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ABSTRACT
COMPARING AND IMPROVING THE DESIGN OF PHYSICAL ACTIVITY DATA
VISUALIZATIONS
SEPTEMBER 2021
PETER FRACKLETON, B.S., UNIVERSITY OF MASSACHUSETTS AMHERST, M.S,,
UNIVERSITY OF MASSACHUSETTS AMHERST

Directed by: Professor Jenna Marquard

Heart disease is a leading cause of death in the United States, and older adults are at
highest risk of being diagnosed with heart disease. Consistent physical exercise is an
effective means of deterring onset of heart disease, and physical activity tracking
devices can inspire greater activity in older adults. However, physical activity tracking
device abandonment is quite common due to limitations on what can be learned from the
activity data that is collected. Better data visualization of physical data presents an
opportunity to surpass these limitations. In this thesis, a task-based human subject study
was performed with three different data visualizations to gain insight into how the format
of physical activity data visualizations impact older adults’ abilities to infer meaning from
physical activity data. Participants (n = 30) interacted with a prototype data visualization
as well as two data visualizations from popular fitness tracking applications (Fitbit and
Strava) and used these visualizations to complete 11 tasks. Results from these tasks
show each visualization was able to facilitate users answer some task questions
effectively, though no visualizations exhibited strong performance across all tasks. From
the successes and shortcomings of each visualization, three key design
recommendations for the design of data visualizations for physical activity data were
made: 1) make exact values available, 2) summarize data at multiple timescales, and 3)

ensure accessibility for the entire population of users.



TABLE OF CONTENTS

Page
ACKNOWLEDGEMENTS .......cooiiiiirerrerersssrerrassssserrssssssesessssssesssssssnsessssssnnsssessssnsesessssnnsessssssnneneas i
= 1S I X O ii
I N 0 T i 7Y = T I vi
LIST OF FIGURES ..........oeiirer e e s s sssr e s sss s e s s s smn e e s s same e s e e e e e s smnn e e e e s snmn e e e enssmnnensnssnnes vii
CHAPTER
1 -INTRODUCTION .......eiiiiiccieerrrceme e e s s smee e s sssssme e s s s sme e s s smme e s s same e e e s s mn e e e as s mnneeesssnmneneansnmnnnes 1
2 - LITERATURE REVIEW..........ciiiiicerrerescsere e sssssre s ssssssse s sssssns e sensssnsesessssssessasssnsessensssnseneanes 5
2.1 Electronically Capturing and Tracking Patient Data .................ccccooueeeescieeeeessiiieeessiieaeennns 5
2.2 Use of TracKing TECHNOIOGY ...........cueeeeseeieeeeseee ettt e e sea e e esneaaeennees 7
2.3 Data VisSualiZation DESIGN............cueuia e i e e 8
2.4 Variation AMONG USEIS............ueeeeeeeeeeee et e e e e 12
2.5 Evaluating Data ViSUANIZALIONS .............ccuueeee ittt et e e saa e e esineaa e 14
B | 1 I 10 10 1 18
BB 0 =T 4 =Y R 18
3.2 PAIICIDANTES ...ttt ettt e e e e aa e e 19
3.3 EQUIDMENTE & MALEIIAIS ...ttt e e e s s et aaaaaaa s 20
3.3.1 Physical EQUIPMENT........ooiiiiiie e e e e s sreeee e ens 20
3.3.2 VIrtUAl CONLENT ....eeieiiieiiie et e e e ettt e e s st e e e e snraeeeeessbaeaeeaans 20
3.4 Subject TESEING PrOCEAUIES ........ccueeeeeeeeeeee ettt a et a e s a e e anannee s 26
3.4.1 Preparation & SEIUP ......ccoiiii i 27
3.4.2 Visualization Tasks and Debriefing INterview...........cccocvviiiiiiiii e 29
3.4.3 FINAl INTEIVIEW ... e e e e e e 31
3.4.4 QUESTIONNAIIES .....eeieiiiiiiie ettt e sttt e e e ettt e e e e sttt e e e s snbaeeeeeantaeeaessseaeaeeanns 33
3.5 ANAIYSIS APPIOGCH ... 33
Ll = U IR I 38
4.1 TASK POITOIMAINCE ...ttt e ettt e e ettt e e e st e e e et aeasnnssaaseannnnnens 38
4.1.1 Time vs Likelihood of INCOIMECINESS .......couiiiiiiiieiciie e 44
4.1.2 TASK DiffICUIRY ..eeeeeiieiee ettt et e e e e e e e e e enbee e e e e nnnees 45
4.2 IMPacts Of OINEI FACIOIS ...ttt ettt e e e e e e s st st aaaaaaaas 47
4.2.1 RESEAICH GrOUD ..coiiiiiiii it e e e e e e e e e rra e e eaaaaeeas 48
4.2.2 DeMOGIAPRICS ....eeeeiiiiieieiii et e e e e e e e e e e e e 48
Rl O 1 g 1= =T o] £ PPRT 49



4.2.4 Group COMPOSIION ......uuiiiiiiiiiiiee et e e e e e e e e e e e e e e b reeeeeeaaeeeeesaannns 51

B — DISCUSSION.......ccoiiiicceirerresere e e rsssmr e s ssssssn e e e e sssmr e e sasssms e e eesssnnr e s eassnneeeansnneeseassnnneneansanneneennan 52
5.1 Explanations of Task PerformancCes.................ueeeeeiieeeeeeieeeeciiieeeeeeeeeeeeeesesciseeeaaaaaaaeeeeesias 52
5.2 Task Difficulty vs Task Time & TaSK RESPONSE ..........coeeescueeeeeeiiiiiaaeesiiaeeeesiieaaeesiieaae e 59
5.3 Other Impactors of Task PerfOrmManCe ...............eeeeuieeeeeeeeeeicieieeeeeeae e eeeeseeiiseeeeeaaaaaeeeaesas 60
5.4 Design ReCOMMENUALIONS ..........coouiiiiiiiiee et e e e 61

5.4.1 Make Exact Values Available ... 61
5.4.2 Summarize Data at Multiple TIMeSCales...........ccccuviieeiiiiee e, 62
5.4.3 Ensure Accessibility for the Entire Population............cccccoviiiiiiiiiiiiieee e 62
5.5. Prototype IMPIrOVEMENLS ...........eeeeiieieeeeeee e e e 63
5.6 Recommendations for New and Existing Physical Activity Tracker Users ..............cc......... 65
5.7 Incorporation of AQAitional Data ......................ueeeeeeiieeeeeeieeeeciieeee ettt e e 65
B.8 LIMULALIONS ...ttt e e e e e a e e e e e e e e e 66
B.9 FULUIE WOKK ...ttt e e a e e e e e e s 68

LS 0410 111 [0 LU 15 0 ] 69

APPENDICES

A - TASK DIFFICULTY QUESTIONNAIRE ... ceme e e e e e 70

B- SIMPLE PHYSICAL ACTIVITY TRACKING QUESTIONNAIRE (SIMPAQ).......cccccoeminmnnines 72

C - PHYSICAL ACTIVITY TRACKING EXPERIENCE QUESTIONNAIRE ..........cccccomrireieeennnns 74

D- DEMOGRAPHICS QUESTIONNAIRE ..........cccooiiriicrrereremre e ssssmse e s ssssmme e e s e e s esssmmn e s snssanes 77

E - SHORT GRAPHICAL LITERACY SCALE ... oeereccre e rmre e s essssmr e sssms e s s mme e enmnes 80

F - TASK DATA DIFFICULTY CONTROL STRATEGIES ........cciiiicerrerermre s rsssmee e essmne e ensanes 84

G - FORMATS OF STANDARD EMAILS SENT TO PARTICIPANTS .......cccooerrereereeenmeee e 86

H - ZOOM CALL SESSION INTRODUCTORY DEBRIEFING NOTES............ccccoeoerrrncmrerenenes 88

| - TASK RESPONSE CORRECTNESS DATA ......ooioorerrrmrresssmr e e s sssmmr e s s e e e s e smnn e s snssnnes 89

J - TASK RESPONSE TIME DATA ......oieiiicrrrrssssmresessssneesesssssse e sessssmse s essssnmsessssssmsessssssnnnenes 90

K - TASK DIFFICULTY TALLIES ......coeoeeeeeerrccmre e s sssmne e s sssssme e s s s s e e s s smme e s s ssms e e s enssmnn e s snssnnes 91

L - ASSIGNED GROUP TASK PERFORMANCE DATA........ooirirccrrerrrsmmee e esssmee e e sssmne s ensanes 92

M - TASK PERFORMANCE BY DEMOGRAPHIC CHARACTERISTIC ROUP...........cccecerreeneees 94

N - DEMOGRAPHIC COMPOSITION BY ASSIGNED GROUP .........ooiieeeecceeee e 99



O - CONTRAST RATIOS BETWEEN FEATURES ON PROTOTYPE VISUALIZATION

BIBLIOGRAPHY ...ttt s s s s s sn s s ssn s

101



LIST OF TABLES

Table Page
1 - Visualization mockup order by group NUMDbDET ..........ccooviiiiiiiiiie e, 27
2 - Breakdown of task types for all task quUestions............ccooiiiiiiiiiiiiiiiicc, 30
3 - List of variables and descriptions of how they were collected and used ................... 34
4 - List of analyses performed and statistical tests used ............cccooiiiiiiiiiiiiiiiiiiiiic, 37
5 - Summary of Fitbit's task performance for all 11 tasks ..........cccvvvvviiviivieieiiiieiieeeeeeeee, 41
6 - Summary of Strava’s task performance for all 11 tasks .........cccccevvvviiiiiiiiiiiiiiiiiieeeee, 42
7 - Summary of Prototype’s task performance for all 11 tasks ............evvvvvviviiiiriiieiinnnee. 43

vi



LIST OF FIGURES

Figure Page
1 - Breakdown of components in Fitbit data visualization .................ccoooiiiiiiiiiiiiiiiiinne, 23
2 - Breakdown of components in Strava data visualization .................ccooooiiiiiiiiiiiiiinnn. 24
3 - Breakdown of components in prototype data visualization...............ccccevvvvviviiieennnnee. 26
4 - Flowchart of participant session procedures ..........ccoooeeiiiiiiiiiiiiiiceccccccccecceas 28
5 - Number of incorrect task responses for each visualization across all 11 tasks......... 39
6 - Average task time for each visualization across all 11 tasks..........ccccvvvvevviieviireennnee. 39

7 - Average task time vs % incorrect task responses for each visualization across all 11
tasks with trend lines, correlation p values, and correlation formulas............................. 44

8 - Distributions of task time for correct or incorrect task response.........cccccevvevvvevveeeeee. 45

9 - Scatterplot of incorrect task responses against average task difficulty factor level for
each task, separated by visualization ..o, 46

10 - Scatterplot of average task completion time against average task difficulty factor
level for each task, separated by visualization.................cc.ccccooL 47

11 - Scatterplots with trend lines for GLS Score (top left), Years Using Fitness Trackers
(top right), and Avg Active Hours / Day (bottom left) vs incorrect task response rate .... 50

12 - Scatterplots with trend lines for GLS Score (top left), Years Using Fitness Trackers
(top right), and Avg Active Hours / Day (bottom left) vs task completion times .............. 51

Vii



CHAPTER1

INTRODUCTION

According to a 2020 report from the American Centers for Disease Control and
Prevention (CDC), an estimated 655,000 people die from heart disease per year, making
heart disease a leading cause of death within the United States across all demographics
[1]. Heart disease is an especially formidable threat to those aged 65 and older, who
account for roughly 8 in 10 of deaths due to heart coronary heart disease [1,2]. Though
heart disease is prevalent among adults, studies have consistently shown throughout the
past several decades that regular exercise to improve cardiorespiratory fitness can
effectively deter onset of cardiovascular disease as well as rehabilitate individuals who
have experienced heart failures [3-5]. However, the CDC’s Behavioral Risk Factor
Surveillance System reported that in 2019, only approximately 50% of adults in the
United States were performing the recommended amount of physical activity per week
across all age groups [6]. With older adults being the part of the population with highest
risk of succumbing to heart disease [1,2], increasing the number of older adults who
perform the recommended amount of physical activity per week presents an opportunity
to greatly reduce the number of deaths to heart disease each year.

Wearable physical activity tracking devices have been observed to possess the
potential to motivate higher levels of physical activity in users [7]. In the case of older
adults specifically, multiple longitudinal studies of the effects of tracking technology
interventions that ranged in length from eight weeks to six months weight loss showed
improved adherence of nutrition plans [8] and increased energy expenditure through
physical activity [9-11] when participants used tracking technology to manage their

exercise or nutrition plan. However, this motivation and the overall use of wearable



devices does not always persist over long periods of time, as explored in two studies by
the DUB group from the University of Washington [12,13]. Each of these studies
analyzed survey responses from over 100 participants to establish patterns in their
reasons for lapsing in or abandoning tracking. Two of these reasons for lapsing in or
abandoning tracking that were present in both studies are that, over time, users found
themselves to be learning nothing new about their behaviors and there was no clear
feedback from their data on what habits to change or how [8,9]. In the case of older
adults specifically, a similar phenomenon occurred in an eight-month trial, during which
participants used a commercially available monitor to keep track of physical activity.
Over this eight-month trial, older adults generally rated this monitor as less easy to use
and less useful than they had at the beginning of the study [14]. Research intro
improving engagement with fitness technology has been performed, exploring different
behavior change strategies such as goal setting, self-monitoring, and feedback, all of
which have been shown to increase activity and healthy behaviors [15]. Data
visualization has the potential to provide information that is critical to all three of these
strategies. Though basic data visualization is already present to many users of physical
activity tracking devices and apps directly on the device or in the device’s app, it is
unclear how these data visualizations are used and what information they can provide to
users in the context of insights into physical activity behavior and overall health. By
evaluating the strengths and limitations of current data visualizations and using this
information to create better data visualizations that provide users with more information,
there is potential to improve long-term adoption of this technology and promote more
frequent physical activity.

Currently, no standards exist for best designing these types of physical activity
data visualizations so that they consistently provide users with useful and usable

information. The focus of this thesis is to understand what features within three physical



activity data visualizations allow a user to draw meaningful insights about physical
activity behaviors using device-generated data, and which design elements make data
visualizations easier or more difficult to interpret. The research questions to be answered
in this thesis are:

1. How does the format of physical activity data visualizations impact older
adults’ abilities to infer meaning from physical activity data? Ability to interpret
meaning is broken down into two key factors:

a. Task response correctness
b. Task completion time

2. Are there other variations among users that impact an older adult’s ability to
infer accurate meaning from physical activity data? Variations considered
include:

a. Demographics (level of education, career field, gender)
b. Current level of physical activity
c. Level of experience with fitness tracker technology

d. Graphical literacy

These research questions were answered through the collection and analysis of
data acquired from 30 participants aged 55 and above. Participants interacted with three
data visualizations displaying physical activity data: two on-market data visualizations
and one prototype data visualization, and then answered eleven task questions using
each data visualization. Participants were then surveyed and interviewed about their
experiences performing these tasks to understand why some tasks were easy or difficult
for them to complete. Next, participants were interviewed about which data visualization
was most preferable to them and what was most important to them if tracking their

physical activity. Lastly, data for additional characteristics such as prior experience with



fitness tracking apps, graphical literacy, and physical activity level were collected
through questionnaires.

The contents of this study provide three major contributions to data visualization
design for physical activity tracking: 1) evidence that current data visualization design for
popular physical activity tracking applications (Fitbit, Strava) do not present physical
activity data in a way that allows an older adult to quickly and accurately answer all basic
questions about the contents of their data, 2) an evaluation of how informative and
usable Fitbit and Strava’s data visualizations and how they compare to the evaluation of
a physical activity data visualization prototype, and 3) recommendations for how to
design a more informative and usable data visualization for physical activity based on
the performance of each visualization for answering various basic questions about
physical activity data.

This thesis is structured as follows. Chapter 2 summarizes findings from related
studies. Chapter 3 describes the study methods and provides detail on the rationale for
the study design. Chapter 4 presents and explains the study results. Chapter 5
discusses the implications of the findings presented in Chapter 4, including how the
findings can inform the design of physical activity data visualizations. Chapter 6

summarizes the purpose and key findings of this study.



CHAPTER 2

LITERATURE REVIEW

The research in this thesis is centered around data visualization of physical activity data.
To better understand this application of data visualization, literature from a wide range of
topics was reviewed to create a foundation for this thesis and its contribution. The topics
that were reviewed for this thesis study include 1) the importance of electronic health
data, 2) what individuals are learning from their health data and data visualization’s role
in this process, 3) what qualities an effective data visualization has, 4) how data
visualization effectiveness may vary with different users, and 5) methods of evaluating if
a data visualization is effective or not. A separate section is dedicated for each of these

topics where key reviewed literature for these findings is described.

2.1 Electronically Capturing and Tracking Patient Data

Over the past decade, there has been a growing emphasis on health information
technology (HIT), referring to technologies designed to collect and use health data and
knowledge for healthcare-related communication and decision making [16]. As part of
part of the American Recovery and Reinvestment Act of 2009 (ARRA), the Health
Information Technology for Economic and Clinical Health (HITECH) Act was passed,
allocating $19 billion to promote the adoption and meaningful use of HIT [17,18], with
meaningful use referring to applications of HIT that would have a positive impact on
quality of care, as opposed to HIT being applied to scenarios where there is no clear
benefit [19]. The Office of the National Coordinator (ONC) now provides certification for
electronic health records (EHRs) that meet requirements under what is now known as

the Promoting Interoperability Programs [20]. One of the requirements for EHR



certification from the ONC that pertains to meaningful use is providing patients electronic
access to their health information [20]. Many certified EHRs offer patients electronic
access to their health information through patient portals, for the sake of keeping their
patients better informed about their health and improving quality of care. These portals
include information such as medications being taken, lab results, and a list of known
medical problems [21]. As access to patient portals becomes more commonplace, more
patients are accessing electronic health information collected during visits to healthcare

providers, ideally using the information as a tool to improve their health [22].

HIT is not limited only to information collected in clinical settings. Some clinicians
are also incorporating patient-generated health data (PGHD) collected outside of clinical
settings into their EHRs [23,24]. This integration can lead to clinicians having deeper
insight into a patient’s health between visits, and patients may be able to gain health
insights to become more empowered to manage their own health [25,26]. Examples of
the types of PGHD that clinicians and patients can benefit from ranges from apps
requiring manual entry of data to data automatically collected via mobile sensors. A
common form of PGHD that is central to this thesis is the data that comes from wearable
fitness trackers made by device manufacturers such as Fitbit, Samsung, and Apple.
These wearable fitness trackers are widely used, and the user pool continues to grow
[27]. These devices can automatically collect physical activity data from the user, such
as distance walked or steps taken within a time frame. These data are then available on
the wearable device itself, a phone app, or website in the form of raw data or data
visualizations for the user to examine and reflect upon. Integrating these PGHD into the
EHRs could supplement clinical EHR data, linking data about activities of daily living
(ADLs) with clinical status and outcomes and providing a more holistic view of the status

of one’s health.



2.2 Use of Tracking Technology

With the commercial growth of devices and apps that can collect PGHD, practices of
tracking one’s own personal health data are becoming increasingly popular outside of
clinical settings as well. One study reported that 69% of US adults have engaged in
personal tracking of health or other data [28]. This practice is commonly referred to as
self-quantification or personal informatics, and the data enthusiasts who engage in it
have been dubbed by some as Quantified-Selfers [29, 30]. Though practices in self-
quantification are varied, Li et al. interviewed fifteen individuals using different types of
personal data to establish a taxonomy for what types of questions users were trying to
answer with their personal data. The resulting taxonomy contains six categories, which
are: status (information about current progress such as the number of steps walked so
far that day); history (refers to seeking trends and patterns over longer periods of time);
goals (developing short or long-term objectives such as number of times to exercise in a
week); discrepancies (ex: the difference between status and goal at a given time);
context (describing other discrete events that may have influenced measurement); and
factors (how one measure influences another such as how nutrition and physical activity
affect overall health). It was also suggested that these questions can occur at one of two
phases: discovery, which is concerned with learning what goal they are trying to meet
or identifying relationship between factors, or maintenance, in which an individual
primarily maintains awareness of their status or maintains a behavior [31].

A useful tool within personal informatics to facilitate answering such questions is
data visualization, as well-designed data visualizations allow users to quickly explore
large amounts of data observe important insights from large amounts of data. When
designed correctly and useful to users, data visualizations provide an opportunity to

keep users more informed and engaged in tracking behaviors [32]. However, despite the



value of the data collected by these users, it is common for these users to lapse in this
type of tracking, either temporarily or permanently. Some users lapse in tracking due to
forgetting to charge their devices frequently or simply losing interest in tracking their
data. Other users may lapse in tracking because of the frustration they experience when
they find that the tracking tools that they use do not help them to reach a goal or gain
actionable insight, or when they find the data too difficult to understand [13]. When some
highly dedicated individuals determine that the default visualizations provided within
fitness tracking apps are not considered adequate, they seek out an alternative tool to
visualize their data and some even go so far as to make their own visualizations of their
data using tools such as d3 or Google Charts [29]. However, most of these Quantified-
Selfers do not have expertise in visualization design, so these visualizations are not as
useful as intended [33]. Data visualization experts therefore need to understand what

end users seek in their data and design visualizations with these considerations in mind.

2.3 Data Visualization Design

Creating an effective data visualization tool for individuals who are tracking their
personal data relies on utilizing data visualization design principles effectively.
Evergreen (2017) puts forward that the starting point of a data visualization is identifying
the point that this visualization is trying to make, because every design choice made in a
data visualization will influence how easy or difficult it is for that point to be
communicated [34]. There are a wide variety of key choices to make when designing a
data visualization, such as the method of visual encoding, layout, color palette, aesthetic
styling, and interactions. The number of possibilities for each of these aspects of design
and how these decisions are made are vast, but some basic concepts for each remain

consistent as fundamentally good design, and within the scope of representing historical



exercise data, some more specific studies that have been performed in the past that
contribute useful feedback from users.

Because the practice of self-quantification involves the collection and review of
self-generated data, many physical activity tracking apps such as Apple Health, Fitbit,
Samsung Health, and Strava visualize past physical activity as a time series. Common
visual encoding methods for time series data are bar, line, dot, and dot bar graphs. A
standard cartesian layout in which a horizontal axis and vertical axis are used to
represent progression of time and magnitude of value for the visually encoded data in
most cases, but data layouts for this application of data can expand to include Gregorian
calendars as well as radial plots, especially when a regular cycle is being visualized [35].
Which of the methods of encoding should be chosen will depend on what type of time
series relationship is the focus of the visualization [36].

Shifting focus to layout, color palette, and general aesthetic styling, adopting
concepts from HMI design for machine interfaces would suggest that factors such as
color, font, or layout can positively or negatively impact usability [37]. Vibrant
background color, irregular font, and unintuitive layout of visualization elements can all
lead to poor readability frustrate the user [37]. Aesthetic appeal can also impact
performance even when the graph is still perfectly readable. A study collecting
responses from 285 participants asked participants to rate the perceived aesthetic
appeal of seven visualizations individually, rank them with respect to each other, and
then perform tasks with them [38]. Each of the visualizations employed the same color
palette, size and scaling, typography, and data. Results showed that participants
performed tasks most effectively with visualizations that they found visually appealing,
having fewer incorrect responses to tasks and faster task completion time [38].

Though much of the design of a visualization can be guided by considering the

message that is intended to be communicated, the medium through which a visualization



is being viewed is also important to design around since some mediums may have more
limitations than others. Apple Health, Fitbit, Samsung Health, and Strava, some of the
most popular apps that are centered around tracking, visualize data on mobile devices.
Mobile devices have different user input methods, smaller screen sizes, and different
screen ratios compared to a traditional desktop computer. Chittaro (2006) outlines a set
of six major steps that should be addressed when designing visualizations for a mobile
device. One of these steps is to identify what available tools to help a user navigate their
data. Since not as much data can be displayed on the screen clearly, mobile
visualizations typically include tools such as filters and zooming to allow the user to get a
more detailed view of the data that they are interested in [39]. Games (2014)
approached the limited screen space by implementing various features and interactions
such as zooming, displaying data with a fisheye view, and borders that would indicate in
which direction off-screen data was concentrated. That study concluded that the addition
of the off-screen contextual information was helpful to participants in identifying the data
in the tasks they were given, showing that this design has some degree of validity and
could be a method to overcome the challenges posed by the small screens on mobile
devices [40].

Though data visualizations for fitness tracker data tend to use more traditional
forms of encoding such as bars to represent time series data on a linear axis, new
concepts are also being explored. Ambient data visualizations, sometimes referred to as
informative art, have been considered as a method to increase user awareness of their
physical activity data through visually appealing and easily accessible data visualizations
[41]. Fan (2012) examined how users would interact with simple, colorful ambient
visualizations of a user’s physical activity placed in locations that participants regularly
visited [41]. In this study, the immediate availability and visual allure of these

visualizations was shown to increase awareness of current physical activity status

10



compared to traditional fitness tracker interfaces. However, despite the appeal of these
visualizations, participants preferred more traditional graphical visualizations when
looking for specific information or historic patterns [41].

Although it is important to identify what a data visualization intends to
communicate before creating it [34], as seen in the taxonomy developed by Li et al.
(2011) [31], users of tracking technology may have many different types of questions
about their data that they would like to answer. Creating a single data visualization to
answer all questions that all users could have would be unlikely to allow a user to
answer all their questions efficiently or easily as the visualization is liable to end up
lacking information or busy and overloaded with information. Choe et al. (2017)
proposes a solution in the form of a semi-flexible systems where users can explore their
own data. Researchers developed and orchestrated an in-lab think aloud study on a
web-based application called Visualized Self that allowed individuals to visualize their
personal data in different ways to understand how it could assist users in gaining richer
insights from their data [42]. Two key unique features of Visualized Self were its ability to
incorporate contextual information to data and flexibility in how data was visualized. By
default, context of activity that occurred on weekends was visualized, but participants
had the ability to add other context to data. In general, participants appreciated the
flexibility of the system that allowed them to choose between different visualizations of
the data and were able to use the system to test hypotheses about their data as they
incorporated context into data. However, participants also expressed that they would
prefer a system that would incorporate more sophisticated methods of contextual
information into their data, such as visualizing work hours and when activity occurs
throughout the day [42].

Two studies taking a similar approach to incorporation of contextual information

into data collection have also been performed. For reviewing sleep data, visually
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incorporating contextual information into the data may help a user establish the causality
between poor sleep quality and other behaviors or understand which of their sleeping
patterns lead to feeling well-rested. Liang et al. (2016) focused on tracking sleep data
and allowing for incorporation of contextual factors such as electronic device usage or
caffeine intake. The field study that followed 12 participants showed positive results, with
users feeling both more informed than when they had just sleep data alone and able to
make behavior changes based on the information obtained [43]. Pavel et al. (2013)
incorporated contextual information into data through a “story-inspired paradigm,”
including information such as location, people, and theme and affiliating it with data
collected by a user, finding that users felt more engaged with this form of data
visualization [44]. Though none of these studies determined whether users were able to
gain greater insight into their data in a quantifiable manner, higher user satisfaction and
engagement seemed to be a consistent outcome of participant interaction with these

prototypes.

2.4 Variation Among Users

As established in the previous section, it is important to know what types of questions
the audience for whom you design data visualizations intends to answer, as these
qguestions will shape what the data visualization needs to communicate. However, it is
also important to recognize how well your audience can read a data visualization,
because this places limitations on how the data visualization can communicate the
intended message to the audience. Graphical literacy refers to how well an individual
can understand a graphical representation of data [45]. Someone with low graphical
literacy is more likely to examine the wrong parts of or misread a graph more often than
someone with high graphical literacy [46]. Graphical literacy cannot be reliably inferred

based upon a person’s education [47], age [47] or race [47,48], and graphical literacy
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has not been found to vary based solely on geographical location or nationality [49].
Since no validated predictors of graphical literacy exist, tests to assess an individual’s
level of graphical literacy have been created. One such test is the Graphical Literacy
Scale (GLS), which has been validated [50] and is the instruments chosen to measure
graphical literacy in the experiment conducted for this thesis.

Another external factor that may affect an individual’s ability to understand a
visualization is their level of expertise on the subject matter being visualized. For
example, in the domain of business, a novice may draw fewer inferences looking at a
business-related graph than an expert. However, this phenomenon has only been
observed to be true in some domains, and to varying degrees across those domains
[51]. To address the possibility of this effect on viewing data visualizations for physical
activity data, participants of this study completed two questionnaires: the Simple
Physical Activity Questionnaire (SIMPAQ) as a validated tool to assess their level of
physical activity [52], and the fitness tracking experience questionnaire which was
developed specifically for this study to quantify a participant’s familiarity with physical
activity tracking devices.

Aside from the influence of graphical literacy and subject knowledge, data
visualization usability can also be limited for individuals because of accessibility issues.
One of the most common issues that is considered is color blindness, as this affects
what color palette can be used for the data visualization, and which ones will be visually
discernable for all types of color blindness. Multiple free tools exist online [53], generally
referred to as a “color blindness simulator” or similar, through which you can upload an
image to see how it may be visible to individuals with different forms of color blindness
and adjust a design or color palette accordingly. Another accessibility concern that is
relevant to this study is the reduced visual contrast sensitivity in older adults. Those

aged 60 or above have been found to have significantly lower contrast sensitivity than
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younger individuals for middle and high spatial frequencies [54]. Use of strong color
contrast and sharp lines are important to designing a readable data visualization,

especially for older adults.

2.5 Evaluating Data Visualizations

Although a data visualization’s design can be driven by focusing on answering specific
guestions and considering how the intended audience will view, interpret, and use the
information presented, some form of evaluating the design is necessary to validate it.
Two forms of evaluation are reviewed in this section: heuristic evaluation and evaluation
through controlled user studies. A well-known set of heuristics in the field of human-
computer interaction is Nielsen’s 10 usability heuristics for user interface design, which
lists 10 rules for design meant to outline the characteristics of an effective interface [55].
Forsell et al. (2010) formulated 10 heuristics for evaluation of information visualization
that serves a similar function as Nielsen’s 10 usability heuristics, but for the field of data
visualization [56]. Some of the heuristics included in this list are minimal actions,
referring to requiring few actions from the user to accomplish a task; consistency,
referring to maintaining similar design in similar context and different design in different
context; spatial organization, referring to clear and intuitive layout with efficient
management of space; and data set reduction, referring to only showing what part of the
data set is necessary to complete a task efficiently [56]. Though the this set of heuristics
was chosen to provide the widest coverage of visualization design considerations, these
heuristics are not claimed as a final set. A subsequent study recommended addition of
heuristics related to interaction, veracity, and aesthetic to make the heuristics more
comprehensive, as the original 10 heuristics do not focus as much on these aspects of

data visualization design [57].
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Heuristic-guided expert review has some advantages as an evaluation method.
On top of heuristics being able to be used by experts to preemptively design around
these heuristics, the evaluation process is more structured and rapid compared to
evaluation through controlled experimentation, which requires more time and resources.
However, heuristic evaluation is not a replacement for user studies. Tory et al. (2005)
and a follow-up study by Forsell (2012) recognized heuristic evaluation by experts may
lead to identification of issues that are nonproblematic for general end users or may miss
an issue that cannot be predicted without testing on a larger population of nonexperts
[58,59].

The more holistic method for evaluating data visualization is to perform user
studies, which directly approach issues that may arise with how an actual end user may
use a data visualization. Wu et al. (2019) performed a systematic literature review of 76
publications that evaluated visual analytics for health informatics applications. Some
studies used quantitative measures to evaluate attributes such as accuracy or efficiency
of a visualization, while others collected subjective feedback to evaluate attributes that
are harder to quantify such as user satisfaction. Many of the publications in their
literature review, however, had an interest in collecting both quantitative and qualitative
data to evaluate multiple aspects of a visualization. This was often done using task-
based measurements such as time or accuracy to collect quantitative performance data
in tandem with user feedback in the form of either open-ended responses or scoring on
a scale [60]. One of the publications reviewed in this study tested the optimal method of
graphical risk communication format to present data with small probabilities. This study
used both quantitative and qualitative measures in the forms of timing task performance
and user’s rating of a visualization on a scale to compare whether user preference
affected task performance [61]. In another example of evaluating health informatics

information, Saraiya et al. (2005) compared five visualizations of gene expression based
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on when a user drew their first insight and last insights from the visualization, how much
participants felt they learned, and if participants felt that the visualizations answered all
the questions that they had [62]. These measures are again both quantitative and
qualitative in nature to explore both the objective effectiveness of the visualization as
well as the user’s opinion.

One example of user studies for evaluation of data visualization of physical
activity data, Epstein (2016), compared seven different methods of visualizing step data
from wearable fitness devices to determine which method would result in the lowest
likelihood of a user lapsing [12]. Participants who had previously lapsed in tracking their
activity used the seven visualizations to represent their own personal fitness data. These
participants then gave their opinions on the design, elaborating on whether it was useful
to them and other qualitative questions about their opinions on the design. The major
difference between the evaluation in Epstein (2016) and this thesis is the lack of
quantitative measurements to evaluate effectiveness. Epstein (2016) concentrated on
evaluating user engagement rather than ability to draw insights, using perspective as the
main criteria for good visualization design.

Although human subject testing is generally effective, great consideration must
be put into the design of an experimental evaluation. Evaluations commonly struggle
with issues such as unclear evaluation goals that make results difficult to interpret,
pursuing effectiveness without defining it or considering all variables that may contribute
to effectiveness or designing an evaluation with tasks that are not consistent with the
goals of the evaluation [63]. Patterns in how data are collected can also be problematic
with respect to the validity of data. Measuring only task times or errors can compromise
validity in that a participant can perform a task quickly, but with an incorrect response.
Post-task interviews may also miss the collection of important data if the participant

cannot remember all the details of their experience performing that task. Although think
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aloud protocol will help fill in these gaps in data, it may impact participant behavior [64].
North (2006) explains that task-based evaluation also does not reflect a visualization’s
true ability to offer insight, which is considered the core purpose of data visualization by
many authors. Both the rigidity of predetermined tasks and the fact that these tasks end
once the user finds the answer limit the possibility of unexpected insight [65].

Some general evaluation design approaches have been developed to guide the
process of visualization evaluation. Lam et al. (2012) created seven guiding scenarios of
visualization evaluation based on over 800 visualization publications. The second
scenario described, evaluating visual data analysis and reasoning, pertains to
investigating how a visualization tool can support the analytic process by observing both
quantifiable metrics such as the number of insights gained during interactions with the
tool and subjective feedback such as the user’s satisfaction with the tool. The sample
questions from this study that identify what should be considered during evaluation
include: 1) how does the tool support seeking, searching, and extracting information? 2)
how does the tool support hypothesis generation? And 3) how does the tool support
decision making [66]? These sets of guiding questions as well as the designs of other
experiments discussed in this section were referenced for the design of this thesis to

establish how visualizations would be evaluated.
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CHAPTER 3

METHODS
3.1 Overview
The methods by which the research questions posed by this study were answered were
based on the heavily on the methods and findings of literature about evaluating data
visualization design discussed in the previous section. | designed a mixed-methods
human subjects testing experiment combining task-based subject response with post-
task interviews to obtain quantitative and qualitative feedback. This study was approved
by the University of Massachusetts IRB. This study approach directly addresses the
following research questions:

1. How does the format of physical activity data visualizations impact older
adults’ abilities to infer meaning from physical activity data? Ability to interpret
meaning is broken down into two key factors:

a. Task success
b. Task time

2. Are there other variations among users that impact an older adult’s ability to
infer accurate meaning from physical activity data? Variations considered
include:

a. Demographics (level of education, career field, gender)
b. Current level of physical activity
c. Level of experience with fitness tracker technology

d. Graphical literacy

This study’s design was also structured around the limitations of being conducted

entirely remotely via Zoom. Remote sessions with participants were deemed the safest
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option to eliminate participants’ risk of exposure to COVID-19. Zoom was selected as the
platform to conduct this remote research due to screen sharing features and the ability to
record audio and screen sharing from a meeting, enabling collection of vast amounts of

data with minimal inconvenience to the participant.

3.2 Participants

All participants recruited into the study were required to meet three inclusion criteria: 1)
be aged 55 or older, 2) have a functioning computer that is connected to the internet with
Zoom installed, and 3) feel proficient in the use of Zoom and internet browsers. The first
criteria were established to target a population nearing or beyond age 65 since this
population is soon entering or already part of a demographic with higher susceptibility to
coronary heart disease [1,2]. This subset of the general population is an important
stakeholder group for whom the potential benefits of mobile technologies encourage
more active behavior are potentially significant, as exercise has been shown to positively
impact cardiac health and decrease risk of developing heart disease [3-5]. The other two
criteria for participation in this study were established because this study was carried out
during the COVID-19 pandemic and that all interactions during the session would need
to be carried out over Zoom.

30 participants were recruited for this study. This number of participants was
selected based on it this thesis being a pilot study to get initial evaluation of which
different data visualization design options tend to be most successful. Sessions lasted
approximately two hours and participants were compensated with a $40 Amazon eGift

card that was distributed through email.
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3.3 Equipment & Materials
Several tools and technologies were required to carry out this experiment due to its
remote nature. The items can be broken up into two major categories: physical

equipment and virtual content.

3.3.1 Physical Equipment

The only physical equipment required to carry out this experiment were two computers
with minimal accessories required. The roles and features of each piece of equipment
are listed below:

e Computer 1 (participant’s computer): must have working internet, mouse &
keyboard, and microphone in addition to an installation of Zoom and a web
browser

e Computer 2 (researcher’'s computer): must have working internet, mouse &
keyboard, and microphone in addition to an installation of Zoom and a web
browser; must also be able to host and share the visualization mockups and links

to questionnaires and spreadsheets.

3.3.2 Virtual Content

Throughout the study session, the researcher and participant both interacted with
several virtual tools and files. These tools and files included:
e Visualization mockups: three different physical activity data visualization

mockups, discussed in greater detail below.
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e Surveys: five different surveys meant to collect a variety of supplemental
information; these surveys can be found in Appendices A through E and are
listed below

o Task Difficulty Questionnaire

o Simple Physical Activity Questionnaire (SIMPAQ)

o Physical Activity Tracking Experience Questionnaire
o Demographics Questionnaire

o Short Graphical Literacy Scale (GLS)

The Simple Physical Activity Questionnaire (SIMPAQ) and Short Graphical Literacy
Scale (GLS) used in this study were selected as tools due to their validation in
measuring physical activity levels and graphical literacy of individuals [50,52], and the
demographics questionnaire follows a standard format that lists baseline demographic
characteristics for education level, career field, gender, and an open field for health
conditions. The task difficulty questionnaire and physical activity tracking experience
survey were both created specifically for this study to collect supplemental. The task
difficulty questionnaire was designed to allow participants to assign a relative difficulty
rating to each task with the addition of only two other questions to clarify which
visualization these ratings applied to, and which group this participant was a part of. The
physical activity tracking experience questionnaire was designed to collect data on if the
participants has engaged in fitness tracking experience at all, for how long, and with
which apps and devices to account for any potential influence from experience with
fitness tracking.

The visualization mockups used in this experiment included a mockup of Fitbit's
desktop data visualization from their website, Strava’s training log, and a prototype

developed in Tableau called the Exercise Calendar. The data visualizations from Fitbit
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and Strava were selected because they are two of the most widely used apps that focus
on tracking physical activity [67], and the design of these two data visualizations does
not overlap allowing evaluation of more design options. Screenshots of these data
visualizations and details of how these data visualizations differ can be seen in Figure 1,
Figure 2, and Figure 3. The mockups for Fitbit and the prototype were both created in
Microsoft PowerPoint since they are navigated using button controls. A slide was
created for each screen with interactive buttons mimicked as hyperlinks to different
slides. The Strava training log mockup was captured in the form of a pdf file since this
visualization has no button controls for navigation and is presented as a single
continuously scrolling visualization on Strava’s website. All interactions and functionality
not pertaining to navigating through data chronologically were removed from mockup to
prevent participants from navigating away from the data visualizations and to prevent
participants from obtaining additional information not presented directly on the data
visualizations.

Fitbit's physical activity data visualization design is centered around a horizontal
bar graph that visually encodes distance walked per day or average distance walked per
day over a week as bar length. The visualization is presented at three timespans: year-
long, month-long, and week-long. Figure 1 shows screenshots of each timespan level of
the Fitbit data visualization and breaks them down into four separate regions. Region A
contains the bars that represent distance walked. Region B presents the y-axis that
specifies the magnitude of distance for each bar. Region C contains the x-axis that
specifies the date associated with each bar. Region D shows the timespan summary

which includes totals over the entire timespan for steps, distance, and calories burned.
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Figure 1

Breakdown of components in Fitbit data visualization

Today Week Month m 4 Jan 01 - Dec 31, 2018 >
Steps m Floors Calories burned
B 5
4
e 3
g
S
2
) |‘|"|‘ ‘ ‘ ‘ “ ‘
1
‘I| H||| |HH ‘ “”..h. c
Feb Apr '18 Jun Aug '18 Oct 18 Dec '18
Totals 1 ,745,005 steps 778.6 miles 635,1 62 calories D
foday | woek [ vewr Sop 01- 30,2018 osay ([RY Montn | vear 08-14,20
sope [ZTR Foors  Cloriosbun 1[::] Floors  Caloses burned
. B’ R
|||| hll:”h I.Ilhnl e ‘ c
Totals 157,849 steps 70.43 mites 52,569 caiories | vvvvvv 42,943 s10ps 19.16 mites 12,460 caiories Dl

Note: The graph on the top is Fitbit's graph for a one-year timespan, the bottom left graph is for a
month-long timespan, and the bottom right is for a one-week timespan. All three timespans share

the same lettered components.

Strava’s training log visually encodes distance walked per day as circle diameter and
labels the distance value for each day with a distance greater than one mile on the
circle. Days are arranged vertically by week, with the most recent week at the top and
the least recent at the bottom, and days are arranged horizontally by day of the week,

with Monday on the far left and Sunday on the far right. The visualization is only
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presented at one level of granularity, with the ability to continuously scroll through all
weeks in order. Figure 2 shows a screenshot of the Strava training log and breaks it
down into three separate regions. Region A contains circles and labels that represent
the total miles walked in a day. Region B presents summary information for the date
range of the circles to the right as well as the total distance traveled over the course of

that week. Region C is the headers for the days of the week of the circles in region A.

Figure 2

Breakdown of components in Strava data visualization
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The prototype visualization is designed with two key methods of visual encoding at two
different timescales. For the year overview, bar length is used to visually encode the
distance traveled over the course of an entire month. For the month overview, bar length
is used to visually encode the distance traveled over the course of a week, and color
saturation is used to visually encode the distance walked on a day. Figure 3 shows

screenshots of each timespan level of the prototype data visualization and breaks them
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down into seven separate regions. Region A contains the colored squares arranged as a
calendar that indicate miles walked on the corresponding date. Region B is the color key
that provides reference for the distance associated with the color of squares in region A.
Region C is the headers for the days of the week of the squares in region A. Region D
presents horizontal bars and labels for the total miles traveled in the week for the dates
of the squares in region A. Region E contains the bars and labels for the total miles
walked in a month in the prototype’s year overview. Region F is the y axis for the bars in
Region E. Region G is the x axis that indicates which month the bars in region E
correspond to.

Each of these three data visualizations display data from one year, and the data
are displayed as the distance in miles the user walked during that period. The data used
to create these data visualizations were generated by entering a year’s worth of data into
a spreadsheet and creating instances where certain values or patterns would occur at
specific desired times. Each data visualization was built from different data sets with the
same overall patters to ensure that participants would not begin memorizing the exact
answers or general location of data points after their first and second set of task
questions. The data points of interest that were involved in task questions were also
controlled for difficulty. For example, questions that asked for comparing between data
points maintain a similar relative difference in values between visualizations, and
questions asking for a reading of a value keep that value within 10% of other values.

More details on how data were controlled can be found in Appendix F.
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Figure 3

Breakdown of components in prototype data visualization
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Note: The graph on the top is the prototype’s month overview and the bottom graph is for the

prototype’s year overview. These two timespans are visualized differently, and each graph’s

components are broken down separately.

3.4 Subject Testing Procedures
Beginning with recruitment of participants, interested participants were able to contact
the study coordinator after they received information about the study from either a direct

email to a listserv of individuals likely meeting the inclusion criteria, a Facebook post, an
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organization called Rare Patient Voice, [68] or word-of-mouth from prior participants
(snowball sampling). Potential participants were provided with a full outline of their
participation in the study through email and were then invited to ask any questions or
suggest a time to hold a session if they were interested.

Study participants were randomly assigned into one of three groups based on a
Latin square design. These groups determined the order in which participants viewed
and interacted with each of the data visualization mockups and ensured that each
visualization was viewed first, second, or third in equal proportions (see Table 1). This
approach was necessary to mitigate the risk of participants becoming more efficient with
answering task questions as the session continued. Assuming there was some effect
from the order of presentation, this experimental design approach prevents one
visualization from artificially performing better because it is always the final visualizations

mockup to be used.

Table 1

Visualization mockup order by group number

Group First Mockup Second Mockup Third Mockup
Group 1 | Fitbit Strava Prototype
Group 2 | Strava Prototype Fitbit
Group 3 | Prototype Fitbit Strava

3.4.1 Preparation & Setup

Figure 4 provides an outline of all steps that occur following recruitment of a participant.
Once a participant agreed to take part in the study and a time is chosen for them to hold

their session, a Zoom call invitation link and a link to the consent form were sent via
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email. A copy of this session confirmation email can be found in Appendix G.
Participants were invited to read and sign the consent form prior to the study or wait until
the session time and sign it at the beginning of the session. Participants were also
assigned their random group and patrticipant ID code at the time the session

confirmation email was sent.

Figure 4

Flowchart of participant session procedures
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At the time of the session, the researcher started the Zoom meeting room and waited for
the participant to enter the room. Once a participant read, understood, and signed the
consent form, they were provided an overview of the general structure of the session as
well as how to approach task questions. Participants were also informed that audio and
video would begin recording at that time, after which the recording would begin. The
notes that the researcher used to debrief the participant at the start of the Zoom meeting
can be found in Appendix H. The first visualization mockup was then opened from the
researcher’s computer and screen sharing with remote control was enabled for the

participant over Zoom so the participant could view and interact directly with the first
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visualization mockup through the Zoom call window without needing to open any other

applications.

3.4.2 Visualization Tasks and Debriefing Interview

Once a visualization was available to the participant to interact with through Zoom, the
participant began completing the task questions. Because physical activity data
visualizations focus on questions an individual may have about their own exercise habits
or history, a wide variety of task question types were considered. To guide what
questions individuals may have about their own data and which questions should
therefore be included in the study, Brehmer and Muzner’s task typology for visualization
tasks [69] was used as a foundation to consider a wide variety of manners in which a
user may seek insight into their activity behaviors. Brehmer and Muzner’s search types
were unaltered, but the task types were slightly adjusted to suit the nature of this study
and the query type “interpret’” was added. Interpret as a query type implies a necessity to
accurately decode the visual encoding used in a specified data point. Table 2 breaks
down questions by task types. The process for completing task questions was as
follows:

1. Researcher verbally asked one task question (see Table 2) and started a

stopwatch.

2. Participant explored the data visualization to find an answer.

3. Participant verbally responded with an answer to the task question.

4. Researcher ended stopwatch and recorded their response and the stopwatch

time in their data entry worksheet.
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Table 2

Breakdown of task types for all task questions

Task Question Search Type Query Type Resolution
1 During which month was Jane most active? Browse Compare Month (sum)
2 During which month was Jane least active? Browse Compare Month (sum)
3 In June, on which two days of the week did Jane tend to Browse Compare Days
be most active? (pattern)
4 In June, on which three days of the week did Jane tend to Browse Compare Days
be least active? (pattern)
5 What was the date of Jane’s most active day in July? Browse Compare Day (value)
6 What was the date of Jane’s least active day in July? Browse Compare Day (value)
7 How far did Jane walk in the entire month of February? Lookup Interpret Month (sum)

You may round to the nearest whole mile.

8 How far did Jane walk during the week of November 5"? Lookup Interpret Week (sum)
You may round to the nearest whole mile.

9 How far did Jane walk on May 12"? You may round to the Lookup Interpret Day (value)

nearest whole mile.

10  In September, on how many days did Jane walk less than Browse Interpret Days (value)
1 mile?
11 At some point in 2018, Jane missed collecting data for 9 Locate Identify Days (value)

days in a row. What is the start date of this 9-day streak?

Steps 1 — 4 were repeated until all task questions were completed. Immediately following
completion of all task questions, participants were asked to complete a brief task
difficulty questionnaire that was available online through Qualtrics. A copy of the
contents of this survey can be found in Appendix A. The purpose of this questionnaire
was to assign a Likert scale value to indicate how difficult each task question felt for the
participant to complete. This task difficulty questionnaire was then followed by six
interview questions that were intended to understand the results obtained during task
completion as well as gain a general impression of what participants did and did not like

about the visualization. The six interview questions were as follows:
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1. Which task question (or questions) was easiest for you to answer? Why?

2. Which task question (or questions) was most difficult for you to answer? Why?

3. Does this visualization have any strengths in your opinion? These can be, but are
not required to be, related to the task questions that you answered.

4. Does this visualization have any weaknesses in your opinion? These can be, but
are not required to be, related to the task questions that you answered.

5. Are there any things that you would remove from this visualization?

6. Are there any things that you would add to this visualization?

7. Are there any other things that you would change about this visualization?

These questions were asked verbally by the researcher and answered verbally
by the participant. The researcher took notes to summarize the participant’s response in
addition to the audio recording being collected by Zoom. Participants’ responses to
these questions were not used as analytical data, only obtained in this study to describe
possible performance explanations and may be coded into themes as a separate study
to gain further insights. Once the interview questions for one data visualization were
completed, participants were presented with the next visualization to interact with until all

three visualizations were complete.

3.4.3 Final Interview

Once tasks and debriefing interviews for all three visualizations were completed, the
researcher conducted a final debriefing interview to understand what physical activity
data were more or less important to participants. The questions asked in this interview
were as follows:

1. Which visualization do you like the best? Why?

2. Which visualization do you like the least? Why?
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3. Do you currently use any personal health and fitness tracking devices or track
health and fithness manually?
a. What devices if any, and what do you record (ex: steps, calories burned,
sleep)?
b. If you do not track but had personal health and fitness data available to
you (assume no additional effort), what would you track?
4. What are (or would be) your goals relating to personal health and fitness
tracking? Are these goals related to any health conditions?
5. Do you have an interest in viewing past data collected through health and fitness
devices?
6. Do you think any of the data visualizations that we looked at would be helpful in
accomplishing the goals you outlined?
7. What health and fitness tracking motives do you think the data visualizations that
you interacted with today fail to facilitate?
8. Do any of the task questions relate to questions you would want to answer with
your own health and fithess data? What questions that you would ask are not

represented in the task questions?

As with the debriefing interview questions, participants’ responses to these questions
were not used as analytical data, only obtained in this study to describe possible
performance explanations and may be coded into themes as a separate study to gain
further insights into topics such as which of the data visualizations provided each
participant with the overall user experience that they found most and least desirable
along with supporting reasons for that preference, and how personal tracking devices
and data factor into each participant’s lifestyle and motivations. Like the debriefing

interviews, these questions were asked verbally by the researcher and answered
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verbally by the participant. The researcher took notes to summarize the participant’s
response in addition to the audio recording being collected by Zoom. Participants were
encouraged to expand as much as they like on any of the questions to fully explain their

thoughts and opinions.

3.4.4 Questionnaires

Several factors may influence how individuals use the visualizations, so participants
completed four brief surveys using Qualtrics to collect data for these factors. These
surveys were the simple physical activity questionnaire (SIMPAQ), fitness tracking
experience survey, demographics questionnaire, and short graphical literacy scale
(GLS). These questionnaires can all be found in Appendices B through E. Participants
were told they could skip any questions that they did not feel comfortable answering.
After they were done filling out the questionnaires, the audio recording on Zoom was
terminated, the participant was thanked for their time, and a $40 Amazon gift card was

emailed to the participant.

3.5 Analysis Approach

All quantitative data collected throughout this study were analyzed through
summarization and statistical tests to answer the research questions posed by this
study. Table 3 is a list of the variables were measured, including information about what
type of variable it was, how it was collected, what the potential values were, and their
general method of analysis. At the end of this section, table 4 provides a summary of all

analyses conducted on the data collected for this study.

33



Table 3

List of variables and descriptions of how they were collected and used

Measure Name Measure Measurement Potential Analysis used
Type Method Values
Visualization Independent Recorded as note Fitbit, Strava training N/A
mockup (categorical) log, Tableau
prototype
Visualization Moderating Random assigned, First, second, third N/A

interaction position

Task success

Task time

Task difficulty rating

Interview responses

Prior physical
activity tracking
experience

Graphical Literacy

Physical activity
level

Demographic
information
o Career field
e Education level
e Gender
e Ethnicity
o Chronic health
conditions

(categorical)

Dependent
(categorical)

Dependent
(continuous)

Dependent
(ordinal)

Dependent
(categorical)

Moderating
(continuous)

Moderating
(ordinal
categorical)

Moderating
(continuous)

Moderating
(categorical)

recorded as note

If participant response
matches correct answer

Timing from when task
is given until response
is given by participant

Questionnaire
responses (custom
questionnaire for this
study)

Audio recording of
participant responses to
interview questions,
note taking

Questionnaire
responses (custom
questionnaire for this
study)

Questionnaire
responses (GLS)

Questionnaire
responses (SIMPAQ)

Questionnaire
responses

(demographic
questionnaire)

Successful,
unsuccessful

From zero seconds
upwards

Very easy, somewhat
easy, somewhat
difficult, very difficult

N/A

Years spent tracking

0 to 4 correct
responses

Avg hours of active
time per typical day,
from 0 to 24 hours

N/A

Pairwise chi square test,
logistic regression

Tukey-Kramer test
between visualizations
parsed by task

Logistic regression by
task time

Coding for themes,
tallying themes

Correlations with task
performance

Correlations with task
performance

Correlations with task
performance

Correlations with task
performance

The first data to be reviewed was task data: correctness of participant responses, task

completion times, and task difficulty ratings. Participant responses were reviewed, and

incorrect responses were tallied by task and visualization. These totals for incorrect
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responses were compared across visualizations for each task and examined for a
statistically significant difference through pairwise chi square tests between
visualizations. Visualizations that had statistically significant differences in incorrect
responses were identified and categorized as performing better or worse for that task.
The answers themselves were analyzed next to identify patterns in incorrect responses.
The number of unique incorrect answers were tallied by task and by visualization, and
then the unique responses that occur 3 times or more were identified and designated as
a common mistake.

Task times were summarized by mean task time and standard deviation for each
combination of task and visualization. These values were used to perform Tukey HSD
test between visualizations for each task to identify visualizations with a statistically
significant difference in task time distributions. These visualizations were categorized in
terms of better or worse task time performance in the same manner as how the
visualizations were categorized for task response correctness. The relationship between
mean task time and incorrect task responses was also explored through linear
regression to understand if time to complete a task was a reliable predictor of whether
the task was completed successfully.

Task difficulty ratings from participant questionnaire responses had each
response tallied between visualizations for each task. Difficulty ratings were quantified
as factor levels and examined for a relationship with incorrect task responses and mean
task time for each task/visualization combination through linear regression.

Following the analyses outlined above, the second research question posed by
this study examined the variety of potentially confounding variables that were considered
in this study. Beginning with demographic information including education level, career
field, sex, and ethnicity, the distribution of individuals falling into each category in each of

the randomly assigned groups was analyzed through a chi square test to check for any
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imbalance between the composition of each group. For the other categorical variables of
whether a participant has previously engaged in physical activity tracking or what types
of activity tracking devices they have used, the same form of analysis was used.
Continuous variables such as a participant’'s average amount of hours of physical activity
in a day, the amount of time they have spent tracking physical activity in the past, or the
number of questions they correctly answered on the Graphical Literacy Scale, an
ANOVA test was used.

Once control variables were tested for evenness of distribution across the three
randomly assigned interaction order groups, they were tested for influence on task time
and successful task completion. For all control variables, they were tested individually for
task and visualization combinations as well as across the entire overall dataset. To test
the influence of categorical control variables over correct task response, which includes
the categorical variables listed above plus assigned interaction order group, chi square
tests were used. To test the categorical control variable influence over task time,
ANOVA tests were used. To test the continuous control variable influence over correct
task responses and mean task time grouped by task and visualization, linear regression
was used.

While the debriefing interview questions were not analyzed using systematic
qualitative approaches, participant responses were used to try to understand how
visualization design led participants to their response that led to resulting quantitative
measurements. Future work will include an in-depth analysis to of these important

qualitative data.
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Table 4

List of analyses performed and statistical tests used

task

Analysis Independent Variable = Dependent Variable By Test Used
Step Variables
' 1 ' Visualization Proportion of incorrect task responses Task Chi square
test
2 Visualization # unique incorrect task responses Task N/A
3 Visualization Task time Task Tukey HSD
4 Mean task Time Proportion of incorrect task responses Visualization + Correlation
task
5 Visualization Task difficulty rating Task N/A
6 Proportion of incorrect task  Mean task difficulty rating Visualization +  Correlation
responses task
7 Mean task time Mean task difficulty rating Visualization +  Correlation
task
8 Group Proportion of incorrect task responses Visualization, Chi square
task test
(separately)
9 Group Mean task time Visualization, ANOVA
task
(separately)
10 Group Proportion of group belonging to different None Chi square
demographic groups test
11 Group Mean values of continuous control None ANOVA
variables
12 Demographic group Proportion of incorrect task responses Visualization, Chi square
task test
(separately)
13 Demographic group Mean task time Visualization, ANOVA
task
(separately)
14 Continuous control variable  Proportion of incorrect task responses Visualization + Correlation
task
15 Continuous control variable Mean task time Visualization +  Correlation
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CHAPTER 4

RESULTS

Following the analysis approach outlined in section 3.5, this results section will separate
analyses by the research question they are intended to answer. Restating the two
research questions that this study seeks to answer:

1. How does the format of physical activity data visualizations impact older
adults’ abilities to infer meaning from physical activity data? Ability to interpret
meaning is broken down into two key factors:

a. Task success
b. Task time

2. Are there other variations among users impact an older adult’s ability to infer

accurate meaning from physical activity data? Variations considered include:
a. Demographic characteristic (level of education, career field, gender)
b. Current level of physical activity
c. Level of experience with fitness tracker technology

d. Graphical literacy

4.1 Task Performance

The primary means of addressing how the format of physical activity data visualizations
impact older adults’ abilities to infer meaning from physical activity data is to compare
the performance of each of the three visualizations. Figures 5 and 6 below give an
overview of the relative performance of each data visualization’s performance for the

number of incorrect task responses and mean task time for each task.
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Figure 5

Number of incorrect task responses for each visualization across all 11 tasks
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Figure 5 illustrates several key observations. First is that all three visualizations share
low incorrect response rates for task 3 and task 8. Chi square analysis performed for
these tasks included in Table 11 of Appendix | supports this finding, showing that for
these tasks all visualizations had a statistically similar proportion of incorrect responses.
Figure 5 also shows that none of the three visualizations were able to maintain a low

incorrect response rate for all 11 tasks, with the prototype most frequently having the
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highest number of incorrect responses on tasks. Strava most often had the fewest
incorrect responses across tasks and was the least frequent to have the highest number
of incorrect responses.

In Figure 6, the task time distributions were similar across all three visualizations
for task 6 only. This is supported by Table J1 in Appendix J in which Tukey HSD tests
were conducted for the task time distributions of each visualization on each task. Figure
6 also shows the prototype’s mean task times were most frequently the lowest of the
three visualizations for the 11 tasks. The prototype also never had the highest mean task
time on any of the 11 tasks. The two highest mean task times belonged to Strava, but
Fitbit's mean task times were most often the highest.

For remaining task and metric combinations that had a more variable
performance, performance for each visualization will be presented separately. Three
tables are provided with a breakdown of the task performance of each visualization for
each task and indicate when a visualization performs significantly better or worse on a
task. Table 5 summarizes the task performance of the Fitbit visualization, Table 6
summarizes the task performance of the Strava visualization, and Table 7 summarizes
the task performance of the prototype visualization. Within these tables, the results of
particular interest are incorrect response counts of five of more, incorrect response
counts that are statistically higher or lower than other visualizations for the same task,
mean task times that are roughly a minute or longer, and task time distributions that are
statistically higher or lower than other visualizations for the same task. The performance
of visualizations in these instances will be explored in the discussion section of this

paper.
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Table 5

Summary of Fitbit's task performance for all 11 tasks

Task Question Search Query Resolution Incorrect Task Time
Type Type Responses ¥ s
I 1 I During which month was Jane I Browse I Compare I Month (sum) 5 I 41.5 I 39.8 I

most active?

2 During which month was Jane Browse  Compare Month (sum) 4 121 11.8

least active?

3 In June, on which two days of the  Browse Compare  Days (pattern) 3 63.3 40.1
week did Jane tend to be most

active?

(=]

4 In June, on which three days of Browse Compare Days (pattern) 40.0** 39.1
the week did Jane tend to be

least active?

5 What was the date of Jane’s most Browse  Compare Day (value) 6 42.4 42.4
active day in July?

6 What was the date of Jane’s least Browse Compare Day (value) 11 29.2 28.5
active day in July?

7 How far did Jane walk in the Lookup Interpret Month (sum) 1* 23.6 24.8
entire month of February? You

may round to the nearest whole

mile.

w

8 How far did Jane walk during the Lookup Interpret Week (sum) 55.8** 94.9
week of November 5"? You may

round to the nearest whole mile.

9 How far did Jane walk on May Lookup Interpret Day (value) 3 411 27.2
12"? You may round to the

nearest whole mile.

10 In September, on how many days  Browse Interpret Days (value) 27 41.5 27.4
did Jane walk less than 1 mile?

11 At some point in 2018, Jane Locate Identify Days (value) 0 58.0 46.6
missed collecting data for 9 days
in a row. What is the start date of
this 9-day streak?

* Visualization performed better for metric than other visualizations on given task
** Visualization performed worse for metric than other visualizations on given task

Note: Better/worse performance on task for incorrect response rate determined by chi square
tests in Appendix I; better/worse performance for time determined by Tukey HSD test in Appendix
J. Bold text without asterisk denotes task performance that does not have a statistically significant

difference from other visualizations but is still of interest.
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Table 6

Summary of Strava’s task performance for all 11 tasks

Task Question Search Query Resolution Incorrect Task Time
Type Type Responses ¥ s
I 1 I During which month was Jane I Browse I Compare I Month (sum) 5 I 182** I 171 I

most active?

2 During which month was Jane Browse  Compare Month (sum) 18** 59.7**  46.7

least active?

3 In June, on which two days of the Browse Compare Days (pattern) 2 53.4 57.2
week did Jane tend to be most
active?

4 In June, on which three days of the Browse Compare Days (pattern) 3 19.9 10.6
week did Jane tend to be least
active?

5 What was the date of Jane’s most  Browse  Compare Day (value) 0* 36.0 231
active day in July?

6 What was the date of Jane’s least Browse  Compare Day (value) 0* 20.6 10.8
active day in July?

7 How far did Jane walk in the entire  Lookup Interpret Month (sum) 14 89.3** 473

month of February? You may

round to the nearest whole mile.

8 How far did Jane walk during the Lookup Interpret Week (sum) 2 21.5 1.1
week of November 5"? You may

round to the nearest whole mile.

9 How far did Jane walk on May Lookup Interpret Day (value) 1 19.3* 13.3
12"? You may round to the
nearest whole mile.

10 In September, on how many days Browse Interpret Days (value) 9* 58.3**  25.1
did Jane walk less than 1 mile?

11 At some point in 2018, Jane Locate Identify Days (value) 7** 69.0 72.9

missed collecting data for 9 days
in a row. What is the start date of
this 9-day streak?

* Visualization performed better for metric than other visualizations on given task
** Visualization performed worse for metric than other visualizations on given task

Note: Better/worse performance on task for incorrect response rate determined by chi square
tests in Appendix I; better/worse performance for time determined by Tukey HSD test in Appendix
J. Bold text without asterisk denotes task performance that does not have a statistically significant

difference from other visualizations but is still of interest.
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Table 7

Summary of Prototype’s task performance for all 11 tasks

Task Question Search Query Resolution Incorrect Task Time
Type Type Responses ¥ s
I 1 I During which month was Jane I Browse I Compare I Month (sum) 0 I 14.8 I 57.2 I

most active?

2 During which month was Jane Browse  Compare Month (sum) 1 141 59.5

least active?

3 In June, on which two days of the Browse  Compare Days (pattern) 0 27.0* 22.8
week did Jane tend to be most
active?

4 In June, on which three days of Browse  Compare Days (pattern) 19** 18.4 18.0

the week did Jane tend to be

least active?

5 What was the date of Jane’s Browse  Compare Day (value) 3 16.5* 15.3

most active day in July?

6 What was the date of Jane’s Browse  Compare Day (value) 13 21.0 22.0

least active day in July?

7 How far did Jane walk in the Lookup Interpret Month (sum) 20 41.2 36.5
entire month of February? You
may round to the nearest whole

mile.

8 How far did Jane walk during the ~ Lookup Interpret Week (sum) 1 16.6 11.6
week of November 5"? You may

round to the nearest whole mile.

9 How far did Jane walk on May Lookup Interpret Day (value) 26** 40.9 22.2
12"? You may round to the

nearest whole mile.

10 In September, on how many days Browse Interpret Days (value) 29 35.6 22.9

did Jane walk less than 1 mile?

11 At some point in 2018, Jane Locate Identify Days (value) 0 25.5% 21.5
missed collecting data for 9 days
in a row. What is the start date of
this 9-day streak?

* Visualization performed better for metric than other visualizations on given task
** Visualization performed worse for metric than other visualizations on given task

Note: Better/worse performance on task for incorrect response rate determined by chi square
tests in Appendix I; better/worse performance for time determined by Tukey HSD test in Appendix
J. Bold text without asterisk denotes task performance that does not have a statistically significant

difference from other visualizations but is still of interest.
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4.1.1 Time vs Likelihood of Incorrectness

The impact of task time on the likelihood that a participant incorrectly answered a task
guestion was also examined. Figure 7 plots the average task time for each task and
visualization against the percent of incorrect task responses for that task (in this case
referred to as % task error). Using these data points, a correlation test with a linear trend
line was fitted to the data points for each visualization separately to establish if a
relationship between the two variables existed. The results show a weak correlation of
these variables for Fitbit and Strava (p = 0.765 for Fitbit, p = 0.297 for Strava), but that
the prototype had a strong correlation for these variables (p = 0.011). The correlation is
also positive, meaning that participants took more time to answer questions that they

were more likely to have an incorrect response for.

Figure 7

Average task time vs % incorrect task responses for each visualization across all 11 tasks with
trend lines, correlation p values, and correlation formulas
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Visualization Correlation p value Formula
Fitbit 7.65E-01 Incorrect Task Response Rate = -0.0016824*Avg. Time + 0.277677
Strava 2.97E-01 Incorrect Task Response Rate = 0.00144274*Avg. Time + 0.102317
Prototype 1.13E-02 Incorrect Task Response Rate = 0.0271024*Avg. Time + -0.329748
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Figure 8 below shows a box and whisker plot for the task times associated with each

completed task and separated by if that task response was correct or incorrect. Looking
at Figure 8, it is apparent that the distribution of mean task times is similar regardless of
whether the task responses are correct or incorrect. Performing the same analysis as in

Figure 7 without separating results by visualization yields a weak correlation (p = 0.568).

Figure 8

Distributions of task time for correct or incorrect task response
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4.1.2 Task Difficulty

The difficulty ratings assigned by participants to each task question for each visualization
were tallied and consolidated into a table in appendix K. The tallies for each visualization
show that tasks using Fitbit were generally considered easier than the other two
visualizations. Strava and the prototype both had more instances in which tasks were
considered more difficult. However, tasks completed with the prototype were more
generally assigned an extreme difficult rating such as “Very Easy” or “Very Difficult”
while Strava was more frequently assigned moderate difficulty rating of “Somewhat

Easy” or “Somewhat Difficult.”
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Figure 9 shows a scatterplot of incorrect task responses against average task
difficulty factor level for each task, separated by visualization. A factor level was
assigned to each difficultly level rating to allow the ordinal variable of difficulty rating to
be treated as a continuous variable and analyzed quantitatively. “Very Easy” tasks were
given a factor value of -2, “Somewhat Easy” was given a value of -1, “Somewhat
Difficult” was given a value of 1, and “Very Difficult” was given a value of 2. Factors were
arranged this way to frame higher ratings as more difficult so that a positive correlation
with incorrect response rate would mean higher incorrect response rates occur with
higher difficulty. The results of these regressions in Figure 9 indicate that tasks that had
higher rates of incorrect answers also tended to be rated as more difficult for tasks

completed using Strava or the prototype.

Figure 9

Scatterplot of incorrect task responses against average task difficulty factor level for each task,
separated by visualization
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Visualization Correlation p value Formula
Fitbit 9.89E-01 Incorrect Task Responses = -0.12894*Avg. Difficulty Factorial + 6.1094
Strava 7.90E-03 Incorrect Task Responses = 9.69966*Avg. Difficulty Factorial + 15.2745
Prototype 7.44E-04 Incorrect Task Responses = 13.008*Avg. Difficulty Factorial + 23.4657
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Figure 10 shows a scatterplot of average task completion time against average task
difficulty factor level for each task, separated by visualization under the same
methodology as in Figure 9. The results of these regressions indicate that tasks that had
longer average task times also tended to be rated as more difficult for tasks completed

using Strava or the prototype.

Figure 10

Scatterplot of average task completion time against average task difficulty factor level for each
task, separated by visualization
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Formula

Fitbit 3.24E-01

Strava 4.27E-03
Prototype 2.37E-02

4.2 Impacts of Other Factors

Avg. Task Time = 17.8611*Avg. Difficulty Factorial + 63.391
Avg. Task Time = 81.1898*Avg. Difficulty Factorial + 138.64

Avg. Task Time = 9.10254*Avg. Difficulty Factorial + 33.985

The second research question that this study asks is how traits of older adults or other

factors influence their ability to read and interpret physical activity data visualization. The

results of the relationships between these traits and factors and task performance with

each visualization were analyzed separately and are presented in this section.
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4.2.1 Research Group

Appendix L provides a series of tables that examine any statistically significant
differences in task performance between groups. Breaking down the number of incorrect
task responses between each group for each task and visualization and comparing
these numbers through chi square tests revealed that group had in impact on the
number of incorrect responses overall when using the Fitbit data visualization (p =
0.044). Group 1, the group that uses Fitbit as the first visualization, had significantly
more incorrect responses than group 2 and group 3. However, comparing the task time
distributions between groups by task and by visualization using ANOVA tests yielded no

statistically significant differences for any of the distributions.

4.2.2 Demographics

Task performance differences between different baseline demographic characteristics
were compared in the same manner as for research groups: number of incorrect task
responses between each baseline demographic characteristic for a given task or
visualization were compared through chi square tests, and task time distributions
between each baseline demographic characteristic for a given task or visualization were
compared through ANOVA tests. The summary data and results of these analyses are
contained in appendix M. Incorrect response numbers when separated by task did not
result in any statistically significant differences between any of the baseline
characteristics. However, when separated by visualization, the number of incorrect task
responses had a statistically significant difference based on career field for the Fitbit
visualization (p = 0.015). Analyzing differences in task time distributions between

baseline characteristics by task revealed a statistically significant difference between
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baseline groupings for education on task 8 (p = 0.027), for career field on task 9 (p =
5.7e-05), and for gender on task 9 (p = 0.043). Analyzing differences in task time
distributions between baseline characteristics by visualization also revealed a
statistically significant difference between baseline groupings for education when using
Strava (p = 0.011) and when combining all task and visualization data together (p =
0.05). Itis important to note that many of the samples for baseline demographic
characteristics were very small, and so this analysis may not be reflective of differences
in performance based off these demographic characteristics within the full population of

older adults.

4.2.3 Other Factors

Figure 11 below shows scatterplots of the percent of incorrect task responses for each
visualization against the continuous moderating variables: GLS score, year using a
fitness tracker, and average active hours per day. Years using a fitness tracker and
average active hours per day show a weak correlation with number of incorrect task
responses (p = 0.94 and p = 0.15). However, GLS score shows a strong correlation with
the number of incorrect task responses (p = 0.017) suggesting that for every question on
the GLS a participant answered correctly, they were roughly 3% more likely to have an

incorrect response to a task question.
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Figure 11

Scatterplots with trend lines for GLS Score (top left), Years Using Fitness Trackers (top right),
and Avg Active Hours / Day (bottom left) vs incorrect task response rate
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Figure 12 below shows scatterplots of total task completion times for each
visualization against the continuous moderating variables: GLS score, year using a
fitness tracker, and average active hours per day. Years using a fitness tracker and
average active hours per day show a weak correlation with mean task time (p = 0.072
and p = 0.16). However, GLS score shows a strong correlation with mean task time (p =
0.034) suggesting that for every question on the GLS a participant answered correctly,
they were likely to have taken 56 seconds less to complete all 11 tasks for a

visualization.
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Figure 12

Scatterplots with trend lines for GLS Score (top left), Years Using Fitness Trackers (top right),

and Avg Active Hours / Day (bottom left) vs task completion times
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4.2.4 Group Composition

The demographic makeup of each of the three

to monitor for any statistically significant differe

over group task performance. Appendix N provides tables for the chi square test results

of the distribution categorical demographic vari

results for the distribution of continuous factors

statistically insignificant p values aside from the ANOVA for GLS distribution (p = 1.57e-

04). GLS distribution showed group 2 having a

1 having the lowest.
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CHAPTER §

DISCUSSION

The outcomes of task performance in chapter 4 provided quantitative results that roughly
outline the limitations of what information each visualization can provide to older adults.
These findings are valuable in answering the question of how the format of physical
activity data visualizations impact older adults’ abilities to infer accurate meaning from
physical activity data. However, the intent of this study to gain a thorough understanding
of how data visualization formats impact older adult’s ability to infer meaning from those
visualizations also necessitates understanding what interactions users have with that
data visualization and how those interactions result in a correct or incorrect response,
and how much effort is required by the user to arrive at that response. Participant
responses and feedback during task questions and interviews throughout the study are
the starting point for gaining this understanding. As mentioned in Chapter 3, the
debriefing interview questions were not analyzed using systematic qualitative
approaches, but participant responses were used to try to understand how visualization

design led participants to their response that led to resulting quantitative measurements.

5.1 Explanations of Task Performances

As previously described in Section 3.3, Fitbit's fundamental data visualization format is a
time series bar graph in which each bar represents the miles walked on a single day or
average miles walked in a week. The different basic components of this data
visualization, which were shown back in Figure 1, include the bars that represent

distance walked, the y-axis that specifies the magnitude of distance for each bar, the x-
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axis that specifies the date associated with each bar, and the timespan summary which
includes totals over the entire timespan for steps, distance, and calories burned. These
components each played a different role as participants explored data to complete task
questions, and were used differently for different tasks, sometimes having a positive
influence on task completion and other times having a negative influence.

This discussion of task performance will begin with the x axis, which is intended
to present information about the date or date range that each bar corresponds to. When
participants searched for answers to task questions 1 and 2 using Fitbit's visualization,
many participants struggled to use the x axis for the year overview to identify during
which month in the year the most and least active weeks occurred. The placement of
data labels does not follow a regular interval, with some adjacent labels being for
consecutive months and others being a full month apart. These labels also were not
consistently aligned with bars representing a particular point in that month, and no other
visual cue to signify the start or end of a month was present. When narrowing the scope
to the month overview, the x axis presented labels for the dates of some of the bars but
lacked labeling to signify what day of the week a bar corresponded with. The week
overview’s x axis was the opposite, displaying labels on the x axis for the day of the
week a bar represented but not the date. Fitbit's results for tasks 3 and 4, in which
participants were asked to establish a week-to-week pattern in activity, suggested that
participants needed more time to view the separate week overviews to establish which
days of the week regularly had the most or least activity since the month overview did
not provide all the information needed to answer this task question.

Some design choices for Fitbit's y axis also had negative impacts on overall task
performance. The range of the y axis varies depending on the range of miles across the
dates that are being displayed. For example, in a week during which the fewest miles

walked on a single day was just under two miles, the y axis would begin at one mile
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rather than zero miles. Good Charts by Scott Berinato explains that truncating a y axis in
this manner carries the risk of exaggerating the difference in values between different
bars [70]. This can be advantageous to emphasize differences in bars, but the visual
representation of actual values for each bar will not be accurate in addition to the visual
representation of the differences between these values. The inaccuracy of this visual
representation of differences is compounded in situations where users compare the
length of bars on different screens where the y axis has different ranges of values. The
length of a bar representing 1.5 miles with a y axis starting a one mile may appear
shorter than a bar representing 0.9 miles on a y axis starting at zero miles depending on
the maximum value of each y axis, meaning that users would need to use the y axis to
estimate the approximate value of each bar and then compare these values. Literature
about graphical literacy suggests that users having lower graphical literacy may have
trouble approximating these values or even may not notice that change in y axis ranges
and make comparisons of miles walked based on bar length alone [46]. This exact
scenario occurred multiple times during task 6 when participants interacted with the Fitbit
visualization, during which eight of the thirty participants believed a date with 1.3 miles
walked had less walking distance than a date with 0.6 miles because the week of the
date with 1.3 miles had a y axis beginning at one mile and the date with 0.6 miles was
on a week where the y axis began at zero miles.

Of the 11 tasks that participants were asked to complete, task 10, in which
participants needed to determine the number of days in September on which less than
one mile was walked, was Fitbit's worst task performance in terms of the number of
incorrect responses. 27 participants had an incorrect response to this task question, and
23 of those participants responses were incorrect at least partially because participants
could not determine that 0.99 miles were walked on the date of September 25" instead

reading the bar to be equal to one mile. The difficulty of reading the exact value of this
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bar may have been made even more difficult by the low contrast ratio of the horizontal
reference line to the background of the bar graph. Individuals aged 60 or older have
been shown to have a reduced contrast sensitivity [54]. The horizontal reference lines
marking each whole mile on the y axis are a light gray color having a contrast ratio of
only 1.09:1 on the white background of this bar graph. Many participants remarked either
that they did not notice these reference lines for several task questions or remarked that
they would have liked the addition of these reference lines not realizing that they were
already present at all. Though the importance of knowing a value to the exact hundredth
of a mile may not exist for all users, these results still signify that using the bars alone in
Fitbit's visualization cannot reliably present data to this level of detail.

One of the most successful aspects of Fitbit's data visualization design was the
summaries provided under the bar graph that present totals for the steps and miles
walked in the period being visualized as well as the estimated calories burned. Many
participants used these summaries to complete tasks 7 and 8 which ask for total miles
walked during the month of February and the week of November 5", respectively. Since
these totals are written as a number rather than being visualized in some other manner,
participants could simply navigate to the screen for the correct time frame and reference
the number of miles at the bottom of the screen.

Strava’s visualization method was very different from Fitbit’s, using circle size
instead of bar length to visualize miles walked on an individual date and arranging dates
of the same week in the same row and dates of the same day of the week vertically in
the same column with labels for the miles walked on an individual day to the nearest
tenth of a mile. This visualization was comprised of three major components, shown
back in Figure 2, which are the circles and labels that represent the total miles walked in
a day, the headers for the days of the week of the circles, and the summary information

for the date range of the circles to the right as well as the total distance traveled over the
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course of that week. The range of dates and sum of miles for the week, which were
positioned to the left of the corresponding week were the primary reason that Strava’s
visualization had a strong performance for task 8 which asked participants to determine
the total number of miles walked during the week of November 5. Strava’s performance
on tasks requiring assessment of the miles walked on a particular date such as task 9 or
a comparison of the miles walked on multiple dates such as tasks 3 through 6 also
generally had very few incorrect responses due to the fact that participants could quickly
identify the dates with the most or least activity based on circle size and then compare
the values of the labels between circles with similar sizes or read the label on the circle
corresponding to the date of interest. However, on dates where less than one miles was
walked, data labels for miles walked are not present. Task 10, though similar in nature to
task 9, had more incorrect responses than task 9 because participants were unsure
about the meaning of small circles without labels and how they differed from dates
labeled “Rest.”

Participants had difficulty completing Task 11 in which they were asked to find a
nine-day streak of no recorded activity for the same reason as difficulty in completing
task 10, being the ambiguous meaning of the small circles with no label, in addition to
the fact that the nine-day streak did not appear to be continuous because some
participants read dates in the incorrect order. Dates are displayed with the most recent
weeks at the top of the page and less recent weeks appearing as the user scrolls down,
and days of the week are arranged in order from left to right. This means that if a user
wants to view their activity from three consecutive weeks in order, they need to scroll
down to the first date they want to view, read from left to right until the rightmost day,
and then move up a week and read from left to right again. Several participants viewing
dates out of order is not surprising when considering that a Gregorian calendar is read

from top to bottom and left to right rather than bottom to top and left to right.
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Another task type that participants struggled to complete when using Strava’s
visualization were tasks concerning the total activity in a month because of Strava’s lack
of summarization of miles walked at this time span. To respond to tasks 1 and 2 and
identify the most and least active months, participants needed to either judge the amount
of activity visually by typical circle sizes or take more time and estimate the miles walked
during that month using the weekly totals to the left. Both techniques were shown to be
prone to error and to be time consuming. The same applied to task 7 which asks for the
total miles walked in the month of February. Participants could arrive at this value be
adding the weekly totals for the weeks that were entirely contained within February and
then adding the individual dates from February on weeks where part of the week was in
January or March. However, many participants performed this calculation mentally and
had an incorrect response due to errors in rounding or arithmetic.

The final of the three visualizations, the prototype, uses two different visualization
methods to display data: a simple bar graph for the total miles walked in each month for
a year overview, and a calendar format that colors each date on the calendar a darker
shade of green the more activity occurs on that date. Each of these two visualization
methods is comprised of several components, which are shown back in Figure 3. To
restate, the components of the heatmap visualization include the colored squares
arranged as a Gregorian calendar that indicate miles walked on the corresponding date,
the color key that provides reference for the distance associated with the color of
squares in the calendar, the headers for the days of the week of the squares of the
calendar, and horizontal bars and labels for the total miles traveled in the week for the
dates shown on the calendar directly to the left. In the year overview, components
included are the bars and labels for the total miles walked in a month, the y axis for the

bars, and the x axis that indicates which month the bars correspond to.
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Tasks 1 and 2 were quickly and correctly responded to because participants
were able to quickly compare bar lengths to see which months had the most or least
activity and could reference the labels on each bar that show the total miles for that
month. Participants were also able to quickly and correctly obtain the miles walked
during the week of November 5™ for task 8 since bars with labels for total miles walked
during that week are displayed to the right of the calendar week in the month overviews.
Despite the prototype performing well on tasks 1 and 2, this visualization did not perform
as well on task 7 in which participants were asked to figure out the total miles walked in
the month of February. Although this total was available as a data label for the bar
representing February in the month overview, 20 out of participants preferred to use
February’s month overview page. Participants added up the week totals shown in that
month since no monthly summary values are provided in the month overview pages, but
since the week totals include miles from days that are at the end of the previous month
or beginning of the next month, this strategy did not result in a correct response from the
participants who used it.

The prototype’s performance on tasks that are concerned with assessing the
miles walked on a day or a comparison of miles walked on different days was variable,
particularly for the number of incorrect responses. Because the miles walked on a day
are represented by the darkness and saturation of the color in the square for that date,
to compare how many miles were walked on different days requires a user to compare
the colors in each of the squares and determine which is lighter or darker. As mentioned
when discussing Fitbit's horizontal reference lines, older adults tend to have lesser
contrast sensitivity [54], so making comparisons between similar colors in tasks 4 and 6
was difficult where the contrast ratios were 1.06:1 and 1.01:1 respectively when
comparing the most similar values that were relevant to the task questions. The

comparison for task 3 was less difficult than for task 4 due to a higher contrast ratio of
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1.35:1 for the second most active day of the week and third most active day of the week.
Although task 5 had a contrast ratio of 1.06:1 like task 4 did, it had far fewer incorrect
responses. Appendix O includes a table listing the colors being compared in these tasks
and their contrast ratios for reference. It is possible that because the comparison was
only between two days in that month which were both colored significantly darker than
all surrounding days that it was easier to compare these colors, but the reason for
performing better on this task when comparing the same contrast ratio is unclear at this
time. Tasks 9 and 10, which require assessment of the color of squares on the calendar
to determine the miles walked on those days had the highest incorrect response counts
of all tasks when completed using the prototype. The only reference that can be used to
associate color with miles walked is a key to the left of the calendar that shows a color
gradient with the minimum and maximum value labeled on either end of the gradient. In
general, participants were not able to estimate within a mile of the actual value of miles

walked on dates of interest.

5.2 Task Difficulty vs Task Time & Task Response

The analysis section compared mean task time and the percentage of incorrect task
responses for each visualization-task pair to the average difficulty rating for that pairing.
That analysis revealed that for tasks with higher percentages of incorrect task responses
and higher average task completion times, participants rated those tasks as more
difficult on average for Strava and the prototype. This finding suggests that when using
these visualizations to complete certain tasks, participants were generally aware when
they spent a longer time on a task or when they did not answer the task correctly and

may also suggest (although not definitively) that participants are aware of the reasons or
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design elements that cause task completion to take more time or have a higher

likelihood of incorrect task response.

5.3 Other Impactors of Task Performance

Of the array of potentially moderating variables considered by this study, some were
found to have influence over task outcomes. There were several instances in which
variability in the sample showed statistical significance, but the only moderating variable
that was found to impact both task response correctness and task completion time
across all tasks and visualizations was GLS score. Graphical literacy is expected to have
an inherent affect the outcomes of task response correctness and task completion time
due to it being a direct measure of how well an individual can read a data visualization
[45], and that tasks in this thesis are centered around viewing and interpreting data
visualizations. High graphical literacy implies that an individual can properly read a data
visualization and that they are able to do so more accurately and efficiently than
someone with lower graphical literacy [46]. However, in general, a larger sample size is
needed to make a concrete determination of the effects of the variables among the
intended population that are highlighted in this study. When comparing performance
between education level or career, for example, some of these subgroups were as small
as two or one person. No strong evidence was found supporting any variable aside from
graphical literacy having a strong impact on older adults’ ability to interpret these
different forms of data visualizations, but this thesis also cannot put forward the absence

of such an influence.
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5.4 Desigh Recommendations
The differences and similarities in results of each visualization across task questions and
the probable reasons for these results offers substantial insight into what works well and
what does not for visualizing an individual’s physical activity history for a user base of
older adults. The explanations of task performance point out many design choices that
have a positive impact in answering various questions while others have a negative
impact, but three principles of design stand out as the most universal and beneficial:

1. Make exact values available

2. Summarize data at multiple timescales

3. Ensure accessibility for the entire population
These three principles of visualization design for physical activity data have some
overlap, but each has its own significance for designing a successful data visualization

of physical activity data for older adults.

5.4.1 Make Exact Values Available

The most consistent result across all visualizations was tasks whose correct answer was
written as a number had many fewer incorrect responses. Providing numbers for users
to reference eliminates the need for a user to translate a visual feature into a quantified
value, allowing a user to answer questions about their data more efficiently and
accurately. However, this does not mean that written numbers should replace visually
encoding values. Strava’s performance on tasks 3 through 6 showed that combining
visual encoding with labels for exact numbers can be a powerful tool that facilitates
accurate and efficient review of data. When completing these tasks with Strava,
participants were able to quickly scan the size of the circles to find dates that they were

interested in, whether large or small, and use the labels to compare the exact values
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between dates when circle sizes were too similar to compare alone. Though in Fitbit and
Strava’s native forms, this information is already available by interacting with the dates of
interest on each visualization, the results obtained by removing these features from the
visualization validate how important the presence of this function is to a successful data

visualization of this physical activity data.

5.4.2 Summarize Data at Multiple Timescales

The only data visualization used in this study that did not have at least two different
timescales available to view data was Strava training log. When participants completed
the tasks that required comparison of the amount of activity in different months or
obtaining the total number of miles walked in a month, this visualization’s limited ability
to help a user answer these types of questions became apparent with high numbers of
incorrect responses and long task completion times. Having no visualization of data
totaled over longer periods of time, such as total distance walked over a month, limits
the ability of users to compare the amount of activity across longer periods of time, see
long-term trends, and presence or absence of long-term patterns that may repeat from

year to year.

5.4.3 Ensure Accessibility for the Entire Population

Considering the universal benefit of regular physical activity on individuals’ health and
the potential of physical activity tracking technology to improve physical activity habits [3-
5], data visualizations for physical activity tracking should be designed in such a way that
all users can utilize these visualizations to their full potential and gain all possible

benefits. Users of such technology may have a variety of characteristics that limit or
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negate the usefulness of the visualization due to accessibility issues. Two such
characteristics that were already mentioned in this study are low graphical literacy, in
which an individual has a lesser ability to read and interpret data visualizations, and low
color contrast sensitivity, in which individuals are less capable of distinguishing between
similar colors. Another relevant characteristic is colorblindness, of which there are many
different forms that limit an individual’s ability to distinguish between certain color
pairings, or in some cases, detect colors altogether. Have awareness of how these
characteristics impact accessibility and putting care info format and color palette choices
for data visualization designs can ensure that the visualization is equally accessible to all
individuals. The United States General Services Administration (GSA) Technology
Transformation Services has developed standards regarding minimum acceptable
contrast ratio of text on webpages which can be applied to text and other features on a
visualization’s design [71], and tools exist to simulate how an image appears to
individuals with different forms of color blindness so the color palette can be inspected

for overlap in perceived color across forms of color blindness [53].

5.5. Prototype Improvements

Though the prototype was designed specifically for this thesis, there were still several
tasks with poor performance results. The three major design recommendations from
above can be applied to the prototype to identify design solutions that will strengthen the
weak points of this visualization and make it a more effective tool overall. Beginning with
making exact values available, a means of obtaining the exact number of miles walked
on a day should be provided for users. One option is to record the exact number of miles
on each square along with the color coding used to signal general level of activity, but
this may clutter the visualization. Instead, making the visualization dynamic and allowing

users to get details about what amount of physical activity occurred on a date by either
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hovering a cursor over it or clicking on it will provide users with all the information they
need to know how much walking occurred on an individual day and will facilitate
accurate comparison of the amount of walking that occurred among several different
dates.

Now considering summarizing data at multiple timescales, the prototype already
provides visualizations that offer totals for miles walked at the resolution levels of
months, weeks, and individual days. However, a total for the number of miles walked in
a month on that month screen will negate the need for users to change to the year view
if they want to know the total miles walked in a month while on the month overview, and
it would also prevent the users from adding the week totals and arriving at an incorrect
value for total miles walked in that month.

Lastly, to make the prototype visualization as accessible as possible, the addition
of exact mile values in a popup for individual days is recommended again. Providing this
information allows reduces a user’s need to rely on graphical literacy or their sensitivity
to color contrast. Also testing the current design and color palette for different types of
color blindness, the colors for the bars representing total distance walked in a week and
the colors for shading the individual dates on the calendar appears to overlap in hue for
the color blindness types of tritanopia (blue-yellow color blindness) and monochromacy
(total color blindness). With the current design, users could mistakenly add some
significance to the shading of the bars for total distance in a week since the shading for
the dates in the calendar portion has significance. The most effective resolution for this
issue would be to remove the horizontal bar altogether and leave only the label for miles
walked during that week similar to Strava’s training log format. The length of the bar is
somewhat redundant when acknowledging that the shading of individual dates in a week
already fulfills the role of visually indicating that a week had significantly more or less

activity than the preceding or following week. Users would presumably still be able to
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scan and identify when a week had a relatively high or low amount of physical activity
and reference the label for the total miles walked in a week to determine the differences

between weeks that had similar levels of activity.

5.6 Recommendations for New and Existing Physical Activity Tracker Users
Although the focus of this thesis is on how to better design data visualizations of physical
activity data to more readable and useful for older adults, this information can also be
used to guide what apps and tools an older adult should adopt based on how physical
activity data is visualized. As a user, first considering what goals you have for tracking
physical activity will help you decide what app or tool is right for you. From these goals,
come up with several questions that you may have about your own data like the 11 task
questions used in this study. After either entering placeholder data into the application or
collecting physical activity data, you can attempt to use the data visualizations generated
in the application or tool to answer the questions that you came up with. If the data
visualization seemed to allow you to answer all these questions easily and if the answers
to these questions were informative or useful, the application or tool may be a good fit
for collecting your physical activity data. Otherwise, a different tool may exist that is a

better fit.

5.7 Incorporation of Additional Data

Many medical professionals and consumers have expressed interest in combining
physical activity data with other personal health data to achieve a more holistic overview
of one’s health. Medical professionals have considered incorporating this data into EHRs
to monitor patients’ exercise habits since these habits may help to prevent or manage
conditions such as heart disease and diabetes [23-25]. Participants from this study also
expressed interest in combining physical activity data with additional data such as

nutrition, weight, blood pressure, and blood glucose level to understand how exercise
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habits correlate with or impact other measurements. These types of questions require
more data and are more complicated to answer. Consequently, answering these
questions through data visualization would require a different form of data visualization
that can effectively visualize more than one type of measure. The key design
recommendations for physical activity data visualization from this thesis are not intended
to guide design of data visualizations of this nature and are limited to visualization only

of measures that relate to physical activity history.

5.8 Limitations
This study has several limitations that are important to consider when incorporating the
findings of this study to a more general application. The population of this study was not
diverse: 100% of participants were white, 87% were female, and 93% have some form of
college degree. Though this study was prepared to examine the effect of these different
demographics on how individuals may interact with these data visualizations, how the
findings of this study apply to the general population cannot be fully understood with this
absence of variation in participant demographics. Unfortunately, data for more precise
ranges in age of participants was not collected due to that field on the demographic
questionnaire being lost in the migration of all questionnaires to Qualtrics for remote
Zoom sessions. For the analysis of how the amount of fithess tracking experience
participants have affects task performance, this may also not be accurate due to eight
participants indicating that they had used fitness trackers but not inputting the amount of
time for which they had used them.

The task performance data presented in this study also cannot be assumed to be
reflective of the long-term utility or usability of these data visualizations. Participants in

this study were not educated on how to read any of the data visualizations, and
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questions regarding how to read them were not allowed to be answered during the
session. For an actual application or data visualization used in the real world, users
would have access to countless resources to help them learn to better read and
understand the data that they are collecting. These resources could come in the form of
an in-app tutorial, online forums, online video guides, or customer service to name a few.

Participants’ task difficulty ratings also may have limited validity because of the
time at which the questions to assign them were introduced. Participants were asked to
assign task difficulty ratings for all 11 tasks after the final task was completed, and
several participants verbalized that they could not recall how quickly or easily they
arrived at an answer. Participants may have assumed better or worse performance on a
task than what they had experienced.

The visualization mockups in this study did not include some features that may
have been helpful in task completion for the sake of evaluating the visualizations as
directly as possible. Visualizations housed in modern apps or websites could allow the
user to hover over or click or tap on a data point on the data visualization to get an exact
readout of the distance or other metric of interest that was achieved on that data point.
Visualization mockups and tasks also only presented physical activity in the form of
distance walked in miles. Many users may prefer a different metric such as steps
walked, calories burned, or even distance represented in a different unit such as
kilometers. Displaying data with these different metrics may have produced different
results, and users may find these different metrics more useful or less useful than
distance walked.

Lastly, this study makes no claims regarding the potential of any of these
visualizations to better inspire older adults to perform the recommended amount of

physical activity on a regular basis. This research paper only recognizes that improved
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data visualization has the potential to inspire a greater level of physical activity by

teaching users more about their habits and health from the data that they are collecting.

5.9 Future Work

Considering the limitations of this study, some opportunities for related future work exist.
A longitudinal trial with one or more high-fidelity data visualizations developed based on
the findings of this study would provide more insight into what visualizations have the
best performance over long term, what older adults are able to learn from the data
visualizations they interact with, what information older adults are most interested in
learning from their data, and if different, more informative data visualizations can

motivate older adults to be more physically active.
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CHAPTER 6

CONCLUSION

In this thesis, a task-based human subject study was performed with three different data
visualizations to gain insight into how the format of physical activity data visualizations
impact older adults’ abilities to infer meaning from physical activity data. Also considered
were additional effects from other traits or factors that vary between individuals such as
demographic group, previous experience with fitness tracking technology, and graphical
literacy. A prototype data visualization that was designed specifically for this study and
two data visualizations from popular on-market apps for physical activity tracking were
used by participants to complete a set of 11 tasks. Results from the time taken to
complete these tasks and responses given suggest that how data visualizations are
formatted heavily affect how older adults infer meaning. Each visualization had its own
unique strengths and limitations, with none exhibiting strong performance across all
tasks. From the successes and shortcomings of each visualization, three key design
recommendations for the design of data visualizations for physical activity data were
made: 1) make exact values available, 2) summarize data at multiple timescales, and 3)
ensure accessibility for the entire population. Although a few statistical tests showed a
statistically significant relationship between moderating variables and task performance,
these results did not show a strong pattern across visualizations or tasks. The efforts
made in this study have provided some direction for how physical activity data
visualizations can be better designed for older adult users, but there is still much more to

be learned to create a more informative system that can inspire a more active lifestyle.
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APPENDIX A

TASK DIFFICULTY QUESTIONNAIRE

Q1 Which visualization did you just interact with?

Fitbit (bar graphs)

Strava training log (circles)

Exercise calendar (colored squares)

Q2 Was this the first, second, or third visualization you interacted with?

First

Second

Third

Q3 Below, please select the difficulty level you feel best represents the difficulty of completing
each task question with the visualization that you just interacted with. (difficulty selection table on
next page)
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Very Easy Somewhat  Somewhat Very
(1) Easy (2) Difficult (3)  Difficult (4)

Task 1: During which month of 2018
was Jane most active? (1)

Task 2: During which month of 2018
was Jane least active? (2)

Task 3: In June 2018, on which two
days of the week did Jane tend to walk
furthest? (4)

Task 4: In June 2018, on which two
days of the week did Jane tend to walk
least? (5)

Task 5: During the month of July 2018,
on which day did Jane record the most
distance walked? (6)

Task 6: During the month of July 2018,
on which day did Jane record the least
distance walked? (7)

Task 7: How many miles did Jane walk
in February 20187 Round to the
nearest whole number in miles. (8)

Task 8: How many miles did Jane walk
during the week of November 5th,
20187 Round to the nearest whole

number in miles. (9)

Task 9: How many miles did Jane walk
on May 12th, 20187 Round to the
nearest whole number in miles. (10)

Task 10: In September of 2018, on how
many days did Jane walk under 1 mile?

(1)

Task 11: At some point in 2018, Jane
had a streak of 9 consecutive days with
no physical activity recorded (no
distance walked). What is the start date
of this 9-day streak? (12)
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APPENDIX B

SIMPLE PHYSICAL ACTIVITY TRACKING QUESTIONNAIRE (SIMPAQ)

This questionnaire will ask you about what you have been doing over the past seven days,
including time spent in bed, sitting, or lying down, walking, exercise, sport, and other activities.

1A | What time did you usually go to bed over the past seven ex: 10:00pm, 1:00am
days?

1B | What time did you usually get out of bed over the past seven
days?

Average hours 0
in bed per night

That leaves 24 hours a day for
approximately other activities.
2A | Out of those remaining hours, how long hours minutes

did you spend sitting or lying own, such as
when you are eating, reading, watching
TV, or using electronic devices?

2B | How much of this time is spent napping? hours minutes
Total 0
That leaves 24 hours a day for
approximately other activities.

3 | Which days in the past seven days did you walk for exercise or recreation or to get to or from
places? How many minutes did you usually spend walking on those days?

Monday Tuesday Wednesday Thursday Friday Saturday Sunday
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Avg hours
walking per day

Now think about an activity that you do for exercise and sport, such as jogging, running, swimming, bike riding,
going to the gym, yoga, etc. Which days in the past week did you do any of the, or similar activities, and how
long did you spend on each activity on each day? Please list below.

Day Activity and Number of Minutes Total
intensity (0- sessions spent on minutes
10) each activity | exercised

example resistance 1;1 15; 50 65
training (5/10);
tennis (9/10)

Monday

Tuesday

Wednesday

Thursday

Friday

Saturday

Sunday

Total 0

Avg hours 0

sport/exercise

per day

Now think about any other physical activities that you did as part of your work or activities you did while at home
such as gardening or household chores. How many minutes did you spend on these activities on most days?

minutes/days

Sum of times (should
be roughly 24 hours)
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APPENDIX C

PHYSICAL ACTIVITY TRACKING EXPERIENCE QUESTIONNAIRE

Q1 Have you ever used a fitness tracking device or fithess tracking app before?
) Yes (1)

) No (2)

Display This Question:

If Have you ever used a fitness tracking device or fitness tracking app before? = No

Q2 Is there a particular reason you have not used a fitness tracking device or fitness tracking app
before? If so, please explain below.

Display This Question:

If Have you ever used a fitness tracking device or fitness tracking app before? = No

Q3 What features could make fitness tracking useful for you?

Display This Question:

If Have you ever used a fitness tracking device or fitness tracking app before? = Yes
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Q5 Do you still use your fitness tracker?
) Yes (1)

) No (2)

Display This Question:

If Have you ever used a fitness tracking device or fitness tracking app before? = Yes

Q4 For how long have you used fitness tracking technology?

Display This Question:

If Have you ever used a fitness tracking device or fitness tracking app before? = Yes

And Do you still use your fitness tracker? = Yes

Q6 What keeps you engaged in tracking fitness/exercise?

Display This Question:

If Have you ever used a fitness tracking device or fitness tracking app before? = Yes

And Do you still use your fitness tracker? = No

Q7 Why did you stop using your fitness tracking technology?

Display This Question:

If Have you ever used a fitness tracking device or fitness tracking app before? = Yes

Q9 What apps and devices did you use?
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Display This Question:

If Have you ever used a fitness tracking device or fitness tracking app before? = Yes

Q8 Which of the following most closely describes how you tracked your fithess?
) Smartphone only (1)

() Wearable device on wrist (2)

() Wearable device on waist (3)

() Other (4)

Display This Question:

If Have you ever used a fitness tracking device or fitness tracking app before? = Yes

Q10 What data were you interested in tracking? Select all that apply.
O Time spent exercising (1)

O Distance moved (2)

Steps taken (3)

Calories burned (4)

Heart rate (5)

Sleep (6)

O 0 00d

Other (7)
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APPENDIX D

DEMOGRAPHICS QUESTIONNAIRE

Q1 Highest level of education completed?

No schooling completed (1)

Elementary school to 8th grade (2)

Some high school, no diploma (3)

High school graduate (diploma or equivalent) (4)

Trade / technical / vocational training (5)

Some college credit (no degree) (6)

Associate's degree (7)

Bachelor's degree (8)

Master's degree (9)

Professional degree (10)

Doctorate degree (11)

Prefer not to say (12)
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Q2 Career or field of study?

Arts and humanities (1)

Business (2)

Health and medicine (3)

Public and social services (4)

Science, math, and technology (5)

Service (6)

Social sciences (7)

Trades and professional services (8)

Other (9)

Prefer not to say (10)

Q4 Do you identify as any of the below genders?

Male (1)

Female (2)

Non-binary / third gender (3)

Agender (4)

Prefer not to say (5)

Prefer to self-describe (6)
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Q5 What ethnicity do you most closely identify with?

Asian / Pacific Islander (1)

Black or African American (2)

Hispanic or Latino (3)

Native American or American Indian (4)

White (5)

Other (6)

Prefer not to say (7)

Q6 Have you been diagnosed with any chronic health conditions? If so, please list below.
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APPENDIX E

SHORT GRAPHICAL LITERACY SCALE

Q3 The graph below shows the percentage of people who die from different types of cancer.

Percentage of people that die from different forms of cancer

Colon cancer

Lung cancer
Breast cancer

Prostate cancer

Other forms of
cancer

Q4 About what percentage of people who die from cancer die from colon cancer, breast cancer,
and prostate cancer taken together? Please enter a number and percent sign (%) below.
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Q5 You see two magazine advertisements on separate pages. Each advertisement is for a
different drug for treating heart disease. Each advertisement has a graph showing the
effectiveness of the drug compared to a placebo (sugar pill).

Crosicol helps!

New findings:
60—

50

40+

% of patients who die

Placebo

Crosicol

New findings:
60 ]

e

a
o
1

401

w
o
1

20 4
10 5
0

% of patients who d

Placebo Hertinol

Hertinol helps!

Q6 Compared to the placebo, which treatment leads to a larger decrease in the percentage of

patients who die?

Crosicol (1)

Hertinol (2)

They are equal (3)

Can'tsay (4)
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Q7 The graph below shows the number of men and women with disease X. The total numbers of
circles is 100.

O

O

Men

Women

® ® ® ®6 OO O O O
® ® @ ®§6 OO O O

® 6 ®d ®d OO OO O O
® ® ® ®§d OO OO O O
® ® ®§ ®§ OO O O O O
® @ ® ®d OO OO O O
® ® ® ®d OO O OO O
® ® ®d ®d OO OO O O
® ® ®d ®d OO OO O O
® ® ®d ®d OO OO O O

Q8 How many more men than women are there among 100 patients with disease X? Please
enter a number below.
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Q9 You see two newspaper advertisements on separate pages. Each advertisement is for a
different treatment of a skin disease. Each advertisement has a graph showing the effectiveness
of the treatment over time.

Apsoriatin NOPSORIAN

% sick patients
% sick patients

After After After After
2 months 6 months 2 months 6 months

Q10 Which of the treatments shows a larger decrease in the percentage of sick patients?

Apsoriatin (1)

Nopsorian (2)

They are equal (3)

Can'tsay (4)
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APPENDIX F

TASK DATA DIFFICULTY CONTROL STRATEGIES

Task Task Question Correct Correct Correct Strategy
Answer Answer Answer
(Fitbit) (Strava) (Prototype)
1 During which month June July June Most active month always
was Jane most (113 mi) (99 mi) (113 mi) roughly 10% higher than
active? 2" highest month for a

consistent relative

comparison
2 During which month December April November Least active month always
was Jane least roughly 20% lower than 2"
active? lowest month for a

consistent relative

comparison
3 InJune, on which two  Saturday, Friday, Friday, 2"4 most active day of the
days of the week did  Sunday Sunday Saturday week always roughly 20%-
Jane tend to be most 30% higher than 3 lowest
active? day of the week for a

consistent relative

comparison
4 In June, on which Monday, Tuesday, Monday, 3" |east active day of the
three days of the Wednesday, Wednesday, Tuesday, week always roughly 10%
week did Jane tend Thursday Thursday Wednesday lower than 4™ lowest day of
to be least active? the week for a consistent

relative comparison

5 What was the date of  July 29th July 27th July 23rd Most active day in July
Jane’s most active always 5-10% higher than
day in July? 2"4 most active day in July

for a consistent relative

comparison
6 What was the date of  July 7th July 12th July 5th Least active day in July
Jane’s least active always 15-25% lower than
day in July? 2" |east active day in July
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Task Task Question Correct Correct Correct Strategy
Answer Answer Answer
(Fitbit) (Strava) (Prototype)
for a consistent relative
comparison
7 How far did Jane 61 (61.1) 71 (70.78) 59 (59.4) Keep values in a generally
walk in the entire similar range (+/- 25%), do
month of February? not set February as the
You may round to the extreme high or low in
nearest whole mile. questions 1 or 2 to avoid
participants looking up
same value twice
8 How far did Jane 11 (11.03) 12 (11.69) 11 (11.01) Keep values in a generally
walk during the week similar range (+/- 10%)
of November 51?
You may round to the
nearest whole mile.
9 How far did Jane 4(4.2) 3(2.5) 4 (4.27) Keep values away from
walk on May 12? extreme ends of mile
You may round to the spectrum
nearest whole mile.

10 In September, on 8 9 6 Provide 2-3 days within
how many days did between 0.9 to 1.1 miles
Jane walk less than 1
mile?

11 At some pointin December December November Place towards end of year
2018, Jane missed 7th 18th 20th since participants will

collecting data for 9
days in a row. What
is the start date of
this 9-day streak?

85

always begin this question
in the month of September;
if participants have a
consistent strategy to check
either towards January or
December then this will limit
variability to time to scan

each month in that direction



APPENDIX G

FORMATS OF STANDARD EMAILS SENT TO PARTICIPANTS

Initial Contact Email

Hi [potential participant name],

If contacting through Rare Patient Voice

I'm Peter Frackleton - a master’s candidate and researcher at the University of Massachusetts
Ambherst. | am working with Rare Patient Voice (Project Number UMASS_5378) to recruit
participants for my thesis study. They provided me with your contact information following
indication from you that you might like to participate and that you meet the requirements for
participating in this study.

All other participant leads

I'm Peter Frackleton - a master’s candidate and researcher at the University of Massachusetts
Amherst. | am currently recruiting participants for my thesis study. | would like to invite you to
participate in this study, the details for which can be found below.

About This Study

The main topic of this study is physical activity data collected from fitness tracking devices such
as Fitibit and Apple Watch. More specifically, this study will focus on how such data is presented
in the form of graphs/data visualizations.

Your participation in this study will be completed in a single session taking roughly 90 minutes to
2 hours. During this session, you will use three different data visualizations showing physical
activity data to answer a series of questions. I'll also be asking you about your experiences using
these graphs in an interview format and there will be some short questionnaires at the end of our
session to collect some additional information. All these steps will be done using Zoom video
chat.

For your participation in the study, you will be compensated $40 in the form of an Amazon egift
card sent through email.

Recap of Requirements to Participate
To restate the requirements of this study, you must meet the following conditions to be eligible to
participate:

1. Be 55+ years old

2. Have a working computer connected to internet (PC or Mac okay, iPad/tablet or
iPhone/smartphone will not work for this study)

3. Be able to use Zoom video chat well enough to enter call and view shared screen
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If that all sounds good to you and you are still interested in participating, | would be happy to
include you as a participant in my study. Please let me know what timing works well for you to set
up a Zoom call. | can work around your schedule, so let me know what works best for you.

If you have any questions or concerns about how the study is being conducted or what is required
of you as a participant, please feel free to send me any questions via email.

Best regards

Zoom Session Confirmation Email

Hi [participant name],

| set up a link to that Zoom call below for [date, time, time zone]. | have provided a link below. If
you want to move the meeting to be any earlier or later, please let me know and | will be happy to
accommodate.

Topic: Peter Frackleton's Zoom Meeting
Time: [date, time, time zone]

Join Zoom Meeting

[insert link to Zoom call]

| also prepared a consent form that outlines the basic structure of the study as well as other
important information you should be aware of before participating. | have linked it below. You are
free to review this at any time and sign either before our session or wait until our session begins
to ask any questions and you can sign at that time instead.

https://umassamherst.co1.qualtrics.com/jfe/form/SV_1Bn7fuv6EJOyeTc
Lastly, just to confirm, you have a computer that can be used for Zoom. Correct? Tablets and

mobile devices do not work for this study since you will need to interact with things that | will
share on my screen. | can explain further at the beginning of the session.

Thank you
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APPENDIX H

ZOOM CALL SESSION INTRODUCTORY DEBRIEFING NOTES

The following notes are read to the participant at the beginning of the session prior to the
participant interacting with the data visualization and completing the first set of task
questions.

¢ Have you (the participant) already read, understood, and signed the consent form? If not, please

review it now and sign when you are ready. Please ask any questions you may have about the
contents.

e Please keep in mind that you (the participant) are free to terminate your involvement in the study at
any point with no consequence or repercussion.

e During this session, | (the researcher) will be recording audio, screen share video, and audio
transcription throughout the call. May | begin recording now?

¢ Important notes about the data and tasks that we will work with during the session:

o  Will be working with artificial exercise data of fake profile: Jane, meant to simulate typical
tracking behavior including regular exercise schedule & lapsing. This means data is not
collected by an actual person using a physical activity tracking device.

o You will work with 3 different data visualizations throughout the duration of this study.

o All 3 data visualizations contain only one year’s worth of data (2018) and only presents data in
the form of miles walked.

o |l will ask 11 questions about the data displayed in each data visualization. These questions will
remain the same for every data visualization.

o Each data visualization’s data is different, meaning that the answers will not remain the same
for the same questions.

o | (the researcher) cannot not provide guidance regarding interpretation of the information on
the graph, only technical questions such as how to navigate visualization interfaces or any
problems with Zoom.

o Some questions may be difficult to answer; this is normal & expected and is nothing to be
discouraged about. If the question feels too difficult, you (the participant) may choose to guess
or skip for that question.

o After each of the sets of 11 questions, | will have you (the participant) complete a small
questionnaire about how easy or difficult each question was to answer, and then we will have a
brief interview about your experience using that data visualization.

¢ You (the participant) are welcome to get a pencil and paper to have with you as we proceed with
our session in case you would like to take notes about the tasks or questions. However, this is not
required.

e You are welcome to take a break at any point during the session for any reason.

88



Table 11

APPENDIX |

TASK RESPONSE CORRECTNESS DATA

Results of chi square tests for incorrect responses between visualizations

Task Incorrect Responses Chi Square Test P Value

Fitbit Strava Prototype Fitbit - Strava - Strava -

(n=30) (n=30) (n=30) Prototype Prototype Fitbit
Task 1 5 5 0 6.17E-02 6.17E-02 1.00E+00
Task 2 4 18 1 3.50E-01 8.98E-06 4.96E-04
Task 3 3 2 0 2.36E-01 4.72E-01 1.00E+00
Task 4 6 3 19 1.68E-03 5.86E-05 4.70E-01
Task 5 6 0 3 4.70E-01 2.36E-01 3.14E-02
Task 6 11 0 13 7.92E-01 1.70E-04 8.49E-04
Task 7 1 14 20 1.10E-06 1.93E-01 3.47E-04
Task 8 3 2 1 6.05E-01 1.00E+00 1.00E+00
Task 9 3 1 26 1.32E-08 4.72E-10 6.05E-01
Task 10 27 9 29 6.05E-01 3.58E-07 7.47E-06
Task 11 0 7 0 1.00E+00 1.58E-02 1.58E-02
All Tasks 69 61 112 2.48E-04 9.63E-06 4.93E-01
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Table J1

Results of Tukey HSD for task time between visualizations

APPENDIX J

TASK RESPONSE TIME DATA

Task Incorrect Responses ANOVA Test P Value

Fitbit Strava Prototype Fitbit - Strava - Strava -

(n=30) (n=30) (n=30) Prototype Prototype Fitbit
1 41.5 (39.8) 182.0 (171.0) 14.8 (57.2) 6.01E-01 9.85E-08 5.79E-06
2 12.1 (11.8) 59.7 (46.7) 14.1 (59.5) 9.83E-01 3.91E-04 2.08E-04
3 63.3 (40.1) 53.4 (57.2) 27.0 (22.8) 3.73E-03 4.68E-02 6.37E-01
4 40.0 (39.1) 19.9 (10.6) 18.4 (18.0) 4.36E-03 9.71E-01 8.75E-03
5 42.4 (30.6) 36.0 (23.1) 16.5 (15.3) 1.83E-04 5.99E-03 5.52E-01
6 29.2 (28.5) 20.6 (10.8) 21.0 (22.0) 3.13E-01 9.97E-01 2.81E-01
7 23.6 (24.8) 89.3 (47.3) 41.2 (36.5) 1.67E-01 9.05E-06 3.79E-09
8 55.8 (94.9) 21.5(11.1) 16.6 (11.6) 2.08E-02 9.38E-01 4.98E-02
9 411 (27.2) 19.3 (13.3) 40.9 (22.2) 9.99E-01 6.37E-04 5.46E-04
10 41.5 (27.4) 58.3 (25.1) 35.6 (22.9) 6.33E-01 2.15E-03 3.07E-02
11 58.0 (46.6) 69.0 (72.9) 25.5(21.5) 4.32E-02 4.30E-03 6.86E-01
All Tasks 57.2 (77.2) 40.8 (44.3) 24.7 (33.1) 5.10E-04 1.39E-13 3.65E-04
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APPENDIX K

TASK DIFFICULTY TALLIES

Table K1

Tally of task difficulty ratings by task/visualization

Task
Visualization Difficulty 1 2 3 4 5 6 7 8 9 10 11 Total
Fitbit Very Easy 18 22 13 11 15 16 21 22 21 18 20 197
Somewhat Easy 8 3 8 10 13 12 5 5 4 8 6 82
Somewhat Difficult 4 5 6 7 2 2 4 3 5 3 3 44
Very Difficult 0 0 3 2 0 0 0 0 0 1 1 7
Strava Very Easy 5 9 11 10 20 23 7 18 25 11 18 157
Somewhat Easy 15 13 17 17 7 5 10 5 2 12 3 106
Somewhat Difficult 5 5 1 2 3 2 12 6 2 4 3 45
Very Difficult 5 3 1 1 0 0 1 1 1 3 6 22
Prototype Very Easy 23 26 13 11 14 12 13 21 6 7 25 171
Somewhat Easy 7 4 15 16 8 7 9 8 7 6 5 92
Somewhat Difficult 0 0 2 1 4 4 7 1 7 11 0 37
Very Difficult 0 0 0 2 4 7 1 0 10 6 0 30
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Table L1

APPENDIX L

ASSIGNED GROUP TASK PERFORMANCE DATA

Tally of incorrect task responses and incorrect response rates by task per group and chi square

p-value for factor influence

Task

Group 2 4 6 8 9 10 1
Group 1 10 10 7 2 11 21 3
(n=10) (33%) (13%) (33%) (13%) (23%) (47%) (7%) (37%) (70%) (10%)
Group 2 3 9 10 3 9 21 3
(n=10) (10%) (30%) (10%) (33%) (33%) (10%) (30%) (70%) (10%)
Group 3 10 9 7 1 10 23 1
(n=10) (33%) (30%)  (7%) (23%) (37%) (3%) (33%) (77%) (3%)
P value 5.72 9.49 6.90 6.00 5.85 8.61 8.01 5.38

E-02 E-01 E-01 E-01 E-01 E-01 E-01 E-01

Table L2

Tally of incorrect task responses and incorrect response rates by visualization per group and chi

square p-value for factor influence

Visualization

Group Fitbit Strava Prototype Total
Group 1 31 24 36 91/330
(n=10) (28%) (22%) (33%) (28%)
Group 2 16 18 39 73/330
(n=10) (15%) (16%) (35%) (22%)
Group 3 22 19 37 78/330
(n=10) (20%) (17%) (34%) (24%)
P value 4.36E-02 5.36E-01 9.10E-01 2.43E-01




Table L3

Mean task time and standard deviation by task per group and ANOVA p-value for factor influence

Group Task

1 2 3 4 5 6 7 8 9 10 11
Group 1 70.1 374 46.6 31.0 33.3 24.2 59.0 31.0 38.2 46.7 54.0
(n=10) (94.1) (69.8) (34.0) (38.0) (26.2) (21.3) (51.7) (30.5) (31.4) (28.2) (56.8)
Group 2 88.8 26.6 48.3 26.7 27.4 24.3 48.8 18.9 294 47.9 50.3
(n=10) (130) (39.6) (39.2) (23.2) (26.0) (20.0) (44.3) (9.56) (17.3) (29.2) (66.7)
Group 3 79.6 21.8 48.8 20.6 34.3 224 46.2 441 33.6 40.9 48.1
(n=10) (158) (28.2) (68.5) (15.1) (26.2) (24.6) (43.0) (94.0) (20.3) (22.7) (36.1)

8.57 4.56 9.79 3.30 5.47 9.32 5.32 240 3.67 5.66 9.14

P value E-01 E-01 E-01 E-01 E-01 E-01 E-01 E-01 E-01 E-01 E-01

Table L4

Mean task time and standard deviation by visualization per group and ANOVA p-value for factor

influence
Visualization Visualization

Group Across Across

F S P Vizes F S P Sums Total
Group 1 41.6 57.9 29.1 42.9 458 637 320 472 1415
(n=10) (41.9) (56.3) (46.1) (49.8) (220) (258) (224) (262) (655)
Group 2 37.0 60.1 22.2 39.8 407 661 245 437 1312
(n=10) (33.1) (80.3) (25.5) (54.4) (158) (248) (101) (246) (427)
Group 3 43.7 53.7 22.7 40.0 481 591 250 440 1321
(n=10) (55.2) (91.3) (22.2) (64.0) (198) (419) (109) (302) (677)
P value 5.17E-01 8.25E-01 2.25E-01 7.36E-01 | 6.87E-01 8.83E-01 4.83E-01 8.64E-01 | 9.14E-01
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APPENDIX M

TASK PERFORMANCE BY DEMOGRAPHIC CHARACTERISTIC ROUP

Table M1

Number of incorrect responses by task per demographic factor and chi sq p-value for factor

influence

Baseline Task

Characteristic 1 2 3 4 5 6 7 8 9 10 1

Education

Some College 0 2 1 0 1 2 3 1 2 5 1
(n=2) 0%) (33%) (17%) (0%) (17%) (33%) (50%) (17%) (33%) (83%) (17%)
gsesfgfte s 2 2 0 1 0 0 4 0 3 6 1

o 23) 22%)  (22%) (0%) (11%) (0%) (0%) (44%) (0%) (33%) (67%) (11%)
gzc?:fr s 1 7 3 14 4 9 11 2 11 21 4

o N o) (3%)  (23%) (10%) (47%) (13%) (30%) (37%) (7%) (37%) (70%) (13%)
'E)/':S:z;s 6 9 1 9 4 12 11 2 12 26 1

o N ) (17%)  (25%) (3%) (25%) (11%) (33%) (31%) (6%) (33%) (72%) (3%)
E;Off::"”a' 1 3 0 4 0 1 6 1 2 7 0
o 23) (11%)  (33%) (0%) (44%) 0%) (11%) (67%) (11%) (22%) (78%) (0%)
b vale 3.04E- 962E- 389E- 574E- 6.06E- 2.39E- 347E- 7.42E- 957E- 949E- 3.92E-

01 01 01 02 01 01 01 01 01 01 01
Career Field

Business 2 7 1 11 3 10 11 2 10 25 3
(n=11) 6%) (21%) (3%) (33%) (9%) (30%) (33%) (6%) (30%) (76%)  (9%)
Education 2 8 1 6 1 5 6 1 6 10 1
(n = 5) (13%) (53%) (7%) (40%) (7%) (33%) (40%) (7%) (40%) (67%) (7%)
:ZZ':Q nae”d 3 2 0 6 2 2 7 1 4 11 1
iy, (17%)  (11%)  (0%) (33%) (11%) (11%) (39%) (6%) (22%) (61%) (6%)
Law 1 2 1 2 0 0 2 0 2 3 0
(n=1) (33%) (67%) (33%) (67%) (0%) (0%) (67%) (0%) (67%) (100%)  (0%)
SP;J(:':I? sa:r(\j/ices 2 3 ! ! 2 4 > ! > & !
o) (17%)  (25%) (8%) (8%) (17%) (33%) (42%) (8%) (42%) (92%)  (8%)
:r‘:;e?:; n";f:h’ 0 1 0 1 1 2 3 0 2 3 0
=2 Y 0%)  (17%)  (0%) (17%) (17%) (33%) (50%) (0%) (33%) (50%) (0%)
Social sciences 0 0 1 1 0 1 1 1 1 2 1
(n=1) 0%)  (0%) (33%) (33%) (0%) (33%) (33%) (33%) (33%) (67%) (33%)
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Baseline Task

Characteristic

1 2 3 4 5 6 7 8 9 10 11
P value 6.11 E- 550E- 9.32E- 430E- 9.37E- 6.28E- 937E- 6.52E- 7.69E- 3.71E- 7.14E-
01 02 02 01 01 01 01 01 01 01 01
Gender
Female 8 23 . 25 . 19 30 . 27 59 6
(n = 26) (10%)  (29%) 5 (6%) (32%) 6 (8%) (24%)  (38%) 6 (8%) (35%) (76%)  (8%)
Male 2 . . 3 3 5 5 . 3 6 1
(n=4) (17%) 0(0%) 0 (0%) (25%) (25%) (42%) (42%) 0 (0%) (25%) (50%)  (8%)
8.69 6.80 8.21 8.76 1.79 3.62 7.09 7.42 1.34
P value E-01 E-02 E-01 E-01 E-01 E-01 1.00 E-01 E-01 E-01 1.00
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Table M2

Number of incorrect responses by visualization per demographic factor and chi sq p-value for

factor influence

Baseline Visualization
Characteristic Fitbit Strava Prototype Total
Education
Some College 5 6 7 o
(n=2) (23%) (27%) (32%) 18166 (27%)
Associate’s Degree 4 6 9 o
(n=23) (12%) (18%) (27%) 19199 (19%)
Bachelor’s Degree 24 24 39 o
(n=10) (22%) (22%) (35%) 93/330 (26%)
Master’'s Degree 30 18 45 o
(n=12) (23%) (14%) (34%) 93/396 (23%)
Professional Degree 6 7 12 o
(n=23) (18%) (21%) (36%) 25/99 (25%)
P value 7.26 E-01 3.84 E-01 9.25 E-01 6.17 E-01
Career Field

Business 20 22 43 o
(n=11) (17%) (18%) (36%) 85/363 (23%)
Education 20 7 20 o
(n=5) (36%) (13%) (36%) 471165 (28%)
Health and medicine 10 8 21 o
(n=6) (15%) (12%) (32%) 39/198 (20%)
Law 5 4 4 .
(n=1) (45%) (36%) (36%) 13/33 (40%)
Public and social

) 9 14 13 o
(Sr?r;":;as (20%) (32%) (30%) 367132 (27%)
Science, math, and 4 3 6

[
:f]":gc)"ogy (18%) (14%) 27%) 13/66 (20%)
Social sciences 1 3 5 o
(n=1) (10%) (27%) (45%) 9133 (27%)
P value 1.54 E-02 7.62 E-02 9.28 E-01 1.43 E-01
Gender

::nezng'g) 60 (21%) 57 (20%) 97 (33%) 214/858 (25%)
Male o o o o
(n=4) 9 (20%) 4 (9%) 15 (34%) 28/132 (21%)
P value 1.00 1.30 E-01 1.00 4.13 E-01
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Table M3

Mean task time and standard deviation (SD in parentheses) by task per baseline characteristic

and ANOVA p-value for factor influence

Baseline Task
Characteristic 1 2 3 4 5 6 7 8 9 10 1
Education
Some College 200 182 940 200 423 151 696 105 411 475 547
(n=2) (338) (21.8) (112) (125) (41.1) (11.8) (79.4) (207) (26.7) (19.0) (32.5)
gzsfz:te s 751 187 457 196 250 187 402 327 304 436 484
" 23) (135)  (236) (19.3) (14.0) (104) (13.3) (284) (31.0) (17.4) (33.0) (59.6)
gzcl:eeleors 760 240 531 352 345 264 568 280 420 473  66.2
" N o) (113)  (40.7) (43.8) (416) (29.8) (24.4) (50.6) (24.0) (31.7) (26.6) (70.5)
'E;'jsﬁz;s 703 348 405 219 293 240 449 233 254 421 444
" N ) (86.3) (59.8) (31.5) (14.6) (24.7) (22.8) (35.9) (22.8) (15.0) (256) (43.0)
Eg’ff;:'o”a' 523 360 318 231 313 234 576 242 379 504 250
" 23) (66.4) (60.7) (21.9) (151) (17.1) (222) (58.7) (22.1) (16.6) (32.9) (20.9)
b vale 212E- 8.03E- 577E- 271E- 6.98E- 7.68E- 6.11E- 2.68 E- 543E- 899E- 2.87E-
01 01 02 01 01 01 01 02 02 01 01
Career Field
Business 877 241 619 2900 353 264 516 418 366 473 531
(n=11) (166) (39.7) (58.8) (36.8) (29.2) (23.2) (46.5) (89.6) (25.5) (26.1) (45.6)
Education 755 473 373 206 285 207 429 287 264 366 488
(n=5) (100) (85.9) (34.2) (11.3) (25.1) (16.5) (40.5) (347) (147) (17.1) (57.3)
:ZZ':gnae”d 810 309 348 295 302 253 638 283 330 449 466
s, (117)  (44.0) (30.0) (25.2) (26.8) (27.4) (54.3) (27.1) (18.7) (29.5) (61.0)
Law 733 416 762 558 421 461 110 369 964 913 114
(n=1) (109) (485) (21.1) (36.3) (24.4) (31.6) (90.0) (7.04) (28.8) (396) (85.3)
:sggf::r‘iices 506 220 434 227 318 176 408 206 275 463 396
e (89.2) (33.1) (34.4) (12.0) (26.6) (16.5) (27.8) (10.1) (11.2) (29.1) (30.1)
:r‘:;e;c;n";f:h’ 608 145 213 140 258 188 324 139 197 399 163
e %Y (643) (124) (16.0) (3.69) (13.5) (7.37) (27.1) (9.60) (11.5) (17.0) (5.92)
Social sciences 125 124 683 987 168 759 368 196 356 265 111
(n=1) (194)  (17.6) (19.0) (512) (13.7) (1.49) (28.4) (6.03) (33.8) (6.14) (119)
b vale 989E- 7.23E- 1.32E- 296E- 858E- 3.30E- 198E- 9.00E- 5.71E- 4.68E- 823E-
01 01 01 01 01 01 01 01 05 02 02
Gender
Female 791 313 481 259 317 240 518 339 357 453 525
(n = 26) (129) (51.8) (46.3) (27.2) (252) (22.3) (47.5) (615) (247) (26.6) (51.3)
Male 819 107 467 276 315 214 484 146 208 445 398
(n=4) (137)  (146) (33.3) (28.0) (31.9) (19.5) (39.6) (8.30) (9.78) (28.5) (71.7)
b vale 946 E- 176E- 921E- 837E- 977E- 7.05E- 815E- 283E- 4.25E- 930E- 453E-
01 01 01 01 01 01 01 01 02 01 01
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Table M4

Mean total task time and standard deviation for each visualization (F = Fitbit, S = Strava, P =

Prototype) per demographic factor and ANOVA p-value for factor influence

Visualization

Visualization

Baseline Across Across
Characteristic E S P Vizes E S P Sums Total
Education

Some College 57.6 108 27.1 64.3 634 1189 208 707 2121
(n=2) (110) (187) (26.1) (129) (405) (744) (125) (555) | (1274)
gsesfgfte s 32.2 56.1 20.3 36.2 354 618 223 398 1195
" ?3) (35.4)  (721)  (164)  (49.2) | (144) (298)  (87.1)  (244) (520)
gzc?:;ors 46.2 62.5 248 445 508 688 273 490 1469
" N o) @12)  (749)  (238)  (534) | (184) (264) (129) (259) (496)
'E)/':S:z;s 37.2 47.0 25.1 36.4 410 517 276 401 1202
" N ) (32.4)  (47.9) (4200  (421) | (179 (208) (198) (214) (535)
E;Off::"”a' 34.3 47.6 25.3 35.7 377 523 278 393 1179
" 33) (20.5)  (47.4)  (367)  (374) | (834)  (195) (177) (174) (447)
b vale 106 E- 140E- 948E- 210E- | 348E- 496E- 087E- 840E- | 2.70E-

01 02 01 03 01 02 01 02 01

Career Field

Business 435 65.1 26.4 45.0 478 716 290 495 1484
(n=11) (57.7)  (96.3)  (24.8)  (68.1) | (222) 386)  (98.1) (310 (644)
Education 39.1 46.4 27.1 375 430 511 208 413 1239
(n=5) (35.7)  (505)  (59.1)  (49.7) | (204) (285) (300) (263) (767)
:ZZ':gnae”d 45.7 53.8 22.8 40.8 503 592 251 448 1345
s, (33.9)  (741)  (287)  (51.3) | (149) 277) (121) (235) (441)
Law 68.9 925 525 713 758 1018 577 784 2352
(n=1) (59.2)  (637)  (332)  (547) | (N/A) (N/A) (N/A) (221) (N/A)
:g‘g':l: :::/ices 333 51.0 17.2 338 366 561 189 372 1116
s (26.9)  (506)  (149)  (36.7) | (792)  (167)  (259)  (186) (243)
Science, math,

22.7 36.9 16.1 252 250 406 177 277 832
and technology
e (18.8)  (36.5)  (106)  (257) | (907)  (556)  (59.0)  (111) (124)
Social sciences | 27.6 755 24.8 42.7 304 831 273 469 1408
(n=1) (24.3) (114) (27.0)  (70.7) | (N/A) (N/A) (N/A) (313) (N/A)
b vale 6.84E- 304E- 530E- 349E- | 332E- 587E- 413E- 149E- | 4.41E-

02 01 02 03 01 01 01 01 01

Gender

Female 42.1 57.8 25.3 41.8 463 636 279 459 1378
(n = 26) 45.9)  (76.4)  (347)  (567) | (178) (309) (164) (267) (580)
Male 31.9 53.4 205 353 351 587 226 388 1164
(n=4) (312) (828  (197)  (53.7) | (259) 350)  (37.1)  (277) (612)
b vale 154E- 724E- 370E- 218E- | 277E- 775E- 531E- 3.94E- | 5.00E-

01 01 01 01 01 01 01 01 01
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APPENDIX N

DEMOGRAPHIC COMPOSITION BY ASSIGNED GROUP

Table N1

Distributions of demographics across groups with p value from chi square test to ensure there is

no statistically significant difference between groups

Baseline Characteristic Group 1 Group 2 Group 3 P value
(n=10) (n=10) (n=10)
Education
Some college, no degree 1 0 1 5.85E-01
Associate’s degree 1 1 1 1.00
Bachelor's degree 5 4 1 1.43E-01
Master's degree 3 4 5 6.59E-01
Professional degree 0 1 2 3.92E-01
Career field
Business 4 3 4 8.61E-01
Education 2 1 2 7.87E-01
Health and medicine 1 2 3 5.35E-01
Law 1 0 0 3.56E-01
Public and social services 1 2 1 7.49E-01
Science, math, and technology 1 1 0 5.85E-01
Social sciences 0 1 0 3.56E-01
Gender
Male 2 2 0 3.15E-01
Female 8 8 10 3.15E-01
Ethnicity
White 10 10 10 1.00
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Table N2

Distributions of additional factors across groups with p value from chi square test or ANOVA to

ensure there is no statistically significant difference between groups

Baseline Characteristic Group 1 Group 2 Group 3 P value
(n=10) (n=10) (n=10)
Fitness Tracking Experience
Has engaged in tracking 8 5 9 1.09E-01
Mean tracking time in 3.3 3.6 7.2
years (SD) (3.6) (2.4) (6.3) 2.69E-01
Device on wrist 5 1 5 1.01E-01
Smartphone only 3 2 2 8.30E-01
Other 0 2 2 3.15E-01
Activity
o 5.4 5.1 6.3
AVG hrs activity per day (3.7) (2.8) (1.5) 5.79E-01
GLS
1.5 2.6 1.9

Correct Answers 1.57E-04

(1.2) (1.0) (0.54)
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APPENDIX O

CONTRAST RATIOS BETWEEN FEATURES ON PROTOTYPE VISUALIZATION

Table O

Color values and details on data points being compared for each task as well as resulting

contrast ratio between these colors

Task Low Color High Color Contrast Ratio
3 #7ED18B #3BBB51 1.35:1
(Sun, 3.8) (Fri, 5.8)
4 #BEDB9A #9ADBA5 1.06:1
(Thu, 3.3) (Mon, 2.9)
5 #4ACO5E #3BBB50 1.06:1
(Jul 20, 5.3 mi) (Jul 23, 5.8 mi)
6 #EBF6ED #E8F5EA 1.01:1,
(Jul 5, 0.5) (17 + 28, 0.6),
#E3F4E6 1.03:1
(Jul 31, 0.8)
9,10 #FCFCFC #DAF1DE 1.16: 1
(0 mile) (1.01 mile)
#DAF1DE #B7E5BF 1.17:1
(1.01 mile) (2 mile)
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