Readability as a multi-measure construct in data visualization

Anne-Flore Cabouat
Université Paris-Saclay, Inria, LISN, Télécom
Paris, Institut Polytechnique de Paris, i3, CNRS
France
given-name.family_name@inria.fr

Abstract

In this paper, we argue that readability cannot be meaningfully
discussed without considering multiple complementary measures,
and that relying on a single measure constitutes an epistemological
choice that constrains the conclusions that can be drawn.
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1 Introduction

While reading is often associated with written text, readers rou-
tinely engage with non-textual elements such as graphs, diagrams,
tables, and other visual elements accompanying text, which they
also describe as being read [7]. Reading technologies aim to sup-
port readers in extracting information from both textual and visual
representations, making readability a central concern in related
research areas, such as text display or data visualization. Across do-
mains, researchers study readability through indirect measures that
can only capture some of the reading process facets [5], using, for
example, metrics based on the representation’s structural or formal
properties, task performance measures, or subjective experience
reports. As a result, what it means for an artifact to be readable
often depends on how reading itself is framed and measured.

Data visualization research offers a clear illustration of this
issue. Visualization researchers approach readability in distinct
ways: as an intrinsic property of the visual artifact, as reflected
in task-dependent user performance and behavioral metrics, or
through subjective accounts of readers’ experiences. Each of these
approaches foregrounds different aspects of reading while obscur-
ing others. As a result, conclusions about whether a visualization
is readable for certain tasks and readers depend strongly on how
readability is defined and measured [9].

This point raises a broader methodological question: What do dif-
ferent readability measures actually allow researchers to claim about
the ease of reading? We argue that readability cannot be mean-
ingfully discussed without considering multiple complementary
measures—relying on a single measure constitutes an epistemologi-
cal choice that constrains the conclusions that can be drawn. We
examine how readability is currently specified in research on visu-
alization reading and discuss why acknowledging the measurement
choices is needed for interpreting empirical results.
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2 Background: How is readability evaluated in
data visualization research?

Early text readability research treated reading difficulty as an in-
trinsic property of the text, assessed through formulas relying on
surface linguistic features such as sentence length, word frequency,
and syntactic features. While such formulas offer simple and scal-
able indicators of cognitive processing constraints imposed by a
text’s form, they have also been criticized for their weak relation-
ship to actual reading comprehension processes and for neglecting
reader and task effects [4]. In response to these limitations, read-
ability research diversified its evaluation methods, incorporating
performance-based measures, comprehension assessments, behav-
ioral indicators, and subjective ratings. This diversification resulted
in a heterogeneous landscape of non-equivalent measures [5]. In
this context, the very concept of readability resists a unified defini-
tion because its meaning shifts depending on how it is measured.

We observe a similar epistemological tension in data visualiza-
tion research, where readability has likewise been assessed through
a variety of measurement types. The most commonly reported con-
siderations are participant layout metrics, task-based evaluations,
and subjective feedback. In the next paragraphs, we briefly review
each of those measures and reflect on the divergent epistemological
stances they represent.

2.1 Layout metrics

Stemming from efforts to optimize node-link diagram layout, read-
ability in data visualization was early-on associated to metrics ap-
proximating representations’ desired visual properties [12]. In node-
link visualizations, these are called aesthetics metrics, and they in-
clude edge crossings, node overlapping, neighborhood preservation,
or global symmetry [6, 22]. Beyond node-link representations, Gio-
vannangeli et al. [16] proposed a drawing algorithm to improve the
readability of scatterplots, which they frame as a “visibility” issue.
Goffin et al. [17] computed metrics based on objects bounding boxes
to quantify how different placements of word-scale visualizations
affected the readability of documents. Similar to formulas of text
readability, such approaches reflect an epistemological stance that
readability is intrinsic to the artifact, and do not consider individual
factors influencing readers’ visual perception and understanding,
such as their cultural background or visual abilities.

2.2 Task-based evaluations

Task-based evaluations aim to infer readability from participants’
behavior while they perform predefined reading tasks. These eval-
uations rely on two broad families of measures: process-oriented
measures and outcome-oriented measures.

Process-oriented measures focus on how reading activities
unfold during task execution. Completion time is commonly used as



a proxy for processing efficiency, under the assumption that more
readable visualizations require less effort to decode, and that a lower
amount of effort translates into faster task completion. Eye-tracking
recordings extend this approach by providing spatio-temporal gaze
and physiological data that characterize readers’ visual behavior
while reading a visualization [20].

Outcome-oriented measures, on the other hand, focus on
success for specific reading tasks, such as retrieving the value of
a data point, detecting a trend, or comparing visual elements in
a representation. Such measures typically include accuracy (i.e.,
error rates), and sometimes numerical precision.

Although a few studies evaluated readability based solely on
error rates or numerical precision of answers (e.g., [26]), more
often researchers collect and analyze both time and accuracy. For
example, Bu et al. [8] assessed the readability of stacked area graphs
using accuracy measures for tasks designed by Thudt et al. [27],
including reading the thickness of an individual layer, the variation
of alayer’s thickness, and the overall thickness of aggregated layers.

Within this framing, outcome-oriented measures capture the ex-
tent to which readers correctly extract relevant information, while
process-oriented measures characterize the efficiency and dynam-
ics of the underlying reading activity. Task-based evaluations thus
adopt a behavioral stance, in which readability is not measured
directly but inferred from observable performance. Researchers
adopting this stance (e. g., [15, 27, 28]) define readability as the ex-
tent to which a visual representation supports readers in completing
a task successfully and efficiently.

Task-based measures, however, not only reflect the efficiency of
interaction and visual design choices but also other factors such
as the reader’s prior knowledge, beliefs, and task strategies as well
as task complexity. As a result, assessing readability through task
performance alone generally does not allow researchers to draw
clear conclusions about the efficiency of a visual design or an in-
teraction technique, except under highly controlled experimental
conditions (e. g., large sample sizes, constrained tasks, or controlled
population parameters).

2.3 Subjective experience reports

Finally, visualization researchers commonly use subjective assess-
ments in experiments such as rating scales [10], sketching obser-
vations [21], interviews [30], think-aloud protocols [25], and open-
ended comments in surveys [2]. Such methods allow researchers
to collect insights into participants’ reading strategies and to cap-
ture how readable a visualization feels to a reader, rather than how
efficiently or accurately information can be extracted.

Subjective reports are often motivated by the observation that
readability cannot be reduced to performance alone, echoing broader
discussions that distinguish usability from user experience [1, 29].
Accounts of subjective reader experiences allow researchers to
access facets of the reading experience that remain conflated in
behavioral measures, such as perceived effort, confusion, or con-
fidence in answers. As such, they contribute to a more holistic
understanding of how people engage with data visualizations [24].

At the same time, subjective assessments reflect readers’ in-
terpretations of their own experience and behavior rather than
directly observable processes. Reported readability may be biased
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by a range of individual factors, including expertise with the rep-
resented data, familiarity with a type of visualization, aesthetic
preferences, cultural background, and meta-cognitive abilities, or
by contextual and experimental factors such as social desirability
and post-rationalization effects. Like task-based evaluations, subjec-
tive measures adopt areader-centered stance. They reflect, however,
a different epistemological viewpoint: rather than inferring read-
ability from task efficiency or performance outcomes, subjective
measures frame readability as a property of the experience lived
and articulated by the reader.

Taken together, these approaches illustrate that readability is
conceptualized in fundamentally different ways across evaluation
methods: layout metrics treat it as an intrinsic property of the visual
artifact; task-based evaluations infer it from behavioral observa-
tions; and subjective reports frame it as a lived experience. No single
method is sufficient to characterize readability, as each captures
distinct and non-interchangeable aspects of reading.

3 Readability as a multi-measure construct

As highlighted in the previous section, readability in data visualiza-
tion can be evaluated through a collection of measures that each
capture different facets of reading. Layout metrics, task-based evalu-
ations, and subjective experience reports do not provide equivalent
evidence on readability, nor do they answer the same research ques-
tions. This diversity points to conceptual differences: readability is
not a directly observable property, but a construct whose meaning
depends on how reading itself is framed and examined. Yet, such
underlying assumptions are rarely made explicit in visualization
readability research. Treating readability as a single measurable
quantity further obscures these conceptual differences and limits
results interpretation. We therefore argue that readability should
be approached through multiple complementary measures.

Our perspective challenges approaches that infer readability
solely from properties of the representation and generic assump-
tions about perceptual decoding. Reading is not merely seeing: for
both textual and graphical representations, it involves interpreting
established representational systems, such as writing systems for
language or coordinate systems for quantitative relationships. Read-
ers have to mobilize their prior knowledge [14, 19], expectations
[31], and attention [18] in order to retrieve meaningful information.
From this perspective, readability does not reside solely in the
visual artifact itself, but in how a reader can leverage this
artifact for their reading goal. This view echoes critiques in
text readability research, which argue that readability resides in
the use of a text rather than in the text alone [4]. Similarly, for
visualizations, readability resides in the visualization activity, not
in isolation in the visual artifact.

Task-based performance measures and subjective experience re-
ports move the assessment of readability beyond the visual artifact
itself by anchoring it in readers’ actions and visualization experi-
ences. We can find evidence that readability is a multi-dimensional
construct within each of these categories. For instance, task-based
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E.g.: Visualization literacy, critical thinking, data domain knowledge, interest for the topic,
perceptual speed, working memory capacity, spatial abilities, emotional state,
social background, cultural practices, aesthetic preferences...
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E.g.: representational conventions, visual encoding
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(e.g., retrieve value, find trend...), mapping visual
encodings to data referents and numerical values.

Figure 1: A triadic reciprocal representation of factors influencing readability in data visualization.
We adapt this figure from Cabouat et al’s work [9], under the rules of the CC BY 4.0 @@® license.

evaluations often distinguish between efficiency-related indica-
tors (e. g., reading time, gaze fixations, and saccades) and outcome-
related indicators (e. g., answer correctness or precision). Such mea-
surements are not conflated but presented as separate evidence.
Prior work on perceived readability further shows that subjective
judgments are not unidimensional: the PREVis questionnaire [10]
exhibits a four-factor structure, including judgments about the arti-
fact’s visual clarity, task-related subjective experience (e. g., ease of
retrieving data values and perceiving data patterns), and perceived
ease of interpreting and making sense of the visual encodings.

These observations suggest that readability cannot be attributed
to a single source, nor captured through a single type of measure.
We thus frame readability as an emergent property of the inter-
action between three components: the visual artifact, the reader,
and the reading activity (see Fig. 1). The visual artifact provides
an underlying dataset and visual encoding choices, emerging from
sociotechnical processes that include institutional data practices,
representational norms, and the designer’s situated decisions. The
reader brings perceptual abilities, prior knowledge, skills, a so-
ciocultural background, and other individual characteristics (e. g.,
personality traits, motivation). Finally, the reading activity itself
defines tasks and contextual constraints (e. g., collaborative settings
or time-constrained activities). Readability does not reside in any
one of these components alone, but emerges from their reciprocal
influence during a visualization reading experience.

This triadic perspective helps us explain why different readabil-
ity measures foreground different aspects of reading and why no
single measure can fully characterize readability across readers and
contexts. While visualization user studies frequently collect het-
erogeneous forms of evidence, these measures are often reported
side by side rather than interpreted together as evidence about
readability. Typical analyses enumerate differences in speed, ac-
curacy, or preference across conditions, but rarely articulate what
these differences jointly imply about how readable a visualization

'In Fig. 1, we mainly refer to low-level tasks as they were defined in Amar et al’s
taxonomy [3].

is, for whom, and under which conditions. As a result, rather than
addressing the complexity of readability, current practices often
leave it implicit. This gap calls for a more systematic examination
of how different readability measures relate to one another, what
aspects of reading they foreground or obscure, and how they can
be interpreted together.

4 A research program on readability evaluation
in data visualization

If readability cannot be reduced to a single source or a single mea-
sure, then evaluating readability requires making explicit what
aspects of reading are being captured, for whom, and under which
conditions. From this perspective, readability can be understood as
a lens through which heterogeneous measures contribute partial
views of a reading situation. In this section, we outline a research
program for readability evaluation in data visualization that builds
on this perspective. First, we should examine how different read-
ability measures foreground or obscure distinct aspects of reading.
We then need to consider how individual differences interact with
these measures and shape their interpretation. Finally, we should
investigate how to interpret heterogeneous readability measures
together through principled triangulation.

4.1 What aspects of reading are highlighted or
hidden by different readability measures?

A first line of inquiry concerns the relationship between readabil-
ity measures and the specific aspects of reading they make visible
or leave unobserved. As we highlighted in Sect. 2, layout metrics
foreground structural properties of the visual artifact, task-based
evaluations emphasize efficiency and correctness in information ex-
traction, eye-tracking data can highlight patterns of visual attention,
and subjective reports capture readers’ strategies and experiences.

In order to shift the question from whether a visualization is read-
able to which aspects of reading are being assessed, we should study
situations in which different measures diverge. For example, we can
characterize situations in which fast task completion co-occurs with
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low subjective confidence, or in which high visualization literacy
scores coexist with high error rates. Such divergences will expose
which aspects of reading a given measure implicitly prioritizes.

Relatedly, readability measures are also often sensitive to task
framing. For example, completion time may indicate decoding ef-
ficiency in tightly constrained lookup tasks, but reflect other pro-
cesses in open-ended reading contexts, such as constructing an
initial understanding of the artifact or forming questions about the
data. Examining how the same time-based measure behaves in free
exploration versus directed lookup can therefore clarify what the
measure captures in each reading context.

4.2 How do individual differences interact with
readability measures?

A second line of inquiry concerns how readability measures inter-
act with individual differences among readers. While readability
evaluations often aim to characterize properties of a visualization ar-
tifact, reader-based measures and reports are necessarily mediated
by readers’ perceptual abilities, prior knowledge, familiarity with
visualization encodings, and other individual characteristics. Yet,
how these factors modulate different readability measures remains
poorly understood. For instance, domain expertise or familiarity
with a visualization type may differentially affect task performance,
perceived ease, and confidence in answers, leading to situations
where measures diverge not because of the visualization itself, but
because readers engage with it differently.

Similarly, personality traits such as conscientiousness can af-
fect the way in which study participant engage in tasks [32], and
language fluency can affect their ability to process information
or report their experience [23]. Social factors, such as educational
background, graphical conventions, and norms around expressing
uncertainty or confidence, may further shape how readability is
experienced and reported.

It is therefore necessary to examine how individual character-
istics shape what a given measure is able to capture, and how the
evidential value of that measure varies across populations. Doing
so is essential to distinguish between variability in readability aris-
ing from the visual artifact, the reader, or the task, and distortions
introduced by the measurement method itself. An example would
be a case in which experts confidently rate a visualization on a ques-
tionnaire, whereas novices provide more hesitant or inconsistent
responses—not necessarily because they find it less readable, but
because they are less at ease with reporting their opinion. Studying
how various measures amplify or mask such discrepancies can clar-
ify whether observed effects should be interpreted as limitations of
a design, of a measure, or of its applicability to a given population.
More broadly, this line of work invites a shift from treating individ-
ual variability as noise to be controlled toward examining it as a
key factor shaping the interpretation of readability measures.

4.3 How to interpret different readability
measurements together?

A final line of inquiry concerns how different readability measures

should be interpreted together. In mixed-methods research, this

problem is commonly addressed through triangulation, understood

as the deliberate combination of different data sources or methods
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to examine a phenomenon from multiple perspectives [11, 13].
In this view, divergence between measures is not necessarily a
problem to be resolved, but can be seen as a source of insight
into the complexity of the underlying phenomenon. An important
research question is thus how different configurations of measures
should be interpreted in relation to the reading situation under
study. When measures agree, which aspects of reading are rendered
interpretable, and under which assumptions? Conversely, when
they diverge, what does this reveal about the limits of each measure
and the reading situation itself? Echoing our argument in Sect. 4.1,
this shifts the focus from whether measures agree to why they
agree or conflict in particular reading contexts.

Similarly, rather than assuming a fixed sequence in which one
type of measure explains another (e.g., performance first, subjective
reports second), we should consider them as distinct lenses on the
same reading activity, each shaped by its own assumptions and
sensitivities. Measures can inform one another without being hier-
archically or temporally ordered, for instance by using qualitative
material to reinterpret quantitative patterns, or observational data
to challenge subjective reports. A productive research direction is
therefore to develop ways of articulating and comparing the epis-
temic status of readability measures within a study: what they are
taken to stand for, what they are not intended to capture, and how
the researchers choose to articulate them.

This would support more transparent reasoning about readabil-
ity without assuming that multiple data sources should converge
on a single answer. Such an approach also emphasizes the situated
nature of readability and the context-dependent validity of empir-
ical findings rather than aiming to derive universally applicable
design prescriptions or guidelines.

5 Conclusion

In this position paper, we argue that different measures illuminate
different aspects of reading, each grounded in distinct assump-
tions about how meaning is extracted from visual representations.
Treating these measures as complementary is therefore essential to
making sense of empirical results. Only by making their underly-
ing assumptions explicit can readability findings be meaningfully
interpreted and compared across studies. Building on this view, we
outline a research program that examines how different measures
foreground distinct facets of reading, how individual differences
shape their interpretation, and how heterogeneous measures can
be meaningfully interpreted together. Making such relationships
explicit enables a more coherent and cumulative understanding
of readability in visualization, in which empirical heterogeneity
becomes a resource for theory building.
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