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Data visualization is a powerful strategy for using graphics to represent data for effective
communication and analysis. Unfortunately, creating effective data visualizations is a challenge
for both novice and expert design users. The task often involves an iterative process of trial and
error, which by its nature, is time-consuming. Designers frequently seek feedback to ensure their
visualizations convey the intended message clearly to their target audience. However, obtaining
feedback from peers can be challenging, and alternatives like user studies or crowdsourcing is
costly and time-consuming. This suggests the potential for a tool that can provide design feed-
back for visualizations. To that end, I create a virtual, human vision-inspired system that looks
into the visualization design and provides feedback on it using various Al techniques. The goal
is not to replicate an exact version of a human eye. Instead, my work aims to develop a practical

and effective system that delivers design feedback to visualization designers, utilizing advanced



Al techniques, such as deep neural networks (DNNs) and large language models (LLMs).

My thesis includes three distinct works, each aimed at developing a virtual system inspired
by human vision using Al techniques. Specifically, these works focus on simulation, represen-
tation, and automation, collectively progressing toward the aim. First, I develop a methodology
to simulate human perception in machines through a virtual eye tracker named A SCANNER
DEEPLY. This involves gathering eye gaze data from chart images and training them using a
DNN. Second, I focus on effectively and pragmatically representing a virtual human vision-
inspired system by creating PERCEPTUAL PAT, which includes a suite of perceptually-based
filters. Third, I automate the feedback generation process with VISUALIZATIONARY, leveraging
large language models to enhance the automation. I report on challenges and lessons learned
about the key components and design considerations that help visualization designers. Finally, I
end the dissertation by discussing future research directions for using Al for augmenting visual-

ization design process.
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Chapter 1: Introduction

This is an introducing chapter that talks about the motivation, and brief introduction on

each work conducted in this thesis.

1.1 Motivation

| describe the motivation by rst talking about the problems in visualization, the potential
of Al, and nally, augmenting the visualization design process using Al.
Problems in visualization. Information visualization, according to Ben Shneiderman;’goav-
erful interactive strategy for exploring data, especially when combined with statistical methods.
Data visualizations are used every day to obtain quick insights in various businesses and indus-
tries. To enhance this effectiveness, there have been various efforts to understand how people
read visualizations and how visualization design processes take place. Based on these works,
various chart authoring tools have been created, lowering our barrier for creating visualizations
and widening our expressiveness when drawing visualizations. In spite of these advancements,
however, we still identify issues in creating visualizations. First, people make mistakes when
creating visualizations, resulting in distorted visualizations for various purposes. Second, creat-
ing effective visualizations is dif cult for both novice and expert visualization designers. Novice

designers may struggle to use effective methods for a given task, and experts, though knowledge-



able, may still want to assess the effectiveness of their work during their design process. Despite
these problems, however, there is not a well-established solution to address these issues, where

designers are guided or informed based on their design decisions.

Potential of Al. The rapid advancement of arti cial intelligence (Al) is changing various parts

of our daily lives. This rapid swift of paradigm is also changing every part of research commu-
nity, including data visualization. Especially, with the development of versatile large language
models (e.g., ChatGPT) and diffusion models (e.g., Midjourney, Stable diffusion), we observe
tools that look as if they can "answer" as if they were humans. In visualization community, we
observe numerous attempts to use visualization for interpreting Al models. While we are in early
stages, we are starting to see more of applications to use Al for enhancing authoring/reading of

visualizations, such as in creating linting techniques, or generating captions for visualizations.

Augmenting visualization design process using Alln this work, | aim to address the issues

in visualization design by proposing a system that provides design feedback to visualization
designer from the eyes of an automated machine. This virtual-human vision-inspired tool aims
to serve as a reference tool for visualization designers to improve their designs. This idea is
motivated by the concept diack,a human-motion simulation tool by Norman Badler in 1993
that aims to detect errors about a system or artifact prior to deploying to practice. The goal we
are trying to approach is analogous to the intentions of what Jack tries to achieve: to inspect
the visualizations from the eyes of the Electronic Eye prior to be presented by the audience.
The tool should be capable of looking at the visualization, analyze and detect problems, and
eventually provide feedback about visualization artifacts. While the simulation in Badler's Jack

is mostly about motion simulation, our focus is on simulating human perception mechanism using



Al techniques.

1.2 A Virtual, Human Vision-inspired System for Augmenting Visualization

Design

This thesis aims to build a virtual human vision-inspired system to augment visualization
design. In particular, | focus on three steps to create such a system. First, | devise a method
to effectively instill human perception into machines. Second, | nd a method to effectively
represent the human vision-inspired system. Lastly, based on the analysis of the chart, | create a
method to effectively deliver feedback and suggestions to visualization designers.

To that end, this thesis is composed of three works: R SNER DEEPLY, PERCEPTUAL
PAT, and VISUALIZATIONARY . A SCANNER DEEPLY is a methodology to instill eye movement
patterns into a deep learning modeERCEPTUAL PAT presents a framework to represent human
perception in an actionable, pragmatic manner for visualization designers. FinalyaMzA -
TIONARY automates the delivery of perceptual feedback, from image analysis to visualization

suggestions. Below, we provide a brief introduction to each work.

1.2.1 Simulation: A Scanner Deeply

Visual perception is a key component of data visualization. Much prior empirical work
uses eye movement as a proxy to understand human visual perception. Diverse apparatus and
techniques have been proposed to collect eye movements, but there is still no optimal approach.
After reviewing 30 prior works, | analyze these works for collecting eye movements based on

three axes: (1) the tracker technology used to measure eye movements; (2) the image stimuli



shown to participants; and (3) the collection methodology used to gather the data. Based on
this taxonomy, | employ a webcam-based (low-tech requirement) eyetracking approach using
task-speci c visualizations as the stimuli. The low technology requirement means that virtually
anyone can participate, enabling us to collect data at a large scale using crowdsourcing: approx-
imately 12,000 samples in total. Choosing visualization images as stimuli ensures that the eye
movements will be speci c to perceptual tasks associated with visualization. | use these data to
propose A $ANNER DEEPLY, a virtual eyetracker model that, given an image of a visualiza-
tion, generates a gaze heatmap for that image. | employ a computationally ef cient yet powerful
convolutional neural network, call&@impleNetfor our model. The analysis of our gaze patterns

enables us to understand how users grasp the structure of visualized data.

1.2.2 Representation: Perceptual Pat

Designing a visualization is often a process of iterative re nement, where the designer im-
proves a chart over time by adding features, improving encodings, and xing mistakes. However,
effective design requires external critique and evaluation. Unfortunately, such critique is not al-
ways available on short notice, and evaluation can be costly. To address this need, | present
Perceptual Pat, an extensible suite of Al and computer vision techniques that forms a virtual hu-
man visual system for supporting iterative visualization design. The system analyzes snapshots
of a visualization using an extensible set of Iters—including gaze maps, text recognition, color
analysis, etc. Then, it generates a report summarizing the ndings. These lters are designed
to represent a virtual human vision-inspired system in an actionable and pragmatic manner. The

web-based Pat Design Lab provides a version tracking system that enables designers to track



improvements over time. | evaluate its effectiveness by allowing four experienced visualization
designers to create visualizations using Pat Design Lab. The results show that Pat Design Lab

helps visualization designers by detecting issues in visualizations.

1.2.3 Automation: Visualizationary

Interactive visualization editors empower people to author visualizations without writing
code, but they do not guide them in the art and craft of effective visual communication. In this
paper, | explore the potential for using an off-the-shelf Large Language Model (LLM) to pro-
vide actionable and customized feedback to visualization designers. The implementation, called
VISUALIZATIONARY , showcases how ChatGPT can be used in this manner through two compo-
nents: a preamble of visualization design guidelines and a suite of perceptual Iters extracting
salient metrics from a visualization image. | present ndings from a longitudinal user study in-
volving 13 visualization designers—6 novices, 4 intermediates, and 3 experts—authoring a new
visualization from scratch over the course of several days. The results indicate that providing
guidance in natural language using an LLM can aid even seasoned designers in re ning their

visualizations.

1.3 Contributions

Here | list the contributions of each work conducted for the thesis.

A Scanner DeeplyA Scanner Deeply explores a methodology to instill human perception into
machines. As an example, it tries to create a framework for a virtual eyetracker optimized for

use by visualization designers. The rst contribution of this work is the study of taxonomy.



We show that collecting eye movement data on chart images using crowdsourcing with low-tech
requirements and training the data using deep learning techniques are the desiderata for creating
a virtual eyetracker. The second contribution is the framework to create a virtual eyetracker, A
Scanner Deeply. In doing so, we identify and address several issues that occurred during the
creation of A Scanner Deeply, such as removing noise that hinders the model's proper training.
The third contribution is the patterns learned from the analysis of the salience maps generated by
A Scanner Deeply. We observe that the salience patterns are task- and chart-speci c. The fourth

contribution is the disclosure of the dataset.

Perceptual Patin Perceptual Pat, we represent a virtual human vision-inspired system to aug-
ment the iterative design process of a visualization designer. The rst contribution of this work

is the representation of a virtual human vision-inspired system using a suite of perceptual lters.
We utilize various lters created using computer vision techniques that can analyze charts in an
actionable and pragmatic manner. The second contribution is the implementation of Perceptual
Pat into a web-based interface called Pat Design Lab. The third contribution is the report on the
responses of visualization designers using Perceptual Pat. From four visualization designers, we

observe that Perceptual Pat helps improve design by detecting issues in visualizations.

Visualizationary In Visualizationary, we automate the entire process of providing perceptual
feedback, from the analysis of an inputted chart to actionable suggestions. The rst contribution
of this work is the design of the automation process, called ACGT, which comprises analyze, clar-
ify, guide, and track. The second contribution is the implementation of the tool, Visualizationary,
using large language models (LLM) and a preamble of design knowledge about visualizations.

The third contribution is the evaluation of the tool with individuals possessing varying levels of



visualization expertise. While the tool is designed to assist designers of any expertise level, it is

particularly bene cial for those with a certain level of experience in visualization.

1.4 Dissertation Structure

The dissertation is composed in the following manner. In the next section, | provide the
related background about the concept of a virtual human visual system. Next, | present Scan-
ner Deeply, a CNN-based gaze prediction model created based on crowdsourced eye movement
data. This presents a methodology of infusing human perception for visualizations from crowd-
sourced human data. It also provides the characteristics of a model trained using crowdsourced
eye movement data. Then, | present Perceptual Pat, the virtual human visual system for itera-
tive visualization design. This presents a pragmatic concept of a virtual human visual system.
Furthermore, it also shows the reactions of expert visualization designers about the system. Af-
terwards, | present limitations as well as future directions of the work. Finally, | conclude the

work.

1.5 Prior Publications and Authorship

Although | am the principal author of the research in this dissertation, it is essential to
acknowledge that the work is the product of collaborative efforts. The key collaborators include
Dr. Niklas EImgvist who is my indispensable advisor as well as my role model and Dr. Sanghyun
Hong, who is not only my trusted friend but an insightful mentor. The rst paper in this thesis,
the Scanner Deeplys done in collaboration with Niklas, Sanghyun, and Sunghyo Chung, my

friend as well as colleague from DAVIAN Lab at Korea Universifyhe Scanner Deeplg] is



accepted as a IEEE full paper in IEEE VIS2022' Conference, and is published as a journal paper
in IEEE Transactions on Visualization and Computer Graphics (TVCG). The secondtierk,
Perceptual Paf7], is done with Niklas and SanghyuRerceptual Pats accepted as a full paper
in ACM Conference on Human Factors in Computing Systems (CHI). As of the date of defense,
Visualizationaryis currently under submission to IEEE VIS2024' Conference as a full paper, and
is done with Sanghyun and Niklas.

| have chosen to present this dissertation in the rst-person plural to emphasize that the
work discussed herein would not have been possible without the invaluable contributions of my

collaborators.



“Exposure, the effective laying open of the data to display the unanticipated, is to us a major

portion of data analysis.”

THE FUTURE OF DATA ANALYSIS,

John Tukey

Chapter 2: Background

This section presents the background about my work. | start by describing methods to

facilitate visualization design. Then, | provide works that team with Al for visualization design.

2.1 Facilitating Visualization Design

There have been numerous attempts to facilitate an effective chart design process. First, by
creating effective chart authoring tools. Second, by developing recommendation tools. Third, by
supporting visualization design as an iterative process.

One approach to facilitating visualization design has been through the creation of effective
chart authoring tools. One such tool is Polaris, a visualization tool for authoring large multidi-
mensional datasets [8]. Another category includes web libraries like D3 [9], an expressive tool
designed for interactive chart creation in a web browser. Vega-Lite [10] is an expressive gram-
mar based on Wilkinson's Grammar of Graphics. More recently, Charticulator [11], a PowerBI
plug-in, has facilitated the creation of bespoke visual representations.

Another type of tool aims to automate the chart authoring process by directly recommend-

9



ing charts to users. Voyager [12] enables faceted browsing of recommended charts, chosen based
on statistical and perceptual measures. Draco [13] is a recommendation tool where design knowl-
edge is formalized as constraints. Dziban [14] is a Draco-driven recommendation tool that ad-
dresses ambiguous recommendations based on the user's past preferences. There have also been
attempts to leverage Al techniques in recommending visualizations, such as VizML [15].

Despite these advancements, not all visualizations can be authored in an automated man-
ner. The visualization design process is intrinsically iterative, and in this context, there have
been attempts to aid visualization design throughout this iterative process. McNutt et al. [16]
de ne deceptive, erroneous design practicesiagalization miragesUsing a technique called
metamorphic testing, their work detects these mirages at the visual encoding stage of analysis.
Another popular method for assisting the design process uses a linting metaphor to detect errors

within visualizations [17-19].

Contribution.  Our work is designed to assist the visualization designer's design process, which
is inherently iterative. We aim to provide perceptual feedback from the perspective of a virtual
humanvision-inspired system (VHVS), a contribution that distinguishes our approach from exist-

ing ones.

2.2 Teaming with Al for Visualization Design

Al is a rapidly evolving eld, providing humerous opportunities to use Al techniques in
visualization research. Consequently, there is a myriad of research that leverages both machine
learning and visualization techniques. Signi cant interest has been focused on augmenting the

explainability [20—26] of machine learning models using visual analytics tools. Another line of

10



interest is focused on exploiting machine learning techniques for visualizations [27-30]. In the
survey paper on Machine Learning for Visualizations (ML4VIS) [31] by Wang et al., the authors
highlight machine-human collaboration and the development of user-friendly machine learning

for visualizations as some of the ongoing challenges in the eld.

Contribution.  Our works address the challenges suggested by Wang et al. by exploring issues
that arise and nding solutions to provide qualitative feedback for visualization designers, empha-
sizing human-machine collaboration. It also exempli es the Human-Centered Al approach [32],

where Al techniques are used to augment human capabilities rather than replace them.
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Chapter 3: A Scanner Deeply: Predicting Gaze Heatmaps on Visualizations

Using Crowdsourced Eye Movement Data

Your eyes are not just windows to your soul, but also to your ability to read and perceive
the visual content on a computer screen. Thus, the ability to detect, track, and predict one's eye
movements is used in numerous elds such as computer vision [33, 34], human-computer inter-
action [35, 36], and natural language processing [37,38]. This is doubly true for data visualiza-
tion, where tracking the user's gaze on an interactive chart is key to understanding sophisticated
mechanisms behind how humans perceive them [39, 40]. However, current eyetracker hardware
is bulky and costly, thus preventing widespread use, and the resulting data is often large in scope
and dif cult to interpret. Recent progress in machine learning and computer vision has made
web-based eyetracking using standard webcams feasible [3, 41, 42]. However, such techniques
tend to be less accurate than specialized eyetracking hardware and are sensitive to varying light-
ing conditions, webcam placement, and even the user's appearance.

At the same time, universally available eyetracking would undoubtedly be highly useful
during the design and development phases of a data visualization, allowing the designer to quickly
gauge the appearance and salience of a visual representation. What if you could, for example,
gure out whether a peak in data stands out, or if a relationship between two items can be seen in

the visual clutter? However, to the best of our knowledge, such functionality does not yet exist.
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Figure 3.1:Summary of the Scanner Deeply pipelinePipeline for developing a gaze prediction
model that, given an image as an input, produces a saliency map for an image containing a
visualization. First, we collect more than 10,000 images that contain one chart per image (A).
Second, using the collected images we conduct a crowdsourced study on Amazon Mechanical
Turk to gather gaze logs using a webcam eyetracker (B). Third, using the image collection with
gaze log annotations, we train a model called SimpleNet, a CNN-based neural network model
(C). Gaze predictions are shown in (D) in the form of saliency maps.

We propose a virtual eye tracker using deep learning-e:aN8lER DEEPLY—that, given

an image of a visualization as an input, automatically generates a gaze heatmap for the image.
Fig. 3.1 outlines our approach for developing this deep learning-based eye tracker. We rst
gathered a large corpus of some 11,000 visualization images from the web. Then we collected
eyetracking data at scale by conducting a crowdsourced user study on Amazon Mechanical Turk
that leverages an existing webcam-based eyetracking technique [3] to collect gaze logs for our
visualization corpus. We used these images and the annotated gaze logs to train a state-of-the-
art convolutional neural network-based model [43] that predicts gaze heatmap when an image
is given as an input. Based on the images created from Scanner Deeply, we present its qualita-
tive features and evaluate our work using a model trained on the Salicon dataset and the DVS
model. We also present a preprocessing method that effectively removes noisy gaze dots that
improves the quality of webcam-based gaze dots. Our work demonstrates that gaze patterns on

visualizations are task- and domain-speci c.
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Figure 3.2:Calibration and gaze collection. Participants click on 8 dots that are placed near

the boundaries of the screen. Each dot turns yellow once the user has clicked on it ve times
(A-1). Then, the calibration accuracy is measured by making users look at the middle dot at the
center of the screen (A-2). If the accuracy is above 70%, then participants can proceed to the gaze
collection phase (A-3). In the gaze collection phase, participants are asked to look at the chart
for 7 seconds, during which time the user's gaze is tracked (B-1). Then, they are asked to answer
what type of chart the image is (B-2). After they submit the answer, participants look at the next
image by clicking “Go” button at the question “Ready for the next image?” We customize the
code WebGazer developed by Papoutsaki et al. [3] in creating the website.

3.1 Overview

We review works that study visual perception via human eye movements. As summarized
in Table 3.1, diverse apparatus and techniques have been proposed to collect eye movements
data. We taxonomize those works based on three axes: tracker technology, image stimulus, and
collection methodology. We detail why some choices are not practically desirable given the

recent research trends. We conclude this section with a discussion on our choices.
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3.1.1 Understanding Visual Perception via Eye Movements

Research on understanding human perception using eye movement started more than three
decades ago [44], and the methods for collecting eye movements have made advances over time.
One form of early works that involve studies with eye movement data explore different human
reactions and patterns as a lab study. Eye movement data are typically collected using eyetrack-
ing hardware. Examples of these experiments include understanding mind wandering patterns
when reading text [48], how people react under tabular visualizations [39], and how people make
sense of unfamiliar visualizations [69]. Another form of early work aims at developing gaze pre-
diction models. First introduced by Itti et al. [44], there has been many attempts to build models
predicting gaze views of natural images, e.g., models using concepts from information theory to
predict salience on natural images [70, 71].

As eyetracker started to gain more popularity in human perception research than the past,
there has been growing demand for gaze prediction models with high quality. This brought light
to numerous data-driven gaze prediction models [72, 73] and also to large-scale gaze logs on
natural image datasets [47]. Two most commonly used image datasets for training and evaluat-
ing saliency models are (1) CAT2000 benchmark [74] and (2) Salicon [2]. CAT2000 contains
2,000 images from 20 different categories, and Salicon contains 10,000 images drawn from MS
COCO [75]. Salicon provides highly varied and natural images along with ground-truth xa-
tion annotations. With rapidly developing deep learning techniques, the performance of saliency
maps on the benchmark datasets have also rapidly ameliorated [76—78]. Furthermore, as crowd-
sourced platforms became available, various methods have been developed to democratize the

eyetracking process, such as cursor-based eyetrackers [41], or webcam-based eyetrackers [3,53].
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Initial work in the visualization community on gaze prediction builds models using natural
image datasets [79]. Inspired by the works showing that humans focus on texts while analyzing
charts, Matzen et al. proposed DVS [1], a gaze prediction model that utilizes a linear combi-
nation of a model based on natural images [70] and text optimizers [1]. However, it has been
unclear whether those models based on natural images are effective on visualization images. In
evaluation (83.4.1), we show that such a model is less effective than our models trained on a
visualization dataset, which necessitates developing a task-speci c—i.e., focusing on data vi-
sualization—data corpus. It also has been unknown whether neural networks that improve the
performance of gaze prediction tasks in natural image domains, are effective for visualization
images, especially for charts. Our work aims at addressing this knowledge gap by collecting a

large-scale gaze dataset of charts and training neural networks for gaze prediction on the data.

3.1.2 Choice of Apparatus and Techniques in Prior Work

Building gaze prediction models requires a corpus of eye movement data. Prior work there-
fore utilizes diverse apparatus and techniques for collecting datasets. Here, we review 30 prior
works and assess the advantages and disadvantages of their collection methods. We collect those
papers from visualization (IEEE TVCG, IEEE VIS, etc.), computer vision (IEEE CVPR, IEEE
ICCV, etc.), and human-computer interaction (ACM CHI, ACM UIST, etc.). We consider studies
comprehensively, i.e., they deal with eye movements on visualizations, natural images, texts, and
webpages. We then evaluate their choices based on three axes:t(akieethat is used to track
eye movement of a participant, (2) tireage stimulusor the type of images that is shown to par-

ticipants, and (3) theollection methodologghat is used to gather the data from participants. We
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have listed those works in Table 3.1.

Eyetracker. Understanding one's eye movement patterns provide us with various information
about the attention the person is focusing on. For example, the xation data about an image play
as indicators of important regions within the image. In the eld of visualization, by knowing
which part of the chart would people's attention be most focused, the visualization designer can
slightly change her design to better meet her intentions. There exist three types of methods that
are used for eyetracking: specialized eyetracking hardware, indirect measurement methods, and
general-purpose webcams.

To begin with, the bene t of eyetracking hardware is that it provides an accurate measure-
ment of one's eye gaze. As aresult, it has been extensively used in lab experiments. However, the
quality of gaze dots are largely dependent on their prices. The performance of some of the inex-
pensive ones is somewhat questionable, and high-end eyetrackers can cost upwards of $20,000.
For this reason, and also because of the dif culty in recruiting participants for laboratory sessions,
experiments involving eyetracking devices are generally known to be expensive.

As an alternative, there have been attempts to collect gaze information without directly
tracking the user's eyes. One approach is the cursor-based gaze collection technique. This is
based on the assumption that the movement of cursor is correlated with the eye movement when
looking at a screen [80]—or at least that participants can reliably be asked to use the mouse
cursor in this way. Cursor-based eyetrackers are effective in conveying the person's location of
visual attention [80]. Because of this characteristics, various research collects gaze dots using this
approach [2,41,52]. However, cursor-based approaches do have limits and are not a completely

accurate replacement for eyetracking devices. It loses some of its information, because it cannot
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track the person's eye when she is moving her eyes without moving the cursor.

There is another alternative that is being studied—the use of general-purpose webcams as
an eyetracking method. However, webcams have one infamous hurdle that needs to be addressed:
consistent calibration of the eye to the screen. This is mainly because calibration in webcams are
very sensitive to even small head motions. Jiang et al. [2] argue that collecting large-scale dataset
via general-purpose webcams is not possible, especially in an uncontrolled setting. Because of
this, with current technology, gaze collection can only be maintained for a short period of time
after calibration [53]. Furthermore, although it is still imperfect technology, we think that it is by

far the best method to measure directly one's eyes, affordably, and still yield large-size data.

Image Stimulus. Two types of data can be used to predict gaze for visualization studies: visu-
alization images, and natural images.

For the former, stimulus is often con ned to a particular type of chart (e.g., node-link
diagrams, parallel coordinate diagrams, etc.), and the size of the data corpus is typically small,
not exceeding 300 images. Recently, a large-scale visualization dataset, called the MASSVIS
dataset [81], has been developed. The dataset contains more than 5,000 different types of static
visualizations from four topics: government, infographic, news, and science.

Natural image datasets are also referenced to imitate gaze dots about chart images. For
example, despite being collected on a different domain of images and not intended to be used
for visualization images, the reaction to low-level features (e.g., color, contrast, motion, etc.)
of an image in natural image datasets and chart images is similar on certain tasks (e.g., explo-
ration tasks) [65]. Furthermore, since early large-scale gaze datasets are collected using natural

image datasets as the stimulus, their results have often been deployed in predicting saliency in

19



visualizations.

Collection Methodology. There are two main choices for collection methodology: lab experi-
ment and crowdsourcing.

Lab experiments are optimal for collecting small-scale but high-quality eye movement data.
As mentioned before, these lab experiments are mainly done using eyetracking hardware. The
accuracy and quality of eyetracking dots are high as it deploys a specialized eyetracker and the ex-
periment can be fully controlled. However, collecting gaze dots via lab experiments is expensive,
impractical and time-consuming to involve a large number of participants.

Crowdsourced platforms such as Amazon Mechanical Turk (AMT) or Innocentive are ben-
e cial in that it is easier to recruit at a relatively affordable price. Consequently, many researchers
use crowdsourced platforms to obtain human-involved datasets in a large scale. However, existing

technologies for tracking eye movements are not as accurate as real eyetracking hardware.

3.1.3 Our Approach

Based on our assessments, the most desirable approach is to develop a gaze prediction
model that provides the highest accuracy, but at the same time using the least possible resources
(i.e., reducing time and cost). Neural network models trained on large-scale natural image
datasets achieves superior performance over other methods. We therefore aim to apply this ap-
proach to visualization in order to construct a gaze prediction model that we calhaN&R
DEEPLY.

To do this, we choose to gathelnart imagesas ourimage stimulusas we hypothesize this

will lead to a more specialized model with better performance for chart input. Faotleztion
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methodologywe choose to use @owdsourced platfornio be able to collect suf ciently large
number of data samples for training neural network models. To reduce the confusion of a model,
we only collect eyetracking data for images that contain a single static chart.

We set a task that can provide answers on the generability of tasks. Matzen et al. [1],
while describing the DVS, mention the possibility of a general-purpose gaze prediction model.
However, several researchers provide empirical evidence that gaze patterns are task-speci c. For
example, Yarbus' [82] and Michal and Franconeri's [83] works on gaze research suggest that
human attentions are guided by the task she is conducting. Prior work [1] showed that the ideal
visualization has a strong overlap between the regions (1) that are most likely to draw the viewer's
attention (bottom-up) and (2) the regions that convey important information (top-down) about a
task. We choose a task that satis es both conditions and can also be evaluated with a gaze dataset
collected in a short time (7 seconds). Speci cally, we ask participants to gure what type of chart
it is after they view the chart for 7 seconds.

Another question remains—it is not clear how large the image stimulus dataset should be to
yield a suf cient amount of eye movement data. To the best of our knowledge, the largest known
visualization dataset is the MASSVIS dataset [81] which contains 5,000 static visualization im-
ages. However, the dataset is not suitable for our task as images in the infographics category
have more than two charts per image, and the subset includes images far smaller than 5,000.
For comparison, the Salicon dataset [2] has gaze annotations for 10,000 images, while they are
natural images. It means the amount of images in MASSVIS is not suf cient for training neural
networks. To that end, we decide to create our own image dataset that contains 10,000 images.

For thetracker, we choose a low-technology requirement consistent with our crowdsourced

platform. Between cursor-based method and webcams, we choose to go with webcams. The
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reason is two-fold. First, webcams are the only method to collect gaze dots that are actually
directly measured from one's eyes in a crowdsourced platform. The argument in this decision
is not at all in manifesting the superiority of current webcam-based gaze collection over other
methods. Our intention is just to reinforce that it is a choice worth studying because of the bene ts
we would gain if conducted successfully. Second, the use of webcams as the tracker, chartimages
as the stimulus on a crowdsourced platform is a choice that has not yet been investigated and
veri ed in the literature. This may be because of the intrinsic issue that there may be noise in
gaze dots collected from webcams and that consequently the result is unpredictable. However, if
we can devise a method that can successfully ease the impact of noise and successfully train the
model, then this can also lead to another contribution.

Given the gaze dataset obtained from crowdsourcing, we train SimpleNet, a neural net-
work devised by Reddy et al. [43]. SimpleNet is a state-of-the-art saliency map generating model
that utilizes convolutional neural network architectures (e.g., ResNets [84]), to generate gaze
heatmap. It requires less computational resources to train or predict than existing networks de-

signed for gaze prediction.

3.2 Task-Speci c Crowdsourced Data Collection

Here, we delineate the steps taken to collect task-speci ¢ gaze dots using webcams on a
crowdsourced platform. We rst describe how we crawled chart images from the web. Then we

describe the processes taken to conduct the crowdsourced study on Mechanical Turk.
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Table 3.2: Example queries for collecting chart images from the web.Each query (on the
right) is a combination of two keywords from our topical analysis of papers (on the left) and a
chart type (in the middle).

Topic Keywords  Chart Search Query
culture, anomaly bar culture anomaly bar chart
normal, politics line politics normal line chart
artist, history pie history artist pie chart
global, media tree global media tree diagram
meeting, crime  heatmap  meeting crime heatmap
sports, outlier spider sports outlier spider map

newyork, time bubble  newyork time bubble chart
market, medical  scatter market medical scatterplot
museum, weather  violin museum weather violin

3.2.1 Visualization Image Collection

The goal in collecting chart images is to collect a dataset that aligns with the distribution
of charts that can be found in the web, so that the trained model becomes as versatile as possible.
To collect crowdsourced eyetracking data at scale, we rst needed a large-scale dataset of visual-
ization images. While the large-scale MASSVIS dataset contains 5,000 images, this may not be
suf cient for training a neural network. Furthermore, the dataset also contains images containing
multiple individual charts. We base our scale on the Salicon dataset, which contains 10,000 gaze
dots. Accordingly, we choose 10,000 images as our target quantity.

We gather images by querying Google Imagsing three keywords each time, where two
keywords are chosen from 379 keywords derived from the topical analysis [85] of papers in
scienti c communities over the past 10 years (2011-2020), and the last keyword stands for the
type of chartsé€.qg, line chart, bar chart, or heatmap). Examples of these keywords are shown in

Table 3.2. Through a series of search queries, we gathered 280,000 images from the web. These

Ihttps://images.google.com
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Figure 3.3: Chart type popularity. We show the 10 most popular charts from a set of 1,000
samples randomly chosen from our image collection. This provides an estimate on the chart type
distribution in our dataset.

images contain not only charts, but also natural images pertaining to the topic. We only kept the
images that (1) have one chart in an image, (2) both width and height of an image are larger than
400 pixels, (3) have heights or widths less than 4 times of the other, and (4) are without texts
whose sizes are unreadably small. We also removed all duplicates.

In the end, we were able to retrieve 10,960 chart images. To roughly identify the distribu-
tion of charts, we randomly sampled 1,000 of the images, and counted them by their chart types.
Fig. 3.3 shows the 10 most frequent chart types in a random sample of 1,000 images in our col-
lection. We can observe that bar charts, line charts, and pie charts are the three most commonly

used graphs on the web.
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3.2.2 Gaze Collection Setup

We collect eyetracking data using crowdsourcing on AMT. We design the procedure with
three goals in mind: (1) obtaining high quality gaze dots, (2) obtaining large dataset, and (3)
lessening the burden of participants. The task involved participants identifying the kind of chart
after looking at the image for a few seconds; while they did so, we tracked their gaze using a

webcam eyetracker.

Eyetracking Mechanism We created our experimental platform with the help of WebGazer,

an eyetracking technique developed by Papoutsaki et al. [3]. Prior to nalizing our experiment
environment, we conducted pilot studies with members of our research group at the University
of Maryland to nd the optimal settings. We identi ed two issues in deploying general-purpose
webcams as eyetrackers: (1) the sensitivity and accuracy for webcam eyetrackers, and (2) main-
taining a high level of concentration from participants.

Calibration in webcams is sensitive to slight movements of the head. Even state-of-the-art
webcam eyetrackers exhibit poor robustness against changing head posture. This is exacerbated
when testing in the wild, i.e., using a crowdsourcing platform on the internet. During their ex-
periment with webcams, Xu et al. [53] note that eyetracking requires frequent calibration, and
to minimize the number, the viewing time must be short. To alleviate this problem, we limit our
eyetracked tasks to 7 seconds per image and conduct calibration every 6 images.

Secondly, to check if participants are concentrating, we add attention trials throughout the
experiment to determine if participants are concentrating. We select 400 attention images. These

attention images are all bar charts given the assumption that all participants know what a bar
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chart is, and hence can answer questions without dif culty. Furthermore, as Fig. 3.3 shows,
the bar chart is also the most common visual representation in our dataset. If the user does not
correctly answer the attention trial, then we stop the participant from further proceeding with the
experiment. This fact—that participants remain focused on the trials—is clearly communicated

at the outset of the experiment.

Participants. We recruit participants who are uent in English, do not have color blindness or
any other kind of color vision de ciency, and are at least 18 years old. We let participants be
aware that the experiment is about charts. Furthermore, we ask them to use computing device
with a webcam, have monitors with a screen resolution or 12820 or higher, and use Google
Chrome or Microsoft Edge web browsers (these requirements are imposed by our eyetracking

software).

Apparatus. We build a website for collecting data while participants perform pre-de ned tasks.
While they are doing so, we track their eye movements. We use JavaScript and jQuery to build
our website and use Python Flask v1.1.1 to run it on our university-hosted virtual machine (VM).

We allocate 2 GB RAM and 32 GB storage to the VM.

3.2.3 Participant Task

Below we describe steps taken for collecting gaze dots from participants on a crowdsourced

platform.

Getting Consent. Participants are rst presented with a consent form, including a brief intro-

duction to what the study is about and how the study is run. Afterwards, we lead participants to a
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website hosted on our server. The server was created by the authors and is run on a Linux-based
virtualization environment provided by the department of Computer Science at the University of

Maryland.

Figure 3.4: lllustration of procedures for constructing oracle heatmaps. We use the nal
heatmaps for training our neural networks. Gaze dots collected by using webcams contain rich
information that enables further analysis, e.g., temporal changes in human visual perception (see
83.4.4 for the analyses), but they are also noisy to learn. We address this challenge by carefully
pre-processing gaze dots. The second column shows the dots in the raw data from webcams, and
we blur dots and remove some of them not in the human's area of focus (see 83.3.2 for details).

Calibration.  Prior to conducting the experiment we provide several suggestions to participants
to help them get past the accuracy threshold during the calibration phase: (1) conducting the
experiment in a well-lit environment, (2) situating their heads within the green box shown on the
camera view, and (3) trying not to change their head posture during the experiment, as it will
decrease the calibration accuracy.

After participants allow access to the camera, the calibration can proceed. Fig. 3.2 (A)
illustrates the steps required for calibration. Calibration takes place in the following manner:
Participants are asked to hold their head steady and place their head on the box shown in the
camera view. Then, they are asked to synchronously look at and click at 8 dots placed near

the margins of the browser ve times each. The gaze dot, or the estimated gaze location of
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