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Figure 1: We present CatPAW , a web-based tool for generating effective categorical palettes using a data-driven model built
from four crowd-sourced experiments. Users can specify requirements—such as the number of categories, must-include colors
or shapes, and palette type (color-only, shape-only, or redundant). Based on performance estimates drawn from empirical data,
CatPAW suggests a set of optimal palettes adhering to the provided constraints. Users can interactively swap out undesired
elements, and CatPAW will suggest high-ranking alternatives by considering the current palette composition. Rounded
rectangles represent color-only palettes.

Abstract
Colors and shapes are commonly used to encode categories in
multi-class scatterplots. Designers often combine the two chan-
nels to create redundant encodings, aiming to enhance class dis-
tinctions. However, evidence for the effectiveness of redundancy
remains conflicted, and guidelines for constructing effective combi-
nations are limited. This paper presents four crowdsourced experi-
ments evaluating redundant color–shape encodings and identifying
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high-performing configurations across different category numbers.
Results show that redundancy significantly improves accuracy in
assessing class-level correlations, with the strongest benefits for 5–8
categories. We also find pronounced interaction effects between
colors and shapes, underscoring the need for careful pairing in
designing redundant encodings. Drawing on these findings, we
introduce a categorical palette design tool that enables designers
to construct empirically grounded palettes for effective categorical
visualization. Our work advances understanding of categorical per-
ception in data visualization by systematically identifying effective
redundant color–shape combinations and embedding these insights
into a practical palette design tool.

https://catpaw-categorical-palette.web.app/
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3772318.3791244


CHI ’26, April 13–17, 2026, Barcelona, Spain Chin Tseng, Arran Zeyu Wang, Ghulam Jilani Quadri, and Danielle Albers Szafir

CCS Concepts
• Human-centered computing→ Visualization systems and
tools; Empirical studies in visualization; Empirical studies
in HCI.

Keywords
Categorical perception, color, shape, redundant encoding, multi-
class scatterplots, visualization effectiveness, perceptual mechanism

ACM Reference Format:
Chin Tseng, Arran Zeyu Wang, Ghulam Jilani Quadri, and Danielle Albers
Szafir. 2026. Redundant is Not Redundant: Automating Efficient Categorical
Palettes Design Unifying Color & Shape Encodings with CatPAW . In Pro-
ceedings of the 2026 CHI Conference on Human Factors in Computing Systems
(CHI ’26), April 13–17, 2026, Barcelona, Spain. ACM, New York, NY, USA,
18 pages. https://doi.org/10.1145/3772318.3791244

1 Introduction
Effective palettes for representing categorical data are crucial for
data visualization [74]; however, we have limited guidance as to
how to effectively encode categorical data [27, 79]. Categorical
encodings principally use color or shape palettes, predefined col-
lections of shapes or colors that are then assigned to different
categories [86]. Designers frequently differentiate categories using
both color and shape simultaneously to increase each category’s
perceptual distinctiveness. Such redundant encoding is assumed
to increase people’s abilities to distinguish between different cate-
gories and has been widely applied in real-world scenarios from
scientific papers [82] to business reports [14]. However, the benefits
of redundant encoding are, in part, contentious, with some studies
showing little to no impact on effectiveness [23], others showing
notable benefits for given tasks [51], and still others showing that
the channels themselves may interact, suggesting more complex
effects for redundancy [68]. Part of this tension may arise from the
lack of empirically-grounded guidance for designing effective cate-
gorical visualization [81]: categorical palettes are largely designed
by heuristics, leading to potential inconsistencies in encoding effec-
tiveness. Existing guidance for redundant palette design treats the
two channels individually, either helping designers build a color
palette [26] or a shape palette [79] and assuming their pairing will
lead to improved visualizations. We lack clear guidance for how to
effectively pair color and shape to maximize the potential benefits
of redundancy.

In this paper, we explore redundant encoding design to under-
stand its utility and derive empirical guidance for effective redun-
dant palette design. Part of the challenge in reconciling color and
shape for palette design is that the two spaces are computationally
incompatible. Color is sampled from continuous numerical spaces;
therefore, it can fit with a diverse range of design and creation
processes. For example, individual color palettes can be created
based on manual selection [32], mathematical color metrics [26],
or even machine learning models [36] sampling over continuous
spaces. However, shape lacks a common space or set of agreed-
upon features and is less likely to have a universal descriptive
language [12, 86]. Even coarse-grained features describing shape
fail to explain shape palette effectiveness [79]. Past approaches for

constructing shape palettes rely on preselected shapes or on empir-
ical data used to build pairwise accuracy models [79]. Therefore,
even though the use of redundant encoding can improve accuracy
for tasks like visual segmentation and grouping [51], we still lack
an understanding of how to effectively design redundant palettes
and how specific redundant encodings (i.e., color-shape pairings)
affect task performance in data visualization [81].

We address this knowledge gap using a data-driven approach,
collecting empirical data about expert-crafted palettes to generate
a method for crafting effective redundant palettes. We developed
this method in a series of four crowdsourced experiments ask-
ing people to compare correlations across different categories. We
structure these experiments to first evaluate the effectiveness of re-
dundant encodings and then establish effective color-shape pairings
in multi-class scatterplots across varying numbers of categories.
Our studies first investigate the effectiveness of redundancy for de-
signer palettes (Experiment 1) and then explore the interactions of
shape and color in redundant palette design (Experiment 2). Finally,
we construct pairwise accuracy matrices for colors in redundant
mappings (Experiment 3) and for subsequent interactions between
colors and shapes (Experiment 4) to develop a statistical model mea-
suring the performance of color-shape pairings to guide effective
redundant palette design.

Our findings indicate that redundant encodings improve accu-
racy in assessing class-level correlations, in line with both heuristic
guidance and past studies [51]. However, redundancy only signifi-
cantly benefited performance in visualizations with moderate cate-
gory numbers (five to seven categories). Furthermore, performance
varied between different combinations of color and shape palettes,
emphasizing the importance of choosing appropriate combinations
of redundant encoding design. Notably, effective redundant palette
design is not as simple as blending high-performing color and
shape palettes: combining top-performing shapes and colors did
not consistently result in top-performing redundant encodings.

Using the data from our studies, we developed a statistical
model that generates effective redundant palettes based on the
number of categories present in a visualization. We incorporate
this model into a design tool, CatPAW—Categorical Palette Au-
tomation Wizard—which assists designers in creating optimized
categorical palettes. CatPAW supports color-only, shape-only, and
color–shape redundant encodings tailored to different category
numbers and user preferences for color or shape. By unifying the
color and shape channels, the tool facilitates more informed and
efficient palette design. Overall, this work contributes to a more
integrated understanding of redundant encoding for categorical
perception in data visualization and offers an actionable framework
for encoding categorical data.
Contribution: We empirically investigated the effectiveness of
redundant encodings, specifically color and shape pairings, in data
visualizations. Our findings help reconcile contradictory evidence
on the effectiveness of redundancy, showing that redundancy can
benefit categorical analysis, but that this benefit is in part depen-
dent on the number of categories as well as the palette design. Our
results built up a deeper understanding of how redundant encod-
ings improve people’s perception and overall task performance in
visualizations and suggest that optimal redundant palette design
should consider the interplay between color and shape. Driven by
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those insights, we created an automated palette generation tool that
leverages the data generated in our experiments to aid designers in
creating categorical encodings.

2 Related Work
Providing empirical evidence for design heuristics is crucial for
effective visualization design [19, 43, 74, 81]. In this section, we
review prior research on the use of redundant encodings in data
visualization, focusing on three key areas: graphical perception, the
role of color and shape in categorical perception, and redundant
encoding in data visualization.

2.1 Graphical Perception of Scatterplots
Graphical perception refers to people’s ability to interpret and un-
derstand information presented in graphical form [50, 74]. Graphi-
cal perception studies explore how visual encoding and design ele-
ments in visualizations, such as position [37], axis [45], angle [84],
and color [61], are perceived and processed by people to provide
empirical guidance for visualization design. Starting from Cleve-
land and McGill’s initial work four decades ago [16], prior research
on graphical perception identified a hierarchy of perceptual tasks,
demonstrating that certain visual encodings are more effective than
others for conveying quantitative information [52].

Scatterplots are among the most widely used visualization types
in graphical perception research [56]. Designers often use scat-
terplots to encode multiple categories of data in the same space,
enabling direct comparisons between different categories of data
[50, 59, 74]. As a result, scatterplots have been used to derive a vari-
ety of insights on perceptual efficiency in visualization design, both
for improved scatterplots and for general data representation prac-
tices [52, 56, 56]. Graphical perception experiments have used scat-
terplots to explore effective visualization design in a diverse range
of tasks, including value judgments [23], correlation [31], com-
parison [22], trend [17], clustering [66], and uncertainty [60], and
visual encodings, such as color [48], shape [12], aggregations [89],
and texture [1]. Among different types of scatterplots, multiclass
scatterplots, our focus in this work, have played a pivotal role in
understanding the visual data communication process [21].

2.2 Color and Shape in Categorical Perception
Categorical perception involves the brain’s ability to categorize
continuous stimuli into discrete groups [24]. In the context of data
visualization, we take advantage of these processes to represent dif-
ferent classes of data by applying encodings that intuitively create
distinct visual groups [18, 78, 80]. Color and shape are the channels
most commonly used to differentiate between categories [74, 81].
People can efficiently process categorical differences in color [78]
and shape [79], but the effectiveness of these encodings can vary
depending on several factors [81].

Research in cognition and vision science describes how different
color attributes, such as hue [9], saturation [91], and lightness [63],
affect our ability to perceive and interpret categorical information.
Hue is often considered a primary color feature to consider for
categorical data, with best practices emphasizing mapping classes
to distinct hues [27, 32, 71]. Predominantly hue-varying categori-
cal color palettes can achieve high levels of accuracy in tasks like

comparing category means [78]. However, hue in isolation is of-
ten insufficient for effective visualization design. Lightness and
saturation also contribute to people’s abilities to distinguish cate-
gorical data [58, 80]. Beyond the fundamental perceptual attributes
of color, its psychological and cultural associations can also influ-
ence how viewers interpret categorical data visualizations. Color
carries semantic or affective meaning that may be more important
than common perceptual factors for visualization [5, 44, 61, 92]. For
example, warm colors like red and orange might be associated with
urgency or excitement [42], while cool colors such as blue and green
may convey calmness or stability [65]. Although not the central
focus of this study, these factors can influence user interpretation,
preference, and overall engagement with the data; however, their
utility and design typically must align with the semantic content
of the data or its associated context.

Shape is another fundamental visual channel for categorical
data encoding [86]. Shape is considered an effective preattentive
attribute [38], meaning that it can be processed by the visual sys-
tem quickly and without conscious effort, making it particularly
useful for conveying categorical information at a glance. The per-
ceptual discriminability of shapes is crucial for effective categorical
encoding; however, we lack formalized computational spaces for
reasoning about shape. Past efforts have categorized widely-used
shapes in data visualization using broad categories, such as open
and closed [12]. Q-Tons [85] offer a linear sequence of shapes for
ordinal data, but, like most shape palettes, are hand-designed to
capture the idea of an "increasing" shape value. Despite the lack
of standard spaces for reasoning about shape, shape remains a
common choice for visualization, often preferred to color due to
its increased accessibility for people with color vision deficiency
(CVD) [71]. Guidelines for selecting shape palettes for data visual-
ization are limited, but suggest considering the distinctiveness of
shape and ease of visual processing [18]. However, existing shape
palette design relies heavily on intuition and the designer’s prefer-
ences in real-world practices. More recently, Shape It Up explored
a data-driven approach to create effective shape palettes based on
experimental data collected over a series of categorical data analysis
tasks [79].

Past research into both shape and color perception for visual-
ization usually considers each channel individually [81]. While
limited past evidence shows the two channels may interact [68],
these studies focus on analyzing small differences in color better
suited to continuous data. Despite their common pairing [82], we
lack an understanding of how these channels may interact in cat-
egorical encodings. In this work, we aimed to combine color and
shape together to measure their performance, better understand
the influence of redundancy on categorical encoding, and build
more efficient palette design tools.

2.3 Redundant Encoding in Data Visualization
Redundant encoding refers to the practice of usingmore than one vi-
sual variable to represent the same underlying data. A widely-used
redundant encoding design combines color and shape. For instance,
one category might be represented by red circles, while another is
shown as blue squares. People employ redundant encodings largely
to make it easier to distinguish between different categories of data
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[51]. Redundant encoding with color and shape can also offer im-
proved accessibility, particularly for individuals with CVD [4]. For
viewers who have difficulty distinguishing between certain colors,
the shape of the data point can serve as an alternative visual cue, al-
lowing them to still effectively differentiate between categories [40].
Conversely, for individuals with typical color vision, the color can
reinforce the information the shape conveys, potentially leading
to faster and more accurate perception [40]. However, employing
redundancy means that there are fewer visual channels available to
encode data and can increase the complexity of the visualization.

Redundant encoding, especially for scatterplots, is available
in a number of commercial and research toolkits. For example,
Tableau [77], R [54], and Matlab [39] all allow people to combine
colors and shapes in one encoding; however, these combinations
reflect the default shape and color palettes and require manual
adjustment by the user to change. The scatterHatch package in
the R/Bioconductor [29] is specifically designed to create plots for
massive single-cell data that use redundant coding by combining
colors with patterns. This package aims to enhance the accessibil-
ity and distinguishability of large-scale single-cell spatial data in
bioinformatics, which typically contain large numbers of categories.
However, scatterHatch primarily focuses on bioinformatics data,
and the encoded patterns are usually not exactly shapes but their
variations, such as a textured plot with obscured dots, which is not
that often in real-world visual data communication [8, 21, 74].

Despite its popularity, redundant encoding remains controver-
sial. Previous research has demonstrated that redundant encodings
can improve the speed and accuracy of typical vision science tasks,
including data segmentation and grouping [51]. However, alterna-
tive studies have found little to no benefit for redundant shape and
color encoding in aggregation tasks [23]. Detractors also argue that
redundant encoding comes at a significant cost. For instance, encod-
ing too much or irrelevant information can clutter the visualization
and hinder rather than help the viewer’s understanding [20]. In the
context of scatterplots, which naturally require higher cognitive
processing [16, 53], using too many visual dimensions simultane-
ously, even if intended as redundant encodings, maymake the graph
appear more complex and more difficult to read. Shape and color
may interact perceptually. That is, shape may change perceptions
of color and color of shape [68], making it harder to merge these
two channels without better models of their interaction. However,
we lack informative guidance for crafting redundant encodings; in-
stead, most popular tools typically pair the user’s chosen color and
shape palettes without regard to the interactions of the associated
colors and shapes.

Our research builds upon the existing tensions surrounding re-
dundant encodings to better characterize effective redundant encod-
ing design. We achieve this by systematically investigating specific
color-shape redundant pairings across a range of conditions. We
begin by confirming the effectiveness of redundancy and then de-
velop a series of pair-wise matrices describing color-, shape-, and
combined color-shape effectiveness in redundant encoding design
using empirical data. We use these matrices to design a tool to help
people create effective redundant palettes.

3 Experiment One: Do Redundant Encodings
Help?

Our first study examined how the choice of non-redundant encod-
ings (color-only or shape-only) versus redundant encodings (color-
and-shape) impacts people’s abilities to reason across multiclass
scatterplots. We performed a crowdsourced study measuring peo-
ple’s performance in comparing category correlations over varying
category numbers (𝑁 = 2–10).

We hypothesized that: H1: (a) Redundant encodings would
improve overall performance, and (b) differences in accuracy
between redundant and non-redundant encodings will be
larger as category number grows, but may plateau at a cer-
tain category number. Redundant encodings use an additional
channel to encode categorical data. We expect people may ben-
efit from having an extra reference for differentiating categories
[51, 86]. People may be relatively strong at distinguishing between
categories for smaller numbers of categories [81], such as the three
category sets in Gleicher et al.[23]; however, we expect that the
benefits of added perceptual cues emerge as the number of cate-
gories (and, as a result, difficulty of categorical analysis) increases.
As performance tends to be asymptotic with respect to the number
of categories in single encodings [81], we anticipate the benefits
of redundant encodings will likewise eventually saturate as the
visualizations increase in complexity [78, 79].

3.1 Experimental Design
3.1.1 Task. We employed a correlation judgment task, which is one
of the most widely employed tasks in previous studies of multiclass
data visualization [31, 41, 55], and is frequently employed in a
range of real-world applications, including data reporting [57] and
journalism [2]. The task asked participants to identify the category
in a multiclass scatterplot with the highest correlation. While this
task likely engages similar perceptual mechanisms as averaging
[75, 78], it represents another common use of scatterplots where
estimation accuracy depends on people’s ability to differentiate
between categories [59].

C1

C2

C3

C4

Figure 2: The four color palettes used in Experiment 1 and
2. Each palette has 10 colors, and drawn from (1) Color-
Brewer/Paired [32], (2) Tableau/Tab10 [77], (3) Stata/S2 [70],
and (4) Carto/Pastel [13]

3.1.2 Stimuli Generation. Participants estimated category corre-
lations across a series of scatterplots using either colors, shapes,
or color-and-shape to differentiate categories. We generated each
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Color-only Shape-only Color-and-shape

Experiment 1

Figure 3: Example stimuli from Experiment 1: scatterplots
encoding categorical data using color-only, shape-only, and
redundant (color-and-shape) encodings. All three visualiza-
tions use the same data distribution with 8 categories. Corre-
lation comparison tasks were used in Experiment 1.

scatterplot as a 400×400 pixel graph using D3, as shown in Fig-
ure 3. Each scatterplot was rendered to a white background and
two orthogonal black axes with 13 unlabeled ticks.

We used four color palettes found in existing tools, shown
in Figure 2, to encode categorical data in scatterplots: 1. Col-
orBrewer/Paired [32], 2. Tableau [77], 3. Stata/S2 [70], and 4.
Carto/Pastel [13]. We chose these color palettes from previous stud-
ies [78] and based on their differences in 𝐿∗ variance, 𝐿∗ magnitude,
and all-pairs perceptual distance [67], which are significant factors
that may impact categorical perception. Such selection can also
reduce bias from different color palettes.

We encoded shape using 39 shapes collected from a previous
study [79]. The 39 shapes were from popular visualization tools:
D3 [10], Tableau [77], Excel [49], R [54], and Matlab [39]. For redun-
dant encodings, we preconstructed palettes by randomly selecting
both colors and shapes from the above collections for each trial.
For instance, in a scatterplot with five categories, five colors were
randomly chosen from a specific color palette, while five shapes
were randomly selected from the set of 39. These colors and shapes
were then randomly paired, with each color assigned to a single
shape, and each combination represented a unique category. The
randomization helps minimize bias related to the ordering of colors
and shapes or their pairings.

Points were rendered in a 6×6-pixel window. Point locations
were generated using NumPy’s random multivariate method [30],
ensuring that the target category had the highest Pearson correla-
tion coefficient (ranging from 0.8 to 0.95), while the second-highest
category maintained a correlation at least 0.2 lower than the tar-
get, consistent with thresholds used in past studies [79]. All other
categories had a randomly-selected correlation below this thresh-
old. Each category consistently contained 20 points. To minimize
confounding effects from spatial overlap, we applied jittering to
any overlapping points. This point generation strategy was applied
consistently across all experiments.

To evaluate whether redundant encodings enhance performance
on multiclass scatterplots across varying numbers of categories,
we generated datasets containing 𝑁 = [2 − 10] categories. We
use an upper bound of 10 categories as this aligns with recent
studies of categorical encoding [78, 79], reflects the size of the
smallest tested color palette (Tableau 10), allows us to keep the
study tractable in terms of the number of tested conditions, and,

in piloting, we found that larger category numbers exhibited little
change in over, consistent with past findings on Fetchner’s Law
in categorical scatterplots [81]. As an exhaustive comparison of
all colors and shapes in our encoding pool is prohibitively large,
for each category number, we generated 20 different sets for each
encoding: 20 color palettes, each consisting of five sets of N random
colors selected from each of the four color palettes, and 20 shape sets,
each generated by randomly selecting N different shapes from the
pool of 39 shapes. We paired these two sets of colors and shapes to
create the set of redundant encodings. These resulting 540 stimulus
designs (3 encoding types× 20 encoding sets× 9 category numbers),
which were divided into 10 task groups. The category numbers and
encoding type were equally distributed across task groups, with
each containing 54 stimuli.

3.1.3 Procedure. Our experiment was structured into three phases:
(1) obtaining informed consent, (2) task description and tutorial,
and (3) the formal study. Initially, participants provided informed
consent in accordance with our IRB protocol and then supplied de-
mographic information. Next, they were introduced to the correla-
tion task description alongside example scatterplots demonstrating
varying levels of correlation. The example of study UI is shown in
the OSF Supplements. Participants were asked to complete a tuto-
rial with three practice questions, each with a different encoding
type (color, shape, and redundant encoding). They were required to
answer all the tutorial questions correctly before moving forward
to ensure a clear understanding of the task.

During the formal study, participants performed our target task
(“Identify which category is the most correlated”) for 57 stimuli
presented sequentially. The trials were displayed in a randomized
order. At the start of the study, each participant was randomly
assigned to one of 10 task groups. Participants had 20 seconds to
respond to each stimulus, after which time the answer was marked
as incorrect and the study advanced to the next trial. To ensure
valid participation, we included three engagement checks. These
engagement checks were stimuli with two or three categories that
had at least a Δ𝑟 = 0.4 difference in their Pearson correlation
coefficient (see the OSF Supplements for examples). We randomly
placed the engagement checks throughout the 54 formal trials.

3.1.4 Participants. We recruited 105 participants through Amazon
Mechanical Turk (MTurk), requiring a minimum 95% approval rat-
ing and residency in the US or Canada. Five participants who failed
more than one engagement check were excluded from the analysis.
The final data included 100 participants (72 male, 28 female), rang-
ing in age from 20 to 65 years, with 10 participants assigned to each
task group. All participants reported having normal or corrected-
to-normal vision. Our experiment took 10 minutes on average, and
each participant was compensated $1.60 for their time.

Crowdsourcing can introduce inherent variation in stimulus
appearance. This variation is ecologically consistent with visual-
ization use and aligns with a wealth of past graphical perception
research. These trade-offs limit our abilities to make precise claims
about human vision, but do enable us to draw conclusions about
graphical perception appropriate to the context of visualization
design and use. We follow best practices for crowdsourced study
design [7, 33]. To maintain consistent stimulus sizes, we restricted

https://osf.io/4up7j/?view_only=43e5681b71fc4fdb92617b8cef27c6c0
https://osf.io/4up7j/?view_only=43e5681b71fc4fdb92617b8cef27c6c0
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Table 1: ANOVA results for category number and encode type
(color-only, shape-only, color-and-shape). Significant effects
are indicated by bold text.

Experiment 1

Category number

DF1 DF2 F-value p-value

8 792 116.35 <.0001

Encode type 2 198 27.32

category number * encode type 16 1584 1.68 0.043

<.0001

participation to devices no smaller than standard laptops or moni-
tors. We additionally leveraged colors that were robustly different
in crowdsourced environments at our tested stimulus size [73].

3.1.5 Analysis. We used accuracy as our primary dependent mea-
sure. To compare the performance between non-redundant encod-
ings (color-only or shape-only) and redundant encodings (color-
and-shape), we analyzed the resulting data using an ANOVA with
category number and encoding type as independent variables. Ta-
ble 1 summarizes our results. The anonymized data and results for
our study can be found on OSF Supplements1.

3.2 Results
Our analysis revealed that both category numbers (𝐹 (8, 792) =

116.35, 𝑝 < .0001) and encoding types (𝐹 (2, 198) = 27.32, 𝑝 < .0001)
significantly affected correlation comparisons (Table 1). Figure 4 (a)
displays the average accuracy separated by encoding type. Notably,
redundant color-and-shape achieved the highest average accuracy
at 76.9% (95% CI=[74.9, 78.8]), representing an improvement of 4%
over color-only encoding (72.9%, 95% CI=[70.8%, 74.9%]) and 9.9%
over shape-only encoding (67%, 95% CI=[64.8%, 69.2%]).

To better understand how redundancy benefits vary across cat-
egory numbers, we combined color-only and shape-only into a
single non-redundant baseline in Figure 4 (b). On average, redun-
dant encodings achieved an accuracy of 76.9% compared to 69.4%
for non-redundant encodings, with the largest difference observed
at 8 categories (13.2%) and the smallest at 2 (-1.75%). Redundant en-
codings improved performance most consistently when the number
of categories ranged from 5 to 8.

To further quantify these differences, we conducted Welch’s
t-tests at each category number to compare the redundant encod-
ings against non-redundant encodings (Figure 4 (b)). The results
show that redundant encodings significantly outperformed non-
redundant encodings for 3 categories (𝑡 = 2.06, 𝑝 = 0.04), 5 cat-
egories (𝑡 = 2.44, 𝑝 = 0.01), 6 categories (𝑡 = 3.36, 𝑝 < .001), 7
categories (𝑡 = 1.93, 𝑝 = 0.05), and 8 categories (𝑡 = 3.11, 𝑝 = 0.02).
No significant differences were observed at 2 (𝑡 = −1.03, 𝑝 = 0.30),
4 (𝑡 = 0.99, 𝑝 = 0.32), 9 (𝑡 = 1.51, 𝑝 = 0.13), or 10 (𝑡 = 1.65, 𝑝 = 0.09)
categories. These findings align with the trend in Fig. 4(a) that re-
dundancy is most beneficial when visual complexity is moderate
(5–8 categories), but less helpful when category numbers are too low
or too high. Overall, these results support H1: applying redundant
encodings enhances performance on correlation-estimation tasks.
However, the benefit diminishes when the number of categories is
below 5 or exceeds 8.
1https://osf.io/4up7j/?view_only=43e5681b71fc4fdb92617b8cef27c6c0
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Figure 4: Results from Experiment 1. (a) Line chart show-
ing average accuracy across category sizes (2 to 10), sepa-
rated by scatterplots using color-only, shape-only, and color-
and–shape (redundant) encodings. (b) Bar chart with 95%
CI showing the accuracy difference between redundant and
non-redundant encodings (redundant minus single-channel:
color-only or shape-only) across category numbers. The
green background highlights the category range where re-
dundant encoding provides the largest performance gains.
For each category number, we conducted a Welch’s t-test; sta-
tistically significant p-values are shown in bold green text, in-
dicating conditions where redundant encoding significantly
outperforms single-channel encodings. Overall, redundant
encoding yields higher accuracy than either color-only or
shape-only encodings, with the most substantial improve-
ments observed in the 5–8 category range.

4 Experiment Two: Interactions between Color
Palettes and Shape Palettes

While Experiment 1 demonstrated that redundant encodings can
enhance people’s performance in interpreting scatterplots, it re-
mains unclear whether the specific method of creating redundant
encodings also impacts task accuracy. In other words, the way de-
signers pair colors and shapes may influence people’s ability to
distinguish between classes. Smart et al. [68] demonstrated per-
ceptual interactions between colors and shapes, highlighting the

https://osf.io/4up7j/?view_only=43e5681b71fc4fdb92617b8cef27c6c0
https://osf.io/4up7j/?view_only=43e5681b71fc4fdb92617b8cef27c6c0
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importance of their pairing. However, their study focused solely
on single shapes and small changes in color rather than categorical
designs in multi-class scatterplots, which require reasoning over
larger numbers of marks and leveraging greater color differences.
In Experiment 2, we investigate how redundant coding palettes
influence performance. We use six shape palettes generated from
ShapeItUp [79] and the four color palettes from Experiment 1 to
measure the influence of color-shape pairings.

We hypothesized that: H2: mappings between color palettes
and shape palettes impact participants’ accuracy in corre-
lation estimation. Because shapes differ considerably in their
colored areas (e.g., filled circles versus unfilled circles), different
color attributes may either enhance or hinder performance. For ex-
ample, more similar colors within a palette may be robust if paired
with filled shapes that have more overall color area, but less so with
thin, line-based shapes with less color area [68]. If the mapping
between color and shape palettes does not matter, we expect that
the relative performance of redundant palettes changes as a func-
tion of each channel’s individual performance (e.g., color palette X
always outperforms color palette Y if X and Y are mapped to the
same shape palette). However, if mapping matters, we expect that
the choice of both color and shape palette will change their relative
effectiveness.

S1

S2

S3

S4

S5

S6

Figure 5: The six shape palettes used in Experiment 2.
Each palette consists of six shapes and was generated us-
ing ShapeItUp [79].

4.1 Experiment Design

Color palette 3 + Shape palette 2

Experiment 2

Color palette 3 + Shape palette 5 Color palette 1 + Shape palette 2

Figure 6: Example stimuli from Experiment 2: three scat-
terplots using different combinations of color and shape
palettes, shown with the same data distribution of 6 cate-
gories. Correlation comparison tasks were used in Experi-
ment 2.

4.1.1 Task & Stimuli Generation. We used the same task, point
distribution, and number of points as in Experiment 1. As shown
in Figure 2 and Figure 5, we selected 4 color palettes and 6 shape
palettes. We elected to understand mapping effects at the scale

of palettes to reflect design practices used in current visualiza-
tion authoring tools where people choose palettes which the tool
then pairs rather than selecting individual color-shape pairings,
which we investigate in more detail in Experiments 3 and 4. The
color palettes were chosen for their distinct color attributes (e.g.,
𝐿∗ magnitude), consistent with Experiment 1. The shape palettes
were generated using ShapeItUp [79] and included one filled shape
palette, one unfilled shape palette, one open shape palette, and
the three highest-recommended palettes selected from a pool of 39
shapes.

We fixed the number of categories at six, since this value is the
midpoint of our tested range in Experiment 1 (i.e., between 2 and
10) and exhibited some of the most prominent improvements from
redundant encodings. By combining the 6 shape palettes (Figure 5)
with the 4 color palettes (Figure 2), we generated 24 combinations
of color-and-shape redundant palettes. Within color-and-shape
palettes, we randomly paired colors and shapes, with one color
assigned to one shape, representing a unique category. Finally, we
generated 10 stimuli for each of the 24 color-and-shape palettes,
resulting in a total of 240 stimulus designs. These were then evenly
divided into five task groups, each containing all 24 palettes with
two stimuli for each color-shape palette combination.

4.1.2 Procedure & Participants. We followed the same general pro-
cedure as in Experiment 1. Each participant completed 51 trials (48
formal trials and 3 engagement checks), presented sequentially in a
random order. We recruited 61 participants under the same criteria
as in Experiment 1. Six participants who failed the engagement
checks were excluded from the analysis, resulting in 55 participants
(24 female, 31 male; age range: 28–65), with 11 participants per
task group. On average, each participant spent 10 minutes on the
experiment and was compensated $1.60 for their time.
Table 2: ANOVA results for color palette and shape palette.
Significant effects are indicated by bold text.

Experiment 2

Shape palette

DF1 DF2 F-value p-value

5 270 6.79 <.0001

Color palette 3 162 2.99

shape palette * color palette 15 810 1.83 0.026

0.029

4.2 Results
We analyzed how the choices of color palettes, shape palettes, and
their combinations influence response accuracy using a two-factor
ANOVA and Tukey’s HSD for posthoc analysis. Our analysis re-
vealed that color palettes, shape palettes, and their pairings all sig-
nificantly affected correlation comparisons (see Table 2). Figure 7 (a)
displays a heatmap where the x-axis represents six different shape
palettes and the y-axis represents four different color palettes, with
cell values indicating the average task accuracy for each color-shape
redundant encoding. The highest average accuracy (90.91%) was
achieved with color palette No. 3 paired with shape palette No. 5,
whereas the lowest accuracy (67.27%) was also observed with color
palette No. 3 when paired with shape palette No. 2.

The overall accuracy on the correlation comparison task was
81.59% (95% CI=[80.11%, 83.07%]). The individual average accuracies
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Figure 7: (a) Heatmap showing the average accuracy for each
combination of color and shape palettes. The x-axis lists
the six shape palette IDs and the y-axis lists the four color
palette IDs (corresponding to Figure 5 and Figure 2, respec-
tively). Both axes are sorted by average accuracy to facilitate
comparison across palette combinations. Each cell displays
the mean task accuracy for the associated palette pairing.
As shown, the same color palette can produce different ac-
curacies depending on the shape palette with which it is
paired, and vice versa, illustrating strong palette-mapping
effects. (b) Clustered visualization of the same color–shape
combinations using a four-cluster Ward hierarchical solu-
tion, clustering color-shape palette combinations based on
performance. Each cell is assigned to one of four perfor-
mance clusters—High, Mid-high, Mid-low, or Low—revealing
distinct families of palette pairings. The cluster structure
highlights that neither color nor shape palettes are consis-
tently effective on their own: several palettes appear in both
high- and low-performing clusters depending on the pairing.

for the six shape palettes, in the order shown in Figure 5, were
83.86%, 75.9%, 76.59%, 84.09%, 87.72%, and 81.36% with 𝜎 = 4.21%.
For the four color palettes, the individual average accuracies were
84.84%, 80.6%, 81.96%, and 78.93% with 𝜎 = 2.16% in Figure 2 order.
The variability in accuracy across shape palettes was slightly greater
than color palettes.

We calculated the variance of accuracies across all color palettes
using the same shape palettes and across shape palettes using the
same color palettes. The results show that shape palette No. 2 had
the largest variance in accuracies across the four color palettes,
and color palette No. 3 (Stata/S2) had the largest variance across
the six shape palettes. These findings suggest that certain shape
or color palettes may be more sensitive to pairing choices and
need closer attention during design. Furthermore, our ANOVA
results (see Table 3) indicate a significant interaction effect between
color and shape palettes, supporting H2: choices of how to pair
color and shape palettes influence task performance. As shown in
Figure 6 and Figure 7 (a), color palette No. 3 (Stata/S2), when paired
with shape palette No. 5, achieved the overall highest accuracy. In
contrast, pairing the same color palette with shape palette No. 2
(unfilled shapes) resulted in the overall lowest accuracy. On the
other hand, pairing shape palette No. 2 with color palette No. 1
(ColorBrewer/Paired) improved accuracy by nearly 20% over its
pairing with the Stata/S2 color palette.

We additionally used Ward’s method to cluster the palette com-
binations based on performance, allowing us to examine broader
performance patterns across the 24 color–shape combinations (Fig-
ure 7 (b)). The method resulted in four performance clusters. The
resulting clusters show that neither color nor shape palettes per-
form consistently well across all pairings; several palettes appear in
both high- and low-performing clusters. Only one shape palette and
no color palettes appeared entirely within any single cluster. This
reinforces the interaction effect between color and shape observed
in the ANOVA and further supports H2: performance depends on
how color and shape palettes are paired, not just the performance
of the palettes in isolation.

We further examined how color and shape palette attributes
influence task performance in redundant pairings. Our findings
show that the unfilled (shape palette No. 2) and open (shape palette
No. 3) shapes resulted in lower accuracies when paired with color
palettes characterized by either high lightness (𝐿∗, palette No. 4–
Carto/Pastel) or low lightness (palette No. 3–Stata/S2). In contrast,
these shape palettes achieved higher accuracies when paired with
color palettes exhibiting greater perceptual distances (palettes No.
1–ColorBrewer/Paired and 2–Tableau). Overall, mixed-shape-type
(filled+unfilled+open) palettes (palettes No. 4, 5, and 6) achieved
higher average accuracies, particularly in improving accuracies
with lighter or darker color palettes (palettes No. 3–Stata/S2 and
4–Carto/Pastel).

5 Experiment Three: Pairwise Distance Matrix
for Colors

Experiments 1 and 2 found that redundant encodings not only en-
hance task performance but that the specific color–shape palette
pairings also influence accuracy. To make these findings actionable,
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we aimed to develop an empirically-grounded model that gener-
ates effective redundant color-shape palettes based on the number
of categories visualized. To achieve this goal, we conducted two
separate experiments: one to build a pairwise accuracy matrix for
colors (Experiment 3) to complement existing shape palette design
measures and another to explore efficient color-shape pairings (Ex-
periment 4). We separated these experiments because constructing
a pairwise matrix for 39 colors and 39 shapes would involve over
two million comparisons. Instead, this approach allows us to first
identify effective color sets, which can be sampled for the next
experiment. While this approach does potentially exclude useful
shape-color combinations, it allows our sampling process to focus
on empirically-validated color combinations, increasing the like-
lihood that the modeled space captures high-performing palette
designs.

While past work has compared the effectiveness of different cat-
egorical palettes [26, 46, 78, 80], these studies focus on comparing
entire palettes rather than specific pairwise color relations. Our
objective is to collect data to model how specific color pairings
influence categorical analysis. We hypothesized that: H3: The re-
lationships between colors will influence people’s abilities
to compare correlations. Given that various studies [26, 78, 80]
have emphasized the importance of selecting appropriate colors for
encoding categorical data in scatterplots, we expect that different
color combinations will impact performance. Furthermore, different
color combinations may be differently robust in varying numbers
of categories [78].

Figure 8: The 39 colors used in Experiment 3. These colors
were generated using k-means clustering from the CIELAB
color space. Each pair exceeds the just-noticeable difference
(JND) value for the mark sizes used in our study.

5.1 Experiment Design
5.1.1 Task & Stimuli Generation. The task, point distribution, and
point number were generated using the same methodology as in
Experiments 1 and 2. Following the approach in Tseng et al. [79],
we focused on performance differences between shape pairs by
constructing a distance matrix. Unlike shapes in a discrete space,
colors exist in a continuous space. Past work has attempted to bin
colors into a smaller andmoremanageable set of readily distinguish-
able, representative values. However, the suggested colors largely
vary—from sets of eight [88] to thirteen [6] to twenty-two [28]. Fur-
ther, these characteristic colors may fail to meet users’ needs and
preferences for color aesthetics [63, 64], semantics [62], or other
design factors [5]. Therefore, following prior work [26, 36], we de-
rive our core colors by mathematically sampling across colorspace
to ensure the diversity and representativeness of colors. To ensure
sufficient and evenly distributed colors for our model, we employed
k-means clustering in the CIELAB color space, as implemented by

Category Number = 3

Experiment 3

Category Number = 6 Category Number = 9

Figure 9: Example stimuli from Experiment 3, showing scat-
terplots with 3, 6, and 9 categories encoded using color only.
This experiment was designed to construct pairwise accuracy
matrices for 39 colors, capturing how effectively different
color pairs support correlation estimation.

iWantHue [47]. CIELAB is designed to be perceptually uniform,
encompasses all perceivable colors, and has been widely used in
past visualization research [15, 26, 69, 76, 83, 87].

We first sampled colors within the ranges: 𝐿∗ = [25, 100], 𝑎∗ =
[−128, 127], and 𝑏∗ = [−128, 127], using 5 steps for 𝐿∗ and 2 steps
for both 𝑎∗ and 𝑏∗. Colors darker than 𝐿∗ = 25 were excluded, as the
CIELAB space tends to contain more colors at lower lightness val-
ues, which can lead to an unbalanced sample, and design heuristics
discourage using colors in this range for visualization [71]. This pro-
cess yielded 38,734 valid color samples. We then applied k-means
clustering to extract 200 representative colors. To ensure perceptual
distinguishability between color pairs, we used d3-jnd [25, 72] to
validate just-noticeable differences (JND) between each pair for
our target mark size. For each of the 200 colors, we computed the
number of valid JND pairings and selected the maximum subset in
which all pairs were noticeable differently [26]. This step eliminated
163 colors, resulting in a refined set of 37 colors.

To further balance the set, we analyzed color name distribution
using C3 [34]. While the overall distribution was balanced, we
observed a lack of orange hues. To address this, we manually added
two orange colors from C3 [34], bringing the final color set to 39.
We also used d3-jnd [25, 72] to ensure each color is sufficiently
perceptible against our tested white background. The resulting
palette is shown in Figure 8, and example stimuli are shown in
Figure 9(a).

We generated the tested color combinations based on the ap-
proach proposed by Tseng et al. [79] for shapes, which ensures
a balanced distribution of pairwise samples. Using this method,
we created 810 color combination sets (90 color combinations ×
9 category counts). These sets were then organized into 15 task
groups, with each group containing an equal distribution across
category counts (6 color combination sets × 9 category counts = 54
stimuli per group).

5.1.2 Procedure & Participants. We recruited 167 participants
through MTurk, excluding 17 who failed the engagement checks.
The final analysis included data from 150 participants (107 male,
43 female; ages 21 to 65), with 10 participants assigned to each
task group. The recruitment criteria and general procedure were
consistent with those used in Experiments 1 and 2. The study
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took approximately 10 minutes to complete and each participant
received a compensation of $1.60. This study followed the same
procedure as Experiment 1 (see Section 3).

5.1.3 Analysis. Our primary dependent measure was pairwise ac-
curacy, a metric employed in previous work [26, 79]. This met-
ric was computed by evaluating the accuracy of each scatterplot
containing a given pair of colors. For example, if a scatterplot
having blue, orange, and green was answered correctly, the pairs
blue–orange, blue–green, and orange–green each received one
correct count, whereas an incorrect response contributed zero. Pair-
wise accuracy for each color pair was then calculated as the number
of correct responses divided by the total number of trials in which
that pair appeared. Because the correlation-estimation task requires
participants to visually identify all categories and compare their
correlations simultaneously, every category in the stimulus con-
tributes to the overall judgment. Misattributing marks to the wrong
category or failing to find a mark of a given category can change
the perceived correlation [3]. For example, failing to find a cluster
of outlying blues because it becomes masked by a cluster of green
points will increase the perceived correlation of blue and may, as
a result, change the relative perceived correlation of all three cat-
egories. This scoring approach therefore captures how well each
color-shape pair supports category differentiation within a multi-
class context, while avoiding the need for an impractically large
number of isolated pairwise trials. We conducted a three-factor
ANOVA to examine the effects of category number, color pair, and
color attributes on accuracy. A summary of the results is presented
in Table 3.

Table 3: ANOVA results for category size and color pair. Sig-
nificant effects are indicated by bold text.

Experiment 3

Category size

DF1 DF2 F-value p-value

2 148,497 2165.50 <.0001

Color pair 740 147,759 1.22 <.0001

category size * color pair 1480 147,019 0.76 1

Table 4: ANOVA results for color attributes. Significant effects
are indicated by bold text.

Color Attribute

L* magnitude

DF1 DF2 F-value p-value

1 148,498 119.79 <.0001

C* magnitude 1 14.25 0.0002

h* magnitude 1 1.15 0.28

148,498

148,498

5.2 Results
As shown in Table 3, our analysis revealed significant effects of
both category size (𝐹 (2, 148497) = 2165.5, 𝑝 < .0001) and specific
color pairs (𝐹 (740, 147759) = 1.22, 𝑝 < .0001) on performance in the
correlation comparison task. The overall accuracy was 78.14%. Ac-
curacy varied across category sizes, with small (𝑁 = 2, 3, 4), medium
(𝑁 = 5, 6, 7), and large (𝑁 = 8, 9, 10) categories having accuracies
of 91.59%, 78.33%, and 64.48%, respectively, reflecting a decrease in

accuracy as the number of categories increased. We summarized
these results using heatmaps presented on an interactive website2,
allowing detailed exploration of accuracy differences across color
pairs. The results show Perceptual Distance does not significantly
impact performance; however, this is very likely due to the fact that
we already optimized it in the stimuli generation by ensuring color
differences exceeded necessary JNDs. Above a certain threshold,
the differences between colors are large enough that making them
larger does not meaningfully improve discriminability [34].

Overall, the pairwise accuracy ranged from 56.84% to 80.5%, with
a standard deviation of 3.56%. Our results support H3: color pairs
impact the task performance. Examples of best-performing color
palettes are shown in the OSF Supplements. We further examined
the relationship between various color attributes and pairwise accu-
racy using CIELCh [90], which is commonly used for color palette
design [26, 71] and comprises a polar representation of the CIELAB
colorspace. For all 741 color pairs, we computed the 𝐿∗, 𝐶∗, and ℎ∗
(Lightness, Chroma, Hue) magnitude/difference, as well as the name
difference [34], composite difference (perceptual distance [67]) and
decomposed (𝐿∗, 𝑎∗, 𝑏∗) from CIELAB. Table 4 presents the ex-
ploratory ANOVA results, which indicate that the magnitudes in 𝐿∗
and 𝐶∗ significantly affect task performance, whereas perceptual
distance; 𝐿∗, 𝑎∗, 𝑏∗, and ℎ∗ differences; and name differences appear
to be less influential (shown in OSF Supplements), likely due to all
selected colors being sufficiently perceptually distinct by design.
These findings are consistent with previous work [78], suggesting
that lightness and chroma magnitudes are critical for categorical
perception.

6 Experiment Four: Redundant Encoding
Matrices

Experiment 2 revealed that the pairing of color and shape palettes
significantly affects task performance. Therefore, rather than sim-
ply combining the best-performing color and shape palettes, effec-
tive redundant encodings must be designed with redundancy in
mind. We designed Experiment 4 to explicitly measure the effec-
tiveness of different color–shape pairings. We hypothesized the
following: H4: (a) How colors and shapes are paired will in-
fluence correlation comparison accuracy, and (b) combining
the best-performing color pairs and shape pairs does not
necessarily produce optimal encodings. As Experiment 2 high-
lighted the importance of pairing at the palette level, we extend
this assumption to the individual marker level (e.g., blue triangle vs.
blue square). Consequently, although we selected high-performing
palettes, we do not expect that random combinations of color and
shape elements from those palettes will automatically result in
optimal redundant encodings.

6.1 Experiment Design
6.1.1 Task & Stimuli Generation. We adopted the same task design,
point distribution, and point count as in the previous three ex-
periments. Building on the pairwise accuracy matrices obtained in
Experiment 3, we developed a palette selection model that takes cat-
egory number (𝑁 ) as input and outputs high-performing color sets
from the pool of 39 colors from Experiment 3. The model operates
2https://catpaw-categorical-palette.web.app/pair.html?group=all

https://catpaw-categorical-palette.web.app/pair.html?group=all
https://osf.io/4up7j/?view_only=43e5681b71fc4fdb92617b8cef27c6c0
https://osf.io/4up7j/?view_only=43e5681b71fc4fdb92617b8cef27c6c0
https://catpaw-categorical-palette.web.app/pair.html?group=all
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Experiment 4

Category Number = 3 Category Number = 6 Category Number = 9

Figure 10: Example stimuli from Experiment 4, showing scat-
terplots with 3, 6, and 9 categories encoded using redundant
color–shape combinations, where each category is repre-
sented by a unique pairing of a color and a geometric shape.
This experiment was used to construct pairwise accuracy
matrices for all 39 colors × 39 shapes to assess how combined
encodings influence perceptual discrimination.

by randomly selecting half of the color pool, generating all possible
combinations for the given 𝑁 , computing the sum of pairwise accu-
racies for each combination, and identifying the combinations with
the highest average pairwise accuracy. This process is repeated ten
times to ensure stability. For each category number (𝑁 = 2–10),
we selected the top three color palettes using this approach, and
paired them with the top three shape palettes generated using
ShapeItUp [79], resulting in 9 color–shape palette combinations
per 𝑁 .

To expand the range of tested color–shape pairings, we designed
a pairing strategy rather than relying on random assignment. Ex-
haustively testing all permutations of color–shape matches is com-
putationally infeasible for higher category counts (e.g., 𝑁 = 5 yields
5! = 120 possible permutations). For 𝑁 = 2 and 𝑁 = 3, we included
all 2 and 6 permutations, respectively. For 𝑁 = 4–10, we selected 13
representative permutations for each color–shape palette pair using
a greedy algorithm which selects one palette with the lowest cosine
similarity compared to selected ones at a time, ensuring a diverse
sampling of redundant encodings. This results in 99 (2+6+7×13)
redundant palettes × 9 (3 color palettes × 3 shape palettes) palette
combinations, resulting in 891 stimulus designs. We divided these
891 stimuli into 15 task groups, each containing 60 stimuli with an
approximately uniform distribution of category number and source
palette. Example stimuli are shown in Figure 10(b).

6.1.2 Procedure & Participants. A total of 170 participants were
recruited via MTurk, with 20 excluded for not passing the engage-
ment checks. This left 150 participants (115 male, 35 female; aged
between 28 and 65) whose data were included in the final analysis,
with 10 participants assigned to each task group. The recruitment
criteria and overall procedure matched those used in Experiments
1, 2, and 3. On average, the study took 10 minutes to complete,
and participants were compensated $2.90 for their time. This study
followed the same procedure as Experiment 1 (see Section 3).

6.1.3 Analysis. We used task accuracy as the primary depen-
dent variable and conducted two main analyses: (1) individual
color–shape pairing accuracy (e.g., yellow triangle, blue cross) and
(2) pairwise marker accuracy (e.g., red circle + green square). For the
individual color–shape pairing analysis, we calculated accuracy by

evaluating tasks in which a specific color–shape marker appeared.
For instance, if a scatterplot containing red circles, green squares,
and orange diamonds was answered correctly, each of those three
markers received one correct count. Accuracy for each color–shape
pairing was then computed as the ratio of correct responses to the
total number of appearances.

For pairwise accuracy, we adopted a similar approach but fo-
cused on specific pairs of color–shape markers. Accuracy was
calculated based on the frequency of correct responses when a
particular pair appeared together in a task. Both analyses were
stratified by category size, grouped into three bins based on the
number of categories—small (𝑁 = 2 − 4), medium (𝑁 = 5 − 7),
and large (𝑁 = 8 − 10)—to enable sufficient sample sizes across
conditions. We conducted an ANOVA to examine the effect of in-
dividual color–shape pairings on correlation comparison task per-
formance. Additionally, to investigate whether simply combining
top-performing color pairs and top-performing shape pairs leads to
effective redundant encodings, we performed a secondary ANOVA
to compare pairwise accuracies of both colors and shapes against
their joint combinations.
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F(156, 6543) = 1.02
p = 0.41

F(316, 20793) = 2.04
p < .0001

F(367, 31872) = 1.34
p < .0001

Figure 11: Results from Experiment 4. Average accuracy for
individual color–shape pairings across three category size
groups (small, medium, and large). Error bars represent stan-
dard deviation. ANOVA results indicate significant effects of
individual color–shape pairings on task accuracy formedium
and large category sizes. These indicate how color-shape
paired will impact the task accuracy, particularly with cate-
gory numbers larger than four.

6.2 Results
As shown in Figure 11, average accuracy decreases as category size
grows, with an overall accuracy of 79.9%. Our analysis revealed
that the way in which color and shape are paired to form a single
marker has a significant effect on task performance for medium
(𝐹 (316, 20793) = 2.04, 𝑝 < .0001) and large (𝐹 (367, 31872) = 1.34,
𝑝 < .0001) category sizes. However, no significant effect was found
for small category sizes (𝑁 = 2 − 4), with 𝐹 (156, 6543) = 1.02,
𝑝 = 0.41. Figure 11 also presents the standard deviations of individ-
ual color–shape pairings across category sizes, illustrating greater
variance in accuracy for medium and large categories compared to
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smaller ones. These findings partially support H4 (a): how colors
and shapes are paired influences the accuracy, though this effect
appears less prominent for small category sizes. Examples of best-
performing color-shape palettes are shown in the OSF Supplements.

To further investigate the importance of mapping choices, we
examined the relationship between pairwise marker accuracy in
this experiment and the color/shape pairwise accuracies derived
from previous models. For each marker pair (e.g., red circle and
green square), we computed its task accuracy and retrieved corre-
sponding color pair (e.g., red + green) and shape pair (e.g., circle
+ square) accuracies from previous matrices. ANOVA results indi-
cate that combining top-performing color pairs and shape pairs
simultaneously (𝐹 (1, 4221) = 36, 𝑝 < .0001) produce effective re-
dundant encodings only within medium category sizes (𝑁 = 5 − 7),
where redundant encodings are most effective. Across all category
sizes, pairwise shape accuracy only showed a moderate effect for
large category sizes (𝐹 (1, 10053) = 4.18, 𝑝 = 0.04), and we did not
find any significant effects of pairwise color accuracy. These find-
ings partially supportH4 (b): combining best-performing color and
shape pairs does not always lead to optimal encodings, though
such combinations appear to be more effective in the 5–7 category
range.

7 CatPAW: Categorical Palette Automation
Wizard

7.1 Comprehensive Categorical Encoding Model
To translate our experimental findings into an actionable frame-
work, we developed a statistical model to evaluate the effective-
ness of categorical encodings using shape and color. This model is
grounded in a rich set of empirical data, including four pairwise
accuracy matrices for 39 colors derived from 14,850 trials in Experi-
ment 3, 839 individual color–shape pairings, and 14,935 pairwise
color–shape accuracy samples from Experiment 4. Additionally, we
incorporated pairwise accuracy matrices for 39 shapes from Tseng
et al. [79] and key findings from Experiment 1 (highlighting the
effectiveness of redundant encoding within a moderate category
range) and Experiment 2 (showing that mixed shape types generally
perform better).

Given a specified category number and encoding type (color-
only, shape-only, or color–and-shape), the model operates in the
following way: For color-only or shape-only palettes, the model
first samples a manageable subset of candidate palettes from the
corresponding set of 39 shapes or colors and computes their overall
pairwise accuracy based on the selected category number. It then
returns the top-performing palette(s). For redundant (color–and-
shape) encodings, the model randomly samples combinations of
color and shape palettes from each of the 39 color/shape pools and
generates a tractable number of color–shape pairing combinations.
Each pairing set is evaluated using individual color-shape pairs
and pairwise-level accuracy results from Experiment 4. The top-
ranked combinations are further assessed based on their color-only
and shape-only pairwise accuracy scores, variance in lightness,
and variance in shape types. The final output is a ranked list of
color–shape paired palettes, each with corresponding performance
scores.

7.2 Design Tool for Categorical Palettes
We implemented our model in a web-based categorical palette rec-
ommendation tool (see CatPAW3, as shown in Figure 12). While
most visualization tools provide default color or shape palettes for
encoding categorical data, they often lack guidance on when to
use color-only, shape-only, or redundant (color-and-shape) encod-
ings. Moreover, users may wish to incorporate personal design
preferences, such as specific colors or shapes, without sacrificing
perceptual effectiveness. Our findings emphasize that choosing
appropriate encodings depends on the number of categories and
the interaction between visual channels. To support designers in
reasoning across these constraints, CatPAW offers a comprehen-
sive palette suggestion framework that helps designers generate
effective, customizable palettes backed by empirical data.

CatPAW allows users to specify what type of categorical palettes
they prefer (color, shape, or redundant), and any desired colors,
shapes, or color-shape pairs. Based on the selected category num-
ber and user constraints, the tool recommends optimal palette con-
figurations. We leverage the fact that color can be expressed in
a continuous space to extend the generated palettes to a wider
range of colors. We expect that colors within a given distance of a
tested color will have comparable performance. Therefore, rather
than directly selecting subsets from the original 39 colors, the tool
computes palettes using these colors and then randomly samples
nearby colors that are within a certain perceptual distance (Δ ≤ 30)
to the original color to increase design flexibility. We note that
this approach provides an approximation of likely performance
across the colorspace; however, future studies should derive a more
granular model through additional data collection studies. Similarly,
when users input custom colors, the tool maps them to the clos-
est representative color and proceeds with the palette generation
accordingly. CatPAW provides three core features:

1. Support for three categorical palette types. Users can select from
color-only, shape-only, or color-and-shape categorical palettes or
allow the tool to recommend the most effective encoding strategy
based on the provided constraints.
2. Data-driven palette suggestions based on category number. The
underlying model draws on empirical results from 455 participants
across four experiments. It generates optimized palettes based on
category number and adapts to the user’s design preferences.
3. Customizable palettes with user-defined constraints. Users can
specify pools of colors or shapes or define required elements that
must appear in the output. After palette generation, users can also
remove unwanted elements, prompting the tool to substitute them
with the next best-performing alternatives.

7.3 Cross-Measure Validation using the
Categorical Encoding Model

Our model supports the unified design of color, shape, and redun-
dant palettes by estimating their performance using three pairwise
accuracy matrices. Given a set of candidate palettes, the model
assigns a score to each palette and generates a ranking based on
the predicted effectiveness. To evaluate the model’s ability to pre-
dict performance rankings for redundant palettes, we follow the

3https://catpaw-categorical-palette.web.app/

https://osf.io/4up7j/?view_only=43e5681b71fc4fdb92617b8cef27c6c0
https://catpaw-categorical-palette.web.app/
https://catpaw-categorical-palette.web.app/
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Figure 12: The CatPAW interface. Users can specify their preferred palette type (color-only, shape-only, color–and-shape, or no
preference), select required colors and/or shapes, and enter the desired number of categories. CatPAW then generates candidate
palettes, which users can iteratively refine by swapping out unwanted elements with the next ranked option.
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Figure 13: Cross-measure validation comparing the model-
predicted ranking of redundant categorical palettes with
human accuracy from Experiment 4. Our model predicts
a ranking (1–50) for redundant palettes within each cate-
gory number, where a higher rank indicates better expected
performance. For validation, we randomly sampled 50 re-
dundant palettes for each category number and repeated this
process three times. The plot shows, for each ranking posi-
tion, the mean human accuracy from our study along with
95% confidence intervals, aggregated across all palettes as-
signed the same predicted rank. The monotonic decrease in
performance provides preliminary evidence that CatPAW’s
ranking model aligns with empirical performance.

approach used in Tseng et al. [79] and perform a preliminary cross-
measure validation comparingmodel predictions with ground-truth
accuracy obtained in Experiment 4.

In Experiment 4, approximately 120 unique redundant palettes
were tested for each category number, with each palette receiving
10 responses. For validation, we randomly selected 50 palettes per
category number, repeated this sampling three times, and used
our model to generate predicted rankings for each set. We then
computed the actual mean human accuracy for palettes at each
predicted rank. As shown in Figure 13, there is a clear monotonic
downward trend: palettes predicted to have lower within-category
rankings consistently exhibited lower human accuracy across all
category numbers. The correlation between predicted rank and
mean human performance was strong (𝑟 = 0.97, 𝑝 < .0001), indicat-
ing that the model closely aligns with empirical behavior. These
findings offer preliminary evidence that our model can faithfully
predict relative performance across redundant palettes. However,
this validation focuses on ranked comparisons within our dataset;
more extensive evaluation across broader datasets and task contexts
remains an important direction for future work.

7.4 Evaluation of CatPAW against Designer and
User-Select Categorical Palettes

To the best of our knowledge, prior work offers no established guid-
ance or design principles for constructing redundant color–shape
palettes, despite their increasing use in visualization practice. As
a result, there is no existing benchmark or standard which can be
used to assess CatPAW ’s recommendations. To provide a prelim-
inary assessment of CatPAW ’s palettes, we instead use the cate-
gorical encoding model to compare CatPAW -generated palettes
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Figure 14: We compared the model-predicted performance
of three groups of redundant categorical palettes across cate-
gory numbers (2–10): CatPAW -generated palettes, designer
palettes, and user-selected palettes. Designer palettes were
derived from widely used visualization systems (D3, Excel,
MATLAB, and Tableau); for each system, we paired its color
palette with its matching default shape palette and randomly
combined these elements to create five redundant palettes
per category number. For comparison, we sampled ten redun-
dant palettes generated by CatPAW and ten palettes selected
directly by users for each category size. Error bars show 95%
confidence intervals of the predicted accuracy.

against two baselines: widely-used palettes from designer tools
and palettes that users create on their own. Although CatPAW is
trained on this model, the goal of this analysis is not to claim a
definitive performance advantage, but rather to characterize how
CatPAW ’s data-driven recommendations differ from conventional
design choices and to provide initial evidence of its potential utility.

For the designer baseline, we selected one categorical color
palette and one shape palette from each of D3, Excel, MATLAB,
and Tableau. Because none of these systems provides guidance for
how colors and shapes should be combined into redundant palettes,
we randomly paired colors and shapes from each tool to construct
five redundant palettes for each category number. To construct the
user-selected palette baseline, we recruited ten participants from a
local college with self-reported experience creating visualizations
for professional publication, who reflect representative target users
for CatPAW. Each participant was asked to design one redundant
palette for each category number (2–10) that they believed would
perform best for distinguishing categories. Participants had access
to the pool of 39 shapes used in CatPAW and were free to choose
any colors they wished, either manually or by drawing directly
from designer palettes. Examples of the palettes from three groups
are shown in Figure 15. We then applied our categorical encod-
ing model to generate predicted accuracy scores for every palette
based on empirical data and computed the average accuracy for
each palette group. As shown in Figure 14, CatPAW -generated
palettes (77.5% mean predicted accuracy) outperformed both de-
signer palettes (68.4%) and user-selected palettes (66.2%) across
category sizes, demonstrating the potential value of data-driven
palette construction. The performance gap is most pronounced
for smaller category numbers (2–6), where CatPAW ’s predictions
are consistently higher than both baselines. Designer palettes also

outperformed user-selected palettes in these smaller category sizes,
though the difference between them narrows as the number of cat-
egories increases. Overall, this analysis suggests that CatPAW pro-
duces redundant palettes that are predicted to support correlation
judgments more effectively than those created through traditional
design tools or intuitive user choices. These findings provide initial
evidence that empirical, model-driven palette generation may offer
meaningful advantages.

However, this evaluation should be viewed as an early step to-
ward understanding the comparative performance of CatPAW. A
more definitive assessment of CatPAW ’s utility will require a large-
scale empirical study that directly measures task performance us-
ing CatPAW -generated palettes, designer palettes, and user-created
palettes with human participants. We see this as an important di-
rection for future work.

8 Discussion
Despite being widely used in real-world applications, the role of
redundancy in visualization remains contentious, with limited ex-
perimental data to demonstrate its utility and no empirical data
guiding effective redundant encoding design. Our results confirm
prior work demonstrating the benefits of redundant encoding for
improving accuracy in visual tasks [51]. Contrary to previous in-
sights on smaller class numbers (2-3) that redundant encoding does
not increase performance in multiclass scatterplots [23], we ob-
served that combining color and shape information enhances the
accuracy of correlation judgments. However, these benefits depend
on the number of categories encoded. We found that redundancy of-
fered the greatest perceptual benefit for between 5 and 8 categories.
For larger numbers of categories, the benefits of redundancymay be-
gin to diminish as the task becomes either simply too difficult or the
display too complex. This sensitivity to the number of categories
may also explain the lack of benefit found in prior studies [23]:
scatterplots with two to three categories did not demonstrate any
significant benefit from redundancy. For smaller category numbers,
people may be better able to leverage the limited capacity of work-
ing memory to reason over categories [11, 81], allowing them to
attend to each serially and readily process relevant information
about each.

The efficacy of redundant designs depends not only on choosing
effective color or shape palettes, but also in considering themapping
between color and shape.We found significant interactions between
color and shape choices, which resonate with prior work on the
limited separability of these visual channels [68, 73]. For instance,
unfilled and open shapes paired with high or low lightness color
palettes tended to yield lower accuracy. The interplay between
color and shape for redundant encoding highlights the importance
of a more holistic orientation to visualization design, considering
not only visual channels in isolation but also how these channels
(and encodings more generally) might be designed to complement
one another. Our experiments unify past work that individually
focused on color encodings [80] or shape encodings [79] to offer
a more holistic approach to design. Our research provides further
evidence for these preliminary insights, offers specific guidance on
how redundant encodings can mitigate this effect, and results in a
universal tool to combine the benefits of both.
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Figure 15: Example redundant categorical palettes used in the model-based evaluation of palette quality. The figure shows
three groups of palettes for category sizes 3, 6, and 9: CatPAW -generated palettes, designer palettes, and user-selected palettes.

8.1 Redundancy and Perceptual Processes
To help bridge our findings with work in vision science and to
understand the potential generalizability of our findings, we hy-
pothesize several potential underlying perceptual mechanisms that
may be at play in our study. By examining our results through the
lens of these mechanisms, we offer a set of potential explanations
that may explain both why redundant color-shape encodings im-
prove accuracy in categorical perception—particularly within the
5–8 category range—and why specific shape-color pairings matter.

The cognitive load associated with visualization viewing (i.e.,
the demand the task places on visual working memory) likely plays
an important role in performance. Past work has demonstrated that
when visualizing fewer than six categories (termed as the Subitiz-
ing limit), viewers can efficiently process and compare categories
using a single channel, such as color or shape, without overloading
cognitive resources [81]. However, as the number of categories
increases, the discriminability of categories within a single visual
encoding channel diminishes, leading to significantly decreased
performance. Our results demonstrated that redundant encoding
mitigates the reduced performance at the subitizing limit by pro-
viding a second perceptual cue, effectively reducing the cognitive
effort required to distinguish between categories. Furthermore, the
gains associated with redundancy are highest near the Subitizing
limit [81] (in this case, for 5-8 categories). This indicates that the
gains from redundant encoding are highest when less efficient per-
ceptual mechanisms that place more demand on visual working
memory are first employed. As a result, visual working memory
may more efficiently process redundant encodings despite their
increased complexity. Beyond approximately 8 categories, however,
the benefits of redundancy may plateau or decline due to visual
clutter or interference between channels, consistent with known
theories in visual working memory [11].

Second, we observed there are potential interaction effects be-
tween color and shape, indicating that not all pairings are equally
effective. For instance, unfilled or open shapes paired with very
light or very dark color palettes led to lower accuracy. This may

be due to reduced perceptual salience: unfilled shapes have less
colored area, which may weaken the effectiveness of color encoding
[68]. Conversely, mixed-shape palettes (combining filled, unfilled,
and open shapes) performed better across a wider range of color
palettes, suggesting that variability in shape type enhances overall
discriminability. This supports the idea that effective redundant
encoding relies on complementary channel strengths rather than
simply doubling the same type of perceptual information [51].

Third, compared to hue, the significant impact of lightness (𝐿∗)
and chroma (𝐶∗) magnitude in driving pairwise color accuracy
suggests that they may be key factors in facilitating rapid visual
segmentation between categories. This is consistent with theories
and evidence in early visual processing mechanisms that prioritize
luminance and contrast over hue [86]. For example, evidence from
magnetoencephalography (MEG) data shows that hue reaches a
slower peak decoding, about 20 ms after luminance polarity, in
visual systems [35]. Therefore, when combined with shape, these
attributes may either reinforce or undermine the perceptual in-
tegrity of each mark together with the shape’s visual properties
(e.g., filled vs. outline), for example, lightness and chroma may
drive initial segmentation, and then shape and hue help refine that
segmentation.

We note that these hypotheses should be investigated in more
controlled settings and using methods tailored to vision science-
based inquiry. We offer them as a preliminary means for more
broadly and systematically understanding redundancy and categor-
ical encoding and for prompting deeper interdisciplinary inquiry.

8.2 Design Implications
We embed the results of our experiments into a system to support
designers in creating effective categorical encodings. However, our
results also raise several general guidelines for using redundancy
effectively:

• Prioritize Redundant Encodings for Moderate Cate-
gories Utilizing redundant encodings unifying color and
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shape generally improves the accuracy of correlation estima-
tion in multi-class scatterplots. This approach is particularly
beneficial when dealing with a moderate number of cate-
gories (5-8).

• Consider Color-Shape Pairing Strategy Before Using It
Designers should carefully consider how they pair colors and
shapes, especially when creating scatterplots with more than
4 categories. Certain combinations can significantly impact
performance. For example, our findings suggest that mixed-
shape type palettes (i.e., those employing a combination of
filled, unfilled, and open shapes) tend to work well with both
light and dark color palettes.

• Be Aware of the Influence of Color Attributes Color
attributes such as lightness and perceptual distance influ-
ence the effectiveness of color-shape pairings. Avoid pairing
unfilled or open shapes with color palettes that have high or
low lightness.

• Balance Palette ComplexityWhile redundant encoding
can improve performance, it is important to avoid over-
complicating a visualization by introducing unnecessary
visual features or over-consuming limited visual channels.
Our results suggest that applying redundant encoding in
scatterplots with more than 4 categories can improve overall
task accuracy. However, the marginal benefits of redundancy
appear to plateau as the number of categories increases be-
yond 8.

• Prioritize Top-performing Color and Shape Pairs
for Moderate Categories While simply combining top-
performing colors and shapes does not guarantee optimal
results, designers should consider matching color and shape
pairs with better pairwise performance—particularly in
scatterplots with a moderate number of categories (around
5-8).

8.3 Limitations and Future Work
While our study provides insight into how we can effectively de-
sign categorical visualization with redundant encodings, there are
several directions for future work that will improve our understand-
ing of redundant encoding and categorical visualization broadly.
First, we assess only a subset of colors and shapes and only on a
white background, which is among the most common background
choices for modern visualizations. We employ a number of sam-
pling strategies to maintain a broad yet tractable sampling of re-
dundant palettes. Future work could explore a broader range of
colors, shapes, category numbers, and background colors, as well
as scatterplots with heavily overlapping configurations, to assess
the generalizability of our findings. While correlation is a common
task for multivariate scatterplots [59], understanding performance
across other tasks, such as outlier detection or cluster identification,
and visualization idioms like bar charts and icon arrays, is also
important future work to assess the generalizability of our findings.
Such work should also investigate associations between specific
shape and color attributes, such as hue variation or shape features,
and performance to provide a more nuanced understanding of
color-shape interactions.

Our study focuses purely on abstract palette design. Other factors
beyond simply color, shape, and category number may influence
palette effectiveness. For example, our study did not explicitly ac-
count for participant preferences in colors and shapes, which may
also impact their responses [64]. We also focused on palettes for
abstract, neutral values; however, both shapes and colors can carry
semantic meaning that may influence their effectiveness in isolation
as well as in redundant pairs [61]. Future research could investi-
gate how these factors influence the effectiveness of redundant
encodings and categorical palette design. Further, redundancy can
also be applied with ordinal and numeric data. Our findings offer
hypotheses about general redundant encodings, but future work
should confirm whether our observations generalize to quantitative
redundant encodings.

CatPAW represents a step towards automated palette generation
by considering redundant encodings. While CatPAW focuses on
leveraging the third dimension for categorical data, it does not ex-
plore using colors and shapes to encode different data dimensions
simultaneously nor can it currently adapt to new shapes. Future
work could focus on refining the underlying model and incorpo-
rating more sophisticated optimization techniques and account for
accessibility to create even more effective and user-friendly design
tools. Further, future work should evaluate CatPAW’s performance
across a broader range of tasks, factors such as aesthetic preference,
and in more formal human subjects experiments. As CatPAW is an
extensible open-source tool, future results, such as new shapes or
colors, can be readily integrated into the underlying data model to
generate a wider range of improved predictions.

9 Conclusion
We investigated the effectiveness of redundant encoding by sys-
tematically evaluating how color and shape pairings influence cate-
gorical perception in data visualization. Our findings demonstrated
that while redundant encodings can enhance task performance
in multiclass scatterplots, their benefits are most evident within
a certain range of category numbers (5-8). Furthermore, we high-
light the importance of combining colors and shapes, and provide
a set of guidelines for designing effective redundant categorical
palettes. To translate these insights into an actionable framework,
we developed a data-driven model informed by experimental re-
sults and implemented it in a web-based tool that enables designers
to create categorical palettes with flexible user preferences. We
hope this work will encourage future research toward developing
comprehensive strategies for categorical data visualization.
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