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Abstract Getting enough quality sleep is a key part
of a healthy lifestyle. Many people are tracking their
sleep through mobile and wearable technology,
together with contextual information that may
influence sleep quality, like exercise, diet and stress.
However, there is limited support to help people
make sense of this wealth of data, i.e., to explore the
relationship between sleep data and contextual data.
We strive to bridge this gap between sleep-tracking
and sense-making through the design of
SleepExplorer, a web-based tool that helps
individuals understand sleep quality through
multi-dimensional sleep structure and explore
correlations between sleep data and contextual
information. Based on a two-week field study with
12 participants, this paper offers a rich
understanding on how technology can support
sense-making on personal sleep data: SleepExplorer
organizes a flux of sleep data into sleep structure,
guides
sleep-tracking
activities,
highlights
connections between sleep and contributing factors,
and supports individuals in taking actions. We
discuss challenges and opportunities to inform the
work of researchers and designers creating
data-driven health and wellbeing applications.
Keywords Sleep・Health・Personal informatics・
Self-tracking・Sense-making・HCI

1 Introduction
There is a growing research interest in sleep tracking
in the domain of personal informatics [41]. HCI
researchers have designed various systems to
support the collection and analysis of personal
information on sleep [38, 50], as well as factors that
contribute to good sleep, like exercise [15] and
emotions [30]. At the same time, a large number and
variety of commercial products has become
available that allow people to track their sleep in
their own homes. These products include mobile
apps (e.g., SleepCycle), wearable technology (e.g.,
Fitbit) and embedded devices (e.g., Beddit).
While it is now easy to collect sleep data, making
sense of this data and the factors that may influence
the quality of sleep remains a challenge. Firstly, we
do not consciously experience our sleep. Therefore,
we cannot know what exactly is going on while we
are sleeping. Secondly, sleep is multi-dimensional
and could be characterized by many metrics, such as
the time it takes to fall asleep, length of sleep, and
how fresh one feels after waking up. Hence the
simplified definition ‘sleep efficiency’ or ‘sleep
quality’ in most consumer sleep trackers is
questionable. Thirdly, the quality of sleep is
influenced by a number of contextual factors:
psychological and physiological states like mood
and stress, lifestyle factors like exercise, and
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environmental factors like room temperature and
exposure to digital devices [17, 34]. Many users of
commercial sleep-tracking products lack the
expertise on these issues as well as tools that allow
them to explore possible relationships between the
quality of their sleep and contextual factors [43].
The aim of this research was to support
sleep-trackers in making sense of their data, i.e., in
analyzing relationships between their sleep data and
contextual factors that may impact their sleep. We
designed SleepExplorer, a web-based tool that
imports various self-tracking data from commercial
sleep-trackers (Fitbit) and online diaries (Google
Forms), visualizes this data, and shows correlations
between sleep data and contextual factors. In order
to facilitate sense-making on the correlations,
SleepExplorer also helps users understand sleep
quality based on the concept of sleep structure, as
well as provides guidance on how to track
contextual factors. Through a two-week field study
with 12 participants, we found that SleepExplorer
helps people to better understand their sleep and
discover novel relationships between sleep data and
contextual factors.
In what follows, we first summarize related work in
the domain of personal sleep informatics, sleep
structure and sleep analysis. We then describe the
implementation of SleepExplorer and the design of
the field study. In section 4 we present our findings
from the field study. Section 5 discusses challenges
and opportunities for designing data-driven health
and
well-being
tracking
technology.
The
contributions of this study are twofold: (1) we
present a novel tool SleepExplorer that redefines
sleep quality by introducing sleep structure and
emphasizes the individualism of each person’s sleep,
and (2) the empirical study generated considerations
and opportunities that help inform the work of
researchers and designers in sleep data analysis and
personalized visualizations.

with information about how long they sleep, how
well they sleep (sleep efficiency score), the stages
they sleep through, how to fall asleep and wake up
with optimized freshness, and how to promote
healthy sleep habits through sleep coaching tips. A
detailed review of consumer sleep technologies can
be found in [73].
Research Aim
Monitoring sleep
and determining
sleep quality
Measuring sleep
stage and sleep
duration

Sleep Studies
Sleepful [38]; Toss ‘N’ Turn [50];
iSleep [28]; Poster [57]

Best Effort Sleep Model [13];
SleepHunter [25]

Recognizing sleep

Sleep pattern analysis system

patterns

[48-49]

Understanding
sleep environment

Improving sleep
quality and
promoting sleep
health

Lullaby [34]; Combining
wearable environmental sensing
[10]
ShutEye [8]; The Wearable
Lullaby [21]; EZwakeup [31];
Opportunities for computing
technologies to support healthy
sleep behavior [17]

Reliving sleep

SNORES [27]; ZZZoo Pollows

disorders

[66]; Sleep apnea detection [20]

Exploring
relationships to

SleepTight [75]

contributing factors
Sleep quality prediction:
SleepMiner [6]; Social alarm

2 Related Work
2.1 Personal Sleep Informatics
Personal informatics refers to the tools that help
people collect personal information for the purpose
of self-monitoring and self-reflection [41]. By its
definition, personal sleep informatics is the tools that
help individual monitor and reflect on sleep. Up to
date, a large number of sleep technologies have been
developed in industry. These tools provide users

Others

clock: Somnometer [59]; Nap
supporting system [54];
Sleepwalk supporting system:
Sleepstellar [33]

Table 1. A review of sleep studies in HCI.
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At the same time, HCI also has devoted significant
efforts in mapping personal informatics into sleep
research. Table 1 summarizes recent sleep studies,
indicating that various aspects of sleep are being
supported, from introducing novel approach to
monitor sleep [38] to supporting sleep related
problems such as apnea detection [20]. However,
apart from SleepTight [75] that is a low burden,
self-monitoring application for capturing sleep and
limited contributing factors, little is studied on how
to make sense of sleep data through contextual
information. SleepExplorer strives to collect various
sleep contributing factors based on medical evidence
to help individuals discover the relationships
between their sleep data and these factors.

2.2 Sleep Structure
There are different methods to measure human sleep.
Subjective methods include Pittsburgh Sleep Quality
Index (PSQI) [11] instrument that is widely used in
clinical settings for rough evaluation of sleep quality.
Objective method refers to the analysis of sleep
characterized by a set of metrics called sleep
structure [31-32]. Some of the sleep metrics could
only be measured using polysomnography in sleep
clinics, while others could be monitored using
commercial sleep trackers at acceptable accuracy
level. Considering the practical tractability of the
metrics, we used the following sleep metrics to
quantify sleep quality in the study:
-

Minutes asleep (MASL)
Minutes awake (MAWK)
Number of awakenings (NAWK)
Minutes to fall asleep (MTFA)
Sleep efficiency (SE)

Among these metrics, SE is determined by the ratio
between MASL and total time in bed [74]. Most
sleep trackers have adopted this simplified definition
of sleep quality to inform users how good or bad
their sleep is. However, from medical perspective,
other important aspects are missing to evaluate a
person’s sleep [73] and likewise users find it hard to
interpret this single percentage [43]. Therefore,
SleepExplorer endeavors to provide sleep structure
information and to help individuals discover what
‘sleep quality’ means to them.

2.3 Sleep Analysis
Since sleep is affected by many activities an
individual does during the day and before bedtime,

contextual information is of particular importance to
understand one’s sleep and to promote sleep health.
Choe et al.’s [17] large-scale survey demonstrated
that there are a number of sleep disruptors that
prevent individuals from getting a good sleep. For
instance, worries, temperature, sleep partner, etc.
Identifying these factors helps individuals find
reasons for their bad sleep and raise awareness of
healthy sleep behavior. However, the sleep research
listed in Table 1 rarely takes contextual information
into consideration; most of them answer the question
‘what happened’ rather than ‘why it happened?’ [35].
Liu et al.’s [43] sleep study illustrated that current
users of commercial sleep tracking technologies
encountered difficulty in interpreting data without
being provided with context and they found no
proper tool to integrate data from multiple sources,
let alone conducting further analysis.
Previous studies on overall health and wellbeing
confirmed the benefit of integrating contextual
information in health data analysis [9]. Two typical
studies on health self-management proposed health
interweaving and provided connections among
various health indicators. Salud! [47] aggregated
data from multiple sensors and contextual streams
while Health Mashups [9] presented statistical
patterns between wellbeing data (weight, sleep, pain,
and mood) and context (step count, calendar data,
location, weather, and food intake) in natural
language. Both research invested sufficient efforts in
understanding
and
incorporating
contextual
information into self-tracking practices and
investigated personal health at an overall level, yet
neither of them is sleep-oriented.
Previous studies on overall health and wellbeing
confirmed the benefit of integrating contextual
information in health data analysis [9]. Two typical
studies on health self-management proposed health
interweaving and provided connections among
various health indicators. Salud! [47] aggregated
data from multiple sensors and contextual streams
while Health Mashups [9] presented statistical
patterns between wellbeing data (weight, sleep, pain,
and mood) and context (step count, calendar data,
location, weather, and food intake) in natural
language. Both research invested sufficient efforts in
understanding
and
incorporating
contextual
information into self-tracking practices and
investigated personal health at an overall level, yet
neither of them is sleep-oriented. SleepTight [75]
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was designed to allow users to capture contextual
factors that contribute to sleep quality, like exercise
and caffeine consumption. While SleepTight allowed
users to compare these data between nights with
good, neutral and poor sleep, it did not provide
correlations between contextual and sleep data that
confirm whether there is indeed a statistically
significant relationship in the data.
In summary, SleepExplorer builds on these studies
and is designed under three aims:
(1) To offer sleep-trackers insights into correlations
between sleep data and contextual factors to
guide behavior change;
(2) To guide individuals with medical evidence on
how to track factors that may affect their sleep ;
(3) To help individuals understand sleep structure
and define good sleep within their personal
context.

3 Research Design
3.1 Design and
SleepExplorer

Implementation

of

To achieve our aims, we designed SleepExplorer, a
web-based tool that helps individuals understand
sleep quality and to explore correlations between
sleep
data
and
contextual
information.
SleepExplorer was implemented on Microsoft Azure
cloud based on ASP.NET Model-View-Controller
(MVC) framework. SleepExplorer automatically
retrieves users’ data from Fitbit public API via
OAuth protocol upon their authorization. The
retrieved data is analyzed according to the following
procedure:
-

Data Cleaning: missing entries and obviously
wrong data entries (e.g., sleep duration = 0 or
minutes sedentary = 0) were removed.

-

Data Preprocessing: all time stamps (i.e., coffee
time, nap time, dinner time and exercise time)
were converted to numerical variables, e.g.,
7:00 and 18:30 were converted to 700 and 1830
respectively.

Correlation
Analysis:
Spearman
correlation
coefficients were calculated for each pair of
variables with missing values pair-wisely removed.
We used Spearman correlation rather than Pearson
correlation mainly for the following two reasons: (1)
the relationships between sleep and potential

contributing factors are not necessarily linear, e.g.,
previous studies suggest that the relationship
between sleep and exercise is non-linear [76]; (2)
variables in our study were ordinal instead of being
continuous. Therefore, only Spearman correlation is
suitable for the analysis.
As illustrated in Figure 2, users of SleepExplorer can
see visualizations of their sleep data and correlations
with contextual factors. The left column visualizes
the time series plots of each of the sleep-structural
metric, including MASP, MAWK, NAWK, MTFA,
and SE. The right column demonstrates the
identified correlated factors to each sleep metric.
Only factors with Spearman correlation coefficient
that is higher than 0.5 or lower than -0.5
(significance level = 0.05) were rendered for
visualization. Green and red bubbles represent
positively and negatively correlated factors
respectively. The shade of a bubble indicates the
strength of correlation. When mouse is hovered over
a bubble, a tooltip will appear explaining what this
bubble represents. The tooltip was added in response
to formative usability tests with earlier versions of
SleepExplorer to help users interpret correlations
and to remove ambiguity. For example, if dinnertime
was positively correlated to minutes awake, the
tooltip explained that this correlation means that this
user had fewer minutes awake when he or she had
dinner at an earlier time.
Furthermore, SleepExplorer provides users with
information about which factors may affect their
sleep (see Figure 3). We created a comprehensive list
of factors that are potentially related to sleep
according to evidence based studies in sleep research
[7,12,51-52,56], as many potential users of
SleepExplorer are not likely to have sufficient
domain knowledge on sleep and on sleep contextual
factors [1,26,36]. The full list with the details on
how each contextual factor was quantified was
included in Appendix 1. Most of the contextual
factors were measured based on users’ subjective
perception against a predefined scale. Therefore
most contextual factors were measured as ordinal
variables. For example, mood was quantified as a
discrete variable whose possible values range
between 0 (= very bad) and 6 (=very good). We
were aware that there are more sophisticated way to
measure these factors, and we chose the simpler
approach to avoid introducing unnecessary tracking
burden.
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Fig.1 SleepExplorer shows time series plots of sleep-structural metrics (left side) and correlations sleep metric
and contextual factors tracked by a user (right side). Green bubbles represent positively correlated factors and
red bubbles show negative correlations. The shade of a bubble indicates the strength of correlation. User can
access an explanation for each relationship through pop-up windows by hovering the mouse over a bubble.
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Fig.2 SleepExplorer provided users with a list of contextual factors that may influence their sleep along with
instructions on how to track these factors.

In our study we asked participants to select the
contextual factors that they wanted to explore and
we created a personalized tracking diary using
Google Forms for each participant. We reminded
users to fill in the form every day during the field
study, and the diary data were integrated
automatically into the database. (A sample Google
form
can
be
found
at
http://goo.gl/forms/FPmQqS96V0.)

information, device usage, and average sleep quality
during the past month. This data was collected
through an online survey at the start of the study and
during the first interview. Two participants (Maggy
and Dina) had visited a sleep clinic before but did
not have severe sleep problems during the field
study. One participant (Lily) was diagnosed with
sleep apnea and was using a breathing machine
throughout the field study.

3.2 Field Study

3.2.2 Study Procedure
We commenced the study with a semi-structured
interview to learn about their past sleep-tracking
experiences and to explore their current data through
SleepExplorer. In this interview we asked questions
about participants’ past self-tracking experience in
general, whether and how they had analyzed
personal sleep data through contextual information,
and we created a baseline of their sleep quality using
PSQI [11]. They were also invited to try out the
SleepExplorer system to explore their current Fitbit
data. At the end of the first interview, they selected
extra contextual factors from the list (Appendix 1)
on SleepExplorer, which they would track using the
diary function of SleepExplorer in the following
two-week field study.

3.2.1 Participants
We recruited 12 participants to examine how
SleepExplorer can help them understand their sleep
quality and correlations with contextual factors.
Participants were recruited through university
mailing lists, and received a $25 book voucher per
interview as an appreciation for their commitment to
the study. We looked for participants who already
used Fitbit to track their sleep as well as at least one
contextual factor such as steps, calories and water
consumed. We were seeking a diverse cohort,
including people with healthy sleep as well as
people with sleep problems.
Table 2 shows the participants’ demographic
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Pseudonym

Age

Profession

Type of

Months of

Perceived

Wakeup

Baseline

Fitbit

Fitbit use

sleep quality

freshness

PSQI

6

Good

2

Good

Very Drowsy

3 (Good)

4

Good

Alert

4 (Good)

3

Good

5

Good

5

Average

8

Average

6

Good

Drowsy

5 (Bad)

Charge

4

Good

Drowsy

7 (Bad)

HR Consultant

Flex

3

Average

Alert

10 (Bad)

Veterinary

Charge

Student

HR

1

Average

1.5

Bad

Range

Emma

20s

Lily

30s

Tesa

40s

Rosa

30s

Maria

50s

Luke

40s

Luisa

50s

Paul

30s

Mia

30s

Diana

30s

Dina

40s

Maggy

40s

Public Health

Charge

Student

HR

Administrative

Charge

Staff

HR

Marketing

Charge

Director

HR

Administrative
Staff

Flex

Administrative

Charge

Staff

HR

Computer

Charge

Scientist

HR

Administrative
Staff

Flex

Administrative

Charge

Staff

HR

Medicine
Student

Administrative
Staff

Flex

Fairly
clear-headed

Fairly
clear-headed
Fairly
clear-headed
Alert
Fairly
clear-headed

Fairly
clear-headed
Drowsy

1 (Good)

4 (Good)

4 (Good)

4 (Good)

4 (Good)

10 (Bad)

11 (Bad)

Table 2. Demographic profile of participants (anonymized), sorted by sleep quality (PSQI score).

The design of the field study was based on the
Experience Sampling Method (ESM) approach,
which is a research procedure for studying what
people do, feel, and think during their daily lives [29,
37]. During the field study, all users received two
daily reminders to fill in their self-tracking diary at
night (to track contextual factors) and in the morning
(to track wakeup freshness). Since the focus of this
study was not to investigate the impact of
SleepExplorer on behavior change or health
improvement, the duration and scale of this study is
cohort for a detailed qualitative analysis on
sense-making. We will include a long-term study to

work on behavior change in the future.
At the end of the field study, we conducted the
second interview with participants to discuss their
experience of tracking extra contextual factors
during the field study, whether there was any change
in sleep pattern and daily routine, and what problems
they had encountered during the tracking. They were
then asked to use SleepExplorer to integrate their
Fitbit data with dairy data, and to analyze the
correlations between sleep data and the contextual
data. They were asked to think aloud how they
interpreted the results, what they learnt from the
7

analysis, and what actions they would like to take
based on the analysis. All interviews were recorded
and transcribed.
3.2.3 Dataset and Analysis
The study produced rich quantitative and qualitative
data. We conducted quantitative analysis over
participants’ self-tracking data as well as qualitative
analysis of all interview data, with a focus on
developing an understanding of how SleepExplorer
helps users make sense of their sleep data.
Self-tracking data captured by Fitbit and diary was
integrated and stored in SleepExplorer database on
Microsoft Azure cloud. The main purpose for
analyzing these data was to investigate the
difference in sleep structure between participants.
As for the qualitative data collected in the interviews,
our analysis followed the process of a thematic
analysis, as described by Braun and Clarke [72].
Firstly, the first, the third, and the fourth author
transcribed all interviews and read through each
other’s transcripts to familiarize themselves with the
contents. Excerpts with rich data were read and
discussed with the remaining authors to discuss
preliminary ideas. Secondly, initial codes were
generated from the data. We did not define a coding
schema beforehand but identified codes from actual
data by repeatedly going through content in the
interviews, guided by Weick’s observations of
sense-making as an ongoing retrospective activity to
rationalize what people are doing [71]. Finally, we
grouped our codes into four themes: organizing flux,
making sense through self-tracking, making
connections, and taking actions. This was done
through an affinity analysis where all authors
grouped the codes through post-it notes on a
whiteboard and discussed suitable themes and names
for each theme. The results are described in detail in
the next section.

4 Results
Overall, participants liked SleepExplorer. Ten out of
12 participants said they would continue using it to
analyze their data in the future. Through the
following findings we attempt to show how
SleepExplorer supported individuals in making
sense of their sleep-tracking data as well as the
correlations between sleep and contextual factors.

4.1 Organizing Flux in Sleep Data
Sense-making often starts with organizing a flux of
experiences and data. SleepExplorer helped
participants to understand the multiple metrics that
are used in sleep research to define sleep quality and
the connections within them.
4.1.1 Defining Sleep Quality
SleepExplorer helped participants understand the
relevance of different metrics that define sleep
quality. The Fitbit used in this study collected data
on minutes asleep (MASL), minutes awake
(MAWK), number of awakenings (NAWK), minutes
to fall asleep (MTFA), and sleep efficiency (SE).
Additionally, we collected sleep data through
surveys as summarized in Table 3. These metrics
captured both the psychological level (subjective)
and the physiological level (objective) of sleep
quality. We also explicitly mentioned the concept
“sleep structure” on the user interface when
rendering the visualization of the sleep metrics, and
SleepExplorer calculates correlated contextual
factors for each sleep metric separately. This helped
some participants who did not know the concept of
“sleep structure” become aware of the
multi-dimensionality of sleep. As Dina mentioned:
“What surprises me is that I thought they [sleep
metrics] were all the same thing, but interestingly
it’s not actually… I could see how time to fall asleep
is different from sleep efficiency.
Among all the metrics, PSQI (Pittsburgh Sleep
Quality Index) [11] is widely used in clinical settings
as a standard instrument for evaluating sleep quality.
However, we found that PSQI score alone may
overshadow the rich information characterized by
sleep structure. As is illustrated in Figure 4, Tesa,
Rosa, and Maria had the same baseline PSQI score 4,
which indicates good sleep. However, when
breaking down their sleep into MASL, MAWK, and
MTFA, there is significant difference. Averaged over
the past one month, Maria slept approximately 40
minutes shorter than Tesa and Rosa, and it took Rosa
more than 10 minutes longer to fall asleep compared
to Tesa and Maria. Moreover, according to the right
plot in Figure 4, Rosa had more regular sleep in
terms of MASL while Maria had the lowest
deviation with respect to MTFA.
We also found that these sleep metrics were not
equally important and that participants’ definition of
sleep quality varied. For example, Diana mentioned
MASL as an important metric for her because if she
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“thinks of having a really good sleep, it would never
be under five hours”, whereas for Maria MASL is
“not really important” because she believed that
“There’s no standard. As long as I feel good,
refreshed in the morning, I don’t really care how
Screening survey

long I sleep”. We asked our participants which
metric they would use to quantify sleep quality. The
answers were as follows (ranked in descending
order): NAWK (7 out of 12 mentioned it), WUF (7),
MASL (5), MAWK (3), SE (3), and MTFA (1).

Sleep Metrics
Subjective sleep quality
Wake up freshness (WUF)

Interviews

PSQI

Field study

Minutes asleep (MASP)
Minutes awake (MAWK)
Number of awakenings (NAWK)
Minutes to fall asleep (MTFA)
Sleep efficiency (SE)
Wake up freshness (WUF)

How to Measure
Estimated
according
to
subjective
perception over the past one month; 1
(very bad) ~ 5 (very good)
Estimated
according
to
subjective
perception over the past one month; 1
(very drowsy) ~ 5 (very alert)
A self-report questionnaire with 19 items
that assess sleep quality over a 1-month
time interval.
Automatically tracked by Fitbit daily.

Manually tracked using diary daily; scale:
1 (very drowsy) ~ 5 (very alert).

Table 3. Sleep metrics used in the study.

Fig.3 The same PSQI score (=4, good sleep) was mapped to different sleep structures. (left: average values over one
month; right: standard deviation). Tesa, Rosa, and Maria had the same baseline PSQI score but significantly different
sleep structure in terms of Minutes Asleep (MASL), Minutes Awake (MAWK), Minutes To Fall Asleep (MTFA) and Sleep
Efficiency (SE).

4.1.2 Noticing Connections within Sleep Structure
The understanding of sleep structure also helps
participants notice unexpected relationships among
the sleep metrics. A common relationship was the
connection between wake up freshness and other

sleep metrics. For example, during the field study,
Luke noticed that the more awakenings he had, the
fresher he felt in the morning: “It’s generally quite
challenging (for me to get up). But interesting
enough when it's more interrupted and I don’t have a
big block of sleep, the morning it feels easier.”

9

4.2.2 Quantifying a Dynamic Context
SleepExplorer provided information on contextual
factors that are well recognized in sleep research as
influencing sleep. Most of the suggested factors
were highly dynamic and could change significantly
throughout a day. The participants encountered
several difficulties which could be classified to three
categories: (1) the quantification of the factors, (2)
the timing for recording the factors, and (3) the
variation of the factors.
Firstly, some participants mentioned that data
accuracy was the biggest problem that they
encountered in the field study. The factors that were
considered difficult to quantify include: caffeine
consumption, alcohol consumption, electronic
device usage, and light exposure before bed. For
instance, Mia mentioned the difficulty on
quantifying digital devices usage: “In terms of the
digital devices usage, in the questionnaire it asks
many questions in one… So how to quantify the
usage is not clear here. How long have you used it
before going to bed? What time? What you used it
for? Because you know reading books is relaxing but
some people reply emails or do their homework. It’s
different.”
Secondly, the timing for recording the factors may
influence the logged data itself. Most participants
logged contextual data before going to bed to reflect
on the relevant data for the day. However, the act of
logging this data negatively impacted their data on
electronic device usage within the last 3 hours
before sleep: “your reminder is later than I wanted.
Because I’m aware of less digital devices usage but
because I was waiting for your reminder so I
checked it more often to see whether it’s coming.”
(Tesa) Other participants filled in the diary in the
morning, which did not affect their data on device
usage, but meant that other data (e.g., their mood
before going to bed) may have been less accurately
recorded. To address this issue, one of the
participants suggested tracking relatively stable
factors before bed and highly dynamic ones the next
morning: “What I would rather do is the next
morning I would remember how tired I was. So when
you get the follow up (reminder) in the next morning,
(you could ask) wake up freshness and tiredness
before bed.” (Diana).
Thirdly, data variation is critical for capturing
meaningful correlations. If a participant always took

a cup of coffee every day at fixed time, there is no
meaning tracking coffee, as it is impossible to study
the impact of coffee. Several participants were aware
of the importance of data variation. For instance,
Luisa mentioned: “I think caffeine keeps you awake,
but I regularly have it, I don’t think it affect my sleep.
Maybe if I didn’t have it for a while, and then have
some before bed, then it may keep me awake.”
4.2.3 Reflection through Tracking
The field study also shows that sense-making could
occur through tracking per se, which could have
impact on behavior and mindset.
The impact of self-reflection during tracking on
behavior is characterized by self-experimenting. In
the field study, two participants consciously
explored the possible impact of lifestyle on personal
sleep through self-experimenting. Maria told us that
the tracking motivated her to consume less alcohol
and to reduce screen time because she hoped to “see
good records”, and she attributed her better sleep
quality to the behavior change. By contrast, Luke
told us that he consumed more alcohol during the
field study just to increase the variation of data.
More commonly, the self-reflection during tracking
impacted the mindset. Six participants mentioned
that tracking the contextual factors increased their
awareness of the potential impact of those factors on
their sleep. Maria said: “Tracking alcohol makes me
very conscious because I need to write down if I
have a glass of wine.” However, increasing
awareness did not always have positive impact. In
some cases, the awareness did not really have
practical impact on behavior, or could even have
negative impact. For instance, Mia mentioned that
she “try to (reduce caffeine consumption) like I tried
beforehand. It’s just I’m more aware of it”. For
Diana, tracking stress made her feel worse because
she would become conscious that “I’m so stressed, I
can’t sleep tonight.”

4.3 Making Sense during Retrospective
Analysis
SleepExplorer helps people make sense of
relationships between sleep and contextual data
collected in the field study. This section presents the
findings on SleepExplorer supported sense-making
on personal sleep through contextual information.
4.3.1 Re-organizing Sleep Data and Contextual
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Data
We found that the contextual factors of sleep are
highly personal and vary for different persons. On
the one hand, the factors that each participant
selected to track diff ers due to varied lifestyle
context. The last column in Appendix 1 shows the
popularity of manually tracked contextual factors in
the field study. The top five popular factors were
electronic devices usage (all participants tracked it),
stress (8 out of 12), tiredness (8/12), coffee and
coffee time (8/12), and alcohol (8/12). On the other
hand, the same contextual factor could be distinctly
associated to different person’s sleep, or could even
be associated differently to various aspects of the
same person’s sleep. For example, Table 4 shows
how alcohol was associated to 4 participant’s sleep.
SE
WUF
MTFA
NAWK
MAWK
MASL

Maria
+++
++
/
----

Luke
/
+
-

Lily
/
/
/
/
/

Mia
++
/
/
-+

Table 4. Correlations between alcohol and each sleep
metric for 4 participants (+++: very strong positive
correlation; ++: strong positive correlation; +: moderate
positive correlation; /: no correlation; -: moderate
negative correlation; --: strong negative correlation; ---:
very strong negative correlation).

The potentially distinct correlations between the
same contextual factor and different sleep metrics
further increased participants’ awareness of the
multi-dimensionality of sleep, as what Luke
discovered when exploring the relationship between
alcohol consumption and his sleep structure: “The
more alcohol consumed, the shorter I was awake.
It's contradictory to ‘the more alcohol consumed, the
shorter I was asleep’. But maybe that's fine; it just
means I was awake, just shorter. So not necessarily
contradictory; they are different aspects of what
sleep is, what certain period of sleep is.”
4.3.2 Confirming Presumptions
Some identified relationships between sleep and
contextual factors validated participants’ perception
or brought the relationships from back of mind to
consciousness. Such validation is highly individual
and may even be inconsistent with common sense.
For instance, the correlation analysis indicated that
Lily slept less when she was more active, and she
thought it made sense because “Most of the time that
I’m using this (Fitbit), I would go to bed at the same

time, but then on the days I go to gym in the morning,
I had to get up earlier, so I had less sleep.”
Surprisingly, Luke also paid attention to irrelevant
factors. He tracked coffee time but this factor did not
show up during the analysis. Luke: “The common
sense is that don’t have coffee in the afternoon if you
want to be able to fall asleep quickly. That’s not
showing up in my data. That also corresponds to my
observation as well. I can have coffee after dinner
and still get a good sleep.
4.3.3

Making

Sense

of

Counterintuitive

Relationships Using Confounding Factors
Some participants identified surprising relationships
between sleep and contextual factors, and they
usually attribute to other untracked confounding
factors or the measurement errors of tracking
devices to make sense of these surprising findings.
Participants mentioned the following common
confounding factors: pets, trash collectors, partners
and other factors in their daily pattern that may
impact sleep. Diana’s reflection on why she seemed
to sleep better when she had more minutes sedentary
was as follows, “Ok, this could be because there are
other factors, for example, I’m sedentary when I
work, I’m quite being mentally tired with my work,
and I don’t drink alcohol at night… So it’s not like
being still makes me sleep better. It’s more like, it
happens to be on the days when I’m still, I’m
mentally drained, and I don’t eat overly at night, and
I don’t drink alcohol.” Identifying confounding
factors requires advanced statistical and data mining
techniques, which is our future work.
Some participants also showed doubt over the
non-intuitive correlations and attribute these
relationships to measurement errors in Fitbit data,
such as Dina: “I’m not sure how to interpret that,
just because I don’t trust all the Fitbit data.”

4.4 Taking Action based on Sleep Data
Reflecting on the data presented through
SleepExplorer helped participants address the
question “what do I do next?” While we do not have
data on actual behavior change, we explored novel
opportunities for action that the participants
identified through the data.
Some participants showed high expectation of the
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system on guiding them to improve sleep. Emma
told us: “So for me, the system would show me the
things I have no idea about. And then I can act on
those to improve. And for people like my boyfriend
who have terrible sleep, maybe it could help find out
solutions.” We also found that participants’ attitude
to behavior change varies depending on whether the
analysis validated or contradict their perception. In
the following sections we present how
SleepExplorer supported individuals in making
informed decisions on behavioral change.
4.4.1 Following Presumptions
Several participants compared the relationships
identified by SleepExplorer with their existing
presumptions about which factors may influence
their sleep. For participants who were able to
confirm their presumption it was easy to plan actions
for changing behaviors as they had already
considered the consequences of their presumption
prior to this study. For instance, Luke said: “You
hear people say that using a laptop or phone or
something with bright light is not good for your
sleep. How we do things in the moment is that you
can just ignore the sleep impact. But when it’s
presented to me clearly, I’m prepared to change my
behavior, re-arrange my day (so that I could) do
more reading stuff at night and more computer stuff
during the day in order to get a better sleep at
night.”
4.4.2 Visual Cues for Action
Negative relationships offered more effective visual
cues in triggering intensions for behavior change
compared to positive relationships. Seven out of 12
participants mentioned that they would pay more
attention to negatively related contextual factors (red
bubbles) than positively related ones (green bubbles).
The reasons varied. Someone mentioned that
negative factors provided more actionable
knowledge, while others thought negative ones were
the things that one should fix. For example, Rosa
mentioned “because they (red bubbles) are
preventing me from becoming better. They are
something I should try to avoid.”
Only Emma and Dina mentioned that they paid more
attention to the green bubbles. Emma thought that it
would be easier for her to strengthen the positive
factors than reducing the negative ones in her
lifestyle context, and Dina mentioned that she was
“already aware of the negative ones so green
bubbles are more informative”. In the meanwhile, 2

participants paid more attention to darker bubbles,
such as Maria: “I probably care more about strong
factors, either negative or positive.” Paul cared
about the more relevant bubbles regardless of the
colors: “It really depends on what factor that is; like
the alcohol, not just because of the negative
relationship. I know it could be really a problem. I
need to be aware of that”.
4.4.3 Constraints for Action
Regardless of participants’ intension for behavior
change, many mentioned that their capacity to take
real action may be bounded by uncontrollable
external factors, such as daily schedule, medical
conditions, and autonomous conditions (e.g., mood,
stress, hormone cycle, and dream). Emma: “Yeah I
try to reduce sedentary minutes anyway. But it’s just
really hard to when you have an office job.” Lily:
“I’m trying to lose weight but my doctor said that I
need to get more energy so I can do more exercise
and get healthier.” Diana: “Mood and stress, I think
they affect my sleep but I can’t really control them.”
Sometimes decisions are not just about sleep but
governed by overall health, especially when
participants identified counterintuitive relationships
and sleep was not a major concern. Being given
counterintuitive result between steps and sleep,
Maria answered: “I wouldn’t reduce my steps
because I think you need to be active. Walking more
generally makes me feel more active and good.”
We also found that goal setting helps little in
improving sleep. Goal setting has been considered as
an effective way to motivate people in calorie and
physical activity tracking. However, unlike calorie
and physical activity tracking where actionable
knowledge is straightforward, sleep tracking
requires more advanced analysis in order for the
users to obtain actionable knowledge. Some
participants made the point that goal-setting in sleep
tracking does not even motivate them to sleep longer,
let alone sleep better. Emma mentioned that she did
not thought the sleep goal functionality of
sleep-trackers is useful, “so most of the time I get 7
hours sleep, but like, yes of course I want to get 8
hours sleep every day, I’ve always had that in my
mind. But how to control that?” Participants
acknowledged the importance of understanding the
factors that are associated to personal sleep, but also
emphasize the desire of receiving recommendations
on how to change. Four out of ten participants
explicitly mentioned that they would like to learn
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more on what they could do on the identified sleep
contextual factors, such as what is the limit for
coffee/alcohol consumption, how to deal with stress,
and how to increase basic body temperature. Rosa:
“Maybe it could be better, for example, what would
be the limit for my coffee consumption, for my
alcohol. It could be great if it can provide clues or
recommendations, like if I drink this amount of
alcohol, it’s ok. I would like to have some
recommendations more than analysis.

5 Discussions
This study has shown how visualizations of sleep
data and contextual factors (like exercise, mood and
coffee
consumption)
presented
through
SleepExplorer helped participants make sense of
their personal data. While previous work allowed
users to compare contextual factors between nights
with good and poor sleep [75], (1) SleepExplorer
allowed users to explore correlations between sleep
quality and contextual factors. Additionally, the
participants developed a better understanding of (2)
the multiple aspects that define the quality of sleep
as well as (3) what, when and how to track data.
Based on this understanding, (4) the participants felt
guided in taking actions to improve their sleep. We
will now discuss these findings within the landscape
of previous studies and highlight opportunities for
future research.

5.1 Sense-Making through Correlations in
the Data
Our main aim was to support users in exploring
correlations between their sleep data and contextual
factors that may influence their sleep. Previous work
has demonstrated the benefit of identifying statistical
patterns between wellbeing data (weight, sleep, pain,
and mood) and context (step count, calendar data,
location, weather, and food intake) numerically [77]
and textually [9], but neither of them exclusively
focuses on sleep. Sleep is complex because we do
not consciously experience it, and understanding
sleep structure and potential contributing factors
requires background in sleep research. Building on
previous work, SleepExplorer guided users to track
clinically proven sleep contextual factors and
visualize the detailed correlations between sleep and
context, which aroused participants’ awareness of
the connection between sleep and various contextual
factors. In the field study, users were making
connections in a more systematic manner based on

actual hard-cold data that represent measured fact.
One participant even experimented during the
tracking by intentionally adjusting his lifestyle to
create more variations in data.
Whereas sense-making on intuitive correlations was
straightforward, participants often attribute the
non-intuitive correlations to confounding factors and
measurement errors, which remain challenges for
sleep-tracking technologies. In order to control the
interference of confounding factors, one needs to
carefully design and conduct self-tracking
experiments that are similar to N-of-1 trials [78].
Although the concept of the N-of-1 trial was adopted
in personalized medicine for years, it is still not
widely known to the crowd. Currently self-tracking
activities are usually conducted in uncontrolled
settings, and many scholars question the rigidity of
such experiments and the conclusions drawn from
these experiments. It remains a future work to create
a guideline for laymen on how to design rigid
self-tracking experiments based on the principles of
N-of-1 trials. As for the measurement errors of
commercial sleep trackers, these errors could be
reduced to certain extent through data cleaning
before the data analysis. However, due to the
inherent limitation of actigraphy, it is impossible to
completely remove potential measurement errors.
The only solution would be to develop new tracking
devices based on the principle of polysomnography.

5.2 Re-Defining Sleep Quality
In order to help users make sense of the correlations
between their sleep and contextual factor,
SleepExplorer also helps them understand the sleep
quality through the concept of sleep structure
[31-32]. It is widely recognized in sleep research
community that normal sleep is difficult to define
because individuals vary enormously, differing in
physiology, psychology, lifestyle, and living
environment [19, 79]. Traditionally, sleep quality
was usually characterized by a single score, such as
PSQI score or sleep efficiency. However, our study
suggested that PSQI may overshadow the rich
information of personal sleep structure, and “sleep
efficiency” is in fact one of the least considered
sleep metrics when participants were asked to define
sleep quality. By providing visualization of sleep
metrics individually on the user interface,
SleepExplorer improved users’ awareness of sleep
structure and their understanding of the
multi-dimensionality of sleep.
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Our study demonstrated that people’s definition of
sleep quality was highly individual and was closely
related to how a person perceives his/her sleep. For
example, if a participant suffered from many
interruptions during sleep, he or she would quantify
sleep quality in terms of the number of awakenings
and thus fewer awakenings means better sleep for
this person. On the other hand, for people who had
difficulty in falling asleep, minutes to fall asleep was
an important criteria when it comes to sleep quality
and their definition of good sleep was fast sleep
onset.
The fact that experts usually recommend 7 to 8-hour
sleep to adults confused or even annoyed some of
our participants, as they felt good and well-rested
after 6 or less hours of sleep. In fact, recent
neurology studies indicate that long sleep duration
significant increase the risk of cardio vascular
disease such as stroke, whereas short sleep duration
does not have such impact [39]. The interpretation of
“adequate sleep” may vary from person to person.
Therefore, it remains to be a challenge how to
establish a personalized sleep quality evaluation
framework
that
accounts
in
interpersonal
differences.

5.3 What, When, and How to Track
The most important issue in self-tracking is knowing
what, when and how to track. In [18], Choe et al.
identified “not tracking triggers and context” as one
of the common pitfalls in self-tracking. This is
especially true for sleep tracking, as many people do
not have adequate sleep domain knowledge on what
factors may be related to personal sleep [43].
Popular commercial tracking tools such as Fitbit and
Jawbone could track limited contextual factors but
some of these factors are not likely to be related to
sleep.
SleepExplorer builds on these findings and
suggested a list of potential sleep contextual factors
based on sleep researches. Most of the factors that
participants selected from this list turned out to be
related to their sleep, whereas many of the factors
tracked by Fitbit were irrelevant to personal sleep.
Therefore, we argue that SleepExplorer extended the
scope of users’ sleep-tracking by guiding them to
track more factors and at the same time keeping
them focused on tracking the factors that were most
likely to be related to personal sleep. Albeit previous
study suggested that right before going to sleep
turned out to be an opportune moment to do

self-reflection [75], we found that not all data were
logged before bed time.
We also identified several challenges in tracking
sleep contextual factors. Firstly, it is difficult to
accurately tracking some factors such as the
consumption of alcohol and caffeine, the degree of
digital device usage, exercise time. Second, the
timing for logging the data may influence data itself;
this is especially true for digital device usage, as
users had to input data either on a computer or on a
mobile phone. Third, the best timing for tracking
some factors is hard to decide on, as those factors
are highly dynamic and may significantly change in
a short time. Fourth, it is difficult to collect
meaningful data if a user’s daily life pattern does not
vary much. These issues have strong impact on the
quality of the self-tracking data and thus should be
addressed in future research.

5.4 Taking Actions
The ultimate purpose for identifying correlations
between sleep and contextual factors is to guide
behavior change for sleep improvement. However,
our study suggested that the role of a factor in
guiding behavior change was heavily dependent on
how this factor was related to sleep: intuitively or
non-intuitively, and positively or negatively.
Participants were generally willing to make
behavioral changes based on intuitive correlations
that confirmed participants’ presumptions, but they
were more cautious to take any actions based on
non-intuitive correlations. Reasons include the
concern of overall health, data quality, and the
duration of the study. Many participants also
mentioned that negatively correlations (red bubbles)
were more helpful in guiding behavioral change than
positively ones (green bubbles). This echoes the
asymmetrical effects of positive and negative events
in psychological studies [62], which states that
adverse or threatening events trigger strong and
rapid physiological, cognitive and emotional
responses.
In [43], Liu et al. pointed out the importance of
providing instructions for action. This is confirmed
in our study. Our participants suggested that
SleepExplorer
should
provide
concrete
recommendations on what they could do to reduce
the negative factors or strengthen the positive ones.
Since behavior change could be constrained by
external factors that were outside a user’s control, it
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is necessary to tailor the recommendations to the
user’s life context in designing and implementing
future personal informatics systems. One solution is
to applying context-aware computing technologies
[67], which tailored the recommendations by
accounting in the lifestyle context of each user.

5.5 Limitations of This Study
We have presented how SleepExplorer increase
users’ domain knowledge on sleep and their
understanding of how sleep was associated to
various contextual factors. However, the current
study has its limitations in several aspects. The
potential dependency among contextual factors was
not considered in data analysis. The experimental set
up during the field study did not control
confounding factors. Contextual factors were
tracked manually and were based on subjective
perception rather than objective measures. The
system could be further improved through
implementing automated tracking and advanced data
mining techniques. Our study did not focus on actual
behavior change. We are aware that a longer study is
necessary to investigate the effect of SleepExplorer
on behavior change and sleep quality improvement,
which is one of our future works.
While our study is specific to the domain of sleep,
several findings have global implications for other
domains in self-tracking, such as the asymmetrical
effects of positive and negative contextual factors,
the interference of confounding factors in
sense-making, and the motivation for behavior
change relating to overall health rather than a single
health aspect. These findings could be applied to e.g.
weight losing, diabetes self-management, smoking
quitting, to name but a few.
Overall, our participants were satisfied with
SleepExplorer. The system provided insights on
personal sleep that people were not able to discover
on their own or using existing sleep-tracking tools
such as Fitbit. We also identified several
opportunities for future research in developing
personal
informatics
systems:
improving
self-tracking accuracy, alleviating the impact of
confounding factors, and providing tailored
instructions/recommendations
for
behavioral
changes.

sleep-tracking data from wearable technology,
mobile apps and embedded technologies, but users
find it difficult to make sense of this data due to lack
of sleep domain knowledge and no context. This
study
showed
how
a
web
application
(SleepExplorer) designed to visualize sleep data and
to show correlations between sleep-tracking data and
other self-tracking data (i.e. physiological,
psychological, lifestyle and environmental data)
helped users make sense of their sleep. Through a
field study we found that SleepExplorer helped
organize a flux of self-tracking data to personalize
the definition of sleep quality in multiple dimension,
guided the tracking activities, highlighted
connections in the data, and led to intension for
behavior change to improve personal sleep.
This research highlights three opportunities to help
inform the work of researchers and designers
creating data-driven health and wellbeing
applications: improving the accuracy of self-tracking,
alleviating the impact of confounding factors, and
providing tailored instructions and recommendations
for behavior change. In the next step, we plan to
further develop the system to address these
opportunities and to obtain evidence on how
SleepExplorer impact users’ sleep behavior and
sleep quality in the long term.
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Appendix
Sleep Contextual Factors Collected for Users during Field Study
(Popularity = number of participants tracked this factor)
Categories

Contextual Factors

Source

Type (Unit)

Physiological

Weight

Fitbit

Continuous (Kg)

Factors (5)

Factors (4)

Popularity

Daily

/

Continuous ( C)

Daily

3

Dairy

Days passed since last period??

Daily

3

Diary

Ordinal (0 ~6, 0 = very bad, 6 =

Daily

7

Daily

9

Daily

8

Daily

2

Discrete (number of cups)

Daily

/

o

Body temperature
Menstrual cycles

Psychological

Sampling

Mood

very good)
Ordinal (0 ~ 6, 0 = very relaxed,

Stress

6 = very stressed)
Ordinal (0 ~ 6, 0 = very

Tiredness

energetic, 6 = fatigue)
Ordinal (1 ~ 5, 1 = nightmare, 5

Dream

= no dream)

Behavior

Steps

factors (18)

Minutes very active

Continuous (min)

Daily

Minutes fairly active

Continuous (min)

Daily

Minutes lightly active

Continuous (min)

Daily

Calories in

Continuous (kcal)

Daily

Calories out

Continuous (kcal)

Daily

Activity calories

Continuous (kcal)

Daily

Discrete (count)

On demand

8

Converted to continuous (18:00

On demand

8

Continuous (ml)

On demand

8

Ordinal (0 ~6, 0 = none, 6 =

Daily

12

Daily

3

On demand

2

On demand

2

Coffee
Coffee time
Alcohol
Electronic devices usage
Evening light
Nap time
Nap duration

Fitbit

Diary

à 1800)

heavy and until bed time)
Ordinal (0 ~6, 0 = none, 6 = long
and until bed time)
Converted to continuous (18:00
à 1800)
Continuous (min)
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Ordinal (0 ~ 6, 0 = none, 6 =

Social activities

Factors (2)

Ambient humidity

On demand

6

Daily

5

Continuous (oC)

Daily

2

Continuous (%)

Daily

1

Converted to continuous (18:00
à 1800)
Converted to continuous (18:00

Dinner time
Ambient temperature

1

heavy and until bed time)

Exercise time

Environmental

Daily

à 1800)
Diary
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