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ABSTRACT
Interactive data visualization can be a viable way to discover patterns in patient-generated health data and enable health behavior changes. How-
ever, very few studies have investigated the design and usability of such data visualization. The present study aimed to (1) explore user experien-
ces with sleep data visualizations in the Fitbit app, and (2) focus on end users’ perspectives to identify areas of improvement and potential solu-
tions. The study recruited eighteen pre-medicine college students, who wore Fitbit watches for a two-week sleep data collection period and
participated in an exit semi-structured interview to share their experience. A focus group was conducted subsequently to ideate potential solu-
tions. The qualitative analysis identified six pain points (PPs) from the interview data using affinity mapping. Four design solutions were proposed
by the focus group to address these PPs and illustrated by a set of mock-ups. The study findings informed four design considerations: (1) usabil-
ity, (2) transparency and explainability, (3) understandability and actionability, and (4) individualized benchmarking. Further research is needed to
examine the design guidelines and best practices of sleep data visualization, to create well-designed visualizations for the general population that
enables health behavior changes.
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BACKGROUND AND SIGNIFICANCE

The collection of patient-generated health data (PGHD) has
been on the rise due to wide adoption of smartphone apps
and wearable devices, allowing patients to access traditionally
unobtainable information and improve the patient-clinician
decision-making process.1–3 Wearable devices enable continu-
ous tracking and measurement of disease and health bio-
markers through biosensors.4 Among PGHD, sleep patterns
and quality have been of great interest because improved sleep
quality correlates to improved mental health, decreased
stress,5,6 blood pressure dipping, and lower biological
risks.7,8 Sleep tracking apps, by extension, can increase users’
awareness on sleep quality and provide tailored and mini-
mally invasive interventions to support sleep self-
management.9,10

Despite the potential benefits, sleep tracking apps may
require improvement in terms of quality and content and
more validation studies to improve their clinical value.11,12 It
is recommended to apply user-centered design and mixed-
method approaches to determine the user requirements when
developing sleep tracking apps.13 On the other hand, a sys-
tematic review pointed out that more scales for assessing the
usability and quality of mobile health apps should be devel-
oped for end users, especially patients or caregivers.14 While

studies have explored end-user needs and engagement as well
as usability of mobile health apps and wearables in sleep mon-
itoring,15,16 very few studies focused on the usability of sleep
data visualization.

Our study sought to address this gap by exploring overall
user experiences and collecting user feedback on the design of
sleep data visualization provided in the Fitbit app. Fitbit
wearables have been shown to have good sleep-tracking per-
formance when compared to the gold standard of polysom-
nography (PSG).17,18 A specific focus was maintained on end
users’ perspectives to identify areas of improvement and
potential solutions and further draw design considerations.
With the Fitbit application programming interfaces (APIs),
the design considerations of the present study can be imple-
mented as a separate web-based or mobile health application
to address specific user needs and make unique impact.

MATERIALS AND METHODS
Participant recruitment

The study recruited participants from a medical sciences bac-
calaureate program (MSBP) at a research one (R1) university
in the Midwest United States. The MSBP consists of premedi-
cine (premed) college students, who are generally interested in
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medicine and public health. It is worth noting that premed
students are not medical students, as they have not yet
received a college degree or professional qualification. While
this population may possess more medical knowledge than
the general population, they are not experts. Their opinions
are valuable in the present study because the general popula-
tion is likely to experience difficulties if the MSBP students
already have issues in using wearables and interpreting the
sleep data.

Study design

Figure 1 shows the study design. Eighteen participants were
recruited from our parent study where a survey was given to
103 MSBP students to collect their self-reported sleep pat-
terns. The 18 participants were invited to a 2-week study to
wear a Fitbit Inspire 2 watch and provide feedback on Fitbit
visualizations via an exit semistructured interview. The details
of the 2-week Fitbit study are described in Supplementary
Material. The feedback was analyzed qualitatively to generate
sweet and pain points of user experience. A focus group was
conducted subsequently to ideate solutions to the pain points
(PPs). Not all 18 participants were invited to the focus group.
Those who were not invited (N¼ 16) received a summary
email and were asked to provide feedback (member check-in).
The study was reviewed and approved by our instructional
review board (IRB No. 2021-1119).

Semistructured interview

The guide of the semistructured interviews was developed fol-
lowing the framework proposed by Kallio et al.19 The inter-
view questions are listed in Supplementary Material. The
interview guide was piloted with 2 research team members
who were MSBP students. During the interviews, key infor-
mation was extracted and recorded on virtual sticky notes
using an online platform called “Miro” (www.miro.com).
Affinity mapping was then applied on these notes to group
similar ideas together and forms categories.20 This process
identified the sweet and pain points (PPs) of user experience.
Additionally, a user-journey map21 was generated to outline
the participants’ actions, touchpoints, emotions, goals, and
PPs throughout their experience with the app.

Focus group

A focus group22 was conducted to generate ideas and potential
solutions specifically for the PPs identified through the

semistructured interviews. A focus group usually includes 6–8
people.23 In the present study, a diverse group of 6 individuals
with various backgrounds were invited, including: 2 partici-
pants from the 2-week Fitbit data collection, and 4 domain
experts (1 biomedical informatics doctoral student, 1 doctoral-
level statistician, 1 master-level application developer, and 1
master of design student). The 4 domain experts were recruited
via convenience sampling in the research team’s professional
network. The experts were purposely not involved as part of
the affinity mapping so that they can provide fresh input on the
design solutions. This focus group was conducted virtually on
Miro for 2 h, with an overseeing facilitator (CT) providing an
overview of the identified PPs and guiding the participants
throughout the ideation process. An assistant (YW) was
present to facilitate the discussion and take notes.

The focus group consisted of several ideation sessions. In
each session, the participants were asked to comment on each
PP for 3 min, followed by a 10-min group discussion.
Throughout the sessions, participants were asked to record
their ideas on sticky notes. Audio and screen recordings were
made to support detailed analysis. Affinity mapping was also
employed to analyze the data.20 The solutions and recommen-
dations were generated, excluding those related to technical
issues or visual features (eg, color and shape). Mock-ups were
created accordingly to demonstrate the final solutions.

RESULTS
Interview analysis results

Table 1 summarizes the 6 identified PPs through affinity map-
ping. The PPs emerged through 2 rounds of analysis: the first
5 interviews generated 4 PPs. These PPs were refined and
enhanced the analysis of the remaining 13 interviews, result-
ing in 6 PPs. Specifically, 2 new PPs were identified (PP#4 and
#5) and 1 was reorganized and expanded (PP#3). PP#4 high-
lighted a need for enhancement of the bar chart of weekly
sleep scores, while PP#5 revealed the participants’ confusion
regarding the deep and REM sleep charts. On the other hand,
PP#3 was originally described as trouble in finding explana-
tions of the information shown on the user interface, which
was expanded to reflect the fact that users expressed a desire
for an overall improved instruction to access their sleep data.

Figure 2 presents details of the user journey map con-
structed based on the interview analysis results. The journey
was divided into 7 stages; each stage (column) of the user

Figure 1. Study design workflow.
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journey map illustrates the actions, emotions, goals, and PPs
of the users at each stage. The user-journey map was utilized
to aid the 6 members of the focus group in understanding the
PPs.

Focus group analysis results

Table 2 displays suggestions to improve the Fitbit visualiza-
tions synthesized through affinity mapping. A thorough
examination and discussion by the research members led to
a selection of 4 key solutions to effectively address the identi-
fied PPs. The first solution addresses PP#1, #3, and #5 by
introducing a tutorial to present users with a comprehensive
overview of the dashboard to review at any time. The second
solution addresses PP#1 by utilizing pie charts to visually
exhibit the calculation of 3 subscores that feed into the com-
position of the final sleep score. The third solution addresses
PP#2 by offering personalized recommendations. This solu-
tion generates recommended actions based on individual
data to make the dashboard more helpful and convincing.
To address PP#4, #5, and #6, the fourth solution allows
selection of multiple graphical views (ex: bar/line graph)
and utilizes benchmarks to enhance data comprehension.
Figure 3 displays 4 mock-ups to illustrate the proposed
solutions.

DISCUSSION
Key findings

This study addresses the gap in PGHD literature regarding
the design and usability of sleep data visualization from end
users’ perspectives. Through the 2-week Fitbit study and the
subsequent focus group, the study identified 6 PPs and ideated
4 design solutions, which were illustrated through a set of

mock-ups. While the study is limited in its scope, it offers
potentially useful considerations for designing sleep data
visualization.

Design considerations

The study identified 4 design considerations. The first design
consideration is Usability. Applying Nielsen’s usability heuris-
tics24 can be an efficient way to improve the usability of sleep
data visualization through a set of 10 general principles that
optimize user interactions to facilitate the visualization design
process. In our study, PP#3 and #5 match the heuristic of
Help and Documentation in a way that the dashboard should
guide the users to access their data and provide tooltips when
users are confused in interacting with the sleep data visualiza-
tion. PP#4 matches the heuristic of Flexibility and Efficiency
of Use, indicating that the visualization should allow users to
select multiple chart types with visual clues to facilitate the
use.

The second consideration is Transparency and Explainabil-
ity. The Fitbit app did not define the calculation (scoring algo-
rithm) of the sleep scores (PP#1), which puzzled the users
especially when the scores did not match their daily experien-
ces. In other words, the scoring algorithm was neither trans-
parent nor explainable. This issue can be exacerbated when
applying artificial intelligence (AI)-based models to predict
sleep patterns. A recent study indicated that transparency can
facilitate an appropriate level of trust in human-AI interac-
tion.25 However, appropriate trust, rather than maximizing
trust, would be a better goal in the healthcare domain.26

Therefore, algorithms behind sleep data visualizations should
be highly transparent and explainable and provide users with
appropriate level of trust.

Table 1. List of pain points with descriptions and representative quotes

Pain point # Description Representative quote(s)

1. Undefined calculation of sleep score Users were aware that the final sleep score was
determined by factors such as time asleep, sleep
cycle, and restoration. However, detailed calcu-
lations for each component were missing caus-
ing confusion, particularly when the scores did
not match perceived sleep quality.

“I think it did not elucidate how the scores were
calculated, which added some skepticism of
whether it really was indicative of sleep. I also
think there were times when I felt I was awake
(but the app showed a different status).” (P11)

2. Lack of practical suggestions to
improve sleep scores

Users were unsure how to improve their sleep
score and desired personalized guidance. The
tips provided on the app were not tailored to
their needs and were also difficult to locate.

“In addition to sleep more, I did not know what I
could do to change my score.” (P9)

3. In need of better ways/instructions
to access sleep data

Users stated that due to the abundance of informa-
tion, they needed better guidance to help them
access the details and description of the data.

“I wasn’t aware that there were more features on
the app that delved deeper into my sleep. I had
only been aware of the screen and data that was
on the main screen when you first open the
app.” (P18)

4. Unclear representation of weekly
sleep scores in a bar graph

Users found the bar graph of weekly sleep score to
be inadequate as it was difficult to comprehend
and provided limited information.

“I also disliked the bar graph chart of the weekly
sleep score as it just doesn’t offer me any infor-
mation past what I already know as the week
goes on.” (P17)

5. Difficult to understand the deep and
REM graph

Users had trouble understanding the deep and
REM sleep graph due to lack of relevant knowl-
edge and confusing visual representation.

“I did not feel like I understood the sleep stages
well at all. It seemed like they were presented
with no explanation, and I did not know how
that was impacting my sleep score.” (P9)

6. Unsure about “Normal” sleep pat-
terns for an individual

Users relayed a preference for personalized stand-
ards to evaluate their sleep quality more accu-
rately, since differences in age, gender, physical
fitness, and lifestyle may result in varying sleep
patterns.

“I just wish there was a description of what one
should aim for in each sleep stage, like what
percent of sleep should you have or how much
time should you be spending in each stage.”
(P13)
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The third consideration is Understandability and Action-
ability. The Fitbit app did not provide any practical sugges-
tions or actionable information to help users improve their
sleep scores (PP#2). Understandability and Actionability
should also consider 2 heuristics in the visualization design:
(1) Match Between the System and the Real World and (2)

Use the Language/Concepts that Users Are Familiar With.
Moreover, Understandability and Actionability have been
heavily studied in designing and evaluating patient education
materials and online health information.27–29 The design of
sleep data visualization could adopt the principles from these
studies to improve its utility.

Figure 2. User-journey map.

Table 2. Synthesized suggestions and potential solutions based on focus group

Pain point # Synthesized suggestions and potential solutions

1. Undefined calculation of
sleep score

• Display the breakdown of the user’s sleep score using a pie chart
• Incorporate a demonstration of the calculation methodology within the tutorial
• Implement an interactive tooltip feature adjacent to the sleep score, allowing the user to view the composition

of the score upon selection
• Position the “What is sleep score” feature in a prominent location, linking to a dedicated section for sleep

score explanations.
2. Lack of practical sugges-

tions to improve sleep
scores

• Implement a “How do I improve my sleep score” button
• Utilize the user’s sleep data to generate personalized recommendations for activities and behaviors that can

improve their sleep score
• Develop a self-assessment questionnaire to identify potential factors impacting the user’s sleep quality.

3. In need of better ways/
instructions to access
sleep data

• Provide a brief tutorial for new users to familiarize themselves with the app’s functionality and features.
• Utilize illustrations or images in addition to text to enhance the visual appeal and accessibility of key

information.
• Implement a tabbed navigation system to facilitate the switching between sections, rather than relying on

scrolling through the page.
• Incorporate tooltip icons next to terms or titles that may require additional explanation for the user’s

understanding.
4. Unclear representation of

weekly sleep scores in a
bar graph

• Allow the user to choose from multiple chart types, including line, bar, or a combination of both, to display
their weekly sleep score.

• Incorporate the user’s average sleep score on the chart and use color coding to indicate whether a particular
day’s score is above or below the average

• Implement a feature that displays an explanation of the factors contributing to changes in the user’s sleep
score when there is an increase or decrease.

5. Difficult to understand
the deep and REM graph

• Incorporate an interactive tutorial to provide an in-depth understanding of the sleep cycle process.
• Offer the user a choice of graph views, including bar charts and line charts.
• Present the chart with a distinct line to enhance clarity of the chart.
• Implement a horizontal bar chart to represent the sleep cycle data
• Remove any discontinuous awake events to make the graph clearer and reduce users’ confusion.

6. Unsure about “Normal”
sleep patterns for an
individual

• Implement a color-coding system to distinguish between different sleep metrics and indicate whether they fall
above, below, or within the average range.

• Include a benchmark for each sleep metric to provide a reference point for the user.
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The fourth consideration is Individualized Benchmarking.
The participants in our study were unsure about whether certain
sleep patterns were considered normal given a wide range of
individual differences (PP#6). PatientsLikeMe, an online

community founded in 2004, has been producing graphics and
measurements with individualized benchmarks based on users
with similar characteristics.30 Sleep data visualization should
include such design to help users make better sense of their data.

Figure 3. Mock-ups of sleep data visualization based on the solutions. Of note, the mock-ups utilize some elements from the original Fitbit app with

modifications and blurred effects.
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Limitations

This study is limited in several ways. First, the study was con-
ducted in a single program at a single institution, which limits
the generalizability of the study findings. Second, the partici-
pant recruitment was not inclusive, and the study participants
(premed college students) may have unique sleep patterns
from the general population. Third, the participants may have
a higher educational level and health/graph literacy than the
general population, which can affect their experience in using
sleep data visualization. Next, the usability of the mock-ups
was not determined through formal testing. Lastly, this study
focused on a particular type of PGHD (sleep data), which lim-
its the applicability of the design considerations to other types
of PGHD.

Future work

Our future work involves implementing the mock-up with the
4 design considerations as a web-based application that can
collect sleep data through the Fitbit APIs and visualize the
sleep patterns. We will conduct formal usability testing on
this web-based application, and a large-scale experiment that
uses this web-based application as an informatics-based inter-
vention to trigger health behavior changes. Further down the
road, we will investigate the best practices to integrate tracked
sleep data into electronic health records and use our web-
based application to facilitate shared decision-making.31–36

CONCLUSION

The present study investigated the user experience of sleep
data visualization on the Fitbit app with a group of premed
college students and generated 4 design considerations. Fur-
ther research is needed to improve the generalizability of our
findings and explore design considerations, guidelines, and
best practices to visualize PGHD for the general population
and use those well-designed visualizations to enable health
behavior changes and support shared decision-making.
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