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ABSTRACT

Data tables are one of the most common ways in which people encounter data. Al-
though mostly built with text and numbers, data table representations have strong spatial
components, and often exhibit visual elements meant to facilitate their reading. there is an
empirical knowledge gap on how people read and use tables and how different visual aids
affect people’s ability to use them. In this work, I seek to address this gap through a series
of empirical studies. I asked participants to repeatedly perform five different tasks with ta-
bles in four conditions where the table representations consisted of Plain tables, tables with
Zebra striping, with cell background color encoding the value, and with background bar
length in a cell encoding its value. I analyzed the gathered data in multiple ways to char-
acterize human behavior when accessing tables and to assess the benefits of the different
visual aids.
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Chapter 1

Introduction

Data plays a significant role in our daily lives, as highlighted by Cukier [21]. People strive
to communicate and present information effectively through data visualization [78]. Given
the importance of data presentation, it’s essential to consider traditional methods, such as
tables.

In the 1970s, tables were described as “nothing more than a systematic arrangement of
information items” [88]. Initially, tables were primarily used to present numerical data in
a matrix of rows and columns [47]. At that time, it was believed that “They are not rec-
ommended for communicating data to the general public; tables are most useful for fellow
professionals. Both constructing and reading tables require a skill of a high order” [47].
However, fifty years later, our perception of tables has significantly changed, and their
application has become much broader, now including the presentation of qualitative infor-
mation. Tables today incorporate not only text but also numerical data and are utilized by
professionals and millions of people daily. The widespread use of tables is exemplified by
the democratization of spreadsheet software like MS Excel and Google Spreadsheets. This
minimalist view of what tables are still holds true to some extent, especially in academic pa-
pers or the written press. For instance, researchers argue that tables must be space-efficient
and convey a simple message [23]. Since tables are often used to simplify text verbosity,
they can help reduce word count if designed efficiently and are not too large [30].

Some researchers argue that tables have limitations, such as difficulty in conveying
large datasets [48, 82], displaying trends, and facilitating easy comparisons [47, 71, 54].
Therefore, when addressing questions involving comparison, trend identification, or math-
ematical analysis, a well-designed graph visualization might be a better choice [36, 37].
Graph visualization refers to the graphical representation of data using maps or other vi-
sual elements [49]. An effective graph visualization simplifies complex datasets, making
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patterns, trends, and insights more accessible and understandable [28]. Graph visualization
aids in decision-making, storytelling, and communication by presenting information in a
visually engaging and informative way [67]. Some graph visualization techniques include
Bar, Color shade, Sparkline [75], and FatFont [56].

In summary, tables were initially seen as a structured way to present information and
now serve a broader purpose, including the presentation of qualitative data. However, they
do have certain drawbacks, as discussed earlier. On the other hand, graphs offer a different
approach to data visualization, simplifying complex information and aiding in decision-
making, storytelling, and value comparisons. To create effective visualizations, it’s crucial
to incorporate the strengths of both tables and graphs.

Encouraged by Hink’s idea that a well-designed visualization, which combines features
from tables and graphs, can greatly enhance visual perception [37], and drawing inspiration
from Perin et al.’s Bertifier approach [59], which incorporates visual encodings into table
cells, I examined the effects of incorporating various visual aids in table design. These
visual aids are further categorized as visual features and visual encodings. My objective
is to improve table readability by incorporating these visual aids into tables.

I categorize visual features as design choices that affect the table’s appearance but do
not directly encode data values. These include visual aids like zebra patterns, alternating
shades or colors of rows to enhance visual distinction and aid in data interpretation [46].
Some of these visual features have been previously studied. For example, it has been
found that using a zebra pattern or vertically aligning characters inside table cells reduces
errors and eases comparison tasks [76]; a well-sized table, properly spaced within text, is
beneficial [35]; design elements such as borders and shading are included [46]; dividing
rows and columns by border lines or spaces is an important design aspect [30]; and that
rows and columns should not be too far from each other [60].

On the other hand, visual encodings are visual aids that represent data graphically [70],
inspired by Bertin’s concept of “encoding table cells visually” [9]. For instance, MS Ex-
cel supports the application of color shading or the creation of data bars that directly en-
code values within cells by filling the cell’s background with a color corresponding to the
cell’s value, or by adding a bar to the background whose length corresponds to the cell’s
value, respectively. Although such visual encodings have only recently appeared in main-
stream software, they have been used in visualization for a long time. See [59] and visit
https://aviz.fr/Bertifier/Bibliography for an annotated bibliography of the historical use of
visual encodings for tables, including textures and patterns, Color shadings, Bars, and other
visual marks and variables.
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Figure 1.1: A: plain table (top left) B: table with zebra striping — visual feature (top right),
C: table with Color data encoding (bottom left), D: table with bar data encodings (bottom
right).

Surprisingly, though, despite how ubiquitous tables are, how visual aids are deemed
important in helping people read tables, and how much research has been conducted on
proposing table-specific visual encodings, little empirical evidence exists to characterize
how people read tables and what the benefits of visual both visual features and visual en-
codings are.

I conducted an exploratory experiment using four distinct data tables; each had three
different visual aids: Bar, Color, Zebra striping, and a Plain table as my control condition,
as shown in Fig. 1.1. The principal goal of this experiment is to understand whether and
how visual aids affect the reading of data tables by humans. A secondary goal is to achieve
a better understanding of how people generally approach and read data tables.

1.1 Research Questions

To address these goals in Section 1, I formulate six main research questions, in two groups.
In the first group, I consider a generic question:

Q0 How do people approach data tables when they first encounter them?

In the second group, I systematically address the principal goal by decomposing it into
five questions (see Section 1 for the definitions of visual aids, features, and encodings)

Q1 Do visual encodings help read data tables?
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Q2 Do visual features help read data tables?

Q3 Which of the two is more effective in facilitating the reading of data tables by reducing
the completion time and minimizing errors: visually encoding data or using visual
features like Zebra striping?

Q4 Which visual encoding provides the most benefit for reading data tables?

Q5 Does the movement of the mouse correlate with the ability to read data tables?

Each of these questions is cross-contextualized across two axes: the task (what the
table is being used for) and the performance type (the outcome that I look at). I invited
a total 27 participants (3 participants’ data were discarded due to overtime and inaccurate
eye tracking data) who did not report any visual impairments and had good eyesight to take
part in my experiment. Participants wore eye-tracking glasses while completing various
tasks using my self-developed software. After collecting all the data, I sought to address
the questions Q0 and Q5 through qualitative analysis and questions Q1 to Q4 through
quantitative analysis.

1.2 Scope

In this section, I define the research scope, which includes specifying the regulation of the
table, data topic, data type, selection of visual aids, participant criteria, and limitations.
More details can be found in section 3.

Table regulation To better replicate real-world conditions, each table was limited to 30
rows and 11 columns, resulting in a total of 333 cells. All tables maintained consistent
dimensions, cell sizes, and font sizes. They were designed to be static, with no interactive
features within the tables, in order to closely mimic real-world scenarios.

Data topic and type I chose topics related to cereal, candy, movie ratings, and animation
ratings. These topics are not extremely unfamiliar but also not overly common. All data
types in the tables were homogeneous, consisting of two-digit numeric values ranging from
10 to 99 with two significant digits, no decimal points, no negative numbers, and no textual
or qualitative data. The data were intentionally randomized to prevent any bias due to
familiarity. Each row name consisted of two words, and each column header attribute had
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one to three-word attribute names. This boundary was set to maintain consistent table
dimensions and structures for all conditions.

Visual aid selection I chose to include Bar, Color shading (heatmap), and Zebra strip-
ing in the tables. Bar charts displayed variable-length horizontal bars in the background
of each cell. Color shading, also known as a heatmap, encoded numerical values through
the background color of each cell, with deeper colors indicating larger values. Zebra strip-
ing involves using a light gray color on the background of cells in alternate rows of data.
These selections were made because these aids are commonly used in real-life scenarios,
and testing additional aids would significantly complicate the design for a controlled lab
experiment.

Tasks selection In terms of tasks, I carefully selected four:

• Vertical maximum value selection (TVertMax): Participants were asked to find the
largest value in a column.

• Horizontal maximum value selection (THorMax): Participants were asked to finding
the largest value in a row.

• Value retrieval (TValue): Participants had to find a specific value using given column
attributes and row names.

• Multi-row attribute comparison (TDiff): Participants were required to compare two
rows and find the column with the largest proportional difference among the last four
columns. This task is considered complex.

These selections were made because they include two tasks involving comparison (to
compare values), one task involving navigation (to search for a specific target), and one task
that combines both comparison and navigation, which is considered complex. By choosing
these four tasks, the experiment can be comprehensive and controllable. More detailed
information can be found in Section 3.2.1

Measurements In terms of measurements, I considered completion time (where lower
times indicate that a condition is more helpful) and error rate (where fewer errors indicate
a more helpful condition). By measuring these two factors, I aimed to determine whether
the visual aid can be beneficial in reducing response time and error rates. For more detailed
information, please refer to Section 3.7.
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1.3 Contributions

In this thesis, I make three main contributions:

• I explore how people read data tables and evaluate their common strategies when
seeking answers within these tables.

• I investigate whether the utilization of visual encoding and visual features in data
tables can help reduce completion time and minimize error rates by presenting an
analysis of how visual encoding and visual features contribute to reading data tables
and identifying which of these elements is the most useful.

• I explore the potential benefits of using a mouse as an external tool for reading data
tables.

Overall, my work focuses on exploring how data tables with various visual aids can
enhance human experiences and bridge the gap in existing research outcomes.

1.4 Organization of the thesis

The rest of the thesis is organized as follows: Chapter 2 delves into the history of data
tables, discusses guidelines for effective table design, presents existing research on table
enhancement, explores data visualization and various visual encodings, and delves into re-
search on eye tracker analysis. Chapter 3 outlines my methodology, covering visual aid
selection, task design, research hypotheses, experiment design, device and apparatus spec-
ifications, software and data collection methods, and my approach to data analysis which
includes both quantitative and qualitative aspects. Chapter 4 reports the results and discus-
sions for each specific task. In Chapter 5, I provide a comprehensive global discussion that
encompasses findings across all tables and tasks, and addresses future works and limita-
tions. Finally, Chapter 6 serves as the conclusion, summarizing the experiment procedure,
highlighting key findings, and discussing contributions.
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Chapter 2

Related Work

In this chapter, I explore the history and use of tables as a common data visualization
method. I will cover the history of tables, their purpose, basic guidelines for creating ef-
fective tables, table enhancement related research, and briefly touch on graph visualization.
Additionally, I will review existing research on the visual elements that I have incorporated
into my tables. Finally, I will discuss the eye tracker analysis-related work.

2.1 Data Table

Modern data tables present information using text and numbers, employing visual elements
like data alignment and spacing to facilitate readability. Datasets are organized in a row and
column structure [29]. This format, known as a “spread-sheet structured table”, has been in
use for thousands of years, with its invention tracing back to the Ancient Sumerians [51].
Additionally, between 1900 BCE and 1300 CE, various types of tables were used, such as
“Chronicles”, which recorded events in chronological order, “Canon Tables”, which aided
in finding passages in the Gospels, and “Medieval Calendars”, which organized dates and
holidays in a tabular format [29].

In today’s world, data tables are widely recognized as valuable tools for visualizing
information in academic, business, and scientific settings. Unlike narrative text, which re-
quires a fixed reading path, tables offer flexibility in reading direction due to their discon-
tinuous, bounded, and gridded structures [52]. Wainer [80, 81] outlines four key purposes
for table usage and design: exploration for answering questions, communication for ef-
fective storytelling with data, storage for archiving and data retrieval, and illustration as
graphics to support narratives. To ensure a table’s effectiveness, specific criteria need to be
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met.
Firstly, Wright [88] emphasizes that an ideal data table should systematically arrange

information, meaning that data should be organized in a structured manner within the table
to promote clarity and understanding.

Additionally, the choice of data type is crucial. Researchers suggest that numerical data
is best suited for tables [47, 66], advising against presenting large sets of numeric data in
tables due to potential complexity hindering effectiveness.

Furthermore, aesthetic design is also vital. Franzblau and Lauren [7] emphasize the
importance of table size, borders, shading, and clarity, recommending consistency in the
use of border lines or spacing to separate rows and columns [30].

In summary, effective data tables are characterized by a systematic arrangement, the
choice of appropriate data types, and thoughtful aesthetic design considerations, including
table size, spacing, and consistent formatting, to optimize data presentation and under-
standing.

2.2 Data table enhancements

Many researchers are striving to enhance data tables for better readability and performance.
Wainer suggests that a table can also effectively visualize complex data [80]. Bertin pro-
poses two key concepts to improve table readability: visually encoding table cells and
grouping similar rows and columns to reveal patterns [9].

In 1994, Rao and Card introduced “Table Lens”, a solution for large data tables. It
utilizes the focus+context (fisheye) technique in tabular data visualization, allowing the
presentation of crucial label information and accommodating multiple distant focal areas.
This technique supports interaction with extensive information structures by dynamically
distorting the layout based on the varying levels of interest in its components [62]. Inspired
from Bertins’ principles, Perin et al. have developed a web application that lets users in-
teractively manipulate rows and columns while applying various visual encodings to table
cells [59]. Their empirical study suggests that this application is valuable for data explo-
ration and visualization. The other common method of interaction with a table is to have a
tooltip that allows table to show additional information to increase the readability of a large
table [16].

In addition to making tables interactive, Hink et al. proposed a novel visualization
concept called “Grable”. Grable combines features of graph visualization techniques with
the precise quantities of a table in a single display [37]. Hink et al. conducted an em-
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pirical study comparing bar charts with bar Grables, line charts with line Grables, and
pie charts with pie Grables. Subsequently, Bradstreet followed the guidelines from Hink
and conducted several case studies to discuss the advantages and disadvantages of using
Grable [11]. They found that Grable improved accuracy but could also slow down users’
response time [38]. However, Bradstreet and Hink emphasize the importance of using both
table and graph visualizations to enhance the effectiveness of data presentation [11, 38, 37].

2.3 Graph Visualization

The history of graph visualization can be traced back to ancient maps, which were early
forms of visual representation of geographic data, helping people navigate and understand
the world around them [15].

Early techniques like maps, charts, and diagrams served purposes in navigation, sci-
ence, and business. In the 18th and 19th centuries, William Playfair introduced statisti-
cal graphs, and Florence Nightingale utilized diagrams for healthcare data, pioneering bar
graphs and circular area charts [61, 58].

In the 20th century, Tufte emphasized clarity, simplicity, and precision in data graphics
in his work “The Visual Display of Quantitative Information” [76], advocating for the min-
imization of unnecessary elements. In Cole Nussbaumer Knaflic’s book [43] and Stephan
Few’s book [28], both authors explore the use of data visualization as a storytelling tool,
discussing building narratives around data and guiding audiences through logical and com-
pelling data-driven stories. This is particularly beneficial for business professionals and
communicators aiming to convey insights effectively.

Therefore, effective graph visualizations should encompass clear and visually organized
data, appropriate visual elements, comprehensive labeling and titling, and suitable choices
of color, font, and style, making it easy for users to understand [74].

2.4 Visual Features

Visual features refer to the visual elements or characteristics used in data visualization
to represent and convey information. These features are employed to make data more
understandable and accessible to the audience [84]. Zebra-striping and font manipulation,
including typeface, font size, font style, and font color, are common visual features used
within tables.
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Zebra-striping The Zebra-Striping tables have a common visual aid that is independent
of the data contained in the table: a Zebra table has row-based darkening of the background
of alternative rows (excluding headings). Many documents now are utilizing zebra-striping
technique in order to improve the legibility [10]. Also, Wheeler et al. [85] discussed what
types of table or graph could improve the reading of temporal data. Zebra striping was con-
sidered because it alternates the background color of each row, making it easier for users
to distinguish rows when scanning tables. However, according to Tufte’s data-ink prin-
ciple [4], implementing zebra-striping could add unnecessary clutter that impedes reading
performance. Lee et al. [46] conducted a small empirical study to find out if a zebra striping
format could improve the accuracy and response time. The result shows plain format was
the best choice in a task that asked participants to identify whether or not each grid con-
tained the target; it also compares vertical shading and horizontal shading and concludes
that vertical shading is better because it supports vertical scanning. However, my research
focuses on the horizontal zebra striping table since I are assuming it could help viewer to
make comparisons across different rows. Thus, Enders [24] also conducted an experiment
to find out whether human’s instinct is accurate or not. Unfortunately, from the result that
she got, no evidence was found to support our stereotype; thus, zebra striping does not help
to improve the accuracy of tasks, and the completion times were improved only when par-
ticipants were answering difficult questions. After that, Enders [25] started to collect the
survey from other viewers and suggested that even zebra striping is not assisting in reading,
but it indeed was shown to be aesthetically preferred by viewer.

Font manipulation In a data table, “font” refers to the style and appearance of the data,
including typeface, font size, style (like bold or italic), and color. These font attributes
have a significant impact on the overall readability and aesthetics of the table [30]. While
there’s limited research on fonts in data tables, some studies focus on font design. Zhang
explores how different fonts affect legibility [92], while Ali et al. suggest that fonts like
Verdana and Georgia (for screens) and Times New Roman and Arial (for print) offer op-
timal readability [3]. Another study points out potential biases in using font size for data
encoding in visualizations and recommends strategies, including font weight modification,
typeface changes, or the use of monospaced fonts, to mitigate potential biases [2]. More-
over, research on tag clouds highlights the importance of font size and weight in grabbing
user attention [5]. Wordle visualizations demonstrate the importance of font characteris-
tics in text display and user engagement, collectively enhancing our understanding of font
typeface, size, style, and color in various contexts [27].
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This section discusses two Visual features in tables, encompass zebra-striping and font
manipulation. Zebra-striping, alternating row colors for readability, is debated for its ef-
fectiveness. Font manipulation, involving typeface, size, style, and color, impacts table
readability and aesthetics. Studies show mixed results on the readability benefits of these
features, with considerations for task specificity and aesthetic preferences.

2.5 Visual Encodings

Nowadays, a growing range of visual encoding techniques such as bars, heatmaps [86], line
charts, and pie charts are applied to graph visualization. Additionally, since the 19th cen-
tury, people have started applying visual encoding to table cells to enhance readability [69].
I classify the following as visual encodings that can appear in tables: Color shading, Bar,
Sparkline, Circle, Average Bar Chart, Dual Bar Chart, and Fatfonts [56].

Color Shading The Color shading technique is similar to a heatmap, which involves
using a color scale-like data encoding on each cell according to its value [86]. Silva et
al. [69] suggest that color scales are effective in visualization, but their effectiveness de-
pends on the choice of color scales. Users should ensure that the color scale enhances
readability, as indicated in surveyed literature. There are three main color schemes in data
visualization: spectral, sequential, and diverging schemes [13]. The blue-white-red color
scale is widely used in most color visualizations [55, 39] because it effectively encodes data
through colors [72]. Also, Zeileis et al. [91] discussed that for large datasets, the difference
in luminance should be quite obvious, and legends indicating the color scales should also
be included.

Color-scale-like visualization can be helpful in certain tasks, such as comparing two or
several values [64]. Nacenta et al. [56] conducted an empirical study indicating that the
color technique can be beneficial in terms of speed. However, the color technique also has
downsides. An experimental study by Han et al. [34] showed that accuracy did not improve
with color scales alone. However, significant improvement was observed when color scales
were combined with legends or digits.

Bar Besides Color Shading, the Bar is also an effective graphical tool for visualizing
quantitative data [6]. Perin et al. designed an interactive table incorporating various visual
encodings into table cells, including Bars [59]. The design of the bar is intuitive and un-
derstandable [42]. Cleveland et al. [18] conducted an experiment comparing pie charts, dot
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charts, and bars to determine which format is most effective for decoding by people. Siir-
tola et al. [68] also carried out empirical research comparing three common visualizations
to determine which performed better for tasks related to proportions or proportional data.
The results of both experiments show that the bar chart technique is the best because all
bars start at the same horizontal level and are arranged parallel horizontally or vertically.

Circle Kitous et al. introduced a dot visual encoding method, varying dot sizes to rep-
resent data values [8], a precursor to modern scatter or bubble plots. This technique was
recognized for its effectiveness by Cleveland et al. in 1984, who highlighted the scatter
plot as a powerful tool for data analysis [18]. Wang et al. conducted an empirical study
comparing scatter plots and line graphs, finding scatter plots especially effective for trends
in time series data [83]. Perin et al. expanded this idea by incorporating dot visual encoding
into table cells as Circles, enhancing table readability [59].

Average Bar Chart Kitous et al. introduced the Average Bar Chart, a visualization for
comparing data against an average or central tendency, proving especially useful when the
central measure is key [8]. This concept has been adapted into table cells by Perin et al.
in their Bertifier. In these table cells, Average Bar Charts emphasize how individual data
points deviate from an average value. This method is widely utilized in social sciences and
educational research, where it’s often necessary to compare individual performance against
a group norm [59].

Dual Bar Chart Playfair introduced Dual Bar Charts, a bar chart variation designed for
comparative studies, placing two distinct data sets side by side for easy comparison [61].
These charts are particularly effective in scenarios that require comparative analysis, such
as before-and-after studies or comparisons between control and experimental groups. Perin
et al. incorporated this encoding into table cells in their Bertifier. Dual Bar Charts in this
context allow for the comparison of opposing datasets, providing a clear visual representa-
tion of comparative analyses [59]. This method is widely used in areas like clinical trials,
environmental impact studies, and other fields where comparing two distinct sets of data is
essential.

Sparkline The Sparkline was created by Tufte [76] and is a simple, word-sized graphic
with typographic resolution [77]. As Brandes et al. explained, "sparklines, made from
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gestalt theory-informed glyphs, facilitate holistic recognition of patterns, trends, and out-
liers in multivariate sequences" [12]. Nowadays, Sparklines have become increasingly pop-
ular, with software like Excel allowing users to implement their own [41]. They are also
being incorporated into a growing number of technical products, such as smartwatches [57]
and in the stock market [31]. Compared to other techniques, Sparklines might not be as
accurate, but their small size facilitates the arrangement of data text and graphics [89].
However, they are not ideal for visualizing large datasets, as they can confuse audiences.
Frishberg et al. [31] introduced an interactive Sparkline that allows users to manipulate the
visualization while observing it, thus improving usability and utility. Additionally, inspired
by Sparkline design, Neshati et al. enhanced the line graph by condensing it along the
x-axis to just one data point per pixel, calling it G-Spark, which makes it easier to quickly
glance at the information and navigate through it [57].

FatFonts Although many visualization techniques exist, researchers continue to develop
new visual encodings. Nacenta et al. [56] designed a novel numeric typeface for visual-
izing quantitative data: FatFonts, which falls under small contextual visualizations [34].
Not only did Nacenta et al. test it through an empirical study, but other researchers also
conducted experiments to assess its usability. Manteau et al. [50] compared color scales,
detail on demand, and FatFonts. The results empirically show that FatFonts has advantages
in improving speed and accuracy for reading and value comparison, especially for tasks
that require finding the correct coordinate of the extremes. Han et al. [34] conducted an ex-
periment testing four types of visualizations: Plain digital table, heatmap, tooltip heatmap,
and FatFonts. The results indicate that while the tooltip heatmap is the optimal solution,
FatFonts also improves speed and accuracy compared to the plain table. However, it has
drawbacks, as the size of the font might influence how people interpret data. Following this
principle, FatFonts could mislead people into thinking the number is larger if the font size
is bigger [2].

This section discusses various visual encoding that can be incorporated into table cells.
Color shading, similar to heat maps, uses color scales to encode data, with blue-white-red
being a popular choice. However, its effectiveness depends on the color scheme and clear
legends. Bars are another effective tool, intuitively representing quantitative data. Circles
or dots are used in scatter plots, with varying sizes representing data values. Average and
Dual Bar Charts are useful for comparing data against an average or between two datasets,
respectively. Sparklines, created by Tufte, are compact, typographic graphics for depicting
trends, suitable for small datasets but less effective for larger ones. FatFonts, a novel nu-
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meric typeface, visually encodes quantitative data within the font itself, improving speed
and accuracy for certain tasks but potentially misleading due to font size. These encoding
methods enhance data readability and comprehension, each with unique advantages and
suitable applications.

2.6 Gaze Tracking Analysis

Gaze tracking is a technique that tracks where a person’s eyes go, how long they look at
things, the path their eyes follow, and how they get there. Many fields, including psychol-
ogy, computer science, medicine, and virtual reality, are beginning to use gaze tracking
analysis in their studies [53, 40].

In 2013, Chen et al. conducted a comprehensive investigation into gaze movement pat-
terns during reading from various display media, including computer displays, e-readers,
and printed books. They found differences in reading behavior and collected valuable data
on how long people look at things (Fixations) and the jumps their eyes make between them
(Saccades) [90].

In the field of data visualization, some researchers believe that relying solely on quan-
titative analysis is insufficient to fully understand the impact of visualizing data. To truly
understand how people interact with visualizations, they use gaze tracking data and analyze
it. This method has become popular for understanding how users engage with visualiza-
tions [40].

Mackinlay and Hanrahan focused on critically examining information graphics through
gaze tracking. Their study emphasized using eye tracker measurements to evaluate the ef-
fectiveness of visualizations, highlighting the importance of analyzing gaze patterns and
dwell time. This kind of analysis is crucial for evaluating graphic design and data visual-
ization [32].

When analyzing gaze tracking data, researchers consider various aspects, including
Fixation, Saccades, Scan Path, and Region of Interest (or Area of Interest) [40]. Their
analysis often begins with the thresholds they establish. Common methods for analyzing
gaze tracking data include:

Fixation Analysis This involves identifying and analyzing fixations, which are periods
during which the gaze is relatively stable and focused on a specific point on the screen [63].
Metrics related to fixations include the total number of fixations, the average duration of
each fixation, and the distribution of fixations across different areas of interest.
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Saccades analysis: Saccades are rapid gaze movements between fixations. Saccade anal-
ysis can include metrics such as saccade amplitude (the distance covered during a saccade)
and saccade velocity [33].

Scan Path Analysis: This method involves tracking the sequence of fixations and sac-
cades to understand the order in which users explore a user interface, website, or visualiza-
tion [26].

Areas of Interest (AOI) Analysis: Areas of Interest, also known as Regions of Interest,
are specific areas on the screen defined by researchers for analysis. The metrics include
the total time spent on AOIs, the order of AOI visits, and the number of fixations within
AOIs [87].

Heatmaps: Heatmaps are visual representations of eye-tracking data, showing areas on
the screen that receive the most visual attention. They are often used to identify hotspots
of user attention [22].
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Chapter 3

Methodology

I designed a controlled laboratory experiment to address the research questions listed in the
Introduction. The study is split into five within-subjects experiments testing five different
tasks, with four different visual conditions for table presentation.

In this chapter, I introduce my visual aids selection, task design and research hypothesis
and proceed to outline the methodology for experiment design, which includes the eye
tracking device, data tables, as well as software and apparatus selection. Additionally, I
will detail my approach to recruitment, data collection, and the data analysis process.

3.1 Visual Aids Selection

Since my principal goal of this experiment is to understand whether and how visual aids af-
fect data table reading by humans, I have chosen four different conditions, which represent
common table-related tasks based on three criteria: 1) the visual aids should be widely used
to make the results relevant to real situations; 2) the visual aids should be static, suitable
for printed and on-screen tables; 3) the selected visual aids should be as diverse as possible
to cover a broad range of options.

Plain The plain table (Fig. 1.1.A) is my control condition. It shows text and data in black
over a white background. The only visual feature besides the text and numbers are the
horizontal and vertical grid lines that are commonplace in most tables (presumably to help
the viewer navigate the table without skipping rows or columns). Because of its ubiquity
and for comparability, I include lines separating rows and columns in all the conditions.
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Zebra A zebra table (Fig. 1.1.B) uses a light gray color on the background of cells in
alternative rows of data. This is a common design (e.g., is one of the template formatting
options in popular spreadsheet and presentation software). Zebra is a visual feature (not a
visual encoding) because the appearance of a Zebra-striped table does not vary when the
values change.

Color A table where numerical values are encoded through the background color of each
cell (Fig. 1.1.D) is easy to produce through spreadsheet software with a function usually
called “conditional formatting”. Values are mapped to color with a default MS Excel white
to red scale. The mapping is done by column because different columns often represent
different types of values, which have different scales (e.g., a column in a table about coun-
tries might show population in millions of people and another column might show GDP in
trillions of dollars). There are three main color schemes in data visualization: Spectral, se-
quential, and diverging schemes [13]. Diverging schema is most used in visualization [13],
but since my research doesn’t include negative value, I used sequential schemes on my data
encoding. Color condition is a visual encoding because the visual appearance of the table
changes based on the values that it contains.

Bar A table with a bar visual encoding (Fig. 1.1.C) displays variable-length horizontal
bars in the background of each numerical cell that are proportional in length to the value
represented in the cell. The scaling of the bar length according to the value is selected per
column, for the same reason as with color. This kind of data encoding is also common in
existing software. The length of aligned bars has also repeatedly been shown as one of the
most accurately perceived visual variable for differentiation of values [18, 73]. Although
sometimes this kind of encoding uses an additional column to represent the bars [38] (in-
stead of using the background of the cell), I avoided this because it consumes additional
columns, and would therefore make the conditions not comparable to each other.

3.2 Task Design and Research Hypotheses

Tables are used for many purposes, and people might use them in many ways. To make
an appropriate selection of tasks representative of the real world I followed a semi-formal
procedure. Concurrently, I examine research hypotheses for each task.
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3.2.1 Tasks

I gathered tasks from existing literature that empirically explore tables(e.g., [38, 24, 85])
and other grid-based visualizations (e.g., [50, 34]). I then reviewed and narrowed down
these tasks to select ones that are representative of real-world scenarios and encompass a
wide variety of task types. This includes both simple and more complex tasks, as well as
tasks that are value-dependent which require participants to consider and work with the
actual numerical values present in the data. For example, a value-dependent task might
involve calculating averages, finding specific data points, or making comparisons based
on the data values. These tasks directly depend on the value in the table. and value-
independent which do not require participants to focus on the actual data values within the
table. Instead, it might involve tasks like identifying patterns, detecting trends, or under-
standing the structure of the table without needing to perform calculations or comparisons
based on specific data values.

The final set of tasks selected for the study consists of 5 tasks:

TDescr Describing the table (through a speaking aloud protocol, where participants ex-
press thoughts aloud while completing a task [14].). When participants saw a table
for the first time, they had one minute to freely explore it. The prompt was: “When

you are done reading these instructions, you will see a data table. Please carefully

look at the table and explore it. While you explore, describe aloud your thinking

about what information this data table tries to convey. After this, describe any re-

markable things that you find in this data. You will have 60 seconds in total for this

task.”.

Rationale My goal is to understand how people initially perceive a table and what catches
their attention. I’m interested in how they explore the data table and how various
visual representations influence their gaze. This task was specifically designed to ex-
plore how individuals visually engage with tables and learn how to build an effective
table.

TVertMax Finding the name of the item (row) that has the maximum value in a given
column.

Participants got the name of an attribute (e.g., "Find the name of the Candy which

has the highest ‘Pluribus’ value. Press space as soon as you have found the answer,

and say the name of the Candy aloud once the screen becomes white."). They had to
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find the name of the row that contained the highest value for that attribute within the
table (e.g., “Reese pieces”).

Rationale My main goal is to understand how visual encoding aids in value comparison
when the visual scales align with the values. In this task, since the color scales 3.1and
bar length 3.1 directly correspond to the values, I can determine if visual encoding
facilitates value comparison.

THorMax Finding the name of the attribute (column) that has the maximum value in a
given row. Participants got the name of an object (e.g., "For the Candy called ‘Pop

Rocks’, find which attribute has the largest numerical value. Press space as soon as

you have found the answer, and say the value aloud once the screen becomes white.").
They had to find the name of the attribute that contained the highest value for that
object (e.g., “fat content”).

Rationale As my table has color shade and bar length aligning vertically with column
values, not row values, I aim to determine if horizontally comparing values with
column-based encodings brings any impediments or not.

TValue Retrieving a value given the names of an item (row) and an attribute (column)(e.g.,
"For the Anime called ‘Ultimate horror’, please find its ‘Favorites’ value. Press

space as soon as you have found the answer, and say the value aloud once the screen

becomes white.").

Rationale Locating a specific value in a table is a common real-life task with data ta-
ble [66]. I chose this task to assess how various visual representations produce dif-
ferent outcomes.

TDiff Finding the attribute (column), out of several possible attributes, that has the largest
proportional difference between two items (rows) Participants saw the name of two
objects (e.g., "For the films called ‘Water Diviner’ and ‘Black White’, find in which

column in the last four columns of the table they are most different (proportionally).

Press space as soon as you have found the answer, and say the name of the film aloud

once the screen becomes white.") and had to find in which of the last four attributes
(columns) the proportional difference between the values was largest. For example,
if the value attribute “calories” was 20 for xxx and 25 for yyy (ratio of 1.25 for yyy),
but 40 and 80 for attribute “fat content” respectively (ratio of 2 for yyy), then the
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name of the attribute with the highest ratio would be the correct answer. The rows
were non-contiguous.

Rationale I aim to find out if the complexity of a task leads to varied outcomes when
different visual aids are used within data tables.

3.2.2 Hypotheses

I have formulated hypotheses for the research questions outlined in the section 1.1, which
were subjected to quantitative analysis. These hypotheses are based on comparisons of time
and error across various conditions. However, for the second group of research questions
that was subjected to qualitative analysis, I did not hypothesize because of lack of informed
expectations or due to the nature of qualitative analysis.

I use the MeasurementTechnique notation below to simplify reading the comparisons. For
example τBar > τPlain refers to completion time for the given task is greater with the Bar
condition compared to the Plain condition. There are a total of 32 possible hypotheses,
based on 4 research questions × 4 tasks (TVertmax, THormax, TDiff and TValue—I ex-
clude TDescr here because it is qualitative) × 2 measures (completion time: τ and error:
ε).

I refer here to each individual hypothesis as a combination of the research question (e.g.,
RQ1), the task (e.g., THormax), and the measurement (e.g.,τ). For example, “RQ1 • THor-
Max • τ” refers to a hypothesis about whether visual data encoding is helpful (RQ1) with
the task of finding a maximum within a row (THorMax), in terms of completion time (τ).
For conciseness and space, I use list of tasks or research questions (between { and }) in the
notation when a hypothesis applies to several tasks or measurements.

H1: RQ1 • {TVertMax, THorMax, TDiff} • {τ ,ε} Visual Data Encoding will help peo-
ple complete TVertmax, THormax, and TDiff faster and with fewer errors than a
plain table. Therefore I expect the following individual comparisons to hold: τColor <

τPlain, τBar < τPlain, εColor < εPlain and εBar < εPlain. Rationale: In tasks that require
comparing values, visual encoding allows people to find and access the locations of
values of interest (e.g., larger values) in a more efficient and accurate way than a
plain table, which requires reading and interpreting digits one-by-one.

H2: RQ2 • {TVertMax, THorMax, TDiff, TValue} • {τ ,ε} The visual features of the Ze-
bra condition will help people complete all tasks faster and with fewer errors than a
plain table: τZebra < τPlain and εZebra < εPlain. Rationale: Zebra striping is designed



21

to help people navigate tables and has been shown in some previous research that it
can enhance data table usability [24].

H3a: RQ3 • {TVertMax, THorMax, TDiff} • {τ ,ε} Visual encoding of data will be more
useful than the Zebra striping for completing TVertmax, THormax, and TDiff faster
and with fewer errors: τColor < τZebra, τBar < τZebra, εColor < εZebra and εBar < εZebra.
Rationale: I think that the value comparison subtasks of table-reading are harder and
more time consuming than the table visual navigation subtasks. Since data encoding
techniques are likely to help with the harder tasks, I expect participants to finish them
faster with data-encoding techniques.

H3b: RQ3 • TValue • {τ ,ε} Zebra striping will be faster and more accurate for TValue
than the data-encoding conditions: τZebra < τColor and εZebra < εBar. Rationale: The
TValue task does not require decoding and comparison of values, therefore data-
encoding tasks will not be useful here, while the visual features offered by Zebra
striping should still help navigate the table.

H4: RQ4 • {TVertmax, THormax, TDiff, TValue} • {τ ,ε} Color will be faster than Bar
and Bar will be more accurate than Color: τColor < τBar and εBar < εColor. Rationale:
I expect Color to be faster than Bar because Bar creates more visual interference in a
cell (sharp transitions below numbers) than Color. In contrast, I expect Bar to result
in fewer errors because previous literature presents length as a more accurate visual
variable than Color [56].

3.3 Experiment Setups

This section covers the experiment setups, including the use of an eye-tracking device,
the choice of data tables, the design of custom software, and the equipment used in the
experiment. These setups together enhance the precision and reliability of the experiment.

3.3.1 Eye tracking device

In my experiment design, I used the Tobii Pro Glasses 2 eye tracking device to collect real-
time gaze tracking data from participants, enabling me to have an objective understanding
of their gaze behavior. The components of the eye tracking device that I utilized in the
experiments include:
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Head Unit This is the glasses worn by participants. It allows for precise calibration
and captures participants’ eye movements, including gaze points, saccades, smooth pursuit
movements, and also records their voice.

Recording Unit This unit records and processes the eye tracking data collected by the
Head Unit. It serves as the central hub for data storage and analysis.

Controller software The software provides control and configuration for the Tobii Pro
Glasses 2 system. It enables experimenters to initiate calibration, start and stop recording,
and save data.

Tobii Pro software This software is used for qualitative data analysis. It allows ex-
perimenters to view the recorded video with all eye movement data collected during the
experiment. The software facilitates data analysis by individual participants, tasks, or con-
ditions. It provides the option to slow down the video for more detailed analysis and set
breakpoints to separate different trials.

3.3.2 Data Tables Selection

Based on the main condition levels described in Section 3.1, I created eight tables for pre-
sentation to participants under different conditions (see Figure 1.1). All tables are based
on four data sets, inspired by real data, but modified to avoid unnecessary noise in perfor-
mance due to variations in familiarity, data ranges, number of attributes and other factors.
I selected datasets where: 1) the subject and language are familiar to most people (avoid-
ing technical terms or acronyms); 2) the data itself is not widely recognized (participants
wouldn’t have prior knowledge or expectations about specific attribute values); and 3) the
data is plausible and realistic. The chosen topics include: A) candy brands and their nutri-
tional values; B) ratings, viewership, and other details of animation series; C) nutritional
values of cereal brands; and D) movie ratings from various websites.

The final datasets each comprised 30 items (rows), with two-word names (e.g., "Reese
Pieces" in the Candy dataset), and 11 attributes (columns) with one to three-word names
(e.g., "Sugar Percent"). This resulted in tables containing a total of 333 cells. The item
and attribute names were modified to ensure they were not overly similar between items or
attributes, preventing them from becoming too distinctive or acting as landmarks.
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All the data in the study was numeric, consisting of two-digit values between 10 and
99, with two significant digits, no decimals, and no negative numbers. While textual and
categorical data are common in tables, in this study focus on numerical data. This approach
ensures consistency in the dimensions and structure of the tables across all conditions.

In the Color and Bar conditions, the mappings were applied on a per column basis,
This means that cells with the most saturated red or longest bar represented the highest
values in each column. This is consistent with the design of most existing tables, where
columns often represent different attributes with varying scales, sometimes differing by
orders of magnitude. Using a global color or length mapping wouldn’t be appropriate in
such cases because the differences between values in columns with scale of tens wouldn’t
be perceivable if another column had values in the scale of millions.

This approach ensured that the visual encoding of numerical values in each cell re-
mained consistent across all conditions. It allowed me to accurately assess the impact of
each visual design on participants’ completion time and errors in interpreting the data. I
also adjusted values based on specific tasks to standardize the difficulty of different task
trials. For example, I deliberately modified the numbers to avoid consecutive trials with
the same answer, which aided in result accuracy. Additionally, for the TDiff task, I ensured
that all numerical values in each trial had similar ratios, and I made the answer relatively
easy to detect by ensuring that the answer ratios were consistently greater than 2, while
the other ratios were noticeably smaller than 2. These adjustments reduced difficulty and
maintained consistency across the trials, enabled us to more effectively compare the effects
of different visual designs on participants’ performance.

I generated high-resolution bitmap images that cover the entire screen of the monitor
used in the experiment pixel-by-pixel without interpolation (see 3.3.4). These tables of all
conditions had a thin-line grid around all cells, as well as boldface font for the text in the
row and column headers. Example tables in each condition are available in the Appendix.

3.3.3 Software Design

I made custom experimental software in Windows for the experiment using Python’s Trin-
ket package [1]. The software has two interfaces: one for the experimenter (Admin Inter-
face) and one for the participant (User Interface).

This software was created to read a CSV file containing task descriptions, correspond-
ing table images, correct answers, task ID, and correct answer’s row and column.

During the experiment, participants viewed table images and task descriptions in the
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Figure 3.1: Experiment room layout, P indicates Participant, E indicates Experimenter

user interface, while the experimenter used the admin interface. The tables displayed in the
admin interface were the same as those seen by the participants, with the only difference
being that the experimenter’s view of the tables was created using Excel rather than a high-
resolution image.

In the admin interface, the experimenter had the ability to select specific cells within the
tables. When a participant verbally provided their answer, the experimenter could select
the relevant cell and click the “save” button. This action allowed the experimenter to record
various data, such as the time spent by the participant on that particular task, the task’s start
and end times, task ID, the table’s name, participant’s answer, and the column and row of
participant’s answer.

The software allowed two mice and two keyboards to be connected, one for the experi-
menter and one for the participants. Users could use the Space bar to move to the next page
and the Tab key to go back to previous page if needed.

Additionally, the software records mouse movements when it detected that participants
began and finished a trial.

3.3.4 Apparatus

Participants were sat at a table in a quiet room in front of a 32-inch 4:3 display with a reso-
lution of 3840×2160 and a 60Hz refresh rate. They had access to a mouse and a keyboard.
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Additionally, participants wore a head-mounted gaze tracking device(see Section 3.3.1)
that was lightweight and unthethered, allowing them to move their head and body freely.
The experimenter sat to the right of the participant with an additional mouse and an extra
screen positioned at an angle to ensure that the participant could not view its content(see
Figure 3.1). This setup enabled the experimenter to input the participant’s answers once
each trial was completed. The experiment was conducted on a Windows Intel Core i7 PC.

3.4 Participants

Because there are 24 different orders in which the experiment can take place for this study,
I need to have at least 24 participants. I recruited 27 participants (ages 19 to 48, average 27,
14 female, 13 male). Participants had to be able to see a computer screen at a regular sitting
distance (∼ 80 cm) without glasses or contact lenses (due to gaze-tracker constraints), not
have a visual disability, come across data tables in their regular activities (e.g., as part of
their study or work), and not have photo-sensitive epilepsy. I discarded the data of three
participants. Two because although they indicated having good eyesight, the results showed
that they had to sit very close to the screen in order to complete the tasks, which made
the eye tracking data inaccurate. The data of the third participant was discarded because
they exceeded the time limit by 30 minutes, which is over 50% of the scheduled time (60
minutes)

3.5 Post-Task Questionnaire

At the end of each task, except for the TDescr task, participants were given a post-task
questionnaire and asked to provide feedback for each condition in terms of preference,
speed and accuracy. This feedback was collected using a ranking scale, requiring par-
ticipants to rank the conditions from 1 to 4. In this ranking scale, 1 indicated their most
preferred condition, while 4 signified their least preferred one. Importantly, participants
were not allowed to assign the same rank to multiple conditions. Furthermore, participants
had the opportunity to provide additional comments, if any, as part of the process. The
questionnaire form can be accessed in the Appendix.
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Figure 3.2: Sample picture used for TDescr training

3.6 Procedures

Participants agreed to a consent form and completed a demographic questionnaire, both
included in the Appendix. Before starting the experiment, the experimenter assisted partic-
ipants in putting on the eye-tracking glasses, setting up the calibration, and explained how
to use the software for the initial task, known as TDescr (see Section 3.2.1).

In this task, participants encountered a prompt asking them to describe a table on the
next page. Once they understood the prompt, they could press the space bar to proceed to
the next page, where the table was displayed. They were instructed to describe whatever
they observed on the table and then press the space bar to move to the following page. If
they did not press the space bar, the page would automatically transition after 60 seconds.
After explaining the software instructions for the first task, the experimenter launched a
training exercise to familiarize participants with the task and the software usage. The soft-
ware used in the training procedure worked similarly to the actual task, but it displayed
different picture instead of tables (see Figure 3.2). In the training task, participants were
asked to answer questions that required them to describe what was happening in the picture.

After the initial task, participants received additional training for the remaining tasks
such as TVertMax, THorMax, TValue, and TDiff, with a focus on using the software.
Understanding the software was crucial for effectively completing these tasks. The training
involved showing them questions like "What’s the number in that picture?" or "What’s the
result in the picture?" on a prompt page. Participants pressed the space bar to advance to the
picture page once they felt they had a good understanding of the question. It is important
to note that the training pictures were unrelated to tables (see Figure 3.3). This approach
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Figure 3.3: Sample picture used for TVertMax, THorMax, TValue, and TDiff training

ensured that participants were familiar with the software, and once their understanding was
confirmed, we proceeded with the rest of the experiment.

Before moving on to the next task, the experimenter presented participants with a sim-
ilar sample task related to the real task but using a smaller sample table (see Figure 3.4).
Participants needed to fully understand this task before the experimenter continued with the
experiment. Afterward, participants carried out four trials of that task under each condition.
The first trial of each task-condition combination was considered training and not included
in the analysis. If a participant misunderstood the task (e.g., providing a numeric value
instead of the required name of a row), the trial was marked as invalid, repeated, and the
repetition also marked as invalid. The only exception to this pattern was the first descriptive
task (TDescr), which had only one trial and could not result in an invalid trial. Participants
always saw the tasks in the same order (TDescr, TVertmax, THormax, TValue, TDiff), and
the conditions within the same task were presented in the same order. The order of the
conditions was balanced across participants using all possible orders. For each condition,
all participants worked with the same dataset (e.g., the Candy dataset for Plain table trials).

After completing each task, participants were required to fill out a questionnaire (see
Section 3.5) in which they ranked the conditions in terms of preference, speed and accu-

racy. They were also asked to provide comments.
Once all the tasks were finished, participants were free to leave their email addresses

so that I could send them a 15 Canadian dollar e-transfer. The research procedure was
approved by the local research ethics board.
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Figure 3.4: Sample table used for training

3.7 Data collection and measurement

I collected the following measurements:

τ — Trial Completion Time. This is the time from when the table becomes visible to
when the participant presses the space bar because they have an answer (t1 − t0).

ε — Error Rate. The proportion of trials not answered correctly.

Gaze Tracking Data. The gaze tracker recorded a video from the participant’s viewpoint,
which includes the gaze points.

Mouse Movement. The experimental software recorded the movement coordinates of
the mouse over time. I calculated the distance traveled by the mouse to obtain a measure
of the total use of the mouse in each trial.

Subjective Performance. After they had completed each task, I asked participants to
rank the visual representations in terms of preference, speed and accuracy(see Section 3.5).
They assigned a rank from 1 to 4 to each visual representation, with no duplicate rank
allowed.

Additional Error Measurements. To explain different sources of error, I captured sev-
eral additional measurements. For TVertMax and THorMax, I recorded the error mag-
nitude: the difference between the correct maximum value and the value for the column
(for TVertMax) or row (for THorMax) indicated as an answer by the participant. For
TVertMax/THorMax, I also recorded the error offset, which is the difference between the
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row/column number of the correct answer and the row/column number of the participant’s
answer. Finally, for TValue, I recorded both horizontal and vertical offsets.

3.8 Analysis Approach

In order to address the research questions in section 1.1, three researchers, the author,
Miguel Nacenta, and Charles Perin analyzed the measurements described in Section 3.7
both quantitatively and qualitatively.

3.8.1 Quantitative Analyses

To address the hypotheses outlined in Section 3.2.2 (completion time and error data) I
used a Bayesian statistical approach using Markov Chain Monte Carlo (MCMC) simula-
tions [79, 45]. Completion time, which was log-transformed, was modeled using a Student-
t distribution(robust to outliers). The distribution’s average was influenced by parameters
representing the condition (Plain, Zebra, Color, Bar) and the participant. I avoided model-
ing interactions between conditions and participants to prevent overfitting. When reporting
average times, I back-transformed values from the log-transformed domain. It’s important
to note that training trials (the first of each four repetitions) and invalid trials(see Sec-
tion 3.6) were excluded from the analysis. These statistical analysis was built upon Miguel
Nacenta’s previous study [34].

For errors, I modeled the count of incorrect answers for each participant in each condition-
task combination using a binomial distribution. The chance of making an error was deter-
mined by a logistic function based on the conditions and the participant. As with comple-
tion time, I also excluded training trials (the first of each four repetitions) and invalid trials
(see Section 3.6) from the analysis.

The quantitative analysis for RQ5 (i.e., Does the movement of the mouse correlate with
the ability to read data tables?) were variations of the models above which incorporate a
mouse movement variable. The statistical tests that we run aimed to answer three main
sub-questions: 1) Do participants tend to use the mouse differently for various techniques?
2) Does the use of the mouse result in better or worse performance for participants? 3)
Does the use of the mouse affect the number of errors made by participants?

I did not pre-register these analyses on OSF because I couldn’t predict in advance how
mouse movement might meaningfully impact completion times or errors. Mouse use was
determined on a binary basis per trial, with trials counting as "mouse trials" if a partici-
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pant moved the mouse more than 2000 pixels. The 2000-pixel threshold corresponds to
approximately half the horizontal size of a 4K screen and effectively distinguishes trials
with minimal or no mouse activity from those with mouse activity. It’s important to note
that the analyses for questions 2 and 3 are correlational, as I did not enforce or discourage
mouse use (participants had the freedom to use the mouse). I used these analyses to provide
insights into RQ5 and occasionally to offer explanations for overall time and error results.

It’s important to note that for the error analysis, I had to modify the MCMC model
compared to what was pre-registered. This adjustment was necessary due to my initial
failure to anticipate the low level of errors, rendering the previous model inadequate for
modeling the collected data. The final approach aligns better with the standard modeling of
errors as recommended by Kruschke [44, p. 621]. I used suitably uninformative priors for
all models and analyses. Additionally, I ensured that each MCMC simulation demonstrated
a good mix of the chains and achieved an Equivalent Sample Size (ESS) of at least 10,000.

Qualitative Analysis

I conducted a qualitative analysis of the gaze tracking data due to the limitations of the
high-end head-mounted gaze tracker, which provided measurements that were not precise
or frequent enough for automated analysis. My goal was to utilize gaze data to provide
a comprehensive description of gaze behaviors (TDescr), and strategies to complete tasks
(TVertmax, THormax, TDiff and TValue). As well as to explore potential explanations for
performance variations between techniques. This requires analysis at levels of granularity
that need to adapt depending on the observed behavior (i.e.,a posteriori).

I therefore carried out an iterative systematic visual analysis of the trial video record-
ings captured by the glasses-mounted camera that were overlaid with gaze data by the
gaze-tracker software. For the TDescr task, my focus was on extracting the sequence in
which participants looked at different regions of interest (ROI). I conducted a compre-
hensive analysis of the TDescr videos, with assistance from Miguel Nacenta and Charles
Perin. The ROIs I considered included the Table Caption, Row Header, Column Header,
and Cells.

For the rest of the tasks, I conducted a more detailed multiple-pass analysis. I per-
formed the analysis on the last two trials of each participant for every condition (Bar, Color,
Zebra, plain) across all tasks except TDescr, which had a separate analysis as previously
described. By excluding the first two trials, I eliminated some transient behaviors observed
as participants familiarized themselves with each visual aid or developed their strategies.
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The total number of videos analyzed is thus 24(participants)×4(tasks)×4(conditions)×
2(repetitions) = 768.

In the initial two iterations, I watched the videos with overlaid gaze positions, identi-
fying the observable types of movements (e.g., Smooth Scans, Jumps) and their charac-
teristics of interest (e.g., direction, presence of regressions). During each iteration, we all
came together to validate the accuracy of these observations and to ensure that the cate-
gories were suitable for my purposes. Subsequently, in the next two iterations, I introduced
subcategories and decided to create a structured language to describe movement types and
sequences, instead of individually coding each combination due to the large number of
combinations of movements and characteristics. In the final iteration, I ensured that all
movements were adequately describable and collectively validated a subset of the trials.
Although there is some degree of subjective judgment in the categorization of movements,
errors in categorization have minimal impact on the analysis. Table 3.1 summarizes the
final dimensions of the coding language.
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Table 3.1: Gaze Analysis Coding Book

Dimension Category Description

MovementType

Jump Saccade directly to a destination.

Jump Scan Reach destination through several saccades skipping cells.

Smooth Scan Cell-by-cell traversal of (part of) a row or column.

Super Smooth Scan Like smooth scan but with substantial fixation on cells.

Gaze to Mouse Saccade to location of the mouse cursor.

Mouse to Gaze Moves cursor to currently fixated cell.

Mouse Use With Mouse Modifier when mouse and gaze move synchronously.

ROI

Column Header Horizontal movement in column header (attribute names).

Row Header Vertical movement in Row Header (object names).

Row Horizontal movement in non-header row.

Column Vertical movement in non-header column.

Regression With Regression Modifies gaze movement with occassional back and forths.

Direction

Left to Right

Right to Left

Top to Bottom

Bottom to Top



33

Chapter 4

Results

In this section, I present results for the following tasks: TVertMax, THorMax, TDiff, and
TValue. I conducted a quantitative analysis of completion time and errors, while also ex-
amining mouse movement and eye tracker data to observe participants’ gaze behavior. Ad-
ditionally, I considered participant subjective feedback for each task and discussed the task
results.

The primary focus for TDescr was on analyzing the eye tracker data, specifically the
gaze path. I reviewed the gaze tracking videos to observe the order in which participants
viewed the key table elements.

Table 4.1 summarizes how the data supports the hypotheses across different tasks and
conditions, corresponding to each hypothesis in Section 3.2.2.

Table 4.1: Summary of hypotheses support. Cells with saturated green background and
white text indicate strongly supported hypotheses (prob > 95%), cells with non-saturated
green background indicate weaker (prob > 90%) or partial support (e.g., only one of the
comparisons hold). The cell with pink background indicates evidence against the hypothe-
sis.

TvertMax THorMax Tdiff Tvalue
τ ε τ ε τ ε τ ε

H1 Encoding helps Color < Plain
Bar < Plain

Color < Plain
Bar < Plain

Color < Plain No Support No Support No Support No Support No Support

H2 Zebra helps No Support No Support No Support No Support Zebra < Plain No Support Zebra < Plain No Support

H3a Encoding better than Zebra Color < Ze-
bra
Bar < Zebra

Color < Ze-
bra
Bar < Zebra

Color < Zebra No Support Zebra < Color
Zebra < Bar

No Support N/A N/A

H3b Zebra better than Encoding N/A N/A N/A N/A N/A N/A Zebra <
Color
Zebra < Bar

No Support

H4 Color faster than Bar (τ)
Bar more accurate than Color (ε)

Color < Bar No Support Color < Bar No Support Color < Bar No Support No Support No Support
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4.1 Subjective data from questionnaire

I used a ranking system to collect participant feedback after each task. Participants ranked
their preferences on a scale from 1 to 4 for accuracy, speed, and condition preference.
Figure 4.1 displays the average rankings, with darker cells indicating higher ranks (1 being
the highest) and lighter cells representing lower ranks (4 being the lowest). These rankings
will be discussed in more detail in the task-specific sections.

Figure 4.1: Average subjective ranking (between 1 and 4) in terms of preference, accuracy
and speed for the four conditions, per task. Darker cells (and smaller value) mean higher
ranks and lighter cells (and larger values) mean lower ranks.

4.2 TDescr Results

During the description task (TDescr), participants had the opportunity to familiarize them-
selves with the tables in each condition. I analyzed the sequence in which participants
looked at the main components of the table during this familiarization period. The Sankey
diagram in Figure 4.2 shows, for each condition, the number of participants who looked at
any of: the table caption (which appeared in the top left of the table, see Figure 1.1), the
row headers (leftmost column), the column headers (topmost row), and the cells of the table
(the grid containing the data). After inspecting the videos, the results show that, across all
conditions, the most common sequence is Caption-Row Headers-Column Headers-Cells,
and the second most common sequence inverts the order of Row Headers and Column
Headers. However, there are differences between conditions; approximately twice as many
people looked first at the cells in the Color and Bar conditions as in the Plain and Zebra
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Caption: 18 Col. Head.: 3 Cells: 3

Row Head.: 15 Col. Head.: 5 Cells: 3 Caption: 1

Col. Head.: 16 Row Head.: 5 Cells: 2 Caption: 1

Cells: 16 Row Head.: 4 Caption: 4

Caption: 19 Row Head.: 2 Col. Head.: 1Cells: 2

Row Head.: 13 Col. Head.: 8 Cells: 1Caption: 2

Col. Head.: 14 Cells: 4Row Head.: 4 Caption: 2

Cells: 17 Row Head.: 4 Caption: 3

Caption: 17 Col. Head.: 1Cells: 6

Row Head.: 9 Col. Head.: 5 Cells: 4Caption: 6

Col. Head.: 11 Cells: 3Row Head.: 9 Caption: 1

Cells: 11 Row Head.: 6Col. Head.: 7

Caption: 16 Row Head.: 1Cells: 7

Caption: 3Row Head.: 10 Cells: 5Col. Head.: 6

Caption: 2Row Head.: 9 Cells: 2Col. Head.: 11

Caption: 2Row Head.: 5Cells: 10 Col. Head.: 7

plain zebra color bar

Figure 4.2: Gaze sequences at the table objects during the description task (TDesc), by
condition. The width of the bars indicates number of participants who looked at a particular
object (e.g., the caption), and bars on top are the beginning of the sequence.

conditions, resulting in a more heterogeneous collection of sequences for Color and Bar
(i.e., the most common sequence was less frequent: from 12 of 24 participants in Plain and
Zebra striping to 7 and 6 for Color and Bar respectively).

I speculate that the difference is caused by the visual encodings in the Bar and Color
conditions, which created a visual stimulus that was more tempting, attractive, unusual, or
difficult to ignore than in the other conditions.

4.3 TVertMax Results

TVertMax is about finding the name of the row that has the maximum value in a given
column.

4.3.1 Completion Time and Error

Figure 4.3 shows that participants took less time to complete the task with the Color condi-
tion, 89% faster than Plain and 90% faster than Zebra, and definitely faster than Bar (16%
faster, a second on average). This data supports H1, (visual encodings help) H3a (visual
encodings are better than Zebra) and H4 (participants are faster with Color than Bar), but
not H2, since participants did not have an advantage with Zebra over Plain.

Overall, error levels were low (a total of 18 errors or 6.2%, see Figure 4.4). The ev-
idence indicates that participants were more likely to make errors with Plain and Zebra
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Figure 4.3: Task completion time for task TVertMax. Violin plots indicate density of mea-
surements. Error bars are 95% High-Density Intervals of the log-untransformed mean es-
timation (numbers in seconds). Pairwise comparisons (lines at the top) are black if the
estimated probability of a condition (number) is > 95% or < 5% and grey otherwise.

conditions compared to Color and Bar, although the evidence is slightly weaker for Bar
compared to Color. Therefore H1 and H3a are supported. H2 was not supported since the
tests do not find conclusive evidence that Zebra results in fewer errors than any other visual
feature.
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Plain 53.0 4.6 7.5

Zebra 47.0 3.4 5.5

Color 95.4 96.6 69.5

Bar 92.5 94.5 30.5

Figure 4.4: Errors for task TVertMax. Pairwise comparisons cells (test of row condition
being more likely to produce errors than column condition, in percentages) have black
backgrounds if the estimated probability of a condition (number) is > 95% or < 5% (the
conjugate), grey if > 90% or < 10% and white otherwise. The horizontal stacked Bar on
the right half indicates the number of correct, incorrect, and invalid trials per condition
(row).

4.3.2 Effects of Mouse Use

After I examined the mouse movement data for TVertMax, I found that participants were
more likely to use the mouse with Plain and Zebra (40.3% and 41.7% of the time, respec-
tively), than with Color and Bar (32.4% and 34.7%). Trials where the mouse was used in
Zebra took almost certainly longer, by an estimated 3.5 seconds on average; for the other
techniques the differences are not conclusive. There is also no evidence that using the
mouse affected the number of committed errors with in any of the conditions.
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4.3.3 Gaze Behavior

1

2

3

Jump

Jump Scan

Smooth Scan

Jump

Jump Scan

Smooth Scan

Jump Scan
Smooth Scan

Super-Smooth Scan

39% 61%

27% 73%

34% 66%

96% 4%

8% 92%

27% 73%

Figure 4.5: Canonical strategy for TvertMax. For each step, the labels indicate with gaze
movement occurred, and the font size and font weight communicate the number of oc-
currences of each type of gaze movement. The mouse and back-arrow charts indicate the
percentage of trials where the mouse was used or not, and the number of trials where visual
regression was used or not, respectively.

Analysis of gaze behavior showed that most participants followed a 3-step strategy to
complete TVertMax. This strategy is illustrated in Figure 4.5 and consists of the following
steps:

Step 1: Find the column header indicated in the prompt.

Step 2: Find the cell within the corresponding column that has the maximum value.

Step 3: Find the row header that corresponds to that cell.

I found that 60% of participants started with Step 1, while 40% started directly with
Step 2; 99% of participants then completed Step 2, and 99% also finished Step 3. All three
steps were performed using Jumps, Jump Scans, Smooth Scans, and Super-Smooth Scans,
sometimes involving the mouse. I also found the following differences between conditions:

• Participants used two to three times as many Jump Scans with encodings (28 for
Color and 29 for Bar) compared to without encodings (10 for Plain and 10 for Zebra).

• Participants almost never used Super-Smooth Scans with encodings (0 for Color and
2 for Bar) but used them often without encodings (25 for Plain and 25 for Zebra).

• Participants used Jumps (Jump, Jump Scan, and Mouse Jump combined) fewer times
with Plain (19) than with Zebra (29), as well as than with Color and Bar (44 with
both).
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Step-by-step analysis reveals further gaze patterns, which include eye movements and
fixations on objects or areas of interest in their field of view [65], based on the subtask
involved in each step, and these patterns are the same for all conditions.

Step 1 Analysis. To complete Step 1, participants had to locate the column heading
provided in the prompt. There is one notable high-level finding. There is also one notable
difference between conditions. There were 7 instances of Mouse Jump (No Regression)
with encodings, compared to none with non-encoding conditions.

Step 2 Analysis. To complete Step 2, participants had to read candidate values in the
cells of the column corresponding to the found header, and determine which was largest.
There are two notable high-level findings. First, participants had to slow down compared
to Step 1 because there were 0 Jumps used in this step. Second, participants often had to
use regression. They used Jump Scans extensively (in 75/183 trials without mouse, and
in 28/183 trials with mouse), but only with regression. They also sometimes used Smooth
Scans (in 19/183 trials without mouse, and in 6/183 with mouse) and Super-Smooth Scans
(in 22/183 trials without mouse, and in 25/183 with mouse), again always with regression.
There are also two notable difference between conditions. First, I found that encodings
allow participants to use Jump Scan. Indeed, participants used Jump Scan on the column
from top to bottom 29 times with Color and 31 times with Bar, much more than the 5
times with Plain and 10 times with Zebra. Similarly, they used Mouse Jump (Jump Scan)
13 times with Color and 12 times with Bar, but only 2 times with Plain and 1 time with
Zebra. Second, I found that conditions without encoding force people to (Super) Smooth
Scan. Indeed, participants used Smooth Scan on the column from top to bottom more with
Plain (8) and Zebra (8) than with Color (2) and Bar (1). Similarly, they used Super-Smooth
Scan more with Plain (11) and Zebra (10) than with Color (0) and Bar (1), and Mouse Scan
(Smooth or Super-Smooth) more with Plain (16) and Zebra (14) than with Color (0) and
Bar (2).

Step 3 Analysis. There are two notable high-level finding. First, the dominant gaze
behavior is clearly Smooth Scan (with and without mouse), without regression. They used
Smooth Scans in 89/183 trials but only 5 times with regression. They used Mouse Scans
in 42/183 trials but only 4 times with regression. The second preferred gaze behaviors are
Jumps (in 21/183 trials) and Jump Scans (in 22/183 trials). The second notable high-level
finding is that there were 0 instances of Super-Smooth Scan for this step. There are no
notable difference between conditions for this step.
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4.3.4 Subjective Results

The subjective ratings for TVertMax (see Figure 4.1) indicate that participants strongly
prefer to choose Bar condition in terms of preference, accuracy, and speed, followed by
Color, Zebra, and Plain. These findings contrast with the objective time measurements,
where Color was clearly better than the Bar.

4.3.5 TVertMax Discussion

The results for the TVertMax task generally align with my expectation that visual encodings
help (both in time and error—H1). Some of this is explained by participants choosing to
use the mouse more often in the Plain and Zebra conditions. Moving the mouse to serve as
a bookmark or as a moving indicator to help keep gaze in straight lines might have some
benefits, but these seem to be outweighed by the cost of having to control the mouse itself,
leading to slower performance in these conditions. It’s worth noting that the mouse analysis
is correlational, and the use of the mouse can be both the cause and the consequence.

Nevertheless, differences between conditions can be better explained by gaze behavior:
the value encodings allowed participants to jump to potential maximum values in a column,
allowing them to jump to these cells without needing to focus on the specific numbers. In
contrast, in Plain and Zebra conditions, participants had to scan each vertical column one
by one.

Participants did not do better with Zebra than with Plain (H2 not supported). Surpris-
ingly, Zebra, which I expected to facilitate faster horizontal movements with less risk of
"changing lanes," did not provide an advantage. I also did not observe significant differ-
ences in behavior when gaze had to move to the left to find the row header.

Furthermore, I found a clear difference between Color and Bar in completion time. I
speculate that Color is simply more noticeable than the more subtle bars, although I have
no strong evidence to differentiate them in terms of mouse use or gaze behavior.

Lastly, an interesting observation is that many trials began directly at the appropriate
column. This doesn’t mean that participants instinctively knew which column to go to; it’s
probably the consequence of them already being familiar with the column location that has
been mentioned in the prompt from a previous trial (the gaze analysis only covered the last
two trials in each condition).
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4.4 THormax Results

THorMax requires finding the name of the column that has the maximum value in a given
row. It is, therefore, a transposed version of TVertMax.

4.4.1 Completion Time and Error

Figure 4.6 shows that participants took less time to complete the task with Color than with
any of the other conditions (about 800 ms faster than Zebra, the second). For this task,
participants did not seem to benefit from the Bar encoding. Therefore, H1 is only partially
supported (not all encodings produced benefit, only Color), H2 is not supported (Zebra does
not help), H3a is only partially supported (only the Color encoding is better than Zebra)
and H4 is supported because participants took less time with the Color condition than Bar
condition.

Figure 4.6: Task completion time for THorMax. Refer also to the caption of Fig. 4.3.

Overall, there were also few errors in this task. Participants made more errors with the
Color encoding than other conditions (89% probability of Color being more likely to result
in errors than with Bar, and 86% with respect to Plain and Zebra). The reduced accuracy
with Color is likely due to the task, which I explain in more detail in Section 4.4.5.
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Figure 4.7: Errors for task THorMax. Refer also to the caption of Fig. 4.4
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4.4.2 Effects of Mouse Use

After I examined the mouse movement data for THorMax, I found that participants were
more likely to use the mouse with Plain than with any other aids (52.7% vs < 44% in all
others, all with probability > 96%). There are no other significant differences in mouse
use between conditions. There is also clear evidence that using the mouse is associated
with slower completion times. When participants used the mouse, they did 2.9 s worse on
average for Color, 2.5 s worse for Plain, 1.2 s for Zebra and 1.0 s for Bar. There is also no
evidence that using the mouse helped or impeded accuracy.

4.4.3 Gaze Behavior

31
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Jump Scan

Smooth Scan
47% 53%

50% 50%

Jump
Smooth Scan

0% 100%

0% 100%

Smooth Scan
Super-Smooth Scan

8% 92%

27% 73%

Figure 4.8: Canonical strategy for ThorMax. For each step, the labels indicate with gaze
movement occurred, and the font size and font weight communicate the number of oc-
currences of each type of gaze movement. The mouse and back-arrow charts indicate the
percentage of trials where the mouse was used or not, and the number of trials where visual
regression was used or not, respectively.

Gaze behavior analysis revealed that a large majority of participants used the following
3-step canonical strategy to complete THorMax. Basically, participants used the same
strategy than for TvertMax, except they started from the row header, then found the cell,
then found the column header. This strategy is illustrated in Figure 4.8 and consists of the
following steps:

Step 1: Find the row header indicated in the prompt.

Step 2: Find the cell within the corresponding row that has the maximum value.

Step 3: Find the column header that corresponds to that cell.
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I found that 98% of participants started with Step 1; 98% continued with Step 2; and
94% continued with Step 3. All three steps were performed using Jumps, Jump Scans,
Smooth Scans and Super-Smooth Scans, and sometimes involved using the mouse. Unlike
TvertMax, I did not find overall differences between conditions.

Step-by-step analysis, however, reveals further gaze patterns based on the subtask in-
volved in each step, and these patterns are the same for all conditions.

Step 1 Analysis. To complete Step 1, participants had to locate the row header that
corresponded to the one given in the prompt. The predominant gaze movement was Smooth
Scan (in 172/184 trials), with or without using the mouse. The data shows that when
participants did not use the mouse, more would do so with regression (54/184 trials were
Smooth Scans with regression against 35/184 without regression); but when they did use
the mouse, more would do so without regression (53/184 trials without regression against
30/184 with regression). There were no instances of Jumps (0/184), very few Jump Scans
(6/184), and 0 Super-Smooth Scans.

Step 2 Analysis. To complete Step 2, participants had to read candidate values in the
cells of the row corresponding to the found header, and determine which was largest. Like
in Step 1, the largely predominant gaze movement was Smooth Scan (in 140/184 trials),
but this time there were no differences in terms of regression used based on whether they
used the mouse or not. The second preferred gaze movement was Super-Smooth Scan (in
47/184 trials), with or without using the mouse equally. All instances of Super-Smooth
Scans but two were accompanied with regression. In this step, there were 0 instances of
Jumps or Jump Scans.

Step 3 Analysis. The largely predominant strategy was to use Jump, without regression,
and without the mouse (in 145/184 trials). The second preferred strategy was to use Smooth
Scan, again without regression and without the mouse (in 18/184 trials).

4.4.4 Subjective Results

The subjective ratings for THorMax (see Figure 4.1) indicate that participants strongly
prefer the Color for this task and also thought it was faster and more accurate. Participants
rated Bar slightly above Zebra also in all three criteria, and clearly above Plain. These
findings align with the results of time measurements, where Color was clearly better than
other conditions.
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4.4.5 THorMax Discussion

I included THorMax as a task in this study mostly as a counterpoint to TVertMax. However,
unlike TVertMax, THorMax is not a natural task for most tables because columns usually
represent attributes that are often unrelated to each other in terms of measurement units
and orders of magnitude (e.g., one column could count Potassium milligrams—0.01 to 0.2,
and the next the sugar content— 3 to 50 g). This means that, unless columns happen to
be in same measurement units and range (e.g., the same measurement for a series of years
as columns), it is usually meaningless to find the attribute with the largest value for a row.
As a side consequence, value encodings make more sense in columns, this implies that
comparing horizontal encodings can result in errors when a value is the maximum in one
column but appears lower when compared to values in other columns. This was the case
in my stimuli and it explains the higher number of errors in the Color condition. All errors
belonged to the group of trials where the encoding “contradicts” the values (7 out of 16
trial types).

Despite these challenges, most participants completed the task correctly, even in the
Color condition. And they tended to perform the task more quickly when using Color
encoding. This indicates that errors in the Color condition are primarily related to the
table’s configuration. In contrast, there were no similar errors observed with Bar encoding,
suggesting that bars that are not aligned vertically are recognized as useless. Interestingly,
the use of a mouse did not appear to reduce completion time or reduce error rates.

4.5 TDiff Results

TDiff requires finding the column, out of several possible columns, that has the largest
proportional difference between two specified rows.

4.5.1 Completion Time and Error

As expected, this task takes longer to complete due to its complexity, with averages between
30 and 34 seconds depending on the condition. Participants completed the TDiff task fastest
with Zebra (30.46 s average), which is nearly two seconds faster on average than with
Color, three seconds faster than with Plain and four seconds with Bar, which was slowest
(see Figure 4.9). The data offers no conclusive evidence that the encodings help (H1), it
clearly supports the value of Zebra (H2), and it contradicts H3a, since participants were
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clearly faster with Zebra than with Bar and with Color (this last, with less certainty). There
is also moderate evidence that Color speeds up this task with respect to Bar (H4).

Figure 4.9: Task completion time for TDiff. Refer also to Fig. 4.3.

Participants made more errors in this task (17% of non-training trials reported a wrong
answer), but the errors are quite homogeneously distributed among the conditions, without
evidence indicating an advantage for any of the conditions.

56

59

62

59

16

12

9

13

0

1

1

0

correct incorrect invalid

7.5

5.5

TDiff

P
la
in

Ze
b
ra

C
o
lo
r

B
ar

Plain 35.8 26.8 31.9

Zebra 64.2 38.1 44.9

Color 73.2 61.9 55.7

Bar 68.1 55.1 44.3

Figure 4.10: Errors for task TDiff. Refer also to the caption of Fig. 4.4

4.5.2 Effects of Mouse Use

For this task most participants (91%) used the mouse, similarly across all conditions. There
is also no conclusive evidence that using the mouse shortened or lengthened completion
times. Similarly, mouse use does not seem to affect the likelihood of errors.

4.5.3 Gaze Behavior

For the TDiff condition, we initially conducted 184 trials. However, only 160 of these trials
were accessible through gaze tracking videos. The videos for 24 trials, which involved 3
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different participants, were unavailable for review. This unavailability was due to two main
reasons: either the eye-tracking device failed to record these trials, or the trials exceeded the
device’s recording time limit, resulting in the video stopping recording at some point during
the TDiff trials. As a consequence, these were discarded due to incomplete data. Among
the 160 observable trials, 15 presented significant challenges for analysis. These trials
involved rapid and complex eye movements that were difficult to categorize accurately.
Considering the high likelihood that including these data would introduce more noise than
useful information into our analysis, we decided to exclude these 15 trials. As a result,
145 trials from the TDiff condition were deemed suitable and were included in our detailed
analysis.

Analysis of gaze behavior showed that participants did not have a step strategy from
start to finish that was common across participants to complete TDiff. However, I have
outlined Analysis of gaze behavior showed that participants did not have a dominant step
strategy to complete TDiff. However, I have outlined several steps that were frequent
among many participants:

Step 1: Find two row headers indicated in the prompt.

Step 2: Find the horizontal location of the values to compare by identifying the corre-
sponding columns based on the column header.

Step 3: Diverse steps for Row Comparison

I found that 99% of participants began with Step 1. Subsequently, 78% completed Step
2. However, 42% of participants jumped back to the row header after completing Step
2. From Step 3 onwards, gaze behavior became chaotic, as participants followed several
different paths, Step 3 involved a diverse range of actions, with participants carrying out
multiple different actions in various orders. There were no clear discernible patterns in
order to compare different values in different columns across the two rows. Therefore,
Step 3 can be considered as comprising a multiplicity of steps. Minimal differences were
noticeable between conditions. Additionally, more Mouse Scans were used in the TDiff
condition. Notably, 87% of participants used the mouse simultaneously while moving their
gaze in Step 1, and 63.5% did the same in Step 2.

Step-by-step analysis, however, reveals further gaze patterns based on the subtask in-
volved in each step, and these patterns are the same for all conditions.

Step 1 Analysis. To complete Step 1, participants had to locate two row headers spec-
ified in the prompt. The predominant gaze movement observed was the Smooth Scan (in
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143/145 trails), executed with or without using the mouse. The data indicates that the ma-
jority of participants used the mouse while performing a Smooth Scan (in 124/145 trails),
while only 12% did not use the mouse (in 19/145 trails). Furthermore, when participants
did not use the mouse, a higher proportion resorted to regression (91%) compared to when
they used the mouse (65%). There were no instances of Jumps, Jump Scans, or Super-
Smooth Scans.

Step 2 Analysis. To complete Step 2, participants had to follow the row that corre-
sponds to one of the two row headers, moving from left to right. As in Step 1, the pre-
dominant gaze movement was the Smooth Scan (in 113/145 trails). Notably, 63.5% of
participants used the mouse while performing a Smooth Scan, with or without regression
(37/145 trials without regression against 54/145 with regression). Participants who used
the mouse tended to hover the cursor over the other row they were scanning, then moved
their gaze and the mouse simultaneously. In this step, there were no instances of Jumps
or Jump Scans. After completing Step 2, 42% of participants performed a back-and-forth
Jump to the row header, without using the mouse and without regression (in 61/145 trails).

Step 3 Analysis. Step 3 in our study was notably chaotic, encompassing a variety of
movements and steps rather than a single, uniform strategy. Within this context, a specific
gaze movement named ’Compare’ was identified as a key element. This ’meta movement’
was coded separately from those discussed in Table 3.1 due to its distinct nature. ’Compare’
was observed in 95% of participants (137 out of 145 trials). It involved examining values
across two rows and was not a singular, one-time step but a multiplicity of steps within each
trial. The exact frequency and timing of this step varied widely, making it difficult to count
the exact number of times it occurred or to determine when it happened, which was not
very helpful for my analysis. Additionally, a common pattern observed in completing Step
3, other than comparing values belonging to the two rows, involved participants performing
jumps between row and column headers, and making some back-and-forth jumps between
the row headers and the values. This was likely done to ensure they were comparing the
correct rows.

4.5.4 Subjective Results

The subjective ratings for TDiff (see Figure 4.1) indicate that participants strongly prefer
to choose Zebra in terms of preference, accuracy, and speed, followed by Bar, Color, and
Plain. These findings align with the results for time measurements, where Zebra was clearly
better than other conditions.
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4.5.5 TDiff Discussion

I included the TDiff task in my study because it’s a complex task. Participants need to
scan two rows to the rightmost side and compare values in the last four columns. In a prior
study [24], a task involving scanning a single row within Zebra striping was conducted,
and the results indicated that Zebra striping reduced completion time. This aligns with my
findings, suggesting that Zebra striping helps in reducing completion time. This is likely
because participants don’t get lost easily when comparing two rows. Surprisingly, while I
initially thought that value encodings might assist in comparison tasks, my results didn’t
show any clear evidence that they improve completion time or reduce errors. This might
be because this task involves more scanning than direct comparison.

Notably, 91% of participants chose to use a mouse for the task in all conditions. Even
though there’s no strong evidence that using a mouse improves completion time or reduces
errors, it seems that, when the task becomes sufficiently complex, participants instinctively
rely on external aids like the mouse to complete it.

An observation from eye tracker videos is that participants tended to find the first target
row, place the mouse cursor as a marker on that row, and then locate the other target row.
Once they identified both rows, they would use the mouse to scan one row and their eyes
to scan the other simultaneously, facilitating accurate column comparison. Additionally,
participants were likely to jump back to the row header, which I speculate was to prevent
straying from the rows.

Overall, due to the task’s complexity, participants made more mistakes compared to
other tasks. However, in most cases, this complexity led them to use the mouse as a marker.
When a task requires extensive scanning along rows or columns and comparison, partic-
ipants tend to prefer visual aids that keep their gaze from straying from on the row or
column, rather than the visual aids that assist with the comparison.

4.6 TValue Results

TValue requires retrieving a value contained in the cell determined by the names of its row
and column.

4.6.1 Completion Time and Error

Trials completed with Zebra were, on average, almost a second faster than with Color or
Bar, and about 1.5 second faster than with the Plain tables (see Figure 4.11). H1 is not
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supported, since the differences between Plain and Bar and Color are small and not statis-
tically reliable. H2 is clearly supported by the evidence (people are faster with Zebra than
with Plain). H3b, which is different for this task because we did not expect the encoding to
help, is supported, although the evidence for Zebra being faster than Bar is much stronger
than with Color.

H2 98% H3b 89% H4 76%
H3b 97%H1 84%

H1 60%

Figure 4.11: Task completion time for TValue. Refer also to Fig. 4.3.

In terms of errors, TValue saw only six errors overall, and the differences between
conditions are too small to extract any conclusion about correctness (see Figure 4.12).
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4.6.2 Effects of Mouse Use

Participants used the mouse between 70% and 76% of the time, depending on the condition.
There is no evidence that they were more likely to use the mouse in one condition than
another. There is some statistically reliable evidence (98% probability) that, when in the
Bar condition, mouse use resulted in faster trial completion, by an average of about 1.7
seconds. The evidence is inconclusive for all other conditions.

4.6.3 Gaze Behavior

The analysis of gaze behavior revealed that, like in TDiff, participants did not follow a
specific step strategy to complete TValue. However, I have outlined several common steps:
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Step 1: Find either the row header or column header as indicated in the prompt

Step 2: Find the remaining header, either row or column, that was not identified in Step 1

Step 3a: Find the cell within the corresponding column that aligns with the specified row
header

Step 3b: Find the cell within the corresponding row that aligns with the specified column
header

I found that 99% of participants began with Step 1, with 79% of them finding the row
header first and 21% finding the column header first. Subsequently, 99% of participants
completed Step 2. From Step 3 onwards, gaze behavior was separated into two different
scenarios, Step 3a and Step 3b, based on their choice in Step 1. Consequently, 79% of
participants completed Step 3a, while 21% completed Step 3b. No differences were found
between conditions for individual actions or when aggregated (Regression/No Regression,
Jumps, Smooth Scans).

Step 1 and Step 2 Analysis. Some participants chose to start Step 1 by locating the row
header first, followed by Step 2 where they found the column header, while others opted
to find the column header first and then the row header. Consequently, I have analyzed
both steps together. To complete Step 1 or Step 2, participants needed to locate either the
row header or column header as specified in the prompt. The predominant gaze movement
observed in both steps was the Smooth Scan (166 of the 184 trials). Participants were more
likely to use the mouse while scanning the row header compared to the column header
(with mouse usage noted in 40 out of 184 trials for row scanning against only 4 out of 184
trials for column scanning).

Due to the different sequences in which participants completed Step 1 and Step 2, Step
3 had to be divided into two distinct parts: Step 3a for the scenario where they located
the row header first and then the column header, and Step 3b for the scenario where they
located the column header first and then the row header.

Step 3a Analysis. To complete Step 3a, participants navigated down the corresponding
column header and then moved left to check the row header, repeating this process until
Step 3a was completed. This step involved various gaze movements, including Jumps and
Smooth Scans, both with and without mouse use. The frequency and direction of gaze
movements varied in each trial. In Step 3a, 146 out of 184 trials included Jumps within the
row, with 93 being from right to left and 53 from left to right. There were 129 out of 184
trials that included Smooth Scans within the row, with 40 from right to left and 89 from left
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to right. Additionally, Mouse Scans within the row were observed in 164 out of 184 trials,
with 11 from right to left and 153 from left to right.

Step 3b Analysis. To complete Step 3b, participants navigated down the corresponding
row header and then moved from bottom to top to check the column header, repeating this
process until Step 3b was completed. This step exclusively involved Jump movements
without mouse usage. The frequency and direction of gaze movements varied in each trial.
A total of 180 Jump movements within the column from top to bottom were observed,
along with 293 Jump movements from bottom to top. There were no instances of Mouse
Scan and Smooth Scan in this step.

4.6.4 Subjective Results

Participants preferred Zebra to all other conditions and judged it fastest and most accurate.
All other conditions had similar scores. These findings align with the results for time
measurements, where Zebra was clearly better than other conditions.

4.6.5 TValue Discussion

I included the TValue task in the study as a data retrieval task, which is a common real-life
task. The results showed that using Zebra striping reduced completion time by one second
compared to the other visual aids. This aligns with my initial hypothesis that Zebra striping
can be beneficial for tasks that do not require value comparison. Similar to TDiff, TValue
primarily involves extensive scanning along rows or columns, and the row-based darkening
of the background in alternate rows helps participants prevent their gaze from straying from
the rows they are scanning.

Analyzing mouse movement data, I found that 70% to 76% of participants used the
mouse as a tool for TValue, which is less than TDiff but higher than comparison tasks like
TVerMax and THorMax. Combining this with eye tracker video, it seems that for tasks that
involve substantial scanning along rows and columns, participants prefer to use the mouse
as a marker. They first locate either the target row name or column attribute and hover the
mouse cursor there. Then, they use their eyes to find the other target, moving the cursor
and eyes simultaneously until they find the result.

Overall, because the task doesn’t involve value comparison, participants prefer the Ze-
bra striping condition that assists with scanning. Visual encoding may not introduce signif-
icant visual obstacles, as Plain, Bar, and Color shading had similar results in terms of errors
and completion time. However, for tasks that involve extensive scanning along rows and
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columns, participants prefer the Zebra striping condition which helps them prevent straying
from rows and columns.
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Chapter 5

Discussion

In this chapter, I interpret the findings from the experiments and evaluations. I begin by
discussing the value of Zebra Striping, followed by a reflection on its benefits compared to
previous research. Further, I delve into the value of visual encodings, such as Color and
Bar, including a comparative discussion of these two encodings. Additionally, I compare
visual encodings with Zebra Striping. Then, I discuss the value of mouse use and the
novelty of my study. Finally, I address the limitations of my research and suggest areas for
future work to expand our understanding of how other visual aids may impact the reading
of data tables.

5.1 The Value of Zebra Striping

My study examines the effectiveness of Zebra striping in data tables. A key finding, par-
ticularly for tasks that require extensive scanning along rows and columns or are complex,
such as TValue and TDiff, is the significant impact of Zebra striping in reducing comple-
tion time. This suggests that Zebra striping may help users scan rows and columns in tables
more efficiently.

While Zebra striping demonstrated a clear advantage in terms of time efficiency, its
effect on error reduction was less supported. The study did not find conclusive evidence
to assert that Zebra striping significantly reduces error rates. This aligns with previous
research by Enders [24] and Lee [46], who observed similar trends where Zebra striping
reduced completion time for complex tasks but did not notably affect error rates.

Furthermore, the subjective results and gaze tracking analysis in this study revealed a
strong user preference for Zebra striping in complex tasks or tasks that involve substantial
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scanning along rows and columns, such as TDiff and TValue. Participants seemed to sug-
gest that the alternating row colors in Zebra striping might act as a helpful visual guide,
potentially aiding them in preventing straying from specific elements they were scanning.
This feature was particularly beneficial in tasks that required extensive scanning along rows
and columns, as it helped users keep track of their position in the table.

The implications of these findings for table design are significant. They suggest that
incorporating Zebra striping can be a straightforward yet effective strategy for improving
completion time in tasks that are complex or involve extensive scanning along rows and
columns. This insight can be leveraged to enhance the usability of data tables. Addition-
ally, the study opens up possibilities for further research into other visual aids that could
complement Zebra striping in various scenarios.

5.2 The Value of Visual Encodings

The results from my empirical study show that incorporating visual encodings in table cells,
like Color and Bar, can indeed help to facilitate value comparison within tables, and also
suggest that Color is more effective than Bar in terms of completion time, depending on
different scenarios.

For TVertMax, a task that involves vertical comparison, the findings revealed that vi-
sual encodings significantly helped participants quickly identify maximum values within
columns. This was evident as participants could jump to potential maximum values using
these encodings, rather than scanning each column value individually, as in the Plain and
Zebra conditions, observed from their gaze behavior.

In the THorMax task, where columns in tables usually show unrelated attributes, iden-
tifying the maximum value across them can be more challenging. This was evident in the
higher error rates, especially in the Color condition, where the visual encodings occasion-
ally contradicted the actual values. Despite these challenges, participants generally did well
in this task, even when using the Color encoding. This implies that the errors were likely
due to the layout of the table rather than the encoding itself.

The TDiff task was complex, involving extensive scanning along rows and columns
and comparing values across multiple rows and columns. In this task, the study did not find
clear evidence that visual encodings like Color and Bar significantly improved completion
times or reduced errors. This might be due to the task’s nature, which required extensive
scanning along rows and columns rather than direct comparison.

Similarly, in the TValue task, which solely involved scanning along rows and columns,



54

the use of Color and Bar did not markedly enhance performance in reducing time and
errors. This again points to the possibility that the tasks involving scanning along rows and
columns rather than comparison might not align well with the strengths of these particular
visual encodings.

When comparing Color and Bar directly, for instance, in TVertMax, participants com-
pleted the task faster with Color than with Bar. I speculate that this difference was caused
by Color being more immediately noticeable than Bar, and bars are difficult to compare
when placed horizontally. However, in THorMax, this advantage was mitigated due to the
potential for misinterpretation of values, especially when encodings contradicted the actual
data. This finding suggests that while both encodings have their strengths, their effective-
ness can vary based on the task context, the nature of the data being presented, and how the
visual encoding is incorporated.

The findings from this study both align with and extend the existing literature on data
table design and visualization techniques. While researchers like Mahon [48], Wainer [82],
MacDonald-Ross [47], Spence [71], and Midway [54] have highlighted the limitations of
traditional tables in facilitating comparisons, this study confirms that visual encodings,
specifically Color and Bar, can indeed enhance table readability in tasks involving direct
value comparison, such as TVertMax and THorMax. This aligns with what Henry [36] and
Hink [37] find in their empirical study, where well-designed graph visualizations, which
are a kind of visual encoding, are more effective for comparison tasks than relying solely
on tables. However, when a task requires extensive scanning along rows or columns and
comparison, as in TDiff, participants tend to prefer visual aids like Zebra striping, which
help keep their gaze from straying from the rows or columns, rather than visual encodings
that aid in comparison.

The implications of these findings are significant for the design of data tables. They
highlight the potential of combining traditional tables and visual encodings to optimize the
usability and effectiveness of data tables, particularly in scenarios requiring quick compar-
ison.

5.3 Visual Encoding vs. Zebra Striping

Both visual encoding and Zebra Striping have shown benefits in reducing response time.
However, when comparing these two approaches, it’s essential to discuss their performance
within the specific context of tasks. The findings show that for tasks involving comparison,
incorporating visual encodings like Color and Bar in table cells can significantly facilitate



55

value comparison. Meanwhile, for tasks that substantially involve row or column scanning,
a visual feature like alternating row background colors, known as Zebra Striping, might be
helpful in concentrating on scanning, thus potentially reducing completion time.

In TVerMax, using visual encoding has been shown to significantly reduce completion
times when dealing with tasks that involve a lot of comparisons. This improvement in
completion time is because participants can quickly identify potential maximum values
in a column without having to focus on specific numbers, as seen in gaze behavior. On
the other hand, Plain requires participants to scan columns one by one, leading to more
mouse usage, which can act as a guide but also slows down the task. In summary, in tasks
involving comparisons, visual encoding outperforms visual features because it reduces the
need for scanning and frequent mouse usage.

In the TValue and TDiff tasks, a visual feature like Zebra striping is more effective than
Color and Bar visual encodings in reducing completion time. This might be because these
tasks require extensive scanning along rows or columns. While TDiff primarily involves
comparisons, the scanning aspect is crucial due to its complexity. The results show that the
visual feature aids in both tasks by reducing completion time. Participants’ gaze behavior
indicates that they minimize back-and-forth checking to prevent straying from rows or
columns in TDiff. Most participants used the mouse as a marker or tool for scanning, and
this usage was consistent across different visual features and encodings. The use of visual
features like Zebra striping reduces back-and-forth checking and helps prevent straying
from the rows or columns that participants were scanning, leading to faster task completion
compared to using other visual encodings.

Limited research exists on the comparison between Zebra Striping and visual encod-
ings in tables. However, an empirical study by Han and Nacenta compared tables of digits
with and without Color encoding, including tasks like finding extremes [34]. Their findings
indicate that incorporating Color in table cell backgrounds significantly reduces comple-
tion time compared to using tables with digits only. My result aligns with their findings,
showing that visual encodings like Color notably aid in reducing completion time for tasks
requiring value comparison.

The research findings on the use of visual encoding and Zebra Striping in tables have
important implications for data visualization. For tasks requiring comparison, like in TVer-
Max, visual encodings (e.g., Color and Bar) enhance efficiency by enabling quick identifi-
cation of key values, thereby reducing the need for detailed comparison. However, in tasks
involving extensive scanning along rows and columns, such as TValue and TDiff, visual
feature like Zebra Striping are more effective for scanning. This suggests a need for task-
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specific design in data tables, where the choice of visual aids should align with the user’s
task requirements.

5.4 The Value of Mouse Use

My study also investigated mouse usage while participants performed various tasks, re-
vealing key findings. Participants were more inclined to use the mouse in tasks with Plain
and Zebra striping conditions during the TVertMax task. This tendency correlates with my
finding that visual encodings, such as Bar and Color in table cells, substantially reduce
TVertMax completion time, suggesting a potential reduction in visual complexity. There-
fore, there appears to be a preference for mouse use in environments that are more visually
complex or less distinct, as seen in the Plain and Zebra conditions. Additionally, it was
found that using the mouse tends to slow down task completion time, though its effect on
task accuracy was not definitively determined. Notably, in more complex tasks such as
TDiff, a substantial majority of participants (91%) chose to use the mouse. This indicates
that the frequency of mouse usage may correlate with the complexity of the task.

Moreover, The specific mouse behaviors observed in the TDiff and TValue tasks offer
insightful details into how participants interact with tables using the mouse.

In the TValue task, participants frequently used the mouse cursor in conjunction with
their gaze to scan along rows and columns. This behavior suggests that the mouse cursor
often aligns with the participants’ gaze, serving as a dynamic tool for navigation through
the table. Additionally, in TValue, participants were observed using the mouse cursor to
hover over row headers or column headers as markers. This technique appears to aid in
maintaining a reference point, thereby reducing the cognitive effort needed to locate addi-
tional specific data points within the table.

In the TDiff task, a notable behavior was the use of the mouse cursor to track one row
while simultaneously using gaze to track another. This dual-tracking method implies that
participants might use the mouse cursor as an auxiliary gaze point, allowing them to keep
track of different information while their gaze is directed elsewhere. This approach could
indicate a sophisticated use of the mouse as a complementary tool to the gaze, enhancing
the ability to process and compare information in complex tasks.

Limited research exists on investigating mouse usage in data tables. However, re-
searchers have made great efforts to investigate mouse usage in other fields. Chen and
Sohn conducted an empirical study, suggesting a strong alignment between gaze position
and mouse cursor position [17]. This aligns with my findings that participants frequently
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used the mouse cursor along with gaze to navigate through columns and rows. Extending
Chen and Sohn’s research, Cooke conducted an exploratory experiment to further study the
relationship between gaze position and mouse cursor position [19]. He suggested that the
mouse could be used as a “poor man’s eye tracker”, meaning it could potentially serve as an
alternative to an eye tracker. However, my findings introduce more perspective to Cooke’s
suggestion, indicating his suggestion can be task-dependent. For tasks that involve multi-
row comparisons, like in TDiff, participants often use the mouse as an auxiliary gaze point,
rather than completely aligning it with the actual gaze point. Thus, in this scenario, the
mouse can not serve as an alternative to an eye tracker. Furthermore, Cox and Silva’s em-
pirical study on the interaction between mouse movements and gaze movement [20], while
not explicitly stating that more complex tasks lead to more mouse use, does indicate that
the mouse plays a crucial role in managing and navigating through complex information.
This suggests that in more complex tasks, effective mouse usage becomes increasingly im-
portant, which aligns with my findings that mouse usage might increase when tasks become
more complex.

The findings from my study highlight the significant role of mouse usage in navigating
data tables. Participants demonstrated a preference for using the mouse in environments
perceived as more visually complex, such as those with Plain and Zebra conditions. This
suggests that reducing visual complexity might decrease mouse usage, as mouse use was
also associated with slower task completion times. Additionally, the observed alignment
of gaze and mouse cursor positions among participants suggests the potential for using the
mouse cursor as an alternative to eye-tracking in certain contexts, particularly in under-
standing how audiences explore data tables.

5.5 Novelty

While the concept of enhancing data table readability and performance by incorporating
non-interactive visual encodings into the background of table cells is not new, my study
introduces a novel aspect through its systematic investigation of this approach’s effects.
Diverging from previous studies, it combines graphical elements with numeric data within
the same cell and offers a detailed and structured analysis of how this approach impacts
table readability. This systematic approach provides new insights into the effectiveness of
various visual encodings in data tables.

Compared to the existing study Bertifier by Perin et al. [59], which incorporates visual
encoding in table cells without presenting actual digits, this study offers a different ap-
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proach. According to Han and Nacenta’s findings, the absence of digits can make locating
specific values more difficult than when visual encoding is presented alongside digits [34].
My study addresses these challenges identified in Bertifier. Additionally, my approach
differs from Hink’s Grable [37], which combines graphs with tables by placing numbers
within graphs, rather than using graphs as visual encodings in the background of table cells.
This deviation from the typical table structure sets my approach apart from Hink’s.

5.6 Limitations and Future Work

Even though I’ve carefully planned my study design with confirmation from my supervi-
sory committee, it’s important to acknowledge that there are limitations in my study, as
well as opportunities for future work.

• The monitor screen has a limited size, which restricts the visibility of the table when
employing a large table. The current table consists of only 30 rows and 11 attributes.
In future work, there is a plan to expand the table’s size to accommodate larger
datasets. This expansion will help validate whether effective solutions can be found
for handling large data tables and explore which visual aids can assist with larger
datasets.

• The actual data in my tables only includes two digits (10-99). This was done to
ensure consistency and avoid introducing any noise into the results. However, in
real-life scenarios, data can vary greatly in range, so I may need to reconsider the
table’s configuration and incorporate larger numbers into the table.

• Even though I designed the study carefully and filtered out tasks that my supervisory
committee deemed inappropriate for the experiment, There still be additional tasks
that could be included. In future work, I plan to design tasks that are either commonly
used in real-life scenarios or specifically tailored for result-driven experiments.

• In my study, I focused on only two visual encodings: Bars and Colors. However,
to gain a more comprehensive understanding of how visual encodings affect table
readability, it may be insufficient to examine only these two conditions. In future
research, I plan to incorporate additional visual encodings into the table cells, such
as sparklines [89], and FatFonts [56], to provide a more comprehensive analysis of
the impact of various visual encodings on table readability.
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• The device I used in the experiment for gaze tracking was the Tobii Glass 2, which
has been discontinued. While the gaze behavior tracking was relatively accurate
while watching the video, the precision was insufficient to support automated anal-
ysis. Furthermore, participants had to wear the eye tracker throughout the entire
experiment, which could cause discomfort and potentially affect the results. Ad-
ditionally, due to the requirement of wearing glasses, there were strict participant
recruitment criteria, such as good vision without the use of external tools.

• In the future, I plan to use a higher-level, more advanced gaze tracker that doesn’t
require wearing glasses. This change should enhance result reliability and make a
wider range of participants eligible, thus expanding the target group for the study.

• Another factor that may need improvement is controlling for the participants’ learn-
ing background. Some participants may be good at calculations and have experience
with tables, while others may not have such experience. This variance can introduce
noise into the results. In the future, I intend to create specific criteria when recruiting
participants to ensure the fairness of the experiment and obtain more reliable results.
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Chapter 6

Conclusions

Tables are often used for data presentation, and while some research focuses on enhancing
their readability through interactivity like adjusting rows and columns [62] and adding
tooltips [16], limited attention has been given to improving table readability using visual
aids. Perin et al. introduced Bertifier [59], which incorporates visual elements into table
cells but doesn’t display the actual digits, potentially making it more error-prone for users
to retrieve values from the table [34]. Hink’s Grable combines graphs with tables but places
numbers in graphs instead of using graphs as visual encodings in the background of table
cells [37], which deviates from the typical table structure.

To address these concerns, I incorporated visual encodings such as bars and colors
into the background of table cells. This approach facilitates value comparison and trend
identification, while still allowing users to view the digits easily. Additionally, I included a
visual feature, Zebra Striping, in my study to evaluate how both visual features and visual
encodings contribute to improving table readability from various perspectives.

I conducted a study with 24 participants and presented the results. The study highlights
the advantages of using visual elements like color and bars in table cells for tasks that
require comparisons. Additionally, it highlights the benefits of employing visual features,
such as Zebra Striping, for tasks primarily involving scanning along rows and columns.
The results also reveal how people interact with tables through their gaze behavior and
mouse usage, strengthening the study’s conclusions and offering insights for creating more
effective tables. Given the growing use of data tables in real-life, it becomes increasingly
crucial to help people improve their understanding of tables and enhance table readability.
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Appendix A

Additional Information

I include the sample experiment table images in each conditions, the study script the post
study questionnaire, and the demographic survey.

Experiment Table Images: There are four sample images of the experiment tables for
each condition.

Study Script: This is the full script for the experiment. Words highlighted in orange
indicate the parts to be spoken by the experimenter.

Demographic Survey: This is the survey completed by participants before starting the
experiment.

Post-Study Questionnaire: A ranking scale questionnaire filled out by participants at
the end of each task.



Anime Bar Table

Start of Experiment Table Images



Canada Color Table



Cereal Plain Table



Movie Zebra Striping Table

End of Experiment Table Images



Investigation of data table Script

Pre-Experiment
-Prepare forms
-Open experiment device
-Retrieve table combination for the participant
-test eye tracker (Including Calibrate)
-Start software and test it
-Welcome participant

Experiment Proper

Experiment play (Darker color) (training goes to paper and
show to p before each task, and think about training software
with different description, after the first task)
<Participant walks into the room>

<Experimenter says to participants>
Hello and welcome to the VIXI lab, thank you for participating in this experiment!, My
name is YongFeng Ji, and I will guide you through the experiment. Feel free to ask me
any question at any time. Before we start, I need to let you know about your rights as a
participant.
If you feel uncomfortable you may quit at any time, and if you do so then I will delete
your data right away and it will not be used.
The data that we have collected will be destroyed in the future.
No data will be used without your explicit consent.
Your participation in this experiment is confidential.
Now please read this consent form carefully, which explains your rights as a participant
and the conditions of the study, and sign it if you agree with these terms.
You might have a copy of the consent form for your own records
Before we go on with the instructions of the experiment, I would like to let you know that
we appreciate your helping us in this study.

<Experimenter asks the participant to sit well>

<Experimenter hands out the consent form and Demographic form to participants>

Start of Study Script



<Participant filled out two forms and hands them back to Experimenter>
+

<Experimenter explains the table software and different table conditions to the
participant>
The software was designed for you to see the tasks and data table pictures. You could
change the task screen to the data table screen once you know exactly what the task is
asking for by pressing the space bar. Also, the software could help the experimenter to
record your answer, and the time spent and save those data. There will be four different
letters shown in each corner of the screen, it is designed for better eye tracker
precision, you don’t need to care about it. There will be four different conditions you will
see.
(In the order the participant sees, different pages)
Plain

Zebra Striping table

Color Shading

Bar Chart



<Experimenter opens the python file called “training”>
Now, you will use the software to finish the training, the questions will be similar to the
ones you will do in a real experiment, during the training, we will simulate the real
experiment from the training.

Teach how to use the software
Press space to move on to the next page. Remember to prevent jumping to a different
page by pressing the space bar too hard and quick. When you see the red or blue font,
it means you have to wait for my response to move on, the instruction is in black font,
you need to read that carefully, and once you feel confident with what it is asking, press
space to see the table and find the answer.

When found the answer
When you find the answer, don’t tell me the answer right away, instead, press the space
bar to move to the next page and then tell me the answer, it could help me to record the
time you have spent on that task.

Ok, you may press the space now once you are ready for the training

Real Experiment

<Experimenter asks the participant to wear eye tracker glass and ask the participant to
do calibration>
Please sit well, if you are not feeling uncomfortable from your glasses, please keep your
eyes focused on the card that is in my hand. <Wait until the screen shows “Calibration
success”, if it shows ‘failed’, try all over again>.

<Experimenter opens a python file called ‘experiment –(the number)’ and speaks to the
participant>
Now we are about to start the real experiment, the software you use will be the same as
the one you did in the training, the difference is there will be more tasks and in between
each task, I will hand out a questionnaire that needs you to fill out.

Note



Again, you can use the mouse to find the answer, but not your finger, please sit well
during the entire experiment, no questions while you are looking at the data table, you
can ask me questions when you are on the task instruction page or the page after the
data table. Again, don’t give me the answer right after you found it except for the
describe task, always press the space bar then tell me. Try to get it right, but do it as
fast as possible you can, it is ok to make mistakes.

When you see the red or blue font, it means you must wait for my response to move on,
the instruction is in black font, you need to read that carefully, and once you feel
confident with what it is asking, press space to see the table and find the answer.

<Participant answers ‘yes, I’m ready, then experimenter asks participant to press the
space bar.>

Describe Task
<Participant sees the first task instruction, experimenter says>
This is the describe task, you can say whatever you saw from the table, when you feel
you have said everything you want to say, feel free to press the space bar. There is no
correct answer or wrong answer.

The first task is to ask you to describe what you have seen in the picture, and I will
briefly explain what speak aloud is

Speak aloud protocol explanation

Speak aloud protocol, is usually called Think aloud protocol. Speak aloud protocol is a
method used to gather data in usability testing in product design and development.

Essentially, this involves asking real users to think aloud as they are performing a set of
specified tasks using the product being tested. Users are asked to say whatever they
are looking at, thinking, doing, and feeling, as they go about their tasks. This enables
observers to see how users react to the product and make changes accordingly.
Observers at such a test are asked to objectively take notes of everything that users
say, without attempting to interpret their actions and words. This method is especially
helpful for determining users' expectations and identifying what aspects of the interface
are confusing.

In the describe task, you can talk and press the space button whenever you feel you
have described enough things, remember, there is no correct answer and no wrong
answer.



<Participant starts to do the describe task>

<Participant keeps doing the task until she/he sees blue font text, then experimenter
speaks to them>
Now, you have finished the describe task, from now, you will see different types of
tasks, Again, don’t give me the answer right after you found it, always press the space
bar then tell me. Try to get it right, but do it as fast as possible you can, it is ok to make
mistakes.

When finished describe task
<Experimenter open software training>
Before we move onto the next task, I want you to get used to the software. Now,
you need to complete several very easy tasks via the software. When you see red
and blue font, it means you have to wait for my response to move on. When it is
black font, it means you should read the instruction carefully and remember what
it is asking for, once you are ready, you can press space button to find the
answer. Important thing is, you must say your answer after you press the space
button, when you find the answer, don’t tell me directly, instead, press the space
button then tell me.

When participant finish training
<Experiment reopen real experiment software>
If you have no question with the software, you may restart the experiment to see
different tasks.

Non-describe Task
Finding maximum value vertically
<Experimenter gives the task instruction sheet and explains to the participant about the
second task: Find the row which has the largest value in a given column>
This is another task you need to finish; it asks you to find the column and then find
which row has the largest value in that column. Please read the instruction carefully and
say the answer.

When participants feel confident of the task.
<Participant presses the space button and starts to work on the second task.>



<Participant finishes one trial, experiment start to collect the given answer by clicking it
on the monitor screen, then speaks to the participant that ‘You can press the space
button to move forward’>

The procedure will be repeated until

<When the participant is on the page that indicates she/he has finished this type of task,
the experimenter hand out a questionnaire to the participant and says>

You have finished this task, please fill out the questionnaire, and when you finish, give it
back to me.

<Participant finished the questionnaire and gives back to the experimenter.>

<Experimenter allows the participant to press the space bar to continue the
experiment.>

Finding maximum value horizontally
<Experimenter gives the task instruction sheet and explains to the participant about the
third task: Find the row which has the largest value in a given column>
This is another task you need to finish; it asks you to find the row and then find which
column has the largest value in that row. Please read the instructions carefully and say
the answer.

When participants feel confident of the task.
<Participant presses the space button and starts to work on the second task.>

<Participant finishes one trial, experiment start to collect the given answer by clicking it
on the monitor screen, then speaks to the participant that ‘You can press the space
button to move forward’>

The procedure will be repeated until

<When the participant is on the page that indicates she/he has finished this type of task,
the experimenter hand out a questionnaire to the participant and says>

You have finished this task, please fill out the questionnaire, and when you finish, give it
back to me.

<Participant finished the questionnaire and gives back to the experimenter.>



Find cell value
<Experimenter gives the task instruction sheet and explains to the participant about the
fourth task: Find the row which has the largest value in a given column>
This is another task you need to finish; It asks you to find the value according to the
column name and row name that has been given in the task instruction. Please read the
instructions carefully and say the answer.

When participants feel confident of the task.
<Participant presses the space button and starts to work on the second task.>

<Participant finishes one trial, experiment start to collect the given answer by clicking it
on the monitor screen, then speaks to the participant that ‘You can press the space
button to move forward’>

The procedure will be repeated until

<When the participant is on the page that indicates she/he has finished this type of task,
the experimenter hand out a questionnaire to the participant and says>

You have finished this task, please fill out the questionnaire, and when you finish, give it
back to me.

<Participant finished the questionnaire and gives back to the experimenter.>

<Experimenter allows the participant to press the space button to continue the
experiment.>

Proportionally different
<Experimenter gives the task instruction sheet and explains to the participant about the
last task: Find the row which has the largest value in a given column>
This is the last task you need to finish; It asks you to find the most proportional
difference row between two rows and provides the corresponding column.

Proportional difference explanation
Proportion is a mathematical concept, which states the equality of two
ratios or fractions. It refers to some a category over the total. When two
sets of numbers, increase or decrease in the same ratio, they are said to
be directly proportional to each other.



Imagine you are viewing two food review websites, the first one is in the range of 0-10,
and the other one is in the range of 0-100. Food A is rated 4 on the first website and 70
on the second website, Food B is rated 8 on the first website and 60 on the second
website. Regardless of the authority on each website, can we say Food A is much
better than Food B because Food A is 10 points ahead of Food B on the second
website, but only have 4 points difference on the first website? No, we cannot say that
because of two websites are taking different measurements.

When participants feel confident of the task.
<Participant presses the space button and starts to work on the second task.>

<Participant finishes one trial, experiment start to collect the given answer by clicking it
on the monitor screen, then speaks to the participant that ‘You can press the space
button to move forward’>

The procedure will be repeated until

<When the participant is on the page that indicates she/he has finished this type of task,
the experimenter hand out a questionnaire to the participant and says>

You have finished this task, please fill out the questionnaire, and when you finish, give it
back to me.

<Participant finished the questionnaire and gives back to the experimenter.>

<Experimenter allows the participant to press the space bar to continue the
experiment.>

The procedure will be repeated until
<Participant is on the page that says ‘You have finished all the tasks’, experimenter
says>

Congratulation, you have finished all the tasks, please help me to fill the rest of the
post-study questionnaire.

<Participant finishes the questionnaire and gives it back to the experimenter.>

End of Experiment
<Experimenters give money to participant>



<Experimenters ask the participant to sign a receipt>
Thank you very much for your participation. Do you have any questions?

End of Study Script



Draft of Demographic Survey 

Note that specific formulations might vary slightly  
 

 

Pre-study questionnaire 
[to fill before performing the tasks in the study]  

 

 

 

Demographic Information  

This information is collected for demographic purposes only. All questions are optional.  

 

Age:  ______  

 

 

Sex:   ☐ Male ☐ Female   ☐ Other _________________ 

 

Are you currently a student? ☐ Yes   ☐ No  

 

If you are a student, please indicate your current level of ongoing education. If you are not a 

student, please indicate the highest level of education you have completed: (lower level to 

higher level) 

 

☐ High school or equivalent     

☐ Vocational/technical school (2 year)    

☐ University degree (4 year), e.g. BSc, BA 

 ☐ Master’s degree      

☐ Doctoral degree (PhD)     

☐ Professional degree (MD, JD, etc)   

☐ Other _____________________  

 

 

What is your field of study or expertise? ___________________________________________ 

 

 

How often do you encounter data tables in your professional life?   

Note that we define tables in a very generic way, as any two-dimensional display of information 

that uses rows and columns to show data (e.g., numbers, categories, notes) of multiple items 

(usually as rows) in which each item has multiple attributes (usually in the different columns). 

This includes:  

 

• Excel files 

• Excel files printed on paper 

• Itemized budgets in table forms 

Start of Demographic Survey



• List of files that contain multiple columns (e.g., name, size, type) in your operating 

system 

• Tables in scientific or economic documents, including articles. 

 

 

Tick the appropriate box. 

 

□ I come across data tables multiple times per day 

□ I come across data tables most days 

□ I come across data tables most weeks 

□ I come across data tables most months 

□ I rarely come across data tables 

 

Please add here any other information that you think we should know: 

 

__________________________________________________________ 

 

 

 

 

 

 
 

 

 End of Demographic Survey



Questionnaire  
 

Rank the different conditions that you have worked with from 1 to 4, where 1 means most 

helpful or best, and 4 means least helpful based on the aspect described in the columns.  

 

 

 Speed: rank 

conditions in 

terms of how they 

allowed you to be 

fast (1 is fastest, 4 

is slowest) 

Accuracy: rank 

conditions in terms of 

how they allowed you 

to be accurate (1 is 

most accurate, 4 is 

least accurate) 

Rank the conditions in 

terms of your 

preference (1 is most 

preferred, 4 is least 

preferred) 

Zebra Striping  

 

 

   

Color Shading 

 

 

   

Bar Chart 

 

 

   

Plain 

 

 

   

 

 
Please explain your top choices: Why was the condition best for each aspect? 

 
____________________________________________________________________________ 

____________________________________________________________________________ 

____________________________________________________________________________  

 

Do you have more comments?  

____________________________________________________________________________ 

 

Start of Post-Study Questionnaire

End of Post-Study Questionnaire


