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Abstract. Emerging studies are reporting on the implications of self-tracked data
in patients’ everyday life and how it influences self-care activities in chronic care.
The increased uptake of consumerwearable activity trackers in healthcare contexts
and the wider application of advanced analytics is changing the temporal scope
from ‘past-centric’ to ‘future-centric’ personal informatics. At the same time, a
stream of research is making clear that experiences of emotion are constitutive of
patient data work suggesting that the micro practices of engaging with personal
data has an important affective dimension.We conducted an exploratory interview
study with five chronic heart patients with an implanted cardiac device to concep-
tualize the data work, which is involved in making sense of self-tracked data from
a consumer wearable activity tracker (Fitbit Alta HR). In this paper, we contribute
to understanding patient data work as seven forms of micro practices: Verifying,
Questioning, Motivating, Reacting, Accepting, Distancing, and Sharing. We dis-
cuss how these practices relate to temporal and affective dimensions of engaging
with self-tracked data in chronic care and point to future research.

Keywords: Self-tracking · Self-care ·Wearable activity trackers · Personal
informatics · Affective computing

1 Introduction

Self-care technologies in chronic care have traditionally been regarded as tools for sup-
porting disease-relatedmatters [1]. However, during the last two decades there has been a
boom in consumer self-tracking devices, originally designed for sport, leisure, and well-
ness. These wearable and mobile devices are increasingly becoming part of patients’
self-management practices and the line between the realms of medicalized self-care
technologies and consumer self-tracking technologies is gradually being blurred [2, 3].
Along with this pervasive access to consumer health applications and wearable activity
trackers, the work of producing, gathering, interpretating and using health data is no
longer a job solely upheld by healthcare professionals. Instead, individuals with chronic
conditions can engage in various forms of patient health data management practices,
which has been broadly described as “patient data work” [4, 5].
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Outside the medical contexts, engagements with personal information and self-
tracking data have been conceptualised into different stages including activities of prepa-
ration, collection, integration, reflection and action. Studies under the term “personal
informatics” have given shape to a long-standing discourse and multiple contributions
to understanding how people engage with new types of digital devices that allow for
collection of multiple forms of personal data [6]. Moreover, studies of using wearable
activity trackers in clinical care contexts have been studied in health informatics [7],
often with a focus on acceptability and effect in clinical encounters like using Fitbit
in cancer or cardiac care or self-tracking among patients with co-morbidity [2, 8, 9].
In Human Computer Interaction (HCI), studies have examined how participants used
self-tracking technologies as intertwined with self-care practices for disease monitoring
and fitness tracking in chronic care [3, 10, 11].

More recently, two streams of research have appeared, which give rise to new ques-
tions: one stream examines emotion and affect during patients’ data intensive practices
[12–14]. For example, it is known that patients’ experiences in diabetes self-care prac-
tices have an important affective dimension, and that patients and relatives are bound
to the emotional struggle moving between control, freedom, and anxiety [13]. Another
stream of research, which is concerned with future-oriented personal informatics in
health contexts [15–17], has started to examine the opportunities and implications of
artificial intelligence and advanced analytics in the space of self-tracking and self-care.
For example, one study found that supporting “anticipation” and engaging in prospective
and proactive approaches to tracking can provide new opportunities for design, which
is somehow an extension to the withstanding focus on supporting reflection on historic
data.

With this paper, we wish to explore two questions that cut across these newer streams
of research and connect with earlier studies of self-tracking by seeking to conceptualise
the micro practices that emerge when chronic heart patients are exposed to consumer
wearable activity data with a Fitbit device.

• What forms of patient data work do chronic heart patients engage in during self-care
activities when using a consumer wearable activity tracker?

• What are the temporal and affective dimensions of patients’ self-tracking and self-care
activities?

Weconducted a qualitative interview studywithfiveparticipantswho all have chronic
heart disease and an implanted cardiac defibrillator (ICD)which is remotelymonitored at
theRigshospitalet, CopenhagenUniversityHospital, Denmark. The study is an extension
of a previous study where 27 chronic heart patients were invited to use a Fitbit consumer
device for 3–12 months and were interviewed about their experiences of self-tracking
during self-care.
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2 Background

2.1 Self-tracking with Consumer Wearable Technologies in Everyday Chronic
Care

People living with chronic conditions engage in self-care activities to manage their
disease as part of everyday life [1]. Some activities are an extension to the medicalized
part of their treatment, such as the day-to-day management of prescribed medication
and self-monitoring of symptoms as well as using medical grade equipment like blood
glucosemonitors or home telemonitoring equipment tomanage the disease [1, 18]. Other
self-care activities are related more to the mundane character of living with a chronic
condition such as responding to the psychological and emotional impact of the disease
and undertaking lifestyle changes as well as getting support from informal caregivers,
searching for information, or communicating with other patients with similar diseases.

Prior research in health informatics has investigated the experiences of patients when
engaging in self-tracking using consumer wearable activity trackers and smartphone
applications in chronic care contexts [7, 9, 19–21]. Several studies have considered
acceptability and adoption in medical care, for example research on the acceptability
and attitudes towards integrating fitness tracking with a Fitbit device into clinical care of
men with prostate cancer [9]. Other research examined the use of self-tracking among
patients with multiple chronic illnesses and found that there are multiple purposes for
tracking and that some patients consider it as work to track their own data [8]. Research
also considered the implications of sharing “patient-generated” data in different types
of patient-clinician interactions [20] suggesting that data produced and collected by
patients, including activity and biomedical data from consumer wearables, becomes
health data when used as part of the formal and the informal disease management. More
recently, a study found that the effects of self-tracking with a consumer wearable device
(Fitbit) in chronic care constituted ambivalent experiences i.e., both negative and positive
experiences such as gaining new insights from data in one moment and data evoking
doubts in another moment [2].

In HCI, studies of self-tracking have united around the term personal informatics
and have focused on systems that support data intensive practices like collection and
reflection upon self-tracked data [6, 22]. Early studies were mostly oriented towards
the “quantified self” and domains of general health, fitness, and behaviour change i.e.,
non-medicalized contexts [22]. Today, HCI studies are increasingly exploring the role
of self-tracked data in more medicalized contexts such as diabetes [10], irritable bowel
syndrome [11], and multiple sclerosis [3] where findings include unpacking of how
participants used self-tracking technologies as intertwined with self-care practices for
disease monitoring and fitness tracking.

Self-reflection or just “reflection” on self-tracked data has been a prominent theme
and it has been argued that designing for reflection is just as important as designing
for “experience” through interaction [23]. For example, there can be different purposes
of reflection such as learning, prompting action, and self-development and there are
different levels of reflection such as descriptive (i.e., revisiting events), explanatory,
and transformative (i.e., a fundamental change in understanding which might ultimately
lead to a change in practice). The idea of designing for reflection on self-tracked data
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suggests an orientation towards the past and historicmoments of data collected less than a
future-oriented one. However, the advent of artificial intelligence and advanced analytics
has pushed the perspective in HCI and personal informatics from a mostly historically
oriented perspective in self-tracking towards a more future-oriented perspective.

Emerging studies have started to explore future-centric personal informaticswhereby
self-tracking data are turned into prognostics and personalized predictions. Lee and oth-
ers [15] explore the differences betweenwhat they call ‘past-centric’ and ‘future-centric’
and found opportunities for stress management when supporting individuals’ anticipa-
tion and engaging in prospective and proactive approaches to tracking. Similarly, Rho
et al. [17] conducted an experiment on supporting people with predictive information to
lose weight and found that future-oriented ‘consequence information’ had a more pos-
itive impact than traditional ‘performance information’ when self-tracking for weight
loss. Others have explored opportunities in chronic self-care and experimented with
personalized predictions to generate nutrition-driven, and real-time forecasts of blood
glucose levels to support decision-making among diabetes type 2 patients. Desai et al.
[16] developed a smartphone app calledGlucOracle and evaluated its feasibility for facil-
itating nutritional decision-making and found that technologically savvy individualswith
well-managedblood-glucose experienced forecasts to be unsurprising and rarely prompt-
ing action while individuals with limited health technology experience and knowledge
of diabetes self-management found predictions to be insightful and encourage concrete
changes in diet and blood glucose management. These recent studies provide a different
take on self-tracked data in healthcare contexts and foreground a temporal perspective
on data work as well as emphasizing the need to explore the prognostic role which
consumer wearable data may have for chronic patients.

2.2 Emotion and Affect in Design of Self-care Technologies and HCI

When looking across studies of patients’ engagement with self-tracking technologies
there is a growing body of literature that has turned to investigate the role of affect and
the emotional implications of patient data work [4, 5, 24, 25]. Research has investigated
patients’ emotional experiences around self-monitoring, for example the ways in which
bloodglucose data collectedbypatientswith diabetes and their caretakers is tightly bound
to the emotional struggle moving between control, freedom, peace of mind and anxiety,
and the burden of dealing with technology [13]. Similarly, it is found that data tracking
for fertility self-monitoring promotes the achievement of certain positive goals but may
accentuate negative emotions such as feeling burdened or abandoned [12]. Others have
studied patient experiences in cardiac device telemonitoring and found that not having
access to data or feedback fromclinicians can create anxiety and the feelingof uncertainty
as well as emotional and life-changing impact, which in turn creates doubt, guilt, and
concern [26]. Positive and negative affect can therefore co-exist and become present
as emotional ambivalence, which studies have found in healthcare contexts and among
quantified self-enthusiasts [2, 25, 27, 28]. Conflicting or ambivalent experiences appear
constitutive of self-tracking including affective responses like “doubt, guilt, fear, shame,
dismay, disappointment, and hesitation as well as joy, relief, excitement, enthusiasm,
and pride” [28].
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Research into emotion in HCI research is, however, not new. In particular, the notion
of affect has played a prominent role in HCI and design since Picard’s pioneering work
on Affective Computing [29]. Initially, it was argued that Affective Computing would
be “computing that relates to, arises from, or deliberately influences emotion or other
affective phenomena” (ibid.). Nonetheless, the main agenda of Affective Computing
has been formulated as making computers recognize or express emotions [30, 31]. This
has led to critique within HCI and interaction design where it has been argued that this
definition of emotion as a kind of transferable “information” is reductionist and does not
fully encompass the complexity of the human emotional experience [31]. Instead, it was
argued that an “interactional” approach to affect that lets people reflect on their emotional
richness was needed [32]. Within this interactional approach, Höök has suggested the
term ‘affective loop’ pointing to the way that affect and emotion can emerge and be
supported through interactions with technology and data involving both body and mind
[33]. Lately, the concept of “affective health” has been coined by Sanches et al. [14], to
encompass the stream of HCI studies related to affective disorders such as depression,
anxiety, and bipolar health issues. In this paper, we follow this turn towards continued
engagement with affective interactions and the role of emotions as interactive properties
of technology design [34]. We further advance recent research that points to a holistic
and encompassing engagement with how affective interactions on a micro-level can lead
to relational changes on a macro-level [35]. Here, affect is conceptualised as constitutive
for human experience, and not only in affective disorders. We build on this approach to
explore affective dimensions of self-tracking technologies that comes to have an intimate
role in e.g., chronic self-care. We also consider the temporal i.e., historic versus future-
oriented engagement with self-tracked data to explore the implications of patient data
work in a time where application of predictive analytics is emerging.

3 Study Design and Method

This study explores patient data work and the micro practices chronic heart patients
engage in with various information sources including but not limited to their bodily
sensations, communication with health professionals, and wearable activity data using a
Fitbit Alta HR device. The study is an extension of a former study where 27 ICD patients
were invited to use a Fitbit wearable activity tracker for 3–12 months and share their
experiences through three semi-structured interviews [2]. Five patients were recruited
from the original study and the selection was carried out using purposive sampling. Our
criteria for inclusion were based on having a mix of participants who had different ill-
ness severities and diverse uses and experiences of the Fitbit device. The original study
received formal ethical approval by the Capital Region of Denmark’s Committee for
Health Research Ethics (no. H-19029475) and patients provided informed consent and
were carefully instructed about their participation in the extension of the project, which
had no intervention component. Five semi-structured interviews were conducted using
an interview guide with four themes, which revolved around the patients’ day-to-day
prognostic (i.e., future-oriented) work and their use of activity data, their emotional
labor, and their informational needs. In addition, the study added speculative consid-
erations of the usefulness of predictions based on artificial intelligence of severe heart
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arrhythmia in a smartphone app. Two interviews were carried out in-person and three
interviews were carried out over Zoom due to Covid-19. The duration of the interviews
was between 43 min and 131 min. All interviews were transcribed verbatim. Data anal-
ysis was carried out collaboratively using an inductive qualitative approach based on
constructing grounded theory [36] supported by the qualitative data analysis software
NVivo 12 (QSR International, Melbourne, Australia).

4 Findings: Patient Data Work

We identified seven forms of patient data work that describe the micro practices that
participants engaged in by relating their lived, bodily experiences with consumer self-
tracking data. We explored how these data work practices were characterised by having
an emotional dimension as well as a temporal dimension ranging from the here and now
(situational) to the reflective (historic) and prospective (future-oriented).

4.1 Verifying

Themost prevalent patient data work practice with Fitbit was verifying bodily felt symp-
toms. Several of the participants reportedhow theybeganusingheart rate data and activity
data to confirm or check for the alignment with their heart related symptom experiences.
All the participants explained how they had already developed a sensitivity towards
particular bodily sensations for recognizing emergent severe heart arrhythmia. Previ-
ous experiences had taught them how certain symptoms were anticipatory of upcoming
events and how these symptoms functioned as cues for taking action. P4 explained that
when he experienced severe “chest cramps” he knew “automatically” that severe heart
arrhythmia was underway, and it is due time for calling an ambulance and P1 told several
stories of how he learned that “dizziness” and “near fainting” were clear signs of severe
arrhythmias: “I’m 110% sure of VT [severe heart arrhythmia] because when I get the
VTs I feel badly uncomfortable. I almost faint, they are very clear”.

Despite having developed a form of bodily awareness about sensations and symp-
toms, several of the participants began to use wearable data during everyday situations
to check their heart condition and thereby verifying their symptom experiences. One
participant explained that severe heart arrhythmia can feel a bit different from time to
time and that he has begun to use heart rate data to become more certain: “I can see that
the curve is even for a normal high heart rate - it is the same all the way. But the curve
is, definitely, not even when you have VT. I use the watch to be absolutely sure because it
does not always feel the same” (P3). In this way, Fitbit data became a tool for verifying
experiences of symptoms and bodily sensations “here and now” and supported a form
of patient self-diagnosing. By keeping a personal log and using his smartwatch to verify
bodily sensations of severe heart arrhythmia, P3 expressed how he had become more
aware of emergent arrhythmia by turning to the combination of data and symptoms: “I
am becoming more and more aware of it. I experience it every time I get confirmed when
it shows that it is exactly as I have felt it [by combining Fitbit data and personal log
data]”.
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Similarly, P1 described how he used Fitbit to verify his symptoms of atrial fibrillation
(AF), another type of severe heart arrythmia: “It is AF when the heart spins with a pulse
from 110–140. This is the area where things start to get critical and then it is time.
I’ve started to keep an eye on my pulse when I begin to sweat, and I can feel it on my
breathing” (P1). He gave an example of waking up in the middle of the night feeling
uncomfortable, sweating, and having difficulties breathing, and explained how he turned
to the Fitbit device to verify his symptom experiences: “The times I have woken up with
it at night, I could see from the intervals [in the Fitbit data] that I had been lying with a
high pulse for a very long time.” For him, the combination of symptom experiences and
Fitbit data enabled him to verify bodily sensations but moreover supported his decision
on what action to take: “When I had those episodes during the night, I could knock them
down with an extra beta blocker [prescribed heart medicine], right, and if the pulse does
not calm down then I have to call 112 or 1813 [emergency telephone number].”

LikeP4 andP1, P2 began to use Fitbit in relation to her heart condition. She developed
a daily routine of checking in to see that everything is okay: “(…) a couple of times a
day I go in and check what my heart rhythm is, if it is higher” (P2). Similarly, P2 also
began to consult her heart rate data to confirm or disconfirm her symptom experiences:
“If I feel that my heart has been throbbing a little, I can go in and check to see, okay,
is there anything behind this, or not.” She explained how she used the wearable data to
calm her when in doubt about her heart condition while being outside and on the go:
“At the same time it [FitBit] can also calm you. During a winter holiday in Thy I was
out walking. We were four and two of them were walking really fast. I felt I could walk
fast but I could feel that I could not keep up with this, but in reality, I could see on my
app that I could do it without problems. So, in this way you could say that it calms you
down” (P2).

While alike in comparing symptoms and data for verification purposes, these exam-
ples point to quite different temporalities of use. The real-time verification of bodily felt
symptoms was supportive in the situation, but moreover worked as cues for potential
upcoming events by knowing what action to take. This is different from the retrospective
verification work of P3, but both forms of verification were afforded by the data-body
loop. Besides appropriating the use of the wellness-fitness tracker towards a disease
diagnostic device, we also found that some participants used verification for providing
reassurance and emotional comfort, which underlines the importance of the affective
dimension of patient data work with consumer wearable data.

4.2 Questioning

Another type of patient data work that emerged was using self-tracking data to explore
or seek answers to disease related questions. One participant, P1, described how he
began to use Fitbit for exploring associations between behaviour change and his heart.
He was concerned about exploring the effects that smoking may have on his severe heart
arrhythmias. By experiment, he found that his average heart rate clearly decreased when
no longer smoking: “From the day I stopped and ten days onwards my average heart
rate dropped by one per day” (P1). From this active questioning along with his use
of self-tracking, he reasoned that it was the “tangibility” of his heart rate data and the
visualization that enabled his discovery: “This tells me that smoking, along with several
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other factors, can push me to a place where I can get some abnormal and irregular
heart rhythms. If I had not had this [Fitbit], then I wouldn’t have been able to get these
answers. I could, perhaps, feel that I had gotten it a little better, but it is the tangible
and visual, that makes it happen for me” (P1).

Consumer self-trackingdata can, in turn, generate prompts for newquestions that lead
to individual discoveries. Led by curiosity, some participants engaged in keeping track
of their wearable activity data on a daily basis. One participant explained how she used
Fitbit a couple of times a day to look for abnormal patterns. By actively questioning the
relation between her behaviour, bodily sensations, and past experiences, she discovered
that there may be a connection between increased heart rate and normal activity: “I can
see if the heart rate is in the red area, and I know that I have not been out for a walk
then I think: “I need to be a little bit careful”. But, if I know I have been out for a long
brisk walk, then there is an explanation, and everything is fine, and I won’t expect any
events will come unannounced” (P2).

Likewise, P1 discovered that just before arrhythmias occur, there is a traceable dis-
connect between not being active and data showing an abnormally high heart rate. This
led to increased concerns and made P1 take action and contact the hospital: “I think my
heart rate was relatively high when I was in the normal range of activity, right? And
that made me contact the hospital where I said: “we will have to get this under control:
either there is something wrong with my medication, it does not work, or I would like to
have a responsible doctor to take a closer look” (P1).

In this way, participants engaged in micro practices of continuously exploring and
reflecting upon self-tracking data to seek unanticipated discoveries or generate some
form of answers to pertinent questions that may support their self-care practices. While
thework of questioning typically has a retrospective orientation, patientsmay be affected
emotionally in the situation of discovery and decide to take action. Moreover, the par-
ticipants’ discoveries could turn in to patient knowledge that the participants would use
for purposes of verifying bodily felt symptoms.

4.3 Motivating

Motivating relates to the ways in which the wearable activity data became integrated
with exercising, which the participants, like most other people, considered as good for
their heart and overall health condition. For some of the participants, engagement with
steps and heart rate data was linked to a desire to stay in control of their health condition
and afforded positive affect. For P2 who had never experienced a shock from her ICD,
the Fitbit data encouraged her to ensure that the activities she engaged in were good for
her. She described how she was motivated to go from walking 10.000 to 15.000 steps
and how FitBit had gradually motivated her to improve her exercise behavior: “[I]n the
beginning it was just the steps and then it was like the steps and number of days in a
week where I get enough exercise – and then it became interesting with that heart rate
or need for sleep[…]” (P2).

Similarly, for P1, the visual cues of exercising more and improving behavior like
eating healthier, decreasing stress or quitting smoking, motivated and provided reasons
for changing his behavior: “These visual things they make me happy it seems that it’s
actually working that you’re doing this. Tome it’s reinforcing the situation you’re in, well
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okay it’s motivating to continue. Because when I feel better maybe I can do more. I can
visually see the effects […]” (P1). Just like verifying emergent symptoms with activity
data became a routine activity, several participants explained how checking heart rate,
number of steps, and stress levels was motivation for keeping a positive outlook and
encouraged being more active: “I look at it every day. I can get all the information I
want so yes, I use it a lot. It gives me all the information I really want. In relation to my
number of steps, my heart and stress” (P5).

While some patients, like P4, did not find the data useful for motivating exercise due
to inaccuracy of the data that “don’t make sense”, several of the participants used Fitbit
and the self-tracking data as a motivational device, which in general supported positive
affective loops such as feeling motivated or seeing that efforts led to positive health
outcomes such as a lower average heart rate and thus, lower risk of heart arrhythmia.

4.4 Reacting

Reacting was another form of patient data work, which was triggered when patients
were prompted with information about heart arrhythmia episodes or other information
signifying certain changes in their heart condition. For example, P2 explained that one
time she received a phone call from the ICD remote monitoring clinic where they told
her that several severe heart episodes were detected. P2 reacted by looking into her
calendar to understand the circumstances and the possible reasons for having the heart
arrhythmia: “When the hospital called me and said you had an episode at that and that
time then I went back to my calendar and found that it happened during a tough meeting
at work, possibly when I was fired. So, there have been some pinpoints like that where I
have had a mentally hard time. It’s my belief that when I’m under hard psychic pressure
it can trigger heart fibrillation”. In this way, external prompts with clinical information
spurs certain considerations that can involve reasoning between past events and possible
cues for actions. For P2, being prompted with information about certain heart episodes,
initiated reflections, and reasoning, which resulted in increased awareness about how
psychic stress may induce problematic episodes.

Reacting became particularly present in conversations with participants about oppor-
tunities of forecasting the risk of future arrhythmic heart episodes using the wearable
and implantable data. The participants engaged in speculating about what it would mean
to be notified and technology-prompted about increased risk of upcoming arrhythmic
episodes. P3 considered being notified in due time would enable him to react and take
appropriate action: “Getting notified a few hours in advance would mean that I can
react and do something” (P3). Similarly, P2 speculated how a prompt with short-term
prediction of upcoming arrhythmia could enable her to be in secure surroundings: “Well,
I would not drive a car and be behind the wheels. If I was in the danger zone for the
next 48 h, to get a shock, then I would make sure I was not alone but with someone
who could help me” (P2). P1 speculated that he would react by considering the forecast
against his bodily feeling and take appropriate action, somehow reversely verifying the
data induced forecast: “I think I would hold such a risk forecast up against how I feel
right now, to see if it might go in that direction” (P1).

While some data work practices were mostly patient-initiated e.g. verifying and
questioning, we found reacting to be a distinct type of activity, alluded by prompts with
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external informational cues and imposing upon the patient some form of actualization of
the disease. Reacting to data-induced forecasts could – in best cases – support self-care
by enabling the participants to take appropriate action, but the accompanied emotional
labor could overshadow the opportunity and lead to a worsened situation.

4.5 Accepting

While wearable activity data and data from the participant’s implanted cardiac device
could afford a positive outlook, we also found that coping with negative data could be
seen as an active process of accepting. For some participants, accepting was integral
to using self-tracking data and could set negative as well as positive affective loops in
motion: “If there are days where I have not moved enough. Then I got a bad conscience
because then I kind of got reminded of it” (P3). In this way biometrics and activity data
are not “just” data that can lead to a bad consciousness. Instead, it is more pertinent
what is at stake with inactivity for some chronic patients: “Yes, but it is important to
keep going. It is whether you are a heart patient or not. I feel it’s even more important
that I keep in shape. Especially because I know my illnesses. Whichever way it goes,
there is no standby, that is, at some point, I will have to be transplanted. Then, as far
as possible, I want to be in good shape or whatever I can now” (P3). As the quote
demonstrates, self-tracking data carries along emotional labor and managing concerns
in relation to the current health condition and the clinical prognosis. Activity data from
consumer devices can, when incorporated into self-care, act as reminders of how well
or how poorly you manage, not only your daily goals for exercise or lifestyle change,
but moreover the prognostic outlook your chronic heart condition.

4.6 Distancing

Most of the participants had a positive attitude toward accepting their heart condition
and welcoming “good” and “bad” news emerging from implant and wearable data. Yet,
some of the participants also emphasized ‘distancing’ as a strategy to cope with their
disease. P4 only experienced severe heart arrythmia a few times and for him it has been
a meaningful strategy to think less of his heart disease in his everyday life and only
consider it when severe heart arrhythmia emerges: “Well, I did have a lot of concerns
about it when I was diagnosed with the heart disease. But, I have the heart that I have,
and the psyche that I have. It’s just my life condition and it’s not something I go and
fill my head with”. Similarly, for P5, who has struggled with longer periods of being in
a depressive state and crying a lot, now prefers to distance himself from reflecting too
much on his heart condition: “So you start with asking questions all the time like “why
did it happen” and “what can we do to make you feel better”. I believe that the worrying
makes most people more sick than it makes them healthy. We are sick already, there is
no reason to make us sicker”.

P4 and P5, also considered the critical and negative emotional effects that short term
predictions with activity data could generate. P5 speculated about the consequences it
would have had for a recent trip to IKEA where he experienced a cardiac arrest. He
explained that he preferred his bodily sensing and his personal know-how over relying
on data and technology to verify his symptoms: “If you can sense it and if you can feel
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that now it’s on its way to something. And if you can handle it – well then you don’t need
to know it before it comes” (P5). He believes that arrhythmia risk predictions based on
data of upcoming severe heart arrythmia could lead to increased worrying: “Personally,
I would probably be skeptical: is it necessary for me to know? For me, I would not care. I
think it would give more concerns than it would give me joy to know” (P5). Similarly, P4
speculated that his reaction to technology-based prompts of risk prognosis would lead
to more worrying and ultimately trigger arrhythmic episodes: “I think, if I found out
that in 14 days “you can count on getting an event” then it would in itself lead to more
worrying or the anxiety itself would provoke a heart attack”.As such, some participants
prefer – in some situations – to distance themselves from data-initiated actualization of
their disease. For them, it is the experience that negative affective loops emerge from
engaging too much with data that can infer something about their developments in their
disease state.

4.7 Sharing

The participants reported that sharing their disease-related concerns prompted by data
from the implanted and wearable devices with partners was an important part of their
data work and self-care practices. P2 explained that sharing concerns about arrhythmic
episodes with her husband, for example, happened last time they called from the clinic:
“After the clinic called in December, I quickly told it to my husband and my mother.
I was like - whoops, I need to take care of myself”. Similarly, for P5 it is critical for
self-care to involve close relatives in coping with the heart disease whenever arrhythmic
episodes emerge: “It will always, always be a good idea to also involve your relatives
in one way or another”. For P3, his wife supports him when severe episodes arise and
becomes a close partner for detecting and coping with severe arrhythmic events: “Just
after the fainting on Saturday, it still sits in me. Because when I fainted and woke up
again, I actually didn’t know if I got a shock from the ICD. But then my wife was next to
me and could tell me that I did not.”

Sharing concerns about data becomes particularly pertinent when there are opportu-
nities for taking counter measures and managing emergent episodes with heart arrhyth-
mia. When engaging the participants in discussing the use of self-tracking data for
arrhythmia risk prediction, several of the participants speculated that they would share
it with their partners, like P5 explained: “It will make really good sense, because then
you are two who can act”. P2 considered involving her husband, daughter, or others
nearby to co-manage the critical situation: “If I had known that I was in dangerous risk
then I might have told my husband ‘you’ll have go with me’ or one of the riding girls
down at the stable ‘could you please go with me and help out’ or tell my daughter on
the road ‘try to listen here, it’s not so good’”. Similarly, P1 speculated about contacting
his girlfriend if he learned about increased risk: “I would maybe contact my girlfriend
if I was not near her, and then say: ‘Well the forecast looks kind of bad, I just have to
do something’”. These examples describe that patient data work is not only individual
but is oftentimes connected with care activities where partners, relatives and informal
caregivers take part. It suggests a move beyond the individual relation to the coupling
between the bodily-lived and self-tracking and implant data to a wider social sphere,
most commonly consisting of the person and the person’s partner.
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5 Discussion

While the patients in this study are all proactive and engaged users of self-tracking
technologies, the ways in which these patients interpret and use their data vary. Some
patients log and use their data to critically question and follow themedical treatment they
receive. Other patients use their data exploratorily to constantly test the ways in which
they can optimize or improve their health condition. However, one thing that the patients
have in common is that they engage in data work practices of verifying, questioning,
motivating, reacting, accepting, sharing, and distancing in relation to coping and living
with a chronic illness.

Looking at the findings, we can identify several temporal dimensions regarding the
patients’ use of their self-tracked Fitbit data. In particular, we can distinguish between
practices related to collecting and reflecting on data to 1) understand past developments
of e.g. your heart rate when doing exercises or when trying to make sense of events in
the past as seen during activities of questioning or by being prompted by past events as
in the examples of reacting, 2) in cases where the patients explore connections between
in the present moments as in many of the verification examples, e.g. when trying to
figure out whether a severe heart arrythmia is coming within the next few minutes and
3) when concerned about future actions as e.g. in the motivational practices. Naturally,
we see crossovers e.g., when looking at past data to better envision future actions, as in
the case of P2 when verifying arrhythmias and considering the action to take. We also
see that these temporalities are often strongly related to making sense and taking action,
whether by building an understanding of past patterns, by navigating a difficult situation
in the moment, or by developing future strategies of coping and improving quality of
life and avoid severe arrhythmic episodes.

A strong current underlyingmany of the presented data work practices has to do with
the affective and emotional aspects of living with a disease that can be potentially life
threatening, and which has often been initiated by a traumatic event. Examples from the
questioning practices also suggest a relation between positive and negative affect and
the ability to take action in everyday life. Here, we see different ways in which some
patients use self-tracking data from consumer wearables to explore pertinent questions
to generate answers that support their self-care practices. Related to this, we can also see
that the reacting practices carry negative affect since they are often initiated by the health
professionals or prompted by self-tracked data, rather than the patients themselves and
can hence come as a surprise or in the form of unwanted news. The distancing practices
show how patients sometimes feel the need to “escape” their condition, or data that
reinforce negative aspects of their condition – even though this practice is not always
tenable in the long run. Accepting practices are in a different state; here, we see how the
negative affect sometimes surrounding the physical condition and bodily data is always
in process – and that it is also possible to turn negative data into positive affect if you
find a way to act upon it. Importantly, we see that patients developed very different
affective attachments to the interplay between bodily symptoms, their wellbeing, and
data, which can lead to reifying affective loops; if you get motivated, knowing that you
are continuously doing better will be a positive factor. However, if you are constantly
experiencing the data as a reminder that you are not doing enough or that you are in
fact losing your health, it can become a reinforcing negative spiral. This calls for a very
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personalized strategy for understanding the different parameters and ways of presenting
data to best suit the patients’ needs.

6 Conclusion

In this paper, we have explored patient data work among chronic heart patients with
an ICD using a consumer wearable activity tracker (Fitbit Alta HR). We found seven
micro practices: Verifying, Questioning, Motivating, Reacting, Accepting, Distancing,
and Sharing. As we demonstrated in our findings, patients living with a chronic illness
are already emotionally burdened and their health conditions entail that even mundane
activities such as driving a car or going to IKEA is not worry-free. As part of coping with
their health condition, the patients have developed different practices of relating their
bodily cues with their self-tracked data. The ways in which the patients speculate about
their reaction to and use of short-term predictions might also open a path for exploring
how the use of predictive health technologiesmay support everyday planning,whichmay
also be easier to speculate about in contradiction to emotional reactions toward being
told by an app that you are in high risk of a severe arrhythmic heart event. However,
our results also showed that the effect of such predictive health results might differ from
patient to patient; it can potentially introduce feelings of reassurance for some patients,
while for other patients they risk prompting (unnecessary) concern.
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