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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 AI 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



AI 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 AI 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 AI 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

I describe the motivation by first talking about the problems in visualization, the potential

of AI, and finally, augmenting the visualization design process using AI.

Problems in visualization. Information visualization, according to Ben Shneiderman, is a “pow-

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 difficult for both novice and expert visualization designers. Novice

designers may struggle to use effective methods for a given task, and experts, though knowledge-
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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 AI. The rapid advancement of artificial intelligence (AI) 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 AI models. While we are in early

stages, we are starting to see more of applications to use AI for enhancing authoring/reading of

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

Augmenting visualization design process using AI. In this work, I 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 of Jack, 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

2



AI 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, I focus on three steps to create such a system. First, I devise a method

to effectively instill human perception into machines. Second, I find a method to effectively

represent the human vision-inspired system. Lastly, based on the analysis of the chart, I create a

method to effectively deliver feedback and suggestions to visualization designers.

To that end, this thesis is composed of three works: A SCANNER DEEPLY, PERCEPTUAL

PAT, and VISUALIZATIONARY. A SCANNER DEEPLY is a methodology to instill eye movement

patterns into a deep learning model. PERCEPTUAL PAT presents a framework to represent human

perception in an actionable, pragmatic manner for visualization designers. Finally, VISUALIZA-

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, I analyze these works for collecting eye movements based on

three axes: (1) the tracker technology used to measure eye movements; (2) the image stimuli
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shown to participants; and (3) the collection methodology used to gather the data. Based on

this taxonomy, I employ a webcam-based (low-tech requirement) eyetracking approach using

task-specific 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 specific to perceptual tasks associated with visualization. I use these data to

propose A SCANNER DEEPLY, a virtual eyetracker model that, given an image of a visualiza-

tion, generates a gaze heatmap for that image. I employ a computationally efficient yet powerful

convolutional neural network, called SimpleNet, for 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 refinement, where the designer im-

proves a chart over time by adding features, improving encodings, and fixing 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, I present

Perceptual Pat, an extensible suite of AI 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 filters—including gaze maps, text recognition, color

analysis, etc. Then, it generates a report summarizing the findings. These filters 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
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improvements over time. I 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, I 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 filters extracting

salient metrics from a visualization image. I present findings 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 refining their

visualizations.

1.3 Contributions

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

A Scanner Deeply A 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 first contribution of this work is the study of taxonomy.

5



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-specific. The fourth

contribution is the disclosure of the dataset.

Perceptual Pat In Perceptual Pat, we represent a virtual human vision-inspired system to aug-

ment the iterative design process of a visualization designer. The first contribution of this work

is the representation of a virtual human vision-inspired system using a suite of perceptual filters.

We utilize various filters 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 first 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
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visualization expertise. While the tool is designed to assist designers of any expertise level, it is

particularly beneficial 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, I provide the

related background about the concept of a virtual human visual system. Next, I 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, I 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, I present limitations as well as future directions of the work. Finally, I conclude the

work.

1.5 Prior Publications and Authorship

Although I 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 Elmqvist 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 first paper in this thesis,

the Scanner Deeply, is done in collaboration with Niklas, Sanghyun, and Sunghyo Chung, my

friend as well as colleague from DAVIAN Lab at Korea University. The Scanner Deeply [6] is
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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 second work, the

Perceptual Pat [7], is done with Niklas and Sanghyun. Perceptual Pat is accepted as a full paper

in ACM Conference on Human Factors in Computing Systems (CHI). As of the date of defense,

Visualizationary is currently under submission to IEEE VIS2024’ Conference as a full paper, and

is done with Sanghyun and Niklas.

I have chosen to present this dissertation in the first-person plural to emphasize that the

work discussed herein would not have been possible without the invaluable contributions of my

collaborators.
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“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. I start by describing methods to

facilitate visualization design. Then, I provide works that team with AI 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-
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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 AI 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]

define deceptive, erroneous design practices as visualization mirages. Using 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 AI for Visualization Design

AI is a rapidly evolving field, providing numerous opportunities to use AI techniques in

visualization research. Consequently, there is a myriad of research that leverages both machine

learning and visualization techniques. Significant interest has been focused on augmenting the

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

Contribution. Our works address the challenges suggested by Wang et al. by exploring issues

that arise and finding solutions to provide qualitative feedback for visualization designers, empha-

sizing human-machine collaboration. It also exemplifies the Human-Centered AI approach [32],

where AI 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 fields 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 difficult 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,

figure 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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A. Retrieving chart images 
from the web.

B. Collecting gaze logs via 
crowdsourced study.

C. Training the model using 
collected images D. Gaze predictions

𝑥 "𝑦Neural 
Network 

Model Training

Filtering and 
preprocessing data

Gaze logs

Webcam 
eyetracker

Figure 3.1: Summary of the Scanner Deeply pipeline. Pipeline 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—a SCANNER 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 first

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-specific.
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1. Participants are asked to look and 
click the dots near the boundaries.

2. The server calculates the calibration 
accuracy.

3. If the accuracy is > 70%, they can 
proceed to gaze collection phase.

1. Gaze logs are collected while 
participants are looking at the chart for 7 
secs.

2. Participants must answer what 
visualization it was after viewing images.

3. By, clicking go button, they can 
proceed to the next image.

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 five 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 fixa-

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 (§3.4.1), we show that such a model is less effective than our models trained on a

visualization dataset, which necessitates developing a task-specific—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: (1) the tracker that is used to track

eye movement of a participant, (2) the image stimulus, or the type of images that is shown to par-

ticipants, and (3) the collection methodology that 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 fixation data about an image play

as indicators of important regions within the image. In the field 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 benefit of eyetracking hardware is that it provides an accurate measure-

ment of one’s eye gaze. As a result, 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 difficulty 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 confined 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
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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-

eficial 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 call a SCANNER

DEEPLY.

To do this, we choose to gather chart images as our image stimulus, as we hypothesize this

will lead to a more specialized model with better performance for chart input. For the collection
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methodology, we choose to use a crowdsourced platform to be able to collect sufficiently 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-specific. 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 satisfies both conditions and can also be evaluated with a gaze dataset

collected in a short time (7 seconds). Specifically, we ask participants to figure 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 sufficient 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 sufficient for training neural

networks. To that end, we decide to create our own image dataset that contains 10,000 images.

For the tracker, 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 benefits

we would gain if conducted successfully. Second, the use of webcams as the tracker, chart images

as the stimulus on a crowdsourced platform is a choice that has not yet been investigated and

verified 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-Specific Crowdsourced Data Collection

Here, we delineate the steps taken to collect task-specific gaze dots using webcams on a

crowdsourced platform. We first 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 first needed a large-scale dataset of visual-

ization images. While the large-scale MASSVIS dataset contains 5,000 images, this may not be

sufficient 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 Image1 using three keywords each time, where two

keywords are chosen from 379 keywords derived from the topical analysis [85] of papers in

scientific communities over the past 10 years (2011–2020), and the last keyword stands for the

type of charts (e.g., 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

1https://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 finalizing our experiment

environment, we conducted pilot studies with members of our research group at the University

of Maryland to find the optimal settings. We identified 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 difficulty. 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 fluent in English, do not have color blindness or

any other kind of color vision deficiency, 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 1280×720 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-defined 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 first 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: Illustration of procedures for constructing oracle heatmaps. We use the final
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
§3.4.4 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 §3.3.2 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 five times each. The gaze dot, or the estimated gaze location of
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the participant, is represented by a small moving red-colored dot. Every time a target button is

clicked, the opacity of it gets lower until it eventually turns into yellow to signal that it has been

fully clicked 5 times. These clicks adjust the calibration between the participant’s eyes and the

browser window. After all dots turn yellow, a new red-colored button shows up at the center of

the browser to measure the accuracy of the calibration. The participants are required to look at

the dot until it turns yellow. Accuracy is measured by the proportion of gaze dots that are placed

near the center and those that are not. As described in the previous part, if that proportion is

higher than 70%, then participants can proceed to the gaze collection phase. If the accuracy is

below 70%, then participants must repeat the process until the accuracy rises above the threshold.

Data Collection. The next step is where the gaze log collection process starts. Fig. 3.2 (B)

explains the steps taken to collect gaze logs. Once participants click the button “Go” from the

question “Are you ready?,” an image appears at the center of the screen. The image appears

for 7 seconds. During the 7-second period, gaze logs are collected at a refresh rate of 20 Hz.

After 7 seconds have passed, the screen changes into a 20-multiple choice question that polls the

chart type. The participants can choose to answer between the choices, select “I don’t know,” or

provide a new answer after choosing “other.”

As stated before, we compose one unit block as one calibration followed by 6 gaze trials.

The intention is to keep one human intelligence task (HIT) under 3 minutes, including the cali-

bration. From our pilot study, collecting gaze logs from a full block averaged around 1 minute

and 10 seconds. Among the 6 trials in a block, one is an attention trial and 5 are used for the

experiment. After each HIT is complete, we collect a packet from the server that contains infor-

mation on (1) the gaze log information, (2) width, height, and size of the browser (e.g., the exact
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displacement of the image, the size of the screen, etc.), (3) answers to the questions asked, and

(4) the name of the image. We do not capture nor reference videos from the webcam; the latter is

clearly stated to participants prior to participating in the experiment.

One HIT is composed of three blocks. Based on our pilot study, it took approximately 3

minutes and 33 seconds to complete one HIT. Based on the targeted rate of $15 per hour upon

successful completion of the experiment, we pay each participant $0.90 per HIT. For those that

perform more than one HIT, we compensate them in the form of bonuses, at the rate of $0.30

per block. We gave compensation to any participants that conducted the experiment even if only

partially. We paid participants no more than five days after the date of submission.

3.2.4 Collection Results

For the 10,960 images, we ran this collection process until we had at least one annotation

per image, resulting in 12,504 gaze dots. It took 60 days to collect the data. We exclude the gaze

dots from participants who submitted incorrect identification numbers. The dataset consists of

gaze logs from 9,157 correct responses and 3,347 incorrect responses. Examples of gaze logs

collected from our study are shown in Fig. 3.4. The success rate of each HIT task was 71.2%.

The unsuccessful HITs are due to (1) incompleted tasks (21.3%) and (2) false answers (7.5%).

3.3 A Scanner Deeply

We now propose a SCANNER DEEPLY, a virtual eyetracker that utilizes a deep neural

network (DNN) for gaze prediction. Scanner Deeply takes a visualization image as an input

and automatically generates a gaze heatmap for the image. We first discuss our choice of a
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DNN: we employ SimpleNet [43], a compact DNN architecture designed for gaze prediction.

We then describe how we preprocess our dataset to prepare the training data, i.e., data filtration

and saliency map generation. We finally describe how we train SimpleNet on the preprocessed

data.

3.3.1 SimpleNet: A DNN for Gaze Prediction

We have two criteria for choosing a DNN architecture. First, the architecture should be fast

and computationally efficient at inference time. Most DNN architectures that are used in prior

work [77, 86] for gaze prediction are complex, i.e., they contain millions of model parameters,

which increases the operational costs. To run inferences with those models, we require special

hardware (e.g., GPUs or hardware accelerators). Reducing a DNN’s post-training operations thus

allows users and practitioners to deploy the Scanner Deeply to diverse computing environments,

ranging from servers and personal computers to devices with limited computational resources,

e.g., IoT or mobile devices. Second, while reducing the costs of post-training operations, we

choose the architecture that provides state-of-the-art performance in gaze prediction tasks. Deep

and complex architectures [87] typically offer better performance. However, we aim to find

a shallow, simpler network that can achieve on-par performance. Considering the criteria, we

employ SimpleNet to implement the Scanner Deeply.

Fig. 3.5 illustrates the SimpleNet architecture adapted for our pipeline. SimpleNet employs

an encoder-decoder architecture. The encoder extracts latent representations (often referred to

as features) from an input, and the decoder reconstructs the input from the latent vectors. In

the figure, SimpleNet extracts a 2048-dimensional vector from a visualization image as a latent
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Figure 3.5: Our SimpleNet architecture. The pipeline accepts image input and produces an
output image. In our case, the input is a visualization and the output is the gaze map. Sim-
pleNet follows an encoder-decoder structure similar to U-Net [4]. Compared to DNNs from prior
work [2], SimpleNet requires less computation.

representation. From this vector, the decoder architecture generates a gaze map. Multiple image

classification models, such as VGGNet [88], ResNet [84], and PNASNet [89], can be used as an

encoder; we choose ResNet because it offers the highest performance. The decoder is composed

of two deconvolutional layers. SimpleNet utilizes the U-Net structure [4], which helps to improve

the performance further by incorporating the information from earlier layers when the decoder

reconstructs a gaze map.

3.3.2 Preprocessing Webcam-based Eyetracking Data

Even with our efforts to maintain a high level of calibration during gaze collection pro-

cess, the resulting gaze dots from webcam-based eyetrackers contain noise. Noise is mainly

attributed to the dispersion of gaze dots. Such dispersion happens as participants make diminu-

tive movements of their heads, or because poor or shifting light conditions introduce errors in the

eyetracking software. At worst, noisy ones exist in locations far from where the chart is located
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within an image, and they prevent the DNNs from learning patterns in the data. (see Table 3.3)

To address this issue, we filter out gaze dots not in a saliency zone. Following the prior

work [70, 90, 91], we define the saliency zone as areas in an image that are highly disparate in

RGB values in contrast to its neighboring pixels. We preprocess gaze dots as follows: At each

pixel location, we first compute color differences between the location and all the neighboring

pixels within a 5-pixel radius. We perform this step over all the pixels in an image and remove

gaze dots at each pixel location where the sum of the color differences is less than 10 (10 is the

threshold we empirically find). We then blur the fixations by using a Gaussian filter that has a

standard deviation of 5 and set the boundaries of the salient zone. In Fig. 3.4, we show examples

of our preprocessed gaze dots. We define noise as the eye movement data that do not belong in

the saliency zone and use only those that exist in the saliency zone. There is an implied prior

behind this mechanism: this process assumes that salience tends to focus near zones where there

is a change in salience. Using this method, the model automatically learns from the training

dataset the zones where there is a change in pixels. Additionally, the model learns from the data

the salient parts of these zones in each chart image. We exclude 160 images that this filtration

process removes all the gaze dots from our dataset, leading to 12,344 gaze maps, consisting of

9,040 correct and 3,304 are incorrect ones. Note that our preprocessing does not change the input

resolution.

3.3.3 Training SimpleNet on Our Crowdsourced Dataset

We implement Scanner Deeply with Python 3.9 and PyTorch v1.10.2 To train our Sim-

pleNet models, we use a machine equipped with Intel i7-6700K CPU with 32GB RAM and 2

2https://pytorch.org
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NVIDIA GTX 1080 Ti GPUs. Note that, once trained, we only use CPUs to offer gaze predic-

tion.

Datasets. We compose our dataset as follows: Among the 9,040 correctly-responded visual-

ization images, we randomly pick 70% of them as our training data and use the rest 30% as the

testing set. This split leads to 6,328 training and 2,712 testing images. Next, we pair each visual-

ization image with a gaze map preprocessed by the method described in §3.3.2. Those maps are

the oracles the model should generate. All the visualization images and saliency maps are scaled

to 256×256. Our model produces gaze predictions with the same size, and we re-scale them back

to the original resolutions for visualization.

Objective Function. We train SimpleNet to minimize the perceptual difference between gaze

predictions and the oracle saliency maps. To measure the difference, we employ the Kullback-

Leibler (KL) divergence, an objective function commonly-used in literature [92]. We also exam-

ine other metrics for measuring perceptual differences, e.g., ℓp-distances or normalized scanpath

saliency (NSS) [93], proposed by prior work [94]. While our model minimizes those metrics,

we observe in our manual analysis that gaze predictions generated with KL divergence are better

than the cases of using others.

Hyper-parameters. We use the Adam [95] optimizer to train our models. We set the batch size

to 32 and the learning rate to 10−4. We also set the weight decay to 10−4. We train our models

for 40 epochs; at each epoch, we compute the KL divergence of our model on the testing set and

store the one that minimizes the metric over the 40.
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3.4 Evaluation

Here, we evaluate the Scanner Deeply. We first show the prediction performance of the

Scanner Deeply and the baselines (§3.4.1). We then compare the gaze predictions qualitatively to

illustrate unique characteristics the Scanner Deeply captures (§3.4.2 and §3.4.3). We lastly show

the benefit of using webcam-based eyetackers by analyzing temporal changes in human visual

perception with the Scanner Deeply (§3.4.4).

3.4.1 Prediction Performance of the Scanner Deeply

We evaluate the performance of the Scanner Deeply. The purpose of this experiment is to

show that for predicting gaze heatmaps for a specific task, it is desirable to train models on a task-

specific dataset. To this end, we train (1) SimpleNet on Salicon [2], gaze maps for a set of natural

images and (2) use the DVS model [1]3 designed to perform generally well on predicting gaze

maps for visualizations. We employ five metrics for measuring perceptual similarity between

gaze predictions and gaze maps on our 2,712 testing images: two location-based metrics, i.e.,

AUC-Judd (AUC-J) [47] and NSS, and three similarity-based metrics, i.e., KL-Div, SIM, and

CC [96]. Except for KL-Div, the higher a metric is, the more gaze predictions are similar to

oracles. Table 3.3 shows our results.

Scanner Deeply shows better performance over the two baselines. We first observe that

the Scanner Deeply exhibits 5–15% higher performance than SimpleNet trained on the Salicon

dataset. Considering that the training dataset is the only difference between the two models, it is

important to use the dataset collected from the same domain (i.e., visualization) for high-quality

3https://github.com/LauraMatzen/DVS
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Table 3.3: Performance evaluation of Scanner Deeply by comparing it with gaze prediction
models proposed by prior work. We show the performance using five metrics. We report each
metric’s mean and standard deviation over the five runs. The value shown on top is the mean, and
on the bracket below is the standard deviation over the five runs. We compare with DVS [1] and
Salicon [2]. The only difference between Salicon and the Scanner Deeply is in the dataset. We
show that a model using datasets collected for the specific task and domain on a specific task can
show improved performance over a general-purpose gaze prediction model. We also compare
ours with Scanner Deeply before pre-processing. This is represented as Ours†.

Metric Ours Ours† DVS Salicon

(↑) AUC-J 0.784 0.751 0.737 0.741

Location-based (0.002) (0.002) (0.005) (0.002)
(↑) NSS 0.716 0.625 0.489 0.537

(0.004) (0.006) (0.005) (0.009)

(↓) KL-Div. 1.283 1.333 1.507 1.443
(0.035) (0.053) (0.022) (0.063)

Distribution-based (↑) CC 0.403 0.373 0.276 0.301
(0.166) (0.186) (0.136) (0.193)

(↑) SIM 0.429 0.388 0.373 0.392
(0.002) (0.014) (0.012) (0.003)

†
SimpleNet trained on the dataset w/o the preprocessing step in §3.3.2.

gaze prediction. Compared with the DVS model, we find that the Scanner Deeply achieves 8–

18% improvements. This result implies that within the same domain, a model trained on a task-

dependent dataset can perform better on a specific task than a model built for a general-purpose

prediction.

We also assess the impact of the preprocessing step on the performance of the Scanner

Deeply (Ours vs. Ours†). Across the board, the similarity metrics from the models trained on

preprocessed gaze maps are better than those trained on un-preprocessed maps. This confirms

our hypothesis that filtering out gaze dots in the image area with no stimulus helps a model

focus more on the important low-level features. We find that the improvements are larger for

the location-based similarity metrics (i.e., AUC-J and NSS), which implies that preprocessing

encourages a model to ignore the unimportant parts in visualization.
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3.4.2 How Does the Scanner Deeply Perceive Charts?

We now present unique characteristics of how the Scanner Deeply perceives visualization

images compared with our baselines. We make this comparison by analyzing how those three

models perceive three different stimuli within an image: (1) charts (visualized data information),

(2) textual information, and (3) low-level features [65]. In Fig. 3.6, we illustrate gaze predictions

generated by three models for four images.

Chart Perception. A predominant characteristic of gaze predictions produced by the Scanner

Deeply is that it focuses on the shape (or structures) of charts within images, while the baseline

models focus more on the texts. Fig. 3.6 shows that gaze predictions from DVS and SimpleNet

models, trained with Salicon, highlight legends, numbers, or titles. In contrast, the Scanner

Deeply focuses on a slice in the pie chart (A), peaks in the line chart (B), branching points in the

sankey tree (C), and edges in the geographical maps (D). This means that the Scanner Deeply has

the ability to emphasize different parts of images depending on the visualization tasks. The task

here is to determine the type of a chart. It also means that in our data collection, participants have

looked at the entire chart to perform the task, not focusing only on a specific part (see in §3.4.3

and 3.4.4 for our detailed analysis).

If we take a closer look at the gaze predictions from the DVS model (see the figures in

the middle column), the model explicitly captures texts the most. The result implies that DVS

is designed to capture both the low-level features (via the GBVS model) and texts (via text opti-

mizers), but in fact, the text optimizers seem to be a dominant component. Surprisingly, from the

figures in (B), DVS predicts that humans will mainly focus on reading the x-/y-axis. However, it
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Figure 3.6: Visualization of gaze predictions. We show the gaze predictions of three charts
from ScannerDeeply, DVS, and SimpleNet trained on the Salicon dataset. DVS and Salicon
focus more on text, while our model focuses more on distinct areas in a chart.

is unlikely to be true as we use charts for reducing the perceptual complexity.

We further show that the model learned from natural image datasets (e.g., Salicon) focuses

on low-level features the most. If the shape of the chart is easily noticeable with respect to its

environment, the model focuses on the chart (see the figures in rows (A) and (C)); otherwise, it

emphasizes other areas, e.g., texts. Here, being noticeable means how much contrast the chart
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Figure 3.7: Gaze predictions from ScannerDeeply for different types of visualizations. We
show examples of the six common chart types in our datasets, i.e., (from the left) a line chart, a
bar chart, a population pyramid, a heatmap on a geographic map, a scatterplot on a geographic
map, and a scatterplot. We analyze them in §3.4.3.

is in terms of its color or shapes compared to the other parts of an image, which accounts for

human perception of natural images. However, our results suggest that it might not be suitable

for understanding human perception for a specific task.

Text Perception. Our findings are in stark contrast to the prior work [63] showing humans

mostly focus on textual information in a visualization. In Scanner Deeply, the concentration of

gaze on text is somewhat similar to, or sometimes even weaker than that on the shape of the

chart. We hypothesize that the importance of textual information in visualization may differ by

the designated task. If the task is to read visualization closely and comprehensively, textural

information will carry a lot of importance. But, the overall structure of visualization becomes

more critical if the task is to classify visualization types. This finding is in line with the results

presented by Polatsek et al. [65].

Oftentimes, the model trained on the SALICON dataset also produces gaze predictions

that focus on textual information. However, we argue that it is because the saliency is largely

determined by the level of contrast in the low-level features (e.g., colors) of the text with respect

to the chart background. Note that we typically use distinct colors in texts for perceptual clarity.

Thus, neural networks—that are good at capturing such input differences—will learn them during

training and reflect the differences in the gaze predictions.
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Perception of Low-level Features. Charts in images are generally drawn so that they can stand

out from the backgrounds visually. As we discussed above, this is the main reason that all three

models capture low-level features. But, there is a noticeable difference between the Scanner

Deeply and the baseline models. Scanner Deeply utilizes different levels of prioritization in

capturing low-level features.

Suppose our model only emphasizes the low-level features that are similar to the baselines

(see gaze predictions conducted by SimpleNet with Salicon dataset in Fig. 3.6). In (A), the pre-

diction should focus on every component in the image with white color (as it has the highest

contrast to the black background). However, our model focuses on a specific slide in the pie

charts. It does not mean that we de-prioritize low-level features; the Scanner Deeply does priori-

tize low-level features when it is needed. In (C), humans need to focus on the texts at branching

points to understand the sankey tree chart. In this case, our model emphasizes the texts in black,

which contrasts with the yellow-colored background the most.

3.4.3 What Structure Does the Scanner Deeply Focus?

We now analyze further the gaze predictions generated by the Scanner Deeply. We specifi-

cally focus on the structures (or shapes) our model primarily focuses on visualization images. We

present examples for five most popular chart types: line chart, bar chart, pie chart, geographics

map, and scatterplot. We show those examples in Fig. 3.7.

Bar Charts. For bar charts in Fig. 3.7 (B), the model mainly focuses on the bars of the chart,

though the gaze is focused on the center of the chart. This is not an unusual phenomenon, as

chart images are generally located at the center of the image. Variants of bar charts also follow a
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similar pattern. For example, in population pyramids (see Fig. 3.7 (C)), the gaze covers the entire

shape of the chart.

Pie Charts. In Fig. 3.6 (A), the gaze prediction is on the center of the chart. It checks the angles

of each pie and looks at the boundaries. Most pie charts have labels next to the pie, attracting the

gaze. However, the concentration of gaze is usually less than that of the chart.

Line Charts. The model reads the line that passes through the chart for line charts. When the

color of the line stands out from its environment, the saliency follows the line until it ends (see

Fig. 3.6 (B)). When there are multiple lines in the chart, it follows all of these lines. However,

if the line is similar to the background color, then it often fails to follow the line. For example,

when a line is drawn on a grid plane with similar color, it confuses distinguishing between the

grid and the line, and it follows both the grid and the line.

Geographic Maps. We have two types of geographic maps: (1) maps containing textual in-

formation and (2) superimposed visual components. In the first one (in Fig. 3.7 (D)), the gaze

prediction focuses on the boundaries and texts with large font. In the second one (in Fig. 3.7 (E)),

the prediction focuses on parts of the map with more visual components than parts with fewer

components, e.g., if there are dots on the map, the gaze is focused on where the concentration is

high.

Scatterplots. Generally, in scatterplots (see Fig. 3.7 (F)), our model focuses on each dot, with

the highest concentration of interest in areas with the highest concentration of dots.
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Figure 3.8: Temporal eye movements in gaze predictions. By training SimpleNet on datasets
representing different time scale, ScannerDeeply can predict human visual perception over time.
In (A), we train our model on the gaze maps collected from the first 0.7 seconds, while we train
our models on the gaze maps for the entire 7 seconds. Our model predicts that human eyes will
focus first on the distinct areas in charts and then focus on text components (e.g., legends) later
on.

3.4.4 Analyzing Temporal Patterns in Human Perception

Our webcam-based data collection offers unique information over other datasets: we col-

lected eye movements over time. We recorded eye movements every 0.05 seconds over 7 seconds

in total, which allows us to analyze temporal patterns in human visual perception. Using this

advantage, we evaluate an intriguing hypothesis: It has been known that humans first scan the

overview of a visualization image and then perceive its details. To this end, we train our neural

network on different datasets containing 0–t seconds, where t ∈ [1,7].

Fig. 3.8 illustrates the gaze predictions for an image from our model trained with 0.7s

period data (left) and the model trained with the full 7s data (right). We first observe that the

Scanner Deeply, trained on the 0.7s data, looks at the center of the charts. We found two reasons:

(1) We made participants reset their eyes at the center; thus, they started by looking at the center.

(2) We also see that to understand the chart type (i.e., bar), participants do not need to look at

other information.
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However, when trained with the entire data, the Scanner Deeply starts focusing on other

details, such as legends or texts in the x-axis where the highest bars are. This confirms our (and

also a hypothesis well-known to the visualization community) that human perceives an overview

first, and then details come. Our findings also raise questions about the community’s practice in

gaze predictions. Most prior work [1,2] offers a single gaze map for each image, which may lead

to missing opportunities to understand human perception in more depth.

3.5 Discussion

In this section, we discuss the implications of our work in two ways: (1) an assessment of

our data collection methodology, (2) two possible approaches one can consider for gaze estima-

tion. Finally, we conclude by discussing the limitations and plans for our future work.

3.5.1 Assessing Crowdsourced, Webcam-based Gaze

We collected a large-scale dataset of gaze fixation points on visualization images using a

crowdsourced platform through general-purpose webcams. There is clearly a benefit in terms of

time and cost when using a crowdsourced platform than when conducting a lab study. We spent

approximately $900 to collect around 12,000 gaze logs. This yielded approximately $0.07 to

$0.08 per gaze log. This is about 40% more expensive than cost expectations using TurkEyes [42].

However, one must take into account that our payment was based on a targeted rate of $15 per

hour, whereas that of TurkEyes was $10.

There was an obstacle during the experiment—the time it takes to collect sufficient amount

of data. While our initial expectation of collecting period was 30 days, it took more than 50 days
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to collect 10,000+ gaze logs. We attribute this to the fact that the task of collecting eye movement

data on webcams is a challenge when using general-purpose webcams. Participants are required

to conduct frequent calibrations, potentially multiple times, if they did not reach a particular

threshold. We struggled to collect large-scale data at a fast, constant pace despite compensating

at the relatively high rate of $15 per hour.

3.5.2 A Priori or A Posteriori?

A Better Method for Gaze Estimation

Our results show that gaze patterns on visualizations are task-specific and domain-specific.

This goes in line with the experiment conducted by Polatsek et al. [65]. In developing a gaze

prediction model, they propose a gaze prediction model based on an a priori approach where the

model is made as a combination of an image- and an object-based saliency model, similar to the

DVS model that combines a model for natural images with a text identifier. In contrast, our work

takes a posteriori approach that trains a neural network on empirical gaze data. Here, we discuss

advantages and disadvantages for both approaches.

Compared to a prior approach, our data-driven, a posteriori approach requires a large-scale

dataset and substantial computing power to train a sophisticated neural network model. However,

there is no guarantee that a priori-based model will provide solid performance in the general case.

For simple low-level tasks, a priori-based models can predict gaze views as well as a data-driven a

posteriori model without difficulty. Issues will arise when dealing with tasks that require a priori

knowledge about human perception where no such knowledge exists. This may occur when the

model encounters an entirely new type of chart not covered by existing perceptual models. It
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also becomes a problem when balancing between known factors is required. For example, while

conventional knowledge suggests that people focus on textual information in a chart, the overview

task in our experiment yielded more focus on chart shape than text. For both of these examples, a

data-driven a posteriori model uses sheer computing power to learn from the large-scale dataset.

On the other hand, an a priori model for gaze prediction is built on operational and in-

terpretable perceptual knowledge. Such knowledge can be informed by existing and ongoing

research in perceptual psychology [48, 97]. The neural network implementing our a posteriori

model, in contrast, is opaque and not understandable to humans [98]. Furthermore, new training

datasets and models may be needed to cover all conceivable tasks, datasets, charts, and domains to

guarantee robust performance for the deep learning method. Nevertheless, one important ques-

tion we raise for future work is whether neural networks, such as our Scanner Deeply model

presented in this paper, can teach us anything about perceptual psychology in humans.

3.5.3 Limitations and Future Work

As shown in our qualitative and quantitative experiments, gaze prediction models that are

task-specific and domain-specific are desirable. Even if several works (e.g., Yarbus’ [82] and

Michal and Franconeri’s [83]) suggest that the task guides human attention she is conducting,

most of the recent work (shown in §3.1) on predicting gaze heatmaps focuses on collecting and

developing models generally working well. That being said, building such models for individual

tasks may require iterative efforts. However, we highlight that our work presented a method and

desirable choices for the crowdsourced data collection approach in conjunction with the low-

technology requirement.
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We emphasize that our paper’s datasets and methodology shed some light on interesting

future work directions. As gaze prediction on visualization is an active area of study, we first

envision extending our approach for various tasks as future work. We also want to highlight

that the scalability issues in building prediction models for different tasks may inspire interesting

future work. For example, one could build foundational models for gaze predictions, similar

to models developed in computer vision (CLIP [99] or GPT-3 [100]), and then fine-tune those

models for multiple downstream tasks. We further envision that exploring the feasibility of few-

shot learning in this context to tackle data scarcity issues could be promising for future work.

Separately, in contrast to the datasets presented by the prior work, our dataset contains gaze

dots collected over 7 seconds, which may reflect temporal human eye movements. We further

envision future work using our dataset to conduct in-depth analysis of temporal eye movements

to understand human perception better.

3.6 Conclusion and Future Work

In this work, we developed a Scanner Deeply, a deep learning-based gaze prediction model

using chart images as the input on a specific task. After studying a taxonomy of 30 prior works,

we decided to take a task-specific, crowdsourced, webcam-based eye-tracking methodology. We

collected more than 12,000 chart images and conducted a crowdsourced user study to collect gaze

logs. With this dataset, we trained a convolutional neural network, SimpleNet, to predict gaze

heatmap when a chart image is provided as the input. In comparison with other methods, gaze

heatmaps produced from our method focus primarily on the structure of the chart. From this, we

deduced that predicting gaze is task- and domain-specific. Furthermore, we have shown quanti-
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tative improvement in our model compared with a neural network trained on natural images and

the DVS model. We evaluated the effectiveness of our approach and discussed two approaches

to predict gaze.

There are still various unanswered questions in understanding how people perceive and

understand visualizations. As a way to reveal a small part of this yet unkwown field, we plan

to extend our work by developing a gaze prediction model that uses a dashboard comprised of

multiple charts. We aim to explore the dynamics behind human perception in multiple charts,

how each chart plays in the sense-making processes of the users. Furthermore, we also plan to

assess what neural networks are not capable of in predicting gaze views on chart images. In our

experiment, we mainly focused on what neural works are capable of perceiving from gaze dots

of charts. However, since these models are not humans, their abilities are not guaranteed to be a

representative of the human eye [98]. We will examine the weaknesses of neural networks and

other statistical models in gaze prediction on charts.
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Chapter 4: Perceptual Pat: A Virtual Human Visual System for Iterative Visu-

alization Design

Visualization design, just like any other design discipline, is inherently iterative [101].

During the course of designing a novel visualization, a designer may go through dozens or even

hundreds of ideas, sketches, and prototypes before settling on a final composition. However,

while experienced designers have developed the ability to view their own work through the eyes

of their intended audience, it is clear that all designers would benefit from having access to

an objective and unbiased audience to use as a sounding board for each design iteration. Is

this label readable? Are the peaks and troughs in this line-series chart salient? Would a non-

expert recognize this chart type? Being able to answer such questions at the drop of a hat would

be invaluable, but fellow designers are not always available to provide feedback and empirical

evaluation is unfortunately so costly in terms of time and money that it is impractical.

That is, until Pat came along. Pat is always game to take a look at a new version of your

visualization, regardless of the time of day. Pat will tell you honestly what he thinks of your

visualization design. In fact, Pat will be precise and give you a detailed breakdown of the colors,

saliency, and legibility of your design. And, what’s more, Pat doesn’t sleep or take breaks. In

fact, Pat can be invoked with a mere click of your mouse button.

In this paper, we present PERCEPTUAL PAT: an extensible suite of image processing, com-
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Figure 4.1: Pat Design Lab. Applying Perceptual Pat to Charles Minard’s famous Napoleon’s
March to Russia diagram. The Pat Design Lab is the web-based interface to the Perceptual Pat
suite of perceptually-inspired image filters that can be used by a designer to receive rapid and
inexpensive feedback on a visualization being designed.

puter vision, and machine learning models that taken together forms a virtual human visual sys-

tem suitable for supporting visualization design and evaluation. While we obviously do not intend

for Perceptual Pat to be a drop-in replacement for a real human by a long shot, the Pat suite pro-

vides a collection of perceptually-inspired image filters that combine to yield a comprehensive

picture of what a person would see when viewing a visualization. Examples of such filters include

the virtual gaze maps, such as the Scanner Deeply virtual eyetracker [6], color vision deficiency

filters, text legibility and optical character recognition (OCR) scanning, color analysis, etc. In-

spired by the virtual human known as “Virtual Jack” [102] (or just “Jack”), which has long been

a staple in ergonomics design, Perceptual Pat is a complement and not a replacement for human

testing. Instead, the purpose of Pat is to provide easy access to multiple rounds of quick and

cheap feedback before a design is evaluated in a focus group, expert review, or usability study.

At its core, the Perceptual Pat suite is held together by the PAT DESIGN LAB, a web-based

software system for managing iterative visualization design. Using the Design Lab, a designer

can upload evolving versions of a design over time, each time running the Perceptual Pat tests and
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receiving an interactive report in response. The Design Lab allows for analyzing and studying

the output of the tests as overlays display on top of the visualization itself. The tool also has

functionality for designers to add their own annotation and notes to the report. Finally, different

reports can be interactively compared using the tool, enabling the designer to see how their design

has evolved over time. Furthermore, the Pat suite is based on a flexible plugin architecture,

enabling the Design Lab to be easily extended with third-party image filters.

We validated the Perceptual Pat suite and the Pat Design Lab in a longitudinal user study

involving 4 expert visualization designers using the tool for their own design project. We first met

with our participants in individual meetings to introduce the tool and its functionality, and then

again a week later at the conclusion of their design project. During this time, the participants

were asked to design and refine a new visualization from scratch using the tool. Our analysis

of the resulting reports and user annotations indicate that a majority of causes for change in

the design were attributed to our system. During the exit interviews, participants acknowledged

the effectiveness of the Perceptual Pat in detecting problems within visualizations, as well as its

convenience in providing design feedback.

The contributions of this work are:

• The concept of a virtual human visual system (VHVS) as a suite of models providing

feedback on a visualization image indicative of human perception;

• The Perceptual Pat implementation of a virtual human visual system for iterative visualiza-

tion design;

• The Pat Design Lab for supporting iterative evaluation of visualization design using the

Perceptual Pat suite;
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• Qualitative findings from a longitudinal study involving four expert designers using our

prototype implementation in their own design projects; and

• Findings from external evaluators who assessed the design process and outcomes from the

longitudinal study.

4.1 Background

Here we provide an overview of the background for our work on the Perceptual Pat suite

by first explaining how visualization is a design discipline and reviewing systems that scaffold

the design process. We then review work in vision science and visualization that shows how

understanding perception can also support visualization design.

4.1.1 The Role of Feedback in Visualizations

Data visualization is still a largely empirical research field, and iterative design is thus

a key component in authoring a new visualization [101]. It has also entailed a focus within

the field on design heuristics and rules of thumb, such as Edward Tufte’s reviews of effective

visualizations [103], visualization textbooks with a design emphasis [101], and many blog posts

and practical handbooks drawn from practice.

All design benefits from external feedback. There are two main mechanisms for feed-

back: user and usage feedback vs. peer and supervisor feedback. The former is more common

in academia and focuses on validation, often through empirical evaluation. Munzner present a

nested model for visual design and validation [104] that incorporates primarily the former through

various forms of validation. She presents four design layers for creating visualizations: (1) do-

50



main problem characterization, (2) data/operation abstraction design, (3) encoding/interaction

technique design, and finally (4) algorithm design. Sedlmair et al. [105] develop a nine-stage de-

sign study framework (consisting of three higher level category), and provide practical guidance

for conducting design studies. The three high-level categories are: (1) personal (precondition),

(2) inward-facing (core), and (3) outward-facing (analysis). Peer feedback, on the other hand, is

more common in industry and design practice, where critique is critical when authoring visualiza-

tions intended for mass consumption. It has also reached academia within the general interaction

design community. Bardzell et al. [106,107] talk about the importance of criticisms in designing

interfaces, and assert that they raise people’s perceptual ability, which over time constitutes a

heightened sensibility or competence.

Comparison. Obtaining external feedback requires time and money and is not always accessi-

ble. In contrast, Perceptual Pat provides external feedback using automated methods, and is thus

quick, always available, and virtually cost-free.

4.1.2 Facilitating the Chart Design Process

External feedback helps to improve chart design, but there exist many different ways to

provide such feedback. One method is based on practical visualization recommendation. Build-

ing on seminal automatic visualization work by Jock Mackinlay [108], Tableau’s Show Me [109]

feature recommends charts based on data types as well as best practices. Since then, various types

of recommendation tools have been developed, such as those based on data properties [12, 110],

perceptual principles [12], expert feedback [111], large-scale dataset-visualization pairs [15], and

design knowledge [13].
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Another method is to directly aid iterative design for visualization. The data visualization

saliency (DVS) [1] model is a general-purpose saliency heatmap generator for visualizations.

This saliency map enables designers to understand a viewer’s attention on a chart. Recently,

there is also a rising interest in techniques that provide automated design feedback on visualiza-

tions using a linting or sanity check metaphor. Examples are tools for detecting chart construction

errors [18], visualization mirages [16], and deceptively-designed line charts [112]. Finally, Vi-

zLinter [19] even provides solutions to help chart designers.

Comparison. Our Perceptual Pat suite is similar to many of these techniques, but it does not

recommend visualizations to be authored, leaving authoring entirely in the hands of the designer.

Instead, our approach is to provide a toolbox of different filters that together can give the user

multiple lenses through which to view the visualization artifact they are designing. This is akin

to a supertool [113] augmenting the capabilities of the designer a hundredfold.

4.1.3 Understanding Human Perception for Visualization

Understanding how humans perceive charts is vital to supporting design, and has been

an active area of interest within vision science. These efforts began as early as the end of the

19th Century in work done by the so-called “Berlin School” of experimental psychology. This

eventually led to the development of Gestalt psychology [114], a theory of mind based on a

holistic view of human visual perception where the sum of the perceived “gestalt” is qualitatively

different than its component parts, and in effect has an identity of its own.

Experimental work within vision science has also spent significant effort collecting empir-

ical data on how humans perceive charts. In 1926, Eells et al. [115] study how people viewed
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statistical graphics. Croxton et al. [116] compare bar charts with pie charts in 1927 and study the

effectiveness other shapes for comparison in 1932 [117]. In 1954, Peterson et al. [118] perform

experiments for eight different statistical graphics. These findings, and many more, were summa-

rized in Cleveland and McGill’s seminal 1984 paper [119] on graphical perception of statistical

graphics.

Empirical work on sophisticated visualization mechanics has continued at a rapid pace;

an exhaustive survey is beyond the scope of this paper. Bateman [5] study the impact of vi-

sual embellishment compared to minimalistic chart design, finding memorability improvements.

Chalbi et al. [120] extend the original Gestalt laws for dynamic graphical properties. Michal and

Franconeri [83] present findings on the order readers follow when viewing visualizations (e.g.,

looking at the tallest bar when reading bar charts). Many of these detailed empirical findings have

been condensed into specific design rules in a recent paper by Franconeri et al. [121], listing both

visualizations that succeed in effectively communicating data through visualizations and those

that fail to do so because of illusion and misperception.

With the introduction of high-performance eye tracking devices, researchers use eye move-

ment data [96] to understand human perception. This provides us with new knowledge about

what causes confusion in charts [55], visual patterns that benefit recall [40], visual saliency as a

measure of attention [94], and assessment methods for visualization proficiency [122]. It is even

possible to infer one’s personality with eye movement patterns during chart reading [123].

Comparison. All this work are candidates for inclusion into our pragmatic take on a virtual

human visual system.

53



4.1.4 Modeling Human Perception

Our work is inspired by the concept of Jack, a human simulation system devised by Badler

et al. [102] in 1999. Jack is an abstracted version of a human body, with special focus on the

body’s physical properties and its movements. In general, simulating humans as virtual agents

provides a virtual experience that can be used to detect and prevent many of problems in a pre-

emptive manner during early design.

We propose an approach for modeling not the physical body of a human, but its visual

system for the purposes of supporting visualization design. In 1993, Lohse propose the first

simulation of a human perceptual system based on a cognitive modeling approach drawn from

both experimental and theoretical findings up to that date [124]. More recently, Haehn et al. [125]

study the use of convolutional neural networks (CNNs) as a possible candidate model for a human

perceptual system. While they were able to replicate several of Cleveland and McGill’s seminal

graphical perception results, they ultimately decide that CNNs are currently not a good model for

human perception. Finally, Shin et al. [6] use crowdsourced eyetracking data to build a bespoke

deep learning model that simulates human eye movement to generate gazemaps on any uploaded

data visualization presented to it.

Comparison. Perceptual Pat is different from all of this prior work because it integrates and

synthesizes many models based on image processing and computer vision. In fact, many of the

aforementioned tools have already been integrated into the Perceptual Pat suite. However, we are

aware of no design-oriented virtual human visual system similar to ours.
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4.2 Design: Virtual Human Visual System

We informally define the concept of a virtual human visual system (VHVS) as a simulated

human perceptual system based on computer software filters that use imagery as their main input

channel and outputs information about the expected human visual response to this input. In our

implementation, we think of these image filters as perceptually-inspired to indicate the pragmatic

and practical approach we adopt in this paper; instead of attempting a high fidelity simulation of

the human visual system, our goal is to provide actionable information to a designer iterating on

a visualization artifact.

Figure 4.2: The Pat Design Lab in action. Example of a designer using the Pat Design Lab
during their chart design process.
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4.2.1 Motivation

There are many potential reasons for designing a virtual human visual system (VHVS),

ranging from vision science—e.g., the ability to completely simulate the human visual system at

high fidelity—to more practical applications for specific design and evaluation situations. Our

goal in this paper is the latter: while the overall VHVS goal may seem lofty, we are primarily

interested in providing pragmatic and actionable feedback to designers through a suite of image

filters “inspired by” human perception (see Fig. 4.2 for a demonstration of its intended use).

In other words, we do not purport to faithfully model the human visual system, but rather to

pragmatically support iterative visualization design.

4.2.2 Scope

The scope of our VHVS implementation is to serve as a supertool [113] that uses AI and

computer vision to augment, amplify, and extend the capabilities of a human designer during

iterative visualization refinement. While our intended user is a visualization designer of any

skill level, we note that our approach is not currently to suggest fixes to identified concerns.

This means that while the feedback is useful to anyone, an expert designer will often be in a

better situation to address it because of their greater experience. We organize the external design

feedback into two main types:

• Design feedback and critique: This form of external feedback involves receiving criticism—

preferably constructive, i.e., focused on improvement, rather than merely pointing out

flaws—from peer designers or supervisors. Designers often work in teams or at least as

part of organizations with multiple designers, so critique is intrinsic to design [107]. How-
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ever, receiving feedback from peers can be time-consuming because (a) the process is la-

borious in itself, and (b) peers are often not immediately available because of their own

commitments. Furthermore, feedback from an uninitiated peer can often be general and

not sufficiently detailed. Nevertheless, design feedback remains important, not only for

designers working alone on a project, but also for teams who can benefit from an outside

and unbiased critical eye on their work.

• Empirical evaluation: Given that visualization is a primarily empirical discipline, eval-

uation involving human participants is essential [126]. This is true for both academia as

well as industry and practice [127, 128]. However, even small-scale empirical evaluation

studies are costly in terms of time, money, and preparation—they certainly cannot provide

answers to specific questions designers have about their visual design at short notice. For

this reason, empirical evaluation is conducted at a time granularity of days or, more likely,

weeks.

4.2.3 Design Requirements

Because of the automated nature of the VHVS that we are proposing, it is important to note

that we are not replacing but augmenting human feedback. This means that the fidelity require-

ments are lower because our automated feedback is meant for guidance rather than enforcing

specific perceptual or design rules. We summarize our design requirements from the motivation

and scope above as follows:

DR1 Rapid: To facilitate a conversation between the designer and the VHVS, feedback must be

rapid, preferably yielding output in less than a minute or two (the faster, the better).
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DR2 Inexpensive: Similarly, to promote frequent iteration, the feedback cannot require costly

investment, or ideally any investment at all. This likely precludes crowdsourced critique,

which still incurs some cost.

DR3 Automated: The feedback should be mostly automated and not require intricate configura-

tion or setup; ideally, the user should be able to submit the current state of their visualization

artifact.

DR4 Progressive: In recognition of the iterative refinement commonplace in visualization de-

sign, the feedback should track the evolution of an artifact over time.

DR5 Constructive: The feedback provided should be organized to help the designer improve

their artifact.

4.2.4 Practical Perceptual Feedback

Focusing on pragmatic, actionable, and practical perceptual feedback on a visualization

artifact frees us from having to design a fully comprehensive and accurate model of the human

visual system. Instead we choose types of feedback that will aid the designer in making improve-

ments to a visualization that will directly benefit viewers. We summarize the main types of such

feedback below. Note that this is a suggestion and not an exhaustive list.

☼ Visual saliency: Saliency is a measure of the patterns and parts of a visual scene that

attracts a viewer’s eyes [94], and has long been a core part of vision science [44, 70, 71].

However, visual saliency is also a highly practical and pragmatic aspect of visualization

design in helping the designer determine which parts of a visualization will attract the
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viewer and in what order, and, analogously, which parts will not. Receiving unbiased

and objective feedback on the visual saliency can certainly help a designer iterate on their

visualization to ensure that the saliency is consistent with their intent.

– Eyetracking: Eye trackers empirically measure saliency by collecting eye movement

data from the real world [39]. Eyetracking technology is now becoming cheaper and

increasingly available, enabling designers to use themselves as test subjects. How-

ever, such hardware solutions are beyond the scope of our work.

– Virtual eye trackers: A virtual eye tracker is trained on eye movement data to generate

artificial gaze maps, enabling the designer to conduct a virtual eye tracking experi-

ment. Large-scale eye movement data can be used to build eye movement prediction

models, such as the work by Itti et al. [44], the CAT2000 benchmark [74], and SAL-

ICON [2]. While gaze prediction models can be used for this purpose, the Scanner

Deeply [6] tracker is specifically trained on visualization images.

– Information theory: Information-theoretic approaches to visualization [129] measure

the ratio of raw data that are communicated using a visual representation. Calculat-

ing the local entropy across a visualization image can thus be seen as a theoretical

measure of its visual saliency; its information content.

h Color perception: Color is a basic building block of any image, data visualization in

particular [101, 130]. Effective use of color is therefore a key factor in any design projects

involving data visualization.

– Color statistics: Understanding dominant color schemes, color distribution, and color

59



scale choices is a useful mechanism for any visualization designer.

– Color choice: Visualization practice stipulates using a limited number of distinguish-

able and easily named colors [131], potentially as a function of the mark used [132].

– Opponent processing: Opponent process theory casts color perception as balances

between three pairs of colors [133, 134]; while the exact constituent colors are dis-

puted, these are often held to be red vs. green, blue vs. yellow, and black vs. white.

Pragmatic visualization would promote avoiding color combinations that involve both

parts drawn from one of these pairs.

k Text: Most visualizations incorporate text in some form, much of it central to understand-

ing the scale, extents, names, and details of the visualized data. Textual characters are

obviously visual objects that are modeled by other vision models, but because of their

special meaning in visualization, text is worth studying on its own. We propose several

specialized forms of text identification and classification feedback.

– Legends: Some visualizations require legends to enable deciphering color allocations

or color scales. Identifying the legend, or notifying the designer that none is present,

would therefore be useful feedback.

– Labels: Axis labels, titles, and tick marks are central to comprehending a visualiza-

tion.

– Textual content: Disregarding the visual representation of the text, what about its

actual content? Feedback on spelling, grammar, and meaning can help the designer

here.
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¡ Visual representation: Some perceptual feedback may be specific to the visualization

technique being used. While some of this type of feedback may stray into visualization

linting [18,19] for finding chart design and construction errors, we here focus our feedback

on perceptual aspects.

– Chart type: Merely using an automatic classifier to identify the chart type can be use-

ful feedback to a designer. If the designer is working on a non-standard visualization

and the classifier does not recognize it, this may be indicative to change representa-

tion, or to better signpost the representation. Alternatively, if the designer is using a

standard chart type and it is not recognized (or incorrectly so), this may be a signal

that they need to improve and standardize their visual design.

– Data extraction: Taking chart recognition a step further would be to use automatic

methods to recover the data from a visualization, essentially reverse-engineering the

visualization [135–137]. This would enable the designer to determine if the visual

encoding is lossy by recovering symbolic data that has been encoded.

– Visual embellishment (“chart junk”): Visual embellishments to charts—sometimes

referred to as “chart junk” [103]—while potentially beneficial to the memorability of

a chart [5], may detract from the chart or even distract the viewer compared to a more

minimalistic visual representation [138]. Automated object recognition can inform

the designer about any visual embellishments and their potential for distraction.

4 Vision science: Beyond the visual saliency discussed above, there are many useful metrics

from vision science that we may pragmatically adopt for visualization design feedback. As

stated above, since our goal is not to accurately model the visual system, we can instead
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choose concepts that lend themselves to iterative design.

– Preattentiveness: Preattentive features [139–141] are those that guide the viewer’s

attention so that they “pop out” in a visual scene, and that cannot be decomposed

into simpler features. Automatically detecting and highlighting preattentive features

in a visualization would be highly useful, because they can help the designer confirm

conscious design choices and discover—and likely address—inadvertent ones.

– Ensemble processing: How do people estimate characteristics from a group of visual

objects, such as marks in a scatterplot? Ensemble processing [142] models how the

visual system computes averages of visual features in a group with even complex

shapes and configurations. Implementing an ensemble processing filter could help

designers understand how groups of visual marks would likely be interpreted by the

viewer.

– Shape identification: Recognizing and identifying shapes in a visualization artifact

may be another confirmatory piece of feedback for a designer. If shapes are not

correctly identified, perhaps due to scale or overplotting, the designer may use this

feedback to make revisions to their artifact.

– Image segmentation: More of a computer vision than a vision science tool, image

segmentation [143, 144] is the process of partitioning an image into segments or re-

gions based on image content. These segments may help a designer to understand

about the fundamental structure of the visualization artifact being designed.

– Moving object tracking: While our approach in this paper is based on static screen-

shots of a visualization, a dynamic animation may yield further perceptual informa-
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tion about a visualization. In particular, providing feedback on moving objects may

be useful given human perceptual limits on tracking multiple objects [145, 146]. It

could also be used to understand temporal aspects of an animation [147], which can

aid perception.

� Accessibility: The accessibility of visualizations has recently become an area of burgeon-

ing research within the community [135,148], and many visualization designers are in dire

need of assistance in making their charts accessible. Here we review some specific forms

of feedback that can help.

– Color vision deficiency: An estimated 300 million people in the world suffer from

some form of color vision deficiency where their ability to distinguish colors is di-

minished. There are already websites and native tools to show what a visualization

tool looks like depending on the form of color vision deficiency; integrating such

feedback into a framework would help further. In addition, Angerbauer et al. [149]

present several findings drawn from a large-scale crowdsourced assessment of color

vision deficiency in visualization that could be operationalized for a virtual human

visual system.

– General accessibility: The Chartability framework by Elavsky et al. [150] provides

heuristics for evaluating and auditing visualizations based on their accessibility to

people with different disabilities, including visual, motor, vestibular, neurological,

and cognitive ones. However, the framework must currently be applied manually

during an accessibility audit. Operationalizing these heuristics into an automated

model would enable integrating it into a framework such as ours.
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4.3 The Perceptual Pat Suite

Perceptual Pat is an implementation for a virtual human visual system designed for iter-

ative design of data visualization artifacts. In this section, we describe its system architecture,

components, and implementation.

Figure 4.3: System overview. The Perceptual Pat suite is comprised of a user interface (The Pat
Design Lab) and a feedback system. The user interface receives a data visualization (chart) from a
user and automatically performs an analysis of the chart. The feedback system consists of diverse
visual analysis components and uses them to generate a report containing design feedback. (We
used Perceptual Pat to iteratively refine this figure by providing a freelance graphic designer with
the original version and a PDL report.)

4.3.1 System Overview

The Perceptual Pat suite is designed to meet the requirements in § 4.2.3 (see Fig. 4.3 for an

overview; the black 0 and white 0 circles refer to the steps in the figure). The suite consists of

two components: a web-based user interface (the Pat Design Lab) and a feedback system. The

user interface (PDL) contains analysis and archive modules—see the following subsection for
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Figure 4.4: Designing visualizations with the Pat Design Lab. The user can log in to the
system by signing in on (A). Then, they can upload images on (B), and start the analysis process
by clicking the ‘analyze’ button in (C). They can choose filters in the control view, and at the
same time control the opacity of the filter in (D). To take notes in the report, they need to click
the blue button in (E). Then, they can add texts in (J) and click the button ‘add.’ Users have to
manually press the save button in (F) to keep record of them report with notes. They can check
her past versions of the design by clicking the hyperlink ‘archive’ at the navigation bar (G). In
the archive view, they can select a version of her interest in (H), and the most-recently chosen
version will appear at the left window, pushing the old one into the right window (I).

more details. 1 The analysis module receives a chart image from a user in a graphics format

(e.g., .png, .jpeg, or .jpg). 2 This action automatically triggers the feedback system to

generate a report containing the results of the diverse visual analysis we develop in § 4.3.3 (DR1,

DR2 and DR3). 3 The report will be shown to the user, and is also stored in the database for

future reference.

The archive module is designed to support the iterative chart design process of a user (DR4

and DR5). 1 It allows a user to retrieve the report that they generated before or to compare two

or more reports at the same time. The user will have a list of report names shown in chronological

order. By clicking those report names, the user interface requests all reports from the feedback
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Figure 4.5: Report generated by the Pat Design Lab. The report contains information about
filters used for the analysis of the updated chart images. It consists of 8 sections. These include
(1) the chart’s specifications, (2) OCR, (3) visual entropy, (4) a Scanner Deeply, (5) low-level
salience, (6) potentially distracting objects (Chartjunk [5]), and (7) color-vision deficiency.

system. 2 The feedback system will pull those reports from the database. 3 Reports are shown

in a single view side-by-side and are scrolled up/down together.

4.3.2 The Pat Design Lab

The Pat Design Lab (PDL) is a web-based single-page application. At its core, PDL con-

sists of three functions: upload, analyze, and save. Users can upload a screenshot of their chart

image. Then, they can analyze the image using the perceptual components provided by the PDL.

Finally, users can save their versions for comparison with past designs.

To initialize the Pat Design Lab, the user needs to login to the system (Fig. 4.4(A)). Once

they have signed in, Pat Design Lab activates and the update view (Fig. 4.1(A)) appears. In the

update view, they can choose a file to upload into the main interface. They can start the analysis

process by pressing the ‘analyze’ button in Fig. 4.4(C).

When PDL completes the analysis, the analysis report is displayed in the report view

(Fig. 4.1(E)). Users can toggle filters that are overlaid on top of the visualization image, as shown

in Fig. 4.4. The filter opacity can be controlled using a slider (Fig. 4.4(D)). Multiple filters can

be overlaid at once to enable studying compound effects.
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The report view in Fig. 4.1(E) provides access to the full analysis report; Fig. 4.5 shows an

example. The component names in the navigation view provides easy access to corresponding

report § 4.1(D). Users can also add notes about each component for each section by clicking the

document button in Fig. 4.4(E), which displays a text input interface (Fig. 4.4(J)). They can save

the version with the notes by clicking the blue-colored button with a document icon in Fig. 4.4(F).

The archives tab provides access to saved reports (Fig. 4.4(G)). This page provides a full

list of past reports and notes (Fig. 4.4(H)). It also shows two windows that lets users compare two

reports of their choice (Fig. 4.4(I)).
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4.3.3 Current Perceptual Pat Components

Table 4.1 shows the components in Pat’s feedback system, drawn from § 4.2.4. The focus

of this work is not primarily in evaluating the performance of these components, but in exploring

how access to a virtual human visual system can help users during iterative design. For this

reason, our goal was not to exhaustively cover the entire design space in § 4.2.4, but to find a

representative sample of components.

Towards this end, we chose several perceptual components that cover a wide range of the

feedback types in § 4.2.4 and are readily adaptable from existing computer vision and machine

learning libraries. Note that Pat uses a plugin system, so adding new components is straightfor-

ward. Below we explain how we implemented the seven components.

Optical Character Recognition (OCR) Optical character recognition is a computer vision

technique [156] that detects text characters from natural images. This technique gives the de-

signer an “smoke test” of the legibility of the text; if the OCR technique fails to detect the text,

there may be a legibility problem and redesign may be needed.

A Scanner Deeply Scanner Deeply [6] is a virtual eyetracker; a gaze heatmap generator using

a neural network model trained on more than 10K instances of eye movement data with chart

images as the visual stimuli. The model will generate a simulated heatmap predicting where a

person’s attention will be directed when viewing a visualization.

Low-level Salience This salience heatmap generator uses a neural network model trained on

the Salicon dataset [2], which contains fixation maps for a natural image dataset (i.e., Microsoft
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COCO [157]). The component is particularly useful in showing viewer attention for visualiza-

tions that contain natural image data, or in visualizations that are situated within the world, such

as for a visualization embedded in Augmented Reality.

Visual Entropy This components generates a heatmap showing visual entropy; pixels whose

RGB values differ from neighboring ones. This can potentially give designers awareness of the

data distribution in the image.

Color Vision Deficiency This filter component provides color overlays to enable the designer

to see how people suffering from different types of color vision deficiency (CVD) would see the

visualization. The component supports three types of CVD: (1) deuteranopia, (2) protanopia, and

(3) tritanopia.

Chartjunk/Visual Embellishment Our component for detecting chart junk is implemented

using the YoloR object detection algorithm [154,158], which detects real-world objects visible in

the visualization image. The model is limited by its training, which may cause it to fail to detect

all objects, but this functionality can still serve as early warning.

Color Suggestions Our color suggestions component is implemented using CSS filters and in-

clude blur, gamma, grayscale, contrast, and saturation. It enables envisioning how a visualization

would look under different color themes.
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4.3.4 Implementation Notes

The Perceptual Pat suite is implemented as a client/server web application. The Pat Design

Lab was built using HTML, CSS, JavaScript, and JQuery. We implemented the feedback system

using the Python Flask web framework1; the analysis components were implemented server-side

in Python 3. We store data in MongoDB.2 During the user study, the platform was hosted on a

Ubuntu Linux server equipped with an Intel i7-12800K processor, 32GB RAM, 2 Pascal Titan

RTX GPUs, and 2TB of flash memory.

4.4 User Study

We conducted a user study to assess the utility of the Perceptual Pat suite and the web-

based Pat Design Lab implementation. The study asked participants to use the Pat Design Lab

in support of a visualization design task spanning between three and five days. Rather than

compare our approach to an existing tool, our study is mostly qualitative in nature and focuses on

understanding how professional visualization designers might use the tool to iteratively refine a

visualization artifact. We motivate this choice by the fact that there exists no directly comparable

tool that would serve as a useful baseline.

Here we describe the participants, methods, and metrics of this study. In the next section,

we report on the results.

1https://palletsprojects.com/p/flask/
2https://www.mongodb.com/
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4.4.1 Participants

We recruited 5 professional visualization designers using the Data Visualization Society

Slack channel. Table 4.2 presents an overview of the participant demographics. All participants

were paid a total of $40 as an Amazon gift card upon completing the study (or its equivalent in

the participant’s requested currency). Unfortunately, one participant abandoned the study after a

week without producing any design artifacts; their demographic data is shown in Table 4.2, but

in no other part of the paper.

4.4.2 Apparatus

The study was conducted online in its entirety using the participant’s own computers. We

imposed no specific hardware on the study, only that the participant would use a personal com-

puter, and not a mobile device such as a smartphone or tablet for the design task. We recom-

mended them to use the website in Google Chrome. Since the Pat Design Lab is designed to

use only screenshots of data visualization tools, participants were free to use their own preferred

visualization tool and workflows.

4.4.3 Design Task

Participants were asked to do only one thing during the 3-5 days of the study: to design a

new visualization from scratch using the Pat Design Lab as supporting software. The visualiza-

tion could be anything: use any dataset, any representation, and for any use (including merely

for the purpose of this study). They were asked to record at least 5 versions of their visualization

into the Design Lab. Ideally the five stored versions would be taken from representative stages in
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the design process. Participants were instructed to read the reports, write at least one annotation,

and to endeavor to use the reports to improve their designs.

As stated above, we placed no restriction on the design workflow or visualization tools used

in the process—participants could use whatever tool they preferred, or even switch tools during

the process. For example, a participant could start with a pen-based sketch and then proceed to

using Tableau, Excel, or Spotfire. We only stipulated that the participant spent a total of at least

two hours on the design process.

In summary, we made the following requirements on the visualization design process:

• Resolution minimum 400×300, maximum 1000×1000 pixels in resolution (higher resolu-

tions were downscaled).

• At least 5 versions stored into the Pat Design Lab.

• Artifact must include at least one chart (any form of chart), and could could include multi-

ple charts.

• Artifacts may include text.

• Artifacts may not include photographs.

• No confidential or identifying information or data is to be included.

• Participants give permission for publishing images of their created artifacts in academic

papers about the work.
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4.4.4 Procedure

Our study was approved by our university’s IRB. The study consisted of three phases that

spanned over three to five days, followed by an independent fourth phase involving external

evaluators. We scheduled the dates for each phase during initial recruitment. The fourth phase

was independent of the preceding three and did not involve the designer participants. Below we

describe each of the four phases in detail.

Phase I: Initial Interview. During our initial interview (Phase I), we gave a brief introduction

of the study and then asked participants to provide informed consent (signature waived due to the

online format) using an online form according to stipulations from our IRB. We then collected

participants demographics using another form. The remainder of the initial interview consisted

of training during which time the experiment administrator (the first author of this paper) demon-

strated how to create an account in the Pat Design Lab, authenticate and log in, and then upload a

screenshot of a visualization into the tool. The administrator then showed how to run a Perceptual

Pat analysis and interpret the resulting report, as well as how to compare two different reports.

After finishing demonstrations, the experimenter asked the participant to repeat each step,

and answered any questions that the participant had. Then the experimenter gave the participant

their design charge, including the requirements listed above. The participant was given the design

task in electronic form. Finally, the session ended by confirming the date and time for the exit

interview (Phase III). Each session lasted approximately 30 minutes.

Phase II: Individual Design Process. During the intervening time between the initial inter-

view (Phase I) and the exit interview (Phase III), the design process (Phase II) consisted of the
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participant working on the visualization artifact they were designing. Participants were free to

spend this time in any way they wished—we only asked that they spent at least a total of two

hours on the design work and that they used the Pat Design Lab to support the process. They

were instructed to reach out to the experimenter with any questions or problems that arose during

the study; none of them did, and the system was stable during the time period of the experiment.

Phase III: Exit Interview. The exit interview (Phase III) involved asking the participant about

their experiences using the Pat Design Lab, their feedback about its strengths and weaknesses,

and their design process using the tool. The experiment administrator then stepped through the

participant’s version history in the Pat Design Lab, one version at a time and asking about details

for each version. In case the participant had stored more than five versions, the experimenter

asked the participant to identify the five most significant versions. Each session lasted approxi-

mately 30 minutes.

Phase IV: External Assessment. Finally, we recruited three external evaluators to objectively

assess the visualization design process. All evaluators were senior visualization faculty or re-

searchers with experience in teaching data visualization and/or designing their own visualiza-

tions. They gave informed consent and were then given access to the sequence of visualization

versions for each of the participants. They were then asked to provide their assessment of the

quality of changes for each pair of versions (i.e., from version 1 to 2, 2 to 3, etc) as well as

from the initial (version 1) to the final (version 5) design using a 1-5 Likert scale (1 = significant

decline in quality, 3 = neutral, 5 = significant improvement in quality). They were also asked to

motivate their assessment using free text.
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4.4.5 Data Collection

Interviews were video and audio recorded, and the audio was transcribed for later analy-

sis. Furthermore, demographics, subjective preferences, and tool rankings were collected using

online forms. The Pat Design Lab itself was the main source of data collection. This data encom-

passes each of the visualization versions uploaded into the Pat Design Lab by the participants,

including the screenshot of the visualization, the resulting Pat design report, and the annotations

added by the participant. These annotations were augmented with the spoken comments that

participants made about each version during the version walkthrough in Phase III.

While we included all versions uploaded by participants in our analysis, we also asked

participants to identify the five most significant versions in case they had uploaded more than

five.

4.5 Results

Here we report on the results from our user study. First, we introduce participants’ re-

sponses on interviews prior to starting the experiment. Then, we analyze the evolution of the

visualization artifacts and the impact of Perceptual Pat on the iterative design. Finally, we present

participants’ comments after conducting the experiment.

4.5.1 Results from the Initial Interview

Besides overall instructions and a demographics survey during the initial interview in Phase

I, we also asked the participants three questions to understand how they usually get feedback for

visualizations; see Table 4.3 for the questions and responses. As is clear from the table, the
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majority of participants receive feedback from people who are easily reachable, such as peers,

colleagues, or supervisors (P2, P3). If the visualization is upon a client’s request, then these

designers tend to get feedback directly from clients to confirm that their work is acceptable, as it

is the most direct way to understand the client’s intentions (P1, P4).
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When asked whether they were familiar with tools that provide design feedback, no par-

ticipant was familiar with any such tool. All participants felt, however, that such a tool would

be useful. As a main reason for this, all participants pointed out that receiving timely feedback

is sometimes a challenge and there are only a few people who can provide feedback in visual-

izations. Asking the same people over and over can be problematic. P2 provided us another

reason—that it is difficult to verbally communicate about visualizations with peers and by using

a machine, she might not have such a problem.

P3 did raise an issue about the credibility and transparency of the system. She felt that such

a tool would be useful, but said, “I am not sure if I can 100% trust the feedback provided by a

machine. If the machine makes a comment, I would like to know why, in detail, it provided that

comment, so that I can decide whether or not to trust it.”

4.5.2 Evolution of Visualization Snapshots

Fig. 4.6 shows how visualizations of the four participants evolved over 5 iterations of de-

signs. Here we describe how each participant changed their design based entirely on the uploaded

images. In the following subsection we explore the rationale behind each change.

Participant 1. Originally, P1 created his chart using Matplotlib, a Python library for drawing

charts. The first version of the chart was the initial version that Matplotlib creates, without any

manual constraints involved. In the second and third versions, he enlarged the fonts of the letters

within in the heatmap, the title, and axis labels. In the fourth version, he changed the heatmap

from a bipolar to a unipolar color scheme. At last, he removed the potentially disturbing icons

next to the labels, to keep from disrupting the readability of the chart.
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Version 1 Version 2 Version 3 Version 4 Version 5

P1

P2

P3

P4

Figure 4.6: Overview of collected designs. These images represent the five most significant ver-
sions (as identified by the participants) during the design process of creating a new visualization
artifact from scratch using the Pat Design Lab and the Perceptual Pat Suite. All four participants
from the study are represented (five were recruited, but one person abandoned the study after a
week).

Participant 2. P2 selected a research dataset classifying the interactions commonly used for

specific chart types. Initially, she started off with a 2-axis grid scatterplot (version 1), where the

horizontal axis represents the types of interactions (e.g., hover, brush, click, etc.), and the vertical

axis represents the types of charts (e.g., bar, line, etc.). The size of the blue-outlined circle in each

point refers to the frequency of charts. In the next version, she changed her chart into a heatmap

(version 2), and then into a grayscale (version 3). Then, in the fourth version, she created both

a heatmap and a grid scatterplot. This time, she filled the circle with blue. Finally, in the fifth

version, she created a stacked bar chart, where each column represents the proportion of different

interactions and interactions are represented as different colors of the bar.
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Participant 3. P3 used a dataset on characters in a video game. She used D3 to create a visu-

alization. She started by creating a bar chart with 2 columns using grayscale (version 1). After-

wards, she tried, in an iterative manner, different designs by changing the number of columns,

sizes of bars, and color (versions 2, 3, 4). She finalized her visualization using green-colored bars

on a gray background (version 5).

Participant 4. P4 wanted to visualize air passenger traffic data of 15 different cities. She de-

cided immediately to use line charts displayed in a 3 by 5 grid format. The initial version had

gray charts with a white background and a legend at the right side of the visualization. In the sec-

ond version, she moved the legend to the top and removed grids that are drawn in each chart. In

the next version, she added a title in black, subtitle in dark gray, and source information about the

chart a the right end of the chart. In the fourth version, she added a small airplane embellishment

to the image. In her final version, she performed finishing touches by changing the color of the

chart to a more saturated blue.

4.5.3 Evolution Rationale

Recall that in the report we asked the participants to record what influenced them to refine

their design. These descriptions, intentions, and reasons for the change are based on both these

annotations as well as the interviews conducted with each participant.

Participant 1. P1 was conducting feature analysis of a deep neural network, and wanted to

create a chart to share with his peers in the company. He initially looked at the OCR to see if

the component could detect letters in the chart. He consistently checked the size of the font in
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the chart, and left notes below the report on OCR. For example, he left a note below the report

on OCR in the third version, as “Increased the font size, after knowing that the label size of the

chart is too small.” Then he noted that the pink-colored areas in the heatmap were not visible

for people with deuteranopia, and that the icons next to the label were detected by the potentially

distracting object. This led him in the last version to change from pink and green color palettes

to green palettes, and to removed small icons next to the labels.

Participant 2. P2 wanted to construct a visualization that is capable of effectively contrasting

the different types of interfaces used for each chart. She was interested in searching for the

chart that can best show the types of interactions per each type of chart. In the first version, she

noted that she was not satisfied with using size as the only encoding type. Then, in her second

version, she changed her scatterplot into a heatmap. She noted two points: (1) increasing the

brightness past a certain threshold can lead to information loss, and (2) the visual entropy was

overly focused towards the labels. In her third version, she converted the chart into a grayscale

version and found that the grayscale version did not have colorblind issues. In her fourth version,

she added two different types of charts to the design. She was also concerned about the results

of the Scanner Deeply, noting that gazemaps focused on textual information such as labels and

titles when she wanted people to focus more on the data representation. However, she noted that

while this concerned her, she was unsure whether this was a good sign or not. Finally, in the last

version, she replaced the two charts with one stacked bar chart with each bar representing the

proportion of different interaction per each chart. Then she noted that (1) it did not make sense to

have the data encoded as either points or a square in a heatmap, and that (2) the Scanner Deeply

finally focused on the data representation more than the labels and legends.
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Participant 3. P3’s goal in creating the visualization was to find the proper size of columns for

the bar chart and the proper color. In the initial version, she left notes on all filters except the

color vision deficiency component. In the second version, she changed the color using red palette,

and created 4 columns to present bars from 2 columns. Here, she discussed the visual entropy

and low-level salience results, noting that there is more visual entropy because of the icons in

the navigation bar. She was also concerned that the low-level salience concentrated on specific

parts of the bars, but was unsure how to change the design. In the third and fourth versions, she

tried to change the colors and the number of columns in the main view. In the third version, she

noted that the new low saturated colors helped reduce user attention and instead focus on the

view with bars. In the fourth version, she noted that this version looked like the worst design,

considering the results form visual entropy, Scanner Deeply, and low-level salience. In the final

version, she used these findings to change to a highly saturated green to represent bars and to

darken the navigation bar.

Participant 4. After receiving a report on his initial version, P4 left remarks about all compo-

nents in the report. In particular, she noted that the Scanner Deeply focuses only on the center

of the chart, and that the grids installed in each chart raised the complexity of the charts. Con-

sequently, she removed grids in each chart, and placed the legend at the top of the charts in the

next version. Again, she left a note that the attention from the Scanner Deeply is still focused

too much on the center of the visualization. So in the third version, she added a title, subtitle,

and caption to the chart to see if they help divert the attention to other parts of the chart. On the

report from the third version, she made comments on OCR and Scanner Deeply. Using OCR,

she identified that title, subtitle and captions are noticed by the OCR component, and also that
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the attention of the chart diverged after putting in title and subtitle. In the fourth version, she

slightly modified the heights of each chart and added a small airplane icon in the chart. Here,

she mentioned that image with higher saturation improved the visibility of line charts. At last,

in the final version, she changed the colors of the lines with more saturated blue. From this, she

observed that the increased saturation also helped diverge the attention of gaze heatmaps from

the center to charts in various locations.

4.5.4 External Assessment

Table 4.4 summarizes the quality change ratings of the external evaluators in the final phase

(Phase IV) of our experiment. As can be seen from the results, the evaluators mostly felt that all

four participants had successfully improved on their visualization designs over the course of the

design process. Only P2’s design received an average rating below the neutral; evaluators were

split in their assessment of this design process.

The evaluators also provided qualitative feedback on the changes they saw. Even if the

evaluators only saw the visualization designs (and not the Perceptual Pat reports), their written

feedback often called out specific design improvements, such as more salient color scales, more

legible fonts, and better visual layouts that seemed inspired by Perceptual Pat feedback. For

example, they noted several instances of increased legibility, larger font sizes for labels, improved

color scales, better visual layout, and better visual encodings. We were able to match the majority

of these qualitative observations to the feedback that the individual participants received in the

longitudinal user study.

85



PARTICIPANT v1 → v2 v2 → v3 v3 → v4 v4 → v5 OVERALL

P1 4.50 (0.71) 3.50 (0.71) 3.50 (2.12) 4.50 (0.71) 4.50 (0.71)
P2 4.50 (0.71) 2.00 (1.41) 2.00 (0.00) 3.00 (2.83) 2.50 (2.12)
P3 3.00 (0.00) 3.00 (0.00) 3.00 (0.00) 4.00 (1.41) 3.50 (0.71)
P4 4.00 (0.00) 4.33 (0.58) 3.33 (0.58) 2.33 (0.58) 3.67 (0.58)

All 4.00 (0.71) 3.21 (0.98) 2.96 (0.67) 3.46 (0.98) 3.54 (0.82)

Table 4.4: External assessments. Average 1-5 Likert scale ratings (1 = significant decline, 3
= neutral, 5 = significant improvement) by external evaluators assessing the quality of changes
from one version to another (vx → vy) as well as overall from the initial to the final version.
Standard deviations are given within parentheses.

4.5.5 Post-experimental Interview

After the experiment, we asked the participants six questions with regards to their experi-

ence in Perceptual Pat. Q1, Q4, Q5, and Q6 are shown in Table 4.5, and Q2 and Q3 are described

in Table 4.6.
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When asked again about whether the tool was useful, all of them answered positively about

the system, answering either ‘somewhat useful’ or ‘very useful.’ Then we asked for the advan-

tages as well as the disadvantages of Perceptual Pat. As for advantages, all participants agreed

that the tool is capable of detecting problems within the chart. We could identify from their notes

in the report that many changes in the design were based on these reports. Another advantage

shared among all participants was that it is convenient to obtain feedback compared to when ask-

ing to get feedback from clients, peers, and supervisors. P2 and P4 liked that it provides feedback

quickly without having to ask peers for feedback. P3 thought it could thus save time in getting

feedback. Three participants liked the fact that tools such as Scanner Deeply provide feedback on

how general audience would react to their visualizations. Also, both P2 and P3 thought that the

tool help overcome their biases in visualizations. For example, P3 originally thought that high

levels of saturation would make the chart look bad aesthetically, but when changing the saturation

value higher using Pat Design Lab, she felt that adding saturation to the visualization was a choice

worth considering. Finally, another advantage P1 and P4 pointed out was that the tools work as

a checklist in evaluating the design, including factors that are otherwise easily overlooked (e.g.,

inclusive designs for the color blind).

In total, participants listed three disadvantages about the Perceptual Pat. All participants

were looking for not just detecting problems, but actual guidance on how to improve a chart.

While the filters provided can help detect problems in the design, it is up to the designers to find

the right solution to the problem. The participants thought that a guidance could facilitate the

process of their design processes. Also, P2 and P3 expressed concerns about the difficulty in

interpreting the results. P2 said that while some feedback is easy to address, some of the filters

are not easy to interpret. She said, “some of the feedback, such as changing contrast or brightness
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is easy, but some aren’t. Consider the Scanner Deeply, for example. It is sometimes difficult to

judge whether the heatmap is a good or bad. ” P3 also talked about the importance of interpreting

the tool. To use Perceptual Pat in industry, she said, “one must be fully comfortable with the

mechanisms behind how the tool works, so that when something is wrong, we know how to fix

it.” Last but not least, P3 asserted that visualizations are designed differently by different target

audience, and the tool will become more useful if it suggested a specific group of components

according to the target audience.

In Q4 and Q5, when asked about the most/least useful component, three participants thought

that the Scanner Deeply was the most useful component, being followed by OCR and color vision

deficiency. All participants thought that the color analysis and suggestions were the least useful.

As for which new component people would most like to add (Q6), all participants asked for a

functionality that could provide design suggestions. In addition, P2 and P4 thought that a compo-

nent that can provide interpretation about the result could also help in improving a visualization

design.

4.6 Discussion

We here discuss the findings and implications from our user study, followed by the limita-

tions of our work, as well as our plans for future work.

4.6.1 Benefits of the Perceptual Pat Suite

Shorten the feedback loop. All the participants commented on the convenience of getting im-

mediate feedback from Perceptual Pat. In their regular workflows, participants reported their
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common practice for receiving design feedback was to ask their peers or supervisors, which is

time-consuming and resource-intensive. In contrast, Pat gives them to receive feedback within

a minute or two, thus saving time and resources for actual design activities. This confirms our

rationale for embarking on this project in the first place.

Provide design guidance. Results from our user study confirmed that the Pat Suite indeed helped

our user study participants to improve their visualization design. The quality assessments by the

external evaluators show a positive improvement trajectory for each of the four participants even

if there were inevitable setbacks during the process.

The Perceptual Pat feedback was seen as direct and actionable. P3, for example, mentioned

that the gaze map predicted by Scanner Deeply caused them to avoid users mostly focusing on

the center of their visualization. To tackle this issue, they raised the saturation of the chart.

After changing the colors to those with high saturation, they re-ran the analysis and found that

the Scanner Deeply predicted that the user’s attention would be more equally distributed across

the whole chart. Based on notes left in their reports, we also found that that the majority of

improvements—such as increasing font size, changing the color scale, or reorganizing the spatial

layout—were made based on the feedback received from Pat.

4.6.2 Limitations and Future Work

Interpretability. Perceptual Pat’s feedback system contains components that utilize deep neu-

ral networks for generating feedback, such as Scanner Deeply or chart junk detection. The

decision-making process of those models, while accurate, is opaque, and therefore developing

interpretable models and tools is an active area of research [159–162]. P3 pointed out that for
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designers to be able to trust tools such as Perceptual Pat requires significant knowledge of how

those models work. Despite our best effort in providing the technical details of Scanner Deeply,

P3 wanted to know more about the factors that led to the model’s feedback responses. Said P3,

“In the end, it is the designer who decides whether to take advantage of this tool or judge whether

what I am looking at is a real problem. I must be able to know the extent I can trust when I see

a tool so that I can properly judge.” Thus, we hope to improve the Perceptual Pat suite in the

future by explaining the design feedback it generates.

Recommendations. Perceptual Pat can be seen as an early-warning sanity checker for visu-

alization designs (i.e., a perception-based visualization linter [19]) similar to the unit-tests that

software engineers use to ensure the functionality of the software they develop. However, just

like unit-tests, while Pat provides a list of potential issues for a specific visualization, it does not

offer recommendations for how to fix them. P1 said “I know my design has several issues, but

Pat does not show suggestions for fixes.” P2 pointed out by saying that “I love this approach, but

it would have been better if Pat could tell me ’these are the issues and here is how you can fix

them.’” Participants also mentioned that, for less experienced designers, giving concrete guidance

would reduce the duration of the design process. However, experienced visualization designers

may not need such guidance, as they generally know how to refine their designs from Pat’s feed-

back. Thus, a future research direction is to add design recommendations to the Perceptual Pat

suite.

Accuracy. As with any automated method, there is always a risk for erroneous results. False

positives can be particularly problematic, since it may give the designer the impression that ev-
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erything is fine, and thus not investigate further. A false negative, on the other hand, means that

the designer will inspect the problem manually. This should only be a problem if the number of

false negatives flagged is excessive.

As a case in point, applying an OCR filter to extract all of the textual labels in a chart may

yield some recognition failures that a human would not make. That is acceptable: the OCR filter

is acting as a canary in a coal mine by indicating possible concerns that may not be a problem

in practice, or which may only be a problem for people with diminished visual acuity. For this

reason, Perceptual Pat has been designed with the philosophy of favoring false negatives over

false positives; it is better to highlight many potential problems than to run the risk of missing a

real one.

Bias. Similarly, automation may also give rise to bias. Paradoxically, the fact that Perceptual

Pat currently does not provide design recommendations may actually reduce this effect. On the

other hand, even the mere reporting of perceptual aspects cannot be said to be entirely unbiased;

for example,highlighting one type of issue (visual attention, text legibility, or color saturation) and

not other types (such as animation, use of visual channels, or Gestalt Law groupings; all examples

of components not currently supported by Perceptual Pat) means that the former issues will tend

to get highlighted and thus fixed, whereas the latter ones won’t. In other words, Perceptual

Pat clearly has blind spots (no pun) that will have an impact on visualization designs iterated

using the tool. The only remedy—besides progressively adding new components to the suite to

eliminate each of these gaps—is to at least make users aware of their existence. Thus, in our

future deployments of the tool, we will inform users not only which perceptual errors the suite

checks for, but also which ones it does not.
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Generality vs. Specificity. While all the participants in our study felt that Perceptual Pat’s

feedback helped improve their designs, some pointed out that this “one-size-fits-all” strategy

may not be effective for all audiences. Said P3, “it would be helpful if Pat would suggest not

only which chart to use, but also which tool to use depending on the audience and domain.” In

fact, we see the potential for taking this idea to its limit by providing customized “flavors” of

Pat—or Steve, Susan, and Xian—that embody specific audiences, domains, and visual design

philosophies. We leave such integration and customization as future work, however.

4.7 Conclusion

We have presented Perceptual Pat, a virtual human visual system designed for iterative

visualization design. Pat comprises a suite of image filters that are built using computer vision

and related technologies to provide design feedback akin to what a designer may receive from

both peer designers and supervisors as well as perceptual evaluation results collected from an

empirical usability evaluation. The Pat Design Lab provides a web-based interface to Perceptual

Pat, enabling a user to track the evolution of their design work by repeatedly uploading new

screenshots of their work, analyzing it with Pat, and viewing the results in a design report. To

assess the utility of Pat and his Design Lab, we conducted a longitudinal evaluation involving four

professional visualization designers who used the tool to support the design of a new visualization

artifact. Our findings showcase the utility of receiving quick turnaround feedback from the Pat

suite in the design process.
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Chapter 5: Visualizationary: Automating Design Feedback for Visualization

Designers Using Large Language Models

B C

E

D
A

①

②

③

④

⑤

⑥

Figure 5.1: Interactive report. Report on a visualization artifact based on our novel analyze-
clarify-guide-track (ACGT) framework. It is generated by automatically analyzing (“analyze”)
the artifact using an extensible collection of image filters grouped into categories: salience, text,
visual representation, color, and accessibility. After reporting results from each image filter
(center column), the report then interprets (“clarify”) the findings using natural language un-
derstandable to a novice visualization designer. This is followed by natural language suggestions
(“guide”) on how to address weaknesses in the design. Finally, the right side of the report shows
changes over time (“track”) as the designer iteratively refines the artifact. The texts in black boxes
are responses generated by ChatGPT.

To democratize the transformative power of data in today’s information society, it is not

sufficient that people get access to visualizations created by others; they must also be empowered

to author their own visualizations. As a result, recent years have seen an influx of interactive
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tools for creating visualizations without writing code, such as iVisDesigner [163], Data Illus-

trator [164] and Data Animator [165], Charticulator [166], and Lyra [167] and Lyra 2 [168].

However, no matter how advanced these tools become, a fundamental barrier remains: authoring

effective visualizations is a complex task requiring visual design skills, aesthetics, and experience

that not all would-be designers possess.

Fortunately, visualization designers have nothing to lose but their chains. In this paper,

we propose VISUALIZATIONARY, a tool to seize the means of visualization design by using off-

the-shelf Large Language Models (LLMs) such as ChatGPT or LLaMA. The basic idea behind

Perceptual Pat is to investigate how such an LLM can be used to aid the iterative design process

of a visualization artifact in a workflow that we call analyze-clarify-guide-track (ACGT):1

1. Analyze the state of a visualization using automated perceptual filters, yielding a corre-

sponding analysis report;

2. Clarify the results from the perceptual filters in the report such that it is understandable to

even novice visualization designers;

3. Guide the designer in making changes that address identified concerns in their visualiza-

tion; and

4. Track the trajectory of the visualization artifact over time during its iterative design pro-

cess.

We report on a web-based implementation of the Visualizationary system using the Ope-

nAI ChatGPT API, showcasing how a “vanilla” LLM can be utilized for this highly complex

1Incidentally also the initials of four of the five canonical nucleobases; more on this in § 5.2.
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visualization design task. In particular, we translate chart images into text using a VLM (vision-

language model) [169] and then generate automatic design guidance using an LLM as a template

and text processor. The tool presents the guidance in an interactive report organized into a hier-

archical structure that enables the designer to drill into the findings to the desired level of detail.

We also present findings from a longitudinal study conducted with 6 novice, 4 intermediate, and

3 expert visualization designers over a period spanning a few days. During the study, each de-

signer worked with Visualizationary to create a new visualization from scratch. We report on four

successive revisions of their visualization as well as their quantitative and qualitative feedback.

While Visualizationary and the ACGT workflow is primarily designed for novices, our findings

show how the approach can be useful even for an experienced designer by summarizing feedback

in an easily navigated interactive report format.

5.1 Background

Here we present the state of the art in the intersection of three topics: design feedback,

automating visualization design feedback, and LLMs.

5.1.1 Design Feedback

Feedback is essential in all design disciplines, and it typically comes from two sources: user

and usage feedback versus peer and supervisor feedback. In academic contexts, the former, which

emphasizes validation through empirical evaluation, is more prevalent. Munzner’s nested model

for visual design and validation [104] primarily incorporates this type of feedback. Conversely,

peer feedback holds greater prevalence in industry and design practice, particularly for designs
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aimed at widespread use. Nevertheless, this methodology has also permeated academic circles,

notably within interaction design [106, 107].

For feedback to be effective, it must not only be understandable by the intended recipient,

but it must also provide enough information so that the recipient can act upon the feedback (if

necessary). What Munzner calls low-level feedback [101] is focused on fine-grained insights

and improvements, and is often actionable because of its low abstraction level: e.g., “this red

color is a poor choice for a color-blind person,” “this bar must be made larger,” and “this text

uses a font with poor legibility.” However, higher-level design feedback in the form of critique,

qualitative evaluation, and abstract metrics can be much harder to understand, let alone act upon.

For example, learning that your visualization suffers from “poor contrast,” “poor color choices,”

or is “not aesthetically pleasing” can be challenging to address.

5.1.2 Automatic Design Feedback on Visualizations

At its core, data visualization is very much a design discipline and still relies heavily on

empirical methods to iteratively refine an artifact over time [101]. This has led to a significant

focus on design guidelines and rules of thumb [103, 121], textbooks with a design focus [101],

and numerous resources derived from real-world practice [170]. However, to personalize such

design guidelines and complement personal tutoring, recent work in the research area has begun

to provide various mechanisms for automating design feedback for the designer.

One feedback approach is focused on linting, a technique drawn from compiler design

where source code is statically analyzed to flag poor coding practices (e.g., no indentation,

poor identifier naming, and lack of variable initialization) that often cause errors. Analogously,

97



visualization linting can detect chart construction errors [18], visualization mirages [16], and

deceptively-designed line charts [112]. For example, VizLinter [19] helps rectify problems in

Vega-Lite specifications.

Another method uses a form of recommendation to automatically generate charts based

on the specific dataset to visualize. Mackinlay’s Ph.D. work on automatic visualization [108]

was one of the first endeavors in this area, and it was later realized in production as Tableau’s

Show Me feature [109]. More recent visualization recommendation methods have been proposed

that generate charts using data properties [12, 110, 171], perceptual principles [12], expert feed-

back [111], large-scale dataset-visualization pairs [15], and design knowledge [13].

Accessibility is a specific concern that is seeing emerging interest in the visualization

field [172, 173]. Heuristic frameworks on general accessibility such as Chartability [150] could

conceivably be operationalized to support automatic accessibility auditing. For color vision defi-

ciency, Angerbauer et al. [149] present results from a large-scale crowdsourced assessment that

could be similarly automated.

Finally, quantitative feedback can also help a designer improve their visualization. Vis-

Lab [174] provides a web-based system facilitating the collection of such quantitative feedback

from crowdworkers that can be used to evaluate and refine a visualization in online experiments.

Perceptual Pat [7] tracks the evolution of a visualization artifact over time, assembling a report

consisting of several perceptual metrics for each iteration using computer vision and related meth-

ods. In comparison to this system, our work goes beyond merely displaying perceptual metrics

about a visualization artifact to explaining the findings and then suggesting how the user may

address shortcomings.
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5.1.3 Large Language Models

A language model is a statistical model that predicts the likelihood of word sequences in

natural language based on a large corpus of textual training data. Recent work [175–177] shows

that the primary discriminator in accomplishing complex tasks using language models is their

scale. In light of this trend, there has been a growing number of works on so-called “large”

language models (LLMs) [175, 178–181]. LLMs have trillions of model parameters, and thus,

training these models is computationally demanding. It needs a large training dataset, GPU

hardware acceleration, and a machine equipped with them. This means that training an LLM is

expensive in time and resources.

A standard paradigm for addressing the training costs is to pre-train LLMs on a large corpus

of datasets and then allow users to fine-tune these models on a set of desired tasks, e.g., question

answering, language translation, and text summarization [175,181–185]. In pre-training, a model

is typically trained to do next-word prediction, i.e., given a prompt, the model returns a sequence

of word tokens likely to complete the prompt. This process is performed by third-parties such

as OpenAI, Google, or Meta, and such pre-trained models are offered to users as a form of

internet service, e.g., ChatGPT [178], or as-is, e.g., open-source models such as Vicuna [179]

or LLaMA [180]. In particular, services such as ChatGPT offer a personalized experience by

separating sessions for each user and fine-tuning the pre-trained model based on the user’s inputs.

Recent models further support multi-modality, with images and text being combined, and enable

them to answer questions, e.g., in data visualizations: “How much does X outperform Y?” [186,

187]

Our work leverages both types of pre-trained LLMs to generate feedback: (1) Multi-modal
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LLMs that take a user’s data visualization and questions on the visualization as input and return

the answers to the questions, and (2) uni-modal LLMs (or standard ones) that receive text inputs

and return the corresponding outputs. We use multi-model LLMs to generate textual descriptions

for a user’s visualization, and we then combine the descriptions and the queries as the input to

uni-modal LLMs, asking the model answer queries as design feedback.

5.2 Model: Automated Visualization Design Feedback

We propose an automated visualization design feedback mechanism for supporting iterative

design of a visualization artifact. The basic idea is for the designer to upload consecutive versions

of a visualization artifact as they iterate on the design. The automated system will then provide

natural language feedback on the artifact to facilitate improvement.

5.2.1 Target Audience

Our work in this paper primarily targets novice or intermediate designers who do not

have the required experience or expertise to critique their own work with an objective eye, or

the ability to make the required changes to address problems. In other words, our automated

design feedback mechanism is not intended to be a replacement for a trained designer’s critical

eye. However, because design critique is critical during any design process, automated design

feedback can be useful even for experts [7]. Similarly, automation is no replacement for a human

peer or mentor to give feedback and suggestions to the novice designer. However, mentors or

peers may not always be available.
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5.2.2 Rationale

Based on Munzner’s visualization design framework and nested evaluation framework [101,

104], interaction design critique [107], and rich literature on guidelines for visualization de-

sign [13,121,166], we can identify several benefits for automating visualization design feedback:

• Efficiency: An automated mechanism can provide immediate feedback to support rapid iter-

ations in the design process.

• Consistency: Automated feedback systems apply consistent evaluation criteria, reducing sub-

jectivity and bias as well as human error in assessments. Human feedback, especially if col-

lected from different sources, may be less consistent and sometimes even conflicting.

• Scalability: Compared to a human evaluator, an automated design feedback mechanism can

handle a large volume of evaluations simultaneously, making it feasible to assess multiple

design variations.

• Inexpensive: Automating feedback can reduce (but not eliminate) the need for engaging hu-

man evaluators, which can be costly.

• Real-time: An automated visualization feedback system can provide data in real-time, en-

abling designers to make immediate adjustments and improvements during the design process.

5.2.3 Analyze-Clarify-Guide-Track (ACGT) Workflow

We propose an automated visualization design workflow that we call analyze-clarify-guide-

track (ACGT).2 It has the following components:

2ACGT is also an acronym for adenine, cytosine, guanine, and thymine, the four nucleobases that form the building
blocks in nucleic acids such as deoxyribonucleic acid (DNA). DNA, obviously, is the carrier of the genetic code
for all known living organisms and many viruses. There is a joke on the building blocks of visualizations in there
somewhere, but, sadly, it escapes us.
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1. Analyze: To provide written feedback to the designer, we first need to collect textual data

from the visualization screenshot; i.e., we must make the transition from images to text. We

do this using automated vision filters, such as color contrast, visual hierarchy, and layout

consistency (see § 5.2.4). The outcome of this analysis is a report with metrics drawn from

the visualization artifact.

2. Clarify: Interpreting visualization metrics on their own can be challenging [7], let alone to

use as a basis for revisions. The clarify phase translates results from the perceptual filters into

understandable terms, thus bridging the gap between technical analysis and practical design

improvements. It breaks down complex issues identified in the analysis into layman’s terms,

explaining why certain changes are needed and what specific aspects need attention.

3. Guide: It is not enough to know the problem; we must also know how to fix it. Our mecha-

nism provides such practical guidance to the designer as natural language on how to address

the concerns identified during the analysis. This guidance may include recommendations,

actionable insights, or best practices for improvements.

4. Track: Understanding the overall trajectory of the design process is important to avoid local

optima. The tracking component monitors the progress of the design over time during iter-

ative refinement. It maintains a historical record of design iterations, changes implemented,

and corresponding improvements in visualization quality. This tracking allows designers to

see the evolution of their work, understand the impact of changes made based on earlier rec-

ommendations, and make informed decisions for future iterations.
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5.2.4 Visualization Filters

We list visualization filters used to extract perceptual characteristics from visualizations,

with the goal of providing pragmatic and actionable design feedback. These filters are a suite

of computer vision and vision-language models (VLMs) that we collectively call visualization

filters. Note that the list is extensible and not exhaustive.

☼ Virtual Eyetracker refers to the extent to which areas within a scene capture the attention

of an observer [94].

k Textual characters are visual objects that are used for labels, titles, and legends in visual-

ization [188].

¡ Visual representations can generate feedback specific to the technique, such as visualiza-

tion linting [18, 19].

h Color perception is a basic building block of data visualization [101, 130]. Visualization

practice stipulates using a limited number of distinguishable and easily named colors [131],

potentially as a function of the mark used [132].

� Accessibility is emerging as an important new topic in the visualization community [135,

148,172,173]. Automated feedback can be highly useful here, even for seasoned designers.

LLMs are capable of generating human-like natural language responses under various

tasks. To that end, we first extract numerical metrics from a visualization and pass it to an LLM.

We also instill design knowledge in the LLM so that it can guide designers. We explain this idea

in the next section.
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5.3 The Visualizationary Tool

Perceptual Pat is a web-based visualization design feedback system that automates natural

language critique in iterative design for visualization designers. In this section, we describe its

system architecture, overall workflow, and core components. We also describe the prompts we

define for generating quality feedback from a LLM.

5.3.1 System Overview

Visualizationary is a web-based client-server system that tracks a visualization artifact

throughout its design process. The workflow (Fig. 5.2) is based on the user—a visualization

designer—iteratively uploading a screenshot of the current state of their visualization artifact and

receiving automated feedback from the system. The feedback then presumably helps the de-

signer make improvements to the artifact in the next design iteration. However, unlike existing

visualization design feedback tools such as Perceptual Pat [7], which merely report metrics, Vi-

sualizationary implements the ACGT workflow from § 5.2: beyond analyzing the image, it also

explains (“clarify”) the feedback using natural language, suggests ways for addressing shortcom-

ings (“guide”), and tracks the changes to the design over multiple iterations.

This workflow is realized through five components: (1) a web-based visualization design

management interface, (2) interactive design reports providing feedback at user-controlled levels

of detail, (3) a revision tracker, (4) a suite of computer vision filters for extracting visualization

data into symbolic form, and (5) a design guidance tool that uses an off-the-shelf Large Language

Model (LLM) with a prompt preamble to explain the feedback and guide the user. The former

two belong to Visualizationary’s frontend, whereas the remaining three are part of the backend.
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Interpretation of charts and filter outputs via 
metrics and design knowledge in texts.
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design knowledge in texts.
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Figure 5.2: System overview. Visualizationary is composed of a visualization design manage-
ment interface and a feedback system; the white circles refer to the analysis and report steps,
respectively. The system first receives a data visualization (chart) from the project container in-
terface 1⃝ and generates design feedback (explanations 3⃝ and suggestions 4⃝) based on the filters
used to analyze 2⃝ the visualization. The feedback system is designed to support the analysis-
clarify-guide-track workflow and leverages a large language model (LLM) to automate the steps.
We archive the feedback generated by Visualizationary 5⃝ with the revision tracker. The design
report component 6⃝ summarizes the feedback and the revision history for the iterative design
improvement process.
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Below we describe each of these components.

5.3.2 Visualization Design Management Interface

The interactive frontend for Visualizationary is a web-based single-page application for

managing the iterative design process of a visualization artifact (Fig. 5.3). A project is a container

for a single design process, including all of the visualization revisions and their corresponding

design reports. The frontend has operations for creating, editing, and deleting projects associated

with a specific user.

Figure 5.3: Visualizationary design management interface. The system shows an overview
of the timeline of revisions for a visualization artifact. Each revision consists of a screenshot of
the artifact as well as an interactive design report. The right column shows the revision tracker,
which provides a high-level view of the overall design trajectory.

Viewing a project shows a timeline of the revisions and allows the user to bring up the

details for each. Projects can be extended by uploading a new screenshot of the visualization

artifact in .jpg or .png file (see Fig. 5.1 and then launching the analyze-clarify-guide-track
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workflow on the new revision. This process typically takes a couple of minutes to complete,

after which a new design report is added to the timeline for the designer’s perusal. In this way,

the Visualizationary interface is designed to manage the entire design process of a visualization

artifact, from early sketches to final production.

5.3.3 Visualization Metrics

We present metrics to quantitatively assess the visualization image using visualization fil-

ters. To each evaluation category, we present the goal, metric used, and decisions. The deci-

sion is made based on predefined heuristics about the metric and also on the judgment of LLMs,

backed by the design knowledge added as a preamble. The detailed heuristic values are described

in our supplementary material. Again, note that the list is not exhaustive and can be extended.

☼ Virtual Eyetracker. We utilize the Scanner Deeply [6], a virtual eyetracker that predicts

gaze on an overview task of a visualization image. We analyze the results of Scanner Deeply

from three perspectives: focus of salience on text [63], center bias [96], and focus on visual

attention, represented by low-level stimuli [44, 70]. The Scanner Deeply works as a tool to

estimate where people would look the most when looking at a chart image. The goal is to let

users foresee if the salience from the design matches their intentions.

– Focus on text. Goal: Detect visualizations that overly focus on text. Metric used: Use

OCR to box each letter and compute the rate of salience focused in all of those boxes. We

measure the amount of salience focused on text. We use OCR to detect alphabetical letters.

Decision: Mark as “overly salient to text” if the salience in text boxes is above the 10th

percentile of the chart saliency in the dataset by Shin et al. [6].
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– Focus on center. Goal: Detect charts that overly focus on the center (center bias). Metric

used: Measure the amount of salience in the center. The center zone is defined as a rect-

angle in the middle of the image, with its height and width as 1/3× the chart’s length and

width. Decision: Mark as “overly salient to the center” if the center salience is above 10th

percentile.

– Focus on visual attention. Goal: Detect visualizations that scarcely focus on visual atten-

tion. Metric used: We measure the rate of salience-covered areas of zones near (the radius

is 5 pixels) where there is a difference in RGB values, which we call zones with low-level

stimuli. Decision: Mark as “scarcely salient to the visualization” if the salience in zones

with low-level stimuli is less than 90th percentile.

k Textual characters. We evaluate the existence of textual components in the visualization

image [188]. Using text along with charts can help understand visualizations.

– Title: Goal: If a title is detected, then provide recommendations for the title. Metric used:

Title is detected via DePlot, a VLM that translates visualizations into table and textual

components. Decision: DePlot decides if there is a title in the image.

– Textual content: Goal: Detect text in visualization image. Metric used: Texts in the image

are detected using PyTesseract-OCR. Decision: If the OCR tool detects at least one letter

in the text, then it contains the text.

¡ Visual representations. We observe how data is visually represented. Our focus is on pro-

viding chart recommendations based on data table and design preamble, as well as detecting

chartjunk, or unnecessary visual embellishments [5, 189] in the design.

– Optimal chart type: Goal: Given the data, suggest an optimal chart type. Metric used:
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The data table extracted from DePlot. Decision: ChatGPT makes suggestions based on a

preamble of design knowledge (perceptual rankings of visual cues, described in Mackin-

lay’s APT [108]), and the data table provided by DePlot. To help the designer make an

optimal decision, we provide the table as well as the design knowledge instilled in Chat-

GPT.

– Visual embellishment (“chart junk”): Goal: Detect chartjunk in the visualization image.

Metric used: A computer vision model that detects objects, such as YoloR [154]. Deci-

sion: The object detection model detects objects within the chart image.

h Color perception. Detect colors and warn of misusing colors when multiple colors or similar

colors are used [101, 121].

– Variability of colors: Goal: Identify all colors used in the visualization image. Metric

used: A customized function created in Python. Decision: The function identifies multiple

colors.

– Similarity of colors: Goal: Identify similar colors in the visualization image. Metric used:

A customized function created in Python. A group of similar colors are determined using

differences in RGB values between detected colors. Decision: The function identifies a

group of similar colors.

� Accessibility. It is also important to create visualizations that are accessible for everyone [149,

172].

– Color vision deficiency: Goal: Detect visualization images that are hugely affected

when simulating the image into how people with color vision deficiency (deuteranopia,

protanopia, tritanopia) would see. Metric used: We measure the information loss caused
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in simulated visualization images, using the difference in entropy loss from its original

visualization image. Decision: If the entropy loss is larger than a threshold in simulated

visualization images, then, warn of the loss in information for people with color vision

deficiency.

We instill these metrics along with the suggestions relevant to the decisions into ChatGPT

as a prompt (see § 5.3.6). Then, based on a series of template questions, ChatGPT provides the

appropriate answer.

5.3.4 Visualization Design Reports

Results from the feedback backend are presented as interactive visualization design reports.

A design report is an interactive document consisting of a hierarchy of expandable sections de-

signed in a bottom-up fashion. Sections are organized based on the main categories of visualiza-

tion metrics in § 5.3.3. The contents of a section in the report include both natural language and

illustrative images (such as heatmaps, extracted shapes, or gaze maps) (see Fig. 5.1 (C)). Each

section provides a short overall summary of suggestions (Fig. 5.1 (C) 2⃝) of the underlying data

for that metric followed by two standardized paragraphs:

• Explanations: Explanation of the visualization feedback in natural language (“clarify” in the

ACGT workflow) (e.g., Fig. 5.1 (C) 4⃝).

• Suggestions: Recommendations addressing shortcomings in the visualization for that specific

metric (“guide”) (e.g., Fig. 5.1 (C) 3⃝).

Expanding the subheadings yields additional explanations (see Fig. 5.1 (C) 5⃝) and sugges-

tions. Sections can be expanded down to raw visual metrics (see Fig. 5.1 (C) 6⃝). We also provide
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additional information and warnings about each filter, to help the designer make decisions while

reading the report. The rationale for this design is to present feedback in a summarized form that

can be easily navigated. It also allows experienced designers to see high-level themes without

having to drill down into low-level details.

We provide additional functionality to help navigating the report. We indicate sections that

require modification using a circular visual mark, either yellow or red next to the title of each

section (see Fig. 5.1 (C) 1⃝). If there exist at most one issue in a section, then the corresponding

circle is yellow. If there is more than one, then the circle is orange. We provide a short overview

summary of responses per category in Fig. 5.1 (E). This aids designers in quickly identifying

their topics of interest by skimming section summaries before delving into specifics.

5.3.5 Revision Tracker

The revision tracker gives a high-level overview of changes from one revision to another

for the entire design process. This component realizes the “track” in the ACGT workflow. The

intention is to give the designer a bird’s eye view of the design process, thereby seeing the im-

provements over time and also avoiding local optima. The natural language in the tracker is

derived using the LLM with the reports to be compared as prompts; see below.

5.3.6 Prompt Engineering for Visualization Feedback

We use off-the-shelf LLMs, such as ChatGPT, to generate the interpretations and sugges-

tions in the visualization design reports. However, formulating effective prompts requires careful

prompt engineering [176,190–193]. Prompt engineering is typically based on empirical data spe-
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cific to each model, and our approach using LLMs for visualization feedback is no different. An

LLM is not deterministic, and may occasionally produce unexpected output. It also tends to be

quite verbose, producing long responses to even short and well-contained queries. We thus refer

to guidelines from prior work [194] in designing prompts to avoid such non-deterministic and

long-winded behavior:

• Use exact keywords: concepts as reserved words in programming;

• No synonyms: many labels for same concept yields nondeterminism;

• Avoid unnecessary information: irrelevant data expands the scope;

• Constrain feedback length: avoid rambling and unfocused answers;

• Ask specific queries: limit the scope of the query; and

• Avoid open-ended queries: encourage short and direct responses.

We construct two types of prompts: analyze-clarify-guide prompts and track prompts. To

create those prompts, we define the following templates T (the entire list of prompts is included

in OSF 3):

3https://osf.io/v7hu8
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Tacg = [Q]+“Solve the problem based on this guideline:”+

[cond]+[filter-suggestions].

Tt = [Q]+“Here are details about the current version:” +

[curr-output]+[curr-interpretations]

+“Here are details about the previous version:” +

[prev-output]+[prev-interpretations].

ACG-template. We call the analyze-clarify-guide (ACG) prompt template Tacg. [Q] is the

question we define to create interpretations and suggestions. For instance, we use “Analyze the

visual salience on text. Provide interpretations in 2 sentences.” or “Provide suggestions about the

result of the previous question in 2 sentences.” We define 9–12 questions for each visualization

metric. We replace the metric name in different questions, e.g., from visualization salience to

color blindness. We call the prompt conditions [cond]: “Please interpret exactly in the follow-

ing way, as if you are an assistant to a visualization designer, explaining to novice visualization

designers. If no visual salience is detected, then just interpret it as No salience is detected in the

chart image. If (the rate of salience in the textual zone over the rate of the textual zone in chart

image) from the measured result is less than 0.6, then interpret it as a lack of salience in textual

elements.” At the end of each prompt, we append [filter-suggestions], a compact rep-

resentation of visualization design knowledge in natural language. [filter-suggestions]

is available in the supplementary material.
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T-template. Tt is used for generating track (T) prompts. We define the question [Q] for ex-

tracting differences between two different versions of data visualization as follows: “Given the

information, in one sentence, concisely, what are the changes made between the current and

previous versions about visual salience? Although the changes may seem minor, try to de-

scribe even the small, acute changes made between the current and previous versions, in terms

of the visual salience.” [{curr/prev}-output] is the collection of visualization design

knowledge, expressed as natural language, calculated by the visualization filter components.

[{curr/prev}-interpretations] is the interpretations Visualizationary generated for

the two visualizations.

5.3.7 Implementation Notes

The Visualizationary tool is implemented as a client-server web application using HTML,

CSS, JavaScript, and JQuery. We use the Python Flask web framework4; the analysis components

were implemented server-side in Python 3. We store data into MongoDB.5 During the user

study, Visualizationary was hosted on Amazon Web Services (AWS). We choose ChatGPT using

gpt-3.5-turbo as the LLM.

5.4 User Study

We performed a user study to assess the impact of LLM-generated feedback in the visual-

ization design pipeline using the Visualizationary tool. We opted for a qualitative study where

designers of different skill were asked to use Visualizationary to support the design process of a

4https://flask.palletsprojects.com/
5https://www.mongodb.com/
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new visualization over several days. We then let a small group of visualization experts (with more

than 10 years of experience in the field) assess the design process without seeing the Visualiza-

tionary reports. We also interviewed our participants to collect their perception of the impact of

Visualizationary on their design work. The study received approval from our university’s ethics

review board (IRB).
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5.4.1 Participants

We advertised our study through messages to the Data Visualization Society, to alumni

of our institution, and to other academic institutions. Out of many applicants, we selected only

those who are over the age of 18, are capable of reading and speaking English fluently, and have

experience in visualization for more than three years. As a result, we were able to recruit 13 vi-

sualization designers of different seniority. Table 5.1 shows the demographics of the participants.

These participants were paid a $40 Amazon gift card upon concluding the study.

We note that while Visualizationary was originally designed for novice and intermediate

visualization designers, our list of participants also included expert ones. We included such

participants because we were interested in seeing whether our tool could benefit even an expert.

Furthermore, we also wanted to eliminate the confound of inexperienced designers having to first

learn how to author visualizations.

Beyond the designer participants, we also recruited three expert participants with at least

seven years of experience in visualization: an associate professor (or equivalent), an assistant

professor, and a Ph.D. candidate (within months of graduation) within the research field. These

experts only took part in the final independent design assessment step.

5.4.2 Task

Our study asked participants to design a new visualization over a period of 3–5 days while

using the Visualizationary interface to support their design process. Participants were free to

choose a dataset and to craft any type of visualization using any tool or combination of tools. We

asked each participant to upload at least 5 versions (including the first and last versions) of their
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designs into Visualizationary. We imposed the following requirements on participants:

• They must spend at least two hours on the design process;

• They should work independently on the design task;

• Images must be between 100×100 and 2000×2000 pixels;

• Images were uploaded in either .png or .jpg formats;

• No photographs allowed; and

• No confidential information or data was used.

We also secured permission to use the designs for this publication.

5.4.3 Procedure

The study was performed exclusively on the Internet using video conferencing and con-

sisted of four steps. We obtained participant demographic information and scheduled the dates

for each part during the recruitment process. Below we describe each of the steps in detail.

Step 1: Pre-study Briefing. We started each session with an overview of our study, answered

any questions from the participant, and collected informed consent using an online consent form,

as per the directives of our IRB. Then the experiment administrator explained the longitudinal

chart design task (§ 5.4.2). Next, the administrator showed how to operate the Visualizationary

system: creating an account, logging in, uploading screenshots, and accessing design reports. The

administrator answered any additional questions from the participant. The study was concluded

by finding an appointment for the post-interview. On average, this briefing process took 30

minutes.
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Step 2: Longitudinal Chart Design. Participants were then given at least three days to design

their visualization, during which time they were asked to upload at least five versions of their

visualization. We imposed no restrictions on how participants allocated their time but asked

that they dedicate at least a total of two hours during the period on the design and that they use

the Visualizationary interface. During this period, the experiment administrator was available to

answer any technical questions the participants had.

Step 3: Post-study Interview. We conducted a post-interview interview with each participant at

the end of the design period. We started by asking each participant to explain how their designs

evolved over time. We always selected the first and last version of the visualization artifact. If

more than five versions were uploaded by a participant, we asked the participant to identify the

three most significant versions other than the first and last ones. We defined “significant” as

versions where feedback had caused them to make radical changes to the design. Following that,

we posed questions about their experiences using Visualizationary during the design process.

Afterward, we asked about their concepts of an ideal feedback provider after the study. The

questions we asked are shown in the next section. While we allocated 30 minutes for this session,

some of the participants exceeded this time limit.

Step 4: Expert Design Assessment. In the final step, our independent expert participants (all

with experience teaching data visualization and grading visualization assignments) were given

all five designs for each of the designer participants. They were asked to provide their assessment

of the quality of changes during the design process from the first to the final design for each

participant using a 1–5 Likert scale (1 = significant decline in quality, 3 = neutral, 5 = significant
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quality improvement). They were also asked to motivate their assessment using 1 to 2 sentences.

This meant that each expert gave 1 Likert scale rating and 1-2 assessment sentences per designer

participant.

5.4.4 Data Collection

Interviews were video and audio recorded. We transcribed audio for further analysis and

interpretation. We collected demographics using online forms before the study. All uploaded

chart images and design reports were collected automatically by the Visualizationary interface.

5.4.5 Apparatus

The interview and the experiment were conducted using participants’ own personal com-

puters. Although we did not enforce strict hardware constraints, we recommended participants

use computers with a resolution of at least 1920×1080 and use Google Chrome, as the Visualiza-

tionary interface is optimized for that setting. When designing visualizations, the participants had

the freedom to choose their favorite authoring tools, as long as they could upload a screenshot of

their visualization image in .jpeg or .png format.

5.5 Results

We now present the results from our longitudinal study, including design iterations, subjec-

tive comments, and observations.
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5.5.1 Design Evolution

Figs. 5.4, 5.5, 5.6, and 5.7 present visualization snapshots from three representative par-

ticipants: novice, intermediate, and expert groups. We only show three examples due to page

limits; the complete snapshots and descriptions from all participants can be found in our sup-

plementary material. We asked participants to explain the changes created in each iterative step

during the interview and describe their intent in making changes below. Below we discuss the de-

sign evolution for each participant as follows: the visualization, authoring tool, and dataset used,

a summary of each version, including the feedback from Visualizationary, the changes made,

and—if given—their rationale.

Participant 1. P1 created a boxplot using Microsoft Excel to compare the performance of their

own learning model with other existing models using a boxplot. They used the Excel chart gallery

to create the initial version.

• Version 1→2: Feedback: Visualizationary reported that there was no text or labels in the

chart and that the salience map focuses only towards the center, not on other parts of the chart.

Revision: P1 added a title and legend, widened the chart, and applied categorical colors.

• Version 2→3: Feedback: Visualizationary noted that too many colors were used, and sug-

gested that colors be kept minimalistic. Revision: P1 changed the color of boxplots to a gray

scale, placed texts below the horizontal axis after removing the legend, and highlighted the

rightmost text in red.

• Version 3→4: Feedback: Visualizationary noted that many similar colors were used, and that

the salience map still focuses towards the center overly. Visualizationary suggested attracting
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Figure 5.4: Design evolution (P1-P3). Five versions (as identified by the participants) during
the design process of creating a new visualization artifact from scratch using Perceptual Pat. The
first three participants from the study are represented.

the viewer’s attention to a point of interest by highlighting. Revision: P1 adjusted all boxplot

colors to gray, emphasized a specific area, and bolded the title and the red boxplot.

• Version 4→5: Feedback: The Visualizationary saliency map seemed to overly focus on the
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red-highlighted zone. Revision: P1 changed the colors of boxplots to a uniform gray color

and removed the highlighted zone. Rationale: P1 did not want viewers to focus overly on the

red-highlighted area, but look into other parts of the chart, too.

Participant 2. P2 generated a collection of 5 charts using Matplotlib, a Python library to visual-

ize empirical data, for presentation in a journal paper.

• Version 1→2: Feedback: Visualizationary classified colors of two bars (blue and green)

as similar, and that there should be a title that represents all charts. Revision: P2 changed

colors using a new color palette, but did not add a title. Rationale: P2 did not feel the need

to add another title.

• Version 2→3: Feedback: Visualizationary showed that the updated colors had color-vision

deficiency issues (protanopia). Revision: P2 changed the colors of two bar charts using a

palette suggested by Matplotlib.

• Version 3→4: Feedback: The saliency map showed too much focus on the center of the

charts, not being salient in intended parts of the chart. Revision: P2 removed the grid to

see if the saliency focuses more on the data representation.

• Version 4→5: Feedback: Visualizationary reported that the chart lacks textual content.

Revision: P2 added stars on top of the bars that that needed to be emphasized, and restored

the grid lines. Rationale: P2 thought that eliminating grids made it difficult to compare

between values.
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Participant 3. P3 wanted to analyze their monthly spending based on two factors: (1) category,

and (2) payment method. They used Tableau to author the visualization.

• Version 1→2: Feedback: The salience map in Visualizationary asserted that the focus on text

is higher than other charts. Revision: P3 changed the order of the dataset hierarchy to remove

repetitive keywords.

• Version 2→3: Feedback: Again, Visualizationary stated that there is too much focus on text.

Revision: P3 removed the “payment method” category, consolidated its values into a stacked

bar chart, and labeled each bar segment with its corresponding payment method.

• Version 3→4: Feedback: And once again, Visualizationary said that there is still too much

focus on text. Revision: P3 eliminated the text alongside the bar chart and introduced a legend

instead.

• Version 4→5: Feedback: And again, Visualizationary maintained that there is still too much

text. Revision: P3 rotated the bars vertically and separated the labels for categories and sub-

categories.

Participant 4. P4 used Matplotlib to draw the distribution of certain keywords in three different

datasets: A, B, and C.

• Version 1→2: Feedback: Visualizationary indicated low color contrast, and that using

different colors could attract attention more effectively. Revision: P4 used three colors

(blue, red, and green) to represent different datasets.

• Version 2→3: Feedback: Visualizationary identified that there was no title, and that the

salience map indicated overly focus at the center when there is not much to gain from
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Figure 5.5: Design evolution (P4-P6). Five versions (as identified by the participants) during
the design process of creating a new visualization artifact from scratch using Perceptual Pat. The
next three participants from the study are represented.
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viewing the center. Revision: P4 added a chart title. Rationale: P4 ignored the center bias

issue.

• Version 3→4: Feedback: Visualizationary recommended using larger fonts to add clarity,

and also suggested a bar chart based on the type of the dataset. Revision: P4 enlarged fonts

of texts in the chart, and changed into a stacked bar chart. Rationale: Initially, P4 had not

considered bar charts, but found them fitting for nominal data.

• Version 4→5: Feedback: Visualizationary commented that people with deuteranopia may

not clearly distinguish colors. Revision: P4 returned again to the line chart, and changed

colors of A, B datasets. Rationale: P4 thought that the line chart was easier to compare the

distributions than the stacked bar chart.

Participant 5. P5 used Microsoft Excel to visualize a dataset collected to evaluate user experi-

ence.

• Version 1→2: Feedback: Visualizationary warned that the color in some parts were similar,

and suggested that texts should be added to facilitate the understanding of charts. Revision:

After identifying that the colors ‘strongly disagree’ and ‘strongly agree’ were similar, they

changed palettes. Also, they added label in each axis.

• Version 2→3: Feedback: Visualizationary still warned of using similar colors within the

visualization. Revision: P5 shifted the ‘strongly agree’ color from blue to purple for clearer

contrast with ‘agree’.

• Version 3→4: Feedback: Visualizationary warned of information loss for people with color

vision deficiency. Revision: P5 changed colors using color vision deficiency-friendly colors

126



using palettes from the web.

• Version 4→5: Feedback: The tool still cautioned of the issues on color vision deficiency,

and suggested to add more textual explanations, and informed of the over-abundant focus at

the center. Revision: P5 modified the bar colors to a neutral for white, while using varying

saturations of blue for agreement and red for disagreement. The blue-red combination was a

friendly color for color vision deficiency. P5 added texts on top of each bar, and expanded the

chart vertically to diverge attention.

Participant 6. P6 employed Microsoft Excel to contrast human and conversational AI efficien-

cies, starting with a recommended stacked bar chart.

• Version 1→2: Feedback: The tool suggested bar chart as the preferable chart based on the

data and Mackinlay’s work [195]. Revision: P6 changed from stacked bar chart to a bar

chart.

• Version 2→3: Feedback: Visualizationary was not able to detect title, suggested to reduce

the impact of text in charts, but to increase the font size to add clarity. Revision: P6 added

title, and increased font size. Rationale: P6 thought that text was wrongly detectd, so did

not think that there needed to be more text.

• Version 3→4: Feedback: Visualizationary noted that there was an abundance of salience

at the center in the salience map, and that the chart used too many colors. Revision: P6

changed the order of features in the horizontal axes. Rationale: P6 did not believe that they

were using too much colors.

• Version 4→5: Feedback: Visualizationary said that the visual components were less em-

127



phasized than the text. Revision: P6 increased the width of all bars for improved visual

representation.
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Figure 5.6: Design evolution (P7-P10). Five versions (as identified by the participants) during
the design process of creating a new visualization artifact from scratch using Perceptual Pat. The
last four participants from the study are represented.

Participant 7. P7 used D3.js to create a visualization for analyzing character distributions

using a heatmap.
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• Version 1→2: Feedback: Visualizationary was not able to detect the title, and mentioned

that the salience is focused too much towards the center, but P7 wanted to identify anomalous

parts. Revision: P7 added the title, and changed the color from orange to blue.

• Version 2→3: Feedback: From the tool’s perspective, the saliency map still was overly fo-

cusing towards the center. The tool also suggested bar chart as the desirable choice for chart.

Revision: P7 used hierarchical clustering to group zones with high frequency values together.

Rationale: P7 was not convinced to use bar charts instead of a heatmap.

• Version 3→4: Feedback: The saliency map focused towards the center. Revision: P7 in-

creased the ranges of horizontal and vertical axes in the heatmap. Rationale: P7 wanted the

saliency map to focus on dark-colored zones.

• Version 4→5: Feedback: The saliency map retained its center-bias. Revision: P7 modified

the heatmap’s distribution for more even distribution.

Participant 8. Using Spotfire, P8 analyzed the coffee sales revenue by continent using a treemap.

• Version 1→2: Feedback: Visualizationary recommended bar chart to present the data.

Revision: P8 changed the data to a bar chart. Rationale: P8 agreed that the bar chart was

more effective than a heatmap for comparison.

• Version 2→3: Feedback: The tool was not able to detect the title. Revision: P8 moved the

title to the center and enlarged its font size. Rationale: The undetectable title prompted P8

to emphasize chart text for clarity.

• Version 3→4: Feedback: Visualizationary proposed adding highlights to a region of inter-

est, suggested effective titles, and also recommended maintaining minimalistic perspective
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in describing charts. Revision: P8 darkened the chart except a region of interest, refined its

title for data representation, and removed the legend.

• Version 4→5: Feedback: The salience shown in Visualizationary focused too much to-

wards the center of the chart, where the area of interest is located, and suggested to use text

to make the chart more understandable. Revision: P8 reduced highlighting by using dark

orange for the area of interest, and added values on top of each bar. Rationale: P8 believed

the area of interest was overly emphasized, and did not want people would not look into

other parts of the chart.

Participant 9. Using Tableau, P9 chose to display a multinational company’s profits in Asia on

a geographic map.

• Version 1→2: Feedback: From the protanopia-simulated image in the tool, several circle cues

were hard to detect. Revision: The colors in each circle were made darker and clearer.

• Version 2→3: Feedback: The salience map in Visualizationary directed attention country

names, but several were unrelated to the data. Revision: Country names were added on top of

each circle, and irrelevant country names originally on the map were removed.

• Version 3→4: Feedback: Visualizationary noted that textual content would make the chart

more readable. Revision: P9 relocated country names to circle centers, added explanatory

boxes, and differentiated ocean colors for clarity.

• Version 4→5: Feedback: Still, the images simulated for color vision deficiency showed that

some circles were not clear. Revision: Strokes were added to circles.
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Participant 10. P10 employed Tableau to study the impacts of four medicine concentrations on

animal lifespans using a bubble chart.

• Version 2: Feedback: The tool recommended using bar chart. Revision: P10 changed

chart type into a bar chart.

• Version 3: Feedback: The tool suggested using magnification to highlight the difference

between low and high values, and noted that no title was detectable. Revision: P10 magni-

fied the vertical axis and added a title.

• Version 4: Feedback: Perceptual Pat asserted that textual information helped understand

charts. Revision: P10 added labels on top of the visualization.

• Final version: Feedback: Perceptual Pat stated that rainbow colors worked well for pre-

senting discrete information, and also suggested to enlarge the font to clarify the textual

content. Revision: P10 changed the color of bars using rainbow palette, and made the text

in bold.

Participant 11. P11 created a stacked area chart (recommended by Microsoft Excel) to show

time spent on daily activities.

• Version 1→2: Feedback: Visualizationary recommended bar charts to facilitate the compari-

son of values. Revision: P11 changed from stacked line chart to a stacked bar chart.

• Version 2→3: Feedback: Visualizationary noted that there is too much focus of salience

towards the center, and recommended that the attention be diverted to other places of the

designer’s interest, if needed. Revision: P11 adjusted the chart’s size ratio and incorporated
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Figure 5.7: Design evolution (P11-P13). Five versions (as identified by the participants) during
the design process of creating a new visualization artifact from scratch using Visualizationary.
The next three participants from the study are represented.

a new line chart, which displayed the cumulative average hours spent on a specific activity

(“work”). P11 introduced a vertical axis to represent the line value in the chart. Rationale:

For adding the line chart, P11 wanted to examine influences on work.
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• Version 3→4: Feedback: Again, Visualizationary observed excessive concentration of salience

in the central area. Revision: P11 re-adjusted the chart dimensions, and highlighted legend and

title to divert the attention.

• Version 4→5: Feedback: Saliency is overly focused on the center. Revision: P11 increased

title and legend font sizes.

Participant 12. P12 also used Microsoft Excel to create a bar chart from a multidimensional

data table.

• Version 1→2: Feedback: Visualizationary alerted the overabundance of saliency in the center.

Revision: In order to divert the attention towards the center, P12 enlarged the size, and changed

the size ratio of the chart.

• Version 2→3: Feedback: Visualizationary noted that there is information loss in the color

vision deficiency filter, and that there was still abundance of salience in the center of the chart

image. Revision: P12 enlarged the size of the chart vertically, and changed the color of chart

image.

• Version 3→4: Feedback: According to Visualizationary, there was still noticeable amount

of loss in color vision deficiency, and the abundance of salience in the center has not been

solved. Revision: P12 changed the color of the chart, enlarged vertically, and increased the

size of texts and ticks.

• Version 4→5: Feedback: Again, Visualizationary says that the salience is overly focused

towards the center, and that to highlight other parts of the chart that needs attention. Revision:

P12 added strokes to bars.
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Participant 13. P13 used Matplotlib library in Python to analyze the results from conducting

sentimental analysis about Twitter data of a particular day and region.

• Version 1→2: Feedback: Visualizationary noted that attention is centered in the visual and

recommends employing contrasting colors to shift focus. Revision: P13 changed the color to

red and blue to add more contrast to the visualization.

• Version 2→3: Feedback: Visualizationary observed excessive central focus and highlighted

potential data loss for color vision-deficient viewers. Revision: P13 changed the size ratio of

the chart, and changed the color from blue-red to blue-orange.

• Version 3→4: Feedback: Visualizationary said that the salience map is not focusing much

textual information. Revision: P13 readjusted the size of the chart, and added labels for axes.

• Version 4→5: Feedback: Visualizationary mentioned that now there is too much salience in

text. Revision: P13 added a red line, and shortened labels. Rationale: P13 introduced a red

line to the chart to facilitate his personalized analysis.

Table 5.2: Questions for post-study interviews. We asked participants a total of 7 questions
about their experience in using Visualizationary to understand the role of Visualizationary in the
design process, to unveil their decision-making process in acting on feedback, and to evaluate the
tool.
QUESTION TYPE SUBJECT QUESTIONS

Role

Analyze How was your chart problem detection aided by Visualizationary?
Clarify How did Visualizationary assist in clarifying chart guidance or analysis?
Guide How was the guidance from Visualizationary for visualization design?
Track How did tracking influence your design modifications?

Decision Judgment In general, when do you act on feedback or decline it?

Evaluation
System What are the pros/cons of Visualizationary when the LLM bases

answers on established visualization design knowledge?
Impression Overall, how did you like the tool?
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Table 5.3: Evaluation of design evolution. We asked three external experts to evaluate the
improvements in the designs generated by 13 participants. Scores are measured using a 1–5 Likert
scale, where 1 represents a significant decline, 3 is neutral, and 5 is a significant improvement.
Each value shows the mean value of scores from external evaluators; values in parentheses are
standard deviations.
Part. P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 Avg
Avg. 4.67 2.67 3.67 3.00 5.00 4.33 2.67 3.00 4.67 4.00 3.67 2.67 4.00 3.69
S.D. (0.58) (0.58) (0.58) (0.00) (0.00) (0.58) (0.58) (1.73) (0.58) (0.00) (0.58) (0.58) (0.00) (0.83)

5.5.2 Post-Study Interview

After the experiment, we conducted a post-interview session to examine closely the iter-

ative improvements of the design and the role of Visualizationary in making the changes. Our

initial set of questions (Table 5.2) aimed to reacquaint the participants with the changes their

designs underwent and to understand the underlying reasons behind them. For every design re-

finement, we asked participants to elaborate on the following: (1) the changes in the design, (2)

the reasons for the changes in the design, and (3) the role of Visualizationary in the changes.

We then transitioned to understand their experiences in using Visualizationary during the design

process, and their perspective on design feedback mechanisms. Our goals were the following:

1. Role. Understand Visualizationary’s role in every ACGT step.

2. Decision. Identify patterns when designers accept/reject feedback.

3. Evaluation. Evaluate the strengths and weaknesses of the tool.

Detailed below are the questions presented to our participants.

Role for Analyze: Expert Analyst. Visualizationary is capable of not only detecting issues, but

also in providing relevant knowledge that only experts can have. Some of the observed comments

were aspects participants had not initially considered, yet were contributing to the improvement

of the visualization. In other instances, the tool’s feedback was on aspects participants were famil-
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iar with or had previously encountered, but which were typically overlooked during visualization

design, such as the color deficiency filters. P2 said, “[the tool] is capable of showing problems

that I was not aware of, although I should have been.” Upon diagnosis, the tool supplies relevant

data from visualization design knowledge, which, as P8 noted, is information that even experts

might occasionally miss. Said P8, “even experts may not be aware of those specific details about

visualization principles.” However, there were also times when the tool misdiagnosed the chart

image, resulting in potentially out-of-context feedback.

Role for Clarify: Organizer. Because the output of this report is generated by ChatGPT, it is

predominantly textual. The hierarchical layout of the design allowed participants to view the

summary of each section, selectively pick the issues that they found relevant and made sense, and

drill down to the details they were interested in. 10 out 13 participants felt that this capability

helped them be more organized.

Role for Guide: Guidepost. Given a detectable issue, Visualizationary is capable of providing

general suggestions on how to address them, but does not always deliver specific actionable

feedback. This means that human intervention is still required to find a solution. Participants also

noted variability in the guidance: some feedback was easy to implement whereas other feedback

required a substantial amount of effort to address. Easily addressed were tasks that can easily

be tested, such as editing colors, adding texts, and so on. All participants attempted to address

issues raised by the tool. However, a few novice and intermediate participants found it difficult

to address more complex problems, such as diverting or attracting attention in the saliency map.

For example, P3 spent all their iterations to balance the salience of a chart, and P7 wanted the
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salience to focus on a particular area.

Role for Track: Logbook. The tracking capabilities play as a role similar to a design “logbook.”

Tracking changes per design iteration allowed some participants to easily catch up to where the

design was left off. A notable observation was that it also functioned as an evaluation tool that

measures whether there were improvements between the current and the past version. P3, whose

main goal throughout the study was to alleviate salience in textual areas, said, “I consistently

checked the rate of salience in the tracking interface. The drop in numbers reassured me that I

was on the right path. The positive feedback felt like a reward for the adjustments I had made.”

On the other hand, there were also a few participants who did not use tracking. They

uploaded the designs one after another, successively, without much delay. P2 was an example,

noting “Because I remember what needs to be changed, I did not look into the tool.”

Criteria for Accepting Feedback. As one might expect, there were no participants that accepted

all the feedback given by Visualizationary for their designs. Designers clearly cannot make

changes based on what they cannot understand (or disagree with). For example, P7 did not un-

derstand how to create a bar chart using the dataset that they had. Second, the designer must also

agree to some extent that the feedback would enhance the design. For example, some designers

disregarded feedback on color vision deficiency when the visualization was merely intended for

their own use. When the designer was unsure of whether there would be improvements, if the

feedback was easily actionable, then they just tried it and took the feedback when it did.

General Assessment. Participants considered the tool as an assistant that provided expert-driven

feedback. Many people originally thought that it would be difficult to provide insights, but were
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surprised at its capability to help in visualization design. Furthermore, the use of ChatGPT cre-

ated a sense of a “human” responding to the design, which made some participants less isolated

during the design process.

However, some areas could be enhanced. One main comment was that despite the hierar-

chical presentation, several participants felt somewhat overwhelmed by the volume of text in the

report. Some participants felt that with the help of visual images and text combined, this tool

would generate more effective feedback.

5.5.3 Design Evaluation

We here present the results of the design assessment by external reviewers, which is the final

step of our study procedure (see § 5.4.3). We recruited three senior visualization researchers who

all have more than 7 years of experience to evaluate the designs conducted by the participants.

Table 5.3 shows the overall ratings on the improvement of visualization designs conducted by our

participants. Note that these values are not on the quality of the design but on the improvement

of the design. On the whole, evaluators largely believed that the participants’ designs improved

from their starting point, averaging a score of 3.69 (3 is neutral). P2, P7, and P12’s designs

were modestly below the neutral mark. Evaluators observed consistency in P2’s designs, with a

slight decrease in color quality. For P7, while adding a title was beneficial, the chart’s readability

declined. P12 enlarged the chart for improved readability, but received mixed reviews about the

choice of color. We also compare the improvements per different expert levels. We find that the

mean score of improvements from the novice group is 3.34, from the intermediate group is 3.92,

and from the expert group is 4.11. While we observe positive signs from all groups, we see more
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improvements from intermediate and expert groups.

5.6 Discussion

The results from this study showed three things: that (1) a “vanilla” LLM, when provided

with appropriate symbolic metrics and a “cheat sheet” of visualization design knowledge, can

provide meaningful and actionable feedback on flaws in a visualization and how to improve

them; that (2) even experienced visualization designers can benefit from this feedback; and that

(3) the quality of visualization feedback is strongly dependent on the metrics extracted from the

visualization. Below we discuss the potential of utilizing the system for novice designers. Then

we enumerate limitations and avenues for future work.

5.6.1 On Visualization Design Feedback

Our main goal for Visualizationary was to help novice designers create visualizations. Our

results indeed show that our tool is capable of detecting problems and providing relevant feed-

back according to existing design knowledge. However, it is also clear that participants with

intermediate and expert knowledge used Visualizationary more effectively than novices. Based

on comments from novice participants during the post-study interview, we speculate that automa-

tion and lack of foundational design skills could be contributing factors.

The tendency of novice users to rely on automated visualization suggestions, as offered by

chart-authoring tools such as Microsoft Excel, contributes to this problem. This reliance caused

some novices to lose their manual chart design skills (or never to acquire them in the first place).

P12, who obtained a professional certificate for Microsoft Excel nearly a decade ago, said, “the
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auto-generated charts are usually of good quality, so I don’t feel the need to alter them.” P11

shared similar comments. While automated tools have simplified visualization creation, their

influence may have affected our results in Table 5.2.

Novices also have a harder time acting upon suggestions because they lack fundamental

knowledge for visualization design. Many novice participants mentioned that when provided

explanations and their corresponding suggestions, they still perceived it as high-level feedback;

they preferred more actionable feedback where the impact of the suggested changes were clearly

visible. In contrast, most participants with intermediate and expert levels understood the feedback

well and used it to improve their work. P3, from the intermediate group, said, “it was a good

chance to identify that what I learned in textbooks really helps.” In fact, two experts (P1 and P9)

noted that the lack of specific and actionable feedback could pose challenges for novices.

On the other hand, the ineffable purpose of design is to bring novel creation forth. While

Visualizationary may currently fall short in providing detailed solutions, there is also danger in

hampering the designer’s creativity if suggestions become too prescriptive. The balance may

need to shift depending on the experience of the designer, especially as the designer grows in

experience. We leave this issue as future work.

5.6.2 Limitations and Future Work

While our work on Visualizationary in this paper builds on an entire stack of prior work,

including the Scanner Deeply [6] virtual eye tracker and the Perceptual Pat [7] design tool, there

are still weaknesses and potential shortcomings in our tool. We discuss them here.
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Hallucination. Despite their capabilities, LLMs may produce nonsensical or unfaithful content,

known as hallucinations [196]. Such hallucinations can lead to feedback that contradicts the

designer’s original goals or does not improve the visualizations. This behavior potentially harms

Visualizationary because users build trust in the models powering our tool when most of their

outputs are truthful. Recent work proposes defensive methods to address hallucinations, e.g.,

incorporating a user’s feedback into the model’s fine-tuning [197, 198] and characterizing self-

contradiction in model-generated texts [199, 200]. We leave the incorporation of these methods

for future work.

Privacy risks. If we use commercial services built on LLMs, there is a data privacy concern

about the user data [201]. A company may collect data—such as visualizations (images) and

queries (text)—that a user provides to our tool and uses them to fine-tune their models further

to improve the quality of their services. Later on, a motivated adversary can perform a series of

privacy attacks on the fine-tuned models, such as membership/property inference attacks [202,

203] or sensitive data-extraction attacks [204, 205]. However, this only happens if our tool is

based on LLMs hosted by a third-party. We can mitigate this concern by keeping all the LLMs

we use in-house, e.g., by utilizing open-source models, such as Vicuna [179] and LLaMA [180],

available on the Internet.

Towards effective design feedback. Visualizationary aims to improve visualization design by

providing automated perceptual feedback. Our observations show that designers can easily apply

feedback when the suggestions are straightforward. Regardless of their expertise levels, design-

ers were able to address issues such as changing colors for color vision deficiency, clarifying
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information, adding text, titles, or legends, and using highlighting techniques.

However, we also noted limitations in improving the design. The first issue arises when

designers do not have a clear solution or are unsure about making changes. For example, several

designers struggled with feedback from salience maps, which predict where viewers are likely

to focus on charts. Designers often have different purposes and goals, making it difficult to

adjust their designs to align with the salience map’s indications. While there is research on

understanding eye movement in visualization, there is little work assessing visualizations and

providing guidance based on salience patterns. A more concrete assessment of such guidance

could help designers evaluate their work and make informed changes.

The second limitation is that the impact of the feedback is constrained because visualization

design may vary by target domain, and Visualizationary focuses on providing general feedback.

For instance, creating an eye-catching visualization for commercial purposes might benefit from

visual embellishments. To generate ideal feedback akin to that of an expert, users’ intentions

should be considered. This aspect, however, was missing in Visualizationary. We believe in-

corporating users’ intents is the direction we should aim for to provide more advanced design

recommendations in the future.

Future Work. Visualizationary paves the way for several new directions for future work on au-

tomating feedback for visualization design. First, a direct approach is to add filters to analyze

visualization design for improved representation of a virtual human visual system. “Will visual

embellishments in visualizations be identified as an object, or as a data representation by the

viewer?” Answering such questions would help designers by providing more detailed, thorough

feedback about their visualization designs. Another avenue for research might involve investigat-
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ing the best methods—such as reports, conversational UIs that clarify vague suggestions textually,

or tools offering visual examples—to deliver visualization feedback to various user groups.

An even more ambitious approach would be to expand the role of augmenting visualization

design through feedback not just confined to iterative design process, but to every aspect of visu-

alization design, including early design. We believe that the rapid development of text-to-image

large language models could offer feedback that enhances designers’ creativity and expressive-

ness based on their intentions.

5.7 Conclusion

We have presented Visualizationary, a tool that leverages LLMs and visualization guide-

lines to provide design feedback for visualization designers. Visualizationary supports an auto-

mated visualization design workflow called ACGT (analyze-clarify-guide-track). We created a

web-based interface to evaluate the effectiveness of Visualizationary and engaged 13 visualiza-

tion designers of different seniority in a longitudinal design task. During this study, we conducted

pre- and post-study interviews to further understand the designer’s experience using the tool. Fi-

nally, we asked three expert evaluators to assess their resulting designs. Overall, our results show

that an off-the-shelf LLM can indeed provide high-quality and actionable feedback for novice,

intermediate, and expert users alike on how to design a visualization.
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Chapter 6: Conclusion

I conclude the dissertation by providing the summary, and future works about the thesis.

6.1 Summary

This dissertation focuses on creating a virtual human vision-inspired system to augment

visualization designers in their design process. The goal was to create a system that provides

guidance for visualization designers.

As the first step, I explored a methodology to instill human perception into machines by

creating a virtual eyetracker for visualizations. Based on a taxonomy of 30 prior works on eye-

tracking research, we found that collecting gaze with low-tech requirements using crowdsourcing

and training the model with a deep learning approach are the desiderata for building a virtual eye-

tracker for visualizations. Following our desired approach, we built a virtual eyetracker called A

SCANNER DEEPLY. We found that low-tech eyetrackers can often have noise, so we developed

a technique to effectively remove noise from the eye movement data. By observing the patterns

in Scanner Deeply, we also identified that the salience patterns are task- and chart-specific.

As the second step, I aimed to develop a virtual, human vision-inspired system that could

provide design feedback for visualizations in an actionable and pragmatic manner. To that end,

we developed a system called Perceptual Pat. Perceptual Pat uses a suite of computer vision filters
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to provide design feedback, representing a human vision-inspired visual system in a pragmatic

and actionable manner. For experimentation, we implemented Perceptual Pat on a web-based

Pat Design Lab and allowed four experienced visualization designers to use the system. We found

that Perceptual Pat helps visualization design by detecting issues in the designs.

Finally, as the last step, I aimed to automate the entire feedback generation process, from

the analysis of visualizations to the delivery of interpretations and suggestions to the designers.

This required interpreting insights from the analysis of chart images, generating corresponding

suggestions, and using an effective text-processing technique to deliver the feedback to designers.

To accomplish this, I developed a pipeline abbreviated as ACGT (analyze-clarify-guide-track).

As an implementation, I developed a system called Visualizationary, which, upon receiving

an image, provides design feedback about the image. Visualizationary uses ChatGPT, a vision-

language model called DePlot, and a preamble of design knowledge about visualizations to pro-

vide suggestions and their corresponding interpretations to the designer. We found that feedback

from Visualizationary improves the quality of visualizations for all levels of expertise, including

experienced visualization designers.

6.2 Future Work

We can envision future work in two directions: first, further understanding the mechanisms

behind human perception, and second, focusing on the human-centered use of AI for visualization

design.

First, we can strive to discover more about understanding and instilling properties related to

human perception. While our approach was to create a virtual eye tracker, numerous unanswered
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questions remain about the mechanisms behind our eye movements when viewing visualizations.

Many research areas are still uncovered. For example, eye movement patterns using a heatmap

have not considered temporal changes. Additionally, we need to understand the relationship be-

tween tasks and eye movement patterns. Beyond imitating human eye movement, numerous types

of biases persist in our perceptions, many of which are yet to be discovered. The most effective

method to train these biases into a model to imitate an ”ideal” human eye remains unknown.

These topics represent future work in advancing how humans understand visualizations.

Second, we can focus on a human-centered use of AI for augmenting visualization design.

Visualizationary succeeded in providing visualization feedback in the form of text, showing im-

provements regardless of the levels of expertise in visualizations. However, the results also indi-

cate that it remains challenging for novices to make changes and improve the visualization during

their iterative design process. Various research has identified the characteristics of visualization

novices, and with existing techniques and chart authoring tools, novice designers lack the ability

to control the chart and the knowledge to create effective charts. These limitations restrict the full

potential of data visualization as an effective medium for design. This vision represents another

possible area for future work.
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Appendix A: Appendix – Visualizationary

In this section, I provide the prompts used for Visualizationary, and additional compari-

son of expert reviews of participants’ works with language models, such as ChatGPT, and Wol-

framGPT.

A.1 Prompts used for Visualizationary

This section desribes prompts used for Visualizationary. First, I describe the preamble, and

then list additional prompts added for Visualizationary. The report Visualizationary consists of 53

questions, and each question consists of one prompt. For each question, we add to the prompt in

the following manner: [preamble] + [prompt-question] + [prompt-answer].

We used ChatGPT-3.5-Turbo for the experiment.

A.1.1 Preamble used for Visualizationary

This part of the code added at the first part of the prompt:

Assume that you are a seasoned visualization expert, with more than 10 years of experience in data visualiza-

tion. You are knowledgeable in data visualization, You are a person who looks at a data visualization and provides

design feedback in the form of textual information. Out of many parts for visualization, you provide feedback from

5 perspectives: visual representation, textual content, color, visual saliency, and color vision deficiency. In visual
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saliency, you analyze visual saliency and analyze patterns. Here, the primary goal is to simulate how people would

read visualizations and warn designers of the possible biases that might occur for the readers. We provide three parts

of the salience: center, text, and low-level stimuli. Most visual saliency models have center bias. They differ by the

visualization image. First, we detect visualization images that overly focus at the center. This means that possibly,

when people look into the chart image, it can warn people that the salience created by visualization may be focusing

too much on the center/textual areas, or maybe focusing too little on low-level features. It is up to the designer to

make the decision based on the information provided by the designer. In colors, we look at two things: whether there

are similar colors and the variety of colors used for the visualization. The purpose of this is also to warn designers.

First, when similar colors are used, we warn of the possibility of being ambiguous. Second, when a lot of different

colors are used, we warn that if similar colors are used, then they can be interpreted as continuous values. In textual

content, we first detect whether there is textual information in the chart. The goal is to inform users that textual

information can help the understanding of the visualization. Second, we first detect whether there is a title in the

visualization image. Title is an important component, so this is to encourage the addition of title if the title does

not exist in the chart. Here, ChatGPT is used, along with information by APT by Jock MacKinlay, In color vision

efficiency, we provide information on how the visualization would be seen by people with color vision deficiency.

The goal is to simulate how people with color vision deficiency would view the image. Examples of color vision

deficiency include protanopia, deuteranopia, and tritanopia. Designers can visually check how people with color

vision deficiency would view the chart in the report. As a metric, we measure the loss of entropy occurring from the

original to the translated image.
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A.1.2 Prompts used for Visualizationary using ChatGPT

This section shows the prompts used for developing answers in Visualizationary. First, we

provide questions asked for each visualization image. Each text within a citation mark refers to

one question.

A.1.2.1 Questions, [prompt-question]

Part 0 Prompt questions for tracker mode: ‘Given the information about the changes, in one sentence, concisely

and shortly, describe the changes made between the current and previous version about visual salience? Answer con-

cisely, clearly and shortly, in one sentence. ’, ‘Given the information about the changes, in one sentence, concisely

and shortly, describe the changes made between the current and previous version about text? Answer concisely,

clearly and shortly, in one sentence. ’, ‘Given the information about the changes, in one sentence, concisely and

shortly, describe the changes made between the current and previous version about visual representation? Answer

concisely, clearly and shortly, in one sentence. Note that in all versions, chartjunk detector is run. If chartjunk de-

tector is not mentioned in any of the versions, it just means that no chartjunk object was found. ’, ‘Are there changes

in color composition? Given the information about the changes, in one sentence, concisely and shortly, describe the

changes made between the current and previous version about color? Answer concisely, clearly and shortly, in one

sentence. ’, ‘Given the information, in one sentence, concisely and shortly, describe the changes made between the

current and previous version about accessibility? Answer concisely, clearly and shortly, in one sentence.”’

Part 1 ‘Analyze the visual salience on text. Provide interpretations shortly, in one sentence.’, ‘Provide suggestions

based on the previous question. Answer shortly, in one sentence.’, ‘Sum up the responses in previous, and the

previous questions about salience on text. Provide the answer clearly and concisely.’, ‘Analyze the visual salience

on the center of the chart image. Provide interpretations shortly, in one sentence.’ , ‘Provide suggestions based

on the results of the previous question. Answer shortly, in one sentence.’, ‘Sum up the responses in previous, and

the previous questions about salience on the center zone in the image. Provide the answer clearly and concisely.’,
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‘Analyze the visual salience on low-level visual stimuli. Provide interpretations. Answer shortly, in one short

sentence.’, ‘Provide suggestions based on the results of the previous question. Answer shortly, in one sentence.’,

‘Sum up the responses in the previous, and the previous question about salience on low-level visual stimuli. Provide

the answer clearly and concisely.’, ‘Sum up the interpretations made about visual salience on text, center, and low-

level visual stimuli only by judging from responses in previous questions. Provide the answer, concisely, in one

sentence.’, ‘Sum up the suggestions made about visual salience on text, center, and low-level visual stimuli only by

judging from responses about previous questions. Provide the answer, concisely, in one sentence.’, ‘Provide a short,

general overview about the results from all questions about visual salience. Discuss only the most important points.

Give the response concisely, in one sentence.’,

Part 2 ‘Is the title detectable from the chart image? Provide the answer shortly, in one sentence. Look at the

Deplot Table to look for the title.’, ‘If the title is detected, can you provide suggestions about improving the title?

Answer concisely and shortly, in one sentence.’, ‘If the title is detected, can you evaluate the title?’, ‘Sum up the

responses in previous, and the previous questions about title. Provide the answer clearly and concisely.’, ‘Is any

textual content detectable from the chart image? Provide the answer shortly, in one sentence. In answering the

question, refer to the OCR text.’, ‘Provide suggestions based on the results of the previous question. Answer shortly,

in one sentence.’, ‘Sum up the responses in previous, and the previous questions about textual content in one sentence.

Provide the answer clearly and concisely.’, ‘Sum up the interpretations made about title and textual content only by

judging from your responses in previous questions. Provide the answer, concisely, in one sentence.’, ‘Sum up the

suggestions made about title and textual content only by judging from your responses in previous questions. Provide

the answer, concisely, in one sentence.’, ‘Provide a short, general overview about the results from all questions about

text. Discuss only the most important points. Give the response concisely, in one sentence.’,

Part 3 ‘According to Deplot, is the data table detectable in the chart image? Provide your answer shortly, in

one sentence.’, ‘Based on the data table, what seems the optimal chart to describe the patterns, distributions in

the data table? Provide your answer concisely and shortly, in one sentence.’, ‘Can you explain the reasons for

choosing the following chart in the previous question? Provide your answer concisely and shortly.’, ‘Sum up the

responses in previous, and the previous questions about the data table and the optimal chart. Provide the answer
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clearly and concisely.’, ‘According to the Chartjunk filter, are any chartjunk/visual embellishments identifiable in

the chart image? Answer shortly and concisely, in one sentence.’, ‘Provide suggestions based on the results of the

previous question, about chartjunk/visual embellishments. Answer shortly and concisely, in one sentence.’, ‘Sum

up the responses in previous, and the previous questions about chartjunk/visual embellishments, Provide the answer

clearly, shortly, and concisely.’, ‘Sum up the interpretations made about the data table and the optimal chart only

by judging from your responses in previous questions. Provide the answer shortly and concisely, in one sentence.’,

‘Sum up the suggestions made about the data table and the optimal chart only by judging from your responses in

previous questions. Provide the answer shortly and concisely, in one sentence.’, ‘Provide a short, general overview

about the results from all questions about visual representations. Discuss only the most important points. Give the

response concisely, in one sentence.’,

Part 4 ‘According to the color filter, how many colors are used in the chart image? Answer shortly, in one sen-

tence.’, ‘Provide suggestions about the previous question. Answer concisely and shortly, in one sentence.’, ‘Provide

detailed utility of colors in data visualization under different types of data.’, ‘Sum up the responses in previous, and

the previous questions about the variability of colors. Provide the answer clearly and concisely.’, ‘According to the

color filter, are some colors similar? Provide the answer in one sentence.’, ‘Provide suggestions about the result of

the previous question. Answer shortly, in one sentence.’, ‘Sum up the responses in previous, and the previous ques-

tions about similar colors. Provide the answer concisely and shortly, in one sentence.’, ‘Sum up the interpretations

made about the variability of colors and similar colors only by judging from your responses in previous questions.

Provide the answer shortly and concisely, in one sentence.’, ‘Sum up the suggestions made about the variability of

colors and similar colors only by judging from your responses in previous questions. Provide the answer shortly

and concisely, in one sentence.’, ‘Provide a short, general overview about the results from questions about colors?

Discuss only the most important points. Give the response concisely, in one sentence.’,

Part 5 ‘Is there information loss when people with Deuteranopia see the chart image? Provide interpretations.

Answer shortly, in one sentence.’, ‘Provide suggestions about the result of the previous question. Answer concisely

and shortly, in one sentence.’, ‘Sum up the responses in previous, and the previous questions about Deuteranopia.
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Provide the answer clearly and concisely.’, ‘Is there information loss when people with Protanopia see the chart im-

age? Provide interpretations. Answer shortly, in one sentence.’, ‘Provide suggestions about the result of the previous

question. Answer concisely and shortly, in one sentence.’, ‘Sum up the responses in previous, and the previous ques-

tions about Protanopia, concisely. Answer clearly, shortly, and concisely.’, ‘Is there information loss when people

with Tritanopia see the chart image? Provide interpretations. Answer shortly, in one sentence.’, ‘Provide suggestions

about the result of the previous question. Answer concisely and shortly, in one sentence.’, ‘Sum up the responses

in previous, and the previous questions about Tritanopia, concisely. Answer clearly, shortly, and concisely.’, ‘Sum

up the interpretations made about color vision deficiency (Deuteranopia, Protanopia, Tritanopia) only by judging

from your responses in previous questions. Provide the answer shortly and concisely, in one sentence.’, ‘Sum up the

suggestions made about color vision deficiency (Deuteranopia, Protanopia, Tritanopia) only by judging from your

responses in previous questions. Provide the answer shortly and concisely, in one sentence.’, ‘Provide a short, gen-

eral overview about the results from questions in Part 5? Discuss only the most important points. Give the response

concisely, in one sentence.’,

A.1.2.2 Answers, [prompt-answer]

This contains the suggestions referred as [filter-suggestions]

Part 1 ‘The question is ”Analyze the visual salience on text. Provide interpretations shortly, in one sentence.”

Please interpret exactly in the following way: If no visual salience is detected, then just interpret as ”No salience

is detected in the chart image.” If (the rate of salience in textual zone over the rate of textual zone in chart image)

from the measured result is less than 0.6 , then interpret it as ”there is a lack of salience in textual elements.” If the

measured result is between 0.6 and 2.0, just interpret that ”there is moderate amount of salience in text.”, else, if

(the rate of salience in textual zone over the rate of textual zone in chart image) from the measured result is more

than 2.0, then interpret it as ”there is an overabundance of salience in textual elements.”’, ‘The question is ”Provide
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suggestions based on the previous question. Answer shortly, in one sentence.” Please provide suggestions exactly

in the following way, and try to keep the answer concise: If the answer to the previous question is ”No salience

is detected in the chart image,” then do not give any suggestions, or say ”there is not suggestion to give”. Else,

if the answer to the previous question is ”there is a lack of salience in textual elements.,” then suggest by saying

”highlight where it seems to be important, such as using colors with high visual stimuli, or changing the font of

textual components, or changing the color, shape of visual components.” Else, if the answer to the previous question

is ”there is an overabundance of salience in textual zone of the chart image,” then warn the possibility that the text can

override the visualization, and suggest to alleviate the emphasis on textual information. Else, if there is ”a moderate

amount of salience in textual zone of the chart image”, then do not provide any specific suggestions.’, ‘nothing’,

‘The question is ”Analyze the visual salience on the center of the chart image. Provide interpretations shortly, in

one sentence.” Please interpret exactly in the following way: If (the rate of salience in central zone over the rate of

central zone in chart image) is less than 2.2, then interpret as ”there seems to be enough focus of salience in the center

zone.” Else, if (the rate of salience in central zone over the rate of central zone in chart image) is more than 2.2, then

interpret it as ”there is an abundant concentration of salience in center zone.”’, ‘The question is ”Provide suggestions

based on the results of the previous question. Answer shortly, in one sentence.”. Please provide suggestions exactly

in the following way, and try to keep the answer concise. If the answer to the previous question is ”there is an

abundant concentration of salience in center zone.”, then warn the possibility that the salience of the visualization is

overly focused towards the center, because there is not much areas within the chart image that can be the point of

interest, such as lack of title, legend, or textual information. People may not know what to look for when viewing

charts. Hence, suggest to add or highlight such components. If the answer to the previous question is ”there seems

to be enough focus of salience in the center zone” then do not provide any particular suggestions.’, ‘nothing’, ‘The

question is ”Analyze the visual salience on low-level visual stimuli. Provide interpretations. Answer shortly, in one

short sentence.” Please interpret exactly in the following way: If the (rate of salience in zone with low-level visual

stimuli over the rate of zone with low-level visual stimuli in chart image) is less than 0.8, then interpret it as ”the

chart image has a lack of salience in zones with low-level visual stimuli.” Else, then interpret it as ”the chart image

does not a lack of salience in zones with low-level visual stimuli.”’, ‘The question is ”Provide suggestions based on

the results of the previous question. Answer shortly, in one sentence.” Please try to keep the answer concise. If the

153



answer is ”the chart image has a lack of salience in zones with low-level visual stimuli.”, then suggest methods to

highlight parts that deserves to attract attention, such as highlight a part of visual cues with colors, or make the text

bigger. Else if the image has an abundance of visual salience, it is fine, so do not give any specific suggestions.’,

‘nothing’, ‘nothing’,‘nothing’,‘nothing’,

Part 2 ‘Given an image, the question is ”Is the title detectable from the chart image? Provide the answer shortly,

in one sentence. Look at the Deplot Table to look for the title.”. Please answer in the following manner. You can find

to this question from the table, so look closely at the table. Interpret in the following manner: If there is a title in chart

image, then interpret this as ”there is title in the visualization.” If, however, there is not a title in the chart image, then

interpret as ”the title is not detected.”’, ‘The question is ”If the title is detected, can you provide suggestions about

improving the title? Answer concisely and shortly, in one sentence.” Please answer in the following manner. If the

answer to the previous question is that ”there is title in visualization,” then suggest that a good visualization should

at least have labels, titles, and tick marks. If the answer to the previous question is that ”the title is not detected,”

then suggest that the choice of semantic content and placement of annotations can influence what the readers take

away from the chart and how likely they are to use the annotations in their takeaways.’, ‘The question is ”If the title

is detected, can you evaluate the title?” Please answer in the following manner: If the title is not detected, then do not

make any comments to this question. However, if the title is detected, mention the following: ”These are the factors

that lead to a good title. These are (1) features importance (title should convey key features), (2) conciseness (a

concise title allows users to understand quickly), (3) preciseness (preciseness measures how closely and accurately

title represents data), (4) generic information richness (data attributes and data range), (5) coverage (it is important

not to omit details for comprehensive information), and (6) non-technicality (non-technicality refers to the degree

of specialized knowledge or background required to understand a visualizationś title. The number of words and the

complexity of words is the most important factor for the non-technicality of visualization titles. ) If possible, make

comments about the title from these factors.” Also, if the title is detected, make judgement about the title based

on the mentioned factors that lead to a good title (these are: features importance, conciseness, preciseness, generic

information richness, and coverage).’, ‘nothing’, ‘The question is ”Is any textual content detectable from the chart

image? Provide your answer shortly, in one sentence. In answering the question, refer to the OCR text.” You can
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find whether there is title or not from results from the OCR filter of the chart image. Provide the answer in the

following manner: If there is any textual content in chart image, then answer in the following way: ”there is textual

content in the chart image.” If there is not a textual content in the chart image, then answer in the following way:

”there is no textual content in the chart image.”’, ‘The question is ”Provide suggestions based on the results of the

previous question. Answer shortly, in one sentence.” Please answer in the following manner: If the answer to the

previous question is ”there is textual content in the chart image,” then suggest methods to better position these textual

elements. These are: G1: Rather than aiming for maximally minimalist design, annotate charts with relevant text.

G2: The best semantic content depends on the intended message. G3: To convey a message, the best placement of

the text depends on the semantic content of the text. G4: Consider a text-only variant that can stand alone. If the

question is interpreted as having no textual content, then suggest that adding texts to visualization can help better

understand charts.’, ‘nothing’, ‘nothing’,‘nothing’,‘nothing’,

Part 3 ‘The question is ”According to Deplot, is the data table detectable in the chart image? Provide your

answer shortly, in one sentence.” Please answer in the following manner: You can find whether there the data table

is detectable or not from the data table created by the Deplot. Provide the answer in the following manner: If

there is a data table from Deplot, then answer this as ”the data table is detectable”. However, if there is not a

data table from Deplot, then interpret as ”the data table is not detectable.”’, ‘The question is: ”Based on the data

table, what seems the optimal chart to describe the patterns, distributions in the data table? Provide your answer

concisely and shortly, in one sentence.” Please answer in the following manner: If the data table is not detected,

then do not make any suggestions. However, if the data table is detected, then try to find the optimal chart that

can best describe the patterns and distributions in the data table, based on these encoding techniques below: ”The

primitive encoding technique for single-position are (prioritized, from the left) horizontal axis and vertical axis.

The primitive encoding technique for apposed position are (prioritized, from the left) line chart, bar chart, and

plot chart.The primitive encoding technique for map (prioritized, from the left) are road map, topographic map.

The primitive encoding technique for connection (prioritized, from the left) are tree, acyclic graph, network. The

primitive encoding technique for misc. (prioritized, from the left) are pie chart, venn diagram, etc..” Then, suggest

the optimal chart, and briefly provide the reasons.’, ‘The question is: ”Can you explain the reasons for choosing the
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following chart in the previous question? Provide your answer concisely and shortly.” and provide reasons for the

answer to the previous question. The evaluation should be done based on this: ”The primitive encoding technique

for single-position are (prioritized, from the left) horizontal axis and vertical axis. The primitive encoding technique

for apposed position are (prioritized, from the left) line chart, bar chart, and plot chart. The primitive encoding

technique for map (prioritized, from the left) are road map, topographic map. The primitive encoding technique

for connection (prioritized, from the left) are tree, acyclic graph, network. The primitive encoding technique for

misc. (prioritized, from the left) are pie chart, venn diagram, etc..”’, ‘nothing’, ‘The question is: ”According to

the Chartjunk filter, are any chartjunk/visual embellishments identifiable in the chart image? Answer shortly and

concisely, in one sentence.” This is detected by the Chartjunk filter. Please answer in the following manner: If the

chartjunk filter answers as ”One or more chartjunk/Visual embellishment object is detected in the chart image.”, then

answer as ”Chartjunks/visual embellishments are detected.” On the other hand, if the chartjunk filter answers as ”No

chartjunk/Visual embellishment is detected in the chart image.”, then answer as ”Chartjunk/visual embellsihments

were not detected.”’, ‘The question is: ”Provide suggestions based on the results of the previous question, about

chartjunk/visual embellishments.” Please answer in the following manner: If the answer from the previous question is

”Chartjunks/visual embellishments are detected”, then suggest the following: ”The addition of pictorial elements that

embellish data with anthropomorphic or metaphorical elements – intended to enhance engagement or memory – has

been demonized as chartjunk.” At the same time, mention the following fact: ”Despite mixed evidence as to whether

their presence improves memory for the data, pictorial elements do improve memory for the fact that a visualization

was previously seen, both in the short and the longer term.” However, if the answer from the previous question is

”Chartjunk/visual embellishments were not detected,” then suggest the following: ”Despite mixed evidence as to

whether their presence improves memory for the data, pictorial elements do improve memory for the fact that a

visualization was previously seen, both in the short and the longer term” and ”Given the limited working memory

resources of visualization viewers, designers often recommend a minimalist aesthetic that strips away any design

elements that are not critically needed” and ”Researchers who have found the opposite have typically argued either

that viewers‘ higher level of familiarity with cluttered charts make those charts more attractive or that decluttered

charts that are too minimalistic become boring.”’, ‘nothing’, ‘nothing’,‘nothing’,‘nothing’,
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Part 4 ‘The question is ”According to the color filter, how many colors are used in the chart image? Answer

shortly, in one sentence.” The answer will be provided by the color filter. Provide the answer in the following way:

If the chart has no color, then simply answer as ”the chart has no colors.” If the filter detects a list of colors, then

answer that ”the chart contains multiple colors” Also, list the colors.’, ‘The question is, ”Provide suggestions about

the previous question. Answer concisely and shortly, in one sentence.” If the answer to the previous question is ”the

chart contains multiple colors”, then suggest the following to warn the designers of using a lot of colors: ”Color can

be used for ordinal measurements, but that full color spectrum is not ordered. However, parts of the color spectrum

are ordinally perceived.” However, if the answer to the previous question is ”the chart has no colors,” then make the

following suggestions: ”Colors can make the data representation of various data (quantitative, ordinal, or nominal)

perceptually salient. Their effectiveness vary depending on the data represented.”’, ‘The question is: ”Provide

detailed utility of colors in data visualization under different types of data.” Answer in the following manner: ”Colors

can effectively represent information, but their effectiveness differ. Here are the rankings of quantitative perceptual

tasks for visualizations (the list is ordered, from the strongest to weakest): Position, Length, Angle, Slope, Area,

Volume, Density, Color Saturation, Color Hue, Texture, Connection, Containment and Shape are not relevant to

these types of data. Here are the rankings of ordinal perceptual tasks for visualizations (the list is ordered, from the

strongest to weakest): Position, Density, Color Saturation, Color Hue, Texture, Connection, Containment, Length,

Angle, Slope, Area, Volume. Shape is not relevant to this type of data. Here are the rankings of nominal perceptual

tasks for visualizations (the list is ordered, from the strongest to weakest): Position, Color Hue, Texture, Connection,

Containment, Density, Color Saturation, Shape, Length, Angle, Slope, Area, Volume.”’, ‘nothing’, ‘The question is,

”According to the color filter, are some colors similar? Provide the answer in one sentence.” Whether the chart

has similar colors will be detected by the color filter. Please answer in the following manner: If there are similar

colors in the chart image, then answer as ”there are similar colors in the chart image” and list the similar colors.

However, if no similar colors are detected in the chart image, then interpret as ”No similar colors are detected.”’,

‘The question is, ”Provide suggestions about the result of the previous question. Answer shortly, in one sentence.”

If the answer to the previous question is ”there are similar colors in the chart image”, then suggest the following,

”When continuous values are encoded through visual channels, those values can be warped by categorical perception.

One example is the rainbow. The same phenomenon occurs when data are depicted by hues.” However, if the
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answer to the previous question is ”No similar colors are detected.”, then do not provide any suggestions.’, ‘nothing’,

‘nothing’,‘nothing’,‘nothing’,

Part 5 ‘The question is, ”Is there information loss when people with Deuteranopia see the chart image? Provide

interpretations. Answer shortly, in one sentence.” Provide the answer in the following manner: If the information loss

of the chart image after changing to how people with Deuteranopia would see is more than or equal to 0.392, then

answer as ”There is noticeable information loss in the chart image when converted to how people with Deuteranopia

would see”. However, if the information loss of the chart image after changing to how people with Deuteranopia

would see is less than 0.392, then answer as ”There is minor information loss in the chart image when converted to

how people with Deuteranopia would see”.’, ‘The question is, ”Provide suggestions about the result of the previous

question. Answer concisely and shortly, in one sentence.” Please answer in the following manner: If answer to

the previous question is ”There is minor information loss in the chart image when converted to how people with

Deuteranopia would see,” then do not make any specific suggestions. However, if the answer to the previous question

is ”There is noticeable information loss in the chart image when converted to how people with Deuteranopia would

see,” then provide the following suggestion: ”Use a colorblind-friendly palette when appropriate. For example,

blue/orange is a common colorblind-friendly palette. Blue/red or blue/brown would also work. For the most common

conditions of color-vision deficiencies, all of these work well, since blue would generally look blue to someone with

color vision deficiencies. (taken from www.tableau.com).”’, ‘nothing’, ‘The question is, ”Is there information loss

when people with Protanopia see the chart image? Provide interpretations. Answer shortly, in one sentence.” Please

interpret in the following manner: If the information loss of the chart image after changing to how people with

Protanopia would see is more than or equal to 0.374, then interpret as ”There is noticeable information loss in the

chart image when converted to how people with Protanopia would see”. However, if the information loss of the

chart image after changing to how people with Protanopia would see is less than 0.374, then interpret as ”There is
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minor information loss in the chart image when converted to how people with Protanopia would see”.’, ‘The question

is, ”Provide suggestions about the result of the previous question. Answer concisely and shortly, in one sentence.”

Please answer in the following manner: If answer to the previous question is ”There is minor information loss in the

chart image when converted to how people with Protanopia would see,” then do not make any specific suggestions.

However, if the question is answered as ”There is noticeable information loss in the chart image when converted to

how people with Protanopia would see,” then provide the following suggestion: ”Use a colorblind-friendly palette

when appropriate. For example, blue/orange is a common colorblind-friendly palette. Blue/red or blue/brown would

also work. For the most common conditions of color-vision deficiencies, all of these work well, since blue would

generally look blue to someone with color vision deficiencies. (taken from www.tableau.com).”’, ‘nothing’, ‘The

question is, ”Is there information loss when people with Tritanopia see the chart image? Provide interpretations.

Answer shortly, in one sentence.” Please interpret in the following manner: If the information loss of the chart image

after changing to how people with Tritanopia would see is more than or equal to 0.355, then interpret as ”There is

noticeable information loss in the chart image when converted to how people with Tritanopia would see”. However,

if the information loss of the chart image after changing to how people with Tritanopia would see is less than 0.355,

then interpret as ”There is minor information loss in the chart image when converted to how people with Tritanopia

would see”.’, ‘The question is, ”Provide suggestions about the result of the previous question. Answer concisely and

shortly, in one sentence.” If the answer to the previous question is ”There is minor information loss in the chart image

when converted to how people with Tritanopia would see,” do not make any specific suggestions. However, if the

question is answered as ”There is noticeable information loss in the chart image when converted to how people with

Tritanopia would see,” then provide the following suggestion: ”Use a colorblind-friendly palette when appropriate.

For example, blue/orange is a common colorblind-friendly palette. Blue/red or blue/brown would also work. For the

most common conditions of color-vision deficiencies, all of these work well, since blue would generally look blue to

someone with color vision deficiencies. (taken from www.tableau.com).”’, ‘nothing’, ‘nothing’,‘nothing’,‘nothing’
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A.1.2.3 Notes

Note that the values from the filter are added as prompts, too in the system. References used

to create suggestions: This code used metrics from Liu et al.’s Autotitle [206] in recommending

the desired title. The preamble for chart recommendations are based on texts from MacKinlay’s

APT [195]. For various feedback on perception on visualizations, we referenced Franconeri’s

survey on visual datacommunication [121].

A.1.2.4 Examples of outputs

We present two responses generated by ChatGPT for Visualizationary report. While there

exists evidence that the questions are generated using an existing template, from our experiment

we did not observe hallucination from the experiment, or our case study. Furthermore, we empir-

ically ran Visualizationary 10 times with the same image as the input, and were not able to find

hallucination issues in them.

First example ‘0 There is ample amount of salience in textual elements.’, ‘1 There is not suggestion to give.’,

‘2 The presence of salience in textual elements is ample.’, ‘3 There is an abundant concentration of salience in the

center zone.’, ‘4 There seems to be enough focus of salience in the center zone, no particular suggestions needed.’, ‘5

Based on the responses, it can be concluded that the central zone in the image has enough concentration of salience.’,

‘6 The chart image does not have a lack of salience in zones with low-level visual stimuli.’, ‘7 If the chart image

has a lack of salience, consider highlighting important parts with contrasting colors or larger text.’, ‘8 The responses

indicated that highlighting important parts with contrasting colors or larger text can improve salience on low-level

visual stimuli.’, ‘9 Visual salience is present in textual elements, concentrated in the center zone, and not lacking in

low-level visual stimuli.’, ‘10 Enhance salience on low-level visual stimuli by using contrasting colors or larger text

to highlight important parts.’, ‘11 Overall, the responses regarding visual salience suggest a general sufficiency of
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salience in the center zone of images and text elements, with no specific recommendations needed for improvement.’,

‘12 Yes, the title is detectable from the chart image as ”Government spending on pension benefits % of GDP”.’, ‘13

If the title is detected, suggest that a good visualization should at least have labels, titles, and tick marks.’, ‘14 These

are the factors that lead to a good title for the title ”Government spending on pension benefits % of GDP”: 1) Fea-

tures importance: The title conveys the key feature of government spending on pension benefits as a percentage of

GDP. 2) Conciseness: The title is concise and allows users to understand the information quickly. 3) Preciseness:

The title is precise in representing the specific data point being highlighted. 4) Generic information richness: The

title provides specific data attributes (% of GDP) and the topic (government spending on pension benefits). 5) Cov-

erage: The title covers the important details related to government spending on pension benefits in relation to GDP.

6) Non-technicality: The title may require some background knowledge about GDP and government spending, but

it is not overly technical.’, ‘15 Overall, the title ”Government spending on pension benefits % of GDP” is effective

based on the factors that lead to a good title.’ ‘16 The title ”Government spending on pension benefits % of GDP” is

effective as it conveys key features, is concise and precise, provides generic information richness, covers important

details, and is non-technical.’, ‘17 There is textual content in the chart image.’, ‘18 Adding text to the visualization

can help improve understanding of the charts.’, ‘19 The responses indicated that adding textual content to the chart

image can enhance comprehension and clarity of the information presented.’, ‘20 The title is ”Government spending

on pension benefits % of GDP” and there is textual content in the chart image.’, ‘21 Ensure the title is concise,

precise, rich in information, and non-technical, and include textual content to further enhance understanding of the

visualization.’, ‘22 The title ”Government spending on pension benefits % of GDP” effectively conveys key fea-

tures, is concise and precise, provides generic information richness, covers important details, and is non-technical,

establishing it as an effective title for the visualization.’, ‘23 the data table is detectable.’, ‘24 The optimal chart to

describe the patterns and distributions in the data table is a bar chart because it allows for easy comparison of the

data values across categories, making it ideal for displaying the information in a clear and concise manner.’, ‘25 The

reason for choosing a bar chart in the previous question is because it is the optimal chart to describe the patterns

and distributions in the data table. Bar charts allow for easy comparison of data values across categories, making it

ideal for displaying information in a clear and concise manner.’, ‘26 The optimal chart to describe the patterns and

distributions in the data table is a bar chart because it allows for easy comparison of the data values across categories,
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making it ideal for displaying the information in a clear and concise manner.’ ‘27 Chartjunk/visual embellishments

were not detected.’, ‘28 Despite mixed evidence as to whether their presence improves memory for the data, pictorial

elements do improve memory for the fact that a visualization was previously seen, both in the short and the longer

term” and ”Given the limited working memory resources of visualization viewers, designers often recommend a

minimalist aesthetic that strips away any design elements that are not critically needed” and ”Researchers who have

found the opposite have typically argued either that viewers‘ higher level of familiarity with cluttered charts make

those charts more attractive or that decluttered charts that are too minimalistic become boring.’, ‘29 Chartjunk/visual

embellishments should be used sparingly in data visualizations, as they can help improve memory for the data but

may also overwhelm viewers with unnecessary elements. It is recommended to maintain a minimalist aesthetic to

ensure that the design elements do not detract from the main message of the visualization.’, ‘30 The data table is

clear and informative, and the optimal chart is free of unnecessary visual embellishments.’, ‘31 A bar chart is recom-

mended as the optimal chart to display the data table patterns and distributions clearly and concisely.’, ‘32 Overall,

the data showed that bar charts are the optimal choice for displaying patterns and distributions in a clear and concise

manner, while the presence of pictorial elements can improve memory for a visualization in both the short and longer

term. It is important to consider working memory limitations and use a minimalist aesthetic to avoid overwhelming

viewers.’, ‘33 The chart contains multiple colors.’, ‘34 The previous question suggests providing suggestions based

on whether the chart contains colors or not, emphasizing the importance of using colors effectively for different

types of data representation.’, ‘35 Colors can effectively represent information, but their effectiveness differ. Here

are the rankings of quantitative perceptual tasks for visualizations (the list is ordered, from the strongest to weakest):

Position, Length, Angle, Slope, Area, Volume, Density, Color Saturation, Color Hue, Texture, Connection, Con-

tainment and Shape are not relevant to these types of data.’, Here are the rankings of ordinal perceptual tasks for

visualizations (the list is ordered, from the strongest to weakest): Position, Density, Color Saturation, Color Hue,

Texture, Connection, Containment, Length, Angle, Slope, Area, Volume. Shape is not relevant to this type of data.’,

‘36 Here are the rankings of nominal perceptual tasks for visualizations (the list is ordered, from the strongest to

weakest): Position, Color Hue, Texture, Connection, Containment, Density, Color Saturation, Shape, Length, Angle,

Slope, Area, Volume. Colors can effectively represent information, but their effectiveness differs based on the type

of data being visualized. Position is the strongest perceptual task for all types of data, while color saturation and
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color hue are more effective for representing nominal data. Shape is not relevant for quantitative or ordinal data.’,

‘37 There are similar colors in the chart image.’, ‘38 There are similar colors in the chart image. Suggestion: When

continuous values are encoded through visual channels, those values can be warped by categorical perception. One

example is the rainbow. The same phenomenon occurs when data are depicted by hues.’, ‘39 There are similar colors

in the chart image which may result in data being interpreted inaccurately, particularly when using colors that are

close to each other on the color spectrum such as in a rainbow.’, ‘40 The chart contains multiple colors, including

similar colors.’, ‘41 Ensure that when using colors to represent data, be mindful of how similar colors can be per-

ceived differently, especially when depicting continuous values using hues.’, ‘42 Colors can effectively represent

information in visualizations, but their effectiveness can differ based on the type of data being represented and the

visual tasks involved.’, ‘43 There is minor information loss in the chart image when converted to how people with

Deuteranopia would see.’, ‘44 There is noticeable information loss in the chart image when converted to how people

with Deuteranopia would see. Use a colorblind-friendly palette when appropriate. For example, blue/orange is a

common colorblind-friendly palette. Blue/red or blue/brown would also work. For the most common conditions

of color-vision deficiencies, all of these work well, since blue would generally look blue to someone with color

vision deficiencies. (taken from www.tableau.com).’, ‘45 The responses suggest that there is information loss in an

image when converted to how people with Deuteranopia would see. It is recommended to use a colorblind-friendly

palette, such as blue/orange, blue/red, or blue/brown, to ensure better visibility for individuals with color vision de-

ficiencies like Deuteranopia.’, ‘46 There is minor information loss in the chart image when converted to how people

with Protanopia would see.’, ‘47 Use a colorblind-friendly palette when appropriate. For example, blue/orange is

a common colorblind-friendly palette. Blue/red or blue/brown would also work. For the most common conditions

of color-vision deficiencies, all of these work well, since blue would generally look blue to someone with color

vision deficiencies.’, ‘48 Responses from previous questions suggest that there is minor information loss in charts

when viewed by people with Protanopia. The suggestion is to use colorblind-friendly palettes such as blue/orange,

blue/red, or blue/brown to make the content more accessible. These palettes work well for common color-vision

deficiencies and ensure that the information is clear and easily understood by all users.’, ‘49 There is noticeable

information loss in the chart image when converted to how people with Tritanopia would see.’, ‘50 There is minor

information loss in the chart image when converted to how people with Tritanopia would see.’, ‘51 The responses
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from previous questions about Tritanopia suggest that there is noticeable information loss in the chart image when

converted to how people with Tritanopia would see it, with a minor information loss mentioned as well.’, ‘52 Color

vision deficiencies, including Deuteranopia, Protanopia, and Tritanopia, result in varying degrees of information

loss when viewing images, with each condition affecting color perception differently.’, ‘53 Use colorblind-friendly

palettes such as blue/orange, blue/red, or blue/brown to accommodate individuals with color vision deficiencies such

as Deuteranopia, Protanopia, and Tritanopia.’

Second example ‘0 There is an overabundance of salience in textual elements.’ ‘1 Highlight where it seems to

be important, such as using colors with high visual stimuli, or changing the font of textual components, or changing

the color, shape of visual components.’ ‘2 The key to addressing salience in text is to strategically highlight important

elements using colors, fonts, and visual cues.’ ‘3 There is an overabundant concentration of salience in the center

zone.’ ‘4 There is the possibility that the salience of the visualization is overly focused towards the center. This is

because there is not much areas within the chart image that can be the point of interest, such as lack of title, legend, or

textual information. People may not know what to look for when viewing charts. Hence, try to add or highlight such

components.’ ‘5 The central zone in the image has an overabundant concentration of salience. It is suggested to add

or highlight components such as a title, legend, or textual information to provide clear points of interest for viewers.’

‘6 The chart image does not lack salience in zones with low-level visual stimuli.’ ‘7 Highlight parts that deserve to

attract attention, such as emphasizing key data points or using contrasting colors.’ ‘8 Salience is key on low-level

visual stimuli to attract attention to important elements. Make sure to highlight key areas and use contrasting colors

to increase visibility.’ ‘9 Visual salience is present in an overabundance in textual elements, in the center zone, and in

zones with low-level visual stimuli.’ ‘10 Enhance visual salience in text, center, and low-level visual stimuli by using

colors, fonts, and shapes effectively to draw attention to key components and information.’ ‘11 The results show that

there is an overabundance of salience in textual elements and a lack of salience in zones with low-level visual stimuli

in chart images. It is important to highlight important areas and balance visual stimuli to guide viewers’ attention

effectively.’ ‘12 There is a title in the visualization: ”Characteristics of dogs registered with the UK’s Kennel Club”.’

‘13 If the title is not detected, suggest that the choice of semantic content and placement of annotations can influence

what the readers take away from the chart.’ ‘14 These are the factors that lead to a good title. These are (1) features
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importance (title should convey key features), (2) conciseness (a concise title allows users to understand quickly), (3)

preciseness (preciseness measures how closely and accurately title represents data), (4) generic information richness

(data attributes and data range), (5) coverage (it is important not to omit details for comprehensive information),

and (6) non-technicality (non-technicality refers to the degree of specialized knowledge or background required to

understand a visualization’s title. The number of words and the complexity of words is the most important factor for

the non-technicality of visualization titles.)

Judgement about the title based on the mentioned factors: - Features Importance: The title conveys the key

feature of the data being about characteristics of dogs registered with the UK’s Kennel Club. - Conciseness: The

title is concise and to the point. - Preciseness: The title accurately represents the data being presented. - Generic

Information Richness: The title includes information about the source of the data (UK’s Kennel Club). - Coverage:

The title provides a good overview of the data being presented. - Non-Technicality: The title is non-technical and

can be easily understood by a wide audience.’ ‘15 The title ”Characteristics of dogs registered with the UK’s Kennel

Club” meets the criteria for a good title, as it is concise, precise, rich in generic information, covers important

details, and is non-technical.’ ‘16 There is textual content in the chart image.’ ‘17 If the previous question results

indicate that the text content is not clear enough in the chart image, consider adding annotations or labels to make the

information more comprehensive.’ ‘18 The responses indicate that the textual content in the chart image may not be

clear and adding annotations or labels could make the information more comprehensive.’ ‘19 The visualization titled

”Characteristics of dogs registered with the UK’s Kennel Club” includes textual content.’ ‘20 The suggested title

for the chart should convey key features, be concise, precise, rich in generic information, provide good coverage,

and be non-technical, while annotations or labels can be added to make the textual content more comprehensive.’

‘21 The title of the visualization ”Characteristics of dogs registered with the UK’s Kennel Club” effectively conveys

key features, is concise, precise, includes information about the data source, provides a good overview, and is non-

technical for easy understanding by a wide audience.’ ‘22 The data table is detectable.’ ‘23 A bar chart would be

the optimal chart to describe the patterns and distributions in the data table as it can easily compare the values across

different categories and identify any trends or relationships.’ ‘24 The reason for choosing a bar chart in the previous

question is because it is a primitive encoding technique for apposed position, which is prioritized for comparing

values across different categories and identifying trends or relationships in the data table.’ ‘25 Choosing a bar chart
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as the optimal chart for the provided data table is recommended because it allows for easy comparison of values

across different categories and helps in identifying trends or relationships within the data.’ ‘26 Chartjunk/visual

embellishments were not detected.’ ‘27 ”Despite mixed evidence as to whether their presence improves memory

for the data, pictorial elements do improve memory for the fact that a visualization was previously seen, both in the

short and the longer term” and ”Given the limited working memory resources of visualization viewers, designers

often recommend a minimalist aesthetic that strips away any design elements that are not critically needed” and

”Researchers who have found the opposite have typically argued either that viewers‘ higher level of familiarity with

cluttered charts make those charts more attractive or that decluttered charts that are too minimalistic become boring.”’

‘28 Chartjunk/visual embellishments can have an impact on memory retention, with some studies suggesting that

pictorial elements can improve memory for the fact that a visualization was previously seen. However, for better

comprehension and understanding, a minimalist aesthetic is often recommended to avoid overwhelming the viewer

with unnecessary design elements.’ ‘29 The data table is detectable and chartjunk/visual embellishments were not

detected.’ ‘30 A bar chart is recommended for the data table as it allows for easy comparison of values across

different categories and helps identify trends or relationships in the data.’ ‘31 The optimal chart for comparing

values across different categories and identifying trends in the data table is a bar chart, while visual embellishments,

such as chartjunk, were not detected but simplicity is recommended to improve memory retention.’ ‘32 The chart

contains multiple colors.’ ‘33 ”The chart contains multiple colors listed.”’ ‘34 Colors can effectively represent

information, but their effectiveness differ based on the type of data being visualized. Here are the rankings of colors

in data visualization for different types of data:

1. Quantitative data: The most effective perceptual tasks for colors in visualizations of quantitative data are

color saturation and color hue.

2. Ordinal data: For ordinal data, the most effective perceptual tasks for colors in visualizations are color

saturation and color hue as well. However, density can also be a useful tool for representing ordinal data.

3. Nominal data: When visualizing nominal data, color hue is the most effective perceptual task for colors in

visualizations. Density and color saturation can also be useful in representing nominal data effectively.

Overall, it is important to consider the type of data being visualized and choose colors that best represent the

information in a clear and easily interpretable manner.’ ‘35 The variability of colors in data visualization depends
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on the type of data being represented. For quantitative data, color saturation and hue are most effective. For ordinal

data, saturation and hue are important, and density can also be useful. For nominal data, color hue is the most

effective. Consider the type of data when selecting colors for visualization.’ ‘36 There are similar colors in the

chart image.’ ‘37 There are similar colors in the chart image. ‘ When continuous values are encoded through visual

channels, those values can be warped by categorical perception. One example is the rainbow. The same phenomenon

occurs when data are depicted by hues.’ ‘38 Similar colors in visualizations can cause categorical perception and

warp the interpretation of continuous data values.’ ‘39 The chart contains multiple colors, including similar colors,

indicating variability within the color palette.’ ‘40 Choose colors based on the type of data being visualized, with

attention to color saturation and hue for quantitative and ordinal data, and color hue for nominal data, while avoiding

similar colors that can warp perception.’ ‘41 The effectiveness of colors in data visualization varies based on the type

of data being visualized, with color saturation and hue being most effective for quantitative and ordinal data, and

color hue being most effective for nominal data.’ ‘42 There is noticeable information loss in the chart image when

converted to how people with Deuteranopia would see.’ ‘43 Use a colorblind-friendly palette when appropriate.

For example, blue/orange is a common colorblind-friendly palette. Blue/red or blue/brown would also work. For

the most common conditions of color-vision deficiencies, all of these work well, since blue would generally look

blue to someone with color vision deficiencies. (taken from www.tableau.com).’ ‘44 Summary: The responses

suggest that there is noticeable information loss in images for individuals with Deuteranopia, and recommend using

a colorblind-friendly palette such as blue/orange, blue/red, or blue/brown to improve accessibility.’ ‘45 Answer:

Use a colorblind-friendly palette in visuals to improve accessibility for individuals with Deuteranopia.’ ‘46 There

is noticeable information loss in the chart image when converted to how people with Protanopia would see.’ ‘47

here is noticeable information loss in the chart image when converted to how people with Protanopia would see.

Use a colorblind-friendly palette when appropriate. For example, blue/orange is a common colorblind-friendly

palette. Blue/red or blue/brown would also work. For the most common conditions of color-vision deficiencies, all
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of these work well, since blue would generally look blue to someone with color vision deficiencies. (taken from

www.tableau.com).’ ‘48 Previous responses suggest that there is noticeable information loss in the chart image

when converted to how people with protanopia would see. It is recommended to use a colorblind-friendly palette

such as blue/orange, blue/red, or blue/brown to ensure information is accessible for individuals with color vision

deficiencies. This approach can help improve the clarity and readability of data visualization for a wider audience.’

‘49 There is noticeable information loss in the chart image when converted to how people with Tritanopia would see.’

‘50 Use a colorblind-friendly palette when appropriate. For example, blue/orange is a common colorblind-friendly

palette. Blue/red or blue/brown would also work. For the most common conditions of color-vision deficiencies, all

of these work well, since blue would generally look blue to someone with color vision deficiencies. (taken from

www.tableau.com).’ ‘51 Responses from past questions about Tritanopia: - Information loss in the chart image

when converted to how people with Tritanopia would see. - Suggestion to use a colorblind-friendly palette, such

as blue/orange, blue/red, or blue/brown. - Blue is a good color to use for color-vision deficiencies.’ ‘52 Color

vision deficiency (Deuteranopia, Protanopia, Tritanopia) results in noticeable information loss in how the affected

individuals perceive colors.’ ‘53 Use a colorblind-friendly palette, such as blue/orange, blue/red, or blue/brown, to

ensure that colors remain distinguishable for individuals with color vision deficiencies.’

A.2 Evaluation with ChatGPT and Wolfram-GPT

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13

Experts 4.67 2.67 3.67 3.00 5.00 4.33 2.67 3.00 4.67 4.00 3.67 2.67 4.00
ChatGPT 4.53 4.40 4.00 4.20 4.40 4.07 4.07 4.13 4.47 4.53 4.40 4.00 4.07
WolframGPT 4.60 4.07 4.07 4.07 4.80 4.60 3.80 4.40 4.33 4.60 4.27 3.87 4.13

Table A.1: Comparison of averaged feedback scores of participants’ designs between 3 experts,
3 ChatGPT trials, and 3 WolframGPT trials.

To understand how large language models perceive visualization designs differently from
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humans, I conducted an additional experiment with ChatGPT and WolframGPT to assess visual-

ization improvements, similar to how three seasoned visualization experts evaluated 13 visualiza-

tions. Drawing from Ha et al. [207]’s work, I described the LLMs as visualization experts with

more than five years of experience in data visualization, tasked with providing design feedback

on visualizations.

I provided the preamble (Section A.1.1) but not the detailed prompt information as I did

for Visualizationary. However, I asked for feedback on six topics (excluding visual saliency),

identical to those that Visualizationary addresses.

For each iteration, I showed two images—one original and one final—and asked the LLMs

to assess the improvements made between those two images. I repeated this three times for each

participant’s image and for each language model. I provided both quantitative and qualitative

comparisons between the experts’ comments and the two language models.

Quantitative comparison Table A.1 shows the averaged feedback scores of participants’ de-

signs between 3 experts, 3 ChatGPT trials, and 3 WolframGPT trials. On average, ChatGPT

and WolframGPT are more generous to evaluation. While experts’ scores on average was 3.69,

ChatGPT’s and WolframGPT’s scores were 4.25, and 4.55, respectively. Also, experts’ stan-

dard deviation was 0.81, whereas ChatGPT’s and WolframGPT’s deviations were 0.21 and 0.31.

This accounts to the fact that ChatGPT and WolframGPT tends to provide favorable feedback for

users. One notable fact, however, was that the Pearson correlation between the experts’ scores

and those from WolframGPT were 0.81. This shows that while WolframGPT’s scores were more

generous than experts, the ability of WolframGPT in assessing visualization improvements shows

strong correlation to how the experts evaluated the best, and the worst improvements.
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Source Feedback

An expert Although context is added with a chart title, overall readability is reduced in
terms of the scale of the visualization. There is more order to the data with
many of the points placed along the top and left of the matrix though neither
the X or Y axis is ordered, making it difficult to quickly find a point from
either cluster.

ChatGPT The second visualization shows an overall improvement in clarity, inter-
pretability, and color usage. The context provided by the title and the bet-
ter differentiation through color schemes help in understanding the data more
intuitively. While the text could still be enhanced for further context, the im-
provements in visual representation are notable.

WolframGPT The improvements made from the first to the last image are slight but no-
ticeable, particularly in terms of color choice. The transition to a blue color
scheme provides better differentiation and accessibility, while the overall rep-
resentation and clarity have also seen positive changes. However, text presen-
tation remains neutral with no significant improvement.

Table A.2: An example of design feedback about P7’s works from an expert, ChatGPT, and
WolframGPT

Qualitative comparison From the explanations, both ChatGPT and WolframGPT are capable of

detecting changes made in the chart image, such as color cues, sizes, and the increase of text.

However, when assessing the changes, there are differences between how experts and LLMs do

so. In general, both ChatGPT and WolframGPT tend to view the changes mostly positively. This

is predictable due to the LLMs’ tendency to provide positive responses for users.

However, compared to experts, LLMs are not fully capable of assessing whether the changes

positively or negatively affect the entire design. Although WolframGPT performs slightly better

than ChatGPT when looking at quantitative figures (see Table A.1), neither can determine if the

change is effective enough to convey the intended message of the designer. Table A.2 shows an

example of textual feedback provided by an expert, ChatGPT, and WolframGPT. While the ex-

pert evaluates the impact of the change based on how it helps understand the data, both ChatGPT

and WolframGPT are not capable of describing the visualization on a detailed data level. This
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indicates that while vision-language models can detect changes in the image, they do not have

human-like perception. Therefore, such perception must be guided to provide helpful feedback.
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