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Abstract

Visualizations arehighly effective at communicatingdata‐relevant information. How‐

ever, they can also exacerbate misinformation if not appropriately designed, making vi‐

sualization literacy (i.e., the ability to both accurately interpret and create well‐formed

visualizations) essential for informed decision‐making in today’s society. Existing studies

of visualization literacy largely focus on low‐level readings of well‐formed visualizations,

which are not representative of what it means to be literate with visualizations in a world

where not all information is well formed.

I advance the understanding of visualization literacy by developing enhancedmea‐

surements of higher‐level skills (e.g., critical thinking, visual mapping), examining how

visualization literacy measurements are designed and used, and grounding educational

interventions in this broadened understanding. To address the specific challenges, such

as how to reliably capture complex cognitive abilities, how to evaluate open‐ended tasks

with vast solution spaces, and how to scale assessment beyondmanual expert judgment,

I (1) develop a Critical Thinking Assessment for Literacy in Visualizations (CALVI), a vali‐

dated measurement that tests people’s susceptibility to misleading visualizations, (2) de‐

sign an educational game with high school students for teaching critical thinking in visu‐

alization interpretation, (3) develop an Assessment for the Visual Encoding Ability in Vi‐

sualization Construction (AVEC), a validatedmeasurement that tests people’s ability to vi‐

sually encode data for creating well‐formed visualizations, and (4) investigate factors that

make visualization literacy hard to operationalize through conducting an autoethnogra‐

phy with users and designers of assessments. My thesis clarifies what constitutes visual‐

ization literacy and outlines concrete steps for the research community to systematically

advance this understanding.
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Chapter 1

Introduction

Visualizations are often used to communicate high‐stakes information to the public, such

as throughnewsoutlets and socialmedia. Given thewide variety of visual representations

of data, it is important to know how well people can understand them. In particular, I

was motivated by the fact that there is a lot more to visualization understanding than just

reading values off a chart. Also interested in how different people might interpret the

same visualization differently, I embarked on the journey of visualization literacy.

1.1 Thesis Background andMotivation

A person’s ability to interpret and create visualizations is generally referred to as their

visualization literacy. It comprises many skills, including extracting information from

visualizations [106], identifying deception [33], and creating visualizations [23], and is es‐

sential for people tomake informeddecisions fromdata in today’s information landscape.

As illustrated by the visualization referencemodel from Card et al. [34], creating a visual‐

ization often involves a designer first processing the raw data, such as apply data transfor‐

mations (e.g., aggregate, normalize, bin), before encoding data to visual channels (e.g.,

x‐axis, y‐axis, color, size) to answer a data‐relevant question. Viewers then must decode
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and form insights from the visualization, which often requires them to make judgments

such as evaluating its quality.

Despite the variety of skills needed to master data visualization, many studies of vi‐

sualization literacy largely focus on the low-level reading of visualizations (e.g., extracting

individual values from charts), and more specifically, well-formed ones. This assumption

not only simplifies visualization literacy to overly focus on interpretation, but also is not

representative of the pool of visualizations in the real world, which is not guaranteed to

be correct (e.g., [102, 52]). Research in visualization literacy must move beyond the focus

on interpreting well‐formed visualizations and seek to understand how we can reason

about ill-formed visualizations and create well‐formed ones.

My thesis work challenges the assumption that low‐level readings of well‐formed

visualizations are representative of what constitutes visualization literacy. Through the

design and development of new assessments that target higher‐level skills, the develop‐

ment of an educational game for teaching critical thinking in visualization interpretation,

and an autoethnographic study with users and designers of visualization literacy assess‐

ments, I draw a broader picture of what visualization literacy should encompass, howwe

can study the construct through enhanced measurements, and how we can approach de‐

veloping engaging educational interventions for teaching the critical thinking aspect of

visualization literacy. The findings throughout this dissertation can be summarized into

the following thesis statement:

Broadening the skills and ways of measuring both the interpretation and

creation of visualizations can better characterize and pinpoint challenges in

visualization literacy, which in turn can also support the development of

targeted interventions to help people overcome those challenges.
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1.2 Methodological Overview

To study visualization literacy, I take a bottom‐up approach rather than attempting to

propose a single, unified model of literacy. Focusing on one component at a time lets me

define it precisely enough to build a valid assessment or a targeted intervention around

it, rather than around a broad or loosely specified notion of the skill. My approach to

studying visualization literacy includes both qualitative and quantitative methods, such

as drawing on psychometric testing methods (e.g., [44, 131]) to develop and validate as‐

sessments, and learning sciences (e.g., [99]) to ground the design of interventions in how

people learn.

1.3 Thesis Contributions

This dissertation is composedof four projects across four chapters. I briefly describe each

project and its contributions to the overall thesis.

1.3.1 CALVI: Critical Thinking Assessment for Literacy in

Visualizations (Chapter 3)

This chapter is based on work published in ACMCHI 2023 [72] and is done in collaboration with

Yuan Cui and Matthew Kay.

To broaden visualization literacy to include the critical thinking aspect of visual‐

ization literacy, we first define it to be “the ability to read, interpret, and reason about

erroneous or potentially misleading visualizations”. We designed and validated CALVI, a

Critical Thinking Assessment for Literacy in Visualizations to quantify this ability by: (1)
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developing a precise definition ofmisleaders (decisionsmade in the construction of visu‐

alizations that can lead to conclusions not supported by the data), (2) constructing initial

test items using a design space of misleaders and chart types, (3) trying out the provi‐

sional test on 497 participants, and (4) analyzing the test tryout results and refning the

items using Item Response Theory, qualitative analysis, a wrong‐due‐to‐misleader score,

and the content validity index. CALVI consists of a bank of 45 multiple‐choice questions

that can be customized depending on the desired difficulty levels. The misleaders that

are not solely visual distortions seems harder for people to detect, such as Overplotting,

Missing Data, andMissing Normalization. CALVI broadens visualization literacy to higher‐

level skills such as critical thinking and offers researchers and educators an instrument

that can assess critical visualization interpretation, allowing for the systematic study of

misleading visualizations.

1.3.2 Inoculating Against VisualizationMisinformation Through

Gamification (Chapter 4)

This work is a working paper and is done in collaboration with Michael S Horn and Matthew

Kay.

Measurements are essential for understanding the construct itself, but it is also im‐

portant to improve visualization literacy through designing targeted interventions. Fo‐

cusing on visualization misinformation, we designed an educational game, Newsroom,

to help high school students build “immunity” against misleading visualizations. One

benefit of CALVI is that it offered a clearer picture of the problem space of misleaders,

which we used as a basis for designing our game. We ran a series of design workshops

with high school students to test out design variants and receive feedback to iteratively
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improve the game. We tried out individual, competitive, team‐based, and competitive

+ team‐based game designs. Through multiple rounds of refinement and playtests, we

found that competitive and team‐based designs were more engaging to students. From

the design workshops, we reflect on the game features that worked especially well for

our game for teaching the critical interpretation of data visualizations, such as allowing

players to have secret agendas to build an evaluative mindset, demonstrating concepts

concretely with visual illustrations, letting players engage in the creation process to elicit

deeper reasoning.

1.3.3 AVEC: An Assessment of Visual Encoding Ability in Visualization

Construction (Chapter 5)

This chapter is based on work published in ACMCHI 2025 [71] and is done in collaboration with

Yuan Cui and Matthew Kay.

Visualization literacy as a construct is not just about interpretation. Skills involved

in visualization creation are also important for understanding visualization literacy but

are rarely studied systemically due to the lack of measurements available on the creation

side. This gap hinders efforts in understanding and improving literacy in visualizations.

To address this, we designed and developed AVEC, an Assessment of Visual Encoding

Ability inVisualizationConstruction. Wedefine the visual encoding ability to be the “abil‐

ity to appropriately map data to visual channel(s) for effectively answering data‐relevant

questions”, which is a core component of the larger process of visualization construction.

We developed AVEC by (1) creating an initial item bank using a design space of visualiza‐

tion tasks and chart types, (2) designing an assessment tool to support the combinatorial

nature of selecting appropriate visual encodings, (3) building an autograder from expert
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scores of answers to our items, and (4) refining and validating the item bank and auto‐

grader through an analysis of test tryout data with 95 participants and feedback from the

expert panel. AVEC broadened visualization literacy again by enabling the systematic

study of the design side of the construct.

1.3.4 An Autoethnography on Visualization Literacy: AWicked

Measurement Problem (Chapter 6)

This chapter is based on work published in IEEE VIS 2025 [73] and is done in collaboration with

Anne-Flore Cabouat, Karen Bonilla, Yuan Cui, Yiren Ding, Noëlle Rakotondravony, Mackenzie

Michael Creamer, Jasmine Tan Otto, Maryam Hedayati, Bum Chul Kwon, Angela Locoro, Lane

Harrison, Petra Isenberg, Michael Correll, and Matthew Kay.

Although CALVI and AVEC offered ways to characterize additional components of

visualization literacy, we are still far from solving the visualization literacymeasurement

problem due to reasons such as the complexity of the construct itself. We need more ef‐

forts from the research community to tackle thismeasurement problem. To surface some

factors that contribute to the complexity of defining andmeasuring visualization literacy,

I led a group of researchers who are users and designers of visualization literacy tests to

conduct an autoethnography. This is a qualitative method to expose our tacit thoughts on

what makes visualization literacy measurement a “wicked” problem. In this autoethnog‐

raphy, we gather insights from 14 internal interviews, reflect on the fluidity of visualiza‐

tion literacy, and discuss how this property may lead to misalignment between what the

construct is and how measurements of it are used or designed. We also examine poten‐

tial threats to measurement validity from conceptual, operational, and methodological

perspectives. Based on our experiences and reflections, we propose several calls to ac‐
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tion aimed at tackling the wicked problem of visualization literacy measurement, such

as by broadening test scopes andmodalities, improving test ecological validity, making it

easier to use tests, seeking interdisciplinary collaboration, and drawing from continued

dialogue on visualization literacy to expect and be more comfortable with its fluidity.
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Chapter 2

RelatedWork

I describe related work in the visualization literacy space, including prior definitions and

assessments. Many of such definitions and assessments focus on the interpretation of

well‐formed charts, which overlook higher‐level skills such as whether people can crit‐

ically interpret a chart or whether people can construct a well‐formed chart. I use vi‐

sualization misinformation as a way to study the critical thinking aspect of visualization

interpretation, which I detail in Section 2.2. I then review existing work on visualization

construction and highlight the lack of assessments to systematically study such skills.

2.1 Visualization Literacy

There is no shortage of existing definitions of visualization literacy in the research com‐

munity. For instance, Boy et al. [26] defined visualization literacy as “the ability to con‐

fidently use a given data visualization to translate questions specified in the data domain

into visual queries in the visual domain, as well as interpreting visual patterns in the

visual domain as properties in the data domain”. Focusing on the interpretation of vi‐

sualizations, Börner et al. [24] defined literacy in visualizations as “the ability to make

meaning from and interpret patterns, trends, and correlations in visual representations
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of data”. Refining and building off of these definitions, Lee et al. [106] proposed to define

it as “the ability and skill to read and interpret visually represented data in and to extract

information from data visualizations”.

Based on these definitions, researchers have developed several assessments to test

for people’s ability to interpret visualizations. Boy et al. [26], for example, devised a way

of using Item Response Theory (IRT) to design assessments of interpreting basic charts

such as line charts, bar charts, and scatterplots. Lee et al. [106] systematically developed

a 53‐item Visualization Literacy Assessment Test (VLAT) that measures people’s ability to

perform basic visualization interpretation tasks, such as retrieve value or make compar‐

isons. To improve upon VLAT, Pandey and Ottley [130] developed a shortened version of

VLAT, MıNı‐VLAT, with 12 items. These assessments focus on the interpretation of well‐

formed visualizations and the low‐level visualization tasks [7], despite the importance of

higher‐level tasks, such as identifying deception [33] or visualization creation [23]. With‐

out valid measurements for these higher‐level visualization tasks, there lack the prereq‐

uisite for really understanding and improving abilities related to the more complex tasks

like critically interpreting and constructing visualizations.

Realizing this gap, I led the organization of a visualization literacyworkshop at ACM

CHI 2024, where we discussed topics including how to design assessments and interven‐

tions of visualization literacy. During this visualization literacy workshop, we called for

the re‐conceptualization of visualization literacy by including higher‐level abilities, like

visualization construction. A more comprehensive understanding of visualization liter‐

acy requires deeper investigations of this construct. This includes examining the more

complex, higher‐level tasks in both interpretation and construction, such as critically in‐

terpreting misleading visualizations and creating well‐formed charts.
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2.2 VisualizationMisinformation

I use visualizationmisinformation as a lens to study the critical thinking aspect of visual‐

ization literacy. In general, misinformation can happen as a result of carelessness during

communication, but it could also come from deliberate manipulation. More specifically,

several aspects of visualization misinformation have been studied previously. For in‐

stance, some have looked at line charts and addressed deception in line charts by adding

annotations [65]. Others have studied misalignment between a visualization and its title

and how this impacts trust and recall of information [98]. When visualizations violate im‐

portant design principles, they can become hallucinators (i.e., different representations

of data causing a different impression) or confusers (i.e., ambiguous visualizations such

that changes to the data makes no difference in the visual representation) [97]. McNutt

et al. studied visualization mirages, which are visualizations that might appear to sup‐

port a certain claim, but actually are not upon a closer examination [121]. McNutt et al.

also compiled categories of errors that can lead to visualization mirages, such as missing

records in the data curating process, overplotting, concealing uncertainty, or manipulat‐

ing scales in the visualization phase [121]. Using a different set of visualizations as the

corpus, Lo et al. developed a taxonomy of misinformative visualizations that included

errors or issues that could be present on poorly designed visualizations [113]. Previous

work on visualization misinformation has informed us ways of manipulation that can re‐

sult in misleading visualizations. However, more work is required to understand how

well the public can identify and interpret misleading visualizations, which is a question

that can inform us of the critical thinking aspect of visualization literacy (Chapter 3).
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2.3 Visualization Construction

Another major component of visualization literacy is visualization construction, and it is

a complex process. Previous work has studied how people create visualizations [89] and

how to improve the ability to create visualizations. For instance, both Alper et al. [5]

and Gäbler et al. [69] developed interventions to help young children learn about bar

charts; He and Adar [83] created VizItCards, a toolkit to facilitate collaborative visual‐

ization design in classroom instruction; Bishop et al. [21] developed Construct‐A‐Vis, a

tool that scaffolds the visual mapping process and supports children in free‐form visual‐

ization creation; and Adar and Lee‐Robbins [1] created Roboviz, a game‐based activity for

visualization courses to facilitate the creation of interactive visualizations. However, lim‐

ited work has focused on measuring how well people can construct visualizations, which

requires valid measurements of construction‐related abilities. Such measurements can

help identify areas of improvement in novice learners and evaluate the effectiveness of

proposed interventions.

To study visualization construction, I draw on the visualization reference model by

Card et al. [34]. The reference model has been extended, adapted, and refined in prior

work [42, 35, 152, 92]. The model presents a process of mapping data to a visual form

that supports human sense‐making. Before the viewers make sense of the visualization,

a sequence of steps are involved in this process, including data transformations, visual

mappings, and view transformation. I focus on the core of this model, which is the vi‐

sual mapping transformation: the mapping from data to visual representation. Visual

mappings involve encoding data variables to appropriate visual structures, such as visual

marks (e.g., point, line) and visual channels (e.g., position, color, size). The mapping of

data to visual structures are governed by established principles such as the ranking of
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perceptual tasks [116], effectiveness and expressiveness criteria [116], and the Grammar

of Graphics [163]. I draw on these principles to develop a systematic way of measuring

the visual mapping component of visualization construction (Chapter 5).

2.4 Systematic Procedure for Test Development

Amajor component ofmy thesis is on the design and development of assessments to cap‐

ture a latent ability. I employ an established way for test development, which is outlined

in Psychological Testing and Assessment [44]. This is a method that prior work [106] in

the visualization community has also adopted. There are five core stages, which I outline

below with its core considerations.

The Test Conceptualization phase lays the foundation of the test by identifying a

need for it and considering questions such as what the test intends tomeasure, what con‐

tents should be included in the test, who will be administering and taking the test, and

how the test will be administered [44]. An item is a question in the test, and the main

tasks in Test Construction include deciding the format of the items and designing the

items. During Test Tryout, the developer tries out the test on a sample of the target au‐

dience [44]. The necessary sample size depends on the analysis method planned for the

next phase, Item Analysis, where data from test tryout will be used to evaluate how well

different questions separate participants of different ability levels [44]. Classical test the‐

ory (CTT) and IRT can both be used for item analysis, and both methods have been used

in prior work for measuring visualization literacy (e.g., Lee et al. [106] used CTT; Boy et

al. [26] used IRT). Depending on the IRTmodel, different samples sizes are recommended

[59]. We opted for IRT because it can be extended further to develop computer adaptive

testing (CAT) [59, 22]. We selected the 2‐parameter logistic (2PL) model to conduct item
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analysis, because we aremost interested in the item easiness and item discrimination pa‐

rameters. Theseparameterswill beused in theTestRevisionphase to determinewhether

certain items should be removed or rewritten. There are no standardways of revising the

test; developers must decide on the criteria and revise based on the aim of the test [44].
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Chapter 3

CALVI: Critical Thinking Assessment for Literacy
in Visualizations

This chapter is based on work published in ACMCHI 2023 [72] and is done in collaboration with

Yuan Cui and Matthew Kay.

3.1 Introduction

Visualizations are constantly in the public eye: for example, news and media outlets of‐

ten use visualizations to illustrate and support their claims [18, 151, 161]. While visualiza‐

tions are capable of effectively conveying data‐driven information, they can exacerbate

the spread of misinformation if not designed appropriately. In 2014, a controversial visu‐

alization used an inverted y‐axis to show the number of gun deaths in Florida after intro‐

ducing the “StandYourGround” law (shown in Figure 3.1.A) [102]. Reading such visualiza‐

tions can lead to a completely opposite understanding of the data. Fast forward to 2020,

the Georgia Department of Public Health published a bar chart that presented COVID‐

19 cases for five counties (Figure 3.1.B), but the bars were sorted from highest to lowest,

giving an impression that the cases were going down over time if one did not notice the

dates on the x‐axis [118]. Unfortunately, there is an abundance of real‐world examples of
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A B

Figure 3.1: Real‐world examples of visualization misinformation. The misleader in these exam‐
ples isManipulation of Scales - Unconventional Scale Directions. (A) The inverted y‐axis gives a visual
impression that gun deathswent downdrastically after the “StandYourGround” law in 2005, when
they actually increased [102]. (B) From a COVID‐19 chart published by the Georgia Department of
Public Health, the shuffled dates on the x‐axis due to sorting the bars from highest to lowest seem
to suggest that confirmed cases are going down [118].

this kind of visualizationmisinformation, which occurs when charts sendmisleadingmes‐

sages to the audience.1 Some are unintentional errors due to negligence, but others are

purposefully designed to misguide the viewers. As consumers of information, the public

needs to be able to distinguish between accurate and inaccurate representations in order

to navigate around these erroneous and potentially misleading visualizations.

To combat visualization misinformation and assess the effectiveness of potential

interventions, we must be able to measure people’s ability to critically interpret visual‐

izations. However, existing visualization literacy assessments [26, 106] mostly focus on

the ability to read and extract information from correctly-constructed visualizations, which

can only provide limited help in measuring the critical thinking skills necessary to iden‐
1Many such examples have been discussed at the VisLies meetups held in conjunction with the IEEE VIS
conference [158, 159, 160].
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tify and reason about visualization misinformation. Recently, Camba et al. pointed out

that deception identification is an important aspect of visualization literacy that must be

explicitly taught [33], which we consider a form of visualization misinformation.2 How‐

ever, they considered only one type of deception (inappropriate y‐axis range) [33]. There

remains no systematic way of measuring the ability to identify visualizationmisinforma‐

tion as a component of visualization literacy.

We contribute (1) a design space of chart types and potential misleaders (decisions

made in the construction of visualizations that can lead to conclusions not supported by

the data) garnered from the literature and (2) CALVI, a test systematically developed us‐

ing this design space to measure the critical thinking aspect of visualization literacy: the

ability to read, interpret, and reason about erroneous or potentially misleading visualizations.

We use Item Response Theory (IRT) and qualitative analysis on the results of a test tryout

experiment on 497 participants to identify how different questions separate participants

by this ability. We also revise the item bank using a wrong‐due‐to‐misleader score and

content validity index (CVI). Based on our analysis, we finalize a reliable (ωt = 0.81) ques‐

tion bank of 45 questions tomeasure critical thinking in visualization literacy. Weprovide

recommendations on how to tailor tests based on researchers’ specific needs; for exam‐

ple, how to construct shorter tests that are similarly reliable. Ourwork is a necessary step

towards a line of future research that aims to design effective interventions to improve

people’s visualization literacy and battle visualization misinformation.
2In our view, deception implies intent; some visualizations are misinformative by accident—thus our use
of the term misinformation instead of deception.
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3.2 Test Conceptualization and Construction

In the development of our Critical Thinking Assessment for Literacy in Visualizations

(CALVI), we extend previous definitions of visualization literacy and define the critical

thinkingaspectof visualization literacy to be the ability to read, interpret, and reason about

erroneous or potentially misleading visualizations.

As visualization misinformation may be encountered in many contexts such as ex‐

amples shown in Figure 3.1, we aim to design CALVI for the general public. For example,

educators or employers may wish to assess and improve the critical thinking skills in the

context of visualization interpretation of their students or employees; researchers may

want to assess the effectiveness of interventions against visualization misinformation.

For ease of access and data collection, we decided to develop an internet‐based test and

administer it through a survey management software. We chose Qualtrics because of its

comprehensive functionalities and customization flexibility.

Subsequently in the test construction phase, we created a design space to systemat‐

ically build our item bank, then we conducted a preliminary study to evaluate and iterate

on the items.

3.2.1 Test Construction: CALVI Format

We chose to create our items in a selected‐response format, which includes multiple‐

choice and true‐or‐false questions. This format provides a convenient and efficient way

to aggregate results and conduct quantitative item analysis and is easy to use for large‐

scale testing [81]. Henceforth, we will use items to refer to selected‐response questions

in our test that are associated with visualizations. We conducted an initial pilot study to
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qualitatively try out our test with members in our lab and observed that 30 items is a rea‐

sonable set for people to complete in one sitting. Thus, we limited the test to contain 30

items with an estimated completion time of 30 minutes.

In the real world, people likely encounter misleading visualizations mixed in with

correctly construed visualizations, making it harder to identify and reason about the po‐

tentiallymisleadingones. To simulate this reality, CALVI contains two categories of items:

(1) trick items using misleading and erroneous visualizations and (2) normal items using

well‐formed visualizations inspired by VLAT. Each participant sees 15 items from each

category. We use only the trick items to assess their critical thinking ability in visualiza‐

tion interpretation. To be able to analyze a large bank of items, the 15 trick items each

participant sees are randomly drawn from our item bank, which we describe below. The

15 normal items are fixed.

3.2.2 Test Construction: Visualization Content Design Space

To systematically generate the items in the bank, we constructed a design space that con‐

sisted of combinations of possible ways a chart can becomemisleading (we refer to these

as misleaders) and chart types. Below, we describe the process of distilling the set of mis‐

leaders and chart types used to construct the design space (also shown in Figure 3.2).

Misleaders

To compile an initial set of ways a visualization can mislead, we drew from two main

prior works: categorizations from McNutt et al. and Lo et al. [121, 113]. We reviewed

each category from McNutt et al., extracted relevant categories based on main criteria

such as visually detectable (we cannot test for misleaders that people cannot detect vi‐

sually) and not cognitive biases (cognitive biases from readers do not fit in the definition
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from the set of 128 candidates using the realism and diversity criteria, leaving 52 items in the
bank.



29

of misleader as they are not part of the visualization construction process3), and further

categorized them into higher‐level or lower‐level categories ( A in Figure 3.2). The same

process is repeated with categorizations from Lo et al.4 Then, we merged the two sets by

mapping the lower‐level categories from Lo et al. to the higher‐level categories fromMc‐

Nutt et al. ( B in Figure 3.2). During the merge, we mapped 17 lower‐level categories to

the Manipulation of Scales higher‐level category, making it the largest category. We then

split it into four subcategories: Inappropriate Order, Inappropriate Scale Range, Inappropri-

ate Use of Scale Functions, and Unconventional Scale Directions, resulting in 14 misleaders

( C in Figure 3.2).

In order to systemically apply the misleaders to different chart types, the mislead‐

ers have to be generalizable across chart types. Thus, misleaders with an inability to

generalize cannot be applied to a variety of chart types to populate the design space. Ad‐

ditionally, the items need to be self‐contained, so they cannot require domain‐specific

knowledge. Three high‐level categories fromMcNutt et al. [121] were removed from the

set of 14 based on these two criteria ( D in Figure 3.2). Namely, within-the-bar-bias and

misunderstanding area as quantity categories were removed because of their inability to

generalize to chart types without bars and without area encodings, respectively. Assump-

tions of causality category was removed due to it requiring domain‐specific knowledge:

e.g., to decide whether or not a correlation in a visual representation reflects a causal re‐

lationship requires knowing the causal structure of the domain, and is not a property of

the visualization itself. Thus, the result is a set of 11 misleaders, whose descriptions are

shown in Table 3.1.
3However, cognitive biases may be exacerbated by a misleader: for example, Missing Normalization may
induce a base rate bias, so we include the former and exclude the latter.

4Details from the derivation process can be found in supplemental materials: https://osf.io/pv67z.

https://osf.io/pv67z
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Table 3.1: The descriptions of the 11 misleaders in our design space. The presence of these mis‐
leaders can result in confusion and inaccurate conclusions of the data.

Misleader Description

Cherry Picking
Selecting only a subset of data to display, which can
bemisleading if one is asked to infer something about
the whole set of data. [160, 121, 113]

Concealed Uncer‐
tainty

Not displaying uncertainty in visualizations may mis‐
represent the certainty in the underlying data. In the
case of predictionmaking, this canmisguide the view‐
ers to falsely overconfident conclusions. [160, 121]

Inappropriate Aggre‐
gation

Aggregating data in an improper way that leads to in‐
accurate conclusions. [121, 159, 113]

Manipulationof Scales ‐

Inappropriate Or‐
der

The axis labels or legends appear to be in a random
order due to manipulation of data ordering. [113]

Manipulationof Scales ‐

Inappropriate ScaleRange

Manipulating the range of the scales of axes or leg‐
ends, such as stretching or truncating the axes or in‐
sufficient binning for color scales. [113, 121, 49, 50,
159, 158, 128]

Manipulationof Scales ‐

Inappropriate Use of
Scale Functions

Applying arbitrary non‐linear functions to scales.
[121]

Manipulationof Scales ‐

Unconventional
Scale Directions

The direction of scales of axes or legends is created
against convention such as inverting axes or scales.
[121, 128]

Misleading Annota‐
tions

Annotations that contradict or make it harder to read
the visualization. [98]

Missing Data A visual representation implies data exist but the data
is actually missing. [121, 96]

Missing Normaliza‐
tion

Displaying unnormalized data in absolute quantity
when normalized data in relative quantity is of inter‐
est. [121, 159, 51, 113]

Overplotting Displaying toomany things on aplot canobscureparts
of the data. [121, 113]
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Chart Types

We started with the 12 chart types from VLAT surveyed by Lee et al. [106] ( E in Fig‐

ure 3.2). Because we want the combinations of chart types and misleaders to create mis‐

informative visualizations we might expect people to see in the wild, we remove chart

types that are less likely to appear in reality (i.e., realism criteria). Hence, treemap was

removed: it was ranked in the bottom half in the list of chart types in data visualization

authoring tools and news outlets by Lee et al. [106]. In addition, to run an experiment in

which each item is seen by a reasonable number of people, we need an item bank that is

not too large. Yet we still want it to be diverse (i.e., diversity criteria). Thus, we removed

histogram due to its similarities with bar chart after applying the misleaders. Addition‐

ally, we merged bubble chart into scatterplot as it is essentially a type of scatterplot with

an additional dimension ( F in Figure 3.2). The result is a set of 9 chart types.

Design Space Structure

To construct the skeleton of the design space, we generated a matrix with misleaders

as rows and chart types as columns ( G in Figure 3.2).5 This matrix helped us explore

howmisleaders can be applied across chart types to systematically construct misleading

visualizations, and we refer a cell in this matrix as an item type.

Designing Visualizations

Next, we filled out the design space by applying misleaders to different chart types. We

want to note one important consideration during the design process: visualizations alone

are not necessarily misleading. To be misled means that the conclusion drawn from the

visualization deviates from the correct conclusion, requiring a correct answer or conclu‐

sion to exist in the first place. Thus, a visualization can only be misleading when there is
5The initial design space can be found in supplemental materials: https://osf.io/pv67z.

https://osf.io/pv67z
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a specific question or task that viewers need to answer or performusing the visualization.

We acknowledge that certain types of visualization are implicitly associated with specific

tasks because they are designed in such a way to highlight certain aspect of information

from data, so those visualizations can be misleading even without explicitly asking view‐

ers to perform a task based on them. Therefore, a misleading visualization cannot be

divorced from its visualization task, and this is crucial to keep in mind while designing

the visualizations in the design space (and writing the question text afterwards).

While filling out the design space, we also designed visual modifications that we

believed would make some items easier or harder than others, and we systematically ap‐

plied the alterations across chart types ( H in Figure 3.2). This is only our attempt to have

itemswith varying levels of easiness, a property of items ultimatelymeasured by IRT (see

Section 3.4). We show another example alteration in Figure 3.3, which stemmed from ap‐

plying the misleader Manipulation of Scales - Inappropriate Scale Range on bar charts. The

base version of this is simply truncating the y‐axis, and the alteration of adding an axis

break shouldmake it easier to identify the truncated axis. This specific item type (i.e., bar

chart with Manipulation of Scales - Inappropriate Scale Range) has two variations. With the

variations in each item type, a total of 128 candidate items were generated after applying

misleaders across chart types, as shown in G in Figure 3.2.

Within the set of 128 candidate items, there were redundancies due to generating

up to three variations within each item type. Thus, to arrive at a diverse bank of items, we

reviewed and eliminated misleading visualizations in the design space by following the

same two criteria as before: realism and diversity ( I in Figure 3.2). By the realism cri‐

terion, if an item type is not likely to appear in a real world setting, then it is eliminated.

For instance, inconsistent grid lines and an arrow next to them were less likely to appear
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in reality for the Manipulation of Scales - Inappropriate Use of Scale Functions misleader, so

such items were removed ( I in Figure 3.2). Per the diversity criterion, we removed item

types that are redundant. One such example was Manipulation of Scales - Unconventional

Scale Directions for stacked bar chart: including this item typewould not add variety as it is

essentially the same outcome design as a regular bar chart, so we eliminated it. After re‐

moving item types based on the realism and diversity criteria, we are leftwith a total of 35

item types that stemmed from 11 misleaders and 9 chart types. Along with the variations

within each item type, the resulting bank contained 52 items associated with erroneous

and misleading visualizations ( J in Figure 3.2). An overview of our final design space is

in Figure 3.4.

3.2.3 Test Construction: Writing Trick Items

Again, it is important to note that whether a visualization is misleading depends on the

underlying visualization task one is asked to perform. Take the example of a line chart

with an inverted y‐axis: this visualization can be very misleading if one were asked to
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identify the trend of the line and did not notice the inverted axis. However, if the viewer

was asked to retrieve the y value of the line at a specific x value, then it is not mislead‐

ing because they would simply identify the point of interest on the x‐axis and look up

its corresponding y value. When we wrote the question text for each visualization in the

design space, we ensured that the visualization task associated with each question is a

relevant task for the visualization to be misleading. For example, Concealed Uncertainty

is most salient in prediction‐making, so all items in this category ask test takers to make

predictions; to test whether people can detect Inappropriate Aggregation, the items must

ask them to aggregate values from the visualization, such as finding the average. There

are also misleaders that have multiple relevant tasks: in Manipulation of Scales - Uncon-

ventional Scale Directions, it is appropriate to ask people to find correlations/trends from a

line chart with an inverted y‐axis or to make comparisons of two regions in a choropleth

map where the color scale is inverted. The items in our bank involve a total of six tasks:

retrieve value, find extremum, find correlations/trends, make comparisons, make predictions,

and aggregate values, all of which are visualization tasks rooted in literature [7, 27, 154].6

The first four tasks were taken from VLAT [106], and the latter two were added to support

the Concealed Uncertainty and Inappropriate Aggregation misleaders. For further discus‐

sion on the relationship between tasks and misleaders, see Section 3.8.5.

To further increase the diversity of the items, we created a total of 52 different con‐

texts (background stories), covering topics from the prevalence of a plant species to the

market share of cell phone brands. Representative item examples from each of the 11

misleaders in our design space are shown in Figure 3.5. The contexts were intentionally

made fictional in order to limit participants’ use of prior knowledge. Thus, every item

is self‐contained and participants should be able to select the best answer solely based
6The specific task(s) of each item in the bank can be found in supplemental materials: https://osf.io/p
v67z.

https://osf.io/pv67z
https://osf.io/pv67z
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on what is given in the question text, answer choices, and the associated visualization.

To isolate the effect of the specific visualization misleader of each item, we designed the

choices for the items to be such that there is at least one correct (best) answer and at

least one wrong but seemingly correct answer due to the misleader (i.e., wrong‐due‐to‐

misleader). Any other incorrect answers are more obviously wrong and are unrelated

to the misleader (i.e., wrong‐but‐unrelated‐to‐misleader). The wrong‐due‐to‐misleader

answer(s) are needed to measure susceptibility to the misleader (see Figure 3.5).

For items with visualizations that do not present enough information for the test

taker to choose a reasonable answer, such as the items in the Inappropriate Aggregation

misleader category, we considered two ways of phrasing the correct answer: “Cannot be

inferred” and “Inadequate information”. After trying both in pilots, we decided to keep

it consistent throughout the test and used “Cannot be inferred / inadequate information”

for these answers. Additionally, we added this option to items where the correct answer

is not “Cannot be inferred / inadequate information” to ensure that this option is not the

correct answer every time it appears in an item, so that the answer choices did not hint

at the correct answer.

One difficulty while writing the items was to not make the question text and answer

choices too long. The concernwith long question text is that reading and parsing it might

interfere with the goal of measuring the ability to identify the misleader (i.e., answering

incorrectly due to errors in reading the question text or answer choices instead of not

noticing themisleader). An example technique we used to shorten the texts is to label the

points of interest on a chart to avoid using long descriptions to pinpoint those points.
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Figure 3.5: Representative items of the 11misleaders from thebank. Correct answers are indicated
with solid outlines, and wrong‐due‐to‐misleader answers are indicated with dashed outlines. Ar‐
riving at the correct answers generally requires the test taker to reason about and reflect on the
construction process after recognizing the presence of those misleaders, whereas arriving at the
wrong‐due‐to‐misleader answers suggest that the test taker did not recognize those misleaders at
all or were not reflecting on the construction process to eliminate the effects of those misleaders.
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3.2.4 Test Construction: Designing Normal items

In order to construct a diverse set of 15 normal items on well‐formed visualizations that

cover all chart types, we ensured that there is at least one item from each of the 9 chart

types and created additional normal items for the chart types that appearmore frequently

in the item bank. As a result, 6 chart types have 2 items and 3 chart types have 1 item.

We also kept the visualization tasks of the normal items consistent with those of the trick

items, whichmainly include comparing values and identifying trends. Most of the 15 nor-

mal items are essentially versions of trick items but with the misleaders removed. We did

so to ensure the similarity and consistency between trick and normal items, so that partic‐

ipants would not be able to distinguish them just by looking at the style of the items. For

the same reason, whenwriting the question text and answer choices for the normal items,

we followed the same general principles as writing the trick items, including keeping the

text concise and adding the option of “Cannot be inferred / inadequate information” to

items where it is not the correct answer.

3.2.5 Test Construction: Preliminary Study

The goal of the preliminary study is twofold: (1) to qualitatively identify sources of am‐

biguity and misunderstanding in the question text and the visualizations in the test and

(2) use the preliminary data to help determine the sample size needed for the test try‐

out phase. Therefore, in addition to asking each participant to answer 30 items, we also

asked them to complete a set of open‐ended questions related to the set of items that

were randomly assigned to them. The open‐ended questions asked participants to ex‐

plain why they selected their answers for the items that they answered incorrectly (par‐

ticipants were oblivious to this logic). Thus, along with 3 attention check questions, each
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participant received 33 selected‐response items and a subset of open‐ended questions de‐

pending on their responses in the selected‐response section. There was no time limit.

Participants

We recruited 30 participants7 from Prolific for the preliminary study, whose average ap‐

proval rate is 99.57%. All of the participants are located in the U.S. and speak fluent En‐

glish. In addition, participants whose ages do not fall between 18 and 65 or who do not

have normal or corrected‐to‐normal vision are excluded from the study. We collected a

balanced sample of 15 males and 15 females with age ranging from 19 to 64.

Procedure

First, we presented participantswith a consent form and information page describing the

structure of the study.8 They were instructed that they are required to select an answer

for the current item/question beforemoving on to the next one, and once theymoved on,

they could not return to previous ones.

Method

Because one of the goals of the preliminary study was to uncover any confusion in the

question text or visualizations, for each selected‐response item,we reviewedparticipants’

responses to the corresponding open‐ended question to understand their reasoning be‐

hind their incorrect choices andwhether their decisionwas due to the intendedmisleader

or problems with our question text or visualization.
7A sample size greater than common standards at CHI [32].
8The consent form, instructions, test items, and open‐ended questions can be found in supplemental ma‐
terials: https://osf.io/pv67z.

https://osf.io/pv67z
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Figure 3.6: The set of items the participants may receive with visualizations that contain conflict‐
ing information and have a corresponding question in the open‐ended section during test tryout
(see Supplemental Materials. In A and B, the percentage labels do not match the sizes of the pie
slices. In C, the title says decreasing trend while the trend of the line is actually increasing.

Qualitative Results

The text responses revealed a few sources of ambiguity and inconsistency in the design

of items. Two such items are on pie chart andManipulation of Scales - Inappropriate Use of

Scale Functions; in these items, the sizes of the pie slices are inconsistent with the percent‐

ages written on the slices. For both items, we initially designated the option of “Cannot

be inferred / inadequate information” as the correct answer, because this inconsistency

should suggest that the visualizations do not convey any reliable information. However,

some participants expressed that they noticed this conflict between the percentages and

the sizes of the pie slices, but they decided to trust one over the other nonetheless. An‐

other item on line chart and Misleading Annotations has a similar quality: the title of the

chart disagrees with the trend of the line. Wewere curious about how people understand

such visualizations when there is conflicting information present, so we decided to im‐

https://osf.io/pv67z
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plement an open‐ended questions section in the test tryout phase and asked participants

who received the corresponding trick item(s) in the selected‐response section to justify

their answers for these three items (shown in Figure 3.6).

Another (slightly ironic) ambiguity came in the interpretation of stacked bar charts

and stacked area charts. The key ambiguity for these charts is whether the chart was con‐

structedusing aposition encodingor length encoding. If a position encoding is used, then

the quantity of each segment of the bar (or area) should be the corresponding number on

the y‐axis. If a length encoding is used, then the quantity of each segment should be the

difference between the top of the segment and the bottom of the segment (i.e., the top of

the segment immediately below). We had disagreement ourselves during item construc‐

tion: two different authors had used both types of interpretations in the construction of

stacked bar charts and area charts, and many participants were able to understand both

interpretations and make correct choices based on them. This reflected the ambiguous

nature of stacked charts. To resolve this inconsistency, we unified our interpretation to

using length encoding, which is the more common interpretation, and we designed the

choices of the items in such a way that the “correct” answer for the position‐encoding

interpretation do not appear in the choices of most items related to stacked bar charts

and area charts. To further reduce the ambiguity, we added visual cues with the goal of

making the use of length encodingmore obvious, such as add transparency to the stacked

area charts as well as grid lines in the background to emphasize the interpretation should

be based on length encoding.

For the rest of the items, there were no major ambiguities. Wemade stylistic modi‐

fications to a small subset of visualizations to improve their presentations, such as adding

strokes to state and country borders in choropleth maps andmaking the colors more dis‐
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tinct from each other for certain visualizations with color encoding. Through reading

the open‐ended responses, we also noticed that the vast majority of participants who an‐

swered thewrong‐due‐to‐misleader answers continued to explain their reasoningwithout

recognizing the misleader.

Test Tryout Sample Size Determination

The data from the 30 participants were used to fit a preliminary model that was then

used to simulate 500 participants, which is the sample size that would likely be sufficient

for the 2PL IRT model [59]. We fit the simulated 500 participants to our preregistered

model (details in Section 3.4.2) and checked that our model converged with a sample size

of 500, posterior predictive checkswere reasonable, andwecould estimate the correlation

between trick and normal items to a resolution of approximately ±0.1.9 Thus, we chose

500 as our sample size for test tryout.

3.3 Test Tryout

As before, the test in this phase consists of a selected‐response section and an open‐ended

section. The selected‐response section is the same as that of the preliminary study, which

contains 15 trick items randomly sampled from the bank, 15 normal items, and 3 attention

checkquestions. As a result of thepreliminary experiment (paragraph3.2.5.0.4), theopen‐

ended section includes questions for three items that contained conflicting information

(shown inFigure 3.6) to further understandwhy somepreferredone choice over the other.
9The script for this simulation and model check analysis can be found in supplemental materials: https:
//osf.io/pv67z.

https://osf.io/pv67z
https://osf.io/pv67z
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Participants

Weoriginally recruited 500participants fromProlific for test tryout. The samepre‐screening

in the preliminary study requirements were applied. We filtered out one participant who

failed the attention check (i.e., provided incorrect answers for two of the three attention

check questions). One participant who did not enter their Prolific ID at the beginning of

the study was also removed. To rule out random clickers, we excluded participants who

spent less than 5 seconds on more than half of the items; only one participant fit into

this exclusion criterion. The result is a total of 497 participants whose data were used in

our analysis. The final set of participants consists of 248 males and 249 females, with an

average approval rate of 99.62% on Prolific. Their ages range from 18 to 65. Four par‐

ticipants reported that they were color blind. These participants also come from a wide

variety of education levels: 97.59%of participants had an education level of high school or

above, 15.49% graduated from a technical or community college, 37.83% hold a Bachelor’s

degree, and 16.50% hold a graduate degree or above.

Procedure

The same procedure in the preliminary study was applied in the test tryout phase. Par‐

ticipants received information about the test, and upon consenting, they were provided

with clear instructions on how to proceed.

3.3.1 Descriptive Statistics

We calculated some basic statistics on participant level raw correctness and completion

times.
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Participant Correctness

Participants’ correctness (proportion of correct answers) for the 15 trick items ranged

from0 to 0.93 (M=0.39, SD = 0.16). Participants’ correctness for the 15 normal items ranged

from 0.27 to 1 (M = 0.80, SD = 0.13).

Completion Time

We examined the completion time for the selected‐response section of the test, which

included 15 trick items, 15 normal items, and 3 attention check questions. The total time

in minutes (the complete distribution can be found in supplemental materials10) ranged

from 4.62 to 89.60 (M = 19.80, SD = 10.25). This suggests that 30 minutes is reasonable to

complete the test.

3.4 Item Analysis

3.4.1 2‐Parameter IRTModel

We selected the 2PL IRT model, which characterizes each item in two dimensions: item

easiness and item discrimination. Item easiness can be interpreted as the easiness (or

negation of difficulty) of correctly answering the item. Item discrimination can be under‐

stood as an item’s ability of differentiating participants of different levels of ability. The

model is described by Equation 3.1: the left‐hand side is the probability of a participant

with ability θ answering item i correctly given item easiness bi and item discrimination

ai; the right‐hand side is the formula of how to compute this probability given the values

of θ , ai, and bi. Equation 3.1 is often referred to as the item response function, and the

curve of this function is called the item characteristic curve (ICC).
10https://osf.io/pv67z

https://osf.io/pv67z
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pi(θ) =
1

1+ exp(−ai(θ +bi))
(3.1)

Item Easiness

To understand item easiness, consider the case where θ =−bi. Then by Equation 3.1, the

probability of a person with ability θ =−bi answering item i correctly is 1
2 . For example,

the dot on the ICC curve of itemA in Figure 3.7 has θ =−bA and probability of correctness

of 0.50. In other words, if a person’s ability is the same as an item’s difficulty, which is

the negative of its easiness, then that person has a 50% chance of answering that item

correctly. Therefore, the higher the person’s ability θ is above the item difficulty−bi, the

more likely they will answer the item correctly.

Item Discrimination

To gain intuition for the discrimination parameter, observe that the maximum slope of

Equation 3.1 is ai
4 at θ =−bi. For instance, Figure 3.7 shows the slope of the tangent line at

thepoint on the ICCcurve of itemBwhere θ =−bB, which is aB
4 . As a result, ai is associated

with the rate at which the probability of answering the item correctly changeswith ability

values, hence interpreted as item discrimination. If an item has high discrimination,

then people with higher ability should have amuch greater chance of answering the item

correctly than people with lower ability.

3.4.2 Bayesian IRT

We estimate the parameters of our IRTmodel using Bayesianmodeling. In Bayesian IRT,

we are interested in obtaining the posterior distribution of the parameters given the ob‐

servations. This contrasts traditional IRT where methods such as maximum likelihood
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Figure 3.7: ICC curves for two example items, A and B. The θ values corresponding to the two
points on the curves are the difficulty values (negation of easiness) for those two items, and the
slopes of the curves at those points are proportional to the discrimination values of the items. In
this example, item A is more difficult than item B, while item B is more discriminating than item
A.

estimation are used to find the best point estimates of the parameters. We chose to use

Bayesian IRT because it has better modeling flexibility and provides more informative

results [29].

After we obtain the posterior distributions of the ability, item easiness, and item

discrimination parameters, we take the medians of these distributions as our point esti‐

mates.

For our analysis, we used the R package brms, which provides flexible ways to con‐

duct Bayesian IRT modeling [29], which was preregistered on OSF (see https://osf.io

/pv67z/).

https://osf.io/pv67z/
https://osf.io/pv67z/
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3.4.2.1 Selection of Prior Distributions

In addition to gettingposterior distributions rather thanpoint estimates as output, Bayesian

IRT differs from traditional IRT in that prior distributions have to be specified in the

Bayesian model. To ensure identifiability, we set the priors of the standard deviations of

the slopes of the trick and normal items to be constant 1 [29]. We selected the LKJ distribu‐

tion with parameter η = 2 as the prior for the correlationmatrix, and usedN (0,1) as the

priors for themeans and the standarddeviationsof ability andeasiness, and lognormal(0,1)

for discrimination. This suggests that thesemeans are between ‐2 and 2 in logit spacewith

high probability, and when discrimination is 1 (the median of its prior), the average item

correctness would be approximately between 11.92% and 88.08%, which is a reasonable

range to expect for average item correctness.

We also conducted sensitivity analysis of whether setting the prior of one of the

standard deviations of the slopes of the trick and normal items to be constant 1 and the

other to be N (0,1) would have a significant effect on the results. Our analysis showed

that the difference betweenmodels with these different prior distributions are negligible,

so we decided to use our original prior selection.

Before the test tryout experiment, a dataset of 500 participants was simulated us‐

ing data from the preliminary study to test our model specifications (explained in para‐

graph 3.2.5.0.5). We ran the Bayesian IRT model with the selected prior distributions and

achieved stable results.

We ran our final model with 4 chains, each with 20,000 iterations. We discarded

10,000 warmup iterations per chain and thinned the final sample by 5, yielding 8,000 total

post‐warmup draws. The minimum bulk effective sample size is 3,067 and the minimum
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tail effective sample size is 5,494, and all R̂ values are approximately 1.

3.4.3 Results

Figure 3.9 contains the analysis results of each item, including the item easiness and dis‐

crimination estimates, correctness, ratewm (see Section 3.6.1), chancewm (see Section 3.6.1),

and the content validity index (CVI) (see Section 3.6.2).

Item Easiness and Discrimination

Themedian item easiness parameter estimates for all trick items range from ‐5.32 to 4.12,

with an average of ‐1.12. Themedian item discrimination parameter estimates for all trick

items range from 0.45 to 1.26, with an average of 0.76. Figure 3.9 shows the coefficient

plots displaying the median easiness and discrimination of each item with 95% and 66%

credible intervals (CI).

In Figure 3.8, we show the average item easiness and discrimination estimates for

each misleader. Overplotting, Missing Data, and Missing Normalization are the most dif‐

Overplotting
Missing Normalization

Missing Data
Misleading Annotations

[MS] Unconventional Scale Directions
[MS] Inappropriate Use of Scale Functions

[MS] Inappropriate Scale Range
[MS] Inappropriate Order
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−7.5 −5.0 −2.5 0.0 2.5

Average Item Easiness

0.4 0.6 0.8 1.0 1.2 1.4

Average Item Discrimination

harder easier less discriminating more discriminating

Figure 3.8: Average item easiness and discrimination estimates for each misleader. The dots rep‐
resent the median average easiness/discrimination estimates, the lighter bar represents the 95%
CI, and the darker bar represents the 66% CI.
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ficult misleaders, while Misleading Annotations and Manipulation of Scales - Inappropriate

Order are the easiest. The most discriminating misleaders include Misleading Annota-

tions, Concealed Uncertainty, Manipulation of Scales - Inappropriate Use of Scale Function,

while Overplotting and Manipulation of Scales - Inappropriate Scale Range have relatively

weak discriminating power.

Performance on trick vs. normal items

In addition to analyzing the items, we also investigated the relationship between the per‐

formance of participants on trick items and normal items. Their performance on the nor-

mal items can be considered as a rough proxy of their basic visualization interpretation

ability. The correlation coefficient is 0.63 with 95% CI: [0.48, 0.76], showing a moderately

strong correlation. However, these abilities are still qualitatively different, as participant

correctness for normal items is generally much higher than that for trick items.
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3.5 Test Revision

To revise our test, we use results from IRT analysis and qualitative analysis of the open‐

ended questions from test tryout. We removed 2 items based on results from Section 3.4.3

and 1 item based on the responses to the open‐ended questions. Below, we explain our

reasons for these revisions.

3.5.1 Revision from IRT Analysis

Results from Section 3.4.3 were used to revise the items in the item bank. The revision

process is necesssarily holistic with many factors to balance [44], such as considering

item discrimination, item easiness, and preserving the diversity of the item bank. The

twomost difficult items have very low discriminating power, namely items T7 and T41: T7

is the secondmost difficult and the least discriminating item, and T41 is themost difficult

itemwith only 8 items that are less discriminating than it. In addition, both of these items

have variations in the design space matrix (T6 for T7 and T40 for T41) that are easier and

more discriminating than themselves, so removing them does not reduce the diversity of

the item bank.

3.5.2 Revision from Qualitative Analysis of Open‐ended Questions

As described in Section 3.2.5, we included open‐ended questions for items T28 and T29

(pie charts where numbers and pie slices mismatch) to investigate whether “Cannot be

inferred / inadequate information” is the only reasonable correct answer by examining

the justifications of participants who did not select that option as their answer.

For both items, most participants answered according to the percentage labels on
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the charts. For item T28 shown in Figure 3.6.A, 124 participants were asked “Does cell

phone brand A have more than half of the total market share?”, and

• 86 answered “No”, indicating they answered based on the percentage labels rather

than the sizes of the pie slices, and their reasoning aligns with this;

• 22 answered “Yes”, showing that they based their answer on the size of the pie slices;

• 16 answered “Cannot be inferred / inadequate information”.

For item T29 shown in Figure 3.6.B, 146 participants were asked “Are there more house‐

holds with exactly 1 car than households with exactly 2 cars?”, and

• 131 answered “Yes”, indicating they answered based the percentage labels rather

than the sizes of the pie slices;

• 7 answered “No”, showing that they reliedmore on the pie slice sizes when attempt‐

ing this item;

• 8 answered “Cannot be inferred / inadequate information”.

We found that only a small fraction of such participants acknowledged the conflict

between the percentage labels and pie slice sizes in their responses, and out of these

people, no one provided a clear and convincing argument for why an alternative choice

should be correct. This suggests that there is insufficient evidence that percentage label‐

based or size of pie slices‐based answers should be correct. Therefore, the best answers

are still “Cannot be inferred / inadequate information” for both items. This also suggests

that the misleaderManipulation of Scales - Inappropriate Use of Scale Functions can be hard

to detect and reason about. We decided to keep these two items in the bank because they
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have good item discrimination and reasonable easiness.

The third item we included an open‐ended question for was a line chart with a con‐

tradicting title, as shown in Figure 3.6.C (T51). Out of 141 participants who were asked

“What is the trend of the number of new tourists in Town Z from 1880 to 1891?”,

• 134 answered “Generally increasing”, indicating that they based their answer on the

visual representation of the line rather than the title;

• 5 answered “Generally decreasing”, showing that they answered according to the

title of the chart;

• 2 answered “Cannot be inferred / inadequate information”.

We observed that themajority of participants answered this item based on the visual rep‐

resentation rather than the title. Upon examining the justifications of participants who

chose “Generally increasing”, we found thatmost of themdid not even notice that the title

contained conflicting informationat first. Since the aimof this item is to studyhowpeople

make decisions when readingmisleading annotations in visualizations and themajority of

participants did not even notice the annotation, this suggests that T51 was not measuring

susceptibility to misleadingness. Thus, we decided to remove it from the bank.

Interestingly, a previous study that directly investigated trust and recall when titles

contradict the visual representation, found that people tend to recall the visualization

title more [98]. Perhaps the salience of titles differs when people are asked to recall in‐

formation froma visualization versusmaking a decision on the spot (i.e., choose a correct

answer).
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3.6 Evidence of Validity

Validity of a test is essentially making sure that there is a causal relationship between

the ability being measured and people’s performance on the test [25], meaning that dif‐

ferences in ability (i.e., the ability to read, interpret, and reason about erroneous or po‐

tentially misleading visualizations) should lead to differences in measurement outcomes

(i.e., correctness). We assess the validity of the remaining 49 items in CALVI and re‐

move some items with low validity using two criteria: (1) a wrong‐due‐to‐misleader score

(RRwm) and (2) the content validity index (CVI) [131] for each item.

3.6.1 Wrong‐due‐to‐misleader Score

Weconstructed (Section 3.2.2) andwrote the items (Section 3.2.3) tohave three types of an‐

swer choices: correct answers, wrong‐but‐unrelated‐to‐misleader answers, and wrong‐

due‐to‐misleader answers. The wrong‐due‐to‐misleader answers were specifically de‐

signed for people who did not recognize or correctly reason about the associated mis‐

leader (seeFigure 3.5). Thus, if themajority of peoplewhoget an item incorrect are choos‐

ing awrong‐due‐to‐misleader answer rather than awrong‐but‐unrelated‐to‐misleader an‐

swer, this is evidence that people have been misled (i.e., that the item measures sus‐

ceptibility to the misleader). We see evidence of this in responses from the qualitative

preliminary study (Section 3.2.5): in explaining their reasoning, participants who chose

the wrong‐due‐to‐misleader answers generally continued to justify their answers without

recognizing the misleader.

For the test tryout study, we use awrong‐due‐to‐misleader score, RRwm, as onemea‐

sure of validity. WedefineRRwm of each item to be ratewm
chancewm

, where ratewm is the proportion
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of wrong answers that people chose that are wrong‐due‐to‐misleader and chancewm is the

probability of choosing the wrong‐due‐to‐misleader answer among all wrong answers if

one were to choose randomly. We consider items with a ratewm greater than chancewm to

be valid, meaning the RRwm is greater than 1. Items with a RRwm below 1 are candidates

for revision.

3.6.2 Content Validity Index

Wealso evaluated itemsusingCVI. TheCVI of an item is the proportion of domain experts

who rated the item a 3 (quite relevant) or 4 (highly relevant) on a 4‐point relevance scale

[131]. We invited five domain experts to rate the 49 items in our bank on a scale of 1 (not

relevant) to 4 (highly relevant) [131]. Each domain expert has a doctorate and actively

conducts research in Information Visualization; three are in academia, and two are in

industry. We calculated the CVI for each item based on the expert ratings, and items

below 78% are candidates for revision (i.e., should be re‐examined for whether they will

be retained in the final bank) [131].

3.6.3 Revision fromWrong‐due‐to‐misleader Score and Content

Validity Index

We used both RRwm and CVI to evaluate the items:

• 30 items had a RRwm greater than 1 and CVI greater than 78%, so we retain these in

the bank.

• 10 items were deemed candidates for revision by the CVI criterion only; we de‐

cided to retain these items because their rates of wrong‐due‐to‐misleader answers

(ratewm) were all well above chancewm (RRwm > 1.5).
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• 3 items were deemed candidates for revision by the RRwm criterion only. Four of

five experts rated these items 3 (quite relevant) or 4 (highly relevant), and at least

half of those four experts rated these 4 (highly relevant). We also re‐examined the

3 items in detail and agree with the expert ratings, so we retain them.

• 6 itemswere deemed candidates for revision by both criteria. This includes T28 and

T29, already discussed in Section 3.5.2.

For these two items, all wrong answers are wrong‐due‐to‐misleader answers, so the

RRwm is 1 by construction, which sits at the threshold of validity by this measure.

However, this does not suggest that these two items are invalid because this is an

edge case where chancewm is 1 by construction. Additionally, as described in Sec‐

tion 3.5.2, we observed that the majority of people who chose the wrong‐due‐to‐

misleader answers for these two items were indeed misled by the associated mis‐

leader in their justifications. Thus, we retain T28 and T29. We removed the remain‐

ing 4 items deemed candidates for revision by both criteria.

This leaves 45 items in the final bank (indicated with the leftmost dots in Figure 3.9).

3.7 Finalized Bank and Reliability

3.7.1 Finalized Bank of Items

The finalized bank of items spans a wide range of difficulty and discrimination (as shown

in Figure 3.10 (top)), which is appropriate for a general audience for which we initially

designed the test. Moreover, test administrators can also conveniently customize their

tests based on their target audience by selecting the appropriate items from the itembank
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Figure 3.10: ICC curves for all 45 items (top) in the bank show that the bank covers a wide range of
abilities. The 15 items (middle)we selected also cover a similarlywide range of abilities, which can
be used to test a general audience. The ICC curves are colored by the 11 misleaders. The dotplot
(bottom) shows the distribution of the estimated abilities of all participants from test tryout.

(see Section 3.8.1.2).11

As we mentioned in Section 2.4, there is no strict criteria or gold standard for se‐

lecting the final set of items. Test administrators should select items most suited to the

purpose of the test [44]. It is also worth noting that the test development process we ap‐

plied in this paper is an iterative process: over time, as the test gets deployed in practice,

the item bank may need to be revised to fit its purpose when new data arrives or related
11The item bank can be found in supplemental materials: https://osf.io/pv67z.

https://osf.io/pv67z
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research emerge in the field [44].

3.7.2 Reliability

Reliability is a fundamental concept in psychometrics, and its basic idea is simple: ob‐

served test results are a combination of signal and noise. The higher the proportion that

is due to signal rather thannoise, themore reliable the test. Psychometricians have devel‐

opedmanymeasures of reliability, such as ω and Cronbach’s coefficient α [54]. However,

Dunn et al. pointed out some difficulties with using α and outlined advantages for using

ω [62]. Revelle and Condon also showed thatω is amore reliablemeasure because it does

not consistently underestimate reliability like α and captures total variance common to

all test items [135]. There are several forms of ω, and ωt is the total reliable variance of

the test, representing the overall reliability of the test. Thus, we used ωt to measure re‐

liability, and our analysis demonstrated that our finalized item bank with 45 items has a

high reliability score (ωt = 0.81).

3.8 Discussion

3.8.1 Recommendations for Using CALVI

To make our test easily accessible without the need to use an item bank, we provide a set

of 15 items that can be used to cover a wide range of abilities. These 15 trick items would

be combined with the 15 fixed normal items to construct a test of 30 items. To select a

representative set of 15 trick items, we adopt the following method. For each of the 11

misleaders, we select the item with the highest item discrimination. For the remaining 4

items, we prioritize themisleaders that have a large representation in the bank and items

with high discrimination at ability levels not covered by the previously‐selected 11 items.
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The resulting 15 trick items cover all misleaders and 8 out of 9 chart types in the design

space (colored item IDs in Figure 3.9); the 1 absent chart types is stacked area chart, an

acceptable compromise since the similar 100% stacked bar chart, stacked bar chart, and

area chart are in our selected set. The ICC curves of the 15 items are shown in Figure 3.10

(middle), and compared to the ICC curves of all 45 items in Figure 3.10 (top), we conclude

that this recommended set of items covers awide range of ability levels and is appropriate

for a general audience. This selected set of 15 items also shows high reliability (ωt = 0.82).

3.8.1.1 Scoring

In order to obtain scores for the test that uses the 15 recommended trick items in real

time, raw score (i.e., percentage of correctness) can be used as a proxy for the ability of a

test taker. The limitation of this approach is that it treats all items equally, but they have

varying easiness and discriminationwhich should be factored into scoring. Although raw

score is not a perfect measure, it is highly correlated with ability θ (r = 0.88) in our test.12

Alternatively, test administrators can use IRT to directly obtain ability estimates and use

them as scores; the disadvantage of this approach is that it requires technical knowledge

of IRT and is computationally expensive.

3.8.1.2 Customizing Future Tests

Although the target test taker population is the general public for our study, it could po‐

tentially be interesting to study the performance of participants from a wider variety of

populations. Our item bank allows a lot of flexibility in customizing tests. Depending

on the goal of test administrators, they should select a subset of the items most suited to

their needs. For instance, if one wishes to use the test to filter out low‐ability subjects,
12A scatterplot of raw score vs. ability and the correlation coefficient can be found in supplemental mate‐
rials: https://osf.io/pv67z.

https://osf.io/pv67z
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they should select a set of items that have high discriminating power at the low‐ability

range. Alternatively, by selecting more difficult items from CALVI’s bank, one could de‐

sign tests that suit more expert audiences.

When customizing, high discrimination items should generally be preferred over

low discrimination items. Test administrators can also adjust the length of the test: for

example, one can select 5 trick items that cover an ability range of interest along with 5

normal items to create a shorter and faster test. Reliability of such a shorter test should be

assessed prior to use. Future work could experiment with (and validate) these and other

shorter formats.

3.8.2 Applications of CALVI in Future Research

CALVIhasmany interesting applications beyondassessing the ability to reason aboutmis‐

leading visualizations of the general public. In educational settings, CALVI could be used

to investigate when students learn to identify visualization misinformation by studying

changes in that skill over time (e.g., from high school through college). Similarly, one

could use CALVI to investigate whether consumers of different types of news have differ‐

ent critical thinking abilities for visualization interpretation (e.g., are people who read

data journalism better at this skill?). Moreover, CALVI can also be used to test the effec‐

tiveness of an intervention on visualizationmisinformation by asking participants to take

the test before and after the intervention to observe change in their performance. The

item bank offers a resource to construct a pre‐ and post‐test without asking the partici‐

pants the same items (see Section 3.8.1).
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3.8.3 Is Attention AllWe Need to Detect VisualizationMisinformation?

We believe attention is indispensable in identifying visualization misinformation. Some

misleaders involve direct manipulations to emphasize or distort certain visual features,

such as y‐axis inversion that gives an opposite visual impression (see Figure 3.5.G). Thus,

for these manipulations, paying attention to the right part of the visualization matters.

As with most tests, if one pays more attention to the right part of the question, one is

likely to perform better. In the case of CALVI, adding salient features to draw people’s

attention to the misleading part of the visualization design, such as adding a downward

arrow next to the inverted y‐axis, seem tomake it easier for people to detect and interpret

the visualization.

While attention appears to be a key component of the ability to detect visualization

misinformation, we want to emphasize that only attention is not enough. For about 20

items in the bank of CALVI (e.g., from Missing Data, Concealed Uncertainty, Overplotting),

merely paying attention to the misleading part of the visualization is insufficient — rea‐

soning about them requires thinking critically about the visualization construction pro‐

cess beyond just reading the visual representations. Therefore, the ability to detect and

reason about visualization misinformation is not equivalent to the amount of attention

one pays in viewing visualizations. We saw evidence in our data that suggests a positive

relationship between attention and the ability to read, interpret, and reason about erro‐

neous and potentiallymisleading visualizations; the connection between the two seem to

exist in some real‐world examples too: in Figure 3.1.B, if one paid more attention to the

x‐axis, then it would be easier to identify the inappropriate ordering of the dates. Future

work is needed to further investigate the relationship between attention and the ability

to detect visualization misinformation.
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3.8.4 Context of Use May Affect Interpretation andMisleadingness

In reality, visualizations are rarely consumed alone in media: they are often accompa‐

nied by written text or verbal commentaries, which influence viewers’ interpretations of

the visualizations. Therefore, studying and understanding the interplay between visual‐

ization and text is crucial to advance our knowledge of visual reasoning and visualization

literacy. In the context of developing a test, an interesting consideration is if we were to

ask the question in a different way on the same visualization, would that have a notice‐

able effect on how people understand and reason about the visualization? Is a particular

misleader always misleading, or is it only misleading in the face of certain tasks or ques‐

tions?

3.8.5 Are All Misleaders Actually Misleading?

Aswe explained in Section 3.2.2, towhat extent a visualization can bemisleading depends

highly on the visualization task. Existing literature lacks clear guidelines connectingmis‐

leading visualizations to visualization tasks. Thus, we did so using our best judgment and

knowledge of the literature. A taxonomymapping misleading visualizations to visualiza‐

tion tasks would be a useful direction for future research, and new findings may yield

different items in the test.

There may also be disagreement on whether every potential misleader should be

considered as a visualization error. For instance, some evidence suggests that whether

a truncated y‐axis is “deceptive” or “truthful” is domain‐specific and depends on what

effect sizes are meaningful in that domain [49]; so some may deem a truncated axis an

error while others may not, or may disagree on when it is an error. In our case, if an

item was found to be easy, then it may suggest that the associated misleader is not really
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a misleader at all. Our design space and item bank offer a starting point for determining

what putative misleaders are actual misleaders: future work could start from the easiest

misleaders in our item bank, and conduct studies specifically examining their effect on

interpretation across a range of chart types. Such an effort would help systematize the

study of visualization misinformation, and could generate more empirically‐grounded

guidelines for visualization construction.
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Chapter 4

Inoculating Against Visualization
Misinformation Through Gamification

This work is a working paper and is done in collaboration with Michael S Horn and Matthew

Kay.

4.1 Introduction

Visualization misinformation, or misleaders from Chapter 3, refers to any visual represen‐

tation of data that can send misleading messages, through both graphical and contextual

elements within the visualization [136, 75, 72, 109]. Ill‐formed visualizations misinform

through specific visual manipulations that lead to exaggerations or distortions of data

(e.g., inverted y‐axis in Figure 4.1.A, y‐axis truncation [49]). Well‐formed visualizations

contain no apparent visual flaws but can still misinform through other contextual ele‐

ments (e.g., not normalizing data in Figure 4.1.B, annotations [148]). Given the vast and

diverse collections of misleading visualizations in the real world (e.g., [121, 113]), viewers

must be able to discern problematic data representations to ensure the quality of their

information consumption.
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(A) Data-relevant question: 
How did gun deaths change after Florida enacted its 
“Stand Your Ground” law in 2005?

1

2

Average daily cases per 100,000 in last 7 days

1

2

(B) Data-relevant question: 
Did California (     ) have a higher risk of COVID compared to 
Washington (     ) around April, 2021?

1

2

Decreased Increased Yes No
A B

Or Or

Inverted y-axis Not normalizing by population

Figure 4.1: Real world examples of visualization misinformation. (A) shows an area chart with an
inverted y‐axis [102]. (B) shows a map with absolute numbers of COVID‐19 case counts (left [52])
when it would be better to normalize by population (right [37]).

One approach to combating visualizationmisinformation is developing targeted in‐

terventions to help viewers critically engage with data visualizations (i.e., improving the

critical thinking aspect of visualization literacy). Existing interventions often take the

form of external aids (e.g., annotations or visual cues) or education interventions (e.g.,

perceptual training) [136]. While external aids can offer immediate help in interpreting

the visualization at hand, they still occur after exposure to false information (i.e., de‐

bunking intervention [149]). The negative effects that are present after exposure can be

harder to eliminate [108], suggesting that educational (i.e., prebunking [149]) interven‐

tions could bemore effective. Although there are visualization literacy interventions that

teach visualization skills, a majority of them focus on well‐formed visualizations (e.g., [5,

21, 69]), which can only offer limited support in helping viewers critically interpret mis‐

leading visualizations. The ones that target misleading features in visualizations largely

focus on a limited set (e.g., axis truncation [33, 133, 134, 165]), despite the variety of tech‐

niques that can lead to misleading visualizations in the real world [121, 114, 72, 75]. There

remains a need to develop educational interventions specifically targeting visualization

misinformation.
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Weaddress the lack of engaging educational interventions against visualizationmis‐

information through the iterative development of an educational serious game over a se‐

ries of workshops. This gamified approach was inspired by inoculation theory (i.e., de‐

veloping resistance to false persuasion through pre‐exposure to weakened forms of sim‐

ilar challenges [119]). Prior research also demonstrated the potential of serious games in

the textual misinformation landscape (e.g., [141, 140, 78]). Our game development pro‐

cess involved running workshops with our target user group (i.e., high school students)

to iteratively refine our game design. During the workshops, we tested out four design

variants: individual, competitive, team‐based, competitive + team‐based designs. We de‐

scribe each game mechanic and what we learned while observing high school students

playing each of our game variants. We outline the challenges we observed and how they

informed the design of the next variant(s). Collectively, our playtests offer insights into

how we can design a serious game for improving the ability to critically interpret visual‐

izations.

4.2 RelatedWork

4.2.1 Combating VisualizationMisinformation

To combat visualizationmisinformation, researchers have designed interventions to help

viewers detect problematic representations as they come up and enhance viewers’ ability

to better engage with visualizations. These efforts can be broadly summarized into two

categories: retroactive (i.e., debunking [149]) and pre‐emptive (i.e., prebunking [149]) in‐

terventions against visualization misinformation. Debunking interventions often occur

after exposure to the actual scenario(s) of misinformation and take the form of external

aids, such as adding textual annotations [114, 49] or visual cues [87, 49] to draw viewers’
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attention to a specific portion of the visualization. Others presented alternative forms

(e.g., a corrected version) of the visualization for viewers to explore [65]. Prebunking in‐

terventions occur before viewers are exposed to the misinformation and often take the

form of additional education and training, such as perceptual training with feedback to

improve viewers’ ability to correctly extract information from visualizations [133]. Oth‐

ers developed lecture‐style educational videos [143] and hands‐on activity sessions [33]

to teach learners how to accurately interpret visualizations and avoid misleading tech‐

niques. However, each educational intervention is limited to small sets of misleading

factors. Compared to external aids, fewer studies have examined the potential of ed‐

ucational interventions [136]. While debunking interventions (e.g., external aids) offer

immediate support, they are generally challenging to generalize as they are often specif‐

ically designed for a particular chart context [136]. Prior work has also suggested that

prebunking techniques can be more effective than debunking because it is more difficult

to eliminate negative effects after exposure [108]. We therefore focus on the development

of an educational intervention that can enhance people’s ability to engagewith visual rep‐

resentations of data and prebunk visualization misinformation.

4.2.2 Improving Visualization Literacy

Visualization literacy and education researchers have developed interventions that en‐

hance people’s ability in interpreting visualizations. Many of the existing interventions

to improve visualization literacy have targeted younger audiences and focused on simple

chart types. For instance, Alper et al. [5] developed C’est La Vis and focused on helping

students in elementary school learn pictographs and bar charts. Bishop et al. [21] de‐

veloped Construct‐A‐Vis, a tool to help elementary school children to explore and cre‐

ate free‐form visualizations. Some have designed for an informal setting, combining
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play with learning. Gäbler et al. [69], for example, took a game‐based approach and

developed Diagram Safari to improve data and visualization literacy in young children.

Similarly, Huynh et al. [91], also exploring gamification for learning, developed a narra‐

tive role‐playing game. To foster creativity, Bae et al. [11] designed a toolkit to improve

visualization literacy through physicalizations. Others have investigated and evaluated

more general techniques for improving literacy in visualizations, such as online learn‐

ing through tutorials [100], feedback mechanisms [20], visualization morphing (teaching

through analogy) [142], and visualization adaptations [144]. Although Camba et al. [33]

studied the effectiveness of a peer challenge intervention in teaching students about one

type of deception (inappropriate y‐axis range), existing tools and techniques for improv‐

ing visualization literacyprimarily focus onwell-formed visualizations andoften low‐level,

straightforward tasks. Higher‐level tasks like the ability to critically interpret visualiza‐

tions is essential for both improving visualization literacy and combating visualization

misinformation. We explore the effectiveness of teaching skills such as critical interpre‐

tation through active intervention (e.g., engaging students in the creation and problem‐

solving process [33]), as prior work [33] has suggested that this approach has potential for

training in deception identification.

4.2.3 Serious Games

A serious game is a game that is not for pure entertainment and is often applied in ed‐

ucation, health, business [61], with the main function of training players to learn and

improve on real‐world skills [139]. In the context of misinformation, researchers have

built serious games of various kind that aim to teach people the skills to combatmisinfor‐

mation, based on inoculation theory, which suggests that people can develop resistance

to false persuasion through pre‐exposure to weakened forms of similar challenges (e.g.,
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misinformation) [119]. For instance, the Bad News game interacts with players mainly

through dialogue and asks them to use tactics that can spread misinformation in a sim‐

ulated game setting [141]. Another serious game targeted at combating political misin‐

formation tactics, Harmony Square [140] uses more narrative and asks players to use the

tactics to disrupt the harmony of a fictional town. GO VIRAL! is serious game that aims to

combat COVID‐19 misinformation and has been spotlighted by the World Health Organi‐

zation (WHO) [78]. Cranky Uncle [45], on the other hand, relies more on quizzes, where

it first explains the rhetorical techniques and fallacies often used in misleading content

and asks players to answer questions to cumulate points. Within the visualization com‐

munity, researchers have explored using games for education [157, 6], some of which

have also been mentioned in Section 4.2.2 and focus primarily on the teaching of well‐

formed visualizations. While these prior efforts offer valuable insights on using serious

games in education, theymainly focused on text‐basedmisinformation (e.g., textual fake

news) and well‐formed visualizations. The power of persuasion that data visualizations

have and the prevalence of chart‐induced misinformation demand specific intervention

methods targeting visualization misinformation.

4.3 Methods

We conducted a formative design study with with high school students from an after

school program ran by a non‐profit organization in the Chicago area to iteratively develop

our game. The game is designed to be played in person. This is to foster more interaction

between players and reduce the limitations that might exist with computer‐based games

(e.g., access to computers). The design workshops took the form of in‐person playtests

with the researcher prompting for feedback during and after gameplay. The components

of each workshop consist ofmaterials (e.g., dataset, worksheet) andmechanics, which are
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Table 4.1: The descriptions of the learning objectivesmapped to corresponding Bloom’s taxonomy
levels.

Level Description Learning Objective

Knowledge Recall basic facts and defini‐
tions

Be able to correctly identify
what the misleader is

Comprehension Understand the information in
context

Be able to articulate a surface
level reason why the misleader
is misleading

Application Apply knowledge to a new prob‐
lem or represent it differently

Be able to apply the same mis‐
leader in new chart types not
seen before

Analysis
Break down a concept into parts
and understand their relation‐
ship

Be able to break down how
themisleadermisleads based on
specific vis principles/conven‐
tions/perception, etc

Synthesis Use knowledge to create some‐
thing new

Be able to synthesize classes of
misleaders

Evaluation
Judge the value of information,
backed by evidence

Be able to evaluate the fit, exis‐
tence, and/or severity of a mis‐
leader

the instructional rules that the players are asked to follow during gameplay. Each game

lasted about 15 to 20 minutes. In the beginning of each workshop, we briefly explained

the basics of data visualizations (e.g., what is a data visualizations, why is it important for

it to not be misleading) then provided the materials and described the game mechanics.

4.3.1 Learning Objectives

Weused Bloom’s taxonomy [99] as a basis for developing the set of learning objectives rel‐

evant for gaining expertise in reasoning aboutmisleadingdata visualizations. Wemapped

our learning objectives to each level, as we describe in Table 4.1:

Early design workshops suggested that our group of high schools students were fa‐
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miliar with basic chart types but not as familiar with the ways charts can be misleading.

We therefore target the Knowledge and Comprehension levels in the game to avoid over‐

whelming the students with too much content. In Section 4.4, we describe the different

game designs we tested out and what we observed from actual gameplay.

4.4 Design Variants

We ran four design workshops1 to test out our design variants, each informing the design

of the next variant. This iterative process allowed us to test out individual (variant I),

competitive (variant II), team‐based (variant III), and competitive + team‐based designs

(variant IV). We used commonly known games as inspiration so that players can learn

the rules quickly. Variants I and II were part of the first workshop we ran with our group

of high school students. We ran variant III in the second workshop and variant IV in the

third workshop.

4.4.1 Variant I: Individual Design

We started with a design that only requires simple interactions. One of the first game

designs we tested was TeleCharts, inspired by a party game commonly known as Tele‐

phone.2 In Telephone, players are lined up to whisper a message to the next player. The

core of Telephone is observing how the transmitted message is distorted at the end after

the first and final player compares their messages. We based the design of TeleCharts on

Telephone because players are likely to already be familiar with the rules, which would

allow them to focus on the content of the game rather than learning the rules. In the

context of TeleCharts, the players are (mis)transmiting a chart, and the goal is for players
1Theworkshopmaterials and outcomes can be found in supplementalmaterials: https://osf.io/56ac4/.
2https://www.wikihow.com/Play-the-Telephone-Game

https://osf.io/56ac4/
https://www.wikihow.com/Play-the-Telephone-Game
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to realize how distorted (misleading) the visualization can become. This is an individual

design because each player is on their own, requiring minimal interaction.

4.4.1.1 Mechanics andMaterials

Three players participated at a time. In the game, each player is given a blank sheet of pa‐

per and colored pencils. Only the first player sees the correctly constructed chart, which

is the seed chart3 for the game. The subsequent players only see the chart produced by

the player immediately before them. Each player is asked to draw a misleading chart

based on the chart they see. After the last player draws their chart, themoderator reveals

the seed chart to everyone and facilitates a discussion on how misleading the resulting

chart became, including its progression through intermediate charts.

4.4.1.2 Observations and Findings

The entire gameplay was relatively quiet, as each player is waiting for the previous player

to finish in sequential order. Because there were no particular instructions on what tech‐

niques to apply to the chart, the players were expected to be creative when theymake the

chart misleading. This led to some players having difficulty coming up with a technique

to apply, especially for players toward the end of the line. For example, a player who

was unsure of what to do to a visualization that already had an inverted x‐axis ended up

swapping the x and y axes, leading to “date” on the y‐axis and a quantitative variable on

the x‐axis. However, the player kept the base of the bar chart on the x‐axis, which was

nonsensical. Some ways to remedy this include not asking players to repeatedly apply

misleading techniques to the same chart, which can lead to exhaustion of techniques, or

providing a list of techniques players can choose from.
3The seed chart can be found in supplemental materials: https://osf.io/56ac4/.

https://osf.io/56ac4/
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4.4.2 Variant II: Competitive Design

Another gamedesignwe testedwas ChartWolfMafia, inspired by a party game commonly

known as Werewolf or Mafia.4 We aimed to playtest a variety of possible designs, so we

chose to test this because it contrasts the individual design and requiresmore interaction

among players. Similar to variant I, we chose a well‐known party game for ease of un‐

derstanding. Werewolf is a competitive game between players who have a secret agenda

and players who do not, and the core of this game is to deduce who among the group are

working against everyone else. In our version of ChartWolf Mafia, a subset of players re‐

ceive the secret mission of creating a misleading chart while the rest of the group tries to

create a correct chart that allows them to arrive at the right answer to a given question.

This is a competitive design because the majority of the gameplay involves two competing

groups with hidden roles.

4.4.2.1 Mechanics andMaterials

Three players participated in ChartWolfMafia at a time. Thematerials of ChartWolfMafia

consisted of blank sheets of paper, colored pencils, a multiple‐choice visualization ques‐

tion adapted from CALVI from Chapter 3, and a mechanism for randomly assigning the

ChartWolf, which in our case was sticky notes. Each sticky note contained either a check

mark or the letter corresponding to the correct answer of the multiple‐choice question.

The player who drew the correct answer is the ChartWolf, meaning their goal was to mis‐

lead the group into choosing a wrong answer.
4https://www.wikihow.com/Play-Mafia

https://www.wikihow.com/Play-Mafia
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4.4.2.2 Observations and Findings

Becausewe tested variant II during the sameworkshopas variant I, the same set of players

played both variants, and players were more engaged with ChartWolf Mafia compared to

TeleChart. This is likely due to the competitive nature of ChartWolf Mafia. Because two

sides are competing against each other, players were actively trying to make a case for

their argument, so they were keen on finding evidence that supported their arguments.

We identified several challenges while observing the gameplay. For example, the Chart‐

Wolf could use strategies other than manipulating the visual elements of the chart, such

as making the question or the options ambiguous to shift the focus. Players can get too

caught up on the options, making the argument about testing strategies instead (e.g.,

“how often would you choose‘none of the above’”). The ChartWolf can also run out of

misleading techniques to try. This may be due to a limited repository of techniques and

can lead to them giving up early. Both variant I and II encountered this issue of running

out of techniques to apply, which is unsatisfactory and affects the gameplay. We detail

how we tried to resolve this issue in the next variant.

4.4.3 Variant III: Team‐Based Design

The third variant we designed was ChartDetective. Players split into two teams to collab‐

oratively create a misleading chart by applying techniques from a given list. Their goal

is to mislead the other team. One of the challenges observed from variant II was players

focusing too much on the options instead of visualization design. In variant III, we used

open‐ended questions rather than multiple‐choice questions. This is a team-based design

because each team is working together to collaboratively design a misleading chart.
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4.4.3.1 Mechanics andMaterials

Each team consisted of three to four players, and players were randomly assigned to each

team. The materials of ChartDetective consisted of an instruction sheet, a dataset with a

question of interest, a deck of cards from 1 to 10 representing different misleading tech‐

niques5 inspired by prior work [72, 75, 113, 121] (e.g., use inconsistent or confusing scale

intervals, flip the axis), blank sheets of paper, and colored pencils. Each card corresponds

to a misleading technique, which are listed on the instruction sheet. Players first draw 4

cards from the deck and then discard one card, leaving 3 technique cards theymust apply

to the final chart they design. This is to give some freedom to the players in case some of

the techniques are difficult to apply. The team is given 15minutes to design their chart be‐

fore swapping with another team. Within each team, players discuss among themselves

to decide how to apply the techniques they drew in a non‐obvious way then collabora‐

tively draw their chart on the given blank sheets of paper. The team that successfully

tricks the other team into answering a wrong answer gains a point.

4.4.3.2 Observations and Findings

The design change to open‐ended questions seemed to allow for more discussion among

the players, and the discussions were about the data rather than properties irrelevant

to the question and data (e.g., multiple‐choice options, testing strategy). To address the

challenge of running out of misleading techniques in both variants I and II, we built in

the card system to give the players a techniques bank to work with. We intentionally kept

the technique descriptions broad to avoid limiting the players to specificways of applying

the techniques. However, we observed some techniques were harder for high school stu‐

dents to grasp just from a simple description. For example, some players were unclear
5The set of techniques can be found in supplemental materials: https://osf.io/56ac4/.

https://osf.io/56ac4/
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about “aspect ratio” in the technique “manipulate aspect ratio to distort relationships”.

Additionally, because players drew the techniques randomly, some techniques may not

apply in some questions. For example, “combine/split categories to change grouping”

was harder for players to apply when the dataset contained years and sales with no ob‐

vious categories. Some teams used the strategy of brainstorming together then drawing

the chart on one sheet of paper, while other teams decided to draw their own versions

first then choose one among all of the versions as the final answer. The teams that brain‐

stormed together generally seemed more engaged. This suggests that we should imple‐

ment mechanisms (e.g., clarifying in game instructions) to promote more collaboration.

4.4.4 Variant IV: Competitive and Team‐Based Design

Based on feedback from the prior design variants, we refined the game to incorporate

properties from both competitive and team‐based designs. In this variant, Newsroom,

each player receives a role of either Journalist or Informant. The goal of the journalists is

to uphold the newsroom’s reputation by publishing good quality charts, whereas the in‐

formants’ goal is to publishmisleading charts to damage the newsroom’s reputation. One

major challenge observed from the previous design was that simple technique descrip‐

tionswere too abstract for the high school students to translate into concrete applications.

We therefore included examples of each technique in the form of cards to visually illus‐

trate how a techniquemight be applied to a particular chart type. This is both competitive

and team-based design because there are at least two players with the same role, but the

informants are secretly competing with the journalists.
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4.4.5 Mechanics andMaterials

Each player drew a role card and got assigned as either a journalist or an informant (Fig‐

ure 4.2 A and B). The materials of Newsroom consisted of a blank sheet of paper, colored

pencils, and three decks of cards: dataset, visualization, and action cards. In the begin‐

ning of the first round, each player draws one dataset card, one visualization card, and

three action cards. The dataset deck contains distinct datasets (e.g., Figure 4.2.C). The vi‐

sualization deck contains visual illustrations of a chart type and a misleading technique

(e.g., Figure 4.2.D). We compiled a total of 7 commonly used chart types and 7misleading

categories from Chapter 3.6 The action cards consist of “publish” (publish a chart), “au‐

dit” (initiates discussion on a chart and vote on whether to remove the chart), “source”

(publicly reveal the dataset of a chart). The visualization card acted as a suggestion with

a visual example that the player could choose to use. The game begins with each player

drawing a chart based on their role. Once every player finishes drawing the chart, each

player then plays an action card on a chart they choose to either “publish”, “audit”, or

“source”. During subsequent rounds, each chart on the table gains one influence point.

In the round that a chart gets published or removed, the team gains its associated points

if a good quality chart is published or loses its associated points if a misleading chart is

published. The opposite is true in terms of points if the charts are removed after au‐

diting. If the total number of points drops below a pre‐determined threshold, then the

informants win. If the total number of points rises above a pre‐determined threshold,

then the journalists win.
6The categories included: inappropriate scale direction, inappropriate scale order, inappropriate scale
range, inappropriate scale intervals, inappropriate selection, inappropriate aggregation, inappropriate
annotations.



78

JOURNALIST
Local Newsroom

Build your newsroom's 
credibility by auditing
misleading charts and 
publishing good charts.

Beware of informant(s) 
from a rival newsroom 
trying to publish
misleading content!

INFORMANT
Rival Newsroom

Damage the newsroom’s 
credibility by flooding 
the feed and publishing
misleading content.

Publish, audit, and 
defend your charts as 
if you were a journalist. 
Avoid being identified! 
 

Visualization
Use the dataset to create a line
chart by putting       on the x-axis 
and       on the y-axis.

A
B

B

A

!Beware       Scale direction.
Reversing the direction of the x or y-axis 
makes higher values appear lower.

!
!

Dataset
Self-reported avergae daily social 
media use through a monthly 
anonymous survey. 

September
October
November
December

January
February

142 min
156 min
178 min
203 min

189 min
196 min

Month Avg. Social Media

A B

Try

(A) (B) (C) (D)

Figure 4.2: Representative examples from the cards deck. (A) and (B) are the role cards. (C) is an
example of a dataset card. (D) is an example of a visualization cards, containing the chart type
(top) and the visually illustrated misleader example (bottom).

4.4.6 Observations and Findings

The card deck offered more structure to the game and added randomness, which can

contribute to the game re‐playability. However, this also added more information for the

players to track, which complicated the instructions compared to previous variants. Play‐

ers frequently expressed difficulty in keeping track of the game instructions and scoring

mechanism during gameplay. While the visualization cards were more helpful than text

descriptions, them acting asmere suggestions led to several challenges: (1) it was difficult

for the moderator to keep track of the submitted charts while keeping score and running

the game, (2) allowing players to be creative increased the chances of creating nonsensi‐

cal charts. One playerwhowas the informant ended upmodifying the datawhen creating

the misleading chart, which led to them keeping their cover because it would be almost

impossible to tell its misleadingness without carefully examining the dataset. This is not

a misleader that we aimed to teach. Another challenge we did not anticipate was that

hand‐drawn charts were identifiable, especially when the players are already familiar

with each other. This made it hard for the informants to keep their cover across multiple
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rounds, because one suspicion can propagate across the rounds. Overall, players were

noticeably engaged with the game and wanted to finish, suggesting that the both compet‐

itive and team‐based design preserved the engagement property. Using what we learned

throughout the design workshops, we describe the refined game features and reflect on

the key takeaways for developing serious games that aim to teach critical thinking.

4.5 Synthesis of Game Features and Design Implications

We outline several game features that have worked in our Newsroom game and reflect on

the insights learned through our iterative design process with high school students. To

summarize these game features, we recorded what worked and did not work across the

four variants. We identified features that (1) worked well across multiple design variants

or (2) solved a previous challenge identified in the design workshops.

Secret agendas encourage players to adopt the evaluative mindset needed to identify

misleaders. One of the learning objectives was to enable students to identify mislead‐

ers, which first requires an evaluative mindset. In other words, students should not read

charts with the assumption that every chart they encounter is well formed. The secret

agendas embedded in the game served as a way to break the assumption that every chart

they see will be well formed. For instance, in the game Newsroom, each player has a

secret role throughout the game, and they know that both good and misleading charts

are being introduced into the pool. This incentivizes the players to not only evaluate the

charts but also the identity of the other players. This continuous evaluation builds the

evaluative mindset needed to identify misleading visualizations.

Demonstrating concepts concretely prepares players to identify misleaders. In order
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to identify misleaders, students need to be able to first gain a sense of the space of mis‐

leaders. Onemajor challengewe encountered during the game development process was

that it was hard for our high school students to translate abstract concepts to concrete ap‐

plications, making it hard for them to build a vocabulary of the types of misleaders. This

persisted until we created the visualization deck in Newsroom, where it contained con‐

crete examples that illustrate how a particular misleader works on a chart type. These

concrete illustrations can help students build a better understanding of the space of mis‐

leaders, which they can draw upon when they need to identify misleading visualizations.

Creating a chart lead to deeper reasoning behindmisleadingness. Letting students en‐

gage in the chart creation process allows them to see how amisleader can bemisleading.

When students were only looking at the potentially misleading charts, their reasoning

for “why” was often limited to “it looks weird”, whereas during chart creation, they are

forced to pay attention to particular parts of the chart such as scale. This was especially

evident with the visualization cards that contained visual examples. Creating charts by

hand also allowed students to slow down and engage with the chart more. One challenge

with hand‐drawn charts is that they are identifiable among groups of players who are fa‐

miliar with each other, as we described in our observations from playtesting Newsroom.

This could be resolved by limiting to one round so that charts being identifiable does not

affect the gameplay. For example, a round would end once all charts are either published

or removed from the pool using their respective action cards.

The action cards deck allows players to practice the learning objectives. The refined

action deck includes “publish”, ”discard”, ”re‐examine”, and “source” (Figure 4.3). Both

“publish” and ”discard” automatically publishes or discards a chart, respectively. Be‐

cause players must perform an action, they must engage with the activity of deciding
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Action: publish

Play this on a chart to 
publish it. Move chart 
to the “Publish” pile.

Action: discard

Play this on a chart to 
discard it. Move chart 
to the “Discard” pile.

Action: re-examine

Play this on a chart in 
the “Published” or 
“Discard” pile to re-
examine it.

1. Provide reason for re-
    examination.
2. Provide justification for 
    original placement.
3. Team discuss chart placement. 
4. Team vote on whether to 
    publish or discard the chart.

Only valid when there is at least 
one chart remaining.

Action: source

Play this on a chart to 
publicly reveal its dataset
and visualization cards.

Figure 4.3: Cards in the refined action deck.

the status of a particular chart to evaluate whether it is misleading. “Re‐examine” ini‐

tiates discussion on a published or discarded chart with the possibility of changing the

status of the chart, depending on the majority vote. The step‐by‐step process outlined on

the “re‐examine” card allows players to actively engage in “reasoning”, “justifying”, and

“discussing” charts with each other, which help them learn to reason about why a chart

might be misleading (and convince others).

4.6 Discussion

4.6.1 Broadening the Game and Coverage of Learning Objectives

Although we described a learning objective for each level in the Bloom’s taxonomy, it

would be challenging to cover every learning objective in a single game, especially given

limited timewe have during eachworkshop. We thus chose to focus on theKnowledge and

Comprehension levels for our target user group. The Newsroom game could be extended

and made more challenging to cover more learning objectives. For example, the visual‐

ization cards in Newsroom could be used to incorporate the learning objective in the Ap‐

plication level (“be able to apply the samemisleader in new chart types not seen before”).
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Instead of enforcing the use of the chart types shown on the visualization card, the player

must apply themisleader onto a chart typenot shownon the visualization card. The learn‐

ing objective in the Evaluation level (“be able to evaluate the fit, existence, and/or severity

of a misleader”) could be incorporated by associating different numbers of points to the

visualization cards, such as based on prior work on the difficulty of misleaders [72]; more

difficult misleaders would worth more points. This could prompt players to tackle charts

with more challenging misleaders to earnmore points. Components of Newsroom could

be extended and adjusted based on the focus of learning objectives. Future work could

build on the basic version of Newsroom to broaden or customize the focus based on edu‐

cational needs.

4.6.2 Challenges and Opportunities for Visualization Literacy

Assessments

CALVI served as amajor inspiration and prior work for this game. However, the game de‐

velopment process also surfaced some challenges and opportunities useful for advancing

visualization literacymeasurements. Part of the reasonwhywe could not apply CALVI di‐

rectly to evaluate the effectiveness of the game is that CALVI does not cover some of the

learning objectives. For example, CALVI is less suited for capturing reasoning relevant for

the Comprehension or Analysis levels because it only contains multiple‐choice questions.

This echoes the call for modalities other than multiple‐choice in Chapter 6. We would

have to extend CALVI to include reasoning questions, which increases the test time and

leads to another challenge in assessments: test format and ecological validity. In the con‐

text of a game or other informal learning environments, a standardized test would take

the players out of the experience, which goes against the goal of informal learning, where

the experience is often part of learning. CALVI, with its current standardized format,may
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not bewell‐suited for assessing informal learning. Futurework should expand test format

to complement the intervention, such as amethod for integrating assessments into inter‐

ventions rather than a post‐hoc evaluation. This would make evaluation more seamless

and potentially improve the ecological validity of assessments and studies overall.
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Chapter 5

AVEC: An Assessment of Visual Encoding Ability
in Visualization Construction

This chapter is based on work published in ACMCHI 2025 [71] and is done in collaboration with

Yuan Cui and Matthew Kay.

5.1 Introduction

Beyond critical interpretation skills, the ability to construct effective visualizations is also

a critical component of visualization literacy [10, 23], analogous to theway inwhichwriting

is inseparable from textual literacy. With the rapid increase in data availability and acces‐

sibility, visualizations are not only created by professional designers [68, 151, 161], but also

by members of the general public; for example, people who are not in data‐oriented jobs

or who might not be trained in visualization are nevertheless constructing visualizations

at work (e.g., through Excel) or in a personal context (e.g., through personal visualization

and visual analytics [88]). Despite increased participation in constructing visualizations

and efforts to support non‐experts [90, 156], the current focus of visualization literacy

studies and assessments is still on visualization interpretation [106, 26, 72, 55, 130]. We

lack valid measurements of construction‐related abilities, which we need to effectively



85

measure, teach, and improve these skills in novices and amongst the general public.

Constructing visualizations, however, is a complex and multi‐step process [34, 92],

which includes transforming raw data into a form suitable for visualization (e.g., clean‐

ing, filtering, and aggregating as necessary [162]), translating data variables to visual vari‐

ables (e.g., setting thepositionof adatapoint bymappingdata todesired x and y axes [116]),

and transforming the visual encodings to convey a meaningful message (e.g., applying

appropriate scaling functions or applying creative visual metaphors [167] to facilitate in‐

terpretation). All of these components make up the broad notion of a visualization con-

struction ability.

Although there aremany steps involved in visualization construction, one of its core

components is selecting appropriate visual mappings [34]. We designate a person’s ability

to appropriately map data to visual channel(s) for effectively answering data-relevant questions

their visual encoding ability. This ability, which is governed by established visualiza‐

tion principles [116, 34] and rules (e.g., the Grammar of Graphics [163]) and common to

all visualization design, is critical for constructing well‐formed visualizations and for vi‐

sualization creators to master. We therefore focus on the visual encoding ability as a first

step in systematically assessing construction‐related abilities.

The complexity of visualization construction also translates into challenges inmea‐

suring construction‐related abilities. The traditionalmultiple‐choicequestion format can‐

not accurately represent the design space a visualization creator has to work with. Visu‐

ally encoding data requires a designer to appropriately apply grammatical rules of visu‐

alization design and consider multiple data variables and visual encodings at once; the

design space quickly explodes to thousands of possible combinations of data mappings.

This combinatorial nature is inherent to selecting appropriate visual encodings and must
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also be present in measurements of such abilities.

To create an assessment of the visual encoding ability in visualization construction,

we:

1. Created 9 initial items tomeasure the visual encoding ability. To create the items,

we first constructed an item design space consisting of 3 visualization tasks and 8

chart types. We used it to generate 38 candidate constructed‐response items, each

of which asks the test‐taker to create a visualization for answering a true‐or‐false

(T/F) statement about a dataset. We selected the 9 items that make up the initial

item bank by varying the number of necessary data variables, mark types, and size

of datasets.

2. Developed a web‐based assessment tool that can support the combinatorial na‐

ture of selecting appropriate visual encodings. This tool allows test‐takers to cre‐

ate awide variety of visualization answers for the items, while still being easy to use

without requiring prior knowledge of a specific visualization tool or programming

language. This ensures that differences in test‐takers’ scores are due to differences

in their abilities and not the usability of the tool, which contributes to the validity

of the assessment.

3. Created an autograder based on expert scores of visualization answers to our

assessment items. We invited an expert panel of 17 Information Visualization re‐

searchers to assess the content validity of candidate items and provide grading cri‐

teria for clusters of similar answers to the items.

4. Conducted test tryout to assess the quality of our items and to refine the auto‐

grader. Ninety‐five online participants used our web‐based assessment tool to an‐
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swer the 9 candidate items in a test tryout study. We used Item Response Theory

(ıRT) analysis to measure how easy or difficult each item is and how reliably each

item separates people of different abilities. We also used the test tryout data to re‐

fine the autograder and assign final grades to participants’ answers.

5. Refined the bank to a final set of 8 constructed‐response items, which have high

content validity, have varying difficulty, and can differentiate people of different

levels of ability. Wefinalized the item bank of AVEC using feedback from the expert

panel and results of the ıRT analysis, removing one item with low content validity

and high variance in experts’ scores.

Reflecting on our efforts to go beyond multiple‐choice formats, AVEC demonstrates the

importance of and the complexities involved in measuring higher‐level abilities in visu‐

alization literacy. Dealing with these complexities necessitates a line of future research

that could transformboth theways that we assess visualization skills and our understand‐

ing of visualization literacy.

5.2 RelatedWork

5.2.1 Item Formats BeyondMultiple Choice

Existing assessments of visualization literacy often use multiple‐choice items [26, 106,

72, 130, 55, 56]. However, simply choosing from a short list of answers is not an accu‐

rate representation of construction‐related abilities, and thus is not a format that can suf‐

ficiently support measuring the ability to appropriately map data to visual channel(s).

Constructed‐response items, on the other hand, require a test‐taker to “generate an an‐

swer rather than select from a short list of options” [15]. They are often used to measure
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higher‐level and more complex skills in literature, mathematics, and music [111]. While

these items can better capture the skill of interest, they are harder to grade. The Ed‐

ucational Testing Service (ETſ), for example, recognizes this and has applied automated

scoring to support the grading of the constructed‐response items [111]. In the context of a

visualization assessment,wemight opt touse a computer‐mediated constructed‐response

item format, rather than purely asking test‐takers to draw visualizations by hand, for ex‐

ample. Allowing test‐takers to directly control the mapping of data variables to visual

encodings serves as a proxy to hand‐drawing visualizations and also preserves the com‐

binatorial nature of selecting appropriate visual encodings (moredetails in Section 5.3.3).

5.3 Test Development: Items and Assessment Tool

Visual mappings are a core component of both the visualization reference model [34] and

visualization grammar [163], making them essential for visualization creators to master.

Wedub the ability to appropriatelymap data to visual channel(s) for effectively answering data-

relevant questions a person’s visual encoding ability, and focus on developing an assessment

that measures this ability. We aim to design the assessment for non‐experts, including

members of the general public and students who are beginning to learn how to construct

visualizations.

Weuse constructed‐response items inour assessmentbecause generating ananswer—

rather than choosing from a short list of answers—aligns better with the combinatorial

nature of mapping data to visual channels. An item of AVEC consists of a constructed‐

response question that asks the test‐taker to create a chart for answering a true‐or‐false

(T/F) statement about a dataset. The format of each item is as follows:
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Table 5.1: The data variables in each dataset. The size of the dataset for each itemmay be different,
but each item asks about a subset of these variables.

Data variable Description

Date
A recorded date (year‐month‐date) to track daily
spending, income, or savings.

Month The month.

Year The year.

Income The amount of income ($) on each recorded date.

Savings The amount of savings ($) on each recorded date.

Spending
The amount of spending ($) on each recorded date. In
this hypothetical dataset, the person spendsmoneyon
only one spending category each day.

Spending category Daily spending category: Entertainment, Food, Trans‐
port, or Utilities.

”Create the best chart to use to determine whether this statement is true: [T/F

statement]”.

Thus, for a diverse bank of items, we need a set of T/F statements whose reasonable vi‐

sualization answers cover a diverse set of commonly‐used visualization tasks and chart

types (Section 5.3.1 and Section 5.3.2). Additionally, the items must be administered via

an easy‐to‐use assessment tool that also supports the combinatorial nature of selecting

appropriate visual encodings (Section 5.3.3).

5.3.1 Item Design Space

To systematically generate a set of suitable candidate T/F statements that will allow for a

diverse set of visualization answers, we created a design space composed of a variety of

visualization tasks and chart types.
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Visualization Tasks

We started with the initial set of 8 tasks from VLAT [106], whichwas designed to assess the

visualization interpretation ability of the general public. We excluded 2 tasks that are

lower‐level (involving local point judgements) to focus on higher‐level tasks (involving

visual patterns with many data points), because the visual encoding ability that we in‐

tend to measure involves whether people can create an appropriate visual form to answer

a data‐relevant question. Specifically, we excluded Retrieve Value and Find Extremum be‐

cause they are single‐point judgements, so we consider them lower‐level. Additionally,

we aimed to create a diverse set of items that would lead test‐takers to construct a va‐

riety of visualization types. To this end, we merged tasks that would generally lead to

similar visualizations. Namely, we merged Determine Range, Find Anomalies, and Find

Clusters into Describe Distributions.1 We kept the remaining 2 tasks from the original set

of 8 as‐is (i.e., Find Trends / Correlations and Make Pattern Comparisons) because they are

higher‐level tasks and are distinct from the task of describing distributions. As a result,

our reduced set contains 3 tasks:

• Describe Distributions: describe the spread of the values of a variable and/or how

frequently different values occur.

• Find Trends / Correlations: find the relationship between two variables or how a vari‐

able changes over time.

• Make Pattern Comparisons: compare patterns (e.g., data distributions, trends, or re‐

lationships) in the dataset.
1We renamed the original Characterize Distribution from VLAT to better reflect this merged set, which in‐
cludes tasks related to describing the spread of data values rather than only characterizing distributions.
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Chart Types

To identify a set of chart types that the visualization answers should cover, we started

with a set of 12 chart types from VLAT [106]. We aimed to compile a diverse set of chart

types that cover our set of 3 tasks and can support varying the difficulty levels of items

in the bank. However, for usability purposes, we also wanted to keep our assessment

tool’s interface consistent across items so that test‐takers do not have to learn different

interfaces for different items—in order to reduce the influence of the interface on a test‐

taker’s performance. Out of the 12 initial chart types, a majority of chart types have x and

y axes, which could be kept consistent across items. Thus, we retained 8 Cartesian chart

types,2 as this would allow us to have a diverse set of chart types while maintaining a

consistent chart‐creation interface. Our resulting set contains 8 total chart types,3 and

each supports a maximum of 4 encoding channels (i.e., x‐axis, y‐axis, color, size).

5.3.2 Item Generation

We generated one T/F statement for each candidate item using the item design space.

For all T/F statements, we used a dataset in the context of personal finance, because this

topic is relevant to most people. We generated datasets of varying sizes (e.g., a year’s or

a month’s data) to introduce some diversity between items, but all of the datasets contain

the same set of data variables, as described in Table 5.1. Each T/F statement asks about a

subset of the variables in this dataset. This reduced the need for test‐takers to learn new

datasets during the assessment: how well one can get familiar with a new dataset is not

necessarily part of our measure of the ability to map data to visual channels.
2Between stacked bar chart and 100% stacked bar chart, we only kept stacked bar chart. Because of their
similarity, keeping both would add little value to having a diverse set.

3The 8 chart types are bar chart, stacked bar chart, histogram, line chart, scatterplot, bubble chart, area
chart, and stacked area chart.
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ID True-or-false statements Mark Types

Daily income rarely went over $300.

Total monthly utilities spending was generally lower than $300.

Total yearly spending rarely exceeded $10,000.

Daily spending often fluctuated between about $10 to about $30.

Daily savings was generally higher when income was higher.

Total monthly utilities spending strictly decreased from Jul to Oct.

The number of times that daily spending was around $50 increased from 2020 to 2023.

The range of daily transport spending was wider than food spending.

Daily food spending consistently decreased at the same rate as transport spending.

Task

DD.1

DD.2

DD.3

FTC.1

FTC.2

FTC.3

MPC.1

MPC.2

MPC.3

Figure 5.1: The set of T/F statements in our initial item bank. Each statement has its own set of
mark types thatwe think aremost relevant based on its relevant data type(s) and task, which covers
a variety of chart types.

Wefirst generated T/F statements with a differing number of necessary data variables

(i.e., variables that must be visualized to answer the T/F question correctly) for each com‐

bination of visualization task and chart type. This was our attempt at generating items

with varying difficulty. The ultimate difficulty of these items will be determined by ıRT

analysis (Section 5.6.5). For 6 of the 8 chart types, we generated two candidate T/F state‐

ments per combination of task and chart type, resulting in 36 items (2 items × 6 chart

types× 3 visualization tasks). For stacked bar chart and stacked area chart, we generated

one candidate T/F statement each (under the task of Make Pattern Comparisons), because

they require three and only three necessary variables. Thus, we created 36+2 = 38 candi‐

date T/F statements. We referred to a summarization of suitable chart types for different

data types by authors of VLAT [106] and inferred the set of most relevant mark types for

eachT/F statement. For instance, scatterplots are less likely to be useful for itemswith T/F

statements that require yearly aggregations, and line charts are more likely to be useful
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for T/F statements that require order in the data (e.g., trend over time).

We then reviewed the set of candidate T/F statements and noticed redundancies

that involved the same type of statement that only differ in the quantitative variable of

interest (e.g., “[quantitative variable] rarely went over [numeric value as threshold]”). To

remove redundancies and ensure a variety of items, we selected T/F statements fromeach

visualization task category while ensuring a diverse set of relevant chart types,4 a varying

number of necessary variables, and a varying size of datasets. This allowed us to arrive

at a set of T/F statements that can lead to a diverse set of visualization answers that also

cover all 3 visualization tasks. The result is a set of 9 items, with 3 items per task, as shown

in Figure 5.1.

5.3.3 Assessment Tool

We need an assessment tool that is easy to use, able to support the combinatorial nature

of selecting appropriate visual encodings, and expressive enough to allow test‐takers to

construct a good answer to the items. This led to the following design considerations:

• (DC.1) Does not require coding expertise: The target test population for AVEC in‐

cludes non‐experts in visualization, so we cannot assume they have any program‐

ming experience.

• (DC.2) Easy to use: Our goal is to assess visualization‐related abilities, not expertise

with the interface—therefore we need an assessment tool that non‐experts can pick

up quickly with little training. This will help ensure that differences in test‐takers’
4We did not end up including T/F statements from bubble chart combinations due to a conflicting property
of such T/F statements: the statements tend to be overly long and difficult to parse, but the visualization
answer always includes all 3 of the quantitative variables in the dataset, which can make it easy to arrive
at the answer.
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(I) (II) (III)
Test-takers start from a blank 
workspace. Channel drop-downs are 
placed at their typical axis or legend 
location for familiarity.

Each drop-down contains all data 
variables described in Table 1. The 
drop-downs for the x and y axes also 
contain a “Count of Records” option 
to support histograms.

After test-takers click "Next", they 
answer the T/F question and provide 
reasoning for their answer.

A

B

C

Figure 5.2: The interface of the assessment tool, which displays the item’s question text (A) and
includes an interactive area for constructing the visualization answer that allows test‐takers to
select their desired mark type (B) and contains drop‐downs (C) to control the mapping between
data to visual channels. On a separate page after a test‐taker constructs their answer, they are
asked to select an answer for the T/F question.

scores are due to differences in their abilities and not the usability of the tool.

• (DC.3) Familiarity of user interface: Similar to the previous consideration, we do

not want our measurement confounded by a test‐taker’s familiarity with a specific

visualization tool—therefore, we require an interface that is familiar to a broad set

of users (e.g., one which uses standard UI widgets).

• (DC.4) Consistency across items: An assessment interface that is consistent across

items reduces the need for the test‐taker to learn new parts of the interface during

the test, reducing noise in our measurement.

• (DC.5) Expressive: Even though we need to keep the assessment interface simple,

it must be able to support the construction of a wide variety of chart types to give

test‐takers the flexibility to construct visualization answers of varying quality.
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We went through an iterative design process to develop an assessment tool that meets

all of the above design considerations. To broaden the user group for our assessment,

we eliminated the need for programming experience by keeping controls at a high level:

users only need to decidewhich visual channels theywant tomap data variables to (DC.1).

Behind the scenes, we manipulate Vega‐Lite [145] specifications according to the test‐

taker’s desired mappings. The color schemes we used are color blind safe.5

Early versions6 of the interface included individual controls in a drag‐and‐drop for‐

mat (similar to visualization tools like Tableau) for different data transformations (e.g.,

binning, sorting, mean, sum, count), scale transformations (e.g., reversing or truncat‐

ing scales), and a larger set of encoding choices (e.g., sequential, diverging, qualitative

colors). However, when piloting the interface, we found that the drag‐and‐drop features

were too overwhelming for some users to navigate and were difficult to learn through

short training. As our goal was to create an interface that did not require extensive train‐

ing (DC.2) and which did not simply measure a user’s familiarity with some particular

visualization tool (DC.3), we changed the interface to use more typical drop‐down wid‐

gets and refined our scope to focus on visual mappings, the core component of the visu‐

alization referencemodel [34]. We refined the tool to support a maximum of 4 encodings

(x‐axis, y‐axis, color, and size) and 4 mark types, which together determine the resulting

chart type. The 4 mark types are bar (for bar chart, stacked bar chart, histogram), line

(for line chart), point (for scatterplot, bubble chart), and area (for area chart, stacked area

chart) (DC.5, Figure 5.2.B).

In the refined version of the assessment tool, we automatically apply aggregation
5See supplemental materials for the results from Adobe’s color accessibility checker: https://osf.io/h
g7kx.

6See supplemental materials for details of early iterations: https://osf.io/hg7kx.

https://osf.io/hg7kx
https://osf.io/hg7kx
https://osf.io/hg7kx
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functions for the purpose of supporting the creation of all of the chart types in our design

space. In cases where the desired chart type requires aggregation, we manipulate Vega‐

Lite specifications to apply aggregation depending on the selection ofmark types anddata

variable types. We included 2 aggregation functions:

• count is included to support histograms. If a test‐taker selects the Count of Records

option for one of the positional axes, then we apply the count aggregation and bin

the variable on the other axis.

• sum is included to support stacked bar and stacked area charts. If a test‐taker se‐

lects a bar or area mark, maps a categorical variable to one of the positional axes

and/or color and/or size, andmaps a quantitative variable to the other axis, then we

automatically sum the quantitative variable within combinations of the categorical

variables.

Having a minimum set of built‐in aggregation functions simplified the interface com‐

pared to earlier prototypes, which required test‐takers to manually specify aggregation

functions, but which participants found difficult to learn in pilots (DC.2). We further

discuss the importance of the role of the assessment tool in measurements of complex

construction‐related skills in Section 7.1.

Throughout the assessment, we display each item in the same format for consis‐

tency (DC.4, Figure 5.2.A): the question text followed by an interactive area for the test‐

taker to construct their visualization answer (Figure 5.2). We placed the drop‐downs close

to the channel they control (or, for color and size, where their legendsmight often appear

on simple charts), taking advantage of familiar spatial associations (DC.3, Figure 5.2.C).

On a separate page, after the test‐taker constructs the chart, we ask them to select the



97

answer to the T/F question and provide their reasoning (Figure 5.2.III). We included this

for us (and future test administrators) to use as a resource to revise the T/F statement if

needed, but the test‐takers’ answers to the T/F questions do not affect the assessment of

their visual encoding ability.

5.4 Test Development: Visualization Answers

The combinatorial nature of selecting appropriate visual encodings implies there should

be a large number of possible answers of varying quality for each item in our assess‐

ment. Unlike the traditional multiple‐choice format—where the correctness of the an‐

swer is binary—we need a grading approach that allows test administrators to evaluate

the quality of a broad spectrum of possible visualization answers.

It would be time‐consuming to manually grade each possible visualization answer

our assessment tool cangenerate. Therefore,webuilt an autograder for each item. Specif‐

ically, we (1) generated the complete set of possible visualization answers (as Vega‐Lite

specifications) to each question (Section 5.4.1); (2) used established rules and design prin‐

ciples from the literature [40, 116] to eliminate nonsensical answers, which will receive

the lowest score (Section 5.4.2); (3) grouped the remaining answers into clusters we be‐

lievemight receive similar scores from experts (Section 5.4.3); (4) randomly selected visu‐

alization answers from each cluster to form representative sets of visualization answers

for each item. These representative sets of answerswill be scored by an expert panel (Sec‐

tion 5.5). These expert scores will allow us to refine clusters (if needed) and will serve as

the basis for our autograder.
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5.4.1 Complete Sets of Visualization Answers

Our assessment tool, as explained in Section 5.3.3, gives test‐takers the flexibility to map

7 data variables to 4 encoding channels and choose among 4 mark types. The test‐taker

manipulates each encoding channel through a drop‐down list and is allowed to leave any

channel “empty”. Thus, with the “empty” option, there are (4 mark types × 8 options on

x‐axis× 8 options on y‐axis× 8 options on color× 8 options on size) 16,384 combinations.

In addition to data variables, test‐takers can also map Count of Records to one positional

axis and a data variable to another to create histograms. This generates an additional (4

mark types × 7 data variables on x‐axis × 8 options on color × 8 options on size) 1,792

combinations,7 yielding 16,384+ 1,792 = 18,176 possible visualization answers for each

item.

5.4.2 Initial Elimination

Itwould be impractical to ask the expert panel to rate the complete set of 163,584 visualiza‐

tion answers (18,176 answers for each of the 9 items), sowe reduced the set of visualization

answers for each item using the following criteria:

• Whether all of the necessary data variables for that item are in the visualization

specification: Visualizations that do not contain all of the variables asked about

in the T/F question statement would not be able answer that item, so we eliminate

these answers.
7We fixed Count of Records to the y‐axis when generating the combinations because versions with Count of
Records on the x‐axis would be redundancies that add little value to summarizing the grading rubric, which
were combinations we could eliminate immediately to reduce the answers under consideration.
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• Whether the visualization passes the linter rules: We reviewed linter rules from

VizLinter [40] and only included the rules that pertain to the functionalities of our

assessment tool. For example, the rule of not using both bin and aggregate on the

data at the same time was excluded because our assessment tool automatically bins

or aggregates depending on the data variable mapped, so it would not be possible

to violate this rule. As a result, we curated the following three rules to use for this

initial elimination:

– Use different fields for x‐axis and y‐axis

– Use no more than one continuous data in the x and y channels for mark ‘bar’

and ‘tick’

– Mark ‘bar’, ‘tick’, ‘line’, ‘area’ require some continuous variable on x or y

Additionally, the assessment tool allows for some combinations of mark type and

data variable mappings that would lead to visualizations that make it theoretically impossi-

ble to answer the corresponding T/F question; we eliminated these answers. For example,

visualization answers that use the bar or areamark and containMonth or Year were elim‐

inated for items that ask about correlation between daily values of two variables (FTC.2),

as aggregating by Month or Year would not allow the test‐taker to judge daily correlation

(see supplemental materials8 for a representative theoretically impossible answer for each

rule). The visualization answers eliminated during this phase are of poor quality.

In total, 160,475 visualization answers failed the initial elimination criteria, leaving

3,109 answers that must be graded (see Figure 5.3 for a breakdown by item).
8https://osf.io/hg7kx

https://osf.io/hg7kx
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16,921
Clusters (no particular order)
24 4 30 30 60 60 72 6 52 14 256 78 128 2 40 10 18 54 50 6 12 9240

Eliminated
DD.1
QID

18,144 2 9 9 4 2 2 2 1 1DD.2

17,940 20 1 1 28 2 18 1 1 112 10 1 1 2 1 1 4 1 1 6 222DD.3

17,785 12 24 22 13 54 60 22 96 30 6 6 8 32 2 22MPC.1

17,880 72 6 14 78 2 40 10 18 50 6FTC.1

17,648 4 204 60 4 64 64 78 50FTC.2

17,931 28 2 10 14 2 28 30 110 2 18 1MPC.2

18,126 18 2 9 9 4 2 2 2 1 1FTC.3

Figure 5.3: The left‐most column in gray indicates the number of answers that were initially elim‐
inated for each item. The set of numbers in colored boxes indicates the number of visualization
answers that were in each item‐specific cluster. The clusters are unordered; we use the expert
scores to determine the relative order after conducting the expert panel (Section 5.5).

5.4.3 Answer Clusters

It would still be impractical to have experts rate all 3,109 remaining non‐eliminated an‐

swers. Instead, we first created clusters of visualization answers that we consider to be

similar to each other, have experts score answers sampled from those clusters, then build

our autograder based on those scores.

To build the clusters, we first partitioned the visualization answers to each item into

broad clusters using high‐level rules, such as Do core quantitative variable(s) use positional

encodings?. We thenbuilt a tool to display all of the visualization answers in a given cluster,

which allowed us to quickly look through clusters and judge their quality and similarity.

The authors reviewed all clusters independently, then iteratively refined the clusters and

high‐level clustering rules, reaching consensus after regular discussion. The resulting

high‐level rules closely aligned with prior work on the ranking of perceptual tasks [116].

Next, we split the initial broad clusters into smaller clusters based on our judgments
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of the effectiveness and expressiveness of the visualizations. For example, a scatterplot

with both necessary quantitative variables on positional axes is more effective for judg‐

ing correlation than a plot with both variablesmapped to color and size channels (FTC.2).

Thus, we split the broad clusters based on properties of answers that could impact the vi‐

sual form of the visualization: mark type, what data type ismapped to the encoding chan‐

nels, and (for stacked bar or area) the orientation of the chart (orientation of a stacked

bar can affect whether a subgroup of interest is aligned to the baseline, and therefore the

difficulty of estimating values from that subgroup).

While forming the clusters, we further identified visualization answers that make it

practically impossible or extremely difficult to answer the question statement and elimi‐

nated them based on item‐specific rules. For example, it would be practically impossible

to determine the correlation between two quantitative variables if the mark type is bar

and one of the necessary quantitative variables is mapped to the size channel instead of

the positional axis (FTC.2).

The resulting clusters for each item represent sets of visualization answers that we

would expect to receive similar scores. However, we wanted to both validate our cluster‐

ing and receive broader expert input to determine final scores. Therefore, we formed an

expert panel to collect experts’ scores on answers sampled from these clusters.

5.5 Expert Panel

The goal of the expert panel is threefold: (1) collect expert ratings of relevance to compute

the content validity index (CVı) of each item (CVı is ameasure of howwell an itemon a test

measures what it is intended tomeasure [131]); (2) gather expert criteria for assessing the
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quality of the visualization answers in order to validate our clustering scheme; and (3) use

experts’ scores of visualization answers sampled from our clusters to build autograders.

We recruited 17 researchers in Information Visualization who have obtained (N = 13) or

are obtaining (N = 4) a doctorate.

The expert panel was conducted on Qualtrics. For each item, we generated 5 repre‐

sentative sets of visualization answers. This was to have the expert panel rate a variety of

samples. Each representative set contained one answer from each of its item’s clusters,

selected at random (see Section 5.4.3 and the breakdown of clusters by item in Figure 5.3).

Each expert was randomly assigned 3 items from the set of 9, then shown one represen‐

tative set of answers for each item they were assigned. We ensured that each item was

seen by at least 5 experts, which is important for the purpose of computing the content

validity index.

We asked each expert to (1) rate the relevance of each question statement to assess‐

ing a test taker’s ability to create a visualization that serves that item’s corresponding task,

(2) score each visualization answer on a scale from 0 (poorly designed and unable to an‐

swer the question) to 100 (well designed and able to answer the question); this yields a

holistic judgment of answer quality, which we later use to build our autograder, and (3)

explain their grading criteria.

5.5.1 Content Validity of AVEC

The content validity index (CVı) is ametric that uses expert ratings to assess howwell test

items measure what they are intended to measure. The CVı is typically calculated from

relevance ratings on a 4‐point scale and is the proportion of experts who rated an item 3

(quite relevant) or 4 (highly relevant) [131]. Items with a CVı below 78% are candidates for
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revision [131]. We use CVı in conjunction with ıRT analysis in Section 5.6.6 to finalize the

item bank.

In our expert panel, if an expert rated the relevance of an item below 3, they were

asked to provide free‐text comments to explain their reasoning. We used their comments

to evaluatewhether the revision for the itemwould beminor; ifminor, the itemwould not

require a second round of expert review [131]. Two items were candidates for revision:

• DD.3: “Total yearly spending did not exceed $10,000 in 2020” (CVı: 0.33, task: De-

scribe Distributions). Several experts mentioned that DD.3 only asks for one specific

aggregated value, which would not need a distribution of values. Thus, we made

a minor wording revision to better align the statement to its intended task: “Total

yearly spending rarely exceeded $10,000”. This way the question does not focus on

one particular year.

• MPC.2: “The number of times that daily spending was around $50 increased from

2020 to 2023” (CVı: 0.67, task: Make Pattern Comparisons). Experts’ comments did

not suggest particular wording changes to the T/F statement, and 4 out of 6 experts

rated it a 3 or 4, so we kept it as a candidate for revision and defer to the results from

test tryout (Section 5.6.5) for the final verdict.

The remaining seven items have a CVı of at least 80%.

5.5.2 Qualitative Analysis of Grading Criteria

To better understand the experts’ scoring rules, and to validate (or if needed, refine) our

initial clustering of answers, we asked the experts to provide free‐text responses to ex‐

plain their grading criteria for the visualization answers. We coded their responses and
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Do core quantitative variable(s) use 
positional encodings?

Are there encodings that are potentially 
distracting or misleading?

Does the temporal variable use positional 
encoding when order is necessary?

High-level rules

Stratify by ...

what data type is mapped to 
visual channels

Expert Grading Criteria

Whether necessary variables prioritize 
positional axes

Whether there are irrelevant encodings

Whether time is on the x-axis

Whether data type is appropriate for the 
visual channel

Whether the mark type is best suited for 
the underlying task 

Whether the rotation of chart aligns important 
segments to the baseline

Whether there is overplotting or visual clutter

Whether there is proper aggregation 

Initial Elimination (Sec 4.2)

Broad answer clusters 
(Sec 4.3)

Answer clusters (Sec 4.3)

what mark type is selected

rotation of stacked bar or area charts

Figure 5.4: The mapping between our clustering rules and expert grading criteria. Each grad‐
ing criterion could be mapped to one or more clustering rules we applied to cluster visualization
answers of similar quality. This mapping suggests that our clusters capture the meaningful dif‐
ferences between answers that experts were using to form their holistic grades.

compared them against our clustering rules. If each expert criterion can bemapped to at

least one of the clustering rulesweused, then it suggests that our clusterswere reasonably

partitioned and captured the meaningful differences between visualization answers.

Coding Process

Two of the authors independently examined these comments and assigned codes to sum‐

marize each expert’s grading criteria. The two coders then discussed their codes for each

comment, resolved differences and ambiguities, and created a final consensus codebook

and consensus labels for experts’ grading criteria.9 Using the grading criteria codebook,

we categorized the codes at the item level as item‐specific rules, which we then use to

assess the rules we applied for clustering visualization answers of similar quality. This

ensures that our clusters are not missing some meaningful differences between answers
9The codebook is in supplemental materials: https://osf.io/hg7kx.

https://osf.io/hg7kx
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that experts are using to form their holistic grades.

Results

We found a total of eight recurring grading criteria in the experts’ comments across all

items, and each criterion can bematched to one ormore rules that we first used to divide

the visualization answers into clusters (see Figure 5.4). While some of thesemappings are

straightforward (e.g., whether the rotation of chart aligns important segments to the baseline

is captured by the clustering rule rotation of stacked bar or area charts), a few depend on

properties of our data or our tool. For example, in our datasets visual clutter most often

occurred when a categorical variable is mapped to bar size, leading to overlapping bars

of varying sizes, so the grading criterionwhether there is overplotting or visual clutter is cap‐

tured by the clustering rules what data type is mapped to visual channels, what mark type is

selected, and are there encodings that are potentially distracting ormisleading. As explained in

Section 5.3.3, we apply aggregation based on the selection ofmark types and data variable

types, so the grading criterion whether there is proper aggregation is captured by the clus‐

tering rules what data type is mapped to visual channels and what mark type is selected. The

expert grading criteria corroborated the rules we used for clustering answers of similar

quality, which suggests that our clusters do capture the meaningful differences between

answers. Thus, we proceed to use these clusters and expert scores as a basis for devel‐

oping an autograder to grade visualization answers (Section 5.5.3) and further refine the

autograder with participants’ data from test tryout (Section 5.6.2).

5.5.3 Development of Initial Autograder

We develop an initial version of the autograder based on scores from the expert panel.

We later refine and finalize the autograder using test tryout data in Section 5.6.
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5.5.3.1 Holistic Grading

Existing approaches for grading constructed‐response questions can be separated into

two classes: holistic and analytical [111]. Although both approaches are based on guide‐

lines (e.g. a rubric), the holistic approach is more top‐down and aims to make a single

judgement about the answer as a whole, while the analytic approach is more bottom‐up,

accumulating points based on specific features of the answer [111]. We used the holistic

approach for grading the visualization answers, because it can better capture the quali-

tative differences between visualizations (e.g., two visualizations that both pass the same

analytical rule of mapping necessary variables may still differ qualitatively depending on

the chart type or the specific orientation of the chart).10 Thus, we asked experts to score

answers on a single scale from 0 (poorly designed and unable to answer the question) to

100 (well designed and able to answer the question).

5.5.3.2 GradingMechanism: Developing a Z‐Score Lookup Table

To remove idiosyncrasies in experts’ scoring (e.g., tendencies to use only one end of the

scale), within each expert we standardized their scores into Z‐scores using the mean and

standard deviation of their scores. To compare the scores across items, we further stan‐

dardized the expert‐level Z‐scores by transforming them into item‐level Z‐scores using

the mean and standard deviation of the experts’ Z‐scores for each item.

We then examined each item‐specific cluster of answers that experts scored. For

each cluster, if the variance of the Z‐scores for the answers was relatively low (meaning

there are not much disagreements between experts’ scores), then we assigned the mean
10We originally planned to grade each visualization answer holistically and analytically, but opted to just
holistically because we reviewed the cluster‐specific scores (Section 5.5.3.2) and found the holistic scores
experts gave already took the important properties of the question, underlying task, and data into consid‐
eration.
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Z‐score as the final Z‐score for all visualization answers in that cluster. If the variancewas

high (meaning there are some disagreements between experts’ scores), we referred to the

experts’ text responses on their grading criteria aswell as our own judgment to determine

if the disagreement warrants (1) further dividing the cluster, (2) merging the cluster with

another similar and relatively lower‐variance cluster, or (3) keeping the cluster as‐is and

assigning the mean Z‐score as the final Z‐scores for the cluster. We also looked through

the clusters ordered by their mean Z‐scores to see if the relative order of scores reflects a

reasonable ordering of the quality of the visualizations.

5.5.3.3 Results

After examining all 116 clusters across the 9 items, we identified and merged 2 pairs of

clusterswhere one of the clusterswithin the pair hadhigher variance but the other cluster

of the pair contained visualization answers of similar quality and had lower variance. We

noticed that item MPC.2 had an especially high variance within several clusters that we

believe reflected substantive disagreements between experts’ scoring schemes, and we

identified several instances of mean Z‐scores for clusters on that item that would imply

a relative ordering of answer quality that we disagreed with. We decided to keep MPC.2

provisionally for test tryout and re‐examine this item after ıRT analysis in Section 5.6.

Our initial autograder contains 114 clusters,11 each with its own corresponding Z‐

score, which becomes the lookup table for automatically assigning scores to visualization

answers. We further refine the autograder after collecting test tryout data, describednext.
11Afterwe conducted item analysis using test tryout data, we decided not to includeMPC.2 in the final bank.
Therefore, there is a total of 103 clusters with their associated Z‐scores in the lookup table after removing
clusters corresponding to MPC.2.
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5.6 Test Tryout

We tried out our 9 test items to refine the autograder and conduct ıRT analysis. We then

used the item analysis results along with evidence from Section 5.5 to finalize the item

bank.

5.6.1 Participants and Procedure

We recruited 100 participants from a Prolific pool with people who are aged 18 to 65, are

fluent in English, andhavenormal or corrected‐to‐normal vision. The studywas expected

to take 30minutes, and participantswere compensated 6USD for successfully completing

the study. We filtered out three participants who did not complete the study and two par‐

ticipants who failed all of the attention check questions. The 95 remaining participants

consisted of 50 males and 45 females aged 18 to 54.

At the beginning of the survey, we presented the consent form to all participants,

which described what to expect in the study. The study contained two sections: the train‐

ing section and the main section.12 The training section included five training questions

which asked participants to reproduce charts using the assessment tool. Participants

must correctly answer all training questions in order to proceed. Afterwards, partici‐

pants were asked to fill out the System Usability Scale (ſUſ) [28]. We used the ſUſ to de‐

termine if the assessment tool is easy to use (DC.2), which helps ensure that differences

in test‐takers’ scores are due to their ability and not the usability of the tool.

The main section included all 9 items from our item bank and 2 attention check

questions. Item order was randomized. For each item, participants were asked to create
12The demo video of the assessment tool participants used and a live demo link are both documented here:

https://osf.io/hg7kx/.

https://osf.io/hg7kx/


109

the best chart for determining whether a T/F statement is true. Then, they were asked to

use the chart they created to select an answer for the T/F question and provide their rea‐

soning. The participantswere instructed that they could not go back once they proceeded

to the next item. We designed the attention checks to ensure there was no room for mis‐

interpretation if the participant had paid attention, following the format of Instructional

Manipulation Checks (IMCs) [125]. Each attention check question explicitly instructed

participants to select a specific mark type, drop‐down value(s), and T/F answer.13

5.6.2 Autograder Refinement and Final Scores

We assigned initial grades to participants’ answers using the Z‐score lookup table from

Section 5.5.3.3. That is, our autograder assigned each answer the Z‐score from its corre‐

sponding cluster. If a visualization answer was eliminated during the initial elimination

phase (Section 5.4.2), the autograder assigned it a score of ‐2, which is less than the min‐

imum autograder score (‐1.22) and is (by definition) two standard deviations below the

mean, indicating a visualization of poor quality. Using ‐2 as the lowest autograder score

also helpsmake the score distribution roughly symmetrical (the highest autograder score

is 1.81).

Next, to refine the autograder and generate final grades for participants’ answers,

weexaminedeachvisualizationanswer that receivedaZ‐score of ‐2 to identify anyquestion‐

specific edge cases that should instead be merged into one of the existing clusters. As a

result, we merged 8 types of edge cases into another cluster:

• One edge case was associated with FTC.1, which involved a rule that governedmap‐

ping quantitative variables to the color channel withmark area. This usually caused
13See supplemental materials for the exact attention check questions: https://osf.io/hg7kx.

https://osf.io/hg7kx
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Figure 5.5: Distributions of Z‐scores of participants’ answers alongside examples of the lowest‐
scoring, about average, and highest‐scoring visualization answers from test tryout for each item
in the final bank. The lowest‐scoring examples are the lowest test tryout Z‐scores greater than ‐2.
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the visualization specifications to be unrenderable on the interface due to having

too many colors. FTC.1, however, used a smaller dataset that made it an exception

to this rule.

• Two cases were associated with MPC.1. In one case, the necessity of data variables

varied depending on mark type (“Date” became a necessary variable along with

“Spending” and “Spending Category” when the mark type is line, because without

“Date” the line would inappropriately connect the data points in each spending cat‐

egory). In the other case, a visualization answer had been eliminated based on the

linter rule of Use different fields for x-axis and y-axis, which actually did not result in

a poor visualization because the task for MPC.1 (making spending range compar‐

isons) is still doable if “Spending” was mapped to both positional axes with mark

point. This suggests that visualization linters must be used with caution and the

relevance of the linter rules may vary depending on the context and question of

interest. See supplemental materials14 for the visualization examples.

The other 5 out of 8 edge cases are associated with MPC.2.15 After the autograder refine‐

ment, we reran the autograder to assign final Z‐score grades to the visualization answers

from test tryout. Figure 5.5 shows each item in the final bank alongside distributions of

Z‐scores of participants’ answers and example visualization answers of varying quality

from test tryout.
14https://osf.io/hg7kx
15Because we ultimately remove MPC.2 from the final item bank during test revision (Section 5.6.6), we
defer details on its edge cases to supplemental materials: https://osf.io/hg7kx.

https://osf.io/hg7kx
https://osf.io/hg7kx
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5.6.3 Bayesian ıRTModel

Model Specifications

The 2‐parameter ıRTmodel has been used by visualization literacy test developers to infer

item easiness (i.e., how easy it is to correctly answer the item) and item discrimination

(i.e., howwell the item can differentiate people of different abilities) of test items [72, 55].

The traditional 2‐parameter ıRT model uses logistic regression, because it assumes that

an answer is graded in a binary way: correct or incorrect. Since our items are graded on a

continuous scale, we modified the traditional ıRT model to instead use linear regression

by changing the response distribution to a Gaussian. We implemented a Bayesian ıRT

model with the brms R package [29].

The outputs of thismodel are posterior distributions of itemeasiness, item standard

deviation, and the ability of each test‐taker. In the context of thismodel, item discrimina‐

tion can be understood as the inverse of the item standard deviation: when the standard

deviation of an item is high, then it cannot easily differentiate people with different abil‐

ities, because there is a lot of variance in people’s scores on that item. Thus, the higher

the standard deviation, the lower the discriminating power of an item. We set the pri‐

ors for the intercept to N (0,1), standard deviations of ability, easiness, and responses to

N +(0,1), and the correlation matrix to LKJ(2).16

Sample Size

To determine the sample size for test tryout, we conducted a pilot study (N = 10) to fit our

modified ıRT model, and used the model to simulate various sample sizes. We found a

sample size of 100 was sufficient for model convergence, had reasonable posterior pre‐
16This model was preregistered on OSF: https://osf.io/hg7kx/.

https://osf.io/hg7kx/
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Figure 5.6: The item easiness estimates and item standard deviation estimates for each item. The
dots in the item easiness and standard deviation coefficient plots represent themedian estimates.

dictive checks, and yielded intervals for the item easiness and standard deviation param‐

eters from the model output that are of similar width to prior work that has also applied

ıRT [72].17

5.6.4 Descriptive Statistics and ſUſ Score

The total completion time in minutes ranged from 8.50 to 64.76 (M = 21.70, SD = 12.61),

suggesting that 30minutes are reasonable to complete the test. The item‐level correctness

of the T/F questions ranged from 0.67 to 0.96 (M = 0.82, SD = 0.10). The participant‐level

correctness of the T/F questions ranged from 0.44 to 1 (M = 0.82, SD = 0.15).

We computed the ſUſ scores for each participant following the established proce‐

dure [28]. The average ſUſ score of participants is 77.76 (SD = 19.80), which is considered

to be in the acceptable range [12]. This provides someevidence thatwewere able to create
17See OSF preregistration: https://osf.io/hg7kx/.

https://osf.io/hg7kx/


114
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Ability (θ)

Figure 5.7: The distribution of the estimated abilities of participants from test tryout.

an interface that is easy to use (DC.2), such that unfamiliarity with the interface should be

less likely to interfere withmeasurement of participants’ visualization encoding abilities.

5.6.5 ıRT Analysis Results

We ran our ıRT model on the test tryout data with final grades of participants’ answers

for the items. The minimum bulk effective sample size is 6,530 and the minimum tail

effective sample size is 6,796, and all R̂ values are approximately 1.

Figure 5.6 shows the coefficient plots displaying both item easiness and standard

deviation (higher values correspond to lower discriminating power), each with 95% and

66% credible intervals (CI) and a dot indicating the median estimate. The median esti‐

mates of the item easiness parameter ranged from ‐0.90 to 1.50, with an average of 0.19.

The median estimates of the item standard deviation parameter ranged from 0.74 to 1.51,

with an average of 1.09. Figure 5.7 shows the distribution of the estimated abilities of par‐

ticipants.
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5.6.6 Final Item Bank

We made a holistic judgment when finalizing the item bank by considering many fac‐

tors [44], including the content validity of an item, howdifficult an item is, its standard de‐

viation compared to other items in the bank, and preserving the diversity of the bank. We

re‐evaluated the two items identified as revision candidates (CVı < 78%) in Section 5.5.1:

• DD.3: we retained the revised item because it has a median easiness of around 1.50,

which contributes to the coverage of a wide range of abilities.

• MPC.2: we removed MPC.2 because it had a low CVı of 0.67, high variance of ex‐

pert scores within answer clusters, and there is one item in the same task category

(MPC.1) that has similar easiness and standard deviation, so removingMPC.2would

not necessarily affect the diversity of the item bank.

The remaining 7 items were retained because they possess at least one of the following

qualities: (1) high CVı, (2) low item standard deviation, or (3) they contribute to the di‐

versity of the item bank. We also calculated McDonald’s Omega [54, 62, 135], a reliability

measure widely used to assess the internal consistency of a test, and found the overall re‐

liabilityωt to be 0.73, which is considered to be acceptable [123]. As a result, our final bank

consists of 8 items, which can serve as a valid assessment of the visual encoding ability

in visualization construction, and the items have varying easiness and can differentiate

participants of different levels of ability.
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5.7 Discussion

5.7.1 Usage Recommendations

Based on our test tryout data, the mean completion time was around 21 minutes (Sec‐

tion 5.6.4). If test administrators prefer a shorter test, they could pick from the item bank

based on their desired item easiness and standard deviation estimates. For instance, if

the target test population is people with lower abilities, administrators could select a set

of items with low item standard deviation at lower‐ability ranges. Or if they would like

to focus on a specific visualization task, such as Describe Distributions, then they could

include only the items pertaining to that task. Items with low standard deviation (corre‐

sponding to high discriminating power in traditional ıRT) should generally be preferred

if one were to select a customized subset, as with prior work on assessment development

using ıRT [72].

Our procedure of developing AVEC could also be extended for test administrators

interested in having a larger item bank. The design space we used to generate the T/F

statements contains redundancies that we removed during item generation, such as T/F

statements that only differ in the quantitative variable of interest (Section 5.3.2). One

could start with the validated items in AVEC then identify other items that might have

similar answer clusters as a way to expand to a larger bank. If answers for the new item

fit into existing clusters, the autograder can automatically grade the answer. Otherwise,

test administrators should reassess the set of visualization answers for the new item(s)

and devise a scoring scheme most appropriate for the context of use.
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5.7.2 Applications of AVEC in Future Research

One obvious area of application for AVEC is facilitating the study of the abilities involved

in visualization literacy, such as the interplay between visualization interpretation and

construction. For instance, AVEC could be used to investigate whether people who can

appropriately map data to visual channels are also better at interpreting visualizations,

and vice versa. Additionally, future work can study howmuch the ability to reason about

potentially misleading visualizations [72] might contribute to construction‐related abili‐

ties such as the visual encoding ability, which can further inform visualization teaching

curricula and the design of interventions for improving a person’s overall visualization

literacy.

Beyond assessing a person’s visual encoding ability, AVEC can also be used to eval‐

uate the effectiveness of interventions designed to improve this ability, such as differ‐

ent curricula in visualization classes, through pre‐post testing. These studies might help

teachers identify areas that need special attention during instruction. Future work could

also explore the potential for AVEC as an educational intervention itself and investigate

whether providing automated and personalized feedback to users through theweb‐based

assessment tool could improve their visual encoding ability.

5.7.3 Alternative Scoring Strategies

Unlike multiple‐choice items, answer correctness on a constructed‐response item is of‐

ten not binary, and the degree of answer correctness may vary depending on the rubric

or scoring scheme. We used item‐specific scores from an expert panel to create a lookup

table of Z‐scores. The lookup table offers a flexible way of scoring the possible visual‐

ization answers in AVEC and could potentially be adjusted based on test administrators’
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needs. For instance, test administrators could reduce the granularity of the grades by

merging clusters and their mean Z‐scores, or could transform the Z‐scores into simpler

rankings (e.g., whole number scores from 0 to 4).

We used a holistic grading approach, as explained in Section 5.5.3.1, but another

approach, such as analytical grading, may lead to alternate rubrics and interpretation of

the scores. Alternative ways of grading visualization answers might start with the set of

expert grading criteria we summarized from the expert panel and assign points based

on the number of criteria a visualization answer satisfied. Or one could take a mixed ap‐

proach to grading that involves both holistically evaluating the visualization answer then

applying analytical points, or vice versa. Our answer clusters and the Z‐score lookup

table can be easily adapted to support such alternative scoring schemes. For example,

a test administrator who adopts a partially automated scoring system might use the Z‐

score lookup table to first filter out visualization answers that did not pass a predeter‐

mined threshold (e.g., filtering out answers that are below average), then apply analyti‐

cal rules to grade the remaining visualization answers, which should greatly reduce the

time for grading. Alternatively, future work could further refine the autograder using the

data we collected from the expert panel. One could adapt existing methods of ranking

visualizations (e.g., Draco [122, 166], MultiVision [164]) to incorporate our item‐specific

expert knowledge, e.g. by tailoring the knowledge base and fine‐tuning the constraint

weights [166] or learning weights for soft constraints from ranked pairs of visualizations

(as in Draco‐Learn [122]). If test administrators alter grading schemes, they should re‐

run the ıRT analysis with the new grades, because the grades of the visualization answers

would affect the item parameter estimates.
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5.7.4 Limitations and FutureWork

Individual Differences in Visualization Skills

In the test tryout study, we collected participants’ basic demographics (Section 5.6.1) but

did not collect their visualization expertise levels or familiarity with different chart types.

We therefore did not explore individual differences in visualization skills or the relation‐

ships between participants’ prior expertise levels and their visual encoding ability. Sim‐

ilar to prior work on visualization literacy assessments (e.g., Boy et al. [26], VLAT [106],

CALVı [72]), this limitation does not necessarily affect AVEC’s validity, which we demon‐

strated through having (1) items with high CVı ratings from experts (Section 5.5.1) and

(2) an assessment tool that preserves the combinatorial nature of selecting appropriate

visual encodings while still being easy to use (Section 5.6.4). Exploring the relationships

between different visualization skills (e.g., reading, constructing) would be interesting

directions for future research.

Visualization Construction Beyond Visual Mappings

Visualization is a complex, multi‐step process. Although AVEC focuses on the core of the

visualization reference model (visual mappings) [34] and includes two types of aggrega‐

tions (count and sum), there are many other facets of visualization construction that are

important to study and measure. For instance, effectively visualizing data also requires

creators to correctly handle raw data and perform appropriate data transformations (e.g.,

avoiding cherry picking [72, 109, 75, 113], normalizing data correctly [75, 121, 113]) for the

resulting visualization to convey a clear—and correct—message. Creating effective, en‐

gaging visual narratives often requires creativity and extensive iteration (e.g., [150, 19,

146]). Expert designers may make use of interactivity or animation (e.g., [138]) to pull
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readers in or better convey their intended message; these techniques require time and

skill to master. Future work should expand our efforts in assessing construction‐related

abilities and deepen the study of the complex skills related to visualization construction

and beyond.
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Chapter 6

An Autoethnography on Visualization Literacy: A
WickedMeasurement Problem

This chapter is based on work published in IEEE VIS 2025 [73] and is done in collaboration with

Anne-Flore Cabouat, Karen Bonilla, Yuan Cui, Yiren Ding, Noëlle Rakotondravony, Mackenzie

Michael Creamer, Jasmine Tan Otto, Maryam Hedayati, Bum Chul Kwon, Angela Locoro, Lane

Harrison, Petra Isenberg, Michael Correll, and Matthew Kay.1

6.1 Introduction

A growing number of empirical studies in the data visualization community now rely

on measures of visualization literacy (i.e., the ability to interpret and construct visualiza‐

tions) as a basis for designing more effective visualizations (e.g., [70]) and identifying

a baseline for skill improvement in participants (e.g., [91]). Prior work has also devel‐

oped targeted interventions to improve visualization literacy (e.g., [5, 100, 20]), which in

turn requires valid measurements for effective evaluation. To meet the demands of such

measurement‐reliant studies, researchers are thus incentivized to develop—and have al‐

ready developed—various quantitative assessments of this construct (e.g., [26, 106, 23, 72,

2, 71]).
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However, the complex, fuzzy, andmultifacetednatureof visualization literacymakes

it hard to pinpoint precisely what we are measuring, or indeed want to measure. Nu‐

merous definitions and frameworks for conceptualizing visualization literacy have been

proposed [26, 23, 24, 106, 72, 147, 85]. Different conceptualizations have led to different

measurement scales tailored to different visualization literacy components [26, 106, 72].

Initiatives such as meetups, panels, and workshops have tried to distill what it means to

be literate in visualizations [94, 95, 74, 132]. Despite these longstanding efforts, debates

around what visualization literacy even is—let alone how to define it—persist: we still do

not comprehensively understand visualization literacy as a construct.

Even as we are unable to precisely define it, we must forge ahead, making the com‐

promises necessary to study visualization literacy as both test users and test designers.

We view visualization literacy measurement as a wicked problem, the kind of problems

defined in social planning and public policy as “complex, intractable, open‐ended, un‐

predictable” [4], and which “do not have an enumerable (or an exhaustively describable)

set of potential solutions” [137]. The tension between not fully understanding visualiza‐

tion literacy as a construct while still needing to measure it is what makes the study of it

so challenging.

We1 gathered at the ACM CHI 2024 workshop on visualization literacy [74] to begin

to tackle this wicked problem. We engaged in critical debates about how to better de‐

fine, study, and improve visualization literacy. Questions central to our discussions in‐

cludedwhat are the assumptions underlying visualization literacy? andwhat worked / didn’t

work in measurement? Conversations continued after the workshop, where we reflected in

depth on our professional and practical experiences. These reflections exposed our tacit
1A subset of the authors were organizers of the workshop.
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thoughts on visualization literacy—thoughts which often exist only in between polished

works and are left unreported in individual research papers.

To bring these tacit thoughts together, we contribute an autoethnography detailing

the fluidity inherent to visualization literacy—fluidity that makes the construct an ever‐

moving target across domains, cultures, and contexts of application. As test users and

test developers with extensive experience studying visualization literacy, we documented

our opinions and reflections in a structured way through internal interviews. Based on a

thematic and diffractive analysis of our interview data (Section 6.3), we discuss how the

complexity and fluidity of visualization literacy leads to misalignment between what the

construct is and how measurements of it are used or designed. From conceptual (Sec‐

tion 6.4), operational (Section 6.5), and methodological (Section 6.6) perspectives, we dis‐

cuss challenges that threaten measurement validity. From these challenges, we provide

several calls to action (Section 6.4.4, Section 6.5.4, Section 6.6.3) that pertain to each of the

three perspectives, such as expanding test scopes, making it easier to use tests, broaden‐

ing test modalities, improving test ecological validity, and taking an iterative approach

to test design incorporating interdisciplinary expertise. We hope that by embracing the

complexity and fluidity of the construct, the community can better navigate the wicked

problem of visualization literacy measurement.

6.2 RelatedWork

We outline some of the existing visualization literacymeasurements and describe collab‐

orative autoethnography and diffractive analysis as methods to surface tacit thoughts.



124

6.2.1 Visualization Literacy Measurements

Visualization literacy is not a straightforward construct to measure. The various defini‐

tions (e.g., [9, 23, 24]) of it proposed through prior papers, past meetups, workshops,

and panels suggest the inherent complexity of the construct (e.g., [94, 95, 74, 132]). Re‐

searchers have made many attempts at developing frameworks to conceptualize visual‐

ization literacy, such as mapping out the landscape of the construct [147] or reconceptu‐

alizing it with visualization competencies, comprehension processes, and practices [85].

There are also individual definitions of visualization literacy focusing on different com‐

ponents of the construct and each leading to corresponding assessment(s) (e.g., [26, 106,

72, 71]). Other works improved the time efficiency of these tests [55, 130]. Other assess‐

ments have been designed specifically to evaluate particular interventions [2] or to assess

literacy on specific chart types, such as treemaps [66] and parallel coordinates plots [67].

These measurements often exist somewhat in isolation from each other and from efforts

in other fields [101, 124, 70].

The theory ofmultiliteracies [36, 46] sheds some light on the complexity anddiversity

in visualization literacy measurement. That theory describes how literacies can be both

multimodal (involving media beyond text [46]) and multicontextual (involving “different

cultural, social or domain‐specific contexts” [46]). While visualization literacy is clearly

multimodal, itsmulticontextual variabilitymay bewhatmakes defining andmeasuring it

exceptionally hard, leading to the diversity of existing attempts described above.2 It is in

the face of thiswickedmeasurement problem thatwe looked for away to both understand

the current state of the problem and search for concrete next steps.
2We return to multimodality and multicontextuality in Section 6.4.1 and Section 6.4.2.
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6.2.2 Collaborative Autoethnography

As experts in the area, autoethnography offers a way to document our reflections and

tacit thoughts about the state (and future) of visualization literacy—thoughts that are of‐

ten unreported in individual papers and invisible to literature reviews. Autoethnogra‐

phy is a qualitative research method that focuses on the personal experiences of the au‐

thors (auto) by describing and systematically analyzing (graphy) these reflections for the

purpose of understanding cultural experiences (ethno) [63, 93]. This method “acknowl‐

edges and accommodates subjectivity, emotionality, and the researcher’s influence on

research, rather than hiding from these matters or assuming they don’t exist” [64]. The

main source of reliability in autoethnographical work comes from the person’s credibility

(e.g., could they have had the experiences described?) [64], and a valid autoethnography

evokes a feeling that the described experience is “lifelike, believable, and possible” [64].

Prior work in the visualization community has used autoethnography to surface

details of complex design processes [112, 57]. However, a weakness of individual au‐

toethnography is that the researcher may be too close to the experience to see it in a

nuanced way [103, 104]. Collaborative autoethnography builds on top of traditional au‐

toethnography to address this weakness. It involves two or more researchers “pooling

their stories to find some commonalities and differences and then wrestling with these

stories to discover themeanings of the stories in relation to their sociocultural contexts” [38],

and has the potential to create amore rigorous, multi‐perspective analysis [103, 77]. Thus

weadopt a collaborative autoethnographic approach to gather andanalyzeour tacit thoughts

about visualization literacy.
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6.2.3 Diffractive Analysis

To help us find differences in our pooled stories, we also employed diffractive analysis.

Diffractive analysis has parallels in feminist and interpretivist approaches that value the

differences in researchers’ perspectives and view them as important factors in shaping

the research analysis [105, 13, 14]. Prior work [3, 105] in HCI and visualization has applied

variations of this approach to incorporate analysts’ differing opinions into a qualitative

analysis. Because one driving motivation for our collaborative autoethnography is to dis‐

till the various in‐depth experiences that we have accumulated about visualization liter‐

acy and its assessment, we sought to avoid passive agreement by employing diffractive

analysis to increase the possibility of differences in opinion and encourage constructive

disagreements during our analysis.

6.3 Methods

We lean on our expertise and experiences to seek answers to these motivating questions:

what makes visualization literacy so hard to measure? and are existing tests being used as they

were intended?

6.3.1 Expert Backgrounds

The participants of this autoethnography are researchers in information visualization

who are either pursuing a doctorate (N = 8) or have obtained a doctorate (N = 7). We

started regular conversations andmeetings after the CHI 2024 workshop on visualization

literacy [74] that a subset of us organized. While we have all used or considered using

assessments of visualization literacy, 9 of us have had experience in developing assess‐

ments [106, 72, 31, 84, 71, 55, 56, 115] (Table 6.1).
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Table 6.1: The authors’ initials in alphabetical order along with self‐reported (at the time of the
interviews) years of experience in visualization literacy, visualization research and professional
experience, assessment design experience, and other prior work related to visualization literacy.

Author VisLit
(yrs)

Vis
(yrs)

Designed
Assessment(s) Other VisLit Work

AFC 1.5 10 [31] [30]

AL 5 8 [115] [17, 16]

BCK 9 17 [106] [94, 74, 107, 100]

JO 1.5 10 [127, 126]

KB 2 2 [58, 74]

LH 9 17 [55, 56] [80, 117, 20, 58, 74]

LG 3.5 3.5 [72, 55, 56, 71] [74]

MC 7 15 [48, 47, 74]

MH 4.5 4.5 [86, 85, 74]

MK 7 12 [72, 55, 56, 71] [58, 86, 85, 74]

MMC 2.5 2.5 [53]

NR 2.5 4 [8, 20]

PI 1.5 20 [31, 84] [30]

YC 3 3 [72, 55, 56, 71] [74]

YD 5 5 [55, 56] [20, 58, 74]

6.3.2 Internal Interviews

To collect the autoethnographic data in a systematic way, we conducted internal semi‐

structured interviews with 14 authors.3 Four of the authors served as interviewers, and

each interview was conducted by a pair of interviewers. We coordinated the interview

sessions so that the interviewers and interviewees do not have supervisor‐supervisee re‐

lationships and are not regular co‐authors. We asked each interviewee to reflect on how

visualization literacy assessments were integrated into their research, their past experi‐

ences on the topic, and thoughts on measurements of visualization literacy more gener‐

ally. The questions we asked during the semi‐structured interviews includedwhat tests do

you use/not use and why?, what are the issues you’ve experienced using (e.g., implementing,

administering, analyzing) the tests?, what do you think visualization literacy even is?, and
3One author was not interviewed due to time constraints, but they contributed their tacit thoughts during
group discussions, analysis, and paper writing.
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what is your wish list for what you’d like to see covered in tests?.4 Asking interviewees to

elaborate on the reasoning behind their decisions (e.g., why and how they decided to use

certain tests) and to reflect on the challenges theymight have encountered along the way

allowed us to tap into valuable tacit thoughts on design and use of tests. Each interview

session lasted about 45 minutes. We used transcribed audio recordings for analysis.

6.3.3 Thematic Analysis and Diffraction

We used thematic analysis [43] to analyze our interview transcripts and supplemented

it with diffractive analysis [14]. We employed a series of analysis steps to also embrace

differences in opinion and enrich our conversations instead of relying on methods that

prioritize agreement among data collectors (e.g., inter‐rater reliability [120]). Disagree‐

ments among us can offer diverse perspectives to help us form amore holistic view of the

many factors that make measuring visualization literacy a wicked problem.

Independent Coding In total, 9 of the authors served as analysts and followed the same

analysis procedure for the 14 interview transcripts (Figure 6.1). Each interview transcript

received 2 analysts. We started with independent coding to allow the analysts to arrive

at their own set of interpretations and codes. To further encourage differences in opin‐

ion, we aimed to distance the analysts from the transcripts and made assignments while

ensuring the following criteria were met: (1) each analyst did not analyze their own in‐

terview transcript, (2) each transcript was assigned at least one analyst that was not one

of the interviewers that conducted the interview, (3) each pair of analysts was not from

the same research lab, and (4) each analyst did not analyze a transcript from someone

from their research lab. Each analyst independently coded emerging themes from their

assigned transcripts.
4See supplemental materials for the interview protocol: https://osf.io/xwr4c/.

https://osf.io/xwr4c/
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Each discussion

Merge unique and meaningful 
themes and keep track of 
diffractions: differences in 
opinion between analysts

Miro

Global 
themes
board

Global 
diffractions
board

Miro

Global 
themes
board

Global 
diffractions
board

?
?

?

?
?

Each transcript 
gets 2 analysts

Each analyst independently 
coded their assigned transcripts

14 transcripts x 2 analysts 
= 28 individual code sets

2 code sets from each transcript

Weekly group meeting: iterate with feedback

14 paired discussions to merge themes

Figure 6.1: A flow chart demonstrating our analysis procedure, which involved each analyst in‐
dividually coding their assigned transcript, pairs of analysts merging their codes and themes on
Miro while keeping track of diffractions, and the large group discussing the themes and diffrac‐
tions.
Paired Discussions Once both analysts from one transcript finished their independent

coding, they met to discuss their codes. During their discussion, they merged their in‐

dependent codes into theme sets while keeping track of differences in opinion between

them (i.e., diffractions). This process allowed analysts to reflect on their interpretations,

compare andcontrast their understandings, and takenote of anydiffractions that emerged.

The analysts contributed to two Miro boards during their discussions.5 One Miro board

documented the emerging themes and sub‐themes (the global themes board), and an‐

other Miro board was dedicated to any diffractions that surfaced during the analyst dis‐

cussions (the global diffractions board). All of the analysts edited and / or added to the

same twoMiro boards,meaning that the themes fromdifferent analyst pairsweremerged

as different paired discussions happened. Two types of diffractions emerged: (1) dis‐
5See supplemental materials for the Miro boards: https://osf.io/xwr4c/.

https://osf.io/xwr4c/
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agreements within a pair of analysts on interpretation of particular quotes, and (2) dis‐

agreements with another pair of analysts on their code(s) or theme(s).

Large Group Meetings We held weekly group meetings that included authors who were

not analysts to discuss the global themes board and global diffractions board. This al‐

lowed us to incorporate non‐analysts’ perspectives and to surface differing opinions and

refine themes. Discussions of diffractions led to (1) resolving disagreements on interpre‐

tation of particular quotes by asking the interviewee of the quote to clarify and (2) large‐

group discussions about any new themes and how to better structure existing themes.

The diffractions served as the main discussion points during these meetings, guiding the

analysis.

Themes emerging fromour conversations revolved around conceptual (Section 6.4),

operational (Section6.5), andmethodological (Section6.6) challenges. Wedetail these chal‐

lenges and how they may lead to misalignment between what the construct of visualiza‐

tion literacy is and howmeasures of it are used and designed.

6.4 Conceptual: WhatExactlyareWeMeasuring?

A challengewe raised repeatedly throughout our interviewswas the difficulty of pinpoint‐

ing exactly what visualization literacy is. Having a broad definition, such as “the ability to

interpret and construct visualizations”, may be helpful in communicating a general idea

about the topic, but it is less useful when the goal is to operationalize it and design a pre‐

cisemeasure of it. Here, we describe the factors that contribute to the complexity and flu‐

idity of the construct, therebymaking it difficult to define and conceptualize. We also dis‐

cuss the term visualization literacy itself and our diverging opinions on its usefulness.
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6.4.1 Sources ofDefinitional Complexity

Visualization literacy is a complex construct, yet definitions of it often seem overly sim‐

plified or do not fully capture what we thinkmight constitute being “literate” in visualiza‐

tions. This feelingof inadequacy ispartlydue to themany implicit andoftenhard‐to‐describe

skills that contribute to making someone proficient in visualization. Visualization abili‐

ties drawonknowledge fromavariety of disciplines, suchasmathematics, data science,

statistics, computer science, geography, design, art, cognitive science (to name a few), as

manyofuspointedoutwhenaskedwhat do you think visualization literacy even is? This com‐

plexity echoed the sentiment towards visualization fromprior literature [9] andmultimodal‐

ity within the theory ofmultiliteracies [36, 46]. As BCK stated:

Visualization literacy […] consists ofmultiple skills, multiple skills in different levels, in

differentdepths. ’cause Imean,math I think is involved in it. Somesort of sense‐making

in the actual literacy of understanding human language is also part of it. So everything

is intertwined—graphicacy, understanding shapes, geometries, altogether. […]Tobeable

to use the visualization to solve problems, I think you need to understand the construc‐

tion skills, understanding themapping between data and visualizations. (BCK)

Indeed, cognitive skills, such as spatial reasoning and verbal processing, along with sen‐

sory abilities like color vision, also interact andplay a crucial role in applying visualization

skills [110], making the construct evenmore difficult to isolate. But we should embrace its

interconnectedness:

The community probably should go [toward] understanding where visualization liter‐

acy fits along with other cognitive characteristics, traits, skills, and howmuch they are

influencing each other. (BCK)
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In addition to skills from related domains, there are also knowledge and skills specific to

data visualization, suchas visualizationgrammar, graphical conventions, andvisualmetaphors.

Research efforts to categorize visualization skills in varying granularity have led to a vast

collection of visualization task taxonomies (e.g., [7, 27]). However, we were broadly dis‐

satisfiedwith tasks typicallyused todefinevisualization literacy, suchas low‐level tasks

like value retrieval or data comparisons:

Things like retrieve value is one of the common tasks in these visualization literacy as‐

sessments. But […] if I want to retrieve a value, I go to a table. (YC)

LikeaClevelandandMcGill[task]: estimate the ratiobetween twovalues ina chart. Like,

that’s just not a thing that people seem to need to do. (MC)

While there is value in understanding whether people can read data from a given chart,

there are other higher‐level (and perhaps fuzzier) visualization skills that are just as im‐

portant (if not more) to assess:

A more complete idea of what visualization literacy should be […]more on the side of,

what do we actually use visualization for? And not just can you read a bar chart. (MK)

We need to improve the ecological validity of visualization literacy assessments by fo‐

cusing on skills that are representative of real‐world use cases, such as decision‐making,

the ability to infer new knowledge from a visualization, or the creation of effective6 visu‐

alizations. Although there is nascent work assessing such skills [2, 71], there is still an in‐

adequate representation of these higher‐level tasks in most widely‐used tests. If this im‐

balance persists, it will limit our ability to reach amore comprehensive understanding of
6Though what “effective” means also varies across contexts (Section 6.4.2), making these higher‐level skills
even fuzzier.
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visualization literacy.

Thecomplexity of thedifferent skills andknowledge thatmakeup this constructmakes

it difficult to precisely define and conceptualize. It is difficult to measure what we can‐

not fully describe. One source of this definitional difficulty may come from differences

in howpeople learn about visualization, whichmay be through exposure (e.g., implicit in‐

ternalization of visualization rules by viewing real‐world examples) or throughmore for‐

mal settings like classrooms. Thus, different peoplemay have different mental models of

how visualizations work. By analogy to language, MK explained:

I thinkmost people,when they’re speaking theirfirst language, areprobablynot as good

at the technical grammar of that language as people who are second language speakers

sometimes. Because as a second language speaker, you often learn those specific rules

of grammar, right? And as a first language speaker, you internalize them, but unless you

actually sit down and learn them, you often can’t articulate them. (MK)

Two people who are equally able to read, write, and speak a given language may differ in

their explicit knowledgeof lower‐level skills, suchas grammar. Similarly, the specific skills

underlying aproficiency indata visualization and the explicitness of those skillsmight dif‐

fer from one person to another, depending on how they learned. These differences con‐

tribute to the difficulty of identifying a precise set of skills that can define what it means

for someone to be literate in visualizations.
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6.4.2 It ChangesAcrossDomains, Cultures, andTime

Not only is visualization literacy complex, it is also quite context‐dependent, a property

we refer to as itsfluidity.7 For instance,manyexamples fromourconversationshighlighted

that visualization literacy is domain‐specific. The skills required to understand visual‐

izations in amedical or healthcare context may be vastly different than what is necessary

inbusiness intelligence. Earlywork in visualization literacy assessment development also

pointedout that domainknowledgecouldplaya rolewhenapplyingvisualization skills [26].

This raises the questions of if itmakes sense to attempt to define visualization literacy as an

immutable construct across domains. Perhaps this domain‐dependent characteristic re‐

sembles language dialects:

You have academic visualization literacy or […] business intelligence visualization liter‐

acy or whatever. I think that those are different dialects. (MK)

If someone is “literate” in one specific visualization domain (e.g., business intelligence),

that does not imply that they are immediately “literate” in another (e.g., data journalism).

JO recalled:

I’veheard these funanecdotes about […] “oh,when Imake charts for these business peo‐

ple, I have to use this particular kind of chart. If I present the same information in a dif‐

ferent chart type, they don’t care, right? It doesn’t look right.” (JO)

We considered if perhaps, amid different visualization dialects, it would be useful to look

for aminimum standard for what constitutes someone being “literate” in visualizations, or

what a minimum standard might mean in particular contexts. There were many diverg‐
7cf. the multi‐contextual dimension of the theory of multiliteracies [36, 46].
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ing opinions: aminimum standardmight include basic skills to get through life (e.g., map

navigation skills), the skills needed to ensure the quality of information consumed (e.g.,

critical thinking), or even an understanding of fundamental syntactic elements of visual‐

izations (e.g., axes and scales). While we could not form consensus, these might serve as

starting points for identifying what we need tomeasure within different contexts.

The fluidity of visualization literacy does not stop at the domain‐specific level. As al‐

luded to in Section6.4.1, howpeopledevelopvisualization skillsmaydifferdue to their cul‐

tural background and experiences: visualization literacy is also culturally‐dependent.

This dependency leads to differences in what people consider to be important in a visual‐

ization or what they use visualizations for. A simple visualization reading task implicitly

requires culture‐dependentknowledge suchas its language, localmaps, or region‐specific

political information. AsMC put it, visualization literacy “is also this very contingent and

culturally‐bound thing.” By analogy to language literacy:

Youcanbevery literate inEnglishwithouthavingreadaShakespeareplay[…So]it’sgonna

behardtomakeauniversalizableprinciple[aboutvisualizationliteracy]becausesomuch

isboundupwithsortof thevisualandgraphicalcultures thatareassociatedwiththetypes

of visualizations that people will need to interpret. (MC)

Any attempt to define visualization literacy as a static construct that is absolute across cul‐

turalcontextswouldbeanoversimplification,potentiallycompromisingfutureassessments

and interventions.

The fluidity of visualization literacy is amplified if we step back and consider it on a

larger time scale. A few of us (BCK, LH,MC,MK)whohave been studying visualization lit‐

eracyfora longerperiodof timereflectedonhowattitudes in thecommunityhavechanged
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overtheyears, suggestingthatvisualizationliteracyalsoevolvesovertime. Sincetheearly

conversations about the construct, the conceptualization of visualization skills has shifted

froma definite set of skills, stemming fromprecisely‐delimited visualization taxonomies,

to a more complex understanding of visualization literacy involving skills and cognitive

abilities fromother disciplines, suchasnumeracy and spatial reasoning. BCK reflectedon

years of experience working in visualization literacy:

My understanding of visualization literacy has evolved. After a series of follow‐up stud‐

ies, conversations, and studies conducted by other people, and also by just pure obser‐

vations in the field […] After 10 years, I think the visualization literacy […][skills are] all

combined in interesting ways […] using [visualizations] to solve different problems re‐

quire different sets of skills. And it’s also highly contextual, I think. So in certain cases,

for a certain context, you may have a higher chance to solve the problem with a given

chart. Maybe in other context you don’t necessarily. (BCK)

Moreover, some of us anticipate technological advancements changing the way we inter‐

act with or create visualizations, which could affect the conceptualization of the construct

and subsequent assessments. KBwondered, “howdo you even disentangle technical skill

fromactualvisualizationskill?” While technicalskillsplayapart increatingvisualizations,

severalofusdonotsee technical skillsasanecessarypartofvisualization literacy foragen‐

eral public, asMK expressed:

If youcouldn’tmake[visualizations]in likeggplotormatplotliborD3, that’sfine,because

most people don’t have to do that. (MK)

Inthatrespect,perhapstechnologicaladvancementswouldnothavealarge impactonwhat

constitutes visualization literacy. YD also felt visualization literacy will not become obso‐



137

lete:

Right now the AI probably can summarize the information from the charts. […But] I

thinkpeoplewithgooddatavisualization literacycandefinitely retrieve the information

they want from the charts much faster than [by asking] the AI. (YD)

As researchers in visualization, it is in our best interest to be attentive to howvisualization

literacy differs across different contexts (e.g., domain, culture, and time) and to stay open

to the possibility of change.

6.4.3 DifferingOpinions on “VisualizationLiteracy”

Theterm“visualizationliteracy” itself isoftenthesourceoffirst impressionsabout thecon‐

struct. This is especially important whenwe are communicatingwithin our own research

community but also when disseminating research output to other fields. We had diverg‐

ing opinions on the utility of the term “visualization literacy”: while some of us saw it as a

useful metaphor, others advocated for finding other terms.

“Visualizationliteracy”drawsanexplicitparallel to languageliteracy,whichhassome

advantages from an empirical standpoint, such as how we might conceptualize the con‐

struct in a way that is useful formeasurement:

Maybe we should be borrowing more from the literacy metaphor in terms of thinking

[of] it as this longitudinal lifelong thingwithmultiple levels that you’re doing as opposed

to a psych assay with some low to high point scale. (MC)

Other thanusing it as ametaphor to learn fromthe language literacydomain, the termwas

less attractive for some of us. MH, for example, is hesitant to use the term when talking
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about specific skills:

I try not to use the word “literacy” because I feel like literacy has somany connotations

that comewith it in termsof societal implications and in termsofwhenyouwere calling

someone literate, you were also calling someone else illiterate. (MH)

This echoes a prior sentiment fromMC [48], which he elaborated on during his interview

whenasked,haveyouencounteredanychallengescommunicatingvisualization literacyasa concept?

Themain challenge asmentioned is that I don’t think it’s ameaningful concept. But I’ve

definitely already lost that battle with respect to the vis community, right? […] I feel like

[thevisualization literacyconcept]is oftenusedasanexcuse fornotdoingagood jobas a

designer, or often as away tomaybe downplay effects thatwe see […] that challenge con‐

ventionalwisdomaboutdata visualization. Like, they’ll go […] “well, you see this thing in

graphical perception, but that’s probably with, you know, low graphical literacy crowd

workers, of course doesn’t apply to us.” (MC)

When visualization literacy guides how we design and evaluate visualizations, the “liter‐

ate” versus “illiterate” split that the term imposesmay not serve the goal of improving de‐

signforawideraudience [48]. Therearealso inconsistenciesassociatedwith theusage,be‐

causevisualizationliteracycanencompassmanydifferentcomplexskills (seeSection6.4.1):

If you say theword “literacy” to 10 different people, there’s gonnabe 10 different kinds of

internal understandings of what that is. (MH)

Someof usworry that thebroadness of the termand its inconsistent usage reduces clar‐

ity. Thosewhoexpressedthissentimentproposedalternativetermssuchas“graphicalcom‐
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prehension”, “visualization ability”, “visualization competency”. LH differed:

I think peoplewill knowwhat youmeanwhen you say “visualization literacy”, but if the

term were changed to, I don’t know, just “visualization ability”, I think it would poten‐

tially fall flat andmaybe fail to connect with the audiences outside of visualization that

wewish to engagewith. So I’ma little comfortablewith ambiguity and impreciseness in

service of connection. (LH)

A more broadly‐familiar termmight be an acceptable compromise to ease conversations

with other related domains (e.g., statistics, cognitive science). Still, our differing points of

viewon the term itself further reflect the complexity of visualization literacy andour vary‐

ing priorities.

6.4.4 Calls toAction

It isdifficult topinpointexactlywhatwearemeasuring, asvisualization literacy isan inher‐

entlycomplex, context‐dependentconstruct. Thisposesdefinitionalchallenges,whichin‐

evitably lead tomeasurement challenges. To progress, wemust acknowledgewe are tack‐

lingawickedproblemandbe ready tomakecompromises indefinitionandmeasurement.
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Expand theScopeofVisualizationSkillsWeAssess
We generally expressed concerns about the limited scope of visualization tasks mea‐

sured in existing assessment tests and a need to improve the ecological validity of vi‐

sualization assessments (Section 6.4.1). Future work should focus on assessing higher‐

level activities with data visualization, such as decision‐making or the ability to create

data visualizations. We should seekecological validityby focusing tests onwhatpeo‐

ple actuallyneed tousevisualizations for. Although Ihavemadeefforts to shift the fo‐

cusofvisualization literacyassessments towardshigh‐level tasks likevisualizationcon‐

struction (Chapter5)or thedetectionofmisleading representationsofdata (Chapter3),

there is still much to do to expand the scope of higher‐level skills we assess. Other op‐

portunities to broaden the scope of assessments include measures of skills needed to

make sense of different types of data displays (e.g., interaction, animations). Indeed,

existing tests mostly rely on static representations, while many visual displays of data

are interactive.

Current tests also typically only cover common, basic chart types (e.g., cartesian

planes andmaps). We should expand the scope of assessments to less common—but

useful—chart types and idioms, such as icon arrays, which deviate fromwhat we can

expect in a K–12 curriculum. Given the difficulty of precisely describing the underly‐

ing skills involved in visualization proficiency (Section 6.4.1), we may also lean more

on qualitative methods to surface implicit visualization skills before attempting to as‐

sess them. Broadening the visualization skills we assess, however, will require careful

consideration of potentially‐complex relationships between those skills in order to en‐

sure valid measurement. For example, a person’s ability to understand interactive vi‐

sual data displays might partially depend on their ability to interact with digital inter‐

facesat large. Whileweoffersomeideas forbroadening test scopes, itwouldbeauseful

exercise to speculate aboutwhat theworldof visualization literacymeasurement could

look like, as a way to inform how it should be.
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6.5 Operational: HowDoWeUseExistingTests?

Despite thedifficultieswithconceptualizingvisualizationliteracy, researchershavealready

attempted tomeasure it tobetterunderstand their targetpopulation’svisualization literacy

levels [70] or evaluate the effectiveness of interventions to improve visualization skills [5,

21, 69]. As test users, we share the considerations that go into deciding when and how to

use a particular test, such as our research goals and community norms. We also reflect on

theassumptions thatoftencomewith these tests,whichcan influenceourdecisionson test

usage in practice.

6.5.1 InPursuit of Standard andObjectiveMeasures

Researchers use existing visualization literacy assessments for a variety of reasons. One

reasonthatemergedis tomeasurevisualizationliteracyinanobjectiveway. Wenote that

early assessments answered a then‐emerging need in the community for more objective

measures:

Beforewehad theassessment test,wemight askpeople to self‐report their comfortwith

things like statistics or visualizations. And I remember distinctly from that that some of

the times people greatly overestimated or they put like a really high score on their self

report, and yet the performance was pretty low in comparison to other people that we

tested. (LH)

The desire for more objective tests in the community led to the wide adoption of some of

these early assessments, as LH reflected: “theywere kind ofwidely adopted, because peo‐

ple were literally searching for this sort of thing and it was available” . Because VLAT, as

one of the earliest tests in the community, offered amore objectiveway to assess visualiza‐
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tion skills thanwhat was previously possible, it made sense thatmost of us who used tests

inexperimental contextshaveusedorconsideredusingVLAT.LHexplains thatpart of this

test’s success stems from its foundation in existing community standards:

VLATisvery logicallyconstructedinthat itkindofbuildsonwell‐acceptedtasktaxonomies

[…]So, there’s likea logic to it that’s veryeasy toexplainandveryeasily could result in like

a series of questions. And then the scoring is very logical as well. (LH)

Across our interviews and conversations, there weremany instances where we described

choosingthelatestcommunitystandardwhenmakingdecisionsabouthowweconductour

studies. Reflecting on thesematters,wenote that communitynormsalso exert influence

on study design choices. These observations reflect a potential desire in the community

to have a “universal” test to produce “generalizable” results. Having a standardized mea‐

surebecomesanadvantage in researchcontextswhen thegoal is to compare results across

multiple studies. In such cases, wemight choose the samemeasurement scale as in exist‐

ingwork. However,MCpointed out the tensionbetweenefforts to obtain generalizable re‐

sults and the need for scales tailored to specific study interests:

If everyone’s using their own metric, then it’s hard to make these generalizable or uni‐

versal claims, but if reallywhatwewant to get out of those scales are very‐specific‐skills‐

based, or are people reliably pulling the right things out of this [specific]chart, then that

sounds to bemuchmore contingent and less universal. (MC)

Weas researchers should carefully consider such trade‐offs andbe clear on the goal of our

studieswhen selecting ameasurement scale, as themost appropriatemeasuremightnot

be the community standard. We acknowledge that there is no easy solution to resolving

this tension. On one hand, an appropriate test that is well‐suited to a particular research
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questionmay not always exist, often due to the difficulty of conceptualizing what wewant

to measure (Section 6.4). On the other hand, when an appropriate test is not one that is a

standard in the community, community norms can impose pressure on researchers to not

use it.

Ourdiscussionalsorevealedaneedforassessments thatextendoutsideof theresearch

community. For example, some of us have received outreach from industry about using

VLAT “as a part of amanual or tutorial for their companyworkshop or orientation” (BCK),

or A‐VLAT [55] (adaptive VLAT) to assess the visualization literacy of a company’s employ‐

ees. This reflects a desire in industry to use these assessments as “[part] of their onboard‐

ing process, onboardingmaterials” (YD).

Interestoutsideofacademiademonstrates thepotential for increased impactofvisu‐

alization literacy assessments, yet alsohighlights further limitations in the current assess‐

ment landscape. For example, current assessments are typically designed with no feed‐

back, and assign a single number (score) only at the end. This makes individual or group

learning difficult or impossible in some cases, and highlights barriers that would need to

be addressed before organizations couldmake effective use of the current set of visualiza‐

tion literacy assessments.

6.5.2 ImplementationChallengesBurdeningResearchers

Reflecting on our practical experiences using tests, it was a lot easier to adopt tests with

readilyavailablematerials,whichalsopotentiallycontributedtothewideadoptionofVLAT:

the straightforwardness of implementing and scoring VLATmade it easy for researchers

to use. However, we also surfaced several practical challenges during use that influenced

ourdecisions in choosing tests. Oneof themost oftenmentionedbarrierswas that the test
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length may be too long for some study designs, which could introduce an unnecessary

burden to participants. Researchers often evaluate how a test might fit into their overall

study design:

Ifyouare just tryingtochecktheirexperiencelevels, it feelsverycostly for theusers ’cause

[it] takes an hour or 30minutes to an hour overhead cost and yourmain test might take

threeminutes. (BCK)

The time requirement for some of these tests led to efforts to reduce the length, such as

shorteningit [130]oradaptivelyandmoreefficientlyassessingtheability [55]. Someofthese

enhancedmethodsrequiremoretechnicalknowledgetoimplement,makingthemharder

to adopt:

I think there are a lot of potential technical hurdles, like little engineering things that

don’t seem like a big problem, but could really affect the choices that a research team

makes, especiallyunder timepressure. […]Runningthepsychometricorstatisticalmod‐

els toanalyzeparticipants’dataon theassessments requiressomeknowledge,firstofall,

theoreticalknowledgeabouthowthosemodelswork,butalsomorepractical implemen‐

tation knowledge. […]We were lucky in that we received a lot of help and from people

with these expertise. But generally speaking, I think it’s not a trivial process. (YC)

6.5.3 Non‐replicationof TestsAcross Contexts

Because each test was created within a certain context, it likely comes with assumptions

about the test population. Such assumptions relate to some baseline knowledge that the

test‐takers are expected to possess regardless of their visualization skills, such as under‐

standing a language (e.g., English) or being familiar with the topic of a visualization (e.g.,
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geospatialmaps,politics), orknowledgespecifictotheireducational level (e.g.,highschool,

college). Cultural assumptions impacthowresearchers adopt the tests indiffering con‐

texts. As existing tests were originally developed in English, with Western‐centered cul‐

turalassumptions, there isaneedfor translatingandadaptingthesetools toother languages.

BCKrecalls that “therewereat least twoor threepeople askingme forpermission to trans‐

late [VLAT] into their own language.” However, adapting a measuring instrument across

cultures is a time‐consuming process involving terminology challenges and revalidation

steps such as back‐translation. NR, who wasmotivated by the cultural dependency of the

visualizationliteracytests likeVLATandworkedoncross‐culturaladaptation, recalledmany

trade‐offs:

Weabsolutelydidnotknowhowdowesay“heatmap” in[Arabic]andwejustmadeacom‐

promise of something that closely sounds like a heatmap if someone heard about it. So

that was a challenge to find the right translation, the taxonomy, in the other language.

(NR)

Not onlydid theyneed to translate the languageused in the tests,NRalsohad tomodify the

topics of visualizations and “replace the question with local election systems” . This was

necessary to bemindful of sensitive topics across different cultures. Sometimes, the topic

of a visual representation could even derail test administration and defeat the purpose of

evaluating visualization skills. NR recalled:

Whenwe tried to ask them like, here is a chart about transportation, I think it was about

themetro […] andwe asked them like, tell uswhat you learned from this chart. And they

just endedup […] talkingabouthowmessy transportation is inMadagascar […]. If thecul‐

tureof readingachart isnot yet established, thenpeople cansee thechart as a trigger for

paralleldiscussions,[which]isnotnecessarilyrelevant for theevaluationat themoment.
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(NR)

Thisnon-replicationacrosscultureschallengesourrationale inSection6.5.1 touse thesame

test to compare results across studies, suggesting that itmayonlybepossible tohave “stan‐

dardized” measuring tools for comparisons within a particular context of use. Using di-

alects as a metaphor for visualization contexts, MK noted: “A lot of quote unquote rules

of visualization are actually rules that are rooted in specific dialects.” Such differing con‐

texts are not limited to cultural differences, butmay also concern the application domain,

such as statistical or spatial data. For example, MMC, who has worked with astronomy vi‐

sualizations, found a lot of the current assessments to be not particularly useful:

A lot of what we look at for visualization tests measures one’s ability to infer statistical

data, whichmaybe perhaps isn’t necessarily as helpful as like scientific datawith seeing

like a galaxy formation or trying to come upwith a nebula or anything like that. (MMC)

Current testscanonlyrepresentasmallsnapshotof theconstructunderaveryspecificcon‐

text, and may not be built to accommodate the fluid nature of visualization literacy. We

shouldthereforecommunicate thesedomain‐specificandculturally‐dependent testassump‐

tionsmore clearly to facilitate future test usage.

6.5.4 Calls toAction

Howwechoose touseaparticular visualization literacy test is influencedby factors like re‐

searchgoals, communitynorms, andeaseof implementation. Theunspoken test assump‐

tions regarding population characteristics can also lead to usage barriers. We call on test

designers tomake tests easier to use and the community to build centralized repositories.
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DevelopHow‐toGuides forCustomizationandAdaption
Manyofuswished to adapt existing testswhilemaintaining construct validity. Because

of therigorous testdesignandvalidationprocesses (Section6.6.2), later testadministra‐

tors might feel reluctant to adapt tests in fear of affecting the test validity. Yet in some

cases, alterationsofquestionsmaybemoredesirable inaparticular studycontext (e.g.,

cross‐cultural adaption in Section 6.5.3 or shorter studies in Section 6.5.2) that is differ‐

ent than that of the original test questions. It is crucial to clearly communicate test

assumptions and the knowledge necessary for adaptation, so users can better adjust

the test indifferentcontexts. LHentertainedthe ideaofhavinga“how‐to”guideforcus‐

tomization:

I think that themain limiting factor[is theabsenceof]awidely acceptedwayofparing

down the questions or slicing and dicing, andwhat thatmeans if you do that. I would

like to have the paper that says “this is justified’, or “this is how you construct some‐

thing for a particular context”with justification […] Iwould follow that process poten‐

tially, if it wasn’t too onerous.(LH)

This could help reduce the burden researchers might feel when they need to make al‐

terations, and could improve the alignment between study designs andmeasurement.
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FormCentralizedAssessments and ImplementationMaterials
The availability of materials is a huge factor in implementing and administering tests

(Section 6.5.2). It is crucial to make tests and the necessary materials readily avail‐

able. We can also benefit from a collective effort toward a centralized repository that

contains thedifferent assessments, includingamodular approach to cover themultidi‐

mensionality of the construct. Such a centralized approach could preserve the benefit

of having individual tests for isolating particular components of visualization literacy

for measurement and, at the same time, offer easily accessible ways for users to find

and implement their desired tests. Existing efforts in the community are already tak‐

ing steps toward better assisting users in implementing and administering tests, such

as the reVISit framework [60]. We can build upon and extend prior efforts in centraliz‐

ing these tests to lower the barrier for using assessments of visualization literacy.

6.6 Methodological: HowDoWeDesignTests?

Designingavalid test is time‐andresource‐consuming. Thesubsetofuswhohavedesigned

andvalidated existing tests all acknowledged that itwasnoeasy feat. Many considerations

went into designing valid tests, such as what wewant to (or can)measure and howwe can

measure it. Depending on what we aremeasuring, the way we assess the validity of a test

also differs. There are many challenges during test development from a test content and

format perspective, which lead to the compromises we often have tomake as designers of

visualization literacy assessments.

6.6.1 TestModality LimitsWhatWeCanMeasure

Asacommunity,we tookvery logicalfirst steps instudyingandmeasuringvisualization lit‐

eracy by seeking theoretical andmethodological insights from the psychology and educa‐
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tion sciences, such as ItemResponse Theory [26] and systematic test development frame‐

works[44, 106]. Theseprocessesremainimportantsourcesofstructurefor testdesign. How‐

ever, areas of test design suchas test format and scoringhave stayed relatively constant

over time, despite the fluidity of visualization literacy as a construct. This misalignment

impacts what we canmeasure with existing test formats.

Weobservedatendencyfor testdesigners to leanmoreonquantitativemeasures. This

tendency then favors test modalities that are easy to implement and summarize quantita‐

tive results from, such asmultiple choice questions.

There isageneralassumption that if you’regonnabuildanassessment, youwant tobuild

somethingwhereyoudon’thavetohaveahumansitdownandgradeit. Which,youknow,

may ormay not be a good baseline assumption. (MK)

While multiple choice questions can provide a range of benefits from an implementation

perspective, such as being easy to grade, there are still challenges during test design. One

challenge isdesigningmeaningful distractors in addition to not‐so‐obvious correct an‐

swers. The quality of distractors in multiple choice questions has a direct impact on the

question difficulty and test validity at large. For instance, if the correct answer is too obvi‐

ous, then the questionmay not capture the visualization skill it aims to assess. Depending

onthepurposeof the test, sometimesdistractorsneed tobedesigned inaveryspecificway,

as LG recalled:

For CALVI, […] there is definitely an answer that is considered correct, but also [a dis‐

tractor]that is seeminglycorrect if theydidn’t realize the issue. So thatmakes it a littlebit

iterative becauseweneeded tomake sure that the visualization for that question can ac‐

tuallymislead the person, if they didn’t notice that issue, to choose that answer. We had
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to think about [the visualization and the distractor] together when designing the ques‐

tion, the visualization, and themisleading answer. So that was a lot to consider at once,

but for each item, that was necessary because we needed something to catch whether

they identified the issue or not. (LG)

Thechallengeofdesigningmeaningfuldistractorsmaybeeasier toovercomeformeasure‐

ments of visualization interpretation skills compared to construction‐related skills, as the

combinatorialnature of visualization construction is less likely to be supportedby themul‐

tiplechoiceformat [71]. Themultiplechoicemodalitythuslimitswhatvisualizationskills

we can assess.

Followingthemultiplechoicequestionsformat, theoutcomesof thesetestsnaturally

become aggregated scores—sometimes broken down by chart type. This straightforward‐

ness in scoring also contributed to the wide adoption of some tests, as discussed in Sec‐

tion 6.5.1. However, because the results output, or scoring, influences the amount of infor‐

mation researchers can retrieve from using assessments, the simplicity of the resulting

scoremay lead to less‐refinedanalyses of visualization literacy as a construct. Noticing

this limitation, several of us voiced a desire for more insight on test‐takers’ visualization

abilities and suggested leaningmore on qualitativemethods.

I wish we could learn more about how people get things wrong when they take the as‐

sessments […]. Right now it’s mostly like a number, so that’s less meaningful. Somaybe

more open‐ended questions on these assessments. But of course that introduces addi‐

tional complications such as grading and not being objective. But that is the trade‐off.

(YC)
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I would love to see scoring rubrics for […] open‐ended answers, which are constructed

responses [in learning sciences]. They come with this “rubric” that helps you score an‐

alytically or holistically. (AFC)

Offering a different reason onwhywe should adoptmore qualitative rather than quantita‐

tive ways of assessment, MC expressed:

There’sa lotof things thatweseemtoassessquantitatively inthevisfieldthat Idon’tknow

if we’ve done the necessary qualitative observational stuff that seems to be a prerequi‐

site for some of those things yet. […] I just don’t know how people read bar charts, for

instance […]Are they anchoring at the tip of that line and then projecting it to that y‐axis

and then converting that to a number in their head, and then doing comparisons of that

number? Are theydoing […] veryquick area estimations? […] Sowhenyouget from there

to “our designwas better because they completed task one, like 0.5 seconds faster on av‐

erage”, there’s a huge gap between those empirical claims to me and how useful those

empirical claims are, or quantitative empirical claims. (MC)

This relates to the implicit knowledge that wemight internalize through experience (Sec‐

tion 6.4.1), which could be key to interpreting some of the results fromquantitative assess‐

ments. Surfacing this implicit knowledge, such as through qualitative methods, might be

necessary to lay a solid foundation for building quantitative assessments. However, the

veryreasonthatcontributedtothepopularityof thesetests—logical teststructureandscoring—

may now be driving people away from alternative test formats that contradict those prop‐

erties. LGwondered:

Arewe just usingmultiple choice as a default without thinking about themore complex

ways ofmeasuring stuff? And if we are, thenwe aremaybemissing some opportunities
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to be able tomeasure these higher‐level skills. (LG)

While wewere able to rely on certain test formats likemultiple choice questions to collec‐

tively gain valuable insights on visualization literacy, staying too comfortablewith current

attempts of assessing the constructmay lead tomissed opportunities for eliciting and un‐

derstanding all of the exciting aspects of visualization literacy, as choices on testmodality

also directly influence what we can effectivelymeasure.

6.6.2 TheNeed toReduceNoise

When designing test questions, it is difficult to determine the correct level of abstrac‐

tion to operate on. In other words, the granularity of the categorization of visualization

skills directly impacts what each test question will focus on. Test designers often have to

determinethetaxonomyofvisualizationtasks tobasetheir testquestionson, suchas lower‐

level or high‐level categorizations of visualization skills. A more granular categorization

could result in redundant test questions and risk the diversity of the question bank. A less

granular categorization, however, might lead to difficulties in translating abstract catego‐

rizations into realistic and concrete test questions. AsMK reflected,

You can create this whole abstraction, this nice taxonomy, you think that it works well

and then you start making the actual charts and you realize […] it’s more difficult when

you actually see the real thing. (MK)

This creates a challenge that test designers oftenhave to battlewith,whichfirst startswith

some abstractions (e.g., visualization tasks), and “the question then becomes, okay, we

havetodesignabunchofvisualizations thatseemsomewhatrealistic[…andnotsomething

that] you never really would see in the real world” (LG).
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On top of the compromises we often have tomake on the level of abstractionwe can

operate onwhile still staying somewhat realistic, we are facedwith the the need to reduce

noisewhendesigningthequestions inthetest. For instance,aswepointedout inSection6.4,

visualization skills are difficult to isolate from other skills and knowledge.

There will be a lot of noise coming from knowledge about this topic, knowledge about

the dataset. Because when you ask a question about something, they don’t necessarily

have to use the chart. They can just get something out of their memory or something.

So we have to be careful in that aspect. (BCK)

As a result, the design process for individual questions is often very iterative and involves

qualitativework,whichwas evident inpriorwork in test development andevaluation [106,

72, 55, 56, 31, 71, 84]. Such careful iterations are necessary, because isolating the relevant

visualization skill and reducing noise in the questions is crucial for the validity of a test.

These challenges of test design can only increase aswe shift to assessing higher‐level visu‐

alizationskills, suchasvisualizationconstruction,visualdecision‐making,orvisualmetaphors,

because the sources of noise inevitably increase as complexity increases (Section 6.4).

6.6.3 Calls toAction

Testdesignersfacemanychallengesduringthedevelopmentprocessandoftenhavetomake

compromisesdue to thecomplexityof theconstruct asmentioned inSection6.4.1. The test

modality can also constrain what the test is able to measure, thereby influencing the eco‐

logicalvalidityofa test, asoftentimeswhatwe canmeasure isnotalignedwithwhatweneed

to use visualizations for in the real world. We call on test designers to seek ecological va‐

lidity, take an iterative test design approach over time, and lean on specialized knowledge

to support test development and validation.
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ImproveEcologicalValidity ofTests
When we create visualizations and questions for assessments, we must face difficult

trade‐offs between abstraction and realism. Translating tasks from theoretical tax‐

onomies into concrete visual representations and instructions is not a trivial process

and requires careful, iterative designprocesses. Our efforts tominimizenoise from in‐

dividuals’knowledgeorcontextual factors in testsmayalsocomeat thecostof reducing

the ecological validity:

I would like […] higher‐level and then also more realistic use cases, like the ways that

peoplewould use visualizations in their lives versus just kind of completely decontex‐

tualized. (MH)

[In] health literacy, there’s a decision making element, right? Because if you have a

chart in thatfield,usually it’s tomakesomediagnosis[…or]lifechanges tobehealthier.

And then versus something like Cleveland andMcGill, there’s not any decision really

to bemade. It’s just making a judgment, but that’s not teaching you how to apply that

informationinwhatyoudodaytoday. Somaybethatcouldmeanhavingmorerealistic

examples in these assessments. (KB)

To improve ecological validity, we should situate measurements in real‐world con‐

texts. Suchmeasures couldbetter reflect people’s trueabilities in visualizations. Infor‐

mal learning environments such as the educational game fromChapter 4 could be one

of those contexts.
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ExpandAssessmentModalities
Followingourcall toexpandtest scopes (Section6.4.4), the formatweuse toassess these

higher‐level skills would have to change as well, as multiple choice questions are less

likely to offer adequate support (Section6.6.1). AVEC fromChapter 5demonstratedone

alternative format other than multiple choice. We should make more efforts to em‐

brace alternative assessment formats, such as usingmoreopen‐endedquestions. We

expect the difficulty of isolating visualization skills to generally increase as the com‐

plexity of the ability we assess increases, due to the increasing sources of noise (e.g.,

complexassessment tools, technical skills). It is important, however, tonot overlybind

ourselveswith theproperties (e.g., logical, straightforwardness) thatcontributedtoour

progress in visualization literacy, as the nature of the construct itself (e.g., complex,

fluid) often contradicts those properties. Wemust expand howwe approach visualiza‐

tion literacy assessments, because “measurement is in away influencing people’s per‐

ceptions on the construct” (LG).
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Seek InterdisciplinaryCollaborations toEnhanceMeasurements
Asan interdisciplinaryfield, visualization literacycanbenefita lot frominputs fromre‐

lated domains, such as education and psychology, to enrich our conceptualization of

what visualization literacy is and to improve howwemeasure it. KB expressed:

Weneed toworkmorecloselywithpsychologists toactuallyget this empiricalbacking

to all the stuffwe do because they do this all the time […]We can bring the CS side and

the other things, and they can bring the actual psychologymeasurements. (KB)

Formal training in methods such as statistics and psychometrics testing that are nec‐

essary for analyzing and validating tests is still lacking in our community. We should

embrace opportunities to lean on specialized knowledge to support test develop‐

ment. Forexample, psychologistshaveproposed theoretical andmethodologicalwork

onensuringcross‐cultural validity [76, 82]when translatingmeasurement instruments

(something we are already attempting, as discussed in Section 6.5.3). Such work, how‐

ever, might not be easily accessible to researchers in our field, as it requires special‐

ized knowledge that is often outside our typical scope. Cross‐domain collaborations

could address the many intricacies of psychometric measurements. It is good that

wearealreadymaking these connectionswithmeetups, panels, andworkshops,which

we have already seen benefits from, such as this position paper. We could leverage

these connections and continue to spur interdisciplinary conversations, which would

be important for fostering collaboration across these domains.
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6.7 Discussion

6.7.1 Calls forMindset Changes in theCommunity

In this autoethnography we identified several calls to action from the conceptual, opera‐

tional, andmethodological perspectives. Here, we call for additionalmindset and attitude

changes that aremore cross‐cutting and applicable to the community at large.

Be ready to compromise betweenwhat you need tomeasure and you actually can

measure, because the fluidity of visualization literacy makes it an ever‐moving target. A

single test thatcoverseverydimension isdifficult toachieve. ALrecalled: “Myinitial study

was […] to touch different dimensions […][in one study,] but things were messy, because

the test was not so reliable.” Wemay thus need to develop tests specific to a particular do‐

main or context. However, too individualized an approach to test developmentmaymake

it difficult for test users to get a holistic understanding of participants’ visualization liter‐

acy. Regardless of the context or literacy component one focuses on, authors should ex‐

plicitly define which components of visualization literacy they study to facilitate clear

communication within the field and outside of it. At a certain point, wemay need to sim‐

ply acknowledge that there is a limit to what we can preciselymeasure.

Resist theurge to chooseameasure just to conformtocommunity standards. Due

to the complexity of visualization literacy and the small set of existing assessments, it is

easytoendupstudyingaspectsofvisualizationliteracynotcoveredbyexistingassessments.

In such cases, it is not appropriate to use a widely‐adopted test just to check the “mea‐

surevisualizationliteracy”box. Visualization literacy tests shouldnotbeusedmindlessly

to conform to a perceived standard, just as user studies should not be mindlessly used to
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evaluateavisualizationsystemif anotherevaluation ismoreappropriate[79]. Whileweac‐

knowledge that itmay be difficult to resist these normative expectations, particularly dur‐

ing peer review, we are hopeful that the community will be receptive to well‐reasoned de‐

viations fromwhatmight be considered standard.

Design and re‐design tests on a longer time scale, iteratively. As we are far from

solvingthevisualizationliteracymeasurementproblem,existingtestsshouldnotbeviewed

as “complete”products.Weshouldscrutinizeexisting tests, especiallywhenweuse them

in practice. Some areas for improvement can only be discovered through actual use, not

via theorizing about how we should measure visualization literacy. Test users should re‐

port what worked and did not work whenever possible, which will inform test designers

on areas for iterative improvement.

Takeoutward‐facingresponsibilityforhowtestsaredisseminatedandmaintained,

because diverse user groups outside of academia are also using these tests (Section 6.5.1).

Reflecting on theweb version of VLAT and its role in connecting different audiences, BCK

recalled:

I still get, from time to time, emails […] about VLAT, trying to correct some errors in the

website, or justaskingquestionsor just sendingmeareallygoodvibeabout“Hey, thanks

formaking this”. […] Thatmeans people do need this. (BCK)

Potential test users who are outside of our fieldmight not be as familiar with the nuances

of visualization literacy aswe are, so they are trusting us to develop valid assessments that

they canadopt easily. Onewayof taking greater responsibility is to talk tousers fromother

domainswho are adopting our tests to learnhowwe can further improvehowwemeasure

visualization literacy.
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6.7.2 AReflectiononOurMethodological Approach

Ourapproachtosurfacetacit thoughtsreliedonacombinationofcollaborativeautoethnog‐

raphy, thematic analysis, and diffractive analysis. Although conducting autoethnography

with a group adds rigor, it has known logistical challenges, including “establishing shared

goals, agreeing how the group will work together, andmeeting timelines” [103]. These is‐

suescouldhavebeenexacerbated inapaperwithoveradozenauthorsacrossmultiplecon‐

tinentsonatight timeline. Weaddressedthesechallenges through(1)asharedspreadsheet

documenting assigned tasks and progress for all analysts, coordinated by the first author

and visible to all—creating social accountability; (2) a groupmeetingwhere analysts prac‐

ticed the analysis process on a short interview excerpt; and (3) a flowdiagramanalysts fol‐

lowed to keep procedures consistent.8 These procedures helped us be transparent about

progress and kept everyone on the same page about shared goals and timelines.

While we leaned on thematic analysis (Section 6.3.3) to formulate our tacit thoughts

into a coherent narrative, we intentionally employed diffractive analysis to avoid passive

agreement among ourselves. We explicitly added somedistance between the analysts and

the transcripts, which was our attempt at further reducing bias and increasing nuance to

address the weakness of potentially lacking nuance in individual autoethnography [103].

Our approach to collaborative autoethnography created opportunities for a clash of per‐

spectives and helped us distill the many factors that contribute to the wicked problem of

visualization literacy measurement. However, we acknowledge that the majority of our

perspectives stemfromaWestern‐centric visualizationphilosophy. Futureworkcoulden‐

gage inmorecross‐cultural reflections,whichwouldbeespeciallyvaluableasvisualization

literacy itself is fluid across cultures.
8Figure 6.1 is a compact version of the diagram we used during analysis.
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6.8 NextSteps

In this autoethnographic reflection, we leaned on our professional and practical experi‐

ences as users and designers of visualization literacy tests to surface the tacit thoughts of‐

ten leftunreported in individual researchpapers. Despite our formulationof visualization

literacy measurement as a wicked problem—one that is complex and without an exhaus‐

tive set of potential solutions [137]—we identified some concrete next steps to study visu‐

alization literacy more comprehensively. For example, test designers should expand the

scope of their tests, both in terms of content and modality, and work towards improving

the ecological validity of tests. Test users should report bothwhatworkedandwhat didnot

to help us collectively iterate on test design andhow‐to guides. We should develop central‐

ized repositories for implementing tests. Most importantly, we should shift our mindsets

to recognize the construct’s fluidity and expect change in both our understanding of the

construct and itsmeasurements. As suggestedby the formulationof this as awickedprob‐

lem,we do not claim to have an exhaustive set of rules or procedures for readers to follow.

Instead,weadvocateembracing thewickednessof thismeasurementproblem,beingwill‐

ing tomake compromises, and continually discussing—andupdating—our conceptualiza‐

tions of visualization literacy.
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Chapter7

Discussion

7.1 AssessmentTools forComplexVisualizationSkills

Ultimately we can only improve what we canmeasure, so precise, validmeasurements of

visualization literacy are widely needed in order to work toward a more comprehensive

understanding of the construct. However, an immediate challenge facing studies ofmore

complex skills in visualization literacy, such as visualization construction, is how the as‐

sessment tool might affect the measurements of such abilities. Unless people are hand‐

drawing visualizations, their experiencewith the tool they use to construct a visualization

inevitably affects the kinds of visualizations they are able to create. This presents a chal‐

lengewhen thegoal is tomeasure their ability to create visualizations, not their familiarity

withaspecific tool. Forexample, a toolwithasteeper learningcurve that is familiaronly to

someusers (e.g.,Tableau,PowerBI)mightartificiallydeflateunfamiliarparticipants’ scores,

even if they do have high visualization construction abilities. Thus, part of the validity of

a test of construction‐related abilities is dependent on demonstrating that the usability of

the assessment tool does not adversely affect measurement of the ability. At a minimum,

assessment tools shouldadhere toacceptablestandardsofusability (e.g., [28]) andprovide

adequate training to ensure participants familiarize themselves with the tool prior to as‐
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sessment.

Theassessment toolused toadministerAVECcouldbeexpanded tocreateamorever‐

satile tool formeasuringotherconstruction‐relatedabilities. However, arrivingatasimple‐

to‐use tool that can also measure complex construction‐related abilities is a challenging

design problem: higher‐level skills often require more functionality, but a more complex

tool runs the risk of confounding measurements of a person’s ability with measurements

of their familiarity with the assessment tool (or other tools like it). Futurework for assess‐

ing and studying more complex skills should especially pay attention to the tool‐building

component andmight also investigate people’s ability to construct different types of visu‐

alizations with a minimal usage of computerized tools (e.g., drawing). This type of com‐

parison study could offer insights on just how much a tool might contribute to a person’s

overall ability of constructing visualizations.

Inthecontextofvisualizationinterpretation,wheretherearemuchmoreestablished

measurements, the assessment tool is essentially themultiple‐choice questionnaire. This

questionofassessmenttools thenechoestheconcernof testmodalitydiscussedinSection6.6.1:

because theassessment tool affects thevalidityof themeasurement, test administersmust

consider whether the multiple‐choice format aligns with the underlying ability they are

trying tomeasure.

7.2 HowArePeopleUsingCALVI?

Since CALVI’s publication in CHI 2023, it has received 127 citations on Google Scholar1. To

better understand the impacts of CALVI, I conducted a forward citation analysis. After ex‐

cluding theses and papers that are not written in English, 99 papers remained in the cor‐
1As of June 16, 2026.
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pus. Out of the 99 papers, 17 of themactually usedCALVI beyond simply citing it as related

work. Therewere threemajor categories of use: psychometric reuse in human studies, as

a design and teaching resource, and as a benchmark for AI / LLMEvaluation. These appli‐

cations of CALVI surfaced several interesting findings that I discuss below.

7.2.1 What canCALVI informus about visualization literacy?

Oneof thepapers thatusedCALVI inhumanstudies investigated theroleofvisualattention

andfoundthatattentionpatternscandistinguishbetweenexpertsandnovicesofvisualiza‐

tions [39]. As discussed in CALVI, somemisleaders aremisleading because of visual flaws

that require the viewer’s attention to the right part of the visualization [72]. Experts may

be well‐trained to check the visual properties of visualizations compared to novices, so it

makes sense that experts would show a strong attentional focus [38]. Certain CALVI ques‐

tions (e.g., easier ones) could also reinforce this by using explicit annotations that mark

themisleader inaquestion. Otherfindings fromthis corpus strengthen theneed for inves‐

tigating visualization literacy. For example, Verma and Fan [155] employed visualization

literacy test questions to identify factors that could predict the questions’ difficulty. How‐

ever, they found that chart type and task were not sufficient in explaining the variation in

questiondifficulty [155]. This further suggests thatmore factors are affecting visualization

understanding thanwhatwecancurrentlyname. ReflectingonthedevelopmentofCALVI,

other dimensions of characterizing items could be the length of the multiple‐choice op‐

tions; longer texts in the options may be harder to parse, and therefore could contribute

to the difficulty level of an item. A better (perhaps more granular ways) of characterizing

visualization test questionsmay be a useful step toward amore clearly defined construct.
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7.2.2 WhoAre theMisleadersMisleading?

Out of the three categories of use identified from the forward citation analysis described

in Section 7.2, AI evaluation was the largest category (N = 8). While this is not necessarily

surprising, considering the surge in AI /LLM research in recent years, it serves as an op‐

portunity to reflect onwhat it means for a psychometric instrument to travel beyond its valida-

tion context. CALVI was designed and validated with a human population, so its psycho‐

metric parameters such as item difficulty is based on human characteristics. For exam‐

ple, what makes a misleader misleading to humans may not be what challenges a model,

due to theabsenceof theperceptualbiasesandsocial expectations that shapehumanchart

reading. Several papers that used CALVI to evaluate a model’s visualization understand‐

ing broke downmodel performance bymisleader categories. It was interesting to see that

modelsareperformingbetteronmisleaders that area lotharder forhumans, suchasmiss‐

ingnormalization (e.g., [153, 129, 41]). This suggests thatmodels have a fundamentally dif‐

ferent way of interpreting data visualizations compared to humans, making results from

a test designed to capture humanmisinterpretations hard to interpretwhenused in a con‐

text that functions in a different way. Because model visualization understanding cannot

be assumed to mirror its human counterpart, it would be necessary to first conceptually

definewhatmodel visualization understanding actually is. Thiswould yieldmore produc‐

tive andmeaningful benchmarks that would putmeaning into accuracy numbers.
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7.3 Measurements forUnderstandingVersus

Measurements forEvaluation

Reflectingonmywork inbothmeasurementsand intervention, I amrealizingadistinction

betweenmeasurements for understanding andmeasurements for evaluation. A measure‐

ment that works in one contextmay not bewell suited in another, evenwhen the underly‐

ingability is the same. Forexample, standardized tests likeVLAT[106] andCALVI [72]work

well in human empirical studies that aim to learn something about the population being

tested, such as their ability to read visualizations and perform visual tasks. But standard‐

izedtests in thecontextof interventionscould introduceunnecessarychallengesandnoise

for the evaluation of its effectiveness.

One such challenge is the time requirement, whichwas also discussed in Chapter 6.

Standardizedtestsareusually time‐consuming, so it issometimesimpractical forresearchers

to administer. Another challenge relates tohowwell theassessment alignswith thegoal of

the intervention. Through thedevelopment of the educationgamedescribed inChapter 4,

I have observed that it would be out of place to administer CALVI in an informal, gamified

setting. This suggests aneed to take a stepback andconsidermeasurements and interven‐

tions as a whole.

The current workflow for intervention studies is generally thatmeasurement devel‐

opment is separate from intervention development, and when it comes to the evaluation,

the researcher would then apply a measure to test the effectiveness of their intervention.

However, this separation could be the source of threats to validity in intervention studies,

because themeasurement formatmaynotbe thebestfit forevaluation in thecontextof the

intervention. For instance, ameasurement in a standardized test formatwouldnot bebest
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suited for evaluating the effectiveness of amuseumexhibit. To advance both visualization

measurementsandinterventionsfor improvingvisualizationskills,weneednotonly tode‐

signmeasurements thatcanprecisely testacertainability, butalso toconsiderwhether the

context of use provides the necessary conditions that make ameasurement valid. Condi‐

tions could be the attention span required of the test taker or what the user expects out of

the intervention. An interestingdirection for futurework is todesignmeasurements in the

context of interventions and streamline the process to enable researchers running inter‐

vention studies to adapt, customize, or create measurements better suited for their inter‐

vention context.

7.4 ReflectionsandFutureDirections

I took a bottom‐up approach to studying visualization literacy by identifying and studying

one component at a time. The development process for CALVI andAVECboth startedwith

definingpreciselywhat the component is, then constructing a design space for generating

a bank of questions. Not only have the tests contributed newquestions to assess visualiza‐

tion literacy, but they have also offered a model for test development that has been repli‐

cated and demonstrated to work well. Researchers and educators could follow the same

procedure to systematically study other components of visualization literacy. I thinkmea‐

surement design itself is a useful exercise for defining andbetter understanding visualiza‐

tion literacy, andmoreworkshouldbedoneon themeasurement front tocollectivelybuild

amore comprehensive understanding of the construct.

Mywork have also opened up new avenues for future work in the space of visualiza‐

tion literacy. For instance, building on the systematic procedure for test development, fu‐

ture work could develop a system to help researchers and educators who are new to test
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development to design and validate assessments. Not only would this create tests that are

valid in a specific study context, it would also help the community to collectively build a

repository of validated assessments of visualization literacy. Such a repository would al‐

low future studies of large scale studies of visualization literacy that scattered tests cannot

support.

Looking back, the assumptions of these tests offer new opportunities for advance‐

ment. Forexample, testquestionsareoftengeneratedfromatwo‐dimensionaldesignspace

(i.e., visualization tasks and chart types). This inevitably limits the scope of the questions

andsometimesoversimplifies theconstruct theyare trying tomeasure. Somecomponents

of visualization literacymay not be able to be simplified into a set of tasks, such as visual‐

ization design related abilities. This may have contributed to the focus on simplified ver‐

sions of the problem. For instance, all of the tests in the community overlook the iterative

process thatexist inbothvisualization interpretationandcreation. Readingavisualization

often requiremore than one look of the chart and creating visualization often requires an

iterativeprocess. Yet,noneof theassessmentscancapture the intermediatesteps thatnec‐

essarily exists in visualization understanding. Developing ways to capture these interme‐

diate and iterative (often messier) steps can better inform us of precisely where the chal‐

lenges exist in visualization literacy. More informative assessments could support the de‐

velopment of more effective interventions for improving visualization literacy.
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Chapter8

Conclusion

Over the course of this thesis, I broadened the conceptualization of visualization literacy

and operationalized both the ability to critically interpret and create well‐formed visual‐

izations. I also reflect on the process of assessment design and usage in the community to

outline a research agenda toward tackling the measurement challenges facing visualiza‐

tion literacy. We needmore efforts from the research community in order to build a com‐

prehensive understanding of the construct. I also demonstrate the development of an ed‐

ucational intervention targeting critical thinking, building on the broadened understand‐

ing of visualization literacy. Together, my dissertation highlights the need for better un‐

derstanding visualization literacy, an approach for doing so through the development of

enhancedmeasurements and interventions, and a path forward for continuing to build a

more complete understanding of the construct.
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