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ABSTRACT

In today’s fast-paced world, stress has become a growing health
concern. While more automatic stress tracking technologies have re-
cently become available on wearable or mobile devices, there is still
a limited understanding of how they are actually used in everyday
life. This paper presents an empirical study of automatic stress-
tracking technologies in use in China, based on semi-structured
interviews with 17 users. The study highlights three challenges
of stress-tracking data engagement that prevent effective tech-
nology usage: the lack of immediate awareness, the lack of pre-
required knowledge, and the lack of corresponding communal sup-
port. Drawing on the stress-tracking practices uncovered in the
study, we bring these issues to the fore, and unpack assumptions
embedded in related works on self-tracking and how data engage-
ment is approached. We end by calling for a reconsideration of data
engagement as part of self-tracking practices with technologies
rather than simply looking at the user interface.
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1 INTRODUCTION

In today’s fast-paced and hectic world, stress is a growing health
concern. It is not just that too much stress can reduce study and
work efficiency, but that stress has been closely linked to psycho-
logical illness. Previous research has found a strong association
between stress and depression [32], and long term exposure to high
levels of stress can negatively impact our well being [15, 66, 80],
leading to various physical diseases, such as hypertension [72], car-
diovascular disease [72], infectious illnesses [85] and even cancer
[21]. Therefore, the awareness and effective management of stress
is of significant importance to the management of health.

In recent years, stress-tracking technologies that can automat-
ically detect and collect stress data during the day have become
commercially available. More and more wearable products have au-
tomatic stress tracking features embedded, such as smart bracelets
and watches made by Huawei [39], Garmin [37], and Samsung [40].
There are also products that are dedicated to stress-tracking, such
as Healbe Gobe2 [38], Wellbe [42], Bellabeat Leaf Urban [36], and
Spire Stone [41]. These products, by automatically detecting an
individual’s stress level, often combined with features to help with
relaxation, offer the potential to help with an awareness and an
effective management of stress on a daily basis.

With more mature stress-tracking technologies on the market,
however, it is still unclear how these technologies actually work in
practice. In HCI and related fields, there have been many studies
on stress, but they’ve primarily focused on innovative approaches
to automatic stress tracking [9, 35, 55, 61] or designs that can help
stress relief [20, 70, 92]; little attention has been paid to how peo-
ple use the automatic stress-tracking technologies. In addition,
although there has been extensive work on the use of self-tracking
technologies, also known as Personal Informatics (PI) [57], or quan-
tified self [17], that are designed to track various aspects of our
lives, such as steps, mood, sleep, and heart rate [13, 33, 54, 59, 78],
research on the use of stress-tracking technologies in everyday
lives in particular has been rare. Yet, stress-tracking has distinct
characteristics that deserve their own attention. Stress as a mea-
surement is not as straightforward as steps [6], or heart rate that
can be directly quantified with counting, and is less objective and


https://doi.org/10.1145/3411764.3445763
https://doi.org/10.1145/3411764.3445763

CHI ’21, May 8-13, 2021, Yokohama, Japan

more complex. Furthermore, stress involves not only psychological
and emotional responses (such as anxiety, anger, sadness [52], fear,
and frustration [12]), but also physiological and bodily reactions.
As [45] points out, self-tracking for daily stress has unique chal-
lenges because stress is highly subjective and involves social and
environmental factors. Thus, the research question we would like
to answer is this: how do people encounter and use the automatic
stress-tracking technologies that have become available in more
and more wearable devices in everyday life?

To answer it, we conducted a qualitative study to understand
automatic stress-tracking technology in use. We recruited 17 par-
ticipants in China who used automatic stress-tracking technologies
and conducted semi-structured interviews with them. The study
highlights a number of challenges associated with users’ stress-
tracking data engagement, including the lack of immediate aware-
ness of relevant data, the lack of pre-required knowledge, domain
and technical, as well as the lack of corresponding communities
of practice. Many of these challenges are associated with how the
automatic stress-tracking technology is adopted and designed, how
the stress data is encountered, and how our users are socially situ-
ated. This study unpacks some of the data engagement assumptions
embedded in the related work on self-tracking technologies.

The contribution of this paper is an empirical study on the use
of automatic stress tracking in practice, and a more nuanced un-
derstanding of data engagement with self-tracking technologies.
In the paper below, we will first give background information on
stress and stress-tracking technologies and review related works
on stress and self-tracking data engagement. We will then present
our study and the findings, and discuss how the focus of stress-
tracking technologies brings to the fore some of the issues of data
engagement with self-tracking technologies in general.

2 BACKGROUND
2.1 What is stress?

While the term “stress” is pervasively used, there has never been a
unified definition of it. Broadly speaking, stress has been mainly
examined in two ways, psychologically and physiologically, with
the former focusing on psychological feelings and the perception
of stress and the latter referring to the bodily response to external
events.

In psychology, stress refers to the feelings and perception of
pressure. It holds that “stress occurs when a person perceives the
demands of an environment stimuli to be greater than their ability
to meet, mitigate, or alter those demands” [51]. Stress is as such
perceived as a subjective concept, and in psychology, self-reporting
is usually used to detect it . While most associate stress with nega-
tive feelings, such as fear and anxiety, stress can also be positive
and beneficial. Unlike negative stress or “distress”, with positive
stress or “eustress” , people appraise a situation to be challenging
and non- threatening [26] and have the confidence to solve it. One
study found an inverted u-shaped relationship between stress and
performance; in other words, stress is beneficial to performance
until an optimal level, and then performance starts to decrease [53].

In the medical field, the term “stress” is defined physiologi-
cally as “the non-specific responses of the body to any demand
for change” [82]. When people encounter threats or challenges, the
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body will have corresponding reactions, which are generated by
the autonomic nervous system. The autonomic nervous system
(ANS) is comprised of the sympathetic nervous system (SNS) and
the parasympathetic nervous system (PNS). The SNS is responsible
for mobilizing the body’s resources to deal with stressful events,
in what is called the “fight-or-flight” response, and brings with it a
series of physiological reactions, such as an increase in heart rate,
and respiration and sweat gland activity [86]. The PNS is mainly
active during periods of relaxation and recovery.

When people talk about stress in everyday life, they are usually
referring to psychological or subjective feelings, such as tension,
anxiety, and fear, which they frequently associate with an external
event, like an upcoming exam or deadline at work. While more
people are starting to realize the impact of long-term stress on their
health, the way the nervous system physiologically reacts to stress
and the distinction between psychological and physiological stress,
are not yet a part of most people’s everyday understanding.

2.2 Stress-Tracking Technology

Today, there are wearable commercial stress-tracking devices avail-
able on the market that can automatically detect stress including
general products, such as smart bracelets and watches from Huawei
[39], Garmin [37] and Samsung [40] with embedded stress -tracking
features, as well as other products like Healbe Gobe2 [38], Wellbe
[42], Bellabeat Leaf Urban [36], and Spire Stone [41] specializing
in stress-tracking. The products by Huawei, Garmin, and Samsung
detect stress based on an analysis of Heart Rate Variability (HRV)
collected by an embedded optical heart rate sensor. Some devices,
such as the Huawei (including Honor) watch, ask users to fill out a
stress questionnaire when they first start using the stress-tracking
function.

Heart Rate Variability (HRV), defined as the variation over time
of the period between consecutive heartbeats (R-R intervals) [3],
has been proven to be a reliable indicator of ANS activity [64]
and can be used as an objective assessment of stress [46]. HRV is
widely used for stress detection with both laboratory stressors (
arithmetic problems [29],the Stroop Color Word Test, highly paced
video games [14]) and real life stressors (university examinations
[68], speeches [5], driving [69]). An accurate HRV is usually ob-
tained from an Electrocardiogram (ECG) sensor, which needs to
attached by electrodes or chest straps directly to the body. A less
invasive and more comfortable alternative is Photoplethysmogra-
phy (PPG), which can be embedded into a phone camera, ring, or
smart wristband device. The Pulse rate variability (PRV) extracted
from the PPG has also been proven to be an effective surrogate
for HRV for stress detection [60, 62]. In fact, in many wearable
commercial products, PRV is directly referred to as HRV. In this
paper, we will not distinguish between HRV and PRV , as we will
mainly be studying wearable commercial stress-tracking products.

These products also commonly provide visualizations to help
users engage with the quantified stress data. For example, on Huawei’s
stress-tracking products, stress value, in range of 1-99, is displayed
every 30 minutes, and is divided into four levels (1-29 as relaxed,
30-59 as normal, 60-79 as medium, 80-99 as high), which are shown
in bars with different corresponding colours (sky blue, light blue,
yellow and orange), as shown in Fig. 1. Unlike Huawei, Garmin
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shows stress values in real-time. It divides the stress value, in the
range of 0-100, into four levels (0-25 as resting, 26-50 as low stress,
51-75 as medium stress, 76-100 as high stress); however, except for
resting which is represented as blue, all other levels are represented
as yellow, and are not further distinguished with different colors,
as shown in Fig. 2. After synchronization, users of both Huawei
and Garmin’s products can see more stress details with the corre-
sponding mobile applications (Huawei Health, Garmin Connect),
including all-day stress data, long-term stress data, the proportion
of stress level among other information. These products also pro-
vide functions to help users relieve stress, such as deep breathing,
biofeedback games, and mindfulness.

3 RELATED WORK

3.1 Stress Sensing and Management

In HCI, there are many works on innovative approaches to auto-
matic stress-sensing. For instance, office devices such as a mouse
and keyboard are explored to detect stress, but this approach is lim-
ited to the work environment and cannot be used in other scenarios
of daily life [34, 91]. In addition, smartphones embedded with var-
ious sensors are commonly studied to detect stress, e.g. based on
human voices [61], smartphone usage data [90], behavioral metrics
of mobile phone activity combined with contextual data [9], and
so on. However, they are either too constrained by environmental
factors (e.g. can’t be too quiet or too noisy)[61] or too limited in
accuracy [90] to be used for daily stress detection.

In contrast, wearable devices embedded with sensors are advan-
tageous for daily stress detection because they can collect objective
physiological data and provide relatively timely feedback. For exam-
ple, electrocardiograph (ECG) and respiration data obtained from a
chest belt [35], and pulse rate variability features collected from a
watch can all been used to detect stress with a satisfactory accuracy
rate in the field, and the wrist device is even more portable and less
invasive to be used on daily basis.

In addition, much of the work is on biofeedback and intervention
technologies to help people relieve stress. Some explore real-time
feedback on interventions (such as taking a deep breath) to reflect
on their behavior patterns [81]. Others compare the relief effects of
different types of interventions including haptic feedback, games,
and social networks [70]. Visualizations of stress data with con-
texts (such as activity and location) are also explored to inform the
content and just-in-time interventions [83]. However, it is found
that the methods of stress feedback need to be carefully designed,
otherwise they potentially become stressors [63].

Although not specifically focused on stress, in work on mental
wellness, stress management is an important theme. One focus is
on improving mental wellness or peacefulness of mind as a way
to deal with stress, e.g through mindfulness [74], or methods to
maintain users’ attention [18, 47, 70]. Some of these studies were
at the intersection of mental health and stress tracking, and some
were design studies, using focus groups [45], or workshops [54],
and exploring design opportunities for self-tracking.

Overall, the work on stress has mainly focused on innovative
approaches to automatic stress-sensing and design that can help
relieve stress. Although many stress-tracking products have be-
come commercially available, there have been few studies on the
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use of these technologies in real life. Adams et al. conducted a study
comparing three stress tracking approaches in the real-world envi-
ronment (self-report, EDA, and voice-based), and while the study
found that these three approaches are about equally effective in
different contexts [4], the study didn’t evaluate automatic stress
tracking. In another instance a feature analysis of 26 stress man-
agement apps investigated how the apps support reflection and
action [75]; this study also left automatic stress-tracking out from
its analysis. As such, there is still a lack of empirical study and
understanding of automatic stress-tracking in everyday life.

3.2 Data Engagement with Self-tracking
Technology

While little has been done on stress-tracking technology in use in
particular, there has been extensive research on the use of other
automatic self-tracking technologies, exploring issues of adop-
tion/abandonment [19, 23, 76, 79], use in particular domains such
as sports [71] and diabetes management [65], and design for partic-
ular tracking [24, 67]. Here we review the self-tracking work that
is related to data engagement.

Studies of self-tracking technologies in use reveal various chal-
lenges to data engagement. These challenges are often explored
as barriers to adoption, especially for non-experienced users. For
example, Rapp and Cena focused on how novice users perceive
and use self-tracking tools in everyday life [76], revealing a num-
ber of data engagement issues that prevented effective integration,
including perceived inaccuracy and untrustworthiness based on
the users’ memories of their behavior, emotional disconnection
from abstract visualization, and not knowing what to do with the
data due to a lack of suggestions. Similarly, Lazar et al. found that
participants abandoned their devices because they did not think the
data provided anything informative (e.g. when they went to sleep
and when they got up), or they did not know what to do with the
data (e.g. what to do with the heart rate data) [50]. Ravichandran
et al. ’s[78] study of sleep tracking technology found that users’
misunderstanding of what constitutes good sleep restricted them
from taking meaningful action. In general, it has been found that,
except for quantified selfers who are keen on tracking and num-
bers [17], most people find it difficult to engage with tracked data
[77] for reasons that include incomplete tracking, having too much
or too little data [43], poor aesthetics, unsuitable visualizations, a
lack of time, a lack of motivation, and a lack of related expertise
[33, 50, 57]. As such, users face many challenges when leveraging
the devices’ quantified data for effective use.

To support data engagement, visualization and integration have
been commonly employed to help people gain insights from data,
e.g. making the data more ready to use, integrating more contextual
information, and correlating different sources of data. For example,
Li et al. investigated incorporating contextual information to the
self-tracked performance data, such as steps, to further promote self-
awareness and help people find ways to integrate activity into their
lives [56]. In the study of diabetes self-management practices [65],
Mamykina et al. emphasized the importance of a correlation be-
tween daily activities (such as exercise, food intake) with the blood
sugar levels to help users reflect and make appropriate lifestyle
choices in the future. MONARCA [28] is a system designed for
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Figure 1: The stress interface on Watch GT

people with bipolar disorder to collect subjective (such as mood,
sleep, medicine taken) and objective (such as calls, text messages,
physical activity) data through a semi-automatic method that helps
them identify factors that may affect their disease. Overall, these
approaches primarily focus on supporting the mental cognitive pro-
cesses of data engagement by making data more available, visible,
and integrated.

In recent years, various novel approaches or designs to support
data engagement have also been explored. To address users’ chal-
lenges, such as low graphical literacy and the inability to uncover
subtle correlations between data sets, approaches beyond visual-
ization, including the use of natural language summaries based on
statistical analysis, have been explored to increase data engage-
ment and understanding [8, 44]. It has been suggested that some
features, like dialogue, might influence the need for reflection [31].
Social approaches to reflection have also been investigated. For
instance, Feustel et al. looked at the idea of aggregating cohort data
into personal informatics systems to support meaningful reflection
[25], and Graham et al. conducted a study to understand shared
reflection by asking people to reflect on each other’s data [30].

Since the issues surrounding the data engagement of self-tracking
is often explored in terms of reflection [57], the conceptual meaning
of reflection has also systematically been reviewed and examined to
support the design for reflection [7, 73, 84]. For instance, drawing
on Schon’s notion of reflective practum, Slovak et al. identified
three components to scaffold for reflection, explicit (the link be-
tween experience and reflection), social and personal components
[84]. Baumer reviewed conceptual and theoretical models of re-
flection, and identified three dimensions: breakdown, inquiry and
transformation [7]. Ploderer et al. distinguished between reflection-
in-action and reflection-on-action, with the former referring to the
reflection of realtime feedback, and the latter to data exploration
when convenient [73]. However, while insightful, these meanings
have evolved from general theories or empirical studies of reflec-
tion, and do not involve self-tracking technologies, and thus may
miss the unique complexities and dynamics of reflection brought
by the involvement of the self-tracking technologies themselves.

In this paper, we focus on a complex and relatively new and
under-explored automatic tracking technology - stress tracking — in
use, and hope to uncover new insights into users’ data engagement
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with self-tracking technologies in practice to contribute to this body
of work and inform the related design of self-tracking technologies.

4 METHODS

To gain a better understanding of the use of automatic stress-
tracking technologies in practice, we adopted the qualitative re-
search method to uncover the rich and detailed usage data, by inter-
viewing those who had already used and experienced related tech-
nologies. For participant recruitment, we designed a flyer search-
ing for those who had used wearable devices with stress-tracking
features. On the flyer, we described our study motivation, study
method, participant qualifications and compensation, and one of the
authors’ WeChat contact information. In China, the two most pop-
ular brands of smart wearable devices with stress-tracking features
are Huawei(including Honor) and Garmin [1, 2], so we posted the
recruitment flyers in the QQ and WeChat groups for Huawei and
Garmin wearable device users, as well as some general wearable
smart device communities, and our own WeChat circles to recruit
more users. Finally, we recruited 17 participants in total, including
14 from the user groups or communities, and 3 from participants’
recommendations. Their profile information is shown in Table 1.
Most of them are male, and include 16 males and 1 female, largely
aligning with the male to female ratio of smart wearable device
market [87]. In addition, most are young, ranging from 21 to 39
years old. Their occupations are diverse, and include those related
to science and technology, such as IT manufacturing trainee, tech-
nical developer, programmer, wearable health worker, and exercise
physiology worker, as well as those that are not IT related, including
salesman, government worker, and customer service employee. As
shown in the table, they were from many different cities in China,
ranging from inland cities in the north, such as Beijing, Zhengzhou,
Shenyang, and Xi’an, as well as coastal cities in the south, such
as Dongguan, Shenzhen and Guangzhou. Most of the participants
used Huawei’s Watch GT or Honor Watch Magic; P12 and P17 used
Garmin’s Vivosmart 4 and Forerunner 645 Music, respectively. All
had used the devices from between half a month to 12 months.
We then conducted semi-structured interviews with these par-
ticipants. Since the participants lived in different cities, most in-
terviews were through WeChat voice calls, except for P9, P13, and
P14 with whom we did interviews face-to-face. The interviews
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Table 1: Participants
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ID Gender Age Occupation Device Location

P1 M 21 Exhibition Salesman Watch GT Shanghai
P2 M 31 Government Worker Honor Watch Magic Tonghua’
P3 M 21 IT Manufacturing Trainee Honor Watch Magic, Watch GT  Dongguan’~
P4 M 35 Technical Developer Huawei B5 bracelet Beijing

P5 M 22 Design and Operation Worker Honor Watch Magic Zhengzhou*
Pe M 28 Programmer Honor Watch Magic Beijing

P7 F 26 Wearable Health Worker Watch GT Shenzhen
P8 M 31 Business Operator Honor Watch Magic Xuchang ~
P9 M 39 Government Worker Watch GT Shanghai
P10 M 26 Programmer Honor Watch Magic Beijing

P11 M 28 Unemployed Watch GT Shenyang*
P12 M 25 Exercise physiology worker =~ Watch GT, Garmin vivosmart4  Finland and China
P13 M 34 Customer service Watch GT Shanghai
P14 M 32 Unemployed Honor Watch Magic Shanghai
P15 M 28 Programmer Honor Watch Magic, Watch GT Xi’an’

P16 M 24 Advertising designer Watch GT Shanghai
P17 M 24 Student Garmin Forerunner 645 Music ~ Guangzhou

" inland cities in northern China
coastal cities in southern China

usually lasted about 40 minutes. During the interviews, we asked
participants for basic information including their age, occupation,
location, and education, as well as questions of their general use
of devices and how they experience and manage stress, such as
what devices they had used, what applications in the devices they
used most frequently, how they used these applications, their stress
status, their perceived stress source(s), and how they deal with
stress on a daily basis. We then asked about details of their use of
stress-tracking technology, probing for concrete usage instances,
e.g under what circumstances they checked the stress data and
how, what they saw and how they experienced and understood it,
what they did after seeing the data, etc. For some usage instances,
we asked whether they could provide screen shots of their stress
application interfaces for clarification, and some sent screen shots
over WeChat to us. We followed up with some of the participants
after the interviews, keeping in touch through WeChat to know
more about their use of the devices, special events they found in
their later use, and changes in their long-term stress status. We also
collected these chats for later data analysis.

All interviews were conducted in Chinese Mandarin. With the
consent of the participants, we audio-recorded the interview pro-
cess and transcribed it into text for later data analysis. For privacy
purposes, we anonymized their data in the transcript and in the
paper.

We conducted thematic analysis inductively [11] with the in-
terview data. We first familiarized ourselves individually with the
data and then extensively read, analyzed, and discussed it together.
Each of us generated our own set of codes, and we compared our
codes in meetings and discussed it further. We eventually identified
the challenges of engaging and understanding data as the primary
theme. We identified three sub-themes under this key theme, which
we report in our findings. For privacy purposes, we anonymized

our interview in the paper by using P# to represent the interview
participants.

5 FINDINGS

Almost all of our interview participants had already adopted and
integrated their smart wearable devices into their everyday lives,
so we do not have adoption issues as discussed in previous works
(e.g.[76]). Our participants wore their watch or bracelet all the time
except for occasions when it was not feasible, such as when it was
charging or they were taking a shower. All of our participants,
except P2 and P10, had not bought the watch or bracelet for the
primary purpose of stress-tracking, but for other reasons including
sports, to not miss phone calls, or to replace a traditional watch. In
fact, most were not aware of the existence of the stress-tracking
feature at the time of purchase and only discovered it later while
exploring the device. P17, who loved jogging, offered a typical
explanation: “I didn’t even know there was a stress-tracking feature.
I didn’t buy the Garmin watch for stress detection. I bought and used
[the watch]. It was after I used it that I got to know this feature.”
Although participants did not adopt the technology for the sake of
tracking stress, they all quickly became aware of the feature as it is
quite accessible, just a few clicks or swipes away.

We also found that, while participants could easily access the
stress data, their understanding of it was quite varied. Only a few
could meaningfully engage with it, some only had a limited under-
standing, while others were confused. At the same time, several
participants reported that just the awareness of the existence of
the stress tracking feature, not necessarily an understanding of
the data, had some impact on their behavior, as similar to what
is found in [27]. For P13, simply being aware that the watch con-
stantly monitored his stress helped him to watch his temper: “So
at that time when I did not have the watch, I would not deliberately



CHI ’21, May 8-13, 2021, Yokohama, Japan

control my mood or emotions, and I would just discharge. After wear-
ing this watch, to some extent, I felt that I was monitored every day,
so I couldn’t make myself too stressed, or lose my temper.” Similarly,
to P10, the awareness of the feature had impact on his behavior
subconsciously: “If you have [the stress tracking feature], you will
subconsciously adjust yourself...” However, not being able to effec-
tively engage with the stress data overall kept most of them from
making more informed use of it. Below, we turn our focus to the
challenges of stress-tracking data engagement we uncovered from
the study.

5.1 Lack of Immediate Awareness

All of our participants were excited about the automatic stress-
tracking feature when they began using their devices. They checked
the data frequently. However, after one or two months, the novelty
effect was gone, and the majority (except P12) stopped engaging
with the data in a timely and frequent manner. P2’s situation is
typical among our participants: “I paid close attention to the stress
data when I just started wearing the watch. I checked the data at least
ten times a day, but I checked it less and less frequently over time. It’s
been 2 months since I started using it, and now I only check the data
twice per day.”

The main reason for this was that our participants did not feel
that the stress-tracking devices were helpful to raising their imme-
diate awareness due to their natural responses to some stressful
events and the limitations of the devices. First, when people en-
counter challenges, their mind is usually too occupied by distressing
thoughts [22] to break away from their minds and check the stress-
tracking data. Participants (except P12) commonly reported that
when they were facing challenging issues, they were overwhelmed
and would intuitively focus on solving their issues rather than
checking the stress data. For instance, P3 told of a time when he got
assigned a challenging task at work that made him feel so stressed
that instead of checking his stress level, he focused on the task
first: “I was assigned with some tasks last time, when I just started
my internship. wow, what the hell! I could not believe it. I then asked
others a lot of questions and looked up information. I was very stressed
... But when you are truly stressed, surely you don’t think of looking at
the watch — you think of solving the current problem first.” Similarly,
P5 noted: “When I am busy and stressed, to be honest, I don’t pay
much attention to [the data]. I would probably just check the time on
the watch at best.”

In rare cases, when participants were stressed to the point of
physical discomfort, however, they might look at the data in that
moment. As P2 reported: “When I felt that my heart was beating a
bit fast, I would take a look at it. Or sometimes, when I was writing a
lot of summaries or textual materials, and felt dizzy, I would take a
look at it and pay more attention to stress.” However, in these cases,
devices that don’t provide real-time updates made it difficult to gain
an immediate awareness. For example, Huawei’s stress-tracking
app only updates every half hour, and P12 reported how it caused
confusion sometimes as the data was not consistent with what they
felt in the moment, “You can feel your own heartbeat rising. You call
a customer, or do an interview, and you feel your heartbeat rising,
but when you look at your watch, the stress data has not risen.” Our
participants complained how Huawei’s delay discouraged them
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from checking it in the moment they felt their emotions intensify.
P3 said: “The problem is... I think it should update more frequently...
If your stress rises again within half an hour, it can’t be monitored
at all..” As such, this lack of timely feedback makes it even more
difficult for people to develop an immediate awareness of their
stress status.

Considering it is challenging for people to remember to use
their stress-tracking devices and the importance of in-the-moment
interpretation, it is critical that stress-tracking devices help raise
immediate awareness. However, our participants reported that the
devices failed to notify them when their stress levels were high
or changed remarkably. This made our participants feel like the
devices were not helpful. For example, P4 explained,

“I now feel this function is not so meaningful... since it
doesn’t react or intervene in time. I often only realize
that I was stressed out after my stress has gone. .. Such
devices should help people manage real-time stress rather
than just recording it, right?...Only recording it is not
so helpful. I was interested in checking the data in the
beginning because it seemed to be a novel function, but
now, since it’s not so helpful, I don’t check it frequently
anymore.”

Even P12, who was the most engaged user among all of our partici-
pants, said,

“Both devices (Huawei Watch Gt and Garmin watch)
claimed they have something like a stress level reminder,
but I have never been reminded...even when my stress
level was as high as between 80% to 90% in Garmin...I
wish they could provide an in-the-moment reminder and
provide us effective, timely ways for stress management,
such as providing relaxing music for stress relief...If they
could remind us that our stress was high in the moment,
we would have more interactions with the data and
could manage our stress better...”

Users’ in-the-moment data engagement is critical for reflection [84]
and intervention. Failing to provide timely reminders hinders users
from effectively managing their stress.

Most of the time, they noticed the stress data through a casual
or random encounter with the technology. That is, they did not
intentionally check the data; rather, they only noticed it when they
were browsing other types of data (e.g., heart rates) on their devices,
when casually playing with their devices when bored, or when just
taking a glance at the devices while taking them off. During these
casual encounters with the data, something would stand out and
become noticeable, drawing their attention to it. Most commonly
this was a sudden rise in stress level or a change of color. For
instance, P10 once noticed an unexpected, sudden rise in his stress
level after lunch after having a period of relative stability: “ I usually
take a nap during the lunch break, and usually my stress is quite
stable. However, there was one time, after having a nap, I saw a sudden
rise of stress level when I was randomly playing with my watch. The
stress was quite high.” P5’s stress data caught his attention due to
its change of color: “ Yeah, on the 13th of this month, just two days
ago...I saw the yellow color for the first time. The colors range from
blue to green to yellow to red. Yellow means the stress is quite high. It
was the first time for me to see such a high value.” As shown in these
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cases, the visual presentation of the data (e.g. the bright color over
a dark background, the sudden change) against the participants’
personal experiences (the first time seeing it) led them notice it.
As a result, while the automatic stress-tracking devices afford rich
data, only a very small portion of it actually drew our participants’
attention and motivated them to interpret or reflect on it.

As these cases also illustrate, not all quantified numbers receive
the same attention, or have equal importance — only some of the
information stands out and matters. Data presentation or visual
design plays a certain role here in filtering out this information and
telling users where to draw their attention. However, the partici-
pants’ attention was usually only drawn to the data during casual
encounters. Overall, our participants did not engage with the data
frequently because the devices failed to raise their immediate aware-
ness and provide effective in-the-moment interventions.

5.2 Lack of Pre-required Knowledge

When some of the data actually drew our participants’ attention
and motivated them to interpret or reflect on it, most of our par-
ticipants (except P12) found it challenging to make meaning out
of it. This is primarily because our participants had adopted the
psychological notion of stress, while the devices measured phys-
iological stress. In other words, our participants perceived stress
as a subjective concept that refers to the feeling and perception
of pressure while the automatic stress-tracking devices measured
stressed physiologically by analyzing bodily reactions generated by
the autonomic nervous system. Unlike tracked activities, which are
more straightforward for quantification and interpretation, such
as steps and hours of sleep, measures such as stress are often more
challenging for interpretation. The distinction between the psy-
chological notion of stress that our participants adopted and the
physiological notion of stress that the devices were based on led
to barriers that prevented our participants from interpreting and
making meaningful use of the tracked stress data.

Among our participants, only P12 understood that the devices
were based on HRV and measured stress physiologically rather
than psychologically. He managed to learn the related technical and
domain knowledge early on by searching online and reading related
scientific articles: “I read some articles on the Internet, and some
popular science articles about what the autonomic nervous system
is and the relationship between the heart rate variability and the
autonomic nervous system.” So he had the basic understanding that
the stress measured by the devices corresponded to how his body
responded to external demands. However, our other participants
were confused when interpreting the data, since it didn’t reflect their
subjective feelings of stress, that is, their perceptions of pressure.

In everyday conversation, when people say “stress,” it usually
means psychological stress. Asking to fill out a stress questionnaire
to use this feature on some products such as Huawei’s further
reinforced such a perception. Thus, our participants (except P12)
felt that the device wasn’t helpful when they discovered that the
measurements from the tracking technology did not match their
feelings. When triggered by “feeling something”, our participants
often expected to see that reflected on the tracking technology
and became disappointed when it wasn’t. P11 explained: “I had
Jjust bought it, and at that period of time I was under great pressure;
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however, it did not show it when I felt stressed several times. I can’t
remember what happened exactly. I just remember that I specifically
looked at it when I'd just bought it and felt stressed but it didn’t change
as much as I'd imagine.” P13 had a similar experience and thought
that the stress-tracking application was inaccurate: “I found it was
inaccurate when I began to use it. I was unhappy and lost my temper
at that time, and I found (my measured stress was) just ‘medium’
instead of "high’”

Moreover, some participants found that there was often a correla-
tion between their physical activities, such as eating and exercises,
and changes in their stress levels on the device, which baffled them.
P1 noticed that his detected stress level rose after lunch: “I don’t
think it’s accurate...Most time it is around noon, such as after eat-
ing, the stress is higher. I don’t understand why... ” Only after we
explained that the device was based on HRV and that eating could
put a physiological burden on the body because of digestion, did
he think it made sense. Similarly, P6 thought that a lot of things in
his life stressed him out and was puzzled why he did not see them
being manifested in the application. He wondered what counted as
stress:

“How could there be no stress in my life? I need to pay
a mortgage monthly, which is definitely stressful. I'm
quite worried every time I think about it. [Yet] This isn’t
reflected [on the watch]. Doesn’t the situation count as
stress? I don’t understand. It is not reflected anyway. If
it could be reflected, I think the watch would show my
stress level as yellow everyday.”

As such, the complexity of stress — e.g. involving both psychological
and physiological, the external and the internal — makes interpret-
ing its data more difficult than other tracked data, such as steps and
calories, on the same device.

Oftentimes, the displayed stress range (e.g. “relax”, “normal”,
“medium stress” or “high stress”) did not fall into our participants’
subjectively felt understanding. For example, P2, whose stress level
had been high on the application, was doubtful as to its accuracy,
as the application never displayed a “low” level, even when he was
engaging in relaxing activities: “... for instance, when I go out to
watch a movie, eat, or have fun, like sing karaoke with friends, of
course I don’t have stress, but the watch still showed that my stress was
high...” P2 even tried to recalibrate the measurement by retaking
the stress questionnaire:

“I always doubted that whether that’s because my an-
swers to the questionnaire were too pessimistic, and the
watch thus set the baseline stress scale higher than how
Itruly felt. Thus, I unbonded it with my account...and
retook the questionnaire. I intentionally answered the
questions more positively than the first time. It turned
out that the measured stress levels overall have indeed
decreased a bit, but are still higher than how I feel. I'm
confused. Why is it always high, whether I am relaxed
or not?”

When evaluating whether the stress data was accurate or not, P2
was comparing the data against how he felt, i.e, his psychological
stress level. The mismatch between the physiological type of stress
that the device measured and the psychological stress that P2 per-
ceived led to P2’s confusion. Similar to what is found in previous
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work [23, 50], this kind of perceived inconsistency caused our par-
ticipants to distrust the system and even led some to stop paying
attention to it.

To make things worse, the underlying technological mechanism
of the application was not so straightforward either. In our inter-
view study, many expressed that they did not know how the stress
was sensed by the devices. They had different kinds of speculations.
For instance, P1 asked us, “Is it based on some kind of algorithms
to calculate my stress level? Or is it monitoring my blood pressures
or something through my skin?” Some assumed it corresponded to
their real-time heart rate. P7’s interpretation was typical: “My un-
derstanding is that it mainly depends on your heart rate...For example,
if your heart rate is relatively high, it will recognize that you may
be a bit more stressed.” P3 also guessed that the measured stress
level was determined by the heart rate, noting “If the stress is higher,
the heartbeat will be faster” However, this theory soon led to fur-
ther confusion, as participants discovered it was not exactly right:
“In the afternoon I went to other places and took a look. I had a lot
of activities, but the stress was not high. I don’t think the stress is
based on the heart rate.” P5 went through a similar process when
he realized: “ My heart rate was high during exercise, [but] the stress
value was normal.” Almost all our participants wanted to learn more
about the underlying mechanism behind the stress-tracking. For
instance, P17, when asked whether there was anything he did not
understand, explicitly told us that he had agreed to be interviewed
because he wanted to find out how the application detected stress:
“How is it measured? It should be calculated by some algorithm, but I
don’t know what specific algorithm it is... I'm definitely curious. That
is why I accepted [your interview], because I'm curious.”

Additionally, the conditions for stress-tracking also caused more
confusion, as the devices only sensed stress when one was still. P12
reported such confusion: “In the beginning, I didn’t know why my
stress value was not shown at noon. It was weird. You see, the stress
value usually disappeared from 11:00 to 12:00, and it came out again
from 12:00 to 13:00. It was strange. Why did it usually disappear at
11 o’clock?” Only after we explained to him, did he realize it was
because he was actively moving around noon that stress data was
not detected. In a word, the not so intuitive mechanism for stress
tracking led more confusions.

In summary, even when our participants paid attention to and
tried to interpret the data, it was challenging for them to decipher
it due to the mismatch between what the devices measured and
what our participants considered to be stress, as well as the un-
clear underlying technological mechanisms of the automatic stress
tracking.

5.3 Lack of Communal Support

Despite that our participants encountered challenges when trying
to make sense of the stress data, they did not have easy access to
related resources and communal support to help them tackle the
challenges to achieve meaningful interpretations.

Alone among our participants, P12, who lives in both China and
Finland, was primarily working in Finland at the time, represents a
contrasting case. When working in Finland, he was situated in a
social world which helped him develop a shared understanding. He
described, “In our company, quite some employees are wearing sports
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bracelets. I feel 60 percent are wearing these, so it is also part of our
topic, and we chat quite much about it...[stress tracking] is a function
of our lives and is something we all use.” The socialization at P12’s
company also helped him to understand the application better. He
explained, “I had a cup of coffee when getting up in the morning
and I felt relaxed, but my watch showed my stress was medium. So I
asked my colleagues, Ts it because of the coffee?” and my colleagues
said it was...” Without understanding that stress is not simply a
psychological concept but also a physiological one, it might not
be so easy to see that drinking coffee can cause stress levels to
rise; this would be even more difficult for someone to process if
they actually felt relaxed after doing so. More studies have shown
the importance of socialization or social processes for learning
and forming shared background understanding for interpretation
(e.g. [49]). P12’s experience is a case in point. Being part of such a
community provides the social means to acquire related knowledge
and collectively address matters of confusion.

Unfortunately, for the other participants who were all in China,
corresponding stress-oriented communities of practice still have
not yet formed to help develop the need for shared understanding.
In China, while sports-related tracking technologies have become
quite popular, and many social groups have formed, stress-tracking
is still new and something of which people are rarely aware. How-
ever, P17 provides a nice example that illustrates how being part
of a community of practice can make a difference. P17, who joined
several sports-related groups and bought the watch for sports as
most of members in the group did, reported how he could easily
interpret and meaningfully read the tracked numbers for pace and
heart rate:

“I just check to see if my pace matches my heart rate. If
you know how to run, then (you will know), for example,
if I run at a pace of 6, then my heart rate should be
about 140. If I run at a pace of 6 one day but my heart
rate suddenly reaches 150, I will know that my athletic
ability has dropped; if my pace is 6, and my heart rate
becomes lower, e.g. it was lower than the previous 140
and was 130, I will know that I have improved.”

By looking his pace and heart rate, he could easily tell whether
his athletic ability had improved or not. On the other hand, as
he explained, it was not easy for him to interpret the stress data:
“For those who bought the watch just for running, they would not
understand it at all. He may only understand that the Chinese words
or number there shows something about stress, but he wouldn’t know
what exactly the words or the number means. There is no way for me
to know, and I believe most people wouldn’t know either. I only have
a vague knowledge about it.” As such, while he could meaningfully
read the running- related numbers, the stress numbers still puzzled
him.

In other words, the broader social and cultural context shapes
how people approach the tracked stress data and whether they
understand it. P12 described the different accessibility of related
learning resources about sports and about stress in China today:
“For example, there are many books about running on the Internet in
China, but there have not been books really about life stress...In China,
I think there is still a lack of knowledge about stress management or
life management.” P12’s observation was confirmed by our other
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participants’ experiences. P2, who adopted the watch to learn more
about his stress, only knew that the watch confirmed that his stress
level was generally high, but did not know how to deal with it.
Some participants reported that they only wanted to know whether
their stress level was normal or not, but they were usually unable
to tell by just looking at the data. This is to say, due to the lack of
support from the broader socio-cultural context in China, it is not
easy for people to develop a meaningful reading of the data beyond
whether or not their stress level is high or low.

6 DISCUSSIONS AND IMPLICATIONS

In the preceding sections, we presented a study on the use of the
automatic stress tracking technology in practice, highlighting three
challenges presented by its data engagement: a lack of immediate
awareness preventing engagement with data in-the-moment, a
lack of pre-required knowledge, domain and technical, and a lack
of communal support. As shown here, these challenges are not
merely associated with one’s capabilities, such as graphical literacy
or quantitative analysis capabilities as pointed out in prior works
[76], but have to do with factors embedded in corresponding social
practices of stress tracking with the technology, such as people too
occupied to check the stress data in the moment when they were
stressed, the technology failing to provide timely feedback and
reminders, as well as the mismatch between the scientific notion of
stress and the everyday use of stress. While previous works revealed
similar challenges, such as a lack of the expertise needed to interpret
the tracking data [50], these challenges were mainly identified
as reasons for adoption or abandonment. Data engagement itself,
and its association with corresponding social practices, have not
received sufficient attention. Drawing on our study of the use of
the automatic stress tracking technology in particular - a relatively
recent development and more complicated technology, we made
data engagement our focal point, and unpacked the underlying
reasons contributing to these challenges.

6.1 Casual Encounter Mode of Data

As shown in our study, one challenge of stress-tracking data engage-
ment comes from how the data is encountered. Automatic tracking
has been primarily explored to relieve the burden of manual track-
ing [16]. However, just as Choe [17] and others (e.g. [58]) have
pointed out, automatic tracking can reduce engagement and aware-
ness, which can also compromise its effects. More importantly, as
revealed in our study, the users’ intention to track the data, that is
often assumed in self-tracking work, is simply not there anymore
for the stress tracking feature coming with the wearable device. But
rather, they noticed their stress data while engaged in their daily
non-stress-oriented practices. This is quite different from those who
deliberately engage in an active management practice, with the
tracking technology intentionally employed to facilitate a process,
e.g. to help address their insomnia issues [78] or manage a chronic
illness such as diabetes [65]. We can label this casual encounter
mode to distinguish it from serious encounter mode in which users
have the intention to track and engage with data.

When the users’ intention to track data can simply be assumed,
we can reduce self-tracking data engagement to a mere analytic
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issue, as has often been the approach in prior work for data engage-
ment [28, 56, 65]. In the casual encounter mode, however, users just
encounter the data being collected and presented to them. Instead
of pulling the data out for analysis themselves, users are pulled
towards certain data that draws their attention. As a result, only
a small amount of data will become “present” to them, and what
data becomes present is highly dependent on how it is presented
and the interactive practices users use to engage with the devices.
That is, these two different modes, casual encounter and serious en-
counter, are totally different in terms how and what data will come
to the users’ conscious attention for engagement. With more and
more automatic self-tracking technologies embedded in everyday
objects such as smart watches, we believe the non-intentional and
casual encounter will become increasingly more commonplace. To
address the data engagement issues in casual mode then, we should
go beyond simply user interface revisions which would not make
these devices work, and consider the practice as a whole. Below we
discuss implications based on the casual encounter mode and the
challenges we identified from the study.

6.2 Supporting Situated Interpretation

To support casual users engaging with the automatically collected
data, there needs to be not simply new ways of data presentation
or integration, but new interactive designs to help engage users in
the right moment. For example, in addition to increasing tracking
frequency, we, like many of our participants, think it would be valu-
able to provide reminder functions at appropriate times, e.g. when
there is a big jump or drop in stress level, or when the stress level
exceeds a certain threshold, in order to fully support the situated
interpretation process. The reminder functions could help users
capture, engage with, and interpret the notable data in the moment
within the situated context, not from hindsight. Of course, the re-
minder should be provided in a peripheral and non-intrusive way,
such as a vibration. Design studies should be conducted to identify
what moments will be good for sending alerts and how. Also, users
should be allowed to customize whether to turn on the alert and
under what circumstances need the alert. What we would like to
emphasize here is that this is different from integrating contex-
tual information into the data presentation as is often approached,
but is an approach that supports situated data engagement and
“reflection-in-action” [84] through which one’s experience could be
directly drawn on for data interpretation and correlations.

6.3 Making Pre-required Knowledge More
Available

Another challenge comes from the kind of expertise needed for
data engagement. As shown in the study, the meaningful interpre-
tation of the stress data requires necessary knowledge, including
the domain knowledge of stress and the technical knowledge of
the mechanism of stress monitoring. Intentional tracking and an
active management practice often mean that users already have
acquired the requisite knowledge needed for the use of the self-
tracking technology, e.g. knowing what glucose or blood sugar
level means and how they should be managed. However, with more
data being automatically tracked and readily available with the
wearable devices, as in our case, this prerequisite can no longer
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be assumed. Those who sought out the relevant resources to gain
related expertise on the Internet, such as popular science articles
on stress or videos related to how to use the Garmin watch, were
able to overcome some of the challenges. However, for most users,
despite their interest and curiosity, there was no easy access to
learning resources.

Besides automatic tracking, this challenge also becomes more
salient with the nature of stress itself, a physiological state that
is more complex and less straightforward than other measures,
such as steps. A close examination of our data suggests that some-
times the users’ perceived inaccuracy was often due to a mismatch
between their subjective experiences and the qualitative presenta-
tion of the stress data. For example, when they experienced stress,
users expected to see their tracked stress presentation to be “high”
and match their subjective feelings, rather than “medium” or “low;,”
which made them perceive the technology as inaccurate; although
the trend of the change in quantitative terms, the rising or dropping
of the curve, actually corresponded well with their change of feel-
ings. As such, dealing with health or physiological states similar to
stress, things that can only be experienced subjectively, could cause
more trust issues and add more challenges to data engagement.
A meaningful reading of this kind of health data, such as stress,
heart rate and sleep, thus requires more specialized knowledge and
can pose more challenges for lay people. However, as the majority
of the work of automatic self-tracking technologies thus far has
focused on relatively more straightforward data, these challenges
have not been sufficiently emphasized.

Our study also revealed that different layers of understanding
can be achieved through different levels of acquired knowledge;
while some simply got a clearer idea of their stress level, others,
such as P12, developed a more meaningful understanding of how
stress correlated to different aspects of their lives. We can call the
former “direct understanding” and the latter “deepened understand-
ing”. The difference between the two is similar to the difference
between a lay person and an experienced doctor who can read
a lab test result. While the lay person can only tell whether the
results are normal or not (i.e., within normative range), the doctor
can tell whether the patient’s condition has improved and whether
the immune system has become stronger. To achieve a “deepened
understanding”, a deliberate effort to acquire related knowledge
and expertise is needed.

Therefore, for the automatically tracked health data, it is crucial
to make the requisite knowledge more available and present it in
a meaningful way to help users interpret the data. In the case of
stress-tracking, it means making it more possible for users to learn
more knowledge about stress, more about what stress means in the
device, and more about what the mechanism for tracking is, among
other things. For a more meaningful engagement and deepened
understanding, design that helps people acquire related expertise
becomes even more important; we could consider integrating learn-
ing materials, in terms of short texts, pictures, or videos, into the
products to make them more accessible and to present them in a
more compelling way. More work is needed here to specifically
understand how knowledge could be presented for users to inter-
pret their data more effectively, e.g. integrating relevant knowledge
through visualization, leveraging intelligent conversation agents
to support user inquiry about the data, etc.
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6.4 Supporting Knowing with Communities of
Practice

For meaningful data engagement, it is also important to support
the social processes of "knowing." What we have seen in the study
is that the concept of stress in science still has not been merged
with the concept of stress in everyday life [88], and methods for
stress-tracking and stress management have still not become part
of popular culture, adding to the difficulty of interpreting tracked
stress data. P7’s case is the telling one. While he could easily in-
terpret the sports data and gained a corresponding understanding
from the sports community of practice, the stress data was still
puzzling to him. Contemporary anthropological and sociological
theorizing has already illustrated that participation in the social
world is a fundamental form of human learning/knowing [49]. Lave
and Wenger, for instance, focus on social engagement and partic-
ipation as the context in which learning occurs [49], and call the
broader context, or the social world, “communities of practice”. It
is through communities of practice that resources are shared, in-
formation spreads, and shared understanding is achieved. Where
self-tracking technologies are concerned, we believe participation
in corresponding communities of practice is the key to go from
simple tracking to "knowing."

Recognizing the social nature of learning/knowing provides a
different perspective for design, e.g. facilitating the forming of
corresponding communities of practice is as important as making
learning resources easily accessible. Think about the recent devel-
opment of open science [89] or citizen participation in the scientific
inquiry processes; this provides a valuable model not simply for
scientific discovery, but also for scientific education [10], or the
merging of scientific and everyday knowing. This is different from
social discussions for data analysis [25, 30], and is more of a com-
munity that helps members learn through their participation and
social interactions. Supporting the formation of communities of
practices and user participation, could be an effective approach to
the support of learning and "knowing" of self-tracking technologies.

7 LIMITATIONS AND FUTURE WORK

We note that although the gender ratio of our participants largely
aligns with the gender ratio of smart wearable device users in China
[87], there is only one female participant in our study, which might
have introduced gender bias. For future work, with automatic stress-
tracking features becoming more available in wearable devices, it
would be helpful to have more studies of this kind look into detailed
usage across different sites and diverse populations. Our study also
suggests promising directions for future design explorations, mainly
to address the data engagement challenges identified in this work,
e.g. mechanisms to support in-situ data interpretation, effective
ways to integrate corresponding expertise knowledge with the data,
and ways to develop communal support to help users form a shared
understanding.

8 CONCLUSIONS

In this paper, we present a study of the use of a relatively recent and
less straightforward stress-tracking technology-in-practice, high-
lighting the three primary challenges of data engagement with
automatically-tracked stress data: a lack of immediate awareness, a
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lack of prerequisite expertise, and a lack of corresponding communi-
ties of practice. In particular, by focusing on a relatively “unfamiliar”
stress-tracking technology, the study reveals that many assump-
tions that have been taken for granted about self-tracking technolo-
gies no longer hold true in the rapidly changing world. Reflecting on
the challenges uncovered from our study as well as related works,
it is clear that some elements of the technically-mediated tracking
practices make a difference as far as data engagement is concerned.
These include how the data is tracked /encountered - intentionally
or unintentionally; who the users are — novice or expert; what is
track — activity or health states; and where the users are situated —
in a community of practice of corresponding tracking or not.

With the development of self-tracking technologies, and with
increasingly more automatically-collected health data made easily
available in our lives, it does not simply help to reduce the labor
needed for tracking [17], but rather more fundamentally, to change
the very mode of data engagement in practice. What we highlight
through the study is that the meaning of self-tracking is not simply
a matter of having the data, nor analyzing the data, but a matter of
situated practices of data engagement. As shown in the study, far
from being simply an interaction between users and their data, data
engagement is embedded in a web of an individual’s intention for
tracking, domain knowledge, technical properties, other users, and
learning resources. As Kuutti put it: “Practices are wholes, whose
existence is dependent on the temporal interconnection of all these
elements, and cannot be reduced to, or explained by, any one single
element” [48]. We argue that to understand the data engagement
issues of self-tracking technologies, we should approach them as
part of the whole tracking practice, a notion that assembles all these
elements into a holistic unit, and does not reduce them to a mere
cognitive analysis.
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