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An Autoethnography on Visualization Literacy: 
A Wicked Measurement Problem 

Lily W. Ge , 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 

But implementation challenges create burden 
for test administrators, and tests may not 
replicate across contexts. 

Visualization literacy is a complex 
and fluid construct. Yet existing 
measurements of it largely fixate 
on a subset of visualization tasks. 

Conceptual (Sec 4) 
What Exactly Are We Measuring? 

Visualization literacy 

Operational (Sec 5) 
How Do We Use Existing Tests? 

Methodological (Sec 6) 
How Do We Design Tests? 

Test 
Content: 
vis tasks? 
charts? 

Test design involves choosing a modality, ensuring 
we are measuring what we intend to measure 
(e.g., reduce noise), and trying out the test with 
a subset of the target population. 

Question
[ ] A[ ] B[ ] C[ ] D 

Design test content and modality 

Multiple-choice is common but limits what we can 
assess. The need to reduce noise can risk decreasing 
ecological validity. 

We often use these tests to study visualization 
literacy and assess the effectiveness of targeted 
interventions. 

Not represented 
in test tryout. 

Implementation Test administrationTest tryout 

Question 
[ ] A 
[ ] B 
[ ] C 
[ ] D 

Example calls to action: 

Expand the scope of skills we 
assess to work towards a more 
comprehensive understanding. 

Broaden assessment modalities, improve test 
ecological validity, and take an iterative approach 
incorporating interdisciplinary expertise. 

Example calls to action: 

Develop how-to guides for cross-context 
adaptation and centralized materials for 
using existing tests. 

Example calls to action: 

Question 
[ ] A 
[ ] B 
[ ] C 
[ ] D 

Fig. 1: The lifecycle of a visualization literacy assessment with example calls to action. 

Abstract—We contribute an autoethnographic reflection on the complexity of defining and measuring visualization literacy (i.e., the 
ability to interpret and construct visualizations) to expose our tacit thoughts that often exist in-between polished works and remain 
unreported in individual research papers. Our work is inspired by the growing number of empirical studies in visualization research 
that rely on visualization literacy as a basis for developing effective data representations or educational interventions. Researchers 
have already made various efforts to assess this construct, yet it is often hard to pinpoint either what we want to measure or what we 
are effectively measuring. In this autoethnography, we gather insights from 14 internal interviews with researchers who are users or 
designers of visualization literacy tests. We aim to identify what makes visualization literacy assessment a “wicked” problem. We further 
reflect on the fluidity of visualization 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 potential threats to measurement validity from conceptual, 
operational, and methodological perspectives. Based on our experiences and reflections, we propose several calls to action aimed 
at tackling the wicked problem of visualization literacy measurement, such as by broadening test scopes and modalities, 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. 

Index Terms—Visualization literacy, autoethnography, measurement, validity 
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1 INTRODUCTION 

A growing number of empirical studies in the data visualization com-
munity now rely on measures of visualization literacy (i.e., the ability 
to interpret and construct visualizations) as a basis for designing more 
effective visualizations (e.g., [40]) and identifying a baseline for skill 
improvement in participants (e.g., [52]). Prior work has also developed 
targeted interventions to improve visualization literacy (e.g., [4,12,56]), 
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 already developed—various 
quantitative assessments of this construct (e.g., [1, 14, 16, 41, 42, 61]). 

However, the complex, fuzzy, and multifaceted nature of visu-
alization literacy makes it hard to pinpoint precisely what we are 
measuring, or indeed want to measure. Numerous definitions and 
frameworks for conceptualizing visualization literacy have been pro-
posed [14, 16, 17, 41, 50, 61, 74]. Different conceptualizations have 
led to different measurement scales tailored to different visualization 
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literacy components [14, 41, 61]. Initiatives such as meetups, panels, 
and workshops have tried to distill what it means to be literate in visu-
alizations [43, 54, 55, 72]. 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 compromises necessary to study visualization literacy as 
both test users and test designers. We view visualization literacy mea-
surement as a wicked problem, the kind of problems defined in social 
planning and public policy as “complex, intractable, open-ended, unpre-
dictable” [3], and which “do not have an enumerable (or an exhaustively 
describable) set of potential solutions” [73]. The tension between not 
fully understanding visualization literacy as a construct while still need-
ing to measure it is what makes the study of it so challenging. 

We1 gathered at the ACM CHI 2024 workshop on visualization liter-
acy [43] to begin to tackle this wicked problem. We engaged in critical 
debates about how to better define, study, and improve visualization 
literacy. Questions central to our discussions included what are the as-
sumptions underlying visualization literacy? and what worked / didn’t 
work in measurement? Conversations continued after the workshop, 
where we reflected in depth on our professional and practical experi-
ences. These reflections exposed our tacit 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 autoethnogra-
phy 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 ex-
tensive 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 
(Sec. 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. 4), op-
erational (Sec. 5), and methodological (Sec. 6) perspectives, we discuss 
challenges that threaten measurement validity. From these challenges, 
we provide several calls to action (Sec. 4.4, Sec. 5.4, Sec. 6.3) that 
pertain to each of the three perspectives, such as expanding test scopes, 
making it easier to use tests, broadening 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. 

2 RELATED WORK 

We outline some of the existing conceptualizations of visualization 
literacy and assessments and describe collaborative autoethnography 
and diffractive analysis as methods to surface tacit thoughts. 

2.1 Visualization Literacy and Measurement 
Literacy, broadly construed, is the ability to read and write [20]. Visu-
alization literacy is often defined analogously as the ability to interpret 
and construct visualizations [14,16]. It is an important part of empirical 
work on improving visualization design. Understanding the visualiza-
tion literacy of a population can help designers create more targeted, 
effective visualizations; e.g. health researchers have measured visual-
ization literacy in national populations to understand how to improve 
visualizations of risk [40]. Measurements of visualization literacy are 
also needed to evaluate interventions designed to improve it [38], such 
as educational games for children [1, 4, 13, 39]. Ultimately we can 
only improve what we can measure, so precise, valid measurements of 
visualization literacy are widely needed. 

However, visualization literacy is not a straightforward construct 
to measure. The various definitions (e.g., [7, 16, 17]) of it proposed 
through prior papers, past meetups, workshops, and panels suggest the 
inherent complexity of the construct (e.g., [43, 54, 55, 72]). Researchers 

1A subset of the authors were organizers of the workshop. 

have made many attempts at developing frameworks to conceptual-
ize visualization literacy, such as mapping out the landscape of the 
construct [74] or reconceptualizing it with visualization competencies, 
comprehension processes, and practices [50]. There are also individual 
definitions of visualization literacy focusing on different components 
of the construct and each leading to corresponding assessment(s). The 
assessments developed by Boy et al. [14] and VLAT by Lee et al. [61] 
both measure fundamental visualization interpretation skills (e.g., value 
comparison). Ge et al. developed CALVI [41] to measure susceptibility 
to visualization misinformation and AVEC [42] for measuring visual 
encoding ability in visualization construction. Other works improved 
the time efficiency of these tests [30, 71]. Other assessments have been 
designed specifically to evaluate particular interventions [1] or to as-
sess literacy on specific chart types, such as treemaps [36] and parallel 
coordinates plots [37]. These measurements often exist somewhat in 
isolation from each other and from efforts in other fields [40, 57, 68]. 

The theory of multiliteracies [21, 25] sheds some light on the com-
plexity and diversity in visualization literacy measurement. That theory 
describes how literacies can be both multimodal (involving media 
beyond text [25]) and multicontextual (involving “different cultural, so-
cial or domain-specific contexts” [25]). While visualization literacy is 
clearly multimodal, its multicontextual variability may be what makes 
defining and measuring it exceptionally hard, leading to the diversity 
of existing attempts described above.2 It is in the face of this wicked 
measurement problem that we looked for a way to both understand the 
current state of the problem and search for concrete next steps. 

2.2 Collaborative Autoethnography 

As experts in the area, autoethnography offers a way to document our re-
flections and tacit thoughts about the state (and future) of visualization 
literacy—thoughts that are often unreported in individual papers and 
invisible to literature reviews. Autoethnography is a qualitative research 
method that focuses on the personal experiences of the authors (auto) 
by describing and systematically analyzing (graphy) these reflections 
for the purpose of understanding cultural experiences (ethno) [34, 53]. 
This method “acknowledges and accommodates subjectivity, emotion-
ality, and the researcher’s influence on research, rather than hiding from 
these matters or assuming they don’t exist” [35]. The main source of 
reliability in autoethnographical work comes from the person’s credi-
bility (e.g., could they have had the experiences described?) [35], and a 
valid autoethnography evokes a feeling that the described experience is 
“lifelike, believable, and possible” [35]. 

Prior work in the visualization community has used autoethnography 
to surface details of complex design processes [31, 64]. However, a 
weakness of individual autoethnography is that the researcher may be 
too close to the experience to see it in a nuanced way [58, 59]. Collab-
orative autoethnography builds on top of traditional autoethnography 
to address this weakness. It involves two or more researchers “pool-
ing their stories to find some commonalities and differences and then 
wrestling with these stories to discover the meanings of the stories in 
relation to their sociocultural contexts” [22], and has the potential to 
create a more rigorous, multi-perspective analysis [45, 58]. Thus we 
adopt a collaborative autoethnographic approach to gather and analyze 
our tacit thoughts about visualization literacy. 

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’ per-
spectives and view them as important factors in shaping the research 
analysis [8, 9, 60]. Prior work [2, 60] 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 distill the various in-depth 
experiences that we have accumulated about visualization literacy and 
its assessment, we sought to avoid passive agreement by employing 

2We return to multimodality and multicontextuality in Sec. 4.1 and Sec. 4.2. 
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diffractive analysis to increase the possibility of differences in opinion 
and encourage constructive disagreements during our analysis. 

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? 

3.1 Author Backgrounds 

The authors 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 and 
meetings after the CHI 2024 workshop on visualization literacy [43] 
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 assessments [19, 29, 30, 41, 42, 49, 61, 65] (Tab. 1). 

Table 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 [19] [18] 

AL 5 8 [65] [10, 11] 

BCK 9 17 [61] [43, 54, 56, 62] 

JO 1.5 10 [69, 70] 

KB 2 2 [32, 43] 

LH 9 17 [29, 30] [12, 32, 43, 47, 66] 

LG 3.5 3.5 [29, 30, 41, 42] [43] 

MC 7 15 [26, 27, 43] 

MH 4.5 4.5 [43, 50, 51] 

MK 7 12 [29, 30, 41, 42] [32, 43, 50, 51] 

MMC 2.5 2.5 [28] 

NR 2.5 4 [6, 12] 

PI 1.5 20 [19, 49] [18] 

YC 3 3 [29, 30, 41, 42] [43] 

YD 5 5 [29, 30] [12, 32, 43] 

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 au-
thors 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 
relationships and are not regular co-authors. We asked each interviewee 
to reflect on how visualization literacy assessments were integrated 
into their research, their past experiences on the topic, and thoughts on 
measurements of visualization literacy more generally. The questions 
we asked during the semi-structured interviews included what 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 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 they 
might 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. 

3One author was not interviewed due to time constraints, but they contributed 
their tacit thoughts during group discussions, analysis, and paper writing. 

4See supplemental materials for the interview protocol. 

3.3 Thematic Analysis and Diffraction 

We used thematic analysis [23] to analyze our interview transcripts and 
supplemented it with diffractive analysis [8]. 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 [67]). Disagreements 
among us can offer diverse perspectives to help us form a more holistic 
view of the many factors that make measuring visualization literacy a 
wicked problem. 

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 

Fig. 2: A flow chart demonstrating our analysis procedure, which involved 
each analyst individually coding their assigned transcript, pairs of an-
alysts merging their codes and themes on Miro while keeping track of 
diffractions, and the large group discussing the themes and diffractions. 

Independent Coding In total, 9 of the authors served as analysts and 
followed the same analysis procedure for the 14 interview transcripts 
(Fig. 2). 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 
opinion, 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 interview 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. 
Paired Discussions Once both analysts from one transcript finished 
their independent coding, they met to discuss their codes. During their 
discussion, they merged their independent 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 
and contrast their understandings, and take note of any diffractions 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 another Miro board was 
dedicated to any diffractions that surfaced during the analyst discussions 
(the global diffractions board). All of the analysts edited and / or added 
to the same two Miro boards, meaning that the themes from different 
analyst pairs were merged as different paired discussions happened. 
Two types of diffractions emerged: (1) disagreements within a pair of 
analysts on interpretation of particular quotes, and (2) disagreements 
with another pair of analysts on their code(s) or theme(s). 

5See supplemental materials for the Miro boards. 
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Large Group Meetings We held weekly group meetings that in-
cluded authors who were not analysts to discuss the global themes 
board and global diffractions board. This allowed us to incorporate 
non-analysts’ perspectives and to surface differing opinions and refine 
themes. Discussions of diffractions led to (1) resolving disagreements 
on interpretation 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 from our conversations revolved around conceptual 
(Sec. 4), operational (Sec. 5), and methodological (Sec. 6) challenges. 
We detail these challenges and how they may lead to misalignment be-
tween what the construct of visualization literacy is and how measures 
of it are used and designed. 

4 CONCEPTUAL: WHAT EXACTLY ARE WE MEASURING? 

A challenge we raised repeatedly throughout our interviews was the dif-
ficulty of pinpointing exactly what visualization literacy is. Having a 
broad definition, such as “the ability to interpret and construct visualiza-
tions”, 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-
cise measure of it. Here, we describe the factors that contribute to the 
complexity and fluidity of the construct, thereby making it difficult to 
define and conceptualize. We also discuss the term visualization literacy 
itself and our diverging opinions on its usefulness. 

4.1 Sources of Definitional Complexity 

Visualization literacy is a complex construct, yet definitions of it often 
seem overly simplified or do not fully capture what we think might consti-
tute being “literate” in visualizations. This feeling of inadequacy is partly 
due to the many implicit and often hard-to-describe skills that contribute 
to making someone proficient in visualization. Visualization abilities 
draw on knowledge from a variety of disciplines, such as mathematics, 
data science, statistics, computer science, geography, design, art, cogni-
tive science (to name a few), as many of us pointed out when asked what 
do you think visualization literacy even is? This complexity echoed the 
sentiment towards visualization from prior literature [7] and multimodal-
ity within the theory of multiliteracies [21, 25]. As BCK stated: 

Visualization literacy [. . .] consists of multiple skills, multiple skills 
in different levels, in different depths. ’cause I mean, math I think 
is involved in it. Some sort of sense-making in the actual literacy 
of understanding human language is also part of it. So everything 
is intertwined—graphicacy, understanding shapes, geometries, alto-
gether. [. . .] To be able to use the visualization to solve problems, I think 
you need to understand the construction skills, understanding the map-
ping between data and visualizations. (BCK) 

Indeed, cognitive skills, such as spatial reasoning and verbal processing, 
along with sensory abilities like color vision, also interact and play a cru-
cial role in applying visualization skills [63], making the construct even 
more difficult to isolate. But we should embrace its interconnectedness: 

The community probably should go [toward] understanding where 
visualization literacy fits along with other cognitive characteristics, 
traits, skills, and how much they are influencing each other. (BCK) 

In addition to skills from related domains, there are also knowledge and 
skills specific to data visualization, such as visualization grammar, graph-
ical conventions, and visual metaphors. Research efforts to categorize 
visualization skills in varying granularity have led to a vast collection of 
visualization task taxonomies (e.g., [5, 15]). However, we were broadly 
dissatisfied with tasks typically used to define visualization literacy, 
such as low-level tasks like value retrieval or data comparisons: 

Things like retrieve value is one of the common tasks in these visual-
ization literacy assessments. But [. . .] if I want to retrieve a value, I go 
to a table. (YC) 
Like a Cleveland and McGill [task]: estimate the ratio between two 
values in a 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) visual-
ization skills that are just as important (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 as-
sessments by focusing 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 visualizations. Although 
there is nascent work assessing such skills [1, 42], there is still an inad-
equate representation of these higher-level tasks in most widely-used 
tests. If this imbalance persists, it will limit our ability to reach a more 
comprehensive understanding of visualization literacy. 

The complexity of the different skills and knowledge that make up 
this construct makes it difficult to precisely define and conceptualize. 
It is difficult to measure what we cannot fully describe. One source 
of this definitional difficulty may come from differences in how people 
learn about visualization, which may be through exposure (e.g., implicit 
internalization of visualization rules by viewing real-world examples) 
or through more formal settings like classrooms. Thus, different peo-
ple may have different mental models of how visualizations work. By 
analogy to language, MK explained: 

I think most people, when they’re speaking their first language, are 
probably not as good at the technical grammar of that language as peo-
ple who are second language speakers sometimes. Because as a sec-
ond 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 lan-
guage may differ in their explicit knowledge of lower-level skills, such 
as grammar. Similarly, the specific skills underlying a proficiency in data 
visualization and the explicitness of those skills might differ from one 
person to another, depending on how they learned. These differences 
contribute to the difficulty of identifying a precise set of skills that can 
define what it means for someone to be literate in visualizations. 

4.2 It Changes Across Domains, Cultures, and Time 

Not only is visualization literacy complex, it is also quite context-
dependent, a property we refer to as its fluidity. 7 For instance, many ex-
amples from our conversations highlighted that visualization literacy is 
domain-specific. The skills required to understand visualizations in a 
medical or healthcare context may be vastly different than what is nec-
essary in business intelligence. Early work in visualization literacy as-
sessment development also pointed out that domain knowledge could 
play a role when applying visualization skills [14]. This raises the ques-
tions of if it makes sense to attempt to define visualization literacy as an 
immutable construct across domains. Perhaps this domain-dependent 
characteristic resembles language dialects: 

You have academic visualization literacy or [. . .] business intelligence 
visualization literacy or whatever. I think that those are different 
dialects. (MK) 

If someone is “literate” in one specific visualization domain (e.g., busi-
ness intelligence), that does not imply that they are immediately “literate” 
in another (e.g., data journalism). JO recalled: 

I’ve heard these fun anecdotes about [. . .] “oh, when I make charts for 
these business people, I have to use this particular kind of chart. If I 
present the same information in a different 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 a minimum standard for what constitutes someone 
being “literate” in visualizations, or what a minimum standard might 

6Though what “effective” means also varies across contexts (Sec. 4.2), mak-
ing these higher-level skills even fuzzier. 

7cf. the multi-contextual dimension of the theory of multiliteracies [21, 25]. 
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mean in particular contexts. There were many diverging opinions: a min-
imum standard might 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 funda-
mental syntactic elements of visualizations (e.g., axes and scales). While 
we could not form consensus, these might serve as starting points for 
identifying what we need to measure within different contexts. 

The fluidity of visualization literacy does not stop at the domain-
specific level. As alluded to in Sec. 4.1, how people develop visualization 
skills may differ due to their cultural background and experiences: visu-
alization literacy is also culturally-dependent. This dependency leads 
to differences in what people consider to be important in a visualization 
or what they use visualizations for. A simple visualization reading task 
implicitly requires culture-dependent knowledge such as its language, 
local maps, or region-specific political information. As MC put it, visual-
ization literacy “is also this very contingent and culturally-bound thing.” 
By analogy to language literacy: 

You can be very literate in English without having read a Shakespeare 
play [. . . So] it’s gonna be hard to make a universalizable principle 
[about visualization literacy] because so much is bound up with sort 
of the visual and graphical cultures that are associated with the types 
of visualizations that people will need to interpret. (MC) 

Any attempt to define visualization literacy as a static construct that is ab-
solute across cultural contexts would be an oversimplification, potentially 
compromising future assessments 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) who 
have been studying visualization literacy for a longer period of time re-
flected on how attitudes in the community have changed over the years, 
suggesting that visualization literacy also evolves over time. Since the 
early conversations about the construct, the conceptualization of visu-
alization skills has shifted from a definite set of skills, stemming from 
precisely-delimited visualization taxonomies, to a more complex under-
standing of visualization literacy involving skills and cognitive abilities 
from other disciplines, such as numeracy and spatial reasoning. BCK 
reflected on years of experience working in visualization literacy: 

My understanding of visualization literacy has evolved. After a series 
of follow-up studies, conversations, and studies conducted by other 
people, and also by just pure observations in the field [. . .] After 10 years, 
I think the visualization literacy [. . .][skills are] all combined in interest-
ing ways [. . .] using [visualizations] to solve different problems require 
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 interact with or create visualizations, which could affect the 
conceptualization of the construct and subsequent assessments. KB won-
dered, “how do you even disentangle technical skill from actual visual-
ization skill?” While technical skills play a part in creating visualizations, 
several of us do not see technical skills as a necessary part of visualization 
literacy for a general public, as MK expressed: 

If you couldn’t make [visualizations] in like ggplot or matplotlib or 
D3, that’s fine, because most people don’t have to do that. (MK) 

In that respect, perhaps technological advancements would not have a 
large impact on what constitutes visualization literacy. YD also felt visu-
alization literacy will not become obsolete: 

Right now the AI probably can summarize the information from the 
charts. [. . . But] I think people with good data visualization literacy 
can definitely 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 
how visualization literacy differs across different contexts (e.g., domain, 
culture, and time) and to stay open to the possibility of change. 

4.3 Differing Opinions on “Visualization Literacy” 

The term “visualization literacy” itself is often the source of first impres-
sions about the construct. This is especially important when we are com-

municating within our own research community but also when dissemi-
nating research output to other fields. We had diverging 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. 

“Visualization literacy” draws an explicit parallel to language literacy, 
which has some advantages from an empirical standpoint, such as how we 
might conceptualize the construct in a way that is useful for measurement: 

Maybe we should be borrowing more from the literacy metaphor in 
terms of thinking [of] it as this longitudinal lifelong thing with multiple 
levels that you’re doing as opposed to a psych assay with some low to 
high point scale. (MC) 

Other than using it as a metaphor to learn from the language literacy do-
main, the term was less attractive for some of us. MH, for example, is 
hesitant to use the term when talking about specific skills: 

I try not to use the word “literacy” because I feel like literacy has so 
many connotations that come with it in terms of societal implications 
and in terms of when you were calling someone literate, you were also 
calling someone else illiterate. (MH) 

This echoes a prior sentiment from MC [27], which he elaborated on 
during his interview when asked, have you encountered any challenges 
communicating visualization literacy as a concept? 

The main challenge as mentioned is that I don’t think it’s a meaningful 
concept. But I’ve definitely already lost that battle with respect to the 
vis community, right? [. . .] I feel like [the visualization literacy con-
cept] is often used as an excuse for not doing a good job as a designer, 
or often as a way to maybe downplay effects that we see [. . .] that chal-
lenge conventional wisdom about data visualization. Like, they’ll go 
[. . .] “well, you see this thing in graphical perception, but that’s proba-
bly 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 visual-
izations, the “literate” versus “illiterate” split that the term imposes may 
not serve the goal of improving design for a wider audience [27]. There 
are also inconsistencies associated with the usage, because visualization 
literacy can encompass many different complex skills (see Sec. 4.1): 

If you say the word “literacy” to 10 different people, there’s gonna be 
10 different kinds of internal understandings of what that is. (MH) 

Some of us worry that the broadness of the term and its inconsistent 
usage reduces clarity. Those who expressed this sentiment proposed 
alternative terms such as “graphical comprehension”, “visualization abil-
ity”, “visualization competency”. LH differed: 

I think people will know what you mean when you say “visualization 
literacy”, but if the term were changed to, I don’t know, just “visual-
ization ability”, I think it would potentially fall flat and maybe fail to 
connect with the audiences outside of visualization that we wish to 
engage with. So I’m a little comfortable with ambiguity and impre-
ciseness in service of connection. (LH) 

A more broadly-familiar term might be an acceptable compromise to 
ease conversations with other related domains (e.g., statistics, cognitive 
science). Still, our differing points of view on the term itself further reflect 
the complexity of visualization literacy and our varying priorities. 

4.4 Calls to Action 

It is difficult to pinpoint exactly what we are measuring, as visualiza-
tion literacy is an inherently complex, context-dependent construct. This 
poses definitional challenges, which inevitably lead to measurement chal-
lenges. To progress, we must acknowledge we are tackling a wicked prob-
lem and be ready to make compromises in definition and measurement. 

Expand the Scope of Visualization Skills We Assess 

We generally expressed concerns about the limited scope of visual-
ization tasks measured in existing assessment tests and a need to im-
prove the ecological validity of visualization assessments (Sec. 4.1). 
Future work should focus on assessing higher-level activities with data 
visualization, such as decision-making or the ability to create data vi-
sualizations. We should seek ecological validity by focusing tests 
on what people actually need to use visualizations for. Although 
the community is already making efforts to shift the focus towards 
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high-level tasks like visualization construction [1, 42] or the detection 
of misleading representations of data [41], there is still much to do to 
expand the scope of higher-level skills we assess. Other opportunities 
to broaden the scope of assessments include measures of skills needed 
to make sense of different types of data displays (e.g., interaction, ani-
mations). 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 and maps). We should expand the scope of as-
sessments to less common—but useful—chart types and idioms, 
such as icon arrays, which deviate from what we can expect in a K–12 
curriculum. Given the difficulty of precisely describing the underlying 
skills involved in visualization proficiency (Sec. 4.1), we may also lean 
more on qualitative methods to surface implicit visualization skills 
before attempting to assess them. Broadening the visualization skills 
we assess, however, will require careful consideration of potentially-
complex relationships between those skills in order to ensure valid 
measurement. For example, a person’s ability to understand interac-
tive visual data displays might partially depend on their ability to in-
teract with digital interfaces at large. While we offer some ideas for 
broadening test scopes, it would be a useful exercise to speculate about 
what the world of visualization literacy measurement could look like, 
as a way to inform how it should be. 

5 OPERATIONAL: HOW DO WE USE EXISTING TESTS? 

Despite the difficulties with conceptualizing visualization literacy, re-
searchers have already attempted to measure it to better understand their 
target population’s visualization literacy levels [40] or evaluate the effec-
tiveness of interventions to improve visualization skills [4, 13, 39]. 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 the assumptions that often come with these 
tests, which can influence our decisions on test usage in practice. 

5.1 In Pursuit of Standard and Objective Measures 

Researchers use existing visualization literacy assessments for a variety 
of reasons. One reason that emerged is to measure visualization literacy 
in an objective way. We note that early assessments answered a then-
emerging need in the community for more objective measures: 

Before we had the assessment test, we might ask people to self-report 
their comfort with things like statistics or visualizations. And I remem-
ber distinctly from that that some of the times people greatly overesti-
mated 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 adop-
tion of some of these early assessments, as LH reflected: “they were kind 
of widely adopted, because people were literally searching for this sort 
of thing and it was available” . Because VLAT, as one of the earliest tests 
in the community, offered a more objective way to assess visualization 
skills than what was previously possible, it made sense that most of us 
who used tests in experimental contexts have used or considered using 
VLAT. LH explains that part of this test’s success stems from its founda-
tion in existing community standards: 

VLAT is very logically constructed in that it kind of builds on well-
accepted task taxonomies [. . .] So, there’s like a logic to it that’s very 
easy to explain and very easily could result in like a series of questions. 
And then the scoring is very logical as well. (LH) 

Across our interviews and conversations, there were many instances 
where we described choosing the latest community standard when mak-
ing decisions about how we conduct our studies. Reflecting on these 
matters, we note that community norms also exert influence on study 
design choices. These observations reflect a potential desire in the com-
munity to have a “universal” test to produce “generalizable” results. Hav-
ing a standardized measure becomes an advantage in research contexts 
when the goal is to compare results across multiple studies. In such cases, 
we might choose the same measurement scale as in existing work. How-
ever, MC pointed out the tension between efforts to obtain generalizable 
results and the need for scales tailored to specific study interests: 

If everyone’s using their own metric, then it’s hard to make these gen-
eralizable or universal claims, but if really what we want 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 
be much more contingent and less universal. (MC) 

We as researchers should carefully consider such trade-offs and be clear 
on the goal of our studies when selecting a measurement scale, as the 
most appropriate measure might not 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 
question may not always exist, often due to the difficulty of conceptu-
alizing what we want to measure (Sec. 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. 

Our discussion also revealed a need for assessments that extend out-
side of the research community. For example, some of us have received 
outreach from industry about using VLAT “as a part of a manual or tuto-
rial for their company workshop or orientation” (BCK), or A-VLAT [30] 
(adaptive VLAT) to assess the visualization literacy of a company’s em-
ployees. This reflects a desire in industry to use these assessments as 
“[part] of their onboarding process, onboarding materials” (YD). 

Interest outside of academia demonstrates the potential for increased 
impact of visualization literacy assessments, yet also highlights further 
limitations in the current assessment landscape. For example, current 
assessments are typically designed with no feedback, 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 could make effective use of 
the current set of visualization literacy assessments. 

5.2 Implementation Challenges Burdening Researchers 

Reflecting on our practical experiences using tests, it was a lot easier to 
adopt tests with readily available materials, which also potentially con-
tributed to the wide adoption of VLAT: the straightforwardness of imple-
menting and scoring VLAT made it easy for researchers to use. However, 
we also surfaced several practical challenges during use that influenced 
our decisions in choosing tests. One of the most often mentioned barriers 
was that the test 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: 

If you are just trying to check their experience levels, it feels very costly 
for the users ’cause [it] takes an hour or 30 minutes to an hour overhead 
cost and your main test might take three minutes. (BCK) 

The time requirement for some of these tests led to efforts to reduce the 
length, such as shortening it [71] or adaptively and more efficiently as-
sessing the ability [30]. Some of these enhanced methods require more 
technical knowledge to implement, making them harder to adopt: 

I think there are a lot of potential technical hurdles, like little engineer-
ing things that don’t seem like a big problem, but could really affect 
the choices that a research team makes, especially under time pres-
sure. [. . .] Running the psychometric or statistical models to analyze 
participants’ data on the assessments requires some knowledge, first 
of all, theoretical knowledge about how those models work, but also 
more practical implementation 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) 

5.3 Non-replication of Tests Across 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 re-
gardless of their visualization skills, such as understanding a language 
(e.g., English) or being familiar with the topic of a visualization (e.g., 
geospatial maps, politics), or knowledge specific to their educational 
level (e.g., high school, college). Cultural assumptions impact how 
researchers adopt the tests in differing contexts. As existing tests 
were originally developed in English, with Western-centered cultural 
assumptions, there is a need for translating and adapting these tools to 
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other languages. BCK recalls that “there were at least two or three peo-
ple asking me for permission to translate [VLAT] into their own lan-
guage.” However, adapting a measuring instrument across cultures is 
a time-consuming process involving terminology challenges and reval-
idation steps such as back-translation. NR, who was motivated by the 
cultural dependency of the visualization literacy tests like VLAT and 
worked on cross-cultural adaptation, recalled many trade-offs: 

We absolutely did not know how do we say “heat map” in [Arabic] and 
we just made a compromise of something that closely sounds like a 
heat map if someone heard about it. So that was a challenge to find the 
right translation, the taxonomy, in the other language. (NR) 

Not only did they need to translate the language used in the tests, NR also 
had to modify the topics of visualizations and “replace the question with 
local election systems” . This was necessary to be mindful of sensitive 
topics across different cultures. Sometimes, the topic of a visual repre-
sentation could even derail test administration and defeat the purpose of 
evaluating visualization skills. NR recalled: 

When we tried to ask them like, here is a chart about transportation, I 
think it was about the metro [. . .] and we asked them like, tell us what 
you learned from this chart. And they just ended up [. . .] talking about 
how messy transportation is in Madagascar [. . .]. If the culture of read-
ing a chart is not yet established, then people can see the chart as a 
trigger for parallel discussions, [which] is not necessarily relevant for 
the evaluation at the moment. (NR) 

This non-replication across cultures challenges our rationale in Sec. 5.1 
to use the same test to compare results across studies, suggesting that it 
may only be possible to have “standardized” measuring tools for com-
parisons within a particular context of use. Using dialects 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 contexts are not limited to cultural differences, but may also 
concern the application domain, such as statistical or spatial data. For 
example, MMC, who has worked with astronomy visualizations, 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, which maybe perhaps isn’t necessarily as helpful 
as like scientific data with seeing like a galaxy formation or trying to 
come up with a nebula or anything like that. (MMC) 

Current tests can only represent a small snapshot of the construct under 
a very specific context, and may not be built to accommodate the fluid 
nature of visualization literacy. We should therefore communicate these 
domain-specific and culturally-dependent test assumptions more clearly 
to facilitate future test usage. 

5.4 Calls to Action 

How we choose to use a particular visualization literacy test is influenced 
by factors like research goals, community norms, and ease of implementa-
tion. The unspoken test assumptions regarding population characteristics 
can also lead to usage barriers. We call on test designers to make tests 
easier to use and the community to build centralized repositories. 

Develop How-to Guides for Customization and Adaption 

Many of us wished to adapt existing tests while maintaining construct 
validity. Because of the rigorous test design and validation processes 
(Sec. 6.2), later test administrators might feel reluctant to adapt tests 
in fear of affecting the test validity. Yet in some cases, alterations of 
questions may be more desirable in a particular study context (e.g., 
cross-cultural adaption in Sec. 5.3 or shorter studies in Sec. 5.2) that is 
different 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 in different contexts. LH 
entertained the idea of having a “how-to” guide for customization: 
I think that the main limiting factor [is the absence of] a widely ac-
cepted way of paring down the questions or slicing and dicing, and 
what that means if you do that. I would like to have the paper that 
says “this is justified’, or “this is how you construct something for a 
particular context” with justification [. . .] I would follow that process 
potentially, if it wasn’t too onerous.(LH) 

This could help reduce the burden researchers might feel when they 
need to make alterations, and could improve the alignment between 
study designs and measurement. 
Form Centralized Assessments and Implementation Materials 

The availability of materials is a huge factor in implementing and ad-
ministering tests (Sec. 5.2). It is crucial to make tests and the neces-
sary materials readily available. We can also benefit from a collec-
tive effort toward a centralized repository that contains the different 
assessments, including a modular approach to cover the multidimen-
sionality of the construct. Such a centralized approach could preserve 
the benefit of having individual tests for isolating particular compo-
nents of visualization literacy for measurement and, at the same time, 
offer easily accessible ways for users to find and implement their de-
sired tests. Existing efforts in the community are already taking steps 
toward better assisting users in implementing and administering tests, 
such as the reVISit framework [33]. We can build upon and extend 
prior efforts in centralizing these tests to lower the barrier for using 
assessments of visualization literacy. 

6 METHODOLOGICAL: HOW DO WE DESIGN TESTS? 

Designing a valid test is time- and resource-consuming. The subset of us 
who have designed and validated existing tests all acknowledged that it 
was no easy feat. Many considerations went into designing valid tests, 
such as what we want to (or can) measure and how we can measure it. 
Depending on what we are measuring, 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 to make as designers of visualization literacy assessments. 

6.1 Test Modality Limits What We Can Measure 

As a community, we took very logical first steps in studying and mea-
suring visualization literacy by seeking theoretical and methodological 
insights from the psychology and education sciences, such as Item Re-
sponse Theory [14] and systematic test development frameworks [24,61]. 
These processes remain important sources of structure for test design. 
However, areas of test design such as test format and scoring have 
stayed relatively constant over time, despite the fluidity of visualization 
literacy as a construct. This misalignment impacts what we can measure 
with existing test formats. 

We observed a tendency for test designers to lean more on quantita-
tive measures. This tendency then favors test modalities that are easy to 
implement and summarize quantitative results from, such as multiple 
choice questions. 

There is a general assumption that if you’re gonna build an assessment, 
you want to build something where you don’t have to have a human 
sit down and grade it. Which, you know, may or may 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 is designing meaningful 
distractors in addition to not-so-obvious correct answers. The qual-
ity 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 obvious, then the question may not capture the visualization 
skill it aims to assess. Depending on the purpose of the test, sometimes 
distractors need to be designed in a very specific way, as LG recalled: 

For CALVI, [. . .] there is definitely an answer that is considered correct, 
but also [a distractor] that is seemingly correct if they didn’t realize 
the issue. So that makes it a little bit iterative because we needed to 
make sure that the visualization for that question can actually mislead 
the person, if they didn’t notice that issue, to choose that answer. We 
had to think about [the visualization and the distractor] together when 
designing the question, the visualization, and the misleading answer. 
So that was a lot to consider at once, but for each item, that was neces-
sary because we needed something to catch whether they identified 
the issue or not. (LG) 

The challenge of designing meaningful distractors may be easier to over-
come for measurements of visualization interpretation skills compared 
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to construction-related skills, as the combinatorial nature of visualiza-
tion construction is less likely to be supported by the multiple choice 
format [42]. The multiple choice modality thus limits what visualiza-
tion skills we can assess. 

Following the multiple choice questions format, the outcomes of these 
tests naturally become aggregated scores—sometimes broken down by 
chart type. This straightforwardness in scoring also contributed to the 
wide adoption of some tests, as discussed in Sec. 5.1. However, because 
the results output, or scoring, influences the amount of information re-
searchers can retrieve from using assessments, the simplicity of the re-
sulting score may lead to less-refined analyses 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 leaning 
more on qualitative methods. 

I wish we could learn more about how people get things wrong when 
they take the assessments [. . .]. Right now it’s mostly like a number, so 
that’s less meaningful. So maybe more open-ended questions on these 
assessments. But of course that introduces additional complications 
such as grading and not being objective. But that is the trade-off. (YC) 
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 analytically or holistically. (AFC) 

Offering a different reason on why we should adopt more qualitative 
rather than quantitative ways of assessment, MC expressed: 

There’s a lot of things that we seem to assess quantitatively in the vis 
field that I don’t know if we’ve done the necessary qualitative obser-
vational stuff that seems to be a prerequisite 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 do-
ing comparisons of that number? Are they doing [. . .] very quick area 
estimations? [. . .] So when you get from there to “our design was better 
because they completed task one, like 0.5 seconds faster on average”, 
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 we might internalize through 
experience (Sec. 4.1), which could be key to interpreting some of the re-
sults from quantitative assessments. Surfacing this implicit knowledge, 
such as through qualitative methods, might be necessary to lay a solid 
foundation for building quantitative assessments. However, the very rea-
son that contributed to the popularity of these tests—logical test structure 
and scoring—may now be driving people away from alternative test for-
mats that contradict those properties. LG wondered: 

Are we just using multiple choice as a default without thinking about 
the more complex ways of measuring stuff? And if we are, then we are 
maybe missing some opportunities to be able to measure these higher-
level skills. (LG) 

While we were able to rely on certain test formats like multiple choice 
questions to collectively gain valuable insights on visualization literacy, 
staying too comfortable with current attempts of assessing the construct 
may lead to missed opportunities for eliciting and understanding all of 
the exciting aspects of visualization literacy, as choices on test modality 
also directly influence what we can effectively measure. 

6.2 The Need to Reduce Noise 

When designing test questions, it is difficult to determine the correct 
level of abstraction to operate on. In other words, the granularity of the 
categorization of visualization skills directly impacts what each test ques-
tion will focus on. Test designers often have to determine the taxonomy 
of visualization tasks to base their test questions on, such as lower-level 
or high-level categorizations of visualization skills. A more granular cat-
egorization 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 categorizations into realistic and con-
crete test questions. As MK 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 often have to battle with, which 
first starts with some abstractions (e.g., visualization tasks), and “the 
question then becomes, okay, we have to design a bunch of visualizations 
that seem somewhat realistic [. . . and not something that] you never really 
would see in the real world” (LG). 

On top of the compromises we often have to make on the level of ab-
straction we can operate on while still staying somewhat realistic, we are 
faced with the the need to reduce noise when designing the questions in 
the test. For instance, as we pointed out in Sec. 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 iter-
ative and involves qualitative work, which was evident in prior work in 
test development and evaluation [19, 29, 30, 41, 42, 49, 61]. 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 as we shift to assessing 
higher-level visualization skills, such as visualization construction, vi-
sual decision-making, or visual metaphors, because the sources of noise 
inevitably increase as complexity increases (Sec. 4). 

6.3 Calls to Action 

Test designers face many challenges during the development process and 
often have to make compromises due to the complexity of the construct as 
mentioned in Sec. 4.1. The test modality can also constrain what the test 
is able to measure, thereby influencing the ecological validity of a test, as 
oftentimes what we can measure is not aligned with what we need to use 
visualizations for in the real world. We call on test designers to seek eco-
logical validity, take an iterative test design approach over time, and lean 
on specialized knowledge to support test development and validation. 

Improve Ecological Validity of Tests 

When we create visualizations and questions for assessments, we must 
face difficult trade-offs between abstraction and realism. Translating 
tasks from theoretical taxonomies into concrete visual representations 
and instructions is not a trivial process and requires careful, iterative de-
sign processes. Our efforts to minimize noise from individuals’ knowl-
edge or contextual factors in tests may also come at the cost of reducing 
the ecological validity: 
I would like [. . .] higher-level and then also more realistic use cases, 
like the ways that people would use visualizations in their lives versus 
just kind of completely decontextualized. (MH) 
[In]health literacy, there’s a decision making element, right? Because 
if you have a chart in that field, usually it’s to make some diagnosis 
[. . . or] life changes to be healthier. And then versus something like 
Cleveland and McGill, there’s not any decision really to be made. It’s 
just making a judgment, but that’s not teaching you how to apply that 
information in what you do day to day. So maybe that could mean 
having more realistic examples in these assessments. (KB) 

To improve ecological validity, we should situate measurements in 
real-world contexts. Such measures could better reflect people’s true 
abilities in visualizations. 
Expand Assessment Modalities 

Following our call to expand test scopes (Sec. 4.4), the format we use to 
assess these higher-level skills would have to change as well, as multi-
ple choice questions are less likely to offer adequate support (Sec. 6.1). 
We should make an effort to embrace alternative assessment formats, 
such as using more open-ended questions. We expect the difficulty 
of isolating visualization skills to generally increase as the complex-
ity of the ability we assess increases, due to the increasing sources of 
noise (e.g., complex assessment tools, technical skills). It is important, 
however, to not overly bind ourselves with the properties (e.g., logical, 
straightforwardness) that contributed to our progress in visualization 
literacy, as the nature of the construct itself (e.g., complex, fluid) of-
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ten contradicts those properties. We must expand how we approach 
visualization literacy assessments, because “measurement is in a way 
influencing people’s perceptions on the construct” (LG). 
Seek Interdisciplinary Collaborations to Enhance Measurements 

As an interdisciplinary field, visualization literacy can benefit a lot 
from inputs from related domains, such as education and psychology, 
to enrich our conceptualization of what visualization literacy is and to 
improve how we measure it. KB expressed: 

We need to work more closely with psychologists to actually get this 
empirical backing to all the stuff we do because they do this all the 
time [. . .] We can bring the CS side and the other things, and they can 
bring the actual psychology measurements. (KB) 

Formal training in methods such as statistics and psychometrics test-
ing that are necessary for analyzing and validating tests is still lacking 
in our community. We should embrace opportunities to lean on 
specialized knowledge to support test development. For example, 
psychologists have proposed theoretical and methodological work on 
ensuring cross-cultural validity [44, 48] when translating measure-
ment instruments (something we are already attempting, as discussed 
in Sec. 5.3). Such work, however, might not be easily accessible to 
researchers in our field, as it requires specialized knowledge that is 
often outside our typical scope. Cross-domain collaborations could 
address the many intricacies of psychometric measurements. It is 
good that we are already making these connections with meetups, pan-
els, and workshops, 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. 

7 DISCUSSION 

7.1 Calls for Mindset Changes in the Community 

In this autoethnography we identified several calls to action from the 
conceptual, operational, and methodological perspectives. Here, we call 
for additional mindset and attitude changes that are more cross-cutting 
and applicable to the community at large. 

Be ready to compromise between what you need to measure and 
you actually can measure, because the fluidity of visualization literacy 
makes it an ever-moving target. A single test that covers every dimension 
is difficult to achieve. AL recalled: “My initial study was [. . .] to touch 
different dimensions [. . .][in one study,] but things were messy, because 
the test was not so reliable.” We may thus need to develop tests specific to 
a particular domain or context. However, too individualized an approach 
to test development may make it difficult for test users to get a holistic 
understanding of participants’ visualization literacy. Regardless of the 
context or literacy component one focuses on, authors should explicitly 
define which components of visualization literacy they study to facil-
itate clear communication within the field and outside of it. At a certain 
point, we may need to simply acknowledge that there is a limit to what 
we can precisely measure. 

Resist the urge to choose a measure just to conform to community 
standards. Due to the complexity of visualization literacy and the small 
set of existing assessments, it is easy to end up studying aspects of vi-
sualization literacy not covered by existing assessments. In such cases, 
it is not appropriate to use a widely-adopted test just to check the 
“measure visualization literacy” box. Visualization literacy tests should 
not be used mindlessly to conform to a perceived standard, just as user 
studies should not be mindlessly used to evaluate a visualization system 
if another evaluation is more appropriate [46]. While we acknowledge 
that it may be difficult to resist these normative expectations, particularly 
during peer review, we are hopeful that the community will be receptive 
to well-reasoned deviations from what might be considered standard. 

Design and re-design tests on a longer time scale, iteratively. As 
we are far from solving the visualization literacy measurement problem, 
existing tests should not be viewed as “complete” products. We should 
scrutinize existing tests, especially when we use 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 report what worked and did not work whenever possible, 

which will inform test designers on areas for iterative improvement. 
Take outward-facing responsibility for how tests are disseminated 

and maintained, because diverse user groups outside of academia are 
also using these tests (Sec. 5.1). Reflecting on the web 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 just asking questions or just sending me a 
really good vibe about “Hey, thanks for making this”. [. . .] That means 
people do need this. (BCK) 

Potential test users who are outside of our field might not be as familiar 
with the nuances of visualization literacy as we are, so they are trusting 
us to develop valid assessments that they can adopt easily. One way of 
taking greater responsibility is to talk to users from other domains who are 
adopting our tests to learn how we can further improve how we measure 
visualization literacy. 

7.2 A Reflection on Our Methodological Approach 

Our approach to surface tacit thoughts relied on a combination of col-
laborative autoethnography, thematic analysis, and diffractive analysis. 
Although conducting autoethnography with a group adds rigor, it has 
known logistical challenges, including “establishing shared goals, agree-
ing how the group will work together, and meeting timelines” [58]. These 
issues could have been exacerbated in a paper with over a dozen authors 
across multiple continents on a tight timeline. We addressed these chal-
lenges through (1) a shared spreadsheet documenting assigned tasks and 
progress for all analysts, coordinated by the first author and visible to 
all—creating social accountability; (2) a group meeting where analysts 
practiced the analysis process on a short interview excerpt; and (3) a flow 
diagram analysts followed to keep procedures consistent.8 These proce-
dures helped us be transparent about progress and kept everyone on the 
same page about shared goals and timelines. 

While we leaned on thematic analysis (Sec. 3.3) to formulate our tacit 
thoughts into a coherent narrative, we intentionally employed diffrac-
tive analysis to avoid passive agreement among ourselves. We explicitly 
added some distance 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 autoethnogra-
phy [58]. Our approach to collaborative autoethnography created oppor-
tunities for a clash of perspectives and helped us distill the many factors 
that contribute to the wicked problem of visualization literacy measure-
ment. However, we acknowledge that the majority of our perspectives 
stem from a Western-centric visualization philosophy. Future work could 
engage in more cross-cultural reflections, which would be especially valu-
able as visualization literacy itself is fluid across cultures. 

8 NEXT STEPS 

In this autoethnographic reflection, we leaned on our professional and 
practical experiences as users and designers of visualization literacy tests 
to surface the tacit thoughts often left unreported in individual research 
papers. Despite our formulation of visualization literacy measurement as 
a wicked problem—one that is complex and without an exhaustive set of 
potential solutions [73]—we identified some concrete next steps to study 
visualization literacy more comprehensively. For example, test designers 
should expand the scope of their tests, both in terms of content and modal-
ity, and work towards improving the ecological validity of tests. Test users 
should report both what worked and what did not to help us collectively 
iterate on test design and how-to guides. We should develop centralized 
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 its measurements. As sug-
gested by the formulation of this as a wicked problem, we do not claim to 
have an exhaustive set of rules or procedures for readers to follow. Instead, 
we advocate embracing the wickedness of this measurement problem, 
being willing to make compromises, and continually discussing—and 
updating—our conceptualizations of visualization literacy. 

8Fig. 2 is a compact version of the diagram we used during analysis. 
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SUPPLEMENTAL MATERIALS 

All supplemental materials are available on OSF at https: 
//osf.io/xwr4c/, which include (1) interview protocol with 
the semi-structured questions, (2) share link to the Miro boards 
for analysis: https://miro.com/app/board/uXjVIfMDSTI=/? 
share_link_id=445344623741, (3) PDF version of the Miro boards. 
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