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To what extent do you agree that this visual representation is ... ?
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Fig. 1: For (a), one participant’s data (b) on our BeauVis scale in its recommended version; (a) from [20], © IEEE, used with permission.
Abstract—We developed and validated a rating scale to assess the aesthetic pleasure (or beauty ) of a visual data representation:
the BeauVis scale. With our work we offer researchers and practitioners a simple instrument to compare the visual appearance of
different visualizations, unrelated to data or context of use. Our rating scale can, for example, be used to accompany results from
controlled experiments or be used as informative data points during in-depth qualitative studies. Given the lack of an aesthetic pleasure
scale dedicated to visualizations, researchers have mostly chosen their own terms to study or compare the aesthetic pleasure of
visualizations. Yet, many terms are possible and currently no clear guidance on their effectiveness regarding the judgment of aesthetic
pleasure exists. To solve this problem, we engaged in a multi-step research process to develop the first validated rating scale specifically
for judging the aesthetic pleasure of a visualization (osf.io/fxs76). Our final BeauVis scale consists of five items, “enjoyable,” “likable,”
“pleasing,” “nice,” and “appealing.” Beyond this scale itself, we contribute (a) a systematic review of the terms used in past research to
capture aesthetics, (b) an investigation with visualization experts who suggested terms to use for judging the aesthetic pleasure of a
visualization, and (c) a confirmatory survey in which we used our terms to study the aesthetic pleasure of a set of 3 visualizations.
Index Terms—Aesthetics, aesthetic pleasure, validated scale, scale development, visual representations.

1

I NTRODUCTION

Visualization as a field relies on many foundations, including computer
science, mathematics, human-computer interaction, psychology, social
sciences, design, and art. The study of aesthetics is essential to several
of these foundations and, subsequently, visualization. Yet, aesthetics
is an elusive concept or phenomenon that is subjective and potentially
socially constructed [61]. It is a vast research field with whole research
institutes dedicated to its subfield empirical aesthetics,1 which studies
“how people experience, evaluate, and create objects aesthetically” [16].
In visualization research, aesthetics has mostly been studied in terms of
a visualization’s visual appeal or beauty. This focus is often described
under the term aesthetic pleasure or aesthetic experience in the psychology literature. In this paper, we focus on the concept of aesthetic
pleasure, rather than the entire concept of aesthetics.
Aesthetic pleasure is an important aspect of visualizations. It has
been suggested to affect the usability and effectiveness of a visualization
[20, 37] and has the potential to communicate [15] and engage viewers
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[2, 68]. To make empirically-grounded statements about the impact of
aesthetic pleasure on visualization use, however, we first need a set of
research instruments to study this concept. Fechner [16] posited that
aesthetic pleasure can be studied just like other forms of perception
and proposed to analyze study participants’ reactions to certain stimuli.
Such methods require participants to order or rank objects based on
aesthetic preference or to rate them according to a degree of preference
[53]. Based on these original ideas, researchers have developed rating
scales to study the aesthetic pleasure of websites [44,52] or objects [12].
Rating scales are measurement instruments that consist of a group of
rating items later combined into a composite score. These rating scales
are typically used to indicate levels of an underlying phenomenon
(called latent variable or construct) that are hard to observe by direct
means [26]. For the study of aesthetic pleasure, these rating scales
complement the toolbox of methods such as brain scans, eye tracking,
or in-depth qualitative methods by being easy to deploy and analyze.
Yet, while scales have been developed in other domains, we lack
validation to know whether these approaches also work to study the aesthetic pleasure of visualizations in particular or if other or new terms are
required. Instead, researchers currently pick their own terms to evaluate
aesthetic pleasure and ask participants to rate visualizations according
to, for example, how “visually appealing” [1], “elegant” [27], or “aesthetic” [39] they are. Unfortunately, without a validated instrument
we cannot be certain that these ad-hoc approaches to understanding
aesthetic pleasure are reliable and sufficient. In addition, the abundance
of terms used in the literature makes it difficult to compare results. To
address this limitation, we developed and validated a scale specifically
for measuring the aesthetic pleasure of visual data representations, i. e.,
the images resulting from a visualization process [72, 73].
With our work we provide a simple validated instrument for researchers and practitioners to assess and compare the aesthetic pleasure
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of different representations. Our scale cannot be used for measuring
people’s impressions of the visual representation that relate to data—
such as memorability, intuitiveness, informativeness, or understandability or context-of-use related aspects such as appropriateness. We
validated our scale to capture first impressions, without interactivity
and context. We do not mean to replace in-depth qualitative analyses
of aesthetic experience or other methods of empirical analysis. Our
validated scale can be used, however, together with other approaches, to
deliver another data point or to help create hypotheses that may explain
other empirical results. Beyond the final scale itself, our work makes
several contributions: First, we conducted a systematic review of how
aesthetic pleasure has been studied in the literature and extracted a
set of terms used in the visualization literature. Next, we conducted
surveys with 31 visualization experts, who we asked for additional
terms. We narrowed down our combined set of 209 terms to 37 terms
and asked experts to rate them according to their relevance to the construct of aesthetic pleasure. We then derived a final set of 3–5 terms
from a crowd-sourced experiment in which we had 1001 participants
rate 15 different visualizations using a subset of the expert-rated terms.
Finally, we conducted another confirmatory crowd-sourced analysis of
3 visualizations in which participants used our 5-item scale to rate the
visual data representations’ aesthetic pleasure.

resulting in different forms of liking: automatic processing and controlled processing. Automatic processing is driven by a stimulus, which
is a quick and instinctive judgment based on pleasure or displeasure as a
response to the stimulus, and leads to pleasure-based liking. Controlled
processing is driven by the perceivers, which leads to interest-based
liking. This model involves both the stimuli and perceiver, so it is in
line with our interactionist view on beauty.
2.2

Empirical Aesthetics

As we already noted, aesthetics is an elusive concept that does not
have a universally accepted definition. Generally speaking, aesthetics
is related to beauty and its appreciation. In this section, we start by
defining aesthetic pleasure and then summarize empirical aesthetic
methods. Next, we present past work on the study of aesthetics in the
field of visualization and finally, we review how researchers in related
fields measured aesthetic pleasure.

There are two main ways to study aesthetics [54]. Philosophical aesthetics, with a long tradition starting in ancient Greece, uses a top-down approach, examining general concepts and then applying them to specific
cases. Empirical aesthetics, established by Gustav Theodor Fechner
in the 19th century, works bottom-up, examining specific cases (e. g.,
what people like or dislike about something) and then deriving a set of
principles from them. In our work, we mostly follow the approach of
empirical aesthetics as we use empirical methodologies [54].
Experimental aesthetics is one of the most essential subfields of empirical aesthetics. It generally relies on the measurement of historical
data, verbal ratings and judgments, measurement of nonverbal behavior, and measurement of psychophysiological changes. Among these
methods, the one most relevant to our own work is the measurement of
verbal responses. Researchers use this method to collect some aspect
of the way participants experience a stimulus. Most commonly, participants are asked to provide “descriptive aspects of the stimuli (e. g., their
complexity, regularity, or novelty), evaluative aspects of the hedonic
value (e. g., degree of interest or pleasure, liking, beauty, or attractiveness), and internal states (e. g., evoked emotions or meanings)” [54].
Verbal ratings can, thus, be recorded and analyzed in several ways, but
a common approach is to establish a scale that targets the construct
described by the participants—which is what we do in this work.

2.1

2.3

2

R ELATED W ORK

Definition of Aesthetic Pleasure

The debate about whether beauty is subjective or objective has persisted
throughout history. Reber et al. [61] summarized that, in the philosophical tradition, there are three main ways of looking at beauty. According
to the objectivist view, beauty is a characteristic of an object that causes
a delightful experience in any appropriate perceiver. Several features
of an object can contribute to its aesthetics, such as balance, symmetry,
clarity, etc. According to the subjectivist view, in contrast, anything
can be beautiful. Beauty depends on perceivers, and all attempts to
discover the rules of beauty are futile. The most modern approach is an
interactionist view that combines the previous two views and regards
beauty as the function of both the characteristics of the object and the
perceiver. We adopt this interactionist view in our work.
In the past, researchers have used “beauty” and “aesthetic pleasure”
interchangeably. For instance, Reber et al. [61] defined beauty as “a
pleasurable subjective experience that is directed toward an object and
not mediated by intervening reasoning” and equate it to the concept
of aesthetic pleasure, meaning essentially the same thing. This definition also fits well with how many researchers (e. g., [20, 21, 35, 70])
approached the concept in visualization, and we adopt this definition
to describe the construct we want to measure in our scale. We can see
similar definitions in other work, e. g., “the pleasure people derive from
processing the object for its own sake, as a source of immediate experiential pleasure in itself, and not essentially for its utility in producing
something else that is either useful or pleasurable” [28], but see this
definition as largely equivalent to the first one, which we adopt.
Aesthetic pleasure is part of the concept of aesthetic experience
as it is used in empirical aesthetics, which can be understood as the
experience that arises from a unique combination of cognitive and emotional processes [45]. Aesthetic appreciation consists of three main
modes [60]: aesthetic pleasure, emotions evoked by an artwork, and understanding of an artwork. Our work focuses on the aesthetic pleasure
of visualizations, so it is to study the first modes of aesthetic appreciation. Graf and Landwehr [32, 33] proposed a comprehensive model of
aesthetic pleasure called the Pleasure-Interest Model of Aesthetic Liking. This model shows that there are two forms of processing aesthetics,

Aesthetic Pleasure in Visualization

The term aesthetics is often used in visualization to describe a property
of a visual representation that is separated from how understandable,
informative, or memorable it is; and that instead focuses on its beauty
or visual appeal. In this way the concept aligns with the definition we
adopted for aesthetic pleasure, and we set out to study it in more detail.
In 2005, Chen [21] listed the study of “pretty or visually appealing” visualization designs under the heading of aesthetics as one of the
top ten unsolved problems in information visualization. Since then,
however, research dedicated to visualization aesthetics has been sparse,
perhaps due to the challenges of describing, measuring, and quantifying aesthetics [70]. Lau and Vande Moere [43] proposed information
aesthetics as a term that describes aesthetics in the context of visualization as a construct meant to augment “information value and task
functionality.” Vande Moere and Purchase [70], later, equate aesthetics
with attractiveness in their work on the role of design in information
visualization but describe aesthetics as a concept that is broad and includes aspects such as “originality, innovation, and novelty” [70]. The
authors specifically call for research that aims to explain the reasons for
aesthetic experiences. This is specifically NOT something our rating
scale will accomplish. Our scale will allow researchers to compare
the aesthetic pleasure of visual data representations as it is judged by
participants, but it will not allow us to explain why participants rated
the representation in a certain way. To derive reasons for aesthetically
pleasurable experiences or to establish a comprehensive aesthetic measurement the scale can, however, be included in larger questionnaires
or in qualitative studies (interviews, observations, etc.).
Aesthetics has also been regarded as an important factor in some
subfields of visualization. For example, aesthetics has been identified as
a heuristic for evaluating ambient visualization [48]. Also, within graph
drawing, specific aesthetics heuristics have been defined as properties
of a graph that not only describe attractiveness but impact readability
and understanding [7,59]. These include aesthetics related to symmetry,
edge lengths, or the minimization of edge crossings. These heuristics
have also been extended, e. g., to aesthetics heuristics for dynamic graph
visualization [5] or the faithfulness criterion [55] based on readability.
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Several studies have been conducted by previous researchers for
evaluating the aesthetics of a visualization. Much of this work has borrowed from methods introduced many years ago in empirical aesthetics;
e. g., the use of rating scales. Cawthon and Vande Moere [19] presented
a conceptual model for assessing aesthetics as part of an information
visualization’s user experience. In another study [20], they asked participants to rate visualizations on a scale from “ugly” to “beautiful” to
judge their aesthetics. Many other scales have been used in visualization. For example, Harrison et al. [35] used a rating scale from “not at
all appealing” to “very appealing” in their study on infographics. Ajani
et al. [1] used a rating scale from “very hideous” to “very beautiful”
in their study on the aesthetics of three visualization designs. Chen et
al. [22] used a rating scale from “nice” to “ugly” to study the aesthetic
appearance of visualization technique. These examples target what we
call aesthetic pleasure but are mostly based on intuition rather than a
verified instrument that can ascertain that the terms indeed measure
the aesthetic pleasure of visualizations reliably and validly. Also, compared with a multi-item scale, one item lacks enough information to
calculate psychometric properties such as reliability [31] and leads to
less accurate results due to item-specific measurement error [13, 31].
2.4 Measuring Aesthetic Pleasure outside of Visualization
In the field of HCI, researchers have developed several validated scales
to measure the aesthetic appreciation of websites and interactive products. These scales were developed and validated broadly following a
standard process which we outline in Sect. 3.
To measure the aesthetic pleasure of websites, Lavie and Tractinsky
[44] proposed a scale with two dimensions, which they termed classical
aesthetics and expressive aesthetics. The classical aesthetics dimension
comprises the five items “clean,” “clear,” “pleasant,” “symmetrical,” and
“aesthetic.” The expressive aesthetics dimension, in contrast, includes
the five items “original,” “sophisticated,” “fascinating,” “creative,” and
“uses special effects.” Moshagen and Thielsch [52], however, pointed
out that Lavie and Tractinsky’s scale has the following problems: the
items “symmetrical” and “uses special effects” are not necessarily
aesthetic judgments, it is hard to explain why the term “aesthetic” only
relates to the classic aesthetic dimension, and their items are too abstract
to be used for improving the design. Based on Lavie and Tractinsky’s
scale, Moshagen and Thielsch thus proposed a scale with the four
dimensions of simplicity, diversity, colorfulness, and craftsmanship,
with items such as “the layout appears well structured,” “the design
appears uninspired,” “the color composition is attractive,” and “the
layout appears professionally designed.”
To measure aesthetic pleasure for designed artifacts, Blijlevens et al.
[12] pointed out that previous scales do not measure aesthetic pleasure
separately from its determinants. Hence, they proposed the Aesthetic
Pleasure in Design Scale in which they distinguish between both. Their
scale includes five items: “beautiful,” “attractive,” “pleasing to see,”
“nice to see,” and “like to look at.” In addition, they also pointed out
some dimensions suitable for measuring prominent determinants of
aesthetic pleasure such as typicality, novelty, unity, and variety.
In addition to scales specific to aesthetics, some scales for user experience also include dimensions related to aesthetics. The widely used
AttrakDiff questionnaire [36], e. g., includes hedonic quality and overall
attractiveness, which are related to aesthetic pleasure and include items
such as “pleasant,” “attractive,” and “creative.” The User Experience
Questionnaire (UEQ) [65] has a dimension attractiveness to capture the
overall impression of a product, with items such as “enjoyable,” “good,”
and “friendly.” The meCUE questionnaire [51] has a dimension visual
aesthetics, with items such as “creatively designed,” “attractive,” and
“stylish.” These questionnaires, however, should be administered after
full exposure to a product to measure people’s experience—different
from our goal of capturing viewers’ first impressions.
To the best of our knowledge, there exists no targeted scale yet for
measuring the aesthetic pleasure of visual data representations. Until
now, visualization researchers can only use scales that are designed for
interactive products in general; for example, the AttrakDiff questionnaire has been used in several visualization studies (e. g., [17, 76]).

3

T HE B EAU V IS S CALE : M ETHODOLOGY OVERVIEW

We largely followed the process described by DeVellis and Thorpe
[26] and Boateng et al. [13] to establish a validated scale of aesthetic
pleasure for future use in the visualization field. This process contains
four steps: (1) generating a pool of possible terms, (2) item review, (3)
item evaluation, and (4) scale validation.
At the start of our work, we decided to target a Likert scale [46] response format, with equally weighted items. We also pre-determined to
use a 7-point Likert scale throughout our work with the same categories
for each item, from 1 = strongly disagree to 7 = strongly agree—except
for Survey 2 in which we ask about the relevance of terms, for which a
lower number is encouraged [26]. We chose an odd number of response
categories to offer participants a neutral rating and the number 7 to
strike a balance between discriminability and usability; in addition, the
related literature on aesthetic pleasure scales also uses 7-point Likert
scales facilitating comparison. However, our final scale could certainly
be used with a larger or smaller number of response categories.
We began our research by investigating past visualization publications for their use of terms relating to some form of aesthetic ratings,
such as in evaluations of techniques or tools. We also checked the
literature for terms used in aesthetics-related scale development in
other related fields as additional input. As a final source of candidate
terms we conducted a survey among visualization experts for terms
they would suggest to use. We then narrowed down the aggregated list
of terms based on several objective criteria, and again asked visualization experts to rate how important each of the remaining terms was for
studying aesthetic pleasure in visualization. This gave us a list of 31
terms, which we then used in a crowd-sourced experiment that asked
participants to rate 15 diverse visual data representations with respect
to each of the final terms. We then conducted an exploratory factor
analysis and calculated the reliability of scales with a smaller number of
items. Based on these analyses, we arrived at our final five-item BeauVis scale. Finally, we conducted another crowd-sourced experiment to
validate our final scale using a confirmatory factor analysis, calculated
Cronbach’s alpha, convergent validity and discriminant validity. We
will discuss our detailed approach next.
4

G ENERATING

A

P OOL

OF

P OSSIBLE T ERMS

The first step in our process was the generation of a pool of terms
that could describe the construct of aesthetic pleasure. We drew these
possible items from the literature and experts.
4.1

Literature Review

Our literature review involved two sources: the VIS literature as a
source of terms used in the past by the community as well as related
work on scales in other domains as a source of terms considered and
used for measuring the same construct (i. e., aesthetic pleasure).
Collecting terms from the visualization literature: To determine which terms the community had used in the past to study
aesthetics, we reviewed IEEE VIS papers (1991–2020) and TVCG and
CG&A journal papers presented at IEEE VIS (2011–2021)—3 189 paper PDF files in total. We extracted the text of these files and searched
for the occurrence of “aesthetic,” “likert,” “questionnaire,” and “interview.” We retrieved 1 061 articles with at least one of our four search
terms, and then summarized the results in a spreadsheet (recording
publication year, journal, paper title, DOI link, found search term, and
PDF filename). The first author then opened each of these PDFs and
checked whether the authors had indeed conducted a study that recorded
participants’ subjective feelings about the aesthetics of a visual data
representation. We focused on collecting terms used as part of rating
scales. We found terms in 68 papers, but many did not relate to aesthetic pleasure. For example, we did not include terms that were used to
judge interaction, usability, or task-related aspects (e. g., how confident
a participant felt in their answers). We included, however, terms that
described an aesthetic-related subjective feeling such as “clarity” or
“understandability.” With this initially rather broad spectrum of terms,
we accounted for the complexity of the aesthetic construct and ensured
that we would not miss any potentially relevant terms.
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Term grouping, adjective forming, and counting. To be able to
better analyze the use of terms by the visualization community, we
wanted to count terms which in turn required extensive cleaning and
rechecking of the literature. We turned all terms into adjectives and
merged different forms of the same word. For example, we merged
“understandable,” “understandability,” and “ease of understanding” all
into “understandable.” In addition, we went back to the 68 papers to
verify the counts and checked the context of each term to determine
what these terms measured (e. g., visual encoding, design, interface,
etc.). Based on the latter analysis, we kept all terms that measured a visual encoding (e. g., visualization technique, representation, design etc.)
but discussed among the authors cases that measured interface, tool,
or layout. We could not completely disregard this last group because
many of the tools described in the visualization literature are visual
analysis tools, which, in turn, naturally comprise visual representations
as a major component; so an aesthetic-related assessment of such a
tool may also largely be an evaluation of the visual representation(s)
included within. We thus based our decision on our impression if the
evaluation related to the visual representation (included), as opposed
to the interaction or usability (excluded). After completing this step,
we retained a final list of 41 adjective terms. The most common terms
were aesthetic (20×), understandable (12×), and intuitive (9×).
Term categorization. Next, we tagged the 41 terms with the types of
judgments they target: aesthetic, emotion-oriented, cognitive-oriented,
data-aesthetic, or other. Terms could receive more than one tag. We considered a term to make an aesthetic judgment if it clearly applied to the
aesthetic pleasure caused by a visual representation. The most common
terms in this category were “aesthetic” (20×), “well-designed” (5×),
and “cluttered” (5×, cross-tagged with cognitive-oriented). Emotionoriented judgments describe broad emotional or affective reactions to
visuals. The most common terms in this category were “pleasing” (7×),
“engaging,” “enjoyable,” and “likable” (all 4×). We categorized terms as
targeting cognitive-oriented judgments when they seemed to primarily
assess the cognitive process of understanding or analyzing data with
the visualization. The most common terms in this category were “understandable” (12×), “intuitive” (9×), and “clear” (7×). Fourth, terms
targeting data-aesthetic judgments are those whose aesthetic judgment
hinged largely on the combination of data and design. We tagged only
three terms in this category “expressive” (4×, cross-tagged with aesthetic), “informative” (4×, cross-tagged with cognitive-oriented), and
“suitable” (1×). Four terms seemed to target another judgment, such as
being related to quality (“high-quality,” 1×), innovation (“innovative,”
2×), or established practice (“conventional,” 2×). The most common
word with more than one tag was “cluttered” (5×), which can be considered to make both an aesthetic and a cognitive-oriented judgment.
We show the final list and classification in Table 6 in the appendix.
Term input from related fields: In addition to reviewing visualization literature, we also consulted literature from related fields
about aesthetic pleasure scales. We found four scales for assessing the
aesthetics of websites and interactive products that are most aligned
with our own goals or had high citation counts [12, 36, 44, 52]. We
extracted the terms studied in these four papers to compare them to the
ones we had collected. For two of these papers [12, 44] we were able to
extract all terms that the authors had considered in the development of
their scale from the papers. For a third [52], the authors kindly e-mailed
us their early list of considered terms (not included in their final paper)
and we translated these German terms into English. From the fourth
paper [36] we could only use the terms the authors selected as their
final scale. For all terms from these four papers we followed the same
cleaning and tagging process as before for the visualization literature
and then combined them with our list. The total list from our literature
review thus included 176 terms (Table 7 in the appendix).
4.2

Expert Suggestion—Survey 1

To supplement our literature review, next we conducted a pre-registered
(osf.io/wvehs) and IRB-approved (Inria COERLE, avis № 2022-12)
survey to ask for expert input on words we had not yet considered.
Participants. We invited 57 visualization experts among a wide
spread of topic expertise to participate in our survey by direct e-mail.

We selected participants based on our knowledge of their work and
their reputation in the visualization community. Participants were not
compensated for taking part in the study. After sending the invitation
e-mails, we waited for one week and, during this time, received 31
complete responses (9 female, 21 male, 1 gender not disclosed; past
experience in visualization research: mean = 19.7 years). All responses
were valid and we included them in our analysis.
Procedure. We first asked participants to complete the informed
consent form and to answer background questions about their gender
and expertise. We then explained the study scenario and task which
involved wanting to investigate people’s subjective opinions about the
aesthetics of a visualization they had created, using a 7-point Likert
scale with the question: “To what extent do you agree or disagree with
the following statement: This visualization is [. . . ].” We then asked
each of our expert participants to provide us with at least three words
they would want to use or could envision to use for filling the blank
in the question. We gave them the opportunity to leave additional
comments after providing us with their term suggestions.
Results. From the 31 completed surveys we collected 113 different
words. We cleaned these words by removing duplicates, fixing typos,
as well as merging them and forming adjectives as before. Through this
process we received 77 unique adjectives (Table 8 in the appendix) and
counted their frequencies. The most common terms were: “beautiful”
(18×), “pleasing” (16×), and “aesthetic” (15×). We then combined these
terms with the terms we collected from the literature and categorized
them as before. Through this process our list of terms added 33 new
terms and grew to a total of 209 terms (Table 9 in the appendix).
5

T ERM F ILTERING

As a next step we needed to select a meaningful subset of the 206
terms we had identified, so that we would have a manageable number
to administer to a development sample (Sect. 6). We thus first removed
less relevant terms based on several considerations (Sect. 5.1), followed
by an expert review via a second survey (Sect. 5.2).
5.1

Filtering on Occurrence and Semantics

After several rounds of discussions among the author team and consulting the literature on scale development [13, 26], we settled on the
following criteria to decide whether we should retain a term or not.
1. The terms needed to be related to aesthetic pleasure rather than
understanding or comprehension of a visual representation or its
data (e. g., we excluded “informative,” “clear,” or “confusing”).
2. The terms had to have appeared at least twice in one of the three
resources we used for our item generation: visualization papers,
other relevant aesthetics scale papers, or expert suggestions.
3. The terms should be usable in a rating scale and have a clearly
good or bad connotation (e. g., we excluded “complex” because
a complex aesthetic could be seen as positive or as negative).
4. The terms should be easy to understand (e. g., we excluded
“consistent” because it would be unclear according to what aspect
a visual appearance would be consistent) and their interpretation
should be clear (e. g., we excluded “novel” because it would
require people to know what “old” visualizations look like; we
also excluded “drab” as a rare term that is not easily understood
by many non-native speakers of English).
5. The terms had to clearly apply to an assessment of a visual
representation (e. g., we excluded “dynamic” because, within
visualization, the term may be read as referring to the property of
being animated or interactive, rather than a dynamic aesthetic).
6. The terms should not be pairs of opposite adjectives. We only
retained negative terms that did not have a clear positive opposite
(e. g., we excluded “ugly” as the opposite of “beautiful”).
Based on the first criterion, we excluded terms that made a cognitive
judgment because, for such a judgment, one needs to understand the
data and we aimed to assess the visuals only. We had an intensive
deliberation about terms that made an emotional judgment. We finally
decided to include them because such a judgment can be closely related
to the aesthetic pleasure generated by a visual representation and it can
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be difficult to separate those terms from emotion-only expressions. In
the Pleasure-Interest Model of Aesthetic Liking [32, 33], the interest
could be considered as an aesthetic emotion [60]. Thus, the boundary
between aesthetic pleasure and aesthetic emotion is not always clear.
Ultimately, we thus arrived at a shortlist of 37 terms (see Table 10 in
the appendix) that we categorized as making an aesthetic, emotional,
and other judgment, that served as the input for an expert review.
5.2

Expert Review—Survey 2

Next, we conducted a second pre-registered (osf.io/5gmut) and IRBapproved (Inria COERLE, avis № 2022-12) survey to elicit expert
feedback on the relevance of the 37 terms for measuring the aesthetic
pleasure of a visual data representation.
Participants. We e-mailed the same experts (excluding one who
had participated in a pilot, for a total of 56 experts), and received 25
complete responses after three days (8 female, 16 male, 1 gender not
disclosed; past experience in visualization research: mean = 20.1 years).
All responses were valid and we included them in our analysis.
Procedure. We first asked the participants to provide their informed
consent and background information. We then introduced them to our
definition of aesthetic pleasure and asked them to rate “how relevant do
you think the following terms are for judging or describing the aesthetic
pleasure of a visualization?”. The rating scale included 5 points from 1
being ‘not at all relevant’ to 5 being ‘very relevant.’ Finally, we again
allowed them to leave additional comments.
Results. For each term, we calculated the median and mode of all
participants’ answers. From the 37 total terms, 32 terms received a
mode of 3 or above or a median of 3 or above. Among these 32 terms,
we removed the term “aesthetic” based on our own discussion and the
recommendation of one expert, as we feared the term to be too abstract
and elusive to rate reliably. We thus arrived at a final list of 31 terms
(Table 11 in the appendix) that we used in our exploratory phase.
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(b) Image 4, from [25].

(c) Image 7, from [3].

(d) Image 2, from [50]. (e) Image 10, from [38].

(f) Image 15, from [6].

(g) Image 3, from [69].

(h) Image 6, from [24]. (i) Image 9, from [9, 10].

E XPLORATORY P HASE : E XPLORATORY FACTOR A NALYSIS

During scale development, it is important to establish how a set of items
actually studies the targeted construct, aesthetic pleasure in our case.
Specifically, it is important to establish whether the ratings for the terms
we collected are all caused by the same property of aesthetic pleasure
or perhaps multiple identifiable factors of aesthetic pleasure such as
symmetry, clarity, or familiarity. So we needed to identify the minimum
number of these hypothetical factors as a next step of our analysis
[75]. In addition, 31 terms are too many for the easy-to-administer
research instrument we were targeting. We thus needed to identify the
terms that performed best and exclude terms that did not perform well.
Exploratory factor analysis (EFA) [75] has specifically been developed
as an analytic tool to help researchers with these challenges. To generate
data for an EFA we conducted a third pre-registered (osf.io/az8sm)
and IRB-approved (Inria COERLE, avis № 2022-12) survey, in which
participants used our 31 terms to rate a set of visualizations.
6.1

(a) Image 1, from [66].

Exploratory Survey—Survey 3

Stimuli. In total, we selected 15 representative images that showed
a variety of different visualization techniques that participants would
rate. For our selection of specific visual representations (Fig. 2) we
used different criteria that may affect aesthetic pleasure judgments.
We wanted to cover a wide variety of areas of visualization work and
different approaches to visualizations designs, such as 2D/3D, black
vs. white backgrounds, abstract vs. physical content, hand-crafted vs.
computer-generated aesthetic, and black and white vs. colorful. All
images came from scientific publications, because our scale targets
research evaluations such as surveys.
Participants. There is no consensus about sample size for factor
analysis but general recommendations say that the more items to test,
the more participants are required. In line with two suggestions [8, 13]
we targeted a sample size of 200 participants per visualization. We
recruited participants through Prolific, who had to be fluent English
speakers and to be of legal age (18 years in most countries). Participants
received a compensation of e 10.2 per hour.

(j) Image 5, from [56]. (k) Image 11, from [18]. (l) Image 12, from [77].

(m) Image 8, from [47]. (n) Image 13, from [49]. (o) Image 14, from [41].

Fig. 2: The 15 visual representations that we used as examples from the
visualization literature in our analysis. Image permissions: (a–c, e, h,
k–l, o) © IEEE; (d) © Springer-Nature; (f) © Wiley; (g) © C. Tominski
and H. Schumann; (i) © EHESS [10, p. 230, #3]; (j) © ACM/Nobre et
al. [56]; (n) by Marai et al. [49], c b CC-BY 4.0; (m) by R. Munroe
(originally XKCD # 657), c b n CC-BY-NC 2.5. All images are used
with permission from the respective copyright holders.
Procedure. We first asked the participants to provide their consent
and collected demographics. Then we asked them to rate 3 visualizations, randomly selected from the 15 visualizations. They rated each
visualization according to the question “To what extent do you agree or
disagree with the following statement: The visualization is . . . .” For
each of the 31 terms, we asked participants to choose an answer on a
7-point Likert item ranging from “strongly disagree” to “strongly agree.”
We showed the terms and visualizations in a random order, because
we could not counter-balance the order due to the limitations of the
Limesurvey system we used. We showed the images without captions
so that participants would focus on the visuals. We also included one
attention check question for each visualization. We asked participants
to answer the online survey on a computer or laptop due to the high
number of items to rate and the visual length of the scale.
6.2

Results

We recruited a total number of 1001 participants, who all provided
their informed consent. We excluded 2 participants who each answered
our survey twice due to a technical error. We also excluded 10 par-
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6.3

Exploratory Factor Analysis (EFA)

We followed Watkins’ systematic guide to EFA [75] and implemented
all tests using the psych R package [62], applying them separately for
each visual representation.
Appropriateness of EFA. Before conducting the EFA, we needed
to confirm whether our data was suitable for EFA. First, we calculated
a correlation matrix of all terms for each of the 15 visualizations. Only
“provoking” and “cluttered” had a low correlation (< 0.3) with other
terms, for all 15 visualizations. The other correlations were outside
the interval [−0.3, .3], which meant that the data was suitable for EFA.
We then conducted Bartlett’s test of sphericity [4]. The results showed
that p < .001 for all 15 visualizations, which indicates that there is a
large-enough correlation between terms. We also conducted a KaiserMeyer-Olkin (KMO) test [40]. All individual terms’ KMO values
were above 0.7. Based on all these tests, we confirmed that our data’s
correlation matrices were factorable and then submitted them to EFA.
Extracting Factors. We conducted an exploratory factor analysis of
the 989 responses to the 31 terms for each image. We chose a common
factor analysis model rather than PCA (principal component analysis)
as it is recommended for the creation of measurement instruments such
as rating scales [29, 75]. Roughly speaking, common factor analysis
targets to find hypothetical factors that caused the ratings of participants,
while PCA components are defined by the ratings.
We used scree plots and parallel analysis (for details on both see
DeVellis and Thorpe’s book [26]) to determine the potential factors
of our scale. Parallel analysis, which uses purely statistical criteria to
determine the number of factors, indicated that there was more than
one factor for all 15 visualizations (Table 1). We complemented this
objective finding with a more subjective analysis using scree plots.
Here, we inspected the scree plots for all images such as the one shown
in Fig. 3. We noted that, in all plots, the eigenvalues of the second
factor were close to 1, similar to the pattern seen in Fig. 3 (we show all
plots in Appendix B). The eigenvalues represent how much information
is captured by a factor. If a factor’s eigenvalue is 1, it captures the same
proportion of information as a single item [26]. As we were after the
compression of our item pool, we decided that factors that captured only
little more information than single items would not be retained. We
thus conducted our EFA for all images using one factor only. However,
to not overlook a potentially prominent factor, we also conducted an
exploratory analysis using an EFA for two factors using a Varimax
(orthogonal) and Promax (oblique) rotation and analyzed the data (we
provide the data of this analysis in Appendix G). For a few images, we
analyzed how the terms were split into two factors but were unable to
extract meaningful factor descriptions. Therefore, we confirmed that
our items indeed measured one factor (aesthetic pleasure) and based
our further analysis on the results of the EFA with one factor only.
Reducing Terms. The next step in scale development is to find an
acceptable number of final terms to use. One of the important outputs
of an EFA is a table with factor loadings per term. The higher a factor
loading, the more the term defines the factor or, in our case, the better
it is able to describe aesthetic pleasure. Based on their factor loadings,
the terms the least descriptive for aesthetic pleasure in our data were
“provoking” and “cluttered” with factor loadings below 0.5 for all of the
15 visualizations, see Fig. 4. Twelve terms had a factor loading of > 0.7
for all of 15 visualizations, which are considered high values [34]. In
decreasing order of their average factor loadings these were: “likable,
pleasing, enjoyable, appealing, nice, attractive, delightful, satisfying,
pretty, beautiful, lovely, and inviting.” We removed all other terms and
did not further consider them in the creation of our final scale.
At this point we had 12 terms left, which we could combine into

Table 1: Number of factors as output by the parallel analysis.
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ticipants who answered two or three of our attention check questions
incorrectly. We used the remaining 989 responses for our analysis (ages:
mean = 28.3, SD = 9.4; 389 female, 589 male, 11 gender not disclosed;
education: 618 Bachelor or equivalent, 138 Master’s or equivalent, 22
PhD or equivalent, 211 other) and reversed their scores for the negative
term “cluttered.” Due to our random assignment of participants to
images, each image was rated by approx. 200 people (mean = 197.7,
SD = 19.5, min = 178, max = 218).
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Fig. 3: Scree plot for Image 1 (3D surface glyphs).
terms / image

likable
pleasing
enjoyable
appealing
nice
attractive
delightful
satisfying
pretty
beautiful
lovely
inviting
engaging
tasteful
exciting
motivating
elegant
harmonious
well designed
fascinating
interesting
balanced
clean
sophisticated
organized
creative
artistic
professional
color harmonious
provoking
cluttered

1

2

0.91 0.79
0.85 0.80
0.87 0.78
0.85 0.80
0.90 0.81
0.84 0.78
0.86 0.74
0.77 0.73
0.85 0.76
0.84 0.77
0.85 0.75
0.83 0.74
0.79 0.70
0.78 0.64
0.79 0.66
0.74 0.65
0.83 0.76
0.79 0.69
0.76 0.71
0.68 0.64
0.70 0.70
0.69 0.63
0.73 0.70
0.68 0.63
0.59 0.61
0.53 0.49
0.52 0.49
0.63 0.67
0.65 0.59
0.17 0.20
0.30 -0.33

3

0.88
0.84
0.83
0.80
0.81
0.81
0.78
0.77
0.77
0.76
0.78
0.71
0.76
0.68
0.72
0.71
0.71
0.76
0.67
0.73
0.71
0.61
0.71
0.62
0.62
0.55
0.51
0.52
0.63
0.22
0.03

4

0.87
0.88
0.86
0.84
0.82
0.81
0.85
0.83
0.78
0.79
0.82
0.73
0.74
0.72
0.76
0.77
0.78
0.75
0.77
0.77
0.74
0.73
0.64
0.63
0.74
0.60
0.59
0.61
0.63
0.28
0.15

5

0.86
0.89
0.86
0.87
0.87
0.86
0.83
0.85
0.81
0.84
0.80
0.82
0.78
0.77
0.81
0.83
0.74
0.82
0.81
0.70
0.76
0.71
0.70
0.61
0.67
0.67
0.66
0.62
0.64
0.28
0.39

6

0.84
0.87
0.84
0.83
0.83
0.87
0.81
0.80
0.81
0.78
0.77
0.80
0.78
0.78
0.76
0.78
0.68
0.74
0.73
0.72
0.71
0.69
0.60
0.62
0.59
0.62
0.63
0.53
0.63
0.33
0.18

7

0.90
0.90
0.88
0.88
0.87
0.89
0.89
0.90
0.88
0.87
0.83
0.84
0.82
0.80
0.81
0.84
0.83
0.74
0.69
0.80
0.73
0.59
0.66
0.73
0.55
0.66
0.69
0.60
0.48
0.19
0.27

8

0.88
0.84
0.87
0.85
0.87
0.84
0.82
0.80
0.79
0.81
0.81
0.85
0.83
0.81
0.77
0.75
0.69
0.74
0.71
0.71
0.74
0.70
0.70
0.65
0.60
0.70
0.61
0.46
0.55
0.37
0.34

9

0.84
0.80
0.84
0.85
0.81
0.84
0.79
0.82
0.76
0.76
0.74
0.78
0.74
0.81
0.70
0.75
0.71
0.69
0.73
0.72
0.61
0.65
0.60
0.66
0.59
0.62
0.56
0.50
0.43
0.32
0.41

10

0.86
0.88
0.87
0.88
0.85
0.86
0.82
0.85
0.80
0.82
0.81
0.78
0.76
0.80
0.77
0.77
0.84
0.80
0.74
0.66
0.64
0.77
0.68
0.63
0.66
0.68
0.66
0.61
0.62
0.27
0.45

11

12

0.85 0.89
0.87 0.88
0.85 0.88
0.85 0.88
0.84 0.82
0.85 0.87
0.86 0.88
0.86 0.87
0.84 0.85
0.85 0.85
0.86 0.86
0.83 0.78
0.79 0.77
0.82 0.76
0.82 0.77
0.78 0.71
0.76 0.80
0.77 0.80
0.76 0.81
0.73 0.77
0.70 0.73
0.74 0.66
0.71 0.71
0.63 0.75
0.64 0.66
0.65 0.64
0.64 0.69
0.52 0.67
0.51 0.62
0.40 0.32
0.21 -0.05
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0.87
0.87
0.83
0.88
0.89
0.86
0.89
0.85
0.83
0.78
0.83
0.84
0.80
0.81
0.79
0.83
0.78
0.76
0.81
0.76
0.74
0.68
0.63
0.71
0.65
0.58
0.55
0.67
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0.12
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0.87
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0.79
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0.77
0.75
0.76
0.74
0.75
0.66
0.70
0.59
0.71
0.73
0.71
0.62
0.54
0.58
0.62
0.64
0.22
0.05

15 Average
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0.88
0.89
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0.89
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0.85
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0.83
0.80
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0.65
0.65
0.67
0.60
0.64
0.35
0.24
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Fig. 4: Factor loadings for all 31 terms and images using diverging
red–blue color scale centered at 0.7, which is mapped to white.
even smaller scales. For each possible scale one can compute a reliability statistic that indicates whether a scale would perform in consistent
and predictable ways. A perfectly reliable scale would always consistently measure the true aesthetic pleasure of a visual representation.
Reliability measures approximate this “true” value by computing the
proportion of a “true” score to the observed score. We used Cronbach’s
alpha as our reliability measure, which looks at the scale’s total variance
attributable to a common source and which is the most commonly used
measure of reliability in scale development [26].
Because we were aiming for a lightweight instrument, we tested
the reliability of final scales of size 3–5. Three items is the minimum
number for the statistical identification of a factor and four to six items
per factor have been recommended [30]. Here, choosing the right
size is a tradeoff between usability and reliability. Cronbach’s alpha
increases with the number of items, but more items require participants
to spend more time to answer and rate visual representations. We
calculated Cronbach’s alpha for all potential 3-item, 4-item and 5-item
combinations of these 12 high factor loading terms, for all 15 visual
representations that we started to use in Sect. 6.1 (i. e., those in Fig. 2).
Final Scale. The reliability of scales constructed through the combinations of the highest factor-loading terms was high overall (Fig. 5)
and multiple word combinations are possible.
The best 3-item subset (enjoyable, likable, pleasing) had an alpha
of 0.91 (range of 0.86–0.93 for the images tested), the 4-item subset
(enjoyable, likable, pleasing, nice) had a reliability of 0.93 (range of
0.9–0.95), and the 5-item subset (enjoyable, likable, pleasing, nice,
appealing) a reliability of 0.94 (range of 0.92–0.96). In Fig. 5 we see
that alpha generally rises with more items. To further understand the
effect of a 3-, 4-, or 5-item subset we conducted an exploratory analysis
in which we calculated the average aesthetic ratings for each image
as if participants had only used those items. These calculations are
exploratory because we cannot guarantee that the presence of additional
items did not influence the ratings of our participants (yet to exclude
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Fig. 7: The visual representations SunBurst, StarTree, and BeamTree
from Cawthon and Vande Moere’s [20] study of perceived aesthetics
that we used in our validation. SunBurst (left) was ranked as most beautiful, StarTree (middle) as neutral, and BeamTree (right) as most ugly
in the experiment [20]. All images are © IEEE, used with permission.
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Fig. 5: Cronbach’s alpha for each image on the most reliable 3-, 4-, and
5-item subsets of the remaining 12 terms with factor loading > 0.7.
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(a) Average Likert ratings for Image 2 for the highest ranked 5, 4, and 3 items subsets.
5−Item
4−Item
3−Item
1

2

3

4

5

6

7

(b) Average Likert ratings for Image 9 for the highest ranked 5, 4, and 3 items subsets.

Fig. 6: Comparison of ratings from subsets of the rating items for Image
2 and Image 9 that had the lowest and highest average ratings in our
image set. We show the plots for the other images in the appendix.
these possible effects we conducted a confirmatory factor analysis in
the next step described in Sect. 7). Fig. 6 shows, for two images, that
there were only small variations in the average ratings. The average
rating of all 15 images (see Fig. 43–57 in the appendix) also reflects the
balance of the aesthetic quality of the images we selected: the number
of images scoring above and below the middle score were almost equal.
We thus conclude that a combination of 3, 4, and 5 items would
produce reliable results. Scales with Cronbach’s alpha > 0.7 are considered reliable [13], so even our minimum 3-item scale was reliable.
Nonetheless, we recommend using the 5-item scale for its even higher
reliability and because it can still be completed quickly by participants.
7

VALIDATION P HASE

The final scale development step is to validate the developed scale.
Broadly speaking, a validated scale should actually measure the construct (aesthetic pleasure) and should do so reliably. We conducted a
confirmatory factor analysis (CFA) to test the scale’s dimensionality—
i. e., we checked whether we indeed measure just one factor of aesthetic
pleasure as planned during the exploratory phase (Sect. 6) [13]. Then
we tested the reliability of the results on new data we collected. Finally,
we determined several measures of the construct validity of our scale
that target how well the scale measured aesthetic pleasure.
7.1

Validation Survey—Survey 4

For this phase we conducted a fourth pre-registered (osf.io/gsq6p)
and IRB-approved (Inria COERLE, avis № 2022-12) survey, like the
last one also using crowd-sourcing. Again, participants rated visualization but this time using the 5-item scale proposed in the previous section.
To validate our results we had participants rate 3 visualizations that had
been previously assessed for aesthetic pleasure by other researchers
(and participants) using a different measuring instrument [20].
Stimuli. We chose to partially reproduce findings from Cawthon and
Vande Moere’s experiment on the effect of aesthetics on visualization
usability [20]. They had asked participants to assess the aesthetic
pleasure of 11 visualizations using a one-item 100-point scale from
“ugly” to “beautiful.” To achieve a broader range of aesthetic experience,

we selected three (SunBurst, StarTree, and BeamTree, see Fig. 7) out of
the 11 visualization techniques that were rated to be the most “beautiful”
(Sunburst), most “ugly” (BeamTree), and somewhat neutral (StarTree).
Cawthon and Vande Moere kindly provided their stimuli images to
us, and we used them as stimuli in our validation survey. We hypothesized that our BeauVis scale would rank these visualizations similarly
from high to low as follows: SunBurst, StarTree, and BeamTree.
Participants. We targeted to recruit 200 participants from the general public on Prolific, using the same approach as in Survey 3 (Sect. 6.1).
Procedure. We also followed the same procedure as we did in Survey 3, which we described in Sect. 6.1, with the following exceptions:
We used a clear within-subjects design where all participants rated all
three visual representations (SunBurst, StarTree, BeamTree) with the
five terms in our scale (enjoyable, likable, pleasing, nice, appealing)
as well as with Lavie and Tractinsky’s [44] 5-item scale for measuring
classic aesthetics of websites (aesthetic, pleasant, clear, clean, symmetric) (see Sect. 2.4). We used this additional five-item scale for
validating convergent validity, which we explain below. We only used
one attention check question in this survey.
7.2

Results

We recruited a total number of 201 participants. All participates provided their informed consent. We excluded 4 participants who answered
the attention check questions incorrectly. We used the remaining 197
responses for our analysis (ages: mean = 25.1, SD = 6.4; 69 female, 126
male, 1 gender not disclosed; education: 125 Bachelor or equivalent,
22 Master’s or equivalent, 2 PhD or equivalent, 48 other). Participants
received a compensation of e 10.2 per hour.
Confirmatory Factor Analysis (CFA) is a statistical technique
that allows us to make inferences about the constructs that were measured. As aesthetic pleasure was the single construct we targeted during
the exploratory phase, we used CFA to examine the construct structure
as well as to verify the number of constructs measured and the itemconstruct relationships via factor loadings, similar to the earlier EFA.
We used the methods based on structural equation modeling (SEM),
which is the most commonly used CFA method [26]. We evaluated
model fit by means of a series of statistical tests in CFA, including χ2 ,
Tucker Lewis Index (TLI), Comparative Fit Index (CFI), Standardized
Root Mean Square Residual (SRMR), and Root Mean Square Error of
Approximation (RMSEA). We implemented all tests using the lavaan
R package [63], applying them separately for each image.
Goodness of Fit. To calculate how well the scale items describe the
aesthetic pleasure construct we needed to define a model that describes
our only factor (aesthetic pleasure) defined as the sum of the five items
of our scale. In Table 2 we can see that almost all indices show a
good fit of this model to the data. For the three visual representations,
virtually all of the following criteria are met that are indicative of a good
fit [13]: χ2 is not significant, TLI ≥ 0.95, CFI ≥ 0.95, SRMR ≤ 0.08.
The only value that does not meet these criteria is the p-value of the χ2
test for BeamTree, but this statistical test can be sensitive to the size of
the sample and should not be used as the basis for accepting or rejecting
a scale [64, 71]. For a robust assessment using this test one would have
needed participant pools of N ≥ 400 [14] or even N ≥ 2 000 [79]. The
RMSEA values of SunBurst and StarTree are ≤ 0.06—also indicative
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Table 2: Goodness of fit indices (TLI = Tucker Lewis Index; CFI
= Comparative Fit Index; SRMR = Standardized Root Mean Square
Residual; RMSEA = Root Mean Square Error of Approximation).

(χ2 )

p-value
TLI
CFI
SRMR
RMSEA

SunBurst

StarTree

BeamTree

0.290
0.998
0.999
0.009
0.034

0.222
0.996
0.998
0.011
0.045

0.016
0.982
0.991
0.014
0.095

Table 3: Standardized factor loading for five items, for each image.
Item

SunBurst

enjoyable
likable
pleasing
nice
appealing

Factor Loading
StarTree
BeamTree

0.893
0.914
0.889
0.845
0.910

0.878
0.925
0.895
0.877
0.842

0.911
0.874
0.893
0.888
0.889

Table 4: Cronbach’s alpha for each visualization.
SunBurst

StarTree

BeamTree

0.95

0.946

0.95

Cronbach’s Alpha

Table 5: Pearson correlation.
SunBurst

StarTree

BeamTree

0.84
0.07

0.88
0.12

0.87
0.14

Classic Aesthetic
Age
SunBurst
StarTree
BeamTree

1

2

3

4

5

6

7

Fig. 8: Average results with our scale of the three visualization.
of a good fit [13]. The RMSEA value of BeamTree is 0.095, which
is considered to be sufficient as RMSEA values ∈ [.05, .10] suggest
“acceptable” fits [42]. Based on the above results, we can say the CFA
results validated our one-factor model of the BeauVis scale.
Factor Loadings. Factor loadings describe the correlation between
the items and the aesthetic pleasure factor. Values close to 1 indicate
that the construct of aesthetic pleasure strongly influences the item
ratings. In the SEM approach of CFA, standardized factor loading
values of ≥ 0.7 indicate a well-defined model [34]. As we show in
Table 3, the values for all 5 items in our scale are well above 0.7.
In summary, the CFA confirmed the one-factor structure of our scale
and that the items in the scale are well able to measure the construct.
Reliability: As before, we assessed the reliability of the scale using
Cronbach’s alpha for each image. As we show in Table 4, all alpha
scores are well above 0.7 and thus our scale can be considered reliable.
Validity: A scale is considered to be valid if it can be established
that it indeed measures the construct it was developed for [13]. The
validity of a scale should not only be ensured at the end of the scale
development phase but also throughout the earlier phases of the process
[13]. According to scale development theory [13, 26], the validity of
our scale can be determined according to three main aspects:
Content validity is the degree to which aesthetic pleasure is indeed
reflected by the terms we chose for the scale. To establish content
validity, the main method is to ask experts who are familiar with
aesthetic pleasure of visualizations to review the initial item lists.
We did so early in the process as explained in Sect. 5.2.
Criterion validity looks at whether the scale can explain or predict
another criterion related to the “performance” of a visualization.
For example, we could theoretically assess connections between
aesthetic pleasure and a visualization’s usability or memorability. Practically, however, establishing whether such a connection

exists would require established and validated ways to measure usability or memorability of visualizations and much more complex
research setups. We, therefore, did not test for criterion validity.
Construct validity describes how well a scale indeed is related to
and measures the concept it promises to assess. To assess it we
focused on three indices of construct validity: convergent validity,
discriminant validity, and differentiation by known group.
The first, convergent validity, refers to whether different ways of
measuring the same construct yield similar results. It can be demonstrated by a high correlation between a newly developed scale with
other scales that promise to measure the same or a closely related
construct [13]. To assess convergent validity we had participants rate
visualizations also using Lavie and Tractinsky’s [44] scale for assessing the aesthetic of websites. We chose their scale’s classic aesthetic
factor because its items (“aesthetic,” “pleasant,” “clear,” “clean,” and
“symmetric”) are more suitable for assessing visual representations than
the items of their expressive aesthetic factor. The latter includes the
term “uses special effects,” e. g., which is hard to interpret for our static
images. For a high convergent validity our scale’s results should be
correlated with those of Lavie and Tractinsky’s classic aesthetics scale.
As we show in Table 5, we found that, indeed, the Pearson correlation
between both scales were high (i. e., > 0.5), for all three visualizations.
Second, discriminant validity allows us to understand to which
degree a new scale measures a unique concept and that it is not related to
other variables to which it should not be related. We can check for this
validity by testing the correlations between the newly developed scale
and other, existing measures.2 In our case there is no reason to assume
that the participant’s age would be related to aesthetic pleasure and we
thus use age for establishing discriminant validity, in line with Lavie and
Tractinsky’s [44] work. As shown in Table 5, the Pearson correlation
factors between our scale and age for the three visual representations
were low (i. e., well below 0.3), so we can conclude that our scale has
at least discriminant validity concerning age.
Finally, in our last analysis of validity we look at the differentiation
by known groups. Here, our “groups” are the three visualizations from
Cawthon and Vande Moere (Fig. 7) [20] for which we have empirically
established aesthetic measures. To contribute to construct validity
we then compared the results of our scale to their previous scores to
check if the scores were as expected and that the new scale could
discriminate between the aesthetic pleasure of the three visualizations
[13]. In Fig. 8 we show the average results for these three visual
representations for the five items of our scale, with a 95% confidence
interval. The scores, from highest to lowest, are SunBurst, StarTree,
and BeamTree, which fully align with Cawthon and Vande Moere’s
results. In Cawthon and Vande Moere’s original study the individual
aesthetic ranking result for SunBurst was 58%, StarTree was 49%
(estimated from Fig. 4 in [20]), and BeamTree was 36%. We translated
these results into our 7-point Likert scale through a linear mapping,
the result for SunBurst was 4.48 (= 1 + (7 − 1) · 0.58), the result for
StarTree was 3.94 (= 1 + (7 − 1) · 0.49), and the result for BeamTree
was 3.16 (= 1 + (7 − 1) · 0.36). As one can see in Fig. 8, these results
are sufficiently close to the actual scores in our survey such that we can
also conclude validity w.r.t. differentiation by known groups.
8

D ISCUSSION

AND

L IMITATIONS

In this section we discuss the use of our BeauVis scale, reflect on the
terms they include, and discuss limitations and future work.
8.1

Guidelines for and Limits of Using the Scale

The BeauVis scale provides a simple instrument to compare the aesthetic pleasure of different visual representations. The mean of all
items can be used to obtain a single value [57]. This value, however,
should be seen in comparison and not be interpreted as an absolute
measurement of how beautiful an image is or whether it is “sufficiently”
2 Note that, essentially, we would need to check for this lack of correlation
to an infinite amount of other measures, yet here we follow the established
procedure [13] and the examples from the literature (e. g., [44]).
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beautiful. Nor does the scale establish an exhaustive or final measurement of the broad concept of aesthetics. Some experts in our two
expert surveys mentioned that aesthetics cannot be measured. This
is a valid opinion representing subjectivist views of aesthetics that attributes the experience entirely to the viewer (Sect. 2.1). We address
this view somewhat by narrowing our scale toward “aesthetic pleasure” or “beauty,” rather than the full concept of aesthetics. Our scale
can be used alone to quickly compare the aesthetic pleasure of two
representations or together with other test results and be interpreted
carefully in-context. Cawthone and Vande Moere [20], e. g., used an
aesthetic pleasure rating in their larger study on aesthetic pleasure and
user experience. Xu et al. [78] studied the effectiveness (in terms of
time and error) of representations but also asked people for their aesthetic preferences to compare techniques. Stusak et al. [67] conducted
a primarily qualitative study on data physicalizations but also asked
participants to rate their aesthetics on a Likert scale to accompany the
wealth of other data collected.
When the BeauVis scale should be administered in a study, however,
requires careful consideration. We validated the scale by asking participants to rate visualizations without having interacted with them and
without having read the data; that is, we asked for their first impressions.
As such, we recommend to use our scale at the beginning of an empirical study similar to how we did in our own experiment. Administering
a visualization rating scale after an experiment, however, is common
practice and here results need to be interpreted in light of usage experiences or the data content. We addressed the concern of a possible
difference between pre- and post-study administration somewhat by
excluding terms related to comprehension of the visualized data. Yet,
further formal validation should establish potential differences.
8.2

The Rating Question

In setting up the scale we had to decide on a rating question and settled
on “To what extent do you agree that this visual representations is...?”
We debated the wording of this question deeply and decided to use
one that would not require clear opposing terms to be established, such
as “ugly” vs. “beautiful,” because we found it difficult to find suitable
opposites for many terms (e. g., “likable,” “pleasing,” etc.). Our chosen
rating question also required all terms to be adjectives, which is not
always easy to achieve. When we first asked experts to suggest terms,
some experts criticized our statement as they found the question to
constrain suitable terms. Changes in the question might certainly make
other terms possible but would also require some of our terms to be
changed and the scale to be re-evaluated. Nevertheless, we expect
small changes in the question not to have a great effect on the results.
The term “visual representation,” which we used to focus on the visual
artifact and not the process of its creation [72, 73], could be exchanged
by the name of the actual technique being studied, for example.
8.3

The terms in our scale relate to other scales of aesthetic pleasure, but
have small differences. The Aesthetic Pleasure in Design scale [12], for
instance, also contains the terms “pleasing to see, like to look at, and
nice to see” in addition to “beautiful”, and “attractive.” And Lavie and
Tactinsky’s scale for websites [44] includes “pleasant design” under
the factor classic aesthetics. Our items are specific to visualization in
that they avoid terms that require a cognitive assessment of the visual
representation and how understandable the data was. We purposefully
avoided, e. g., terms such as “clear” that are included in Lavie and
Tactinsky’s scale. In addition, we avoided terms that may be important
for aesthetic product ratings but less important for the aesthetic pleasure
of visual representations. “Innovative,” e. g., may be important for
products and is a term in the AttrakDiff scale [36], but it is difficult to
judge in a visualization context where participants would need to know
a “standard” visual representation to rate the innovation of a new one.
We debated for a long time but finally eliminated terms that were
not clearly positive or negative when applied to visual representations
such as “simple” or “complex.” These terms can certainly describe
what a visual representation looks like but would not be able to clearly
measure aesthetic pleasure because there are certainly both beautiful
and ugly “simple” data representations. By avoiding terms that can
describe aesthetic pleasure in two different ways the combined result
of all items in the scale is more comparable.
9 C ONCLUSION AND F UTURE W ORK
With our BeauVis scale we provide visualization researchers with an
instrument to compare the aesthetic pleasure of the visual representations they create. With its combination of five descriptive terms it
allows collect reliable average results when compared to using just a
single elusive term such as “aesthetics” or even “aesthetic pleasure”
itself [13, 31]. As we followed a standard scientific procedure for
scale development, our approach can also serve as an example for the
visualization community to establish further validated scales.
Our scale can certainly be used to compare the aesthetic pleasure
within a single experiment. To compare between experiments it would
require the scale to be administered using the same questions, ratings,
and items but also comparable contextual factors. Preceding questions,
prior use, different user groups, or motivations can all influence the
scale responses [26]. As such, future work on understanding the differences of scale responses based on contextual factors would be very valuable. Other future work includes establishing related scales for certain
subfields of visualization. For example, graph drawing already has a set
of dedicated aesthetic criteria which should be considered in term collection for this research area. Other scales could target related constructs
such as the aesthetics of the interaction with a visualization tool or the
emotional experience with an artifact (e. g., [11, 74]). Naturally, our
own scale can and should also further be validated, such as by conducting a Test-Retest to assess participants’ consistency across time.

Terms in Our Scale

All terms of our final scale are related and similar to one-another. In
a unidimensional, one-factor scale like ours all items measure the
same construct. Their similarity stems from the reliability calculation
that determines correlations. Having some similarity is useful: by
having five terms in our final scale, we address variations of people’s
understanding of the individual terms and reduce noise. Other terms
that we originally tested, in the end, turned out not to be descriptive of
the concept of aesthetic pleasure and were removed.
Apart from “nice,” all other terms came from what we had labeled
the “emotion” category, despite the fact that there was a larger number of terms we tested in the “aesthetic” category. Clear outliers in
our term exploration were “provoking” and “cluttered,” but the terms
“color-harmonious, professional, artistic, creative, and organized” also
generally had low factor loadings for all images. In retrospect, this
makes sense as many of these terms require viewers to assess the visual
representation according to something else that may or may not be
known. To assess whether a visual representation looks professional or
artistic, e. g., one needs to know what an amateur version of it would
look like. Such comparisons are not needed for terms like “pleasing” or
“enjoyable,” which can be answered through purely personal experience.
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