participants, I learned that the 3-month postpartum period is perceived differently from 

the 12-month postpartum period as the mother’s routine changes and the infant grows rapidly 

in that time frame. Therefore, I simulated more post-pregnancy data; the remaining 

participants were shown a total of 2-years of data: 3 months of pre-pregnancy, 9 months of 

pregnancy, and around 1 year of post-pregnancy. In other words, for each data type I 

simulated data from 3 months before their pregnancy up until the day the interview took place 
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in order to understand the span of changes to their perceptions of data in the time elapsed. 

Figure 6 through Figure 8 depict the graphs used for this graphic elicitation exercise.  

 
Figure 6. Graph of 2-years of generated weight data. Birth depicted mid-March 2020. 

 
Figure 7. Graph of 2-years of generated sleep data. Birth depicted mid-March 2020. 

 
Figure 8. Graph of 2-years of generated stress EMA data. Birth depicted mid-March 2020. Note that since 

participants were asked to rate their stress four times a day, there are four values depicted each day. 

5.3.5 Study Procedure: Phase 2: Design Evaluation and Probe 

The goal of Phase 2 was to learn how the various data visualization manipulation features met 

the needs of the participants exploring health data from their past pregnancy and through this, 

better understand reasons to reflect on data after a disruption.  

5.3.5.1 Participants 

Data saturation was reached after interviewing a total of 13 participants, at which point I 

concluded data collection for Phase 2 [29]. Most participants had just given birth to their first 

child. On average, Phase 2 participants were 10.9 months post-birth at the time of the 
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interview which resulted in a nonrepresentative sample. See Table 6Table 5 for a summary of 

participant characteristics.    

Table 6. Phase 2 Participant Characteristics 

 Participant 
# 

Months 
since birth 

First child? 

PHASE 
TWO 

9 7 Yes 

10 8 Yes 

11 10 Yes 

12 11 No 

13 12 Yes 

14 11 Yes 

15 11 No 

16 11 Yes 

17 11 No 

18 12 Yes 

19 12 Yes 

20 12.5 Yes 

21 13 Yes 

 

5.3.5.2 Data Collection 

Phase 2 consisted of two parts: (1) interviews to understand general perspectives on data the 

participants captured (including the data from their pregnancy) and (2) a graphic elicitation 

activity to explore how participants wanted to modify the three graphs (Weight, Sleep, Stress) 

in order to extract the information they found relevant. Each session lasted approximately one 

hour. 

Similar to Phase 1, Phase 2 interviews began by asking the participant about their prior 

experiences with tracking their health and the use of this data over time. Then, participants 
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were asked to complete the timeline activity by graphing their stress levels for the past two 

years while verbalizing any relevant events they were comfortable with sharing in order to allow 

me to ground the remainder of the interview session with an understanding of their recent life 

events (see Figure 9 for an example).  

 
Figure 9. Completed Timeline activity 

Next, participants were asked to modify the graphs of two years of simulated Weight, Sleep, 

and Stress data (including a 9-month pregnancy) according to what they would find relevant to 

their current interests. These data types were chosen based on findings from Phase 1 in which 

some participants perceived the influence of pregnancy on their physical health data differently 

from their mental health data. In contrast, when it came to weight data participants had more 

uniform responses: Weight data was inextricably tied to pregnancy. Therefore, I decided to use 

Weight data as a means of introducing the elicitation activity. 

In order to prompt participants to discuss how they might want to modify the graphs, I 

demonstrated three potential data visualization modifications (which I named Highlight, 
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Archive, Mark) but invited them to come up with their own suggestions if they so desired. 

These three initial data modification ideas were born out of Phase 1 findings, in which 

participants expressed how they envisioned using or not using data from their recent 

pregnancy. These findings suggest that participants may value the capabilities of hiding 

segments of data (Archive), using markers to compare segments of data (Mark), or visually 

distinguishing segments of data (Highlight). While sharing my screen, I then illustrated their 

desired changes onto the graphs and asked participants how this change influenced their 

interpretation of their graph. I also probed participants on the benefits and tradeoffs of 

modifying these graphs. Figure 10 depicts a weight graph with desired modifications as 

described by a participant.   

 
Figure 10. Sample image of modified Weight graph (P20) 

5.3.5.3 Data Analysis 

Similar to Phase 1, due to the visual nature of the interviews, all sessions were video- and 

audio-recorded. Coding and refinement of interview questions were conducted iteratively 

throughout the data collection process. I wrote memos after each session throughout the 

study. After the first few interviews, I watched videos of the initial interviews, pausing to memo 

and transcribe segments of data as I formulated codes. Open codes were condensed into axial 

codes to create a code book, and the remainder of the videos were coded using the resulting 

code book. Through this iterative inductive approach, I identified themes. During this process, I 
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found some themes similar to those in Phase 1. This was expected as I asked similar questions 

in Phase 1 in which I had reached data saturation after 8 participants. I had chosen to ask the 

same questions to the participants in Phase 2 as a means of introducing the participants to the 

concept of reflecting on the data they had previously collected. Therefore, in the following 

section, I indicate which findings were drawn from both phases of the study and which findings 

were drawn from a single phase.  

5.4 Findings 

In examining participants’ conceptions of and envisioned uses for data collected during a 

period they do not currently consider routine (pregnancy or past periods of life), I observed 

how participants implicitly drew boundaries as they reflected upon their data. Here, I introduce 

bounded situational context (BSC) as a concept to refer to an individualized context that is 

derived by factoring internal and external contexts during a non-routine circumstance.  

Although all participants experienced pregnancy, they described differing boundaries of 

pregnancy with respect to their health data. When data is collected during a non-routine 

circumstance, internal context is critical as the individual must re-negotiate the uses of data 

that they otherwise found useful during their routine state. This re-negotiation was based on 

their goals and priorities, their understanding of their data, and as well as the external context 

around which their data were collected. In other words, BSCs emerged as participants 

discussed how they relate their impressions of the data collected to their pregnancy. While the 

external context of pregnancy is generally strictly a 9-month period, internal contexts did not 

always temporally align as the individuals’ internal goals and unique lived experiences 
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influenced the perceived boundaries of their pregnancy (see Figure 11). In order to support this 

sensemaking process, it is critical to understand how these data from BSCs are delineated. 

 
Figure 11. There may be various ways an individual can bound their data within a single external circumstance. 

In the next sections, I describe how individuals defined their boundaries based on their internal 

perceptions, events that occurred, or the data itself. Then, I present the ways participants 

envisioned using or not using data captured during and around this period of disruption. 

Lastly, I describe how participants hoped to modify their data visualizations according to what 

they found relevant after pregnancy and their reception to the notion of altering their data 

visualizations.  

The first two subsections of the Findings report themes derived from both phases of the study. 

The findings in the final subsection on the design of data visualizations are from analysis of 

Phase 2 data exclusively.  
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5.4.1 Creating Boundaries 

As participants reflected on their data from a past period of life that is different from their 

current routine, they implicitly applied boundaries within their data to aid in their 

interpretation; they partitioned their data through what I refer to as BSCs. These boundaries of 

BSCs were defined by events or through the data itself and was often determined by their 

perception of the influence of external circumstances on their data.  

5.4.1.1 Event-driven boundaries 

Participants described specific events that they perceived to be delineators that separated 

periods of routine. These events can mark a transition to a new routine as described by P3, 

who had journaled for years to track her thoughts, food, stress, and migraines to detect 

triggers. When asked what she did with her journals from the past, she stated:  

“Looking back at the stuff I had from years ago – I didn’t want to re-read it because I 
don’t want to relive that. So I would just shred it and recycle it and just be like that’s a 
part of my history… It’s kind of like milestones in my life, like I would re-read stuff about 
before being married. I’m married now, that stuff isn’t relevant. Let’s just get rid of stuff 
that’s not relevant and focus on what is relevant. Then when I had a kid, I said ‘Well this 
isn’t relevant anymore, these are my old issues. Now I have a family to worry about’ so 
let’s just purge those. It’s like a renewing of life and a moving on with life instead of 
dwelling on things.” – P3 
 

P3’s data from prior life stages or milestones were perceived to be irrelevant to her current 

state due to events that changed her routine or environment. She specifically mentioned two 

boundaries: getting married marked the end of one period and having a child marked the end 

of another period of life. These external events in combination with her perceptions of the type 

of issues she faced during this period delineated distinct periods of her life. Pregnancy was 
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similarly referred to as a transitional period for other primigravida (first-time mothers) 

participants and especially in the first few months after birth, they often described struggles 

with the process of establishing a new routine. 

5.4.1.2 Data-driven boundaries  

When circumstances are ill-defined, the data itself can be used to draw boundaries between 

routine and periods of disruption. Many participants envisioned using data from before 

pregnancy (disruption) as a baseline to determine whether “normal” (routine) has resumed 

after giving birth. However, the boundaries of pregnancy varied depending on the individual: 

their values and how they perceive the type of data being analyzed. For P10, her pregnancy-

related sleep was bounded at the beginning by when her sleep began to deviate from her 

“routine” and ended when her sleep returned to the “routine” state:  

“Pregnancy is not representative of the rest of life. Data would be used to notice and 
then shelve unless I were to become pregnant again and was interested in comparing 
sleep patterns. I would shelve it when [sleep] starts to change until maybe 5 months 
post-partum might be when I pick up because theoretically it might be getting back to 
whatever normal is.” – P10 
 

When reviewing sleep data, P10 disregards data that is different from what she considers to be 

her norm as she believes it is not representative of her routine, which is the data she would be 

more interested in seeing. Unlike an event-driven boundary, the start of the disruption is not 

when she became pregnant, but when her sleep begins to change due to her pregnancy. The 

measurement she used to determine the end of this disruptive period is internally motivated by 

the desire to reach the point where she slept as much as she did pre-pregnancy. The disruption 
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does not end with the event of birth, but upon the return of her “normal” number of hours 

slept – the data itself.  

While most participants held the sentiment that pregnancy is a disruption to routine that has no 

relevance to their routine (non-pregnant) state, upon closer examination, I saw that whether 

there was value in holding on to their data from this period depended on the type of data that 

the individual envisioned reflecting upon.  

5.4.2 Reflecting on Data from Bounded Situational Contexts 

While participants described pregnancy and other past periods of life as being “different” from 

their current routine state, participants still thought that these data could be useful when 

setting goals, checking for progress towards goals, and inform them on how to reach their 

goals. However, the usefulness of the data was contingent upon participants’ perceptions and 

expectations around how their prior self relates to their current or future self. 

5.4.2.1 Modeling the Future 

Data from the past was perceived to be useful if it was captured within a context that could 

reoccur. Many participants stated that weight data from their recent pregnancy would only be 

useful if she were to be pregnant again in the future:  

“I would be interested in Apple watch data for the next pregnancy. I know that I had a 
very easy pregnancy and I was able to lose the weight fairly quickly so when I get 
pregnant again, I'd like to do the same thing – make sure that I at least do the same 
amount or around it to kind of have another easy pregnancy ideally…The data is not 
relevant today though. Pregnancy is just such a specific thing. Once you’re not 
pregnant anymore, I just don’t think it’s relevant. How you were when you're pregnant 
versus how you are now I don’t think is relevant.” – P18 
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P18’s quote is emblematic of a common theme that many participants shared: physiological 

measurements during pregnancy are only applicable to a future pregnancy. Notably, when it 

came to stress data, some participants believed the stress was heavily influenced by pregnancy 

and could not be compared to non-pregnancy stress data while others believed that pregnancy 

was irrelevant when reviewing stress data.  

“I think I could validate my hypothesis that if I exercise more, it makes me less stressed 
and then I sleep better...If you keep doing that, it can keep reducing stress in your life. I 
feel like I could use that post-pregnancy to continue to optimize the right amount of 
exercise or other factors that I can do to make sure that I sleep well and reduce my 
stress…I think this information is relevant my whole life. I just feel like this is true 
pregnant or not. Maybe my sleep is not going to be as good when I’m getting up five 
times a night to pee than when I’m not. But if I do still think that if I can show that for 
me, there is a correlation between exercise, stress, and sleep when I’m pregnant, the 
same probably holds true when I’m not pregnant.” – P5 
 

P5 perceived data from pregnancy to be applicable across the board while in contrast, P2 

believed that hormonal changes from pregnancy influenced her stress and sleep in ways that 

were not applicable to non-pregnant life.   

“I think that you’re worried about different things while you’re pregnant so different 
things are stressful to you. Like worrying about the health of the baby and what’s going 
to happen with the birth and where are my other children going to be when I’m giving 
birth and who will take care of them? There are so many other things that are very 
specific to being pregnant that are stressful when you are pregnant and when it is over, 
you have the baby and that kind of stress is gone because you now have new stress of 
having another child and things that about that child and your life. Now I’m not worried 
about the stuff in the same way as I was when I was pregnant.” – P15 
 

P2 and P5 viewed the same data with different utility because of their different perceptions of 

the impact of the context of pregnancy on these data. In other words, whether data on stress 

was bounded by the context of pregnancy was individualized. The examples above illustrate 
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how self-tracked health data can oscillate in and out of usefulness based on individual’s 

perceptions of the influence of the disruption on their data. Whether the post-pregnancy 

context is considered applicable to future states is defined by the individual themselves. 

5.4.2.2 Envisioned Post-Disruption Data Usage 

After pregnancy, some participants envisioned using data from a prior routine as a baseline to 

measure against their new normal or to instruct them on how to return to a prior norm. Past 

data could be considered evidence of a prior state of health that they could eventually return 

to. For instance, P6 used past data as a point of reference to create personalized goals: 

“I don’t look back to half-marathon, that time, 5 years ago. I’ve looked back a couple 
years just to see what my pace was pre-pre-baby because post-baby it’s really bad. But 
I’ve looked back 2018 or 2017 just to see what my pace was…It’s just to see what my 
potential was before the baby to just see ‘Hey if possible, I’d love to get back to doing 
that just to compare’ but I know a lot of things have changed. It’s a good goal for me 
but mentally I take a lot of that apart and say ‘Well, you know, let’s factor all these other 
things too.’ It gives me a goal to look back to and say, ‘I was able to do this once, 
maybe I can do it again.’” – P6 
 

This participant acknowledged that her life circumstances are different now after having a 

baby, but her running data from a few years ago could still be used to set a goal. However, 

choosing more recent data (3 years as opposed to 5 years) as a baseline can also feel more 

accessible as it is anchored in what they have more recently achieved. 

Data from past achievements could also be used to inform the participant of behaviors that led 

to their previous success. Several participants recalled their food tracking experience from a 

period in which they were trying to lose weight (e.g. a wedding) and envisioned the same data 

being useful post-pregnancy, a period in which they had the same goal: trying to lose weight.  
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“We were getting married so that, I actually tracked calories for 2-3 months. I was pretty 
regimented about it. I was able to lose about 10-15 lbs. It was good…I want to know 
how long it actually took and how much specifically I was able to lose…my activity level, 
too – how active I was. Around that time I was playing a lot of soccer and I was 
probably running pretty well to keep up with that.” –  P6  
 

P6 saw value in using data from this prior routine for its potential to be instructive for her 

current weight loss plans. Similarly, P14 looked to a period where she felt she was at her 

healthiest and thought of the ways the data could inform her activities to help her reach the 

same goal today. 

“Data from 6 years ago would still be useful because I feel like I was my healthiest then. 
It would be nice to see the things I was doing right or the things that were helpful, or 
‘working’…Maybe it would tell me times that were a struggle for me, like this time of 
day when I eat the worst, so I need to be mindful of that time of the day. Or these 
meals that were really healthy and worked for me, or I must have liked this activity 
because I did it a lot.” –  P14 
 

Under new circumstances – after having a child – some participants looked to prior routines 

with the expectation that their life post-disruption would be similar and therefore they could 

adopt activities that had previously led to success.  

On the other hand, when it came to stress data, due to the multiplicity of potential causes for 

stress that are not captured and the immediacy of stress, some participants felt that stress data 

may not be informative for long after the data was collected:  

“It’s all backward looking, so I can’t do anything about it. Like if I knew in the moment 
‘Oh my heart rate is high’ or maybe I’m more stressed than I realized that I’m paying 
attention to or something like that. I think it could have been useful in the moment to 
try to do something in response to that to try and lower my heart rate or do something 
like that.” –  P16 
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In contrast to weight data, where the reasons for weight change were usually more clearly 

connected to eating and exercise, stress data was not overtly actionable after the stressful 

period. As a result, stress data became less useful over time.  

5.4.3 Modifying Data Visualizations 

The BSCs that participants formulated were dependent on their perception of pregnancy in 

relation to the particular type of data they were asked to reflect upon. This section describes 

the various ways in which participants hoped to modify data visualizations according to BSCs to 

aid in their self-reflection and their desired use or non-use of past data. 

5.4.3.1 Data visualization-Modifications 

Archive. By archiving data, participants were choosing to hide segments of data from view. This 

feature was desirable when the data are perceived to not be useful to reflect upon. Oftentimes 

these data were not useful because (a) the data were captured from a period when the 

participant felt that they were unable to act upon the data or (b) the data are not relevant to 

the participant when they are not pregnant.  

Most participants decided to archive all 9 months of their weight data from pregnancy. This 

was primarily due to a lack of control over their weight during pregnancy and the inability to 

exercise for a period after birth. P2 envisioned using data from before pregnancy to answer the 

question: “Is my current weight back to pre-pregnancy weight yet?” This participant then 

determined that once she reached her pre-pregnancy weight, the data from pregnancy would 

no longer be relevant to her because she had reached her goal. In this example, the Archive 
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feature would be useful to hide her pregnancy-related weight data based on her individual 

boundary. 

Similarly, for sleep data, participants wanted to hide data from the period when they could not 

sleep well for reasons outside their control. For both these circumstances, the boundaries were 

determined by when they felt that they could exercise again or when their infant slept through 

a full night. Figure 12 shows the graph of a participant that wished to hide all “not normal” 

sleep data.   

 
Figure 12. P8 Archived all sleep data that looked “not normal.” 

Whether or not participants archived stress data was dependent upon how the participant 

perceived pregnancy as a factor that impacted their stress levels. For individuals who stated 

stress was not impacted by pregnancy, they treated all stress data as ‘routine’ and did not seek 

to modify their stress data visualization at all; there was no stress-related pregnancy BSC. For 

those that believed that the hormonal changes were a core part of being pregnant and 

influenced their self-reported measures of stress, stress data during the 9-month period was 

either highlighted or archived. P14 considered stress data from before pregnancy to be within 
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the boundaries of pregnancy itself due to fertility-related struggles and stress and therefore, 

wanted to archive a 10-month period.  

Mark. The concept of marking data based on segmented periods such as BSCs was found to 

be useful in particular for tracking progress towards an established goal. A ‘baseline’ was a 

reference point typically calculated from periods that represent a high point (e.g. a period 

when one felt most physically fit), low point (e.g. a period of known physical inactivity), or a 

norm (e.g. a period categorized as routine). Figure 13 illustrates how a participant first used the 

Archive feature to remove the 9-month pregnancy period and Mark feature visually convey her 

progress on her journey to getting back to her pre-pregnancy weight which she considered to 

be her normal weight.  

 
Figure 13. P9 Archived weight data during the 9 months of pregnancy and marked pre-pregnancy weight and 

current weight. 

Figure 14 depicts how P20 wanted to modify her sleep data visualizations. She felt that her 

sleep patterns changed rapidly after birth. Therefore, she wanted to mark the average hours of 

sleep she got within 1-month periods as her child’s sleep changed month by month so that she 

can observe trends. Furthermore, these boundaries would ensure that the “average hours of 

sleep” calculation encompassed only the last month’s data which is most recent and therefore 
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the most relevant to her. Overall, the mark feature was useful to summarize data that was 

bounded within certain periods marked by routine or disruptions to routine – individualized 

BSCs. 

 
Figure 14. P20 Bounded her data month by month for the first few months after birth until her sleep (and her baby’s 

sleep) stabilized. 

Highlight. The highlight feature was often used with text annotations to label events that may 

have influenced the data. Figure 15 depicts P12’s weight data visualization in which she used 

the Highlight feature to label events that she believes influenced her weight data: the purchase 

of exercise equipment and moving to Florida where she was able to escape the cold of 

Chicago and spend more time outside. The need for text annotation or the Mark feature to 

accompany the highlighting suggests that visual distinction of periods are not useful on their 

own unless there are descriptive reminders of why the segment of data is highlighted or 

calculations that summarize (e.g. average) the enclosed data. A few participants illustrated 

overlapping highlights, depicting overlapping contexts; understanding how to design for 

overlapping contexts will require more research.   
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Figure 15. P12 Bounded her weight data by events that she felt influenced her weight. 

5.4.3.2 Attitudes towards modifying data visualizations 

The participants all saw value in the ability to modify graphs of their health data. Highlighting 

segments of data, archiving irrelevant periods, and marking goals and progress visually allowed 

participants to focus only on the data that is most useful to reflect upon:  

“I find it easier to look at a graph that I’ve highlighted to remember that this was the 
period. So I’m not going back and checking ‘What was this again?’ I’ve already 
identified the period I want to be looking at…It’ll trigger in my mind ‘Oh yeah there was 
this other stuff going on. This is where I was at that time. It was during a certain 
period.’” –  P16 
 

Through highlighting specific periods of disruption, P16 found that the data visualization-

modification features can be helpful to aid in recall and sensemaking. Furthermore, when it 

comes to periods of disruption, the ability to hide data can be particularly useful as some 

participants mentioned that data from certain periods of the past could be distressing in 

addition to being irrelevant to their current state.  

The primary barrier to the creation of these modified data visualizations is that participants 

imagined it would be a burdensome manual task. Participants mentioned that they barely have 
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the time to track and review their data as they care for a new child; labeling their own data 

would be unlikely. While annotating boundaries of BSCs may be less time consuming than 

labeling individual data points, passive methods of surfacing potential boundaries can help 

expedite the task of modifying data visualizations.  

5.5 Discussion 

This study investigates how health data tracked during non-routine circumstances can be used 

by individuals once that period has passed. To help conceptualize the boundaries that 

individuals implicitly drew around their data, I introduced the notion of bounded situational 

contexts (BSCs) to encompass the ways that individuals take internal and external contexts into 

account when assigning relevance to segments of their data. Moreover, I explored how 

visualizations of data collected during BSCs can be modified to support the lived experiences 

of the individual. In this section, I outline the specific characteristics of BSCs, discuss how the 

framing of BSCs can support sensemaking during the evolving lived experiences of self-

trackers, and detail opportunities for design to move forward in this space.  

5.5.1 Characteristics of Bounded Situational Contexts 

In Studying Context: A Comparison of Activity Theory, Situated Action Models, and Distributed 

Cognition, Nardi argues that context as a whole is comprised of the fusing of external and 

internal contexts [178]. External contexts can be physical constraints (e.g. environments, tools) 

or social influences (e.g. cultural norms, obligations) while internal contexts can be personal 

goals, skills, and preferences. With respect to the practice of self-tracking and interpreting the 

resulting data, an understanding of what constitutes routine can serve as a consistent frame of 
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reference to situate anomalous events and the resulting data. When a routine is disrupted, 

external contexts may be unfamiliar; therefore, the individual must rely on internal context in 

order to interpret the situation and the data [178]. Results from this study illustrated how 

participants determined the boundaries of a disruptive period, pregnancy, in various ways 

depending on their own experiences of external and internal contexts. For instance, an 

individual may consider certain types of data within disruptive periods (i.e. weight during 

pregnancy) to be distinct from routine life while other types of data (i.e. stress during 

pregnancy) captured during the external context of a disruption is not distinguished from 

routine. How these determinations were made was based on how participants integrated 

internal and external contexts as they interpreted their data. 

Bounded situational contexts (BSC) refers to a personalized context that an individual implicitly 

defines by factoring internal and external contexts during a non-routine circumstance [209]. 

BSCs have two primary characteristics: (1) they are not inherently recurring (2) individuals seek 

to segment data captured during BSCs from other data in their lives. Below, I detail each of 

these characteristics and highlight prior literature in HCI other than pregnancy in which this 

concept may serve to aid in the extraction of insights to support sensemaking through design.  

5.5.1.1 Non-Cyclical Circumstance 

Among the body of work on the use of context to interpret self-tracked data, most have 

focused on individuals that relied on the cyclical nature of recurring contexts when interpreting 

data and determining subsequent actions. For instance, the notion of contextual frames refers 

to a subset of external and internal contexts that model routine or cyclical factors that shape 



115 

 

health behaviors and subsequently health data [193]. Central to contextual frames is the 

recurring nature of contexts and therefore a consistency in how data such as blood glucose 

data should be leveraged for diabetes management. However, studies on other chronic 

conditions that often do not follow regular patterns or continuously evolve over time have 

found that individuals rely on internal contexts when external contexts are unfamiliar or when 

there is a dearth of personalized health information [155].   

BSCs contextualize data captured during circumstances that are not necessarily recurring or 

cyclical. These findings highlight the complexities around the reflection of data from a period 

that is considered disruptive, transitional, and not guaranteed to recur. Prior works in HCI have 

studied individuals practice self-tracking during events or moments that are non-cyclical or 

non-recurring such as progressive chronic illness such as Parkinson’s Disease, spinal cord injury, 

multiple sclerosis, fibromyalgia, periods of self-experimentation, and menstruation for 

transgender men and individuals with endometriosis [26, 70, 120, 155, 170, 177, 180, 242]. 

These are periods in which aspects of health are irregular or not well-understood by the 

individual. These studies have discussed how the changing bodies and disease states require 

individuals to build new knowledge in order to better understand their bodies in the process of 

sensemaking and subsequently adjust their self-care practices [70, 242].  

Tracked data is interpreted with respect to its context; given that some contexts may never 

arise again, it is possible that these data captured during this period would not be useful to 

integrate into a broader reflective practice. The findings of this study saw that most participants 

referred to weight data from pregnancy as an “outlier” with “no impact on life” unless they 
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were to become pregnant again. The data was perceived to reflect an outlying period in life 

wherein an individual cannot form patterns, compare them to other periods of life, or derive 

insights that can be used to inform actions outside of the specific context during which they 

were collected. Other studies that explore the lived experience of a progressive chronic illness 

have similarly considered how data collected may not be useful in a future advanced disease 

state:  

“[Parkinson’s Disease (PD)] symptoms vary a great deal over time and progression can 
be difficult to predict...researchers must consider when and how to present this 
information to users. Since framing of self-tracking data can influence users’ self-
perception, presentation of information about disease progression must be thoughtfully 
designed so as not to foster a sense of helplessness and depression” [170].  

 

More explicitly, based on their findings of a study on how menstruators reflected on their 

menstrual tracking data, Fox et al. argue for:  

“…expanded forms of bodily sensemaking, ones that might emphasize the multiplicity 
of practices conducted to align with people’s goals and identities—over the models 
that come with algorithmic ways of knowing—and dimensionality, rather than a user’s 
relation to averages or norms” [70].  

 

In other words, data collected during BSCs may no longer be of use to the individual in their 

self-reflection and instead can be misleading or detrimental when viewed wholesale or through 

indiscriminate aggregation across different dimensions of data and periods of life. Still, there 

can be potential value in preserving data captured from BSC including cases in which such 

circumstances arise again. 
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In sum, BSCs are characterized by the infrequency or non-recurring nature of the circumstances 

surrounding when the data were captured. Consequently, data captured during BSCs may only 

be compared to data captured during the similar circumstances and should likely not be 

aggregated with other data. 

5.5.1.2 Data Distinction and Need for Curation 

BSCs are characterized by an individual’s need to distinguish and curate data from specific 

non-recurring periods in relation to data outside of this period. Elsden et al. have previously 

highlighted the need for designers to support individuals’ subjective interpretation of their data 

through data curation [56]. Previous work has found that selecting subsets of data or 

highlighting specific events can support meaning-making and storytelling [60, 82, 88, 92]. 

Individuals reflecting on past data have been observed relying on “key events” in order to 

derive meaning from their data and form a narrative more so than chronology [56]. In an 

exploration of visual cuts of self-tracked data, Epstein et al. suggest that highlighting anomalies 

from routine can support changes to routine activities itself [60]. In the previous section, I 

defined BSC as data captured during non-recurring contexts; individuals’ desire to curate data 

to draw a distinction between routine life and the anomalous contexts is a natural extension to 

this initial premise and therefore the second characteristic of BSCs.  

Defining specific segments of data as a BSC is the practice of disambiguating the segments of 

data that fall within the boundaries of what individuals consider relevant to their self-reflection.  

Designers should consider how individuals determine how they would want to curate data from 

their pregnancy-based BSCs as opposed to data captured outside of this period. The 



118 

 

perception of BCSs and their distinction from other periods of data is highly individualized and 

closely tied to the data stream being reflected upon. Though participants readily 

acknowledged the explicit, external context of pregnancy as a 9-month period, internally, they 

drew different boundaries in how they perceived specific data captured. Boundaries were often 

determined by the individuals’ perception of causality. For instance, P14 bounded the 

beginning of her pregnancy-related stress data starting before pregnancy due to her concerns 

about whether her IVF procedure would be successful and designated the end at the birth of 

her child. P10 defined the boundaries of her sleep disruption based not on the external context 

of pregnancy, but how she slept as a pregnant woman and as a parent caring for a newborn. 

These examples illustrate how depending on the type of data the individual is interpreting (e.g. 

weight, sleep, stress), participants assessed different causal factors to determine whether the 

data continues to be relevant to them or whether the utility of data is confined to the specific 

outlying context. Future designs can facilitate sensemaking not only through labeling context, 

but by applying their understanding of how individuals perceive specific data streams 

throughout various contexts. 

Over the course of life as disruptive circumstances occur or as the trajectory of illness advances 

to new stages [177], the framing of BSC can be used to refer to how individuals mark the end 

of one period and how it is distinct from the next. While not all external circumstances may be 

as clearly defined as pregnancy, this study provides insight to how individuals desire to curate 

their data: through individual perceptions of causality and preconceptions of how specific data 
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streams are influenced by contexts that occur. In turn, this research provides designers a lens 

through which to develop data visualizations for data collected during BSCs.  

5.5.2 Understanding BSC in Long-Term Self-Tracking 

Adopting Elsden et al.’s definition of data-work situates the task of defining BSCs as an 

essential step in the process of sensemaking. The term data-work describes “how individuals 

interact with personal data in situ” [56]. HCI scholars have previously described how the 

process of sensemaking involves continuously creating associations between aspects of daily 

living and the data collected [56, 157, 242]. They described a negotiation between what one 

knows and what data conveys in order to establish what is considered relevant to the current 

situation. Technology that embraces BSC as a lens can facilitate sensemaking by aiding users in 

classifying segments of data that should be treated differently for a variety of reasons including 

disease progression or discomfort in seeing data from certain periods of life.  

Data work involves evaluating and reevaluating what continues to be relevant over the course 

of time. This evaluation occurs through a negotiation of personal goals (internal context) and 

environmental constraints/lack of control (external context). In the age of personalized 

healthcare, more individuals will gain access to data that were captured during disruption or 

transition. The data work observed in this study involved participants weighing which data 

captured during and before pregnancy continue to be relevant to them around a year after 

pregnancy. Due to the timing of this study, most participants were reflecting their perceptions 

of their data under the circumstances of giving birth and caring for a newborn during the 

beginning of a pandemic. When asked how they reflect on their physical activity data, several 
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described not being as interested in their data as they would be during “normal” 

circumstances because they were busy caring for the child and trying to avoid infection. By 

exclusively focusing on external contexts (e.g. considering pregnancy as a static 9-month 

period or a pandemic), we oversimplify individual’s implicit data interpretation practices [153]. 

Beyond the explicit 9-month period or the ongoing pandemic, it is important to recognize how 

participants’ values has shifted from physical activity to caring for a child and trying to keep her 

child safe. Therefore, when a participant determines that a certain segment of data captured is 

not useful for her self-reflection, this boundary is not determined solely based on the 9-month 

pregnancy period nor strictly by the pandemic. During overlapping disruptions, it is imperative 

to understand the underlying BSCs when interpreting data.  

As more data are continuously captured, the likelihood that data is inadvertently collected 

during a disruption or period of transition will increase. The framing of BSC will be 

progressively important because these data will need to be distinguished and evaluated 

separately from what is ‘routine.’ As opposed to short-term tracking, which has been defined as 

tracking on the scale of weeks or months, long-term tracking (tracking on the scale of years) 

inevitably captures data across different routines as life events occur [166]. Technology is 

designed to present our past histories to ourselves through data, social media posts, and other 

digital artifacts [56, 88, 258]. Currently, in the dominant commercial self-tracking technologies, 

there are few built-in capabilities that would allow users to indicate which data are useful or 

control how data is displayed. In the next section, I discuss ways that technology can be 
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designed to support the implicit work and values that individuals impart as they reflect upon 

their data from BSCs. 

5.5.3 Design Considerations for Bounded Situational Contexts 

Currently, data that is collected is designed to exist in perpetuity. Findings reported from this 

study illustrate how tools that leverage past data to determine current health status or 

proposed interventions should carefully consider how data borne out of BSCs should be 

represented in data visualizations as these data may be unapplicable to the individuals’ future 

state. This study is an early work investigating how BSCs can be represented through data 

visualization-modifications. The limited work in this area is unsurprising given the appeal of 

personalized healthcare which promises higher prediction accuracy in exchange for more data 

to train algorithms – as opposed to the relinquishing of data that are subjectively considered 

irrelevant [215]. Below, I apply prior research on personal informatics systems that aim to 

present supplementary context in ways that can support the reflection of data from BSC. First, I 

discuss how individuals may establish boundaries on their own data based on perceived 

periods of disruption by building on prior research on semi-automated tracking methods. 

Then, I describe how these segments of data can be modified to support self-reflection. 

5.5.3.1 Semi-Automated Development of Personalized Boundaries 

There is a fundamental misalignment between the ethos of modern-day self-tracking culture 

and the lived experience of self-trackers. Through this exploration of BSC, I identified how the 

use of data change during and after life disruptions which reveals the latent assumption that 

self-tracking data can be used in perpetuity towards self-optimization [150]. The practice of 



122 

 

health management involves periods of disruption and recovery from disruption in which data 

(depending on when it is collected) are held in different regard. For instance, there were 

participants who were interested in their weight data during routine periods yet were no longer 

interested during pregnancy as well as participants who were exclusively interested in weight 

data during pregnancy but not during routine periods. In another example, participants 

reflected on low hours of sleep soon after giving birth (in which they have little to no control 

over the situation) differently than low hours of sleep during routine periods of life (in which 

they may try to extract causes and take preventative measures). As opposed to focusing purely 

on cyclical or recurring patterns, designing visualizations that take BSCs into account poses a 

unique challenge in that each new disruption may require the individual to re-negotiate which 

collected data retains its utility and which may lose utility during these periods. Surfacing BSC 

would enable self-reflection of data in terms that the individual may better understand, but 

given its subjective nature, it would be a highly burdensome task.  

One way of reducing the effort required to label periods in data is through the use of semi-

automated tracking. Developed in response to the need for a low burden means of collecting 

self-tracked data, semi-automated tracking combines manual and automated data collection 

methods. The goal of such systems is to lower the burden on collecting data that may not 

feasibly be collected purely automatically while also promoting awareness of behaviors [33]. In 

an example of a semi-automated tracking system that collects multiple data streams, 

MoodRhythm continuously captures behavioral trends such as sleep through a smartphone 

while requiring that the user answer questions about their mood [246]. These data are later 
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processed and insights that integrate the multiple data streams are presented to the user. 

Other examples of technology that employs semi-automated tracking techniques focus around 

combining “smart” automated detection to scaffold manual tracking efforts. For instance, 

MyBehavior requires manual food logging, but a wrist-mounted wearable for eating detection 

can remind the wearer to log their food at appropriate times [192, 233]. Semi-automated 

tracking systems have been posed as a way to aid self-tracking during evolving and complex 

situations such as chronic disease management. It can also play a central role in the creation of 

data visualizations that reflect BSCs.  

BSCs are derived from external contexts and internal contexts. External contexts can be 

detected automatically while internal contexts can be manually labeled with the aid of 

automation, perhaps triggered by changes in external context. For instance, Choe et al. have 

previously suggested:  

“Inferring context using other data streams (e.g., capturing “gym” by combining 
location and activity) or importing them directly from other apps (e.g., Foursquare) can 
reduce the capture burden” [34].  

 

Of note, these examples are all external contexts. With respect to this study, an individual can 

label which streams of data they feel could be affected the non-routine period of life, 

pregnancy. For example, a consistently elevated heart rate can be automatically detected and 

may indicate pregnancy8. A user could then be alerted and have the ability to manually label 

the start of a BSC within the specified data stream. Once BSCs are labeled, individuals should 

 
8 https://www.reddit.com/r/fitbit/comments/445ppj/hr_reading_consistently_high_last_few_days/ 
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have the ability to modify how these periods of data are integrated into their broader practices 

of self-reflection and data visualizations – if they are to be included at all.   

5.5.3.2 Varying usefulness of data 

Once individuals have labeled boundaries, designs should enable them focus only on the 

streams of data they consider to be relevant. As individuals define the boundaries of BSC, they 

also determine which data is pertinent to their understanding of their health and which data 

should be excluded from their analysis. Yet, much research on personal informatics systems in 

HCI visualize data with a static level of prominence to the individual reviewing their data [34, 

141]. Furthermore, while early work has found that it is common for individuals to pause or stop 

tracking intermittently over the course of years [166], few studies have considered the value of 

deliberate pruning of data that are no longer informative to the individual. These early works 

have similarly explored the theme of diminishing returns as data is tracked over the course of a 

lifetime or a disease state [144, 155, 170]. 

The data visualization-modification features evaluated in this study: Highlight, Archive, Mark, 

conveyed implicit boundaries explicitly. Allowing participants to visually draw visual boundaries 

in their data enabled them to process and interpret their data more quickly. In this study, 

participants were able to annotate entire periods of data with potential factors that they 

perceived to influence their data (e.g. highlighting then annotating a trip to Florida in the 

winter to answer the question of whether her weight decreased as a result of being able to go 

outside). The “Mark” feature enabled participants to see metrics calculated within personalized 

boundaries to surface insights (e.g. Average number of hours of sleep for each trimester) or set 
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benchmarks (e.g. Setting goal weight based on weight before pregnancy). The use of 

annotations and contextual information to trigger reminders align with findings from prior work 

on the use of context to facilitate sensemaking of self-tracked data [34, 196, 235] . Finally, the 

“Archive” feature, which allowed individuals to remove segments of unwanted data entirely 

gave the individual capabilities to leave out entire streams of data from view. During BSCs, 

data may be not useful or at worst, harmful; hiding the data from view can prevent rumination 

[55, 170]. This study highlights the dynamic relationship between human and data which can 

be explored through future studies that examine the journey of aging and how individuals 

perceive and use data across their lifetime.  

While this study only explored manual annotation of causal features, calculations, and removal 

of data between segments, there are further opportunities for design to support sensemaking 

once these personalized boundaries are made explicit. For instance, individuals may seek to 

compare of segments of data (e.g. comparing sleep data across multiple pregnancies). In sum, 

data visualization systems that display self-tracked data should be designed to allow individuals 

to designate their perceived boundaries through semi-automation and enable them to 

implement modifications to their data visualizations accordingly. 
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6 CONCLUSION 

In this chapter, I summarize the contributions of this dissertation research and discuss the 

limitations of and future directions for this work.  

6.1 Research Questions: Preliminary Study 
• (1) How can self-tracked data be used in mental health clinical care? 
• (1a) What are mental health care providers’ perceptions of self-tracked data? 
• (1b) What are the benefits and challenges of using self-tracked data in mental health 

clinical care settings? 

Innovations in passive tracking technologies offer an unprecedented channel of remote patient 

monitoring. This increase in availability of commercial self-trackers is occurring at a time when 

there is a cultural shift towards measurement-based care in mental health treatment. While the 

majority of HCI studies on self-tracking technology and health focus on physical health, there 

are fewer works on the opportunities for digital tracking technologies to advance mental health 

treatment. To explore the opportunities that these technologies can offer in clinical treatment 

processes, it is imperative to understand mental health care practitioners’ perspectives on 

these new tools and concerns around their adoption.  

We conducted an empirical investigation on the perspective of mental health care providers on 

the use of sensor-based patient-generated data (sPGD) in their work. The result is a descriptive 

contribution expanding the body of literature on sPGD and mental health. We learned that 

sPGD would provide more value if it could be correlated with standard clinical measures. 

Furthermore, participants envisioned ways in which discussing sPGD could support talk-based 

treatment practices. Despite these potential benefits, aligning the use of a new stream of data 
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with trusted clinical metrics would take more research to ensure the preservation of patient 

safety, time, and resources – all of which are limited.  

6.2 Research Questions: Main Study 
• (2a) How do self-trackers define which data captured during non-routine circumstances 

are useful to reflect upon?  
• (2b) How do self-trackers envision reflecting on data after the non-routine period has 

passed?  
• (3a) How should we think about designing data visualization-modification features that 

support the reflection of data after the non-routine period has passed? 
• (3b) What are the benefits and challenges of modifying data visualizations that depict a 

non-routine period? 

Studies on the use of self-tracking tools and the interpretation of self-tracked data often 

assume that data is captured during a routine context and technology is subsequently 

designed under the same assumption. As illustrated by the preliminary study, a non-routine 

circumstance in which data is collected may influence the interpretation of data. More 

specifically, in the preliminary study, a clinician questioned whether the health data collected 

while a patient is undergoing treatment is representative of that patient’s health once they 

return to their routine. Disruptions and transitions that break an individual’s routine are 

common. Yet there has been little research on how individuals reflect on data after such a 

disruption has occurred and how they determine whether data captured during an outlying 

period remains useful to reflect upon.  

I conducted an empirical study to examine how women envisioned reflecting on their past self-

tracked data with respect to a recent pregnancy. Through observing how participants 

perceived their pregnancy with respect to their non-pregnancy data, I found that they implicitly 

drew boundaries between these periods based on events that occurred or through the data 
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itself. Although all participants experienced pregnancy, they had varied perceptions of the 

boundaries of pregnancy as it related to their health data.  To explain this concept, I 

introduced the notion of bounded situational contexts. A bounded situational context (BSC) 

refers to an individualized context that an individual defines through factoring internal (e.g. 

personal goals, background) and external (e.g. physical or social) contexts during non-routine 

circumstances. This conceptual contribution can be used to explain the temporal misalignment 

between the external disruptive period and the period of data that individuals internally 

perceived to be related to the disruption.  

After the non-routine period has passed, depending on the individual’s perceived relationship 

between the stream of data being assessed and the context of pregnancy, participants either 

imagined only reflecting on their data if they were to become pregnant again or imagined 

reflecting on their data as if it were captured during a routine period of life. All participants 

believed that data on their physical health that was collected during pregnancy was no longer 

relevant after they had given birth. The perception of stress data, in contrast, depended on 

whether the individuals felt that their stress was affected by pregnancy; if they believed that 

stress was not affected by pregnancy, then stress data captured during pregnancy was 

undifferentiated from stress data during routine life. These determinations were highly 

subjective and individualized.  Yet, most commercial self-tracked data visualizations exhibit an 

implicit assumption of a consistent baseline. Data that is collected is factored into the 

individuals’ health assessment in indiscriminately and in perpetuity. These designs fail to visibly 

take into account BSCs; by giving the individual tools to modify data visualizations of their 
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health data, we can allow for visualizations that reflect individuals’ desired use or non-use of 

data from periods of disruption.  

Design contributions of this dissertation include the development of data visualization-

modification features which can be used to reflect BSCs and the empirical evaluation of their 

perceived utility. Participants found value in the ability to (a) Mark graphs based on calculations 

that would allow them to summarize and compare data from various BSCs (b) Highlight 

segments of data to visually bracket BSCs to support sensemaking, and (c) Archive data from 

BSCs when it is no longer relevant. Participants found that these capabilities would allow them 

to focus on the data of interest more quickly and glean information that more accurately 

reflects their health through the removal of data they deemed irrelevant. The challenge 

remains as to how to enable individuals to modify their data according to BSCs with low 

burden, but prior research on semi-automated tracking provide a foundation upon which to 

carry forth this work. These studies are an early step towards the goal of enabling self-trackers 

to take control over their own data throughout various life processes. 

6.3 Study Limitations and Future Work  

Bounded situational contexts are formulated in response to the non-routine circumstances or 

disruption that has occurred. In this dissertation, I explored two different disruptions: an 

intensive outpatient treatment program and pregnancy. Different disruptions have various 

properties that can influence how individuals perceive their corresponding BSCs. For instance, 

in the preliminary study, externally, there is a clear line drawn between when the patients were 

in treatment and when they returned home. In the main study, participants understood that 
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externally, pregnancy ended at the birth of their new child. Unlike the non-routine 

circumstances that were investigated in this dissertation, a disruption to routine such as a 

natural disaster may not have as clearly defined external boundaries or imagined impacts on 

data. Future research should investigate how individuals conceive of BSCs derived from 

disruptions that are not as directly perceivable.  

Over time, individual’s reflections on their data and themselves may change  [122]. The main 

study interview took place during a 1-hour session months after the participant had given birth. 

While this study had identified how women perceived the boundaries of pregnancy data 

around one year after birth, these boundaries may change if they were to review their data 

during a subsequent pregnancy. As individuals progress through life, gain new experiences, 

and age, their perceptions of past events may also change [149]. Indeed, developers designing 

algorithms have struggled to depict past moments as individual’s recollection of their own 

histories are often in flux [122]. A future longitudinal study would allow us to better understand 

how data from the past are used as new events occur and furthermore, how BSCs are molded 

and evolve over time. 

Finally, given the possibility of corporations and institutions analyzing a lifetime of data 

throughout various contexts and settings, the use of long-term tracked data has ethical and 

social implications. In the era of digital health, while the “democratization” of medicine allows 

patients to have access to detailed measures of themselves instead of relying on more 

paternalistic models of care, often these same data are used for surveillance [218, 238]. Critics 

of digital health tracking envision that future of tracking practices will be an obligation imposed 
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by employers or insurers. When individuals do not have the ability to modify their own data, 

the use of data from past stages of life, diseases that have since passed, or stressful periods in 

history may be misleading or reinforce existing structural inequalities [147, 148]. With the 

growing number of companies seeking to mine big data for predictions, researchers and 

designers alike should develop systems and technology to protect the individuals that seek to 

provide only the information relevant to their needs. This dissertation is part of a growing body 

of work that expands our understanding of how to create tools that can enable individuals to 

control their data, craft their histories, and tell their stories. 
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