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Abstract. Smartphones and wearable devices have allowed individuals to easily collect
their personal health data. Patients who are consumers of healthcare services are play-
ing an increasing role in their own personal healthcare alongside trained professionals.
Individual self-management of health, and eventual behavioral changes, requires an un-
derstanding about various health conditions and self-awareness. Personal data are often
provided through mobile apps, and it can be challenging to design an effective interface.
Data visualization is common in such apps and seeks to appease multiple stakeholders,
including patients, caregivers, and clinicians. Although research exists regarding effective
visualization designs, the area of self-generated data has scarcely been explored. In the
current study, we conducted a qualitative systematic review on related data visualiza-
tion studies for self-generated data in the healthcare domain. In this paper, we suggest a
framework that includes the impacts of data visualization, form factors of visualization,
and individual differences that affect its effectiveness for self-generated health data. We
believe that this work can be used as a guideline for designing visualizations in the do-
main of healthcare for the general public.
Keywords: Data visualization, Self-generated data, Healthcare services, mHealth

1. Introduction. Individuals can easily collect longitudinal health data easily outside
of the clinical setting using mobile technology such as smartphones and wearable devices.
On such devices, users can easily enter personal data, and sensors collect ongoing activity
data to assess the wearer’s physiology. Measured data can include the wearer’s step counts
and heart rate. Without such a device, these types of data are usually only assessed by
trained professionals in a clinical setting. Patient self-management of health conditions
can empower individuals to take charge of their behavioral changes.

However, designing an effective interface and fulfilling the diverse needs of users is chal-
lenging. Among many factors, providing users with easy and frequent access to data that
is organized and presented in a meaningful way is the key [1]. In this case, data visualiza-
tion is commonly used to provide users with a simple understanding of data [2]. Effective
visualization accurately represents data, displays trends, and enables easy comparisons
that allow for further engagement [3]. The development of data visualization for health
management requires addressing the needs of several stakeholders such as patients, care-
givers, and clinicians [4]. However, only when implemented effectively, it can facilitate
positive behavioral changes.

Although research exists regarding effective visualization designs, research on self-
generated data is scarce. We seek to investigate how visualizations have been used; if
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so, in what areas; and which factors should be considered for proper visualization de-
sign. In our research, we introduce factors that should be considered for effective data
visualization design to fill the gaps among these research areas. As such, we conducted
a qualitative systematic review on related studies on data visualization for self-generated
data in the health care domain and suggested a framework for self-generated data visual-
ization design so that providers can present effective applications.
The research will be described in the following order. We introduce the methodology

of the research and the results regarding the type of studies, type of data, impact of visu-
alizations, and framework for visualization design on self-generated data. We summarize
that how this can be used for further research regarding visualization for applications
using these types of data.

2. Methods. We identified relevant studies by searching PubMed, IEEE Xplore, Pro-
ceedings from the Association for Computing Machinery Conference on Human Factors
in Computing Systems, and Google Scholar articles published between 2017 and 2022.
Searches included a combination of terms such as “self-generated data”, “mHealth”, “da-
ta visualization”, and “activity tracker” along with other terms related to health care
services and data visualization. We first screened manuscripts by reading their abstracts
of 93 papers. We included studies that introduced applications of data visualization,
qualitative or quantitative experiments, or suggestions for service design. We excluded
research that did not include specific data visualizations, leaving us with 12 papers. We
then analyzed this final list of studies and identified common themes.

3. Results. We organized the results by type of studies, impact of data visualization as
shown in Table 1, form factors, and moderators that come from users that may affect the
usefulness of the visualization.
Type of studies. We focused on studies related to mental illness such as depression

[5], bipolar disorder [6], diabetes [7,8], sleep management [9], and increase of activity [10].
Regarding evaluation methods, we examined both one-time and “in-the-wild” studies
that could be field studies, experiments that try to preserve realistic environments, or
online crowdsourcing studies. One-time experiments were conducted to introduce a study
approach in which surveys and semi-structured interviews were conducted. The “in-the-
wild” studies were largely longitudinal and conducted over a period of 4 weeks to 3 months
[11], and also in clinical settings [10].
Type of data. The type of collected data can be divided into two types: self-reported

data and data collected automatically by tracking devices. Self-reported data includes
personal mood [5,6] and blood test results [7,8]. Data collected automatically via tracking
devices include step counts [12,13] and sleep waves [9]. The type of data analyzed can
determine the most effective types of visualization and how it impacts user behavior.
Impact of data visualizations. Participants report that data visualizations provide

an additional value to their data collection experience. We categorized research in the
theme of how visualizations have impact on the users: facilitate understanding personal
data, enhance self-awareness, increase engagement, impact on behavioral changes, and
help effective communication with other stakeholders. We have added quotes or behaviors
that were mentioned in the literature. Visualizations help users understand and interpret
their data, enabling them to identify and observe temporal patterns. Visualizations are
particularly effective in illustrating historical data, which is a large part of health care
data. And due to the nature, the volume is large and also can be easily forgotten as
time passes by. Data visualizations allow users to easily recall their experience or past
symptoms. As a result, they gain insight into their behaviors and possible reasons behind
them.
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Table 1. Impact of data visualization

Theme Explanation Quotes or actions
Facilitate

understanding
Objectively see progress
or identify patterns

“Hypnogram was useful to see last night’s sleep
phases” [9]

Self-awareness

Improve users’ recall of
their experience or acc-
urately reflect past sym-
ptoms

“[The self-monitoring component] made me re-
alize about all the happy small moments that
I was having so I notice that I was happier I
guess and that my anxieties weren’t as big of
a deal” [11]

“it is revealed that passive activities (e.g., ‘cin-
ema’ or ‘watching TV’) all have low mastery
scores, whereas more active activities (e.g.,
‘homework’ and ‘meeting new people’) have
higher mastery scores” [4]

Increase
engagement

Gain insight or think
about why certain pat-
terns appear

“know that they slept longer on weekend days
than weekdays” [9]

“Yes! It [the bubble chart] gave me an insight
into when – during the day – I enjoyed training
the most” [11]

Behavioral
change

Promote proactive self-
management or give
reminders to maintain
health behaviors

“they increased their step counts” [4]

“had a significantly higher average daily step
count, greater perceived quality of recovery
and less difficulty in being mobile” [3]

Effective
communication

Help communicate with
professionals and care-
givers

“Visual aids help patients make the most out
of short and infrequent appointments, espe-
cially when the current health status was not
representative of the patient’s experience over
previous weeks” [15]

The primary purpose of understanding and engaging with personal health care data is
to get the momentum to move toward a healthier lifestyle. Visualizations are also effective
in promoting communication with care givers and other medical professionals. Practices
that use these self-generated data systems may gain a better understanding of their pa-
tients’ everyday lives, as their use has been demonstrated to be effective in these areas
[14]. Visualizations helped to recall past symptoms and also helped to describe certain
patterns. It also helped when the appointment was scheduled weeks or even months after
the symptom appeared [15]. Visualizations are also often used with gamification apps
to display the user’s performance in comparison to that of other users, which provides
additional motivation to increase healthy behaviors [4].

Form factors of data visualizations. Data visualization is “the use of computer-
supported, interactive, visual representations of abstract data to amplify cognition” [2].
It includes simple graphs as bar chart or line chart to new types of visualizations that
are not taught in k-12 education, such as area charts or data streams. As visualizations
can be shown in the web or mobile devices, it varies its form compared to printed static
visualizations shown on paper. It can have mouse interactions or can be zoomed in by
finger interactions. In this section, we analyze the form factors that can be considered
when selecting an effective visualization. The first step is to select what type of visual-
ization will be used to represent the data. This can be also determined by the query type
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Figure 1. Comparison on different types of visualizations for certain tasks [2]

requested to the data. In other words it can depend if we are fetching a single value, mul-
tiple values, a certain time phase, or comparing two points of data. For example, a single
value could be total step counts today or how much I reached the goal. Comparing could
be requesting step counts for this week and last week. It has been shown that different
visualizations are effective in different scenarios, such as showing “last night (bar chart),
weekly overview (area chart), social comparison (horizontal bar)” as shown in Figure 1
[2]. The overall visualizations that were used in the literature were bar chart, line chart,
pie chart, radial chart, multi-bar charts, horizontal bars, data streams, calendar view and
area chart.
Although the visual representation is the most important component, other factors can

also have impact. Interaction techniques are becoming more important as it is the
key that differentiates static and interactive visualizations [16]. For example, changing
dates, hovering, zooming, filtering interactions provide engaging moments while navigat-
ing through the data. However, compared to desktop visualization applications, mobile
devices have the limitation of knowing if interaction is possible as there is no mouse cur-
sor. Careful design is needed and other modalities such as speech are also being used
recently. Degree to offer customization is also an important factor as these visual-
izations are showing personal data. Apps can offer different types of views for the same
data and let the users select or offer to change the layouts. At last, as mobile phones
have a limited display space, apps tend to have simpler visualizations. However, there is a
tradeoff between simplicity and the richness to analyze. We can have single or multiple
views. Single views can easily offer information to make sense in a simple glance which is
important while using mobile devices. However, there are cases when users have the time
to explore through data. Deeper engagement with data also can enhance when one has
deeper understanding by analyzing personal data that is easily offered by multiple views
[17].
Factors from users. Although visualizations are known to be effective to help un-

derstand data, there are individual differences from users that can have impact of the
experience. Some users describe themselves as data people in which they would like to
have control over visualizations, and some people just want simple visualizations. Da-
ta visualization literacy is the ability to read and construct data visualizations [18]. To
make sure that the patients or users are properly understanding the visualization, app
designers should take this factor into consideration. Literacy tests might have to be taken
before the apps are deployed to certain patients [19]. Another individual difference can
come from technology affordance, such as familiarity with technology devices and how
much they trust about data collection as it is directly related to privacy issues. At last,
individual health status that come from types of diseases, activity levels, management
strategies, and certain disorders can have impact on the use of the visualization.
Framework for visualization design on self-generated data. First we need to

understand what type of data is collected. Based on that, to design data visualization
to be a valuable component, it is important to understand the role of visualization on
self-health management. The findings we found through literature could be considered
as values that should be provided after using certain functions. Based on the needs of
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Figure 2. Framework for visualization design on self-generated data

users, we need to know the design space of visualizations so that we can decide on proper
components. Users should include the patients but also caregivers and clinicians. Figure
2 describes the themes we found and relationship with other design factors identified in
this research.

4. Conclusions. In this study we found that data visualizations can have valuable im-
pact on self-health management. For proper design, we need to understand the charac-
teristics of data visualizations, decide on components that fit the task on mobile devices,
and also understand the individual differences of the users. We introduce a preliminary
framework to consider when designing a visual interface so that one can ensure that vi-
sualization would fulfill users’ needs. However, the research has limitations in terms of
analyzing the applications as a whole. For further research, we need to analyze the lit-
erature based on diseases, and compare between non-clinical setting and clinical setting,
age ranges of users, and frequent use of apps. These all can have impact on more specific
design.
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[10] A. S. Jones, M. Kleinstäuber, A. Akroyd, A. Mittendorf, P. Bognuda, A. E. Merrie, L. Eva, J.
Fernandez and K. J. Petrie, Using animated visualization to improve postoperative mobilization: A
randomized controlled trial, Health Psychology, vol.38, no.8, 748, 2019.

[11] D. A. Rohani, N. Tuxen, A. Q. Lopategui, M. Faurholt-Jepsen, L. V. Kessing and J. E. Bardram,
Personalizing mental health: A feasibility study of a mobile behavioral activation tool for depressed
patients, Proc. of the 13th EAI International Conference on Pervasive Computing Technologies for
Healthcare, Trento, Italy, pp.282-291, 2019.

[12] F. Amini, K. Hasan, A. Bunt and P. Irani, Data representations for in-situ exploration of health and
fitness data, Proc. of the 11th EAI International Conference on Pervasive Computing Technologies
for Healthcare, Barcelona, Spain, pp.163-172, 2017.

[13] E. Eisner, R. J. Drake, N. Berry, C. Barrowclough, R. Emsley, M. Machin and S. Bucci, Development
and long-term acceptability of ExPRESS, a mobile phone app to monitor basic symptoms and early
signs of psychosis relapse, JMIR mHealth and uHealth, vol.7, no.3, e11568, 2019.

[14] A. Cuttone, M. K. Petersen and J. E. Larsen, Four data visualization heuristics to facilitate re-
flection in personal informatics, International Conference on Universal Access in Human-Computer
Interaction, Crete, Greece, pp.541-552, 2014.

[15] L. Ruzic and J. A. Sanford, Needs assessment – mHealth applications for people aging with multiple
sclerosis, Journal of Healthcare Informatics Research, vol.2, no.1, pp.71-98, 2018.

[16] M. O. Ward, G. Grinsteinand and D. Keim, Interactive Data Visualization: Foundations, Techniques,
and Applications, AK Peters/CRC Press, 2010.

[17] N. Mahyar, S. H. Kim and B. C. Kwon, Towards a taxonomy for evaluating user engagement in
information visualization, Workshop on Personal Visualization: Exploring Everyday Life, vol.3, no.2,
2015.

[18] K. Börner, A. Bueckle and M. Ginda, Data visualization literacy: Definitions, conceptual frameworks,
exercises, and assessments, Proceedings of the National Academy of Sciences, vol.116, no.6, pp.1857-
1864, 2019.

[19] S. Lee, S. H. Kim and B. C. Kwon, VLAT: Development of a visualization literacy assessment test,
IEEE Transactions on Visualization and Computer Graphics, vol.23, no.1, pp.551-560, 2016.


