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Abstract

Smartwatches rely on glanceable visualizations to effectively convey information within
limited screen space. This thesis aims to investigates the use of three pre-attentive visual
variables - color, area, and motion - to highlight data points in common smartwatch
graphs. We conducted a user study with 48 participants, evaluating four chart types: bar
chart, line chart, linear progress chart, and radial progress chart. To assess whether pre-
attentive processing can be leveraged for micro-visualization, we set stimulus exposure to
250 ms and examined perception under sedentary and walking conditions to determine
effectiveness in mobile scenarios. Our results show that all three visual variables can be
perceived with high accuracy, though performance varies depending on chart complexity.
While simpler visualizations support effective highlighting, accuracy declines in more
detailed time-series charts. Among the visual variables, motion and color yield the best
perception rates, while area proves to be the least effective. These findings contribute to
the design of efficient smartwatch visualizations that support rapid and intuitive data
recognition.






Kurzfassung

Smartwatches sind auf iibersichtliche Visualisierungen angewiesen, um Informationen
auf dem begrenzten Platz auf dem Bildschirm effektiv zu vermitteln. Ziel dieser Arbeit
ist es, die Verwendung von drei pra-attentiver visuellen Variablen - Farbe, Flache und
Bewegung - zu untersuchen, um Datenpunkte in gangigen Smartwatch-Diagrammen
hervorzuheben. Wir haben eine Nutzerstudie mit 48 Teilnehmern durchgefiihrt und
dabei vier Diagrammtypen untersucht: Balkendiagramm, Liniendiagramm, lineares Ver-
laufsdiagramm und radiales Verlaufsdiagramm. Um festzustellen, ob die pra-attentive
Verarbeitung fiir die Mikro-Visualisierung genutzt werden kann, haben wir die Stimulus-
Exposition auf 250 ms festgelegt und die Wahrnehmung unter sitzenden und gehenden
Bedingungen untersucht, um die Wirksamkeit in mobilen Szenarien zu bestimmen.
Unsere Ergebnisse zeigen, dass alle drei visuellen Variablen mit hoher Genauigkeit
wahrgenommen werden konnen, obwohl die Leistung je nach Komplexitit der Grafik
variiert. Wahrend einfachere Visualisierungen eine effektive Hervorhebung unterstiitzen,
nimmt die Genauigkeit bei detaillierteren Zeitreihendiagrammen ab. Unter den visuellen
Variablen erzielen Bewegung und Farbe die besten Wahrnehmungsraten, wahrend sich
Flache als am wenigsten effektiv erweist. Diese Ergebnisse tragen zur Gestaltung effizien-
ter Smartwatch-Visualisierungen bei, die eine schnelle und intuitive Datenerkennung
unterstitzen.
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1 Introduction

Smartwatches are wearable devices that function as mini-computers on the wrist, re-
placing traditional watches that usually only give information on the current time. As
of 2025, the global smartwatch user base has surged to approximately 454.69 million,
marking a 41% increase from 323.99 million users in 2023 [Kum25]. The broader
wearable electronics market is projected to expand further, with estimates suggesting
between 644 and 722 million units by 2028 [Kum25; Ran24].

Beyond timekeeping, smartwatches use sensors, touchscreens, and wireless connectivity
to allow users to track health metrics like heart rate, step count, sleep patterns, and
blood oxygen level [MKY+15]. Smartwatches are widely used for tness tracking,
receiving noti cations, managing calls and messages, and making contactless payments
[MKY+15], [PBML16], [VSB+17]. Notably, 92% of smartwatch owners utilize their
devices to monitor and enhance their health and tness [IBL+20; Kum25]. Surveys
and in-situ studies with smartwatch owners and wearers found that the average use
time is between 5 and 7 s [PBML16; VSB+17]. However, the most frequent use case of
smartwatches is timekeeping, with sessions lasting an average of 1.6 s, and can be as
short as 0.2 s, i.e. a quick glance at the smartwatch [PBML16]. Compared to the average
session lengths of smartphones — which are approx. 38 s [BMM14] — smartwatch
sessions are much shorter and more frequent [GKH15; GPK+16; VSB+17].

The research eld of smartwatch visualizations is fairly new, resulting in a gap between
the popularity of smartwatches and the knowledge on design choices. Research con-
ducted on mobile devices has shown that there is a negative impact on our ability to
perceive visual elements accurately and quickly when the size of such visual elements is
decreased [HS12]. As smartwatches require micro visualization, design guidelines that
work around the limits and challenges of the little available space are necessary [NSI19].
Moreover, surveys with smartwatch users have revealed that the default settings for
data visualization largely rely on textual or icon based displays of information [IBL+20],
resulting in a lack of exposure to charts as a form of data visualization.

Recently, research has studied the glanceability of smartwatch visualizations by assessing
the reading speed in terms of response times of different chart types [BBB+19; BBB+23].
However, these works do not consider the application of pre-attentive visual attributes
to further lower the thresholds on visual processing time. Within the guidelines of the
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1 Introduction

information visualization, the concept of preattentive processing is not commonly used
yet [LR23], and there is almost no work on the use of pre-attentive features in the
context of smartwatch visualizations.

This thesis aims to assess the use of pre-attentive visual variables for micro visualization.
Additionally, we investigate the impact of walking on the ability to pre-attentively
process said visual variables. We focus our work around the cause of the quick glances
on smartwatches: quick identi cation of a target information. The attention of a
smartwatch user should be guided without conscious effort to the target data point of a
graph, all within the pre-attentive processing period of 250 ms [Few04; LR23; WHO04].

We conducted a user study to assess how accurately participants can identify a target
data point in four common chart visualizations. We decided on investigating three
different visual variables and two conditions (sedentary and in motion), and limited
the exposure duration of the stimuli to 250 ms. In addition, we asked participants
about the user experience via a questionnaire. The results show that pre-attentive visual
variables can be an effective tool in micro visualization. However, there are limitations
that graphic designers should be aware of.

We begin by investigating related work on the pre-attentive processing of different visual
features and smartwatch related visualizations in chapter 2. In chapter 3, we describe
the implementation process for the stimuli generation and smartwatch application. In
chapter 4 we present our study design, namely the design and task, as well as the user
study procedure. Then in chapter 5, we provide the results of our user study, including
user experience related questions from the questionnaire. Afterwards, we interpret
the results and show limitations of our study in chapter 6. Finally, in chapter 7 we
summarize our ndings and give an outlook to future work.
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2 Related Work

Research in the eld of visualization emphasizes the importance of visual design guide-
lines to ensure that key messages are conveyed quickly and ef ciently, ideally within the
pre-attentive processing phase. This is particularly critical in today's context, where the
increasing use of mobile devices and smaller screens has given rise to micro-visualization.
While not all visualizations need to be interpreted instantly, the ability to grasp essential
insights at a glance is crucial, especially for users on the go. Therefore, it is imperative to
continually re ne these guidelines to align with modern technologies and evolving user
needs. However, the research conducted on mobile devices with respect to information
on design and visual perception of smartwatches is rather limited.

In this chapter we focus on fundamental studies on visual perception with a focus on
pre-attentive visual attributes for data visualization, and what they teach us about design
choices in general (i.e. for normal to large visualization sizes). Additionally, we cover
prior works investigating micro visualization on smartwatches and their design, as well
as their relevance in mobile context.

2.1 Fundaments of Visual Perception

According to Treisman and Gormican[TG88], in the early stages of human vision,
specialized groups of receptors analyze a visual scene by selectively responding to
speci ¢ attributes such as orientation, color, spatial frequency, and motion. These visual
properties are then processed and mapped to different regions of the brain. The term
"pre-attentive” refers to the various factors that in uence this initial selection process.

Few [Few04] proposes that humans have the ability to perceive multiple visual attributes
at the same time, allowing them to guide their attention ef ciently. Pre-attentive
perception occurs in parallel [Few04; TG80], rapidly processing visual information
and identifying key areas without requiring conscious effort. This process is both fast
(typically occurring within 200-250 ms) and automatic. In contrast, focused attention
operates more slowly, in a sequential manner, and requires conscious awareness.
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2 Related Work

Treisman's Feature Integration Theory of attention (FIT) [TG80] presents the pre-
attentive process from an algorithmic perspective. The pre-attentive process can be
described through two algorithmic approaches: the bottom-up and the top-down model
[LG14]. The bottom-up approach is driven by stimuli, assessing how much an element
stands out from its surrounding elements. In contrast, the top-down approach is guided
by speci c goals, involving a deliberate search for relevant visual information, often
referred to as visual search or informed search. Recent research indicates the presence
of a third approach, namely, the factor of history of prior guidance [WU19]. Previous
experiences in uence attention, such as priming effects, where attention is more easily
directed to previously attended features.

These approaches mimic the mechanisms involved in detecting visual saliency, which
refers to how easily an item can be distinguished within a scene [LG14]. An object's
saliency is in uenced by its contrast and separation from surrounding elements or the
background, determining how much it "pops out". When a target differs based on a
single attribute, its saliency is high, whereas combining multiple attributes reduces its
prominence. According to Wolfe and Utochkin[WU19], a pre-attentive feature is one
that directs attention during visual search and cannot be broken down into simpler
components. Early experiments in visual search indicate that reaction times were found
to be independent of the number of distractors (i.e. elements that are meant to distract
from the target element) for certain tasks when pre-attentive features were applied.
Similarly, to the previously set limit of 250 ms [Few04], these features are identi ed by
reaction times that are nearly zero, i.e. instantaneous. Undoubted pre-attentive features
are color, motion, orientation and size [WHO04].

Other empirical studies [CM84; EKC+23; HKA09; SSRE18] have concluded rankings
based on perceptual accuracy, i.e. they used visual attributes, such as position, length,
angle, area, color and different types of motion (e.g. icker and expansion), to encode
gquantitative values. In terms of accuracy of numerical encodings, position and length
have ranked rst, then ickering motion, whereas area and color ranked last. However,

in terms of response time, color has performed best, followed by position, area and
icker [EKC+23]. Any other type of motion has performed worse.

In the review of literature from 2010 to 2021 on the pre-attentive process, Barrera-Leon
et al. [LR23] has found that the majority of studies focus on a single chart type, making it
challenging to generalize ndings across different visualizations. Additionally, similar to
research conducted a decade ago [LH10], common highlighting methods remain largely
restricted to variations in color and light techniques. Within the eld of information
visualization, the concept of pre-attentive processing has yet to be systematically applied
and remains an area that has not been thoroughly investigated [LR23].
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2.2 Studies of Smartwatch Visualizations and User Interactions

2.2 Studies of Smartwatch Visualizations and User
Interactions

This section covers different aspects of smartwatch visualization. First, we inspect the in
situ use of smartwatches and the data users collect. Based on this knowledge, we then
inspect prior work using different visualization techniques and chart representations.
Finally, we inspect the effect of walking on our perception, and conclude our visualization
choices for the user study.

2.2.1 In Situ Use of Smartwatches

Pizza et al. [PBML16] conducted a study tracking 12 participants’ daily smartwatch
usage over a 34-day period. The most common uses included timekeeping, noti cations,
and activity tracking. On average, participants interacted with their smartwatch for 6.7
seconds per session, with the shortest average duration recorded for checking the watch
face (i.e. time information) at 1.9 seconds. The minimum recorded time spent on the
watch face was just 0.2 seconds (200ms), which falls within the range of pre-attentive
perception [Few04]. In comparison, smartphone sessions lasted signi cantly longer,
averaging 38 seconds per session [BMM14].

Gouveia et al. [GKH15] conducted a 10-month study on an activity tracker via a
smartphone app and found that 70% of all sessions lasted less than 5 s. A related
smartwatch study by Gouveia et al. [GPK+16], which introduced four glanceable
concepts, revealed that participants engaged with their smartwatch approximately 100
times per day, a much higher frequency compared to smartphone app interactions
[GKH15]. These results are accordance with Visuri et al. [VSB+17]. They analyzed
307 smartwatch users, gathering data from more than 2.8 million noti cations and
800,000 screen interaction events. They also found that the small screen size makes
smartwatches more suited for consuming content (e.g. tness tracking data).

Amini et al. [AHBI17] conducted interviews with 10 participants, and found that
smartwatch wearers use the health data collected by the smartwatch to ensure meeting
their physical activity goals by comparing one or multiple measures. Based on this
information, Amini et al. asked nine graphic designers for visualizations that support
the users goals. Most visualizations used (donut or pie) charts instead of text.
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2 Related Work

2.2.2 Use of Different Chart Types on Smartwatches

Healey and Sawant [HS12] conducted a controlled experiment to determine the nec-
essary display area for effectively perceiving an element's visual properties. The study
examined three different display sizes to assess how well participants could differentiate
luminance, hue, size, and orientation. The results indicated that larger stimuli led to
fewer errors and quicker response times, suggesting that increased display size enhances
visual distinction. However, this result also suggests a decreased visual perception (i.e.
higher error rate and slower response times) for smaller sized screens.

Neshati et al. [NSI19] identi ed challenges in presenting health data on smartwatch
screens, particularly due to the limited display space. Their ndings highlight the need
for further research and the development of innovative techniques to effectively represent
complex health information on small smartwatch displays. Examples of such innovative
techniques are G-Sparks [NSL+19], which presents x-axis compression for time-series
data without compromising the glanceability (i.e. the ability to retrieve information at a
glance of less than 5-7 s), and Space-Filling Line Graph (SFLG) [NRF+21], that uses
the available space around line graphs to incorporate additional information via other
graphing types. Other examples include Chen's [Chel7] time-series visualizations and
Horizon Graphs by Heer et al. [HKAQ9].

Recently, studies on minimal perception time thresholds were conducted. In a study
comparing the time thresholds of three different chart types (bar chart, donut chart and
radial bar chart) for a simple two point data comparison task, Blascheck et al. [BBB+19]
have found that the average response times for bar charts are under 300 ms, for donut
charts under 220 ms, and for radial bar charts under 1780 ms. Data sizes of 7, 12 and
24 data points were examined, with response times of 160 to 560 ms for the lowest
size. Although the donut chart has resulted in the best response time, participants
preferred the bar chart at 7 data points the most. Furthermore, a study by Blascheck
et al. [BBB+23] on the perception of progress charts has resulted in thresholds of an
average of 318 ms for the linear progress chart and an average of 397 ms for the radial
progress chart. While these results suggest a superiority of the linear progress chart (in
terms of reaction time), other works suggest that the radial progress chart is equally or
more accurate than the linear progress chart [CEX+18; CS27; Eel26; SH87]. However, it
is important to note that the visualizations used are 3-9 times larger than in the study by
Blascheck et al., and approximately 2-4 times larger than in our user study (see Chapter
4)
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2.2.3 Visualizations and Text Reading on the go

Most research focuses on stationary conditions, which do not re ect real-world usage.
Studies conducted on smartphones have shown the dangers of smartphone use while
walking [BRG+23], and the impact the distraction has on our manner of walking
[BRG+23; CMV19]. While the walking at increased but self selected speed does not
show a signi cant difference in texting behavior [CMV19], overall visual performance
decreases at increased walking speed [MOHO4].

A study by Grioui et al. [GBYI24] investigated how walking trajectories and speeds
affected the ability to read micro visualizations on smartwatches. The stimuli used in
the study included three radial progress charts with a similar arrangement to the study
on progress charts by Blascheck et al. [BBB+23], and compared 3 speed conditions as
well as 2 sedentary conditions (sitting and standing). Grioui et al. found that walking
negatively affects reading performance compared to sedentary conditions, however, the
response time was shorter at 6 km/h compared to the seated condition.

This chapter reviewed relevant research on pre-attentive visual attributes, micro visual-
izations, and smartwatch-based data representation. Based on the discussion in section
2.1, we choose color, area, and motion as the pre-attentive visual variables used for
highlighting due to their effectiveness in rapid perception and saliency. Additionally,
based on prior research on micro visualizations in section 2.2.2, we use the bar chart,
line chart, linear progress chart and radial progress chart as chart types for our user study.
To create a more realistic and contextually relevant study environment, we incorporate
sedentary and walking conditions, following the approach of Grioui et al. [GBY124].
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3 Implementation

In this chapter, we describe the methodology for developing the app we use for our
user study. First, we explain the required software components for our android app.
Then, we explain how we implemented the visualizations. Lastly, we present the logging
mechanism behind our app.

3.1 Android Studio

We used Android Studio Giraffe 2022.3.1' for the development of the smartwatch
application. As the of cial IDE for Android app development, including Wear OS appli-
cations, Android Studio provides robust abilities and features tailored for smartwatch
development. We opted for this speci ¢ version because we encountered compatibility
challenges with newer IDE versions. Android Studio Giraffe offers a balance between the
access to older libraries (which often offer better documentation) and newer capabilities,
making it an ideal choice for our implementation.

For the implementation of our scripts, we chose Kotlin, using compiler version 1.5.3.
While Java has historically been the dominant programming language for Android
development and similar applications, there has been a signi cant industry-wide shift
towards Kotlin in recent years [Gee24]. Current versions of Android Studio (e.g., Android
Studio Ladybug), prioritize Kotlin for new projects, suggesting an ending support for
Java in certain areas.

However, we encountered challenges in the selection of a performant charting library.
MPAnNdroidChart? was a very popular library for java implementation. Although this
library is compatible with Kotlin, the documentation only includes Java-based examples.
While some resources demonstrate its use with Kotlin, they are limited to very basic
chart implementations. Since our project requires advanced chart manipulation, such as
targeting speci ¢ data points, we decided to outsource the charting functionality (see

Ihttps://developer.android.com/studio
2https://github.com/PhilJay/MPAndroidChart

23



3 Implementation

section 3.2) and integrate the resulting charts into our Android Studio project as .png
les.

Our app relies on button input to navigate to different screens (i.e. locations). We
implement navigation using Version 2.7.2 of the Android Compose dependency, speci -
cally leveraging the NavHost, NavHostController, and rememberNavController packages.
These packages facilitate the creation and management of navigation paths within the
app, enabling seamless transitions between screens. When an action is triggered on the
current screen, these abilities handle the navigation to a new screen while maintaining
the app's state and accounting for previous navigation actions, ensuring a smooth user
experience.

For the layout of the screens, we utilize the @Composable annotation from the Com-
posable package, which allows us to de ne Ul components declaratively. This includes
adding interactive elements such as buttons and text to enhance user interaction. To
display the uploaded charts, we use the painterResource function, which ef ciently loads

and renders the .png chart les within the app.

Additionally, we integrate smartwatch-speci c features to enhance functionality and user
engagement. For instance, we use the Vibrator class to implement vibration feedback and
the AudioManager and ToneGenerator classes to produce auditory cues. These features
are designed to provide a more immersive and responsive experience for smartwatch
users.

3.2 D3.js library

We selected the D3.j§ library for chart generation due to its powerful ability to ma-
nipulate charts with a high degree of speci city and exibility. D3.js (Data-Driven
Documents) is a JavaScript library that enables the creation of dynamic, interactive, and
highly customizable visualizations by binding data to HTML, SVG, and CSS elements.
This makes it an ideal choice for our requirements, as it allows precise control over chart
elements and their behavior.

For our implementation, we use JavaScript and HTML to write the scripts, while the
data is stored in JSON format for easy integration and manipulation. The data itself is
generated randomly using Al algorithms, which are designed with balancing conditions
to ensure the data remains meaningful and realistic for visualization purposes (more in
section 5.1).

3https://developer.android.com/develop/ui/compose/setup
“https://d3js.org/
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3.3 Logging

Our script includes several interactive features to enhance usability and functionality:

» A button that allows us to directly manipulate and highlight speci ¢ data points
within the chart.

» Another button that enables us to switch datasets dynamically. When a new dataset
is selected, the script regenerates the chart to re ect the updated data.

» A save button that exports the generated chart as a PNG le, allowing us to store
the visualizations easily.

Figure 3.1: The HTML page to generate the stimuli for the visual variable area in bar
charts.

3.3 Logging

To measure performance in our study, we implement a logging system within the app.
This system logs the chart le names whenever they are displayed on the smartwatch.
To ensure accurate performance measurement, four key parameters must be recorded:
the type of chart rendered, the dataset used to generate the chart, the visual variable
applied for highlighting, and the speci ¢ data point being highlighted. By adopting

a naming convention for the chart les that encodes all four parameters, it becomes
suf cient to log only the le names.
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3 Implementation

Our logging function creates a simple text le named LoggingNames in the smartwatch's
internal storage. If the le is empty or has not yet been created when the app is run via
Android Studio, the function initializes it by adding the current timestamp using the
SimpleDateFormat package. Whenever the app renders a chart, the function appends
the corresponding PNG le name to the LoggingNames le. This is achieved using the
Context (Android class), File (Android class), and Log (Java class) packages.

This approach is necessary because Android apps, particularly those running on devices
like smartwatches, cannot directly write to les on a connected PC. Android operates
within a sandboxed environment, restricting le access to the app's internal or external
storage [Pro25]. To address this limitation, we write the log data to a le in the app's
storage and later transfer it manually to our local PC. Using the Context package, we
locate the external le directory where the log le is saved on the smartwatch. The
transfer is then facilitated using ADB (Android Debug Bridge) commands.

ADB stands for Android Debug Bridge and is a versatile command-line ability that allows
developers to communicate with and control Android devices (or emulators) from a
computer. ADB is part of the Android Software Development Kit (SDK) and is widely
used for debugging, testing, and managing Android devices [Dev25].

To retrieve the LoggingNames le, we use the adb pull command in the terminal where
the SDK is installed. This command fetches the le from the smartwatch's directory and
copies it to a speci ed local directory on the PC. After the le is successfully transferred,
we clear its contents on the smartwatch to ensure encapsulated data collection. This is
accomplished by overwriting the existing le with empty content using the adb shell
"echo" command.

This work ow ensures that performance data is logged ef ciently and securely while
adhering to the constraints of Android's sandboxed environment.
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3.3 Logging

Figure 3.2: Our computer terminal executing the adb commands on the right and and
example of a LoggingNames le on the left. The smartwatch is connected to
the computer via cable.
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4 Study Design

The following section presents our study design. We present the design choices of our
smartwatch application and the task for the subjects of the study. We further explain the
procedure of the study and we cover the demographic background of the participants.

4.1 Stimuli Design and Study Task

Our user study builds around the stimuli we present to the participants, which consist of
varying visualization with the focus of one highlighted data point. We split the design
into two parts: First, we create the charts using the D3 library, and then display them on
smartwatch. The following subsections illustrate our design choices and follow up with
the studies tasks.

4.1.1 Charts

For the stimuli, we use four chart types commonly found in micro visualization: bar
chart, line chart, linear progress chart and radial progress chart. The visual variables
to highlight the data points are area, color and motion. The number of data points we
implement in each chart varies according to the typical use cases that the charts are
designed for. We assign 7 data points for the bar chart, depicting the 7 days in a week.
This assignment is based on smartwatch user preference [BBB+19]. We assign 12 data
points to the line chart, showcasing time series data over the span of 12 months. For
these two chart types, we choose not to highlight the rst and last data point, because
both the line and bar chart use position along a common scale. These positions are
atypical points for emphasis, and usually do not t the criteria of importance [CP08].
This means that while 7 and 12 data points are visible, the highlighted features only
vary between the 5 and 10 data points respectively, from the center.

We choose 3 data points for the linear progress chart and the radial progress chart.
The reason for this decision is the space requirements. One data point is equal to one
individual linear or radial progress chart as we group them within one frame, meaning
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that the space needed to depict these chart types is much larger compared to the line
or bar chart. We determine that the task of nding a highlighted feature requires at
least 3 data points to properly showcase the contrast between the highlighted and non-
highlighted objects, thus agreeing on the minimum. We choose a triangular arrangement
with 3 radial progress charts considering the round apparatus used for the study (see
Figure 3.2) and a vertical arrangement for the linear progress charts for maximal space
usage.

We want to create visualizations that are readable on a small smartwatch screen. There-
fore, we adapt the visualization dimensions based on the chart type. For the line and
bar chart, the pictures have a dimension of 500 x 300, the linear progress chart has a
dimension of 600 x 340, and the radial progress chart a dimension of 500 x 420. All 4
chart types are portrayed on a black background.

All chart types each have 6 distinct datasets that provide the data for the visualizations
(in total 4*6 = 24 datasets). The y-axis values range from 10 to 90/95. 10 is chosen as a
minimum to avoid highlighting empty data points. We chose 90 for the maximum value
to avoid the case of having only lling and no background showing for the linear and
radial progress chart. This is not an issue with the bar and line chart, so we chose 95 as
the maximum. We use random generation to create the data for the datasets with the
condition of having equal amounts of low (10-39), mid (40 - 59) and high (60-90/95)
ranging values. This can still lead to choosing very similar looking data points if all the
generated values for one chart are close to the boundary between two ranges. For this
reason the maximum value of the lower range and the minimum value for the mid range
need to have a difference of at least 10. The same rule applies for the mid and high
range.

The visualizations have no axes at all, the only descriptions on the charts are alphabetic
labels above the data points to identify their position, i.e. the rst data point has the
label "A", the second has "B", and so on. All visualizations within a chart type follow the
same sorting of the labels. This ensures that the labels are solemnly used as a means of
identi cation.

We want to avoid that subjects encounter one position for all six stimuli within one
run. We create a balanced experience (i.e. one letter repeats no more than twice)
by restricting the randomness of the algorithm. We split the possible outputs into
three categories: The rst category is the lower alphabetical values, entailing the data
points B,C for the bar chart, B,C,D,E for the line chart, and A for both the linear and
radial progress chart. The second category corresponds to the middle alphabetical
values, entailing the data points D (bar chart), F,G (line chart) and B (linear and radial
progress chart). The third and last category corresponds to the higher alphabetical
values, entailing the data points E,F (bar chart), H,I,J,K (line chart) and C (linear and
radial progress chart). As there are 6 datasets to select from, the algorithm is allowed to
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4.1 Stimuli Design and Study Task

choose the same value twice, but it cannot choose the exact same visualization twice in
one sequence.

To illustrate this, assume that the participant selects radial progress chart and color. The
algorithm chooses at random from A,B,C, selecting A from dataset 2. This means that
the 3 radial charts use the second dataset's values and the chart of A is colored red. The
algorithm chooses the second stimuli from A,B,C, assume that it chooses A again. The
next dataset has to be 1,3,4,5,6, as dataset 2 has already been chosen from A before.
For the third stimuli, the algorithm can only choose from B,C because the rst category

is already completed with 2 stimuli. No matter what letter it chooses, it can select from

all datasets since it cannot clash with the "no exact duplicates in one sequence” rule. An
example output of a sequence can be A2, A4, C2, B1, B6, C3.

4.1.2 Visual Variables

The base color of the data points is gray. We use gray scales to accommodate visual
de ciencies such as dyschromatopsia as a means of accessibility and to keep the stimuli
as simple as possible to avoid distractions. Achieving close to maximum contrast is
also important to ensure that the icker for the visual variable motion can be perceived
accurately. We chose light gray (hexcode #D3D3D3) for the line and bar chart to create

a contrast to the black background. The linear and radial progress chart require two
color values. In order to stick with the gray values, we decide on medium gray (hexcode
#808080) for the empty lling visualization (i.e. 0%) and white lling (hexcode
#FFFFFF) for the actual data point encoding.

» Area size encoding:

For the visual variable area, we double the size of the data point to be highlighted
compared to the baseline version of the data point (i.e. without the increase).
Speci cally, we double the diameter in the line chart visualizations, the width in
the bar chart visualizations, the height of the entire block of the speci c linear
progress chart within the visualizations, and double the width of the entire ring in
the radial progress chart visualizations.

» Color encoding:

Prior works show that red highlighted targets are signi cantly more ef cient to
identify than other colors [DL08; LBR+10], hence we decide to use red (hexcode
#FFO0000) to encode the visual variable color. To portrait the visual variable color,
a single data point is colored red.
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* Flicker motion encoding:

To create the ickering effect for the visual variable motion, we combine a baseline
stimulus with a discolored stimulus of the same visualization. In the bar and the
line chart, we black out the data point to match it to the black background. In the
linear and radial progress chart, we remove the white Iling, thus matching it to
its gray base. The ickering motion itself is created in the app. The app manages
the ickering motion by repeatedly switching between two images. The images
switch after 83ms. Within the 250ms boundary, the subjects sees the rstimage
twice and the second image once in between. Finally, a black screen ensues.

Figure 4.1: Examples of the generated stimuli. Only one stimulus is shown on the
smartwatch at a time.

4.1.3 Smartwatch App

We allow the participants to interact with the app themselves. Therefore, we designed a
Ul that is simple to use.

! According to Huber and Healey [HHO5], a icker must have a minimum cycle length of 120 ms to
ensure pre-attentive processing
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On the rst screen, the participant has to choose between a test round and the main
round which is indicated by "start". Both the training phase and the main phase of the
app are structured similarly to avoid confusion.

Test Round

We want to familiarize the subjects with the procedure to help them understand their
task during the study. For this purpose we offer a training phase. After starting the app
and selecting "Test Round", the app asks to select an option for a chart type (see Figure
4.2) via the buttons for bar chart, line chart, linear progress chart and radial progress
chart. Next, the subjects are asked to select between "Standing" or "Walking". Following
the study condition selection, the visual variable can be selected, which is "Area”, "Color"
or "Motion". Then the program starts: First, a black screen appears which stays for a
randomly computed duration of 5 to 10 seconds, following a vibration from the watch.
To enhance the attention-grabbing effect of the vibration, we add a beeping sound at
maximum volume for 200 ms. A countdown appears, descending from 3 to 1. After the
countdown is run out, a visualization matching the previously selected attributes ashes
for 250 ms. This same routine passes a second time with a new visualization ashing
for 250 ms. At the end, a "Back" button appears, which leads back to the visual variable
selection.

We set up the test round stimuli manually based on the selections made on the app.
We used distinct stimuli from the main study. Within the same chart type, only the
highlighting point changes, but the base chart stays the same.

Main

After the subjects select the "Main" button on the start screen, the chart screen selection
— which the subject already knows from the test round — comes up. This screen does
not have a "Back" button, which ensures that the subject cannot interrupt the main study
to return to the test round. As the program for the main part is fully randomized in
showing the visualizations, no differentiation is made between standing or walking,
which — contrary to the test round — results in this screen not being shown. Instead,
the visual variable selection directly follows the chart type selection. The program starts
running once the subjects select a visual variable, but this time the sequence repeats 6
times instead of only 2 times.

33



4 Study Design

Figure 4.2: Procedure for one session during the training run. After a participants
response during the black screen, we give feedback on the correctness of
the answer. After the second stimuli passed, the back button appears which
leads back to the visual variable selection.

4.1.4 Study Design

For our study, we inspect the effect of three visual variables on four chart types under
two conditions: sedentary and in motion. The study design is a mixed (factorial) design.
The chart variable was tested in a between-subject design and the visual variable in
a within-subject design. We assign the chart type randomly. Using the latin square
balancing, we have six variations of the order in which participants encounter the visual
variables and movement conditions. For counterbalancing, a minimum of 24 participants
IS necessary.

Each participant performs six sessions with six stimuli each, resulting in a total of 36
trials, plus 12 stimuli from the training. During the six sessions, the subjects perceive
the stimuli, conclude the point of highlight in the stimuli and call out the corresponding
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Figure 4.3: Procedure for one session during the main run. After a participants response
during the black screen, we document their answer. After the sixth stimuli
passed, the back button appears which leads back to the visual variable
selection.

letter. The subjects perceive half of the stimuli while walking, and the other half while
standing. Afterwards, the subjects are asked to answer questions related to the task.

4.2 Apparatus and Materials

The study was performed at the basement of the VISUS building. The basement provided
appropriate walking space while still in hearing range of the researchers. The walls of
the basement were decorated with pictures, which some participant used as orientation
during the waiting periods of the study. Participants were provided with the google
pixel watch 2 (round screen, 41mm diameter) and a laptop to answer the post-study
guestionnaire via Google Forms. A separate laptop was operated by the researchers to
take notes and to document participants' answers on an Excel sheet. Initially, we used
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a phone to record the answers. However, we discarded the recordings as they were
inaudible.

4.3 Procedure

Each sitting started with the participants reading and signing of the privacy and consent
forms. Then the participants read a short description of the study, which includes the
purpose of the study, the different chart types investigated, and a listing of the study
conditions (namely walking and standing) as well as a listing of the visual variables (area,
color and motion) to be examined. One out of the four possible chart types was randomly
assigned to participants. Next, we showed a PowerPoint presentation to participants
to further explain the task customized to their assigned chart type. If participants
understood the task on the slideshow, they were asked to wear the smartwatch on their
preferred wrist and to start with the test round. All participants followed the same order
for the test round ( rst all stimuli for area, then color, and nally motion) and received
feedback on the correctness of their answers after each stimuli. Feedback was only given
during the training phase.

We navigated the participants through the button selections and gave instructions for the
order of visual variables to select. Once a session began, the participants either started
walking or stood next to the researcher. When a stimuli appeared, the participants called
out the letter. If necessary, a naming scheme (ex. the NATO phonetic alphabet) was used
to clearly communicate the correct letter. The researcher took note of all answers. We
noti ed the participants once all 6 sessions were completed.

After completion of all six sessions, we asked the participants to Il out a post-study ques-
tionnaire to report on their experience with the chosen visualization and visual variables
during the study. Lastly, participants provided some demographic information.

On average, Participants completed the study within 30 minutes and were compensated
monetarily (minimum wage) unless they were university staff (compensated with choco-
late). Before the next participant started their trial, we locally saved the logged stimuli
data from the smartwatch and cleared its internal storage to avoid overwriting (see
chapter 3.3).

4.4 Participants

To nd participants, we used mailing lists from the university, personal networks and
direct recruiting. We had 50 participants, of which the rst two functioned as pilots
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4.4 Participants

Figure 4.4: A participant, wearing the smartwatch, is looking at the stimuli displayed
on the smartwatch while standing.

and are thus excluded from the main study. 25 participants identi ed as Man / Male
and 23 participants identi ed as Woman / Female. We had no underage participants.
29 Participants were between the ages of 18 and 24, 16 participants were aged 25
to 34, one participant belonged to the 35 to 44 age range and two participants were
in the 45 to 54 age range. Exactly half of the participants had some form of vision
de ciency, which were either corrected by contacts or glasses. Two participants reported
to be colorblind, but were able to participate as they could identify red from the gray
scales. 31 out of 48 participants' highest degree was the high school diploma. All other
participants had higher degrees. 10 participants had a bachelor's degree, 6 participants
had a master's degree, and one participant had a doctorate (PhD)

In our questionnaire, we asked the participants about their previous experience with
smartwatches. 26 out of 48 participants had no experience at all, 11 participants
reported to have used a smartwatch before, and 11 participants owned a smartwatch
themselves or regularly used one.
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5 Results

In this chapter, we present the results of our user study. The study design is a mixed
(factorial) design. The chart variable was tested in a between-subject design and the
visual variable in a within-subject design (details in Chapter 4). We examine the
dependent variables: reading accuracy, con dence in provided answers, and general
preference. First, we focus on the primary objective of the study, which is measuring
the reading accuracy. Next, we discuss the ndings from our questionnaire, on the
con dence with the provided answers re ecting on how certain participants felt while
performing the task, and the participants' general preferences re ecting their opinions
on our design choices.

Throughout the following sections, the terms "area," "color,” and "motion"” refer to the
visual variables. The phrases "in motion”, speci cally the act of walking, and "sedentary",
speci cally the act of standing, are used to describe the condition.

5.1 Reading Accuracy

In our study, each participant was assigned to one of four chart types. For each chart
type and visual variable, we collect six values per participant under the sedentary
condition and six values under the motion condition. We calculate the mean for each
combination of chart type and visual variable, resulting in a total of 12 mean values (3
visual variables x 4 chart types). These 12 mean values, along with the 95% Con dence
Interval, are visualized in Figure 5.1 for the sedentary condition and Figure 5.2 for
the motion condition. All corresponding values are provided in tables 5.1 and 5.2.
For the calculation of the 95% con dence intervals (Cl) [BD17; Dral6], we used BCa
bootstrapping with 15,000 iterations. Outliers were identi ed and excluded based on
the 1.5 times the interquartile range (IQR) rule, and the mean was used as the central
measure for these calculations.
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5.1.1 Sedentary Condition

The mean reading accuracy for the linear progress chart and the radial progress chart
was between 98.6% and 100% across all visual variables. The bar chart achieves a
similar accuracy of 98.6% with color and motion. However, for area, the answers were
less accurate with an average of 91.7%. The line chart exhibits a decrease in reading
accuracy of 11% and 22%. The widest con dence intervals are observed with the line
chart, with the lowest minimum CI of 68.1% for area and the highest maximum CI of
95.8% for color. Highlighting a data point using area with the line chart results in the
lowest overall mean accuracy at 76.4%, while motion with both the linear and the radial
progress chart, as well as color with the linear progress chart, achieve a mean reading
accuracy of 100%.

Figure 5.1: Mean values with 95% con dence interval of reading accuracy with the
sedentary condition.

5.1.2 In Motion Condition

While walking, the mean reading accuracy for the linear progress chart ranges between
98.6% to 100%, while for the radial progress chart, it is on average 98.6%. In the bar
chart, similar results are achieved with color and motion (98.6% and 100%, respectively).
However, for area, the results show a wider range in the con dence interval, with reading
accuracy varying between 69.4% and 91.7%, and an average of 81.9%. Compared to the
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Table 5.1: Mean values (M) with 95% con dence interval (Cl) of reading accuracy with
the sedentary condition.

Area Color Motion
M Cl M Cl M Cl
Bar Chart 0.917 [0.861,0.958] 0.986 [0.958,1.000] 0.986 [0.958, 1.000]
Line Chart 0.764 [0.681,0.847] 0.875 [0.778,0.958] 0.889 [0.819, 0.944]
Linear Progress Chart 0.986 [0.958, 1.000] 1.000 [1.000,1.000] 1.000 [1.000, 1.000]
Radial Progress Chart 0.986 [0.958, 1.000] 0.986 [0.958,1.000] 1.000 [1.000, 1.000]

baseline of approximately 98% (excluding area in the bar chart), the line chart exhibit
a decrease in reading accuracy of up to approximately 50%. The widest con dence
intervals are observed in the line chart, with the lowest minimum CI of 51.4% for area
and the highest maximum CI of 88.9% for color. Highlighting a data point using area
in the line chart results in the lowest overall mean accuracy at 65.3%, while motion in
the bar chart, color in both linear and the radial progress chart, and area in the linear
progress chart achieve a mean reading accuracy of 100%.

Figure 5.2: Mean values with 95% con dence interval of reading accuracy with the in

motion condition.
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Table 5.2: Mean values (M) with 95% con dence interval (CI) of reading accuracy with
the in motion condition.

Area Color Motion
M Cl M Cl M Cl
Bar Chart 0.819 [0.694,0.917] 0.986 [0.958,1.000] 1.000 [1.000, 1.000]
Line Chart 0.653 [0.514,0.792] 0.792 [0.681,0.889] 0.778 [0.681, 0.861]

Linear Progress Chart 1.000 [1.000, 1.000] 1.000 [1.000,1.000] 0.986 [0.958, 1.000]
Radial Progress Chart 0.986 [0.958, 1.000] 1.000 [1.000,1.000] 0.972 [0.917,1.000]

Table 5.3: Summary statistics for chart familiarity and overall con dence across the

chart types.
Familiarity Con dence
Chart Type Min Max Median Min Max Median
Bar Chart 40 50 5.0 3.0 50 4.0
Line Chart 30 50 5.0 20 40 3.0

Linear Progress Chart 1.0 5.0 4.5 40 5.0 5.0
Radial Progress Chart 3.0 5.0 4.0 40 5.0 5.0

5.2 Con dence in Provided Answers

We asked follow-up questions via a questionnaire on the user experience during the
study trials, and collected the responses of 12 participants per chart type. We used a 5
point Likert scale to assess the familiarity and con dence levels of the participants.

5.2.1 Familiarity and Overall Con dence with the Visualizations

Figure 5.3, (a) displays the participants general familiarity with reading a data point
from a chart, i.e. in daily life encounters such as data visualizations in a newspaper.
Figure 5.3, (b) presents the participants' overall con dence towards their performance
in our study. We use boxplots to visualize the distribution of the familiarity scores across
the chart types. The scores range from ["'not familiar at all" to "very familiar"] for the
chart familiarity question and from ["'not con dent at all" to "very con dent"] for the
overall reading con dence question. Table 5.3 provides the minimum, maximum and
median values for all chart types on the topics chart familiarity and overall con dence.
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(a) "How familiar are you with reading a data (b) "How con dent are you that (overall) you have
point from the four study charts (in general)?" performed well?"

Figure 5.3: Boxplots (a) of participants' familiarity with the assigned chart type and (b)
the con dence with visualizations when performing the task.

Chart Familiarity

Participants report that they are more familiar with the bar chart and the line chart, both

of which have a median familiarity score of 5.0, indicating "very familiar". However, the
Line Chart shows a slightly broader distribution, with scores ranging from 3.0 to 5.0.
The boxplot for the the linear progress chart has a whisker extending to 1.0, representing
"not familiar at all,” and its Inter-Quartile Range (IQR) is the widest among all chart
types. With a median familiarity score of 4.5, at least half of the participants rate
their familiarity with the the linear progress chart at or above this level. The Radial
Progress Chart has a similar IQR to the visualinear progress chart, but its median is
centrally positioned at 4.0 with no extreme values.Responses for the Radial Progress
Chart, ranging from 3.0 to 5.0, are generally positive.

Overall Reading Con dence

The distribution of the boxplot for the bar chart indicates that participants are con dent
with reading a bar chart. The response to the Linear and the radial progress chart
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Table 5.4: Summary statistics for area, color, and motion across different chart types.

area color motion
Chart Type Min Max Median Min Max Median Min Max Median
Bar Chart 20 5.0 3.0 3.0 5.0 5.0 3.0 50 4.0
Line Chart 1.0 4.0 2.0 20 5.0 4.5 20 40 3.0

Linear Progress Chart 2.0 5.0 5.0 50 5.0 5.0 40 5.0 4.5
Radial Progress Chart 2.0 5.0 5.0 50 5.0 5.0 1.0 5.0 4.0

is almost identical with a median of 5.0 and some outliers at 4.0, which means that
participants are very con dent with their responses with these visualizations. Participants
feel the least con dent with the the line chart. Responses vary between 2.0 and 4.0,
with a median at 3.0.

5.2.2 Con dence with the visual variables

In this subsection, we take a closer look at the participants' con dence levels when
performing the task distinguished by the visual variables. Table 5.4 offers an overview
on the con dence scores for all visual variables.

Area

Figure 5.4 shows the con dence levels of participants when performing the study task
with the visual variable area. The linear progress chart and the radial progress chart
both have the highest median score (5.0), with the radial progress chart showing a
slightly wider distribution. The bar chart has a median of 3.0, with responses ranging

from 2.0 to 5.0, indicating moderate con dence levels. The line chart has the lowest

median (2.0), with scores ranging from 1.0 to 4.0.

Color

Figure 5.5 shows the con dence levels of participants when performing the study task
with the visual variable color. The con dence ratings for color show consistently high
values across all chart types. The linear progress chart and the radial progress chart both
have a median of 5.0, with no variability in responses (min = max = 5.0). The bar chart
also have a high median of 5.0 but with a slightly wider range, as some patrticipants
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Figure 5.4: Boxplots of the Likert Score for the question "How con dent were you with
identifying the correct letter using the visual variable 'area'?"

rate it as low as 3.0. The line chart have a median of 4.5, with a minimum score of 2.0,
indicating slightly more variability but still generally high con dence.

Motion

Figure 5.6 shows the con dence levels of participants when performing the study task
with the visual variable motion. The reading con dence for motion varies across the
chart types. The linear progress chart have the highest median score (4.5) and the
smallest IQR, suggesting consistently high con dence. The radial progress chart also
have a high median score (4.0) but show a wider range, with a minimum score of
1.0, indicating that some participants felt very little con dence. The bar chart have a
median score of 4.0, with a minimum score of 3.0, suggesting generally high con dence.
The line chart, however, have the lowest median score (3.0) and a wider spread, with
a minimum of 2.0 and a maximum of 4.0, indicating more variability in participant
con dence.
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Figure 5.5: Boxplots of the Likert Score for the question "How con dent were you with
identifying the correct letter using the visual variable 'color'?"

5.3 General Preference Rating

Via a questionnaire we asked participants about their preference based on the parameters
aesthetic appearance and helpfulness in solving the task. To assess their preferred visual
variable, we only accepted single choice responses. We collected the responses of 12
participants per chart type.

5.3.1 Appearance

We visualize the responses for the best appearance in Figure 5.7, and for the worst
appearance in Figure 5.8. Table 5.5 offers an overview on important values.
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Figure 5.6: Boxplots of the Likert Score for the question "How con dent were you with
identifying the correct letter using the visual variable 'motion'?"

Table 5.5: Number of Votes for the visual variable with the best and worst appearance.

Best Appearance Worst Appearance
Chart Type area color motion area color motion
Bar Chart 0.0 8.0 4.0 11.0 0.0 1.0
Line Chart 0.0 12.0 0.0 5.0 0.0 7.0

Linear Progress Chart 0.0 11.0 1.0 7.0 0.0 5.0
Radial Progress Chart 5.0 7.0 0.0 1.0 0.0 11.0

Best Appearance

Responses for the the line chart are unanimous in their vote for color. Across all chart
types, color ranks highest with a difference of at least two votes. Area receives zero votes
across all chart types except for the radial progress chart. Similarly, motion receives zero
votes except for the bar chart (4 votes) and the linear progress chart (1 vote).
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Figure 5.7: Participants' votes on the single choice question "Which visual variable was
the most aesthetically pleasing to you? Which one would you prefer to see
(without considering accuracy)?"

Worst Appearance

Participants almost unanimously dislike area in the bar chart (11 out of 12 votes), and
motion in the radial progress chart (also 11 out of 12 votes). The responses for the
line chart and linear progress chart are the opposite. For the line chart, 5 out of 12
participants vote for area and 7 out of 12 vote for motion. For the linear progress chart,
7 out of 12 vote for area and 5 out of 12 vote for motion. Color ranks the lowest with
zero votes across all chart types.

5.3.2 Helpfulness Rating

We visualize the responses for the most and least helpful visual variable in gures 5.9
and 5.10. Table 5.6 offers an overview of important values.

Most Helpful Visual Variable

Responses for the the line chart are unanimous in their vote for color as the most helpful
visual variable. Across all chart types, color ranks highest with a 11 votes for the bar
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Figure 5.8: Participants' votes on the single choice question "Which visual variable did
you dislike the most? (i.e. visual aesthetics)"

Table 5.6: Number of votes for the most and least helpful visual variable.

Most Helpful Least Helpful
Chart Type area color motion area color motion
Bar Chart 0.0 11.0 1.0 11.0 0.0 1.0
Line Chart 0.0 12.0 0.0 7.0 0.0 5.0

Linear Progress Chart 2.0 9.0 1.0 7.0 1.0 4.0
Radial Progress Chart 0.0 11.0 1.0 3.0 0.0 9.0

chart and radial progress chart, and 9 votes for the line chart. Area receives zero votes
across all chart types except for the linear progress chart (2 votes). Similarly, motion
receives zero votes for the line chart and 1 vote for all other chart types.

Least Helpful Visual Variable

Participants almost unanimously feel that area in the bar chart (11 out of 12 votes) is

the least helpful visual variable. Motion in the radial progress chart has the second most
votes with 9 out of 12 votes. The responses for the line chart and the linear progress
chart are in similar: The votes are almost evenly split between area (7 out of 12 votes)
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Figure 5.9: Participants' votes on the single choice question "Which visual variable was
the most helpful considering the task?"

and motion (5 and 4 out of 12 votes). Color overall ranks the lowest with one vote for
the linear progress chart and zero votes across all other chart types.

5.3.3 General Preference Rate

We visualize the responses for the generally preferred visual variable in gure 5.11.
Table 5.12 offers an overview of all values.

The pie charts in gures 5.13 and 5.14 express the combined preference between the
visual variables (area, color and motion) and the conditions (sedentary and in motion).
Participants voted for one of these six combinations in single-choice style questions.

Overall Preferred Visual Variable

Responses for the the line chart are unanimous in their vote for color as the overall most
preferred visual variable. Across all chart types, color ranks highest with 11 votes for
the bar chart, 12 votes for the line chart, 10 votes for the linear progress chart, and 8
votes for the radial progress chart. Area receives zero votes across all chart types except
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Figure 5.10: Participants' votes on the single-choice question "Which visual variable was
the least helpful considering the task?"

for the radial progress chart (4 votes). Motion receives zero votes with the line chart, 1
vote with the bar chart, and two votes for the linear progress chart.

Figure 5.12: Number of votes for
the overall preferred
visual variable.

Overall Preferred

Chart Type area color motion
Bar Chart 0.0 11.0 1.0
Line Chart 0.0 12.0 0.0
Lin. Prog. Chart 0.0 10.0 2.0
Rad. Prog. Chart 4.0 8.0 0.0

Figure 5.11: Visualization of Votes for the overall
preferred visual variable.

Most Con dence-Evoking Combinations

Across all chart types, the combination walking & area receives no votes, while standing
& color consistently receives the highest proportion of votes, ranging from 58.3% to
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83.3%. In the bar chart and the line chart, participants exclusively select combinations
involving the visual variable color.

A more diverse distribution of responses appears with the linear progress chart and the
radial progress chart. In the linear progress chart, walking & motion is present at 16.7%.
Meanwhile, in the radial progress chart, standing & area (16.7%) and standing & motion
(8.3%) also appear.

Participants generally feel more con dent in sedentary conditions compared to in
motion conditions. When comparing chart types, the linear progress chart have the
lowest proportion of votes for sedentary conditions (58.3%), while the radial progress
chart have the highest proportion (91.7%).

Figure 5.13: Participants' votes on the single choice question "Which combination did
you feel the most con dent in?"
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5.3 General Preference Rating

Least Con dence-Evoking Combinations

Across all chart types, the combinations walking & motion and walking & area consis-
tently contribute to the lowest con dence levels, making up a signi cant portion of
responses. Walking & area has the lowest proportion of votes for the radial progress
chart with 33.3%, and the highest proportion for the bar chart with 66.7%. Similarly,
walking & motion has the lowest proportion of votes for the bar chart with 25.0%, and
the highest proportion for the radial progress chart with 66.7%.

A similar pattern is observed for the the line chart, where both Walking & motion and

walking & area present at 41.7% each, with standing & motion also appearing but at a
much lower proportion (8.3%). Standing & area consistently appears at 8.3% for the
chart types bar chart, line chart and linear progress chart.

Across all chart types, the combinations standing & color and walking & color receive no
votes.

Participants generally feel less con dent with the in motion condition compared to the
sedentary condition: When comparing the chart types, the radial progress chart has the
maximum votes (100.0%) and the radial progress chart has the minimum votes (75.0%)
for in motion combinations.
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