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Abstract
Affordances, originating in psychology, describe how an object’s design influences the physical and cognitive actions users
may take. Past work applied affordance theory to visualization to explain how design decisions can impact the cognitive ac-
tions of visualization readers. In this work, we demonstrate that affordances can complement effectiveness rankings by further
explaining the root causes behind visualizations’ task performance. To do so, we conduct a case study on static normal prob-
ability density function plots, identifying their current affordances. Next, we identify the optimal affordances for a common
probability-comparison task and develop a novel affordance-driven visualization, the Croissant Chart, to support them. We em-
pirically validate the design’s effectiveness through a preregistered study (n = 808), demonstrating how affordances can inform
predictable changes in task performance. Our findings underscore the potential for affordance-based approaches to enhance
visualization effectiveness and inform future design decisions.

CCS Concepts
• Human-centered computing → Empirical studies in visualization; Visualization design and evaluation methods; Visualiza-
tion theory, concepts and paradigms;

1. Introduction

Affordance, rooted in psychology, refers to the potential ac-
tions—both physical and mental—that users may take based on
the design of an object [HAWR99, Gib79, Kap14]. In the context
of visualizations, mental actions are the cognitive operations read-
ers perform when interpreting a visualization, such as comparing
values, grouping elements, or estimating trends. Cognitive affor-
dances, or the relationship between the design of an object and the
knowledge that is imparted upon the object’s user [Har03], can im-
prove understanding of visualization design implications by com-
plementing task precision evaluations [FPB25]. Because cognitive
affordance offers an alternate lens of understanding how visualiza-
tion designs impact mental actions, it can also suggest specific men-
tal actions that readers are likely to use. In this paper, we demon-
strate cognitive affordances’ utility by using them to connect visu-
alization designs to readers’ mental actions. This paper illustrates
how affordance-based visualization design can improve task accu-
racy and reveal the root cause of differences in task performance.

Although, affordances are well-studied in psychology and hu-
man-computer interaction (HCI) (for a discussion, see [Kap14]),
they have only recently received attention in visualization research.
Fygenson et al. translate affordance theory to visualization, char-
acterizing cognitive affordances for visualization, summarizing re-
lated constructs, and proposing a framework to scaffold future re-

search and discussion [FPB25]. We extend this work by applying
cognitive affordances to visualization design and evaluation, laying
the groundwork for future research.

To validate cognitive affordances’ utility, we demonstrate how
they can support reasoning about likely causes of interpretation er-
rors, such as mathematically incorrect mental actions, and isolate
specific elements of visualizations that are problematic. We then
use affordances to reason about design decisions that are likely
to cue ideal mental actions for a task. We investigate affordances’
utility through a case study of static (i.e., non-interactive) probabil-
ity density function plots (PDFs). Prior research has identified sys-
tematic errors associated with static PDF interpretation [FP25], yet
established methods for optimizing visualization design, such as
the rankings of expressiveness and effectiveness [Mun15], have not
been systematically applied to assess or improve PDFs. Moreover,
established methods have not been used to assess alternative visual-
izations that are known to improve accuracy in probability-related
tasks, such as quantile dot plots (QDPs) [KKHM16, FWM∗18].
QDPs’ superior performance indicates that alternative affordances
may better support probabilistic reasoning than PDFs. Through an
affordance-based analysis of these non-interactive visualizations,
we systematically examine how cognitive affordances shape prob-
ability distribution interpretation, offering the following key contri-
butions:
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• an analysis of PDF visualizations, demonstrating how an affor-
dances can be used to redesign PDFs for a specific task

• hypotheses about the underlying causes of a known reasoning
error with PDFs [FP25] and predictions as to why these effects
will not extend to QDPs

• an affordance-based evaluation of cases where QDPs may lead
to interpretative challenges

• a preregistered, empirical evaluation of the effectiveness of our
redesigned PDFs, traditional PDFs, and QDPs that links perfor-
mance differences to our affordance-driven hypotheses

These contributions advance the understanding of how cognitive
affordances shape probabilistic reasoning.

2. Background

2.1. Cognitive affordances in visualization

Theoretical foundation. Ecological psychologist J.J. Gibson first
introduced affordances in the late 1970s to define the relationship
between an object and its user in terms of action possibilities (i.e.,
ways in which an individual could use an object) [Gib79]. Over the
following decades, researchers in HCI and psychology adopted af-
fordances to describe how the shapes of physical items imply their
possible and intended uses [Nor88, Nor99], and later, how digital
interfaces imply possible actions (e.g., clicking a button) [Kap14].
Visualization research has investigated the affordances of user in-
teractions, studying visual cues that incite users to hover over chart
elements to reveal more information [BEDF16], and examining
how users interact with dynamic physical bar charts [THK∗15].
However, this work does not apply to non-interactive charts, which
comprise much visualized information [BEDF16].

A recent subset of work investigates the non-physical affor-
dances of visualizations, exploring how design impacts the cog-
nitive actions of visualization readers, and thus the information
that they are most likely to glean. Fygenson et al. provide an
overview of this work, and name these non-physical affordances
cognitive affordances [FPB25]. They define cognitive affordances
in visualization similarly to Norman’s affordance definition (i.e.,
all possible actions that a visualization’s design enables a reader to
take) [Nor88], and specify that cognitive affordances are: (1) nei-
ther binary nor mutually exclusive, and (2) a factor of both a visu-
alization’s design and its reader. Examples of cognitive actions that
can be afforded include taking away messages about, and interpret-
ing characteristics of, visualized data. They also hypothesize that
affordance-based evaluations can provide stronger logical reason-
ing for uncovering the root cause of misleading designs and sug-
gesting successful alternatives. In this paper, we present an initial
validation of their hypothesis.

Investigative methods. Within visualization, the investigation of
affordances, or affordance-related concepts, has been supported
via several methods (for a review, see [FPB25]). The most pop-
ular method is a free-response question in which participants are
shown a visualization and asked open-ended questions about what
they see (e.g., “describe in a sentence what is shown”) [QWW∗24,
CEL93, SMH99, ZT99]. This method can be modified by scoping
such questions to specific tasks [XSB∗22], or by restricting codes
of interest when thematically coding collected responses [SC95].

In our pilot studies (Sec. 3.1) and affordance evaluation (Sec. 3.5
and 3.8), we employ the free-response technique because of its ex-
ploratory nature and conventional coding.

Effectiveness rankings. Visualization design decisions and ped-
agogy are often supported by frameworks that rank marks and
channels by their ability to precisely communicate encoded
data [Mun15, War04, HB10, CM84, CMM88, IIC∗13]. Extensions
of precision-focused work investigate effectiveness from similar
performance-based lenses, including accurate recall [BBK∗16],
and minimal response time [LDA12, IIC∗13]. Effectiveness rank-
ings are useful in evaluating common charts (e.g., bar and pie
charts) and have been translated into automatic chart recommen-
dation systems [Mac86,BF93]. Effectiveness rankings describe the
encodings that most precisely support a task, but offer little guid-
ance as to the tasks that unprompted readers are most likely to com-
plete (i.e., cognitive affordances). Past work has found that task ef-
fectiveness can correlate with visualizations’ cognitive fit (i.e., how
well a visualization corresponds to readers’ mental representations
of information) [Ves91, VG91], suggesting a relationship between
readers’ mental actions, visualizations’ designs, and effectiveness.

The logical scaffolding of affordance-based investigations sets
them apart from traditional performance evaluations by providing
alternative diagnostic power. Response time and accuracy evalua-
tions can illuminate a visualization’s poor performance and sup-
port its redesign through frameworks such as the effectiveness and
expressiveness rankings [Mun15]. Although these frameworks are
useful, their guidance does not always increase visualizations’ in-
terpretability [BCF20], or consistently change the information that
readers are likely to glean. Cognitive affordances, on the other
hand, can provide logical conclusions about the underlying cause
of correct or incorrect interpretations and, as we show in this paper,
motivate redesigns that correlate with improved performance.

Affording mental actions. Low-level tasks, such as comparing
the lengths of two shapes or reading an axis label, contribute to
higher-level takeaways and decision-making [LPP∗06,PCRHS18].
By describing the probable lower-level mental actions of visual-
ization readers, cognitive affordances can shed light on the driving
factors behind readers’ interpretations. For example, past research
has investigated how bar chart affordances can inform the likeli-
hood of comparative takeaways [FFB24, XSB∗22, BSLF24], find-
ing bar placement can significantly change the comparisons and
higher-level takeaways that readers report. Afforded cognitive ac-
tions can also drive readers’ mental actions when they encounter an
unfamiliar graph. For example, if a reader sees a PDF for the first
time, its continuous edge and aesthetic similarity to a line chart (see
Fig. 1, top) may afford extracting height information as one would
do when reading a line chart (Fig. 1, row a and b). In turn, the reader
might adopt a height-focused strategy and characterize the PDF by
its maximum height.

2.2. Probability Density Visualizations

Communicating probabilities is a common requirement when dis-
seminating experimental results [Pad22], and probability distribu-
tions can be visualized in numerous ways [PKH22]. Box plots,
and confidence, standard deviation, and histogram intervals display
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key statistical properties of distributions through visual representa-
tions of summary statistics. Despite their long-standing popularity
in scientific communication for both experts and the general pub-
lic [VDBVDLF∗19,Ros10], these visualization methods do not dis-
play the entire shape of a distribution, leading to a loss of statistical
detail [CG14]. Additionally, prior research finds that interval visu-
alizations and box plots induce errors in which readers incorrectly
assume that values inside visualized boundaries are more proba-
ble than those just outside the boundaries, thereby misinterpreting
encoded probability [CG14,JS21]. Visualizations that fully encode
distributions’ shape instead of only showing key statistical metrics
can lead to more correct conclusions [GJS∗18].

Many visualizations that display distribution shape, such as
PDFs, violin, raincloud, and ridgeline plots, encode probability as
the area under a curve. However, unlike other Cartesian-coordinate
plots, these visualizations’ y-axis values do not readily commu-
nicate useful information [Ros10]. Instead, extracting cumulative
probabilities (i.e., the probability of a random variable being above
or below a threshold or between two bounding thresholds) from
these charts requires finding the relevant slice of the area under the
curve and calculating the percentage of total area under the curve
that the slice occupies. This calculation can be challenging, espe-
cially when a distribution is not uniform and the areas in question
are nonpolygonal [FP25].

Modern visualization designs, such as quantile dot
plots (QDPs) [KKHM16] and hypothetical outcome plots
(HOPs) [HRA15], seek to maintain the same communication
of distribution shape as area-encoded visualizations, while also
increasing audience understanding through the use of visual
frequency framing (i.e., expressing probabilities as natural fre-
quencies). This method of communicating odds, such as “6 out of
100 times” rather than “6%”, can improve comprehension of odds
in textual contexts [CT96]. Frequency framing has inspired the
discrete communication of probability as counts of marks instead
of continuous areas in QDPs and HOPs [FWM∗18, HRA15].
Members of the general public are more likely to correctly
interpret frequency-framed visualizations than PDFs in specific
contexts [KKHM16, FWM∗18, HRA15, KKH21]. Although
they communicate more information than interval visualiza-
tions [PKH22], these discretized visualizations still sacrifice detail
in exchange for facilitating human reasoning. HOPs, for example,
rely on animation, making them unsuitable for nondigital formats
and requiring more time to extract precise information [KKHM16].
QDPs trade some statistical resolution by using discrete dots to
encode continuous distributions. This limitation is particularly
relevant in low (20)-quantile QDPs, which prior studies suggest
are more effective than higher (100)-quantile versions [KKHM16].

Equal-height scaling vs equal-area scaling. Statistical plotting
software typically defaults to generating equal-area PDFs, such that
the area under each PDF curve occupies the same number of pix-
els. Because each of these areas equals 1 (i.e., 100% probability),
equal-area scaling ensures all PDFs have the same probability-to-
pixel ratio, allowing simple area judgments to facilitate cumula-
tive probability comparisons (see Fig. 1, row c). However, for area-
encoded distribution visualizations (e.g., PDFs, violin plots, ridge-
lines), equal-area scaling can cause occlusion when some distribu-

PDF MENTAL ACTIONS & ROBUSTNESS TO SCALING
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Figure 1: Top: The task we test. Bottom: PDFs’ afforded mental
actions from our pilot study. Some actions yield correct results for
equal-area PDFs (left), but not for equal-height PDFs (right). See
Section 3.1 for more detail.

tions are much narrower (i.e., have lower standard deviation) than
others (see Fig. 2, a). Spacing PDFs to accommodate tall distribu-
tions can use substantial vertical space (Fig. 2, b) which is often
restrictive to authors working within page limits, so visualization
authors may choose to scale PDFs to the same height to save space
(Fig. 2, c). This equal-height option is not mathematically incorrect
and is popular enough to be supported by statistical plotting soft-
ware (e.g., STAN bayesplot [GM24], ggdist [Kay24]). Still, past
research establishes that equal-height PDFs lead to more incorrect
judgments than equal-area PDFs, for members of the general public
making simple cumulative probability comparisons [FP25].

Notably, the impact of equal-height scaling on other probability
distribution visualizations remains unexplored. However, we hy-
pothesize that visualizations relying on frequency framing may be
more robust to scaling as they encourage mental actions indepen-
dent of mark height or area. Additionally, visualizations that inher-
ently maintain constant height, such as interval plots and box plots,
fall outside this discussion, as they naturally have equal heights.

3. Study Materials and Methods

Scaling pairs of PDF plots to equal heights decreases members of
the general public’s ability to compare the distributions’ cumulative
probability below a provided threshold (see Fig. 1) [FP25]. Moti-
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Condition A

Condition B

Condition C

Lorem ipsum dolor sit amet, consectetuer 
adipiscing elit, sed diam nonummy nibh 
euismod tincidunt ut laoreet dolore magna 
aliquam erat volutpat. Ut wisi enim ad 
minim veniam, quis nostrud exerci tation 
ullamcorper suscipit lobortis nisl ut aliquip 
ex ea commodo consequat. Duis autem vel 
eum iriure dolor in hendrerit in vulputate.

Lorem ipsum dolor sit amet, consectetuer 
adipiscing elit, sed diam nonummy nibh 
euismod tincidunt ut laoreet dolore magna 
aliquam erat volutpat. Ut wisi enim ad 
minim veniam, quis nostrud exerci tation 
ullamcorper suscipit lobortis nisl ut aliquip 
ex ea commodo consequat. Duis autem vel 
eum iriure dolor in hendrerit in vulputate 
velit esse molestie consequat, vel illum 
dolore eu feugiat nulla facilisis at vero eros 
et accumsan et iusto odio dignissim qui 
blandit praesent luptatum zzril delenit 
augue duis dolore te feugait nulla facilisi.
Lorem ipsum dolor sit amet, cons ectetuer 
adipiscing elit, sed diam nonummy nibh 
euismod tincidunt ut laoreet dolore magna 
aliquam erat volutpat. Ut wisi enim ad 
minim veniam, quis nostrud exerci tation 
ullamcorper suscipit lobortis nisl ut aliquip 
ex ea commodo consequat.
Lorem ipsum dolor sit amet, consectetuer 
adipiscing elit, sed diam nonummy nibh 
euismod tincidunt ut laoreet dolore magna 
aliquam erat volutpat. Ut wisi enim ad 
minim veniam, quis nostrud exerci tation 
ullamcorper suscipit lobortis nisl ut aliquip 
ex ea commodo consequat. Duis autem vel 
eum iriure dolor in hendrerit in vulputate 
velit esse molestie consequat, vel illum 
dolore eu feugiat nulla facilisis at vero eros 
et accumsan et iusto odio dignissim qui 
blandit praesent luptatum zzril delenit 
augue duis dolore te feugait nulla facilisi.
Lorem ipsum dolor sit amet, cons ectetuer 
adipiscing elit, sed diam nonummy nibh 
euismod tincidunt ut laoreet dolore magna 
aliquam erat volutpat. Ut wisi enim ad 
minim veniam, quis nostrud exerci tation 
ullamcorper suscipit lobortis nisl ut aliquip 
ex ea commodo consequat.
Lorem ipsum dolor sit amet, consectetuer 
adipiscing elit, sed diam nonummy nibh 
euismod tincidunt ut laoreet dolore magna 
aliquam erat volutpat. Ut wisi enim ad 
minim veniam, quis nostrud exerci tation 
ullamcorper suscipit loborti.
Lorem ipsum dolor sit amet, consectetuer 
adipiscing elit, sed diam nonummy nibh 

just 
enough

space for 
a small
figure

el eum iriure dolor in hendrerit in 
vulputate velit esse molestie consequat, 
vel illum dolore eu feugiat nulla facilisis at 
vero eros et accumsan et iusto odio 
dignissim qui blandit praesent luptatum 
zzril delenit augue duis dolore te feugait 
nulla facilisi.
Lorem ipsum dolor sit amet, cons ectetuer 
adipiscing elit, sed diam nonummy nibh 
euismod tincidunt ut laoreet dolore magna 
aliquam erat volutpat. Ut wisi enim ad 
minim veniam, quis nostrud exerci tation 
ullamcorper suscipit lobortis nisl ut aliquip 
ex ea commodo consequat.
Lorem ipsum dolor sit amet, consectetuer 
adipiscing elit, sed diam nonummy nibh 
euismod tincidunt ut laoreet dolore magna 
aliquam erat volutpat. Ut wisi enim ad 
minim veniam, quis nostrud exerci tation 
ullamcorper suscipit lobortis nisl ut aliquip 
ex ea commodo consequat. Duis autem vel 
eum iriure dolor in hendrerit in vulputate 
velit esse molestie consequat, vel illum 
dolore eu feugiat nulla facilisis at vero eros 
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Figure 2: Why would someone scale PDFs to equal-heights? (a)
different variances can cause overlap and occlusion (b) separating
them requires more space (c) equal-height scaling yields a com-
pact, statistically correct figure.

vated by these results, we examine the utility of affordance theory,
as discussed in Section 2.1, in evaluating equal-height PDFs and
designing alternate visualizations. To do so, we proceeded in four
stages. First, we analyzed pilot free-response data and relevant liter-
ature to identify possible cognitive affordances of PDFs and related
distribution visualizations (Section 3.1). We assessed these cogni-
tive affordances’ alignment with the cumulative probability com-
parison task we investigate in our experiment. Second, we defined
ideal affordances for the task and hypothesized which design fea-
tures may better support them (Section 3.2). Third, we developed
a novel, affordance-informed visualization to more strongly cue
correct mental actions (Section 3.2). Finally, we preregistered and
conducted an empirical study to test whether our predicted affor-
dances correspond to measurable differences in task performance
(Sections 3.3 through 3.8).

3.1. Affordances of probability density visualizations

Pilot Data. We collected pilot data to hypothesize about the af-
fordances of different probability density visualizations by asking
participants who completed simple tasks with normal probability
visualizations, such as comparing the odds of two distributions,
to “please describe in as much detail as possible how [they] in-
terpreted the graph and what strategies [they] used to answer the
questions.” We conducted these pilot studies via Prolific.com with
participants who had Prolific approval rate over 90%, resided in the
U.S., were fluent in English, and over the age of 18 (291 female,
292 male, 14 non-binary/third gender, 4 did not report gender).
These responses were between 5 and 278 words, with a median
word length of 27 words. These pilot studies allowed us to refine the
measures for our main study and gain insights into afforded strate-
gies for comparing distributions. We recruited 601 participants for
the pilot study. Participants were randomly assigned to view either
normal PDFs (n = 300) or normal QDPs (n = 301).

We analyzed responses by thematically coding them to identify
recurring concepts associated with each visualization. To do so,

(1) an author reviewed all responses, (2) responses were manually
grouped based on conceptual similar in the reported sentiments,
and (3) overarching themes were identified within these groupings.

Affordances of PDFs. To illustrate how affordance evaluations
can support visualization redesigns, we selected a visualization-
task use case that has been shown to lead to errors. Members of
the general public are consistently worse at comparing cumulative
probabilities when using equal-height PDFs (see Fig. 1) [FP25]. We
investigated this visualization-task combination because it presents
a clear judgment error, involves a sufficiently complex visualization
to warrant redesign, and has alternative visualizations (e.g., QDPs)
that have demonstrated high performance in other tasks. By focus-
ing on a specific scaling issue, we provide a case study that exhibits
the process of using affordances and their generative potential.

Our thematic coding of pilot data identified several mental ac-
tions that likely led to incorrect calculations. Some participants re-
ported comparing the heights of the normal PDFs, either at their
mean (see Fig. 1 row a) or at the threshold of a cumulative proba-
bility (row b). Height-comparing could be driven by PDFs’ visual
similarity to line charts (see Fig. 1 top). Although this action re-
flects an incorrect understanding of PDFs, it is worth noting that
when PDFs are scaled to equal areas, height comparison can still
result in correct comparisons (Fig. 1 row a, left). When PDFs are
scaled to equal heights (Fig. 1 row a, right), however, height com-
parison no longer ensures accurate cumulative probability compar-
isons.

Participants’ also compared partial areas that correlated with the
threshold (Fig. 1 row c). Area-comparing can be afforded by par-
ticipants’ interpretation of the PDF as an area chart, and although
closer to a “correct” mathematical understanding of PDFs, also
only yields correct judgments when the charts are scaled to equal
areas.

Lastly, participants compared overall PDF spread (Fig. 1 row
d) and slope (row e). Both mental actions commonly led to in-
correct comparisons. Participants who used PDF spread reported
wider graphs having higher probabilities for our task, even though
the opposite is true. Participants who used slope comparisons also
fell susceptible to incorrect interpretations, such as “... whichever
curve was more steep was normally the one with less probability,”
which is the opposite of the case. These shape-comparing actions
are robust to equal scaling; y-axis scaling does not change spread
or significantly alter comparisons of PDF slope. Still, they led to in-
correct conclusions. In summary, the first phase of our affordance
evaluation identified three primary mental actions that contribute to
reasoning errors with equal-height PDFs: height-comparing, area-
comparing, and shape-comparing.

counting ⟶ interpreting a part-to-whole relationship

individual dots ⟶interpreting discrete probabilities

1 2 1 3 6 9 12
2 4 7 10

5 8 11
13

14
15

16 17
3

t

Figure 3: QDPs’ afforded mental actions from our pilot study.
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Affordances of QDPs. A review of QDP pilot data revealed one
predominant afforded strategy. Participants often reported counting
and then comparing the number of dots on the right of the cumula-
tive threshold for each QDP (Fig. 3, top). This strategy is robust to
equal-height scaling because height manipulations do not affect dot
counts (see Fig. 5 for equal-height QDPs). QDPs’ strong counting
affordance is indicative of their frequency-framed motivation, as
participants interpreted each dot as part of a greater whole (e.g., 5
dots out of 10 total).

Additionally, some participants mentioned confusion when
quantile dots did not align with an x-axis value of interest, indicat-
ing that they perceived each dot as a single probability, as opposed
to an approximated continuous distribution (Fig. 3). This discrete
interpretation can lead to erroneous conclusions, especially when
distributions have wide spreads that lead to large spaces between
dots. This affordance aligns with past research on the nature of in-
dividual areas (e.g., bar charts) affording readers to interpret data
as discrete and connected dots (e.g., line charts) affording readers
to interpret data as continuous [ZT99, SMH99].

Ideal affordances for equal-height PDFs. After reviewing our pi-
lot analysis, we identified ideal and undesired affordances from
both PDFs and QDPs. Most significantly, QDPs afford counting,
which makes them robust to equal-height scaling. PDFs lack this
affordance, which we hypothesize contributes to incorrect judg-
ments when scaled to equal heights (see Fig. 1). However, QDPs
also afford distributional discreteness much more than PDFs, which
can lead to incorrect comparisons when two distributions share
similar standard deviations (see Fig. 7). Thus, we identified that,
for our cumulative probability task, an ideal visualization would
afford both counting marks as parts of a whole and continuity.

Next, we we constrained our design exploration to established
static visualization techniques that have been empirically shown
to support part-to-whole reasoning among members of the general
public. Contemporary literature on part-to-whole and probability
communication has strong empirical support for two approaches:
icon arrays and treemaps. Icon arrays (i.e., frequency-framed dis-
plays) have been widely shown to improve probability comprehen-
sion by visually representing both the reference class and affected
subset, thereby supporting accurate part–to-whole reasoning and
reducing denominator neglect, especially among less numerate in-
dividuals (for reviews, see [ASKS06, GRC17]). Additionally, em-
pirical work on rectangular treemaps suggests that spatial subdi-
vision techniques can support accurate part–to-whole judgments.
Although treemaps encode values using area, controlled experi-
ments demonstrate judgment accuracy comparable to hierarchical
bar charts at certain data densities and, in some cases, faster com-
parisons [KHA10]. Based on these prior works, we identified two
design choices that we hypothesized afforded counting parts of a
whole:

1. an “icon array” technique in which colored glyphs are used to
signal some items out of a larger set, as is done with QDPs, and

2. a “spatial subdivision” technique in which a shape is divided by
thin lines into smaller shapes, as in tree maps.

Of these two techniques, only the latter has the potential to af-
ford continuity. Currently, this spatial subdivision technique com-
municates probability distributions through standard deviation or

histogram intervals by encoding quantiles or standard deviations as
abutting, equal-height bars [YCM∗24, FWM∗18]. Although these
charts are robust to vertical scaling and communicate a continuous
distribution across a range of values, interval visualizations are sus-
ceptible to reasoning errors (for reviews see [JS21,PKH22]) and are
less “expressive” than alternative visualizations, which more read-
ily communicate details of outliers and distribution shape [PKH22].
Thus, we concluded that spatial subdivision is currently employed
in charts that do not show the distributional information we desire.

3.2. An affordance-motivated redesign

Above, we established our goal of affording 1) counting dots as
parts of a whole, 2) continuity, and 3) a general distributional
shape to maintain expressiveness. Below, we present an affordance-
informed redesign of PDFs: Croissant charts (see Fig. 4).

Anatomy of a Croissant Chart

dots a�ord counting and equality across  di�erent shapes

minimal slices with gaps
        a�ord continuity
     and parts of a whole

preserving PDF shape
maintains 

expressiveness

= 10%

Figure 4: Croissant charts’ intended affordances. PDF shape for
expressiveness. Minimal slices with gaps afford continuity and
parts of a whole. Dots afford counting and equality across slices.

Affording counting parts of a whole. To afford counting strate-
gies, we used two approaches: spatial subdivision and marks that
encourage counting. Subdivision cuts single shapes into multiple
parts to communicate that the parts originate from one entity. In-
spired by QDPs, we slice the PDF into quantiles, such that each
slice represents an equal probability [KKHM16]. However, we only
display vertical slices to prevent the misinterpretation that horizon-
tal slices of area under a PDF’s curve lead to logical conclusions.

Additionally, we place a single dot in each quantile slice, in case
QDPs’ dots afford counting due to their shape. We also hypothesize
that dots help mitigate the strong area, height, or width strategies
we see in our pilot data on PDFs. We hypothesize that these dots
correctly afford equal probabilities across each slice as a visual ex-
trapolation of the equiprobability bias (i.e., people assume equal
probabilities across items) [GM14]. We also use the dots to indi-
cate equal probability in the charts’ legend for added clarity. We
darken the border of each section and each dot to increase their
saliency at smaller scales.

Affording a continuous distribution. To maintain perceptual con-
tinuity, we minimize area removal when subdividing the PDF. This
decision draws on Gestalt principles of closure [WEK∗12], and
preserves as much of the PDF shape as possible. However, we in-
clude slight padding around each slice to ensure visual separation.

Affording general distributional shape. To maintain the expres-
siveness with which PDFs display distributional shapes, we retain
their density function curve rather than making each quantile the
same height as in interval plots, or adopting a discretized distribu-
tion shape as in QDPs. We observed in pilot data that dots placed
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in QDPs’ tails can skew readers’ perception of a distribution’s con-
tinuity and sometimes afford multimodality. Additionally, past re-
search shows that bin width and dot size can influence the shape of
QDPs [CLKS19]. By preserving the continuous shape of PDFs, we
aimed for greater resilience against these distortions.

3.3. Investigative Questions and Hypotheses

We preregistered three main hypotheses about differences in reader
performance when using PDFs, QDPs, and croissant charts on OSF.
This preregistration and a visualization of our hypotheses for easier
reference are available in Supplemental Materials†. The first hy-
pothesis is that (H1) equal-height PDFs will result in a lower
likelihood of correct cumulative comparisons than equal-area
PDFs. This hypothesis is based on results from previous work
[FP25], and its confirmation would replicate prior findings while
checking for methodological validity.

Our second set of preregistered hypotheses examines whether vi-
sualizations that afford counting can mitigate the performance de-
cline observed when PDFs are scaled to equal heights. We preregis-
tered four hypotheses concerning counting-affording designs. Per-
formance hypotheses: We hypothesized that (H2a) equal-height
Croissant-10s, (H2b) equal-height Croissant-20s, and (H2c) equal-
height QDPs (20 quantiles) would each result in a higher proba-
bility of correct cumulative comparisons than equal-height PDFs.
Robustness-to-scaling hypothesis: We further hypothesized that
(H2d) QDPs, Croissant-10s, and Croissant-20s would exhibit a
smaller decrease in correctness when moving from equal-area to
equal-height scaling than PDFs.

Our last experimental hypothesis is motivated by our theorizing
that QDPs only weakly afford a continuous distribution. We pre-
registered that (H3) QDPs’ relationship between standard devi-
ation (SD) pair comparisons and correctness will differ from
other visualizations’ relationship between SD and correctness,
specifically in the 4.5 vs. 5 SD condition. In other words, QDPs’
performance would drastically change in the 4.5 v 5 SD condition
in a way that other visualizations’ performance would not. We ra-
tionalized that when two distributions’ SDs are similar, their QDPs’
dots will be stacked similarly and moved only slightly along the x-
axis in ways that may be too subtle for readers to recognize.

3.4. Stimuli

When comparing of cumulative probabilities of equal-area PDFs,
readers can rely on heuristics, such as PDF height, to make accurate
judgments. For equal-height PDFs, however, height comparison
can lead to incorrect conclusions; other strategies, such as count-
ing, offer a more robust approach. Following our affordance anal-
ysis of PDFs, we tested three types of visualizations: PDFs, which
our pilot data suggest strongly afford continuity but only weakly af-
ford counting, QDPs; which our pilot data suggest strongly afford
counting but weakly afford distribution continuity; and croissant
charts, which we designed to afford both continuity and counting.

We test QDPs with 20 quantiles because they have been shown

† https://osf.io/txwj5/

to result in better performance than their 100-quantile counterparts
[KKHM16]. We test croissant charts with 20 quantiles (Croissant-
20s), as mathematical equivalents to our QDP stimuli, and crois-
sant charts with 10 quantiles (Croissant-10s). Our pilot data showed
that Croissant-10s outperform croissants with five quantiles, so we
wanted to study how Croissant-10s compare to Croissant-20s.

For all four graphs (PDFs, QDPs, Croissant-20s, and Croissant-
10s), we created stimuli with two normal probability distributions
stacked vertically (as shown in Fig. 1, top). These stimuli were
then scaled to either “equal area” or “equal height” (see Fig. 5,
left panel). For PDFs and both croissants “equal area” meant that
the area below the two curves had the same number of pixels, and
“equal height” meant that the distance from the highest point on the
curve to the x-axis was held constant. For QDPs, “equal area” en-
sured that both graphs’ dots were the same pixel size, while “equal
height” maintained a constant distance from the top of the highest
dot to the x-axis. In narrower distributions, this adjustment reduced
dots’ diameter to preserve their circular shape.

For each of our eight stimuli types, we created four sets of dis-
tributions with varying SDs (see Fig. 5, right panel). The first set
presented a distribution with an SD of 2 and a distribution with an
SD of 5. The rest compared distributions with SDs of 3 and 5, 4 and
5, and finally 4.5 and 5. We chose the first three of these SD com-
parisons because they were shown to have varying performance in
previous work [FP25]. We added the 4.5 vs. 5 SD comparison, be-
cause we believed it could highlight QDPs’ weaker affordance of a
continuous distribution, as explained in H3 in Section 3.3. For each
of the SD combinations we created two sets of stimuli, such that
the vertical position of the narrower (higher SD) distribution was
counterbalanced (see Fig. 5, bottom right). This resulted in eight
stimuli of each scaled visualization, for a total of 64 tested stim-
uli. We created all stimuli via custom D3.js functions, and edited
(e.g., scaled, relabeled, etc.) them in Adobe Illustrator. Stimuli and
generating scripts are available in Supplemental Materials.

SCALING SD PAIR

POSITION

PDF

Equal Area

2 vs. 5

3 vs. 5

4 vs. 5

4.5 vs. 5

Equal Height

Top

Bottom

QDP

Croissant-10

Croissant-20

Between Subjects Within Subjects

VIS

Figure 5: Stimuli overview. Left: Between-subjects; different visu-
alization techniques (PDF, QDP, Croissant-10, Croissant-20) un-
der two scaling conditions (Equal Area, Equal Height). Right:
within-subjects; standard deviation pairs and position variations.

3.5. Experimental Design

We designed a 4 (Visualization) × 2 (Scaling) × 4 (SD Pairs) ×
2 (Position) mixed-subjects design (see Figure 5). The between-
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subjects variables were Visualization and Scaling. The within-
subject variable of interest was SD Pairs. We included Position to
counterbalance our stimuli and increase statistical power. We did
not hypothesize about Position’s impact, and included it as a covari-
ate in our analysis. We investigated task correctness and collected
participants’ qualitative responses to observe afforded strategies.

3.6. Participants

We recruited U.S.-based participants over 18 through Pro-
lific [Pro25], which anonymizes, qualifies, enrolls, and compen-
sates participants, enabling a double-blind study. As per our prereg-
istered power analysis, we recruited 808 participants (n = 101 per
between-subject group). Because affordances depend on readers’
individual characteristics [FPB25], we crowdsourced responses
from people with varying backgrounds. To account for variance in
visualization education, we collected participants’ graph literacy
scores using the Short Graph Literacy test [OJGW19].

3.7. Procedure

Participants were informed of the estimated duration and compen-
sation (12 USD/hour) and consented to an IRB-approved form, af-
ter which they completed the study on Qualtrics [Qua24]. First,
participants read instructions and were informed of a scenario in
which scientists are measuring the concentration of two different
solutes in seawater. This scenario was identical to that used in pre-
vious PDF comparison work [FP25], and adapted from a study on
HOPs [HRA15]. Then, participants were asked to answer an initial
attention check question to confirm they were reading the instruc-
tions. Next, they were instructed to make the size of their browser
window as large as possible and shown an annotated illustration
of an example plot. Next, participants answered eight questions,
one for each pair of charts. Following previously published proce-
dures [FP25], all the charts were presented in randomized order,
and the questions read “Which solute, if either, has a higher prob-
ability of being present at X or less ppm in the sampled seawater?”
where X was in the same position across all stimuli (at threshold t
in Figure 1), but varied depending on the numbering of each stim-
ulus’s x-axis. Participants chose from three options (“solute A has
a higher probability”, “solute B has a higher probability,” and “nei-
ther solute A nor solute B has a higher probability”). The correct
option was always the solute with a lower SD. This task does not
represent the full range of probability distribution use cases, but al-
lows us to investigate the extent to which affordances can impact
strategies such that specific task performance is modulated. After
completing the chart comparison questions, participants used an
open-ended text response to report their thought processes while
reading the charts. Finally, participants completed Okan et al.’s
Short Graph Literacy test [OJGW19]. The survey and its stimuli
are available in Supplemental Materials.

3.8. Analysis

We preregistered the binomial Bayesian model in Equation 1 with
uninformative priors centered at 0 and a standard deviation of 2.5.
We used R packages tidyr v. 1.3.1 for data processing [WVG24],
brms v. 2.20.4 for Bayesian modeling [Bü17], and tidybayes v.

3.0.6 for data processing and visualization [Kay23]. As denoted in
Eq. 1, our model assesses the variance in participants’ binary cor-
rectness as explained by the interaction between Visualization and
Scaling, and the interaction between Visualization and SD Pair, as
well as their lower-order terms. In this model, pi = P(Yi = 1) rep-
resents the posterior probability that participant i makes a correct
comparison. Because we use a logit link, logit(pi)= log

(
pi

1−pi

)
, all

fixed-effect coefficients are estimated on the log-odds scale. Vari-
able levels are described in Sec. 3.5. We also account for any vari-
ance explained by Position and Graph Literacy.

Yi ∼ Bernoulli(pi)

logit(pi) = β0 +β1Visualizationi +β2Scalingi

+β3(Visualizationi ×Scalingi)+β4SDPairi

+β5(Visualizationi ×SDPairi)+β6Positioni

+β7GraphLiteracyi +uID[i]

(1)

We also conducted an exploratory analysis of each visualization’s
affordances. Two raters qualitatively coded participants’ descrip-
tions of their thought processes when completing the cumulative
probability task. We then calculated the intraclass correlation (ICC)
for each code, and the raters reconciled any codes that had an ICC
95% confidence interval with a lower bound less than 0.6.

4. Experimental Results

Below, we describe the results from our analysis of binary task cor-
rectness, the results from our exploratory analysis of affordances,
and the relationship between observed affordance and task correct-
ness. As in our preregistered justification, we recruited 808 partic-
ipants (n = 101 for each between-subject group). 438 participants
self-reported to not be men, with a mean age of 44.0 years (SD =
15.4). The mean short graph literacy score was 2.3 of 4 (SD = 1.1).
Participants took an average of 11 minutes and 5 seconds (SD = 7
min, 2 sec) to complete the survey. As preregistered, we computed
our model with and without participants who failed the attention
check and performed a sensitivity analysis. There were no mean-
ingful differences in the results between the two samples. For a
large sample size and more conservative results, we report posteri-
ors of the model that uses responses from participants who passed
and those who failed the attention check.

4.1. Task Performance: Investigating Hypotheses

We investigated the amount of variance in correct comparisons
based on visualization, scaling, and SD pairs with the binomial
model in Eq. 1. As preregistered, we interpret interaction effects
with credible intervals that exclude zero as accounting for mean-
ingful variance in task correctness. We use the term “meaningful”
instead of “statistically significant” to avoid implying a fixed de-
cision threshold (e.g., p < .05), as advised by Bayesian best prac-
tices [KL18]. We ran our model with each combination of possible
referents. All analyses are available in Supplemental Materials.

To examine H1, if equal-height PDFs lead to meaningfully fewer
correct comparisons than equal-area PDFs, we can look to Scal-
ing’s main effect when Visualization’s referent is the PDF condi-
tion (row 1 in Table 1). Scaling’s credible interval does not include
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SCALING

VISUALIZATION

Likelihood of Correct Comparison

Figure 6: Posteriors of Eq. 1 show that QDPs are robust to equal-
height scaling and perform best across most conditions except the
4.5 v 5 SD comparison, where they perform the worst. Equal-
height croissant charts outperform equal-height PDFs. Distribu-
tions show posterior predicted probabilities of correct responses,
transformed from log-odds for interpretability. Black dots and lines
show mean predicted probabilities and 95% credible intervals.

zero, indicating that scaling has a meaningful effect on PDF task
performance. By visually examining the posteriors from this model
(Fig. 6), the results show that equal-height PDFs (colored yellow in
rows with gray backgrounds) result in fewer correct answers than
equal-area PDFs (yellow in rows with white backgrounds) across
all SD Pairs. Thus, we accept H1, and present evidence for the re-
producibility of results from Fygenson and Padilla [FP25].

To examine H2a-d, how equal-height visualizations that afford
counting impact task correctness in comparison to equal-height
PDFs, we can refer to rows 5-16 in Table 1. These rows show the
main effects of Visualization when the model is run with PDF as the
referent. Equal-height Croissant-20s resulted in meaningfully im-
proved task correctness in comparison to equal-height PDFs across
all SD pairs (rows 9-12), leading us to accept H2b. Equal-height
QDPs meaningfully improved task correctness compared to equal-
height PDFs across all SD pairs (rows 5–7), except for the 4.5
vs. 5 pair, where QDP performance was meaningfully worse, as

indicated by the sign change in the last three columns of row 8.
These findings support the acceptance of H2c, contingent on the
considerations outlined in H3. Equal-height Croissant-10s resulted
in meaningfully improved task correctness only over equal-height
PDFs for SD pairs 2 vs. 5 and 4.5 vs. 5 (rows 13 and 16), leading us
to partially accept hypothesis H2a. These results are also evident in
Figure 6’s gray-background rows, which show PDFs consistently
trailing behind both Croissant-20s and QDPs.

To directly investigate H2d–whether QDPs, Croissant-20s, and
Croissant-10s reduce performance differences between equal-area
and equal-height scaling more effectively than PDFs–we can ex-
amine the interaction effects of Visualization and Scaling in rows
17-19 of Table 1. The results indicate that QDPs meaningfully de-
crease the expected drop in performance associated with scaling
from equal-area to equal-height in comparison to PDFs (row 17).
However, Croissant-10s and Croissant-20s show no meaningful
difference in their interactions with PDFs (rows 18-19). We do not
find evidence to support the hypothesis that Croissant-10s and -
20s can mitigate the performance drop associated with equal-height
PDFs, and thus only partially accept H2d.

Lastly, to assess whether QDPs exhibit different task perfor-
mance when comparing the 4.5 vs. 5 SD pair relative to other SD
pairs, and if this performance differs from other visualizations, we
analyze the interaction between SD Pair and Visualization. Specifi-
cally, we examine meaningful differences when running the model
with a Visualization referent of QDP and SD Pair referent of 4.5
vs. 5. Rows 20-28 in Table 1 show relevant model outputs and are
all meaningfully different. A meaningful difference in QDP task
performance across SD pairs is further supported by the last two
rows of Figure 6, where QDPs perform markedly worse than other
charts. This drop in performance is notable because QDPs perform
the best in all other conditions. These findings lead us to accept
(H3) that QDPs’ relationship between task performance for 4.5 v 5
SD and any other SD pair is different from PDFs’, Croissant-20s’,
and Croissant-10s’. To further analyze QDPs’ performance in the
4.5 v 5 SD Pair condition, we examine the main effect of Visualiza-
tion when the model’s referents are set to QDP, 4.5 vs. 5 SD, and
first Equal Height, then Equal Area. Rows 32-37 in Table 1 show
that QDPs perform meaningfully worse than PDFs, Croissant-20s,
and Croissant-10s when comparing a distribution with SD of 4.5
to a distribution with SD of 5, regardless of scaling.
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Figure 7: Equal-height Croissant-10s and QDPs with an SD of 4.5
(tops) and an SD of 5 (bottoms). Results show that Croissant-10s
afford inter-edge interpolation much more than QDPs.
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In summary, our analysis reveals that equal-height PDFs lead
to a lower likelihood of task correctness than equal-area PDFs,
equal-height Croissant-20s improved chances of correctness over
equal-height PDFs, although not as well as equal-height QDPs.
QDPs were especially robust to scaling, and frequently outper-
formed other visualizations. However, QDPs led to meaningfully
lower chances of correctly comparing distributions with SDs of 4.5
and 5, than all other visualizations. These findings highlight the
benefits of Croissant-20s and QDPs over PDFs, while also demon-
strating a specific weakness of low-quantile QDPs.

Table 1: Rows report posterior log-odds from Eq. 1 contrasted be-
tween experimental conditions with 95% Bayesian credible inter-
vals. Darker cell backgrounds indicate stronger effects. l-CI and
u-CI denote lower and upper bounds of credible intervals, respec-
tively. Cr-20 = Croissant-20; Cr-10 = Croissant-10. Odds ratios
are obtained by exponentiating the reported log-odds estimates.

Referent Conditions Comparison Estimate l-CI u-CI

Row Vis SD Pair Scaling

1 PDF N/A Eq. Height Eq. Area 1.26 0.78 1.75
2 QDP N/A Eq. Height Eq. Area 0.11 -0.37 0.61
3 Cr-20 N/A Eq. Height Eq. Area 0.86 0.38 1.34
4 Cr-10 N/A Eq. Height Eq. Area 0.82 0.35 1.30

5 PDF 2 v 5 Eq. Height QDP 1.80 1.24 2.37
6 PDF 3 v 5 Eq. Height QDP 2.29 1.71 2.88
7 PDF 4 v 5 Eq. Height QDP 1.45 0.88 2.02
8 PDF 4.5 v 5 Eq. Height QDP -0.99 -1.65 -0.34
9 PDF 2 v 5 Eq. Height Cr-20 0.88 0.32 1.45
10 PDF 3 v 5 Eq. Height Cr-20 0.71 0.15 1.28
11 PDF 4 v 5 Eq. Height Cr-20 0.77 0.21 1.33
12 PDF 4.5 v 5 Eq. Height Cr-20 0.90 0.32 1.49
13 PDF 2 v 5 Eq. Height Cr-10 0.69 0.13 1.25
14 PDF 3 v 5 Eq. Height Cr-10 0.49 -0.06 1.05
15 PDF 4 v 5 Eq. Height Cr-10 0.34 -0.22 0.89
16 PDF 4.5 v 5 Eq. Height Cr-10 0.60 0.02 1.19

17 PDF N/A Eq. Height QDP x Eq. Area -1.14 -1.83 -0.46
18 PDF N/A Eq. Height Cr-20 x Eq. Area -0.40 -1.09 0.27
19 PDF N/A Eq. Height Cr-10 x Eq. Area -0.40 -1.08 0.27

20 QDP 4.5 v 5 N/A PDF x 2 v 5 -2.61 -3.17 -2.05
21 QDP 4.5 v 5 N/A PDF x 3 v 5 -3.08 -3.66 -2.49
22 QDP 4.5 v 5 N/A PDF x 4 v 5 -2.24 -2.80 -1.69
23 QDP 4.5 v 5 N/A Cr-20 x 2 v 5 -2.58 -3.14 -2.04
24 QDP 4.5 v 5 N/A Cr-20 x 3 v 5 -3.24 -3.82 -2.66
25 QDP 4.5 v 5 N/A Cr-20 x 4 v 5 -2.35 -2.89 -1.79
26 QDP 4.5 v 5 N/A Cr-10 x 2 v 5 -2.47 -3.03 -1.92
27 QDP 4.5 v 5 N/A Cr-10 x 3 v 5 -3.15 -3.74 -2.58
28 QDP 4.5 v 5 N/A Cr-10 x 4 v 5 -2.48 -3.02 -1.94

29 QDP 4.5 v 5 N/A 2 v 5 3.86 3.43 4.31
30 QDP 4.5 v 5 N/A 3 v 5 4.73 4.27 5.21
31 QDP 4.5 v 5 N/A 4 v 5 3.43 3.02 3.87

32 QDP 4.5 v 5 Eq. Area PDF 1.92 1.32 2.53
33 QDP 4.5 v 5 Eq. Area Cr-20 2.39 1.79 3.00
34 QDP 4.5 v 5 Eq. Area Cr-10 2.07 1.47 2.68
35 QDP 4.5 v 5 Eq. Height PDF 0.78 0.15 1.40
36 QDP 4.5 v 5 Eq. Height Cr-20 1.69 1.09 2.31
37 QDP 4.5 v 5 Eq. Height Cr-10 1.39 0.78 2.00

4.2. Affordances Described in Open-Ended Responses

Two raters qualitatively coded strategies from participants’ open-
ended responses. The raters also identified responses likely AI-
generated when they referenced elements not present in the stimuli
(e.g., labels, y-axes). Of the 808 responses, 21 were identified by
both and excluded from coding. We include the codes of all other
responses for a more conservative analysis. All qualitative coding
data and analyses are available in the Supplemental Materials.

The review of open-ended responses identified six strategies
(mean ICC = 0.84, SD = 0.08): counting, height comparison, area
comparison, spread comparison, judgment of how far into a visual
mark a threshold occurred (i.e., “inter-edge interpolation”, Fig. 7),
and comparison of only marks directly above the threshold (i.e.,
“directly over tick”). We show the percentage of participants who
mentioned each strategy by Visualization condition in Figure 8.

The results indicate that QDPs afforded counting (68% of
participants) more than any other visualization. This affordance
aligns with initial pilot data and QDPs’ frequency-framing motiva-
tion [KKHM16]. Croissant-10s (23%) and -20s (33%) resulted in
roughly one-third to one-fourth the number of counting strategies
as QDPs, indicating a present, but weaker affordance. Croissant
charts’ counting affordance was exhibited in responses, such as “...
I looked at the number of 5% ‘blocks’ [that] were on one side on
both charts.” We did not observe any evidence that PDFs afforded
counting. Figure 8 also shows that there was very little evidence
that QDPs afforded multiple strategies, in contrast to the other
three visualizations. This pattern indicates that croissant charts
and PDFs result in greater flexibility in strategy use than QDPs.

4.3. Task Performance and Observed Affordances

The results in Figure 8 show that QDPs strongly afforded count-
ing strategies, Croissant-20s and -10s weakly afforded counting,
and PDFs did not afford counting at all. When looking at the
posteriors of Equation 1 in Figure 6, we can see that the differ-
ence in the strength of visualizations’ counting affordances corre-
sponds with their likelihood of leading to correct cumulative prob-
ability comparisons between three of the four equal-height condi-
tions we tested. These conditions are 2 vs. 5, 3 vs. 5, and 4 vs.
5 SD pairs, and their relative performance is remarkably consis-
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Figure 8: Percent of each visualization that led to each strategy
(columns) across tested visualizations (rows). Strategies are not
mutually exclusive so rows and columns may not equal 100%.
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tent across equal-height conditions, which indicates that affording
counting strategies could improve cumulative comparisons.

Additionally, our quantitative results show that QDPs lead to the
lowest likelihood of correct comparisons of distributions with SDs
of 4.5 and 5. At the same time, our results exhibit that QDPs lack
diversity in their afforded mental actions. PDFs, Croissant-20s and
-10s, on the other hand, afford a variety of strategies. For the 4.5
vs. 5 SD Pair condition, our experimental findings illustrate that
visualizations that afford noncounting strategies lead to a higher
chance of correct comparisons.

Lastly, equal-height PDFs perform meaningfully worse than
equal-area PDFs across all SD Pair conditions, and PDFs’ most
popular strategy is height comparison. To reason about this de-
crease, we can refer to the difference in height comparisons’ effi-
cacy across equal-area and equal-height PDFs. Although compar-
ing the peak height of two equal-area PDFs leads to consistently
correct judgments of our tested task, peak height comparison be-
tween equal-height PDFs does not (Fig. 1, row a).

5. Discussion and Limitations

We present an affordance-motivated analysis of PDFs, followed by
empirical evidence of the performance and affordances of area-
encoded probability distribution visualizations. We do so through a
case study of PDFs, which restricts the scope of our findings in the
interest of examining the relationship between performance and af-
fordance. Below, we detail the concrete contributions of this work,
posit potential extrapolations of our findings, and discuss the lim-
itations of our scoping and methodology, before describing future
avenues of affordance research in visualization.

5.1. Contributions to Affordance Research in Visualizations

We analyze the relationship between performance and affordance
evidence from our study to offer insights about the drivers be-
hind previously documented comparison errors in PDFs [FP25]
and performance improvements from QDPs [KKHM16,FWM∗18,
KKH21]. We found a strong correlation between counting and
equal-height visualizations’ performance, indicating that count-
ing supports cumulative probability comparisons. We believe that
QDPs’ and croissant charts’ counting affordance provides indi-
rect evidence of frequency-framing at work; however, we caution
that this conclusion is circumstantial, as participants often struggle
to fully articulate their cognitive processes [NW77].

Another example of affordance-performance alignment is seen
in Croissant-10s outperforming QDPs in the 4.5 vs. 5 SD condi-
tion, and Croissant-10s’ stronger affordance of “inter-edge inter-
polation.” This term refers to participants counting both the whole
units prior to a threshold, and the partial amount of a visual mark
that is bisected by a threshold (see Fig. 7). Inter-edge interpola-
tion suggests that participants recognize that probability does not
change in discrete steps along the boundaries of visual marks, but
instead forms a continuous distribution. One of our goals in design-
ing croissant charts was to afford inter-edge interpolation, because
we hypothesized that QDPs weakly afford this interpolation, which
can lead to errors when comparing similar SD pairs.

We also see that Croissant-20s outperform QDPs in the 4.5 vs.
5 SD condition. This may be because Croissant-20s show higher
resolution along the x-axis than the QDPs we tested. Although both
charts encode 20 quantiles (i.e., each visual mark equals 5% prob-
ability), QDPs stack quantiles such that moving from one column
to the next can jump the cumulative probability by more than one
quantile, affording discrete changes that may not exist. When de-
signing croissant charts, we sliced them into vertical quantiles,
as opposed to QDPs’ vertical and horizontal binning technique.
A benefit of this design is afforded continuity and increased de-
tail along the x-axis such that close SD comparisons are more sup-
ported. On the other hand, QDPs’ binning technique affords count-
ing much more strongly than croissants’, leading to QDPs’ su-
perior performance across less similar SD Pairs. Additionally, in-
creasing QDPs’ quantiles would increase their resolution, possibly
improving their performance in the 4.5 vs. 5 SD condition.

5.2. Limitations and Future Work

We present a case study of probability visualizations that express
distribution shape, which is inherently limited in scope. Addi-
tionally, we only investigate normal static distributions because
our case study is built on previous findings with normal distri-
butions [FP25], and because non-normal distributions are signifi-
cantly more difficult to interpret [PM64]. Future work should ex-
amine skewed and multimodal visualizations to increase the use-
fulness of this research. We also restrict our experiment to investi-
gate a single, common task. Investigating other tasks, such as read-
ers’ accurate estimation of cumulative probabilities, and decision-
making, would expand understanding of how a single affordance
may correlate to a range of tasks.

Additionally, we used open-ended responses to uncover afforded
strategies, which restricts our affordance findings to strategies that
participants are conscious of and able to report. Research in psy-
chology cautions against soley using participant-reported evidence,
because of their lack of correlation to participant decision-making
[NW77]. Still, this open-ended reporting is useful for generating
hypotheses and corroborating the confirmatory behavioral findings.

Lastly, expanding the study of the relationship between affor-
dance and performance to other types of visualization and other
kinds of information is warranted. This expansion would not only
broaden our understanding of other visualizations and how their de-
signs drive reader conclusions, but can also be used to hypothesize
about visual techniques that can be adopted for probability com-
munication. For example, spatial subdivision in pie charts and tree
maps was instrumental to our affordance-motivated PDF redesign.

6. Conclusion

We present a case study of cognitive affordances and performance
in probability distribution visualizations and demonstrate a rela-
tionship between the two metrics. In turn, our findings suggest that
cognitive affordances not only exist in visualizations, but also can
inform hypotheses about their task performance. This work con-
tributes to the growing body of affordance work in visualization,
and establishes empirical evidence for the utility of affordances in
reasoning about visualization performance and mental actions.
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