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Abstract
Over the past decade, visualization literacy has been extensively investigated in the fields of visualization and human-computer
interaction, encompassing topics such as measurement and assessment, training and learning, and design for literacy and ac-
cessibility. Existing work in this area, however, is primarily focused on information visualization (charts, graphs, and diagrams)
and rarely explores scientific visualization (such as volumes and surfaces). In this position paper, we discuss the fundamental
differences between information visualization literacy and scientific visualization literacy. We outline an approach to design-
ing literacy assessment tests for scientific visualization and brief a prototype. We identify research opportunities and open
challenges facing scientific visualization literacy. The goal is to examine the role of literacy in scientific visualization and to
advocate for a community effort to advance scientific visualization literacy, thereby supporting an informed public discourse
around science and engineering.

CCS Concepts
• Human-centered computing → Scientific visualization; Empirical studies in visualization;

The four competency themes form an increasingly complex skill
set. In reality, even at the beginning consumption level, many in-
dividuals face significant challenges in accurately interpreting vi-
sualizations [LKH∗15, BMBH16, NZM∗24]. These challenges are
often categorized into three types [NZM∗24]: translation barriers
occur when users struggle to convert a data-driven question into a
visual query; encoding barriers arise from a misunderstanding of
the visual encodings within a chart; and decoding barriers refer
to an inability to extract data values from a visualization correctly.
These barriers can be conceptual (resulting from flaws in under-
standing) or operational (due to mistakes in interpreting values).
Common problems include misreading visual channels, confusing
chart labels with data values, high visual complexity, and unfamil-
iar visualization types [RM15, BMBH16, NZM∗24].

Addressing these problems requires targeted educational inter-
ventions. Approaches include active learning, direct engagement
with visual elements, and immediate feedback [PFLJ22,BFGL25].
Pedagogical strategies also focus on teaching skills like deconstruc-
tion (breaking down visualizations) and design empathy (under-
standing design choices) [NZM∗24]. In addition, explicitly teach-
ing how to identify deceptive visualizations [CCB∗22] is a core
component of visualization literacy education. There is also a great
need to develop a unifying construct and protocol for visualization
literacy to standardize definitions and assessment methods, while
also exploring barriers in diverse contexts and populations.

1. Introduction

Visualization literacy is the ability to interpret, understand, and 
produce visual representations of data, a crucial skill in our data-
driven society for informed decision-making [BBG19, NZM∗24, 
BFGL25]. In a recent survey on visualization literacy, Varona et 
al. [VBH∗25] emphasized that visualization literacy must be op-
erationalized based on specific a pplication c ontexts a nd i s orga-
nized around four key competency themes: consumption, construc-
tion, critique, and connection, as illustrated in Figure 1, Consump-
tion involves tasks such as reading and comparing values, inter-
preting trends, and making decisions based on visualizations (e.g., 
images, videos). Construction refers to the ability to use visual-
ization creation tools, select appropriate encodings, and apply vi-
sual hierarchy (i.e., arranging visual elements so that viewers nat-
urally perceive and process information in a deliberate order). Cri-
tique focuses on applying critical thinking to visualizations, rang-
ing from identifying misleading elements to assessing a visualiza-
tion’s neutrality or bias. Connection relates data within a visualiza-
tion to broader contexts or external knowledge, including the for-
mation of mental models or engagement in debates. We refer inter-
ested readers to additional surveys on interactive visualization liter-
acy [FJL22], visualization literacy for standardization [BFGL25], 
and domain-specific visualization l iteracy, such as data visualiza-
tion for financial literacy [DAMW25].
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consumption
read & compare values

interpret trends
make decisions

construction
use tools

select encodings
apply visual hierarchy

critique
apply critical thinking

identify misleading elements
assess neutrality

connection
relate data to contexts
form mental models
engage in debates 

from visual encoding
to scientific inference

from tool use
to design judgment

from error detection
to epistemic evaluation

from local interpretation
to contextual integration

Figure 1: The four competency themes of visualization literacy
adopted from [VBH∗25]. The text in red highlights opportunities
and challenges of visualization literacy in the SciVis context.

In visualization, the two primary branches are information visu-
alization (InfoVis) and scientific visualization (SciVis). Both share
areas of overlap and convergence, including hybrid data (e.g., spa-
tial networks, geotemporal data), standard interaction techniques,
increasing emphasis on explainability and accessibility, and cross-
pollination of evaluation methods. Nevertheless, they are funda-
mentally different. InfoVis focuses on abstract data with designer-
assigned geometry, supporting sense-making for broad audiences
through charts and graphs. It is often evaluated via user-centered
studies. In contrast, SciVis focuses on spatially grounded data with
inherent geometry, supporting understanding of physical phenom-
ena for domain experts through techniques such as volume ren-
dering and isosurfaces. It is often evaluated through scientific cor-
rectness and domain-centered validation. For further information,
refer to the work of Tory and Möller [TM04], which presents a tax-
onomy that clarifies the overlaps and differences between InfoVis
and SciVis by categorizing visualization methods based on design
models, rather than only data type.

Existing visualization literacy studies (e.g., [FIB∗19, FDL20,
BZP∗21, FDWL22]) and assessment tests (e.g., [LKK17, GCK23,
PO23, CGD∗24]), however, are largely centered on InfoVis. There
is a notable lack of systematic studies on SciVis literacy, assess-
ment, and education. We conjecture that this is not due to neglect,
but rather to a deep entanglement with domain knowledge, the dif-
ficulty of standardization and evaluation, a historical focus on algo-
rithms over users, and limited pressure from non-expert audiences.
Similar to investigating InfoVis literacy, studying SciVis literacy
is essential to ensure that visualizations support accurate spatial
reasoning, enable responsible decision-making, and remain inter-
pretable as visualization techniques become increasingly complex
and widespread.

We provide an example to illustrate how SciVis literacy man-
ifests across the four competency themes [VBH∗25]. Consider a
mixed rendering of a climate simulation that displays 3D atmo-

spheric temperature and wind fields over time, utilizing volume
rendering and animated pathlets. At a basic level, viewers must be
able to consume the visualization by correctly interpreting color
mappings, spatial position, and motion to identify temperature gra-
dients or dominant flow patterns. Beyond interpretation, scientists
may be asked to construct such a visualization by selecting appro-
priate rendering techniques, parameter settings, and viewpoints that
faithfully represent the underlying model while remaining inter-
pretable to a target audience. As visualizations become inputs to
analysis or communication, viewers must also be able to critique
them: questioning whether the chosen encodings obscure uncer-
tainty, exaggerate patterns, or introduce artifacts that could mis-
lead spatial reasoning. Finally, effective use of SciVis requires the
ability to connect what is shown to external knowledge and broader
contexts, such as linking observed patterns to physical mechanisms,
comparing results across models, or using the visualization to in-
form interdisciplinary discussion or policy decisions. This example
illustrates how SciVis literacy spans all four competency themes
and how increasing proficiency involves moving from basic visual
decoding to integrated scientific reasoning and judgment.

This position paper advocates for a community effort for SciVis
literacy research. The main contributions are as follows:

• We highlight the similarities and differences between InfoVis lit-
eracy and SciVis literacy, reasoning that SciVis literacy presents
special challenges.

• We propose developing SciVis literacy assessment tests through
a rigorous, multi-phase process and brief the results from a pro-
totype implementation.

• We outline opportunities and challenges for advancing SciVis
literacy across the four competency themes and provide an action
plan to advance research and education in this area.

The remainder of the paper is organized as follows. Section 2
reviews related work on visualization literacy. Section 3 examines
the similarities and differences between InfoVis literacy and SciVis
literacy and discusses the challenges unique to SciVis literacy. Sec-
tion 4 presents an assessment framework for developing and eval-
uating SciVis literacy. Section 5 discusses research opportunities
and open challenges. Finally, Section 6 outlines an action plan to
advance SciVis literacy research and education, and Section 7 con-
cludes the paper.

2. Related Work

We review related work in visualization literacy education and as-
sessment, as well as the study of visualization literacy in the con-
text of foundation models. Note that prior work in these areas is
squarely on InfoVis literacy, underscoring an absence in the SciVis
literacy counterpart.

2.1. Visualization Literacy Education

Public proficiency in visualization literacy remains low. To address
this, educational efforts on visualization literacy encompass a range
of approaches. Game-based learning is a notable direction. Ex-
amples include narrative-focused role-playing games that can im-
prove engagement and enjoyment in children without sacrificing
learning [HNGC21]. Serious games, such as Iguanodon [ALE∗25],
enhance visualization construction literacy for adults by break-
ing down design choices into manageable subtasks. Interactive
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toolkits such as C’est la Vis [ARC∗17, CRA∗18] and Data is
Yours [BVY∗23] facilitate active, embodied learning and collab-
oration for younger children by allowing them to physically craft
and interact with visualizations, often relying on everyday materi-
als to make the process approachable and encourage experimenta-
tion. Additionally, design thinking methodologies, inspired by con-
cepts like “Dear Data,” [KMK19] are being integrated into higher
education courses to foster divergent thinking and solution-oriented
visualization creation among novices, thereby preventing common
pitfalls such as tunnel vision. Despite the above advancements,
challenges persist. These include overcoming user overconfidence,
addressing curriculum gaps in which the critical interpretation of
misleading visuals is often neglected, managing the increased time
commitment required by immersive learning methods, and adapt-
ing tools to diverse audiences and learning contexts. Such chal-
lenges highlight a continuous need for more comprehensive, longi-
tudinal studies and standardized assessment methods for visualiza-
tion literacy [DC20].

2.2. Visualization Literacy Assessment

To measure visualization literacy, based on item response the-
ory (IRT) [HSR91], Boy et al. [BRBF14] developed an ap-
proach [DeM10] for assessing the ability to use established visu-
alizations like line graphs and bar charts confidently. Building on
this, Lee et al. [LKK17] created the 53-item visualization literacy
assessment test (VLAT), evaluating tasks such as retrieving val-
ues, finding extremums, and making comparisons across various
chart types. Recognizing the gap in assessing critical thinking for
misleading visuals, Ge et al. [GCK23] introduced critical think-
ing assessment for literacy in visualizations (CALVI), a 45-item
instrument to identify and reason about erroneous visualizations.
To address the length of these tests, Pandey and Ottley [PO23] de-
veloped the 12-item Mini-VLAT, a psychometrically sound short
form of the VLAT with good reliability and strong correlation to
the original. Similarly, Cui et al. [CGD∗24] created two comput-
erized adaptive tests (CATs), A-VLAT (27 items) and A-CALVI
(15 items), which halve the number of questions while maintain-
ing high test-retest reliability and validity. Further advancements
include Chang et al.’s work on linking visualization literacy to vi-
sual attention [CWW∗26], in which models (Lit2Sal and Sal2Lit)
predict literacy levels based on distinct viewing patterns. These di-
verse efforts aim to provide more efficient, reliable, and nuanced
measurements of visualization literacy; however, challenges such
as context dependency and the need for domain-specific adapta-
tions remain.

2.3. LLM’s Visualization Literacy

Visualization literacy is increasingly used to probe the capabil-
ities and limitations of large language models (LLMs) and vi-
sual–language models (VLMs) with respect to visual information.
Early evaluations found that systems such as GPT-4 and Gemini
often fall short of human performance on established benchmarks
like VLAT, particularly on tasks that required careful reading of
values. In many cases, the models appear to rely on general world
knowledge rather than grounding their answers in the visualiza-
tion itself [HSFM25]. Later work shows that these weaknesses are
not immutable. Techniques such as Charts-of-Thought [DTM26]

demonstrate that when models are guided to slow down and ex-
plicitly reason through extraction and verification steps, their per-
formance can improve substantially. Even so, interpreting color
encodings, making sense of dense geographic visualizations, es-
timating values without explicit numerical labels, and resisting
misleading titles or visual framing remain challenging for cur-
rent models [LMPL24,BS25,VDLE25,PO25]. More focused stud-
ies, including work based on datasets like FlowLearn [PZC∗24],
paint a nuanced picture in which model capabilities vary widely
across task types rather than improving uniformly. Systems such
as InvVis [YLLW24] point toward a different direction by attempt-
ing to recover underlying data directly from visualization images,
enabling new forms of interaction and reuse. Finally, analyses of
model internals using tools like AG-CAM [DC26] suggest that
while VLMs can capture meaningful spatial and semantic cues,
their reasoning remains fragile, often sensitive to prompt phrasing
and prone to breakdown in multi-step analyses. This body of work
highlights both the promise of foundation models for visualization
understanding and the need for continued research toward more ro-
bust, transparent, and visually grounded reasoning.

3. Scientific Visualization Literacy

Both InfoVis literacy and SciVis literacy refer to the capacity to
interpret, analyze, and critically evaluate visual representations of
data to support understanding, reasoning, and decision-making, in-
tegrating data literacy (i.e., understanding data concepts) and vi-
sual literacy (i.e., understanding visual encodings and perception).
The differences are that InfoVis literacy focuses on reading abstract
data representations, while SciVis literacy focuses on reasoning
spatially grounded visual representations of physical phenomena.

Compared to InfoVis, visualization literacy is especially chal-
lenging in SciVis due to the following reasons:

• 3D complexity and interaction needs: SciVis processes 3D
scalar, vector, or tensor fields. Unlike InfoVis, which typically
represents abstract relationships in 2D visual encodings, unique
3D-intrinsic interactions in SciVis include camera navigation, ar-
bitrary slicing, clipping, particle seeding, and region selection.
Low visualization literacy can limit a user’s ability to interact
effectively in 3D.

• Domain-specific knowledge assumption: SciVis typically rep-
resents spatiotemporal physical phenomena (e.g., fluid flow,
molecular structures, medical scans). Interpreting these scientific
phenomena and specialized variables (e.g., pressure, vorticity)
through visualization often assumes understanding the underly-
ing science. As such, SciVis literacy typically demands stronger
domain knowledge, whereas InfoVis literacy focuses more on
general-purpose visual reasoning about abstract data.

• Abstract, large, unfamiliar data: SciVis frequently represents
phenomena invisible to the human eye (e.g., electromagnetic
fields, particle simulations). These data are often orders of mag-
nitude larger than those in InfoVis. Unlike bar or line charts,
which use familiar metaphors, these abstract representations can
make interpretation more challenging.

• Uncertainty and noise: Scientific data often come with mea-
surement errors, simulation artifacts, or incomplete sampling.
Conveying and interpreting uncertainty in a 3D context is com-
plex and requires a higher level of literacy.
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• Perceptual and cognitive load: SciVis often involves dense
data, overlapping structures, and semi-transparent layers. It also
requires specialized lighting and shading techniques to perceive
3D and time-varying phenomena. This creates a higher visual
and cognitive load compared to a cleaner, more abstract InfoVis
design.

• Lack of standardized literacy frameworks: While assessment
tools exist for InfoVis literacy, no equivalent standardized frame-
work has been developed for SciVis. This makes it harder to
teach, assess, and systematically improve SciVis literacy.

In summary, SciVis literacy presents additional challenges be-
cause it requires users to navigate 3D interactions, apply domain-
specific knowledge, interpret abstract, large, and noisy data, and
manage a higher perceptual load, all without standardized assess-
ment tools to guide learning.

4. Development of SciVis Literacy Assessment

We propose a framework for developing a SciVis literacy as-
sessment that draws on established principles from psychologi-
cal and educational measurement [CST21] and on methodological
precedents from prior visualization literacy instruments [LKK17,
GCK23]. Central to this framework is a multi-stage, psychomet-
rically informed process that connects construct definition to test
blueprinting, item development, and empirical evidence gathered
through pilot and large-scale tryout studies. This approach situates
SciVis literacy assessment within the broader ecosystem of visual-
ization literacy tests, which follows a process similar to previous
work [LKK17, PO23, GCK23, CGD∗24].

4.1. Blueprint Construction

The process begins by articulating the construct and constraints
that define SciVis literacy, including adopting a closed-world as-
sumption: each test item must be answerable using only the pro-
vided visualization and its caption. Although interpreting scientific
visualizations in real practice may require domain knowledge, the
proposed literacy test intentionally stays at the consumption level.
Accordingly, the test assesses an audience’s ability to read and in-
terpret information directly from the visual elements (e.g., render-
ing, color encoding, spatial structure, legends) and textual elements
(e.g., labels and captions) without relying on prior knowledge about
the underlying scientific application. This design choice is partic-
ularly important because the target population includes a general
public audience, for whom domain expertise cannot be assumed.

Adopting the closed-world assumption ensures that the in-
strument measures visualization literacy rather than disciplinary
knowledge. If items required prior familiarity with specific scien-
tific concepts, performance would confound visualization compre-
hension with differences in educational background. By restricting
all necessary information to the visual representation and its ac-
companying text, the assessment isolates the ability to decode vi-
sual encodings, interpret spatial relationships, and integrate graph-
ical and textual cues, which are core competencies of visualization
literacy. This approach also reflects a common goal of SciVis com-
munication: figures should remain interpretable to readers outside
the domain when supported by clear legends and captions.

A test blueprint is then constructed to operationalize the con-
struct along two complementary dimensions: representative SciVis

visualization techniques and a task taxonomy that specifies the
types of evidence the assessment is intended to elicit.

The technique dimension encompasses common practices in
both canonical SciVis research and public-facing scientific com-
munication. It may include the following categories:

• Technique families that are widely recognized as foundational
to SciVis and well documented in the literature [Tel14], such as
color mapping, volume rendering, surface rendering, texture- or
integration-based techniques, and mixed rendering approaches.

• Glyph-, plot-, and mesh-based representations, capturing
symbolic or abstract encodings frequently used alongside spa-
tial techniques.

• Scientific illustrations, encompassing schematic and explana-
tory depictions that rely on diagrammatic conventions rather than
direct data rendering [Goo05].

The task dimension is derived from an interpretation-oriented
taxonomy originally developed for volume visualization analy-
sis [LBLS15], adapted here for domain-independent assessment. It
includes five high-level categories instantiated as eleven task types:

• Search tasks, consisting of presence/absence and counting.
• Pattern recognition tasks, such as identifying trends or repeti-

tions.
• Spatial understanding tasks, covering absolute, relative, and

intersection-based judgments.
• Quantitative estimation tasks, including absolute estimation,

binary relative estimation, and quantitative relative estimation.
• Shape description tasks.

This level of specification supports systematic item authoring,
balanced coverage of the construct space, and task-level diagnostic
analyses during later validation stages. We note that these typical
SciVis tasks differ from many InfoVis tasks [TM04].

4.2. Visualization Preparation

A curated set of visualizations is assembled to represent the target
technique categories while avoiding over-specialization to a narrow
data context. To promote generalizability, the collection is diversi-
fied across data types, dimensionalities, and application domains.
Depending on the intended audience (e.g., college students vs. the
general public), source materials may emphasize different venues,
ranging from textbooks and research articles to science journalism,
educational websites, and online media.

The resulting set encompasses scalar, vector, tensor, and mixed-
field data, includes 2D, 3D, and time-varying cases, and spans mul-
tiple scientific disciplines to minimize reliance on domain-specific
expertise. Both static images and animated sequences are incorpo-
rated: techniques that depend on temporal variation are presented as
short videos, whereas others are shown as still figures. Quality con-
trol is conducted to ensure that images and videos have sufficient
resolution, high-quality rendering, and clearly visible legends. For
simplicity, we intentionally target view-independent interpretation
that can be assessed from a figure and caption under our closed-
world assumption. Accordingly, interaction-dependent exploration
and uncertainty-specific reasoning are out of scope for this initial
instrument and left for future extensions that can provide standard-
ized interactive interfaces and uncertainty encodings.
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(8) Human Brain
Fiber Bundles

(9) Multiscale
DNA Structure

(10) SARS-CoV-2
Virus

(7) Human Body
Organs

(12) Carp Skeleton(11) Dragonfly Anatomy

(6) Closed
Seifert Surface

(5) Molecule
Structure

(1) Terrain Map of the
Roberts Mountains, Nevada

(4*) Wind Map of
the United States 

(17*) Rocket Launch
Ignition

(15) Electric Field
of a Capacitor

(16) Velocity Field
of a Tornado

(13*) Black Hole Accretion (14*) Core-Collapse
Supernova

(18*) Car Aerodynamics

(2) Hurricane Laura
Forecast

(3) Sea Surface Temperature Trend

Figure 2: The 18 visualizations selected for SVLAT. Indices marked with * indicate animations; all others are static images.

Each visualization is accompanied by a caption that provides es-
sential context without giving cues to the correct answer. When
possible, captions are adapted from original source descriptions
and rewritten for a general audience, explicitly identifying the phe-
nomenon, visualization technique, and key encodings while avoid-
ing technical jargon. Captions are kept concise and neutral. LLMs
(e.g., ChatGPT) may assist in drafting and refinement, with all cap-
tions undergoing manual verification to ensure accuracy and clarity.

4.3. Item Generation

Item generation follows directly from the blueprint and results
in selected-response items, primarily multiple-choice questions
(MCQs), with some true/false (T/F) items, paired with carefully
constructed distractors that reflect plausible interpretation errors.
Open-ended items could also be included. However, this type of
item is difficult to evaluate reliably because it requires judgmental
evaluation and qualitative analysis [LKK17]. An initial item pool
is created by instantiating combinations of visualization techniques
and task types using the prepared visual materials. Each item is
designed to target a single dominant task type, facilitating clean
blueprint coverage and enabling fine-grained diagnostic analysis.

Key aspects of the item development process include:

• Item format: Selected-response formats support objective scor-
ing and scalable administration. MCQs are preferred for their
diagnostic richness, while T/F items are reserved for cases
where MCQ options would otherwise incur excessive reading.
A “Skip” option is included to reduce forced guessing.

• Drafting and revision: Items are iteratively drafted and refined,
using LLMs to improve clarity and alignment with the construct
while maintaining the closed-world constraint. Revisions aim to
ensure that difficulty arises from visual interpretation rather than
linguistic complexity or external knowledge.

• Distractor design: Distractors are item-specific, plausible, and
construct-relevant, reflecting common visualization misconcep-
tions rather than superficial wording differences.

• Task labeling: Multiple researchers independently assign each
item to a primary task. Disagreements are resolved through dis-
cussion, with ambiguous cases reviewed by one or more SciVis
experts and labeled according to the dominant intended evidence
target.

Following item generation, content validity is evaluated through
expert judgments of item essentiality. Lawshe’s content validity
ratio (CVR) is used to quantify agreement and guide item revi-
sion or removal [Law75]. This expert screening step mirrors es-
tablished practice in prior visualization literacy test development
efforts [LKK17, PO23, GCK23].

4.4. Pilot Study and Test Tryout

A pilot study is first conducted to assess feasibility and identify
issues requiring early revision, including completion time, clarity
of prompts and captions, technical fidelity of visual materials, and
preliminary item-level performance signals.

Subsequently, a large-scale test tryout is administered to enable
psychometric evaluation and item calibration. Participants com-
plete a prototype containing all retained items. Depending on the
target population, administration may occur in classroom settings
(for student samples) or via crowdsourcing platforms such as Ama-
zon Mechanical Turk for general adult populations. The test should
be administered on a laptop or desktop computer with sufficient
screen resolution; participants are not permitted to use mobile
phones to complete the test. Responses are collected through a
web-based system with standard data-quality controls. The result-
ing dataset supports subsequent item refinement, structural valida-
tion, and reliability analysis.

4.5. Item Analysis and Test Refinement

Tryout data are analyzed using IRT [DeM10]. Appropriate dichoto-
mous models, such as the Rasch (1PL) and two-parameter logis-
tic (2PL) models, are fitted to place items on a common latent
scale. Item functioning is evaluated using diagnostics, including
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item characteristic curves, fit indices, and checks for local depen-
dence. Measurement precision is assessed through item and test in-
formation functions, which guide decisions about item retention,
revision, and coverage across the intended ability range [ER00,
DeM10, HJ93].

4.6. Reliability Evaluation

Reliability is reported using IRT-based indices of overall and condi-
tional precision, such as the conditional standard error of measure-
ment derived from the test information function [ER00, DeM10].
To facilitate comparison with existing visualization literacy instru-
ments, McDonald’s ωt [McD13] and Cronbach’s α [Cro51] are re-
ported as reliability estimates to assess internal consistency and the
coherence of the item set in measuring SciVis literacy.

4.7. Prototype

Following the above guidelines, we have operationalized a sci-
entific visualization literacy assessment test (SVLAT) to measure
SciVis literacy across a wide range of visualization forms and inter-
pretation tasks. SVLAT consists of 49 items based on 18 scientific
visualizations and illustrations (see Figure 2) representing eight vi-
sualization techniques. The instrument was developed through a
staged, psychometrically informed process. We first defined the
construct and created a test blueprint, then generated candidate
items and conducted an expert review using CVR with five SciVis
experts. Next, we conducted a pilot study (30 participants) followed
by a large-scale test tryout (485 participants) to evaluate the instru-
ment’s psychometric properties. For validation, we performed item
analysis using both classical test theory (CTT) [AY79] and IRT
to assess item performance and overall test quality. Results from
the tryout sample indicate that SVLAT has high reliability (Mc-
Donald’s ωt = 0.82, Cronbach’s α = 0.81). More information is
provided in [DTAW26].

5. Research Opportunities and Open Challenges

In this section, we examine the opportunities and challenges as-
sociated with advancing SciVis literacy across the four compe-
tency themes [VBH∗25]: consumption, construction, critique, and
connection (see Figure 1). Progress in this area requires moving
beyond isolated perceptual or usability studies toward integrated
frameworks that capture how visualization skills develop, interact,
and transfer across different contexts. A key challenge is building
higher competency without requiring extensive domain expertise.
A significant opportunity lies in aligning design, education, and as-
sessment to support scalable scientific reasoning.

5.1. Consumption: From Visual Decoding to Scientific
Inference

At the foundational level, consumption competency in SciVis in-
volves accurately decoding visuals and extracting basic informa-
tion. These skills align with well-studied perceptual tasks [QR22].
A key research opportunity lies in understanding how these low-
level skills scale to more complex scientific representations, includ-
ing multivariate and time-varying data. Perceptual limitations in-
clude occlusion, depth ambiguity, or color misinterpretation. Chal-
lenges arise when these limitations compromise interpretive relia-
bility, particularly for novices or cross-domain audiences.

At higher competency levels, we expect consumption to ex-
tend beyond simply value-reading. It should form scientifically
meaningful interpretations and support hypothesis generation.
This is challenging because correct interpretations often de-
pend on implicit domain knowledge, data provenance, or hidden
model constraints. Developing literacy models that distinguish be-
tween surface-level correctness and deeper scientific understanding
presents a research opportunity. Designing assessments and visual
encodings that help users recognize uncertainty, artifacts, and the
inherent limitations of scientific data is also crucial [BHJ∗14].

5.2. Construction: From Tool Use to Design Judgment

At basic levels, construction competency in SciVis involves the
ability to operate visualization tools, reproduce standard tech-
niques, and follow established design patterns. Compared to Info-
Vis, there are fewer SciVis software tools, and the learning curve
is steeper. Newer systems lower the technical barrier to creating vi-
sualizations [WHS∗23, ATW26]. However, interpretability or sci-
entific validity do not simply follow ease of construction. Research
opportunities exist in studying how novice creators reason about
default settings, parameter choices, and automated pipelines. Addi-
tionally, it is essential to determine where construction fluency may
outpace interpretive understanding.

At advanced levels, construction involves making principled de-
sign decisions that align techniques with questions, data, and au-
dience. This highlights the challenges of tacit expertise, as many
effective SciVis design choices are learned informally. Opportuni-
ties include formalizing design knowledge, creating literacy-aware
authoring tools, and supporting reflection on trade-offs among ex-
pressiveness, accuracy, and cognitive load.

5.3. Critique: From Error Detection to Epistemic Evaluation

At introductory levels, critique competency in SciVis literacy in-
volves identifying obvious errors, misleading encodings, or inap-
propriate color scales. While these skills are increasingly empha-
sized in general visualization literacy [CCB∗22] and in Bloom’s
taxonomy-based interventions [PFLJ22], SciVis presents addi-
tional challenges as technical and scientific authority is often at-
tributed to complex graphical representations. Research opportuni-
ties lie in understanding how trust and expertise influence users’
willingness to question scientific visualizations. This is especially
important when recognized institutions (such as NASA, NIH, etc.)
or sophisticated techniques (such as flow visualization using in-
tegral curves, topological data analysis–based feature extraction)
produce them.

At higher competency levels, critique becomes epis-
temic [Cha23]. That is, users must evaluate whether a visualization
supports valid scientific reasoning. They should question whether
alternative visual representations lead to different conclusions. In
addition, they should investigate whether uncertainty and assump-
tions are adequately communicated. Advancing literacy at this level
requires addressing challenges in teaching and assessing critical
reasoning about models, simulations, and derived data [MTD∗10].
Opportunities include developing critique frameworks tailored to
SciVis [FJDL08], designing tasks that elicit evaluative reasoning
rather than factual recall, and studying how experts articulate and
justify skepticism when interpreting visual evidence.

© 2026 The Author(s).
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Table 1: Research agenda mapping SciVis literacy competency themes to foundation model roles.

Theme Model as student Model as tutor Model as judge
Consumption VLMs can be applied to interpret SciVis im-

ages and investigate potential failure modes,
uncovering perceptual ambiguities and limi-
tations in visual encoding that influence hu-
man interpretation.

Adaptive explanations, prompts, and alterna-
tive interpretations can be produced to guide
users and support more thorough scientific
reasoning and inference.

Visualizations can be evaluated to determine
how effectively they can be interpreted, consid-
ering the specific tasks they support, the target
audience, and how uncertainty is represented.

Construction By examining human-created scientific vi-
sualizations, models can learn to recognize
common design patterns and novice errors.

These tools can aid in creating visualiza-
tions, selecting appropriate parameters, and
articulating design rationales, fostering a re-
flective understanding of the data and design
choices.

Users can critique visualization designs by eval-
uating how well the chosen techniques align
with the data’s characteristics and the intended
scientific objectives.

Critique Models can simulate common misinterpreta-
tions to reveal systematic biases and poten-
tially misleading visual conventions.

Critical reflection can be encouraged by gen-
erating counterfactual views, alternative vi-
sual encodings, or questions that highlight
uncertainty.

The validity of a visualization, its potential for
misrepresentation, and the associated epistemic
risks can be evaluated to determine how reliably
it supports scientific reasoning.

Connection Models can learn the relationships between
visual patterns and the underlying scientific
phenomena across different domains.

Contextual narratives and cross-domain ex-
planations can be provided to help users
build accurate, coherent mental models.

Visualizations can be assessed to determine
whether they facilitate responsible use and inte-
gration within broader scientific, policy, or pub-
lic contexts.

5.4. Connection: From Local Interpretation to Contextual
Integration

At early stages, connection competency in SciVis literacy involves
relating graphical representations of data to the immediate con-
text. For example, recognizing what physical phenomenon is shown
or how different views correspond to one another. A key chal-
lenge is that many SciVis representations abstract away context
to manage complexity. This could make it harder for inexperi-
enced/novice users to build coherent mental models. Research op-
portunities include investigating how annotations [MCL∗25], sto-
rytelling [MLF∗12], and coordinated multiple views [Rob07] can
support contextual grounding without oversimplifying the science.

At more advanced levels, connection extends to integrating vi-
sualization insights with external knowledge, prior experience, and
broader scientific or societal contexts. Examples include compar-
ing results across studies, engaging in interdisciplinary discussions,
and using visualizations to inform policy or public discourse. The
challenge here is that such connections often rely on both visual-
ization literacy and domain literacy. Therefore, disentangling the
two in research and assessment is difficult. Opportunities lie in
studying how scientific visualizations function as boundary ob-
jects across communities. Equally important is the design of lit-
eracy interventions that foster meaningful dialogue among experts,
decision-makers, and the public. For example, effective use of med-
ical visualizations or illustrations can help explain complex con-
cepts to patients in a clear and accessible manner [MGS∗22].

5.5. Implications of Foundation Models for SciVis Literacy

Building on the above theme-by-theme discussion that focuses on
human-centered competencies, the integration of LLMs and VLMs
introduces a complementary, socio-technical dimension to advanc-
ing SciVis literacy. As listed in Table 1, foundation models can
participate in the literacy pipeline in three distinct but interrelated
roles: as students that expose systematic interpretive failures, as tu-
tors that scaffold learning and reflection, and as judges that support
critique and assessment.

Across the four competency themes, these roles create new op-
portunities to probe the limits of visual encodings. They provide
adaptive and context-sensitive guidance. Additionally, they scale
evaluative practices that previously relied solely on expert judg-
ment. Meanwhile, these roles pose new challenges, including align-
ing model behavior with human perceptual constraints, risks of
over-reliance on automated explanations or evaluations, and ques-
tions of epistemic authority when models mediate scientific inter-
pretation. Collectively, this perspective reframes SciVis literacy as
an evolving partnership between humans and AI. That is, advancing
competency depends on improving visual designs and educational
practices as well as integrating foundation models as diagnostic,
instructional, and evaluative instruments.

5.6. Equity Considerations

SciVis literacy cannot be uniform across audiences because of their
varying prior exposure to visualization conventions, interactive 3D
manipulation, and spatial reasoning strategies. All of them shape
how reliably people can interpret volumes, surfaces, and time-
varying phenomena. Equity issues arise from perceptual and tech-
nological constraints, such as color-vision deficiency, low-contrast
viewing conditions, and motion sensitivity. These constraints can
systematically disadvantage less-trained viewers or those unable
to disambiguate subtle color differences in color maps or to fol-
low animation-heavy encodings, posing substantial challenges. Ad-
dressing SciVis literacy, therefore, presents opportunities not only
in teaching “what the visualization shows,” but more importantly,
in cultivating transferable strategies for decomposing complexity.
These strategies include, for example, managing occlusion and
depth ambiguity, interpreting motion cues, and recognizing arti-
facts/uncertainty. Meanwhile, promoting design and communica-
tion practices that remain readable across diverse viewers and con-
texts is imperative.

6. Advancing SciVis Literacy Research and Education

Advancing SciVis literacy requires coordinated efforts across re-
search, education, and practice. We outline several priorities that
could benefit from community-wide collaboration.

© 2026 The Author(s).
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• Establish shared conceptual frameworks: The community
should work toward clearer definitions of SciVis literacy, includ-
ing its core competencies, levels of expertise, and relationships
to visualization use (e.g., consumption vs. production). A shared
framework would help align research agendas, assessment de-
sign, and educational goals.

• Develop open assessment instruments and repositories: Pub-
licly available, validated instruments, such as literacy tests,
benchmark tasks, and annotated visualization datasets, would
enable reproducible studies and cross-study comparisons. Main-
taining open repositories of assessment materials and example
visualizations would support both research and teaching.

• Create benchmark datasets and evaluation protocols: Stan-
dardized benchmarks for studying SciVis comprehension can
help researchers systematically evaluate visualization tech-
niques, interaction methods, and design choices. Shared evalu-
ation protocols would improve comparability across studies and
accelerate methodological progress.

• Expand empirical studies across diverse audiences: Our cur-
rent prototype is aimed at the general public. Future research
should examine a broader range of audiences, including inter-
disciplinary scientists and specific student populations, to better
understand how SciVis literacy develops across different educa-
tional and experiential backgrounds.

• Integrate SciVis literacy into education and training: Visual-
ization literacy should be incorporated into curricula in visual-
ization, data science, and STEM disciplines. Developing shared
teaching resources, such as instructional modules, example visu-
alization case studies, and classroom activities, can help educa-
tors teach students how to interpret and critically evaluate scien-
tific visualizations. SciVis literacy assessments, such as SVLAT,
can be used in classroom settings to identify learning gaps. In-
structors can focus on addressing those learning gaps in the
classroom.

• Foster interdisciplinary collaboration: Advancing SciVis lit-
eracy will benefit from partnerships among visualization re-
searchers, domain experts, education researchers, and cognitive
scientists. Such collaborations can improve theoretical under-
standing, inform the design of effective assessments, and support
evidence-based educational practices.

Together, these efforts can establish SciVis literacy as both a re-
search agenda and an educational priority, strengthening the ability
of scientists, students, and the public to interpret and communicate
scientific information through visualization.

7. Concluding Remarks

In contrast to InfoVis, SciVis presents unique challenges due to the
spatially grounded nature of data and its inherent geometric prop-
erties. Due to these reasons, users must navigate 3D spatial com-
plexity, interpret abstract phenomena, and manage high perceptual
and cognitive loads. InfoVis literacy has been extensively studied,
whereas SciVis literacy remains underdeveloped. It requires urgent
attention to ensure that visual representations support accurate sci-
entific reasoning and informed public discourse around science and
engineering.

In this position paper, we first propose a framework for develop-
ing SciVis literacy assessments and report preliminary results from

our prototype. Previous work on InfoVis literacy in classroom set-
tings has a long history (e.g., see Table 6 of Firat et al. [FJL22]).
Future work in SciVis literacy also includes studying SciVis liter-
acy in educational settings. We believe that the proposed literacy
assessment can inform and serve as the basis for classroom tests;
however, this remains a major direction for future work.

At the end, we outline a research agenda that moves beyond ba-
sic visual decoding toward integrated scientific inference and epis-
temic evaluation. Furthermore, we emphasize the emerging role of
foundation models as students, tutors, and judges in the literacy
pipeline, thereby positioning SciVis literacy as an evolving partner-
ship between humans and AI. Ultimately, we call for a sustained
community effort to advance SciVis literacy research and educa-
tion. Aligning design, education, and assessment can better support
both domain experts and the public in interpreting the complex vi-
sual data central to modern science.
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