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Emotions are touchstones of humans’ everyday life experiences. Maps of emotions inform a variety of research from urban
planning and disaster response to marketing studies. Emotions are most often shown on maps with colors. Previous
research suggests that humans have subjective associations between colors and emotions that impact objective task perfor-
mance. Thus, a mismatch between the emotion associated with a color and the emotion it represents may bias the viewer’s
attention, perception, and understanding of the map. Ihere are no guidelines that can help cartographers and designers
choose matching colors to display spatial emotional data. This study aimed to address this gap by suggesting cognitively
congruent color palettes—color sets matched to emotions in a way that is aligned with color-emotion associations.

1o obtain the set of candidate congruent colors and identify appropriate color-to-emotion assignments, two user experi-
ments were conducted with participants in the United States. In the first, participants picked a representative color for 23
discrete emotions. In the second experiment, for each candidate color from a set derived from the results of the first exper-
iment, participants selected the best-matching emotions. The probability of the emotion being selected served as a measure
of how representative the color is of that emotion. Due to the many~to-many nature of associations between colors and
emotions, suitable color choices were incorporated into a dynamic palette generation tool. ‘Ihis tool solves the color assign-
ment problem and produces a suitable color palette depending on the combination of selected emotions.
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INTRODUCTION

PROBLEM

EMOTIONS ARE INHERENT TO EVERY HUMAN BEING
and play a significant role in our life experiences, social
interactions, and well-being. Psychological research pro-
vides evidence that emotions can impact our cognition and
behavior and affect attention, memory, action, and deci-
sion-making (Coppin and Sander 2016). Thematic cartog-
raphy has a long history of mapping different geographic,
economic, and social phenomena, including visible and in-
tangible features. Nevertheless, one of the defining char-
acteristics of every human being—emotions—has only
recently gained the attention of cartographic researchers
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(Griffin and McQuoid 2012; Caquard and Cartwright
2014; Caquard and Griffin 2018).

Advances in technology have made it possible to automate
the collection of spatial emotional data by for example, ex-
tracting location information from social media posts, and
inferring emotional data from their contents. The growing
amount of spatial emotional data provides new opportu-
nities to investigate human relationships and experienc-
es with a place. Emotional maps are gaining popularity
and have already been employed in various research areas
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such as tourism (Kim and Fesenmaier 2015; Mody, Willis,
and Kerstein 2009), navigation (Gartner 2012; Huang et
al. 2014), urban safety and planning (Pinek, Pédszto, and
Marek 2017; Pianek and Benediktsson 2017; Resch et al.
2015; Zeile et al. 2015), natural disaster studies (Caragea
et al. 2014; Lu et al. 2015), and business intelligence (Hao
et al. 2013). Social scientists use emotional maps to inves-
tigate the relationships between ethnic communities with-
in a city and to study perceived levels of comfort and fear
(Curtis et al. 2014; Matei, Ball-Rokeach, and Qiu 2001).
Cultural geographers build maps of grief to provide in-
sights into relational spaces and therapeutic environments
(Maddrell 2016) and maps of happiness to learn how hap-
piness levels correlate with demographic characteristics
(Mitchell et al. 2013).

Color is the visual variable that is most often used for
showing emotions on maps. For example, point symbols
are placed over a base map, with difterent colors standing
for a different experienced emotion or sentiment (Caragea
et al. 2014; Lu et al. 2015; Mitchell et al. 2013). Colors
are also used to represent emotions in non-spatial visual-
izations, like psychological self-report probes (Sacharin,
Schlegel, and Scherer 2012) or interactive charts of emo-
tional response taxonomies (Cowen et al. 2021). Usually,
authors use categorical color palettes with randomly as-
signed colors or design their own color schemes based
on their subjective understanding of what color is most
suitable to show each emotion. For example, a typical ex-
ample of a map that shows spatial emotional data (Figure
1) uses a color wheel scheme to represent eight types of
emotion (Meenar, Flamm, and Keenan 2019). The use of
color to show emotions, both within cartography (Griffin
and McQuoid 2012; Caquard and Griffin 2018) and with-
in data visualization generally (Lin et al. 2013; Setlur and
Stone 2015), makes consideration of the colors used to dis-
play emotional data an important aspect of map design.

It is well known that colors have strong psychological ef-
fects. Psychological research suggests that humans have
subjective associations between colors and abstract no-
tions, including emotions (D’Andrade and Egan 1974,
Hemphill 1996, Mohammad 2013). These associations can
affect user performance even when color is not task-rel-
evant (Goodhew and Kidd 2020; Lin et al. 2013). The
results of empirical color research provide evidence that
different dimensions of color (hue, saturation, and light-
ness) influence the emotional responses of the viewer and
that affective connotations of color should be considered in
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map design (Anderson and Robinson 2021; Suk and Irtel
2010; Bartram, Patra, and Stone 2017). It is also recog-
nized that choosing an appropriate color palette for a par-
ticular dataset is not just a matter of choosing a visually
attractive representation. When mismanaged, the use of
color can lead to an impaired reaction to the visual stimuli
and thus cause user confusion and hinder visual data anal-
ysis (Schloss et al. 2018; Silva, Santos, and Madeira 2011).
At the same time, interpreting color meaning becomes
easier when colors assigned to concepts in visualizations
match people’s expectations (Lin et al. 2013; Schloss et al.
2018; Setlur and Stone 2015). That research suggests that
semantically-resonant color palettes provide significant
performance benefits in data reading tasks.

The lack of universal, transferable map design guide-
lines for different mapping contexts is considered one of
the main problems of modern cartography (Griffin et al.
2017). Silva, Santos, and Madeira (2011) outlined the need
of knowledge and guidelines for the use of color in data
visualization. This lack of map design guidelines is partic-
ularly topical to emotional cartography. For example, the
latest editions of the GIS Cartography: A Guide to Effective
Map Design (Peterson 2020) and Thematic Cartography and
Geovisualization (Slocum et al. 2022) provide suggestions
on mapping features such as elevation, climate, water bod-
ies, geology, and hazards, but make no mention of map-
ping emotional data. Dent, Torguson, and Hodler (2008)

touch on the connotative meanings of color and suggest
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possible connections between color and various notions
including emotions. These authors also emphasize that
turther cartographic research on color meaning is needed
to inform practical map design applications. Despite the
large body of literature on color palette design and opti-
mization, there are no guidelines for choosing colors for
mapping emotions. Using default palettes from GIS and
design software or palettes generated by cartographic col-
or-picking tools to show emotional data on maps may lead
to a conflict with subliminal associations between colors
and emotions. In other words, it can cause the conceptual
equivalent of the Stroop effect, hindering visual data anal-
ysis (MacLeod 1991; Stroop 1935). Conversely, showing
emotions on a map using a cognitively congruent color
palette where colors are matched to emotions in a way that
is aligned with human associations, has the potential to
improve semantic coherence and reduce the cognitive load
of using the map.

The purpose of the present study was to address the lack
map design guidelines by identifying appropriate color
choices for showing emotional data on maps. To this end,
we have tried to discover a set of cognitively congruent
colors for emotional data. Designing cognitively congruent
color palettes requires the estimation of human color-con-
cept associations. Thus, our first objective was to identify
colors that are associated with each of the selected emo-
tions. Schloss et al. (2018) suggest that there is no one-
to-one correspondence between colors and meanings and
that people interpret color-coding systems based on the
simultaneous association strengths between all presented
objects and colors. Given this, the second objective of the
study was to assess the interpretability of the colors associ-
ated with particular emotions and solve the color-to-emo-
tion assignment problem to maximize the interpretability
of all colors in the set.

This research contributes to the literature on categori-
cal colormap design (Lee, Sips, and Seidel 2013; Lin et
al. 2013; Schloss et al. 2018; Brewer 1994), to studies of
color-emotion associations (Demir 2020; Hanada 2018;
Jonauskaite et al. 2020; Fugate and Franco 2019), and to
the general body of emotional mapping research (Griffin
and McQuoid 2012; Caquard and Griffin 2018).

‘There are different approaches to color palette design based
on color-concept associations (Lin et al. 2013; Rathore et
al. 2020; Schloss et al. 2018; Setlur and Stone 2015), but
they generally involve two steps: quantifying color-con-
cept associations, and assigning colors to concepts, using
the associations from step one. We use the same approach
in this research, as these steps are well aligned with re-
search objectives 1 and 2, mentioned above.

A direct and reliable way of estimating human color-con-
cept associations is by human judgments. Such user studies
usually involve rating the strength of association between
colors and concepts (Schloss et al. 2018), selecting colors
that fit concepts best (D’Andrade and Egan 1974; Ou et al.
2004), or naming concepts associated with colors (Demir
2020; Hanada 2018). There is an alternative approach of
automatically deriving human color-concept associations
from large, user-generated datasets like tagged images
(Hauthal and Burghardt 2013; Rathore et al. 2020) or tex-
tual data (Bostan and Klinger 2018; Mohammad 2016).
Despite the advantages of automation and the use of pub-
licly available data, this approach is computationally inten-
sive and still requires manual data annotation for train-
ing the algorithm. As we were limited in computational
and time resources in this study, the connection between
emotions and colors was established by collecting human
judgments in a user experiment. In this experiment, par-
ticipants picked a color for each emotion in a list from a
continuous, perceptually uniform color space.

There are several theories and multiple taxonomies of
emotions, which can be generally divided into two major
groups: discrete and dimensional emotion theories (Barrett
2017; Gerrig and Zimbardo 2008; Hamann 2012; Sander
2013). Discrete emotion theory suggests that there are
distinct emotions that people can experience and identify.
Dimensional theories conceptualize emotions as combina-
tions of several fundamental factors or dimensions (Sander
2013). The question of whether emotions are better con-
ceptualized in terms of discrete categories or underlying
dimensions has been much debated in the psychological
literature and a consensus has not been reached (Hamann
2012; Harmon-Jones, Harmon-Jones, and Summerell
2017; Barrett 1998). Research on the association of color
and emotions typically employs the model of discrete
emotions, which we also follow by selecting 23 discrete



emotions based on established emotion classification mod-
els derived from the literature (Plutchik 2001; Scherer
2005; Scherer et al. 2013; Kim and Fesenmaier 2015;
Keltner et al. 2016; Cowen and Keltner 2017; Cowen,
Elfenbein, et al. 2019; Demszky et al. 2020; Cowen and
Keltner 2020).

To understand how reliably each color is interpreted as
representing a particular emotion, a second user experi-
ment was conducted. During this experiment, we asked
participants to solve the task backwards and match each
color to the emotion(s) they thought it represented. The
colors used in Experiment 2 were the congruent color

THIs STUDY 1S BASED ON two user experiments and
used a quantitative methodological approach. Each ex-
periment was a separate online user study that followed a
within-subjects design. The experiments were conducted
consecutively, with Experiment 2 built on the results of
Experiment 1. Participants for each user study were re-
cruited separately using an online crowdsourcing platform.

The use of crowdsourcing platforms for behavioral data
collection is common in social science research and has
been successfully implemented in color and emotion-re-
lated research (Christen, Brugger, and Fabrikant 2021,
Cowen, Elfenbein, et al. 2019; Mohammad 2013). Heer
and Bostock (2010) replicated existing laboratory exper-
iments on Amazon Mechanical Turk (AMT) to demon-
strate the validity of crowdsourcing for graphical percep-
tion experiments. Their crowdsourced results show higher
variance but are consistent with laboratory findings. Other
research outlines that crowdsourcing often lacks sufficient
data quality control and should be used with caution to
acquire meaningful data for behavioral research (Pe’er et
al. 2022). Crowdsourcing approaches to visual perception
experiments lead to a lack of control over conditions like
display type, lighting, viewing angle, and distance. At the
same time, crowdsourcing conditions more closely mimic
real-world data visualization scenarios (Heer and Bostock
2010). Based on the comparison of different crowdsourc-
ing platforms, it appears that Prolific outperforms other
competitors, including AMT, in terms of data quali-
ty and cost per observation (Gupta, Rigotti, and Wilson

candidates defined during Experiment 1. Based on the
results of the two experiments, a final set of cognitively
congruent colors was defined, where each color-emotion
pair had a value showing how well they matched. In align-
ment with the previous research, color-to-emotion associ-
ations followed a many-to-many relationship. Thus, color
assignment can differ depending on the number and com-
bination of emotions in a palette. To automate the process
of assigning colors for each possible set of emotions, we
designed an interactive tool that generates cognitively con-
gruent color palettes depending on the selected emotions
to maximize the interpretability of all colors across the set.

2021; Hulland and Miller 2018; Pe’er et al. 2022; Sheehan
2018). Thus, Prolific was used for both user experiments in
this research.

Both studies were reviewed and approved by the Texas
State University Institutional Review Board (project 8076).
Data collection was implemented using the Qualtrics
online survey software. Only participants located in the
United States, speaking English as their first language,
were recruited to participate in each study, to reduce the
possible impact of cultural differences on associations be-
tween colors and emotions. All participants were 18 years
of age or older. Each participant participated only in one
experiment of this study. To ensure that collected data
were not affected by color vision impairments, participants
were required to pass an online version of the Ishihara
color vision test (Marey, Semary, and Mandour 2015) and
to complete the survey on a laptop or desktop computer
to provide sufficient screen size. Stimuli were presented to
viewers on a Munsell neutral value scale N7 background
to minimize the influence of simultaneous color contrast
on the perceived colors.

Sample size plays an important role in testing for statisti-
cal significance. A fairly large difference between the sam-
ple means will not be statistically significant with a small
sample size, and even a small difference between sample
means with a very large sample size can produce a statis-
tically significant result (Urdan 2016). Statistical power
analysis can be used to determine the sample size that is



necessary to detect statistical significance at a specified
confidence level a with a hypothesized effect size (Cohen
1992; Dean, Voss, and Dragulji¢ 2017). In this research,
the required sample size for each experiment was estimat-
ed by a priori power analysis solved for a medium effect
size using the G*Power software, indicating that between
80 to 90 participants were necessary, depending on the
target statistical test (Faul et al. 2007).

At the beginning of each user experiment, after providing
informed consent, participants took a 12-plate version of

EXPERIMENT 1 AIMED TO IDENTIFY COLORS associat-
ed with each of the 23 discrete emotions selected for the
research. Human judgments were collected to estimate the
color-emotion associations and obtain candidate cogni-
tively congruent colors.

'The set of 23 emotions includes Ekman and Frisen’s (1971;
1986) seven so-called basic emotions of anger, contempt,
disgust, fear, happiness, sadness, surprise. These seven are
widely used in research and were included to make the
results of this study more easily comparable with others.
However, their ability to describe the spectrum of human
emotional experiences is limited (Cowen, Sauter, et al.
2019), and to address this we added sixteen additional
emotions: amusement, annoyance, awe, boredom, confu-
sion, contentment, disappointment, grief, elation, embar-
rassment, interest, joy, pride, relief, serenity, and shame.
These were taken from elsewhere in the literature; specif-
ically we looked for those emotional concepts that were
mentioned frequently and that, together, provided a wide
range of different emotions (Plutchik 2001; Scherer 2005;
Scherer et al. 2013; Kim and Fesenmaier 2015; Keltner
et al. 2016; Cowen and Keltner 2017; Cowen, Elfenbein,
et al. 2019; Demszky et al. 2020; Cowen and Keltner
2020). The list of 23 emotions selected for this research
is not comprehensive and presents only a limited perspec-
tive on all possible emotional experiences. Nevertheless,
the list extends prior work that focused only on the basic
emotions.

the Ishihara color vision test. Following the Ishihara test
instructions (Ishihara 1974), if participants gave a correct
response in at least 10 of the 12 plates, their color vision
was regarded as normal, and participants proceeded to the
next step of the study. Information about sex and age of
the participants was downloaded from the Prolific par-
ticipant database, for later assessment of the basic demo-
graphic characteristics of the sample. Experiments includ-
ed training tasks and questions with known answers for
additional data quality control. After the main trial, at the
last step of each user experiment, there was an optional
free text question asking participants to provide general

teedback about the study.

Participants submitted their color judgments using a color
picker that enabled them to select colors from a contin-
uous perceptually uniform CIELuv color space (Schanda
2007). This color space, developed by the International
Commission on Illumination, approximates human vi-
sion and is commonly used for applications where color
is produced by emitted light, such as computer displays.
CIELuv uses lightness (L) and chromatic coordinates (u
and v), which can be challenging for non-expert users to
understand and manipulate. To address this issue and in-
crease the usability of the color picker, we utilized HSLuv
(hsluv.org). HSLuv utilizes a modified color space that
incorporates CIELuv within the dimensions of the HSL
color model, which includes hue, saturation, and lightness.
In Experiment 1, we combined the JavaScript implemen-
tation of HSLuv with the “d3-color” and “d3-color-differ-
ence” JavaScript modules to seamlessly convert user-select-
ed colors between different color spaces, derive alternative
color representations, and calculate color distances.

A total of 95 participants were recruited for Experiment
1 through the Prolific crowdsourcing web service. The
general demographic characteristics of the sample were as
follows: 51 females and 44 males with a mean age of 36,
ranging from 19 to 76 years old. Participants were com-
pensated with USD 1.10, which, when pro-rated for the
average duration of the task, was equivalent to a USD 7.00
per hour rate.
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DISPLAYS AND PROCEDURE

In Experiment 1 participants used an interactive color
picker that allowed them to choose any color from a con-
tinuous color space. To ensure that participants under-
stood how to use the color picker and were able to select a
specific color, a training task (Figure 2) was included be-
fore the main trial. In this task, participants were asked to

Figure 2. Training task in Experiment 1.

set the color of at least three out of four white rectangles to
be as close as possible to the color of the sample rectangle
on their left.

The user-selected colors were automatically compared

to the target color using the CIEDE2000 version of the




CIELab AE color distance formula. We checked several
values of AE to select a suitable threshold value for com-
paring user selections with the sample colors. It appeared
that a color distance of 5.5 provides a sensible level of diffi-
culty in matching the color to the sample swatch. The color
distance between the sample color and the user-selected
color was calculated in real-time as the user was modi-
tying their selected color. When it dropped below 5.5, a
green checkmark indicated a successful matching of the

Figure 3. Experiment 1, main trial.

colors. This value is consistent with the findings of Stone,
Szafir, and Setlur (2014), who suggest that the minimum
step in CIELab needed to make two colors visibly differ-
ent is between 5 and 6. When three colors were matched,
a “next” button appeared, allowing the participant to pro-
ceed to the main trial. In the main trial of Experiment
1 (Figure 3), participants selected a color for each emo-

tion. Emotions were displayed one by one in a randomized
order.




During the color assignment trials, participants had ac-
cess to the definition of each emotion, which appeared
when hovering the cursor over the word. The definitions
for emotion terms were obtained from the online ver-
sion of the Cambridge English Dictionary (dictionary.
cambridge.org/dictionary/english/). The time required to
select a color for each emotion, and the total time for the
whole task was recorded for data quality assessment.

At the beginning of each trial, the color picker was reset to
a random color to avoid bias being introduced to the color
selections by the data collection instrument. The start-
ing color of each trial was recorded along with the final
user choice to check that participants did not submit the
randomly preset color as their selection. A total of seven
submissions with unreasonably short completion times or
where these two colors were systematically similar were
excluded from the study and replaced with new partici-
pants additionally recruited on Prolific.

RESULTS

Data collected in Experiment 1 were sets of colors defined
in a perceptually uniform color space that were identified
by participants as associated with each emotion. Color
selections from all 95 participants, as well as the detailed
results of the statistical tests, are provided in supplemen-
tary materials. A subset of the reported colors is presented
here in Figure 4. The distribution of selected colors was
consistent with the many-to-many nature of associations
between colors and emotions that has been suggested in
prior research. Participants selected different colors to rep-
resent the same emotion, and similar colors were associat-
ed with different emotions. Some emotions demonstrated
more uniform color associations than others. Bright and
saturated colors were generally assigned to positive emo-
tions, while negative emotions were more often associated
with darker colors.

'The analysis of the data from Experiment 1 consisted of
the following steps. First, color selections were inspected
visually using interactive 3D scatterplots in the CIELab
color space for all responses grouped by emotion (Figure
5). Visual inspection of these interactive charts suggest-
ed that the distributions of color choices in CIELab color
space were different for different emotions.

Next, a repeated measures ANOVA test was conducted
for each color dimension (L, a, b) to check that colors were

not selected randomly and there is a statistically significant
difference between colors selected for different emotions.
'This was then followed by multiple pairwise paired #tests
to identify which emotions were significantly different in
terms of their corresponding color parameters. Then clus-
ter analysis was applied to identify the candidates for the
most representative and thus, most congruent colors for
each emotion. As a result, one representative color was ex-
tracted from each cluster. Last, the strength of association
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with the corresponding
emotion was quantified for
each cognitively congruent
color candidate. Based on
this value, a final selection
of the thirty-two cognitively
congruent colors was made

(Table 2).

A repeated measures
ANOVA was conducted to
determine whether there was
any effect of emotion (inde-
pendent variable) on the “L”
color dimension (dependent
variable). The assumption of
normality was checked using
QQ _plots that draw the cor-
relation between the given
data and the normal distribu-
tion. Outliers were identified using the box plot method
and removed. The assumption of sphericity was automati-
cally checked using Mauchly’s test during the computation
of the ANOVA. The Greenhouse-Geisser sphericity cor-
rection was automatically applied to factors violating the
sphericity assumption. The mean values of the “L” color
dimension were statistically significantly different for at
least two emotions, F(12, 411) = 33, p < 0.0001, I]g2 =0.45.
Given that the ANOVA results showed a significant dif-
ference, post hoc pairwise comparisons using paired #-tests
were applied, with p-values adjusted using the Bonferroni
multiple testing correction method. The results for a total
of 253 t-test comparisons (provided in supplementary ma-
terials) demonstrate that the mean “L” values are signifi-
cantly difterent for 164 pairs of emotions.

Repeated measures ANOVA for the “a” and “b” color di-
mensions as the dependent variables followed the same
procedure as did the analysis for the “L” color dimension.
'The mean values of the “a” color dimension were signifi-
cantly different for at least two emotions, F(11, 387) = 8, p
< 0.0001, qu = 0.19. Post hoc pairwise #-test comparisons
demonstrate that the mean “a” values are significantly dif-
ferent for 87 out of 253 pairs of emotions. The mean values
of the “b” color dimension were statistically significantly
different between at least two emotions, F(11, 389) = 9, p

< 0.0001, r]g2 = 0.19. Post hoc pairwise #-test comparisons

demonstrate that the mean “b” values are significantly dif-
terent for 91 out of 253 pairs of emotions.

Cluster analysis was applied to organize color choices for
each emotion into sensible groupings. This approach fol-
lows the method of Setlur and Stone (2015), who applied
k-means clustering to quantize input colors into visually
discriminable clusters using CIELuv Euclidean distance.
Since there are thousands of clustering algorithms and
none of them has been shown to outperform the others
(Jain 2010), we tested different algorithms with varying
parameters to see which produced more meaningful re-
sults. A simple 4-means clustering and two density-based
spatial clustering algorithms, DBSCAN and OPTICS,
were used (Ester et al. 1996; Ankerst et al. 1999). Density-
based algorithms proved to be more suitable for this
study as such algorithms perform better with irregularly
shaped clusters of varying density (Duan et al. 2007; Liu
et al. 2012). Both density-based clustering algorithms re-
quired manual fine-tuning of their parameters for the best
performance.

The cluster analysis was implemented using “Scikit-
Learn,” a free machine learning library for the Python
programming language (Kramer 2016; scikit-learn.org).
An interactive 3D scatterplot was produced for each al-
gorithm, where each point is assigned to a color-coded
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cluster (Figure 6). These scat-
terplots were then visually
inspected, and the one with
more meaningful clusters was
selected for further analysis.
The results of DBSCAN were
used for 13 emotions, and the
clusters for the remaining 10
emotions were obtained with

OPTICS.

After finishing the cluster
analysis for each emotion,
one candidate congruent
color was extracted from each
identified cluster with a geo-
metric median algorithm de-
scribed by Vardi and Zhang
(2000). The position of each
extracted candidate color was
inspected using another series
of interactive 3D scatterplots
to make sure it was locat-
ed inside the corresponding

cluster (Figure 7).

Since clusters varied by the
number of color points, size,
and shape, it was necessary
to quantify the degree of
association between an ex-
tracted candidate color and
the corresponding emotion.
This congruency rating (r)
was calculated as the ratio
of the number of points in
the cluster (n) to the median
distance (4) from the color
points to the geometric me-
dian of that cluster (r = # +
d). A candidate color com-
ing from a cluster with more
points placed closer to each
other will have a higher rat-

ing than a candidate color from a cluster with fewer points
or with the points being farther away from each other. For
clusters where colors are very close or identical, the medi-
an distance 4 will be close to zero, leading to an infinite

congruency rating.

\
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The total number of cognitively congruent color candi-
dates was 100 (Table 1). Some colors identified as congru-
ent for different emotions turned out to be very similar to
each other. Similar colors less than 5 AE apart were ag-
gregated to a single color using the geometric median to
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improve the discriminability of colors in the complete set
and to minimize the variability in brightness and satura-
tion among the candidate colors because this is useful for
qualitative color schemes. The remaining set of colors was
reduced further by selecting only colors with the highest
congruency ratings while preserving as much difference
in hue as possible. The resulting set of 32 congruent color
candidates (Table 2) was then tested in Experiment 2 to

estimate the interpretability of each color.

Our review of the color-association literature suggested
that some emotions would have more consistent and dis-
tinct color selections than others; there would be stronger
similarity in the colors associated with similar emotions
than of those associated with dissimilar emotions; and
that there would be some variability in color-emotion as-
signments, but the colors would not be selected entirely at
random (Fugate and Franco 2019; Demir 2020; Gilbert,
Fridlund, and Lucchina 2016; Schloss et al. 2018).

The results of Experiment 1 support the findings of prior
studies. For some emotions, like anger, happiness, and
disgust, participants demonstrated more consistent color
selections, while for the others, like awe, confusion, and
surprise, color choices show higher variability (Figure 4).
Colors selected for positive emotions are generally bright-
er and more saturated than colors picked for negative
emotions.

Despite the variability in color selection and similar colors
being chosen to represent different emotions, the overall
distribution of color choices does not appear random. This
conclusion is supported by the results of ANOVA compar-
isons conducted for each color dimension of the CIELab
color model. The results showed that at least two emotions
were significantly different from each other on each color
dimension between the 23 tested emotions (p < 0.0001).
According to Cohen (1988), the reported qu of 0.19 for
“a” and “b,” and 0.45 for “L” indicate a large effect size.
According to the follow-up t-tests of all possible 253 pairs
of emotions (provided in supplementary materials), only
39 of the pairs were not significantly different at least on
one color dimension. Emotion pairs that did not show a
significant difference consisted mainly of similar emotions
like sadness-grief and joy-surprise.

However, a few pairs included dissimilar emotions. For ex-
ample, the pair embarrassment-pride did not demonstrate
a significant difference in any of the color dimensions. This
could happen because the distribution of color choices for
these emotions in CIELab space produced similar mean
values of color dimensions, even though the shapes of the
distributions were different (a link to all 3D scatter plots
is provided in the supplementary materials). Alternatively,
these might be the cases of type 2 errors happening due to
multiple comparisons. In other words, the emotion pairs
might in fact be significantly different, but the statistical
test failed to detect this difference. Overall, the results of
the statistical tests for the data collected in Experiment 1
could be considered to provide strong evidence that there
is a relationship between colors and emotions, and it is
possible to characterize emotions by assigning each one a
unique, specific color.

Color selections obtained in Experiment 1 are well
aligned with those previously reported in the literature.
In particular, they are very similar to the color-emotion
associations presented by Fugate and Franco (2019) and
Gilbert, Fridlund, and Lucchina (2016). For example, dif-
terent shades of red were a popular choice for anger, gray
for boredom, and dark blue and black for sadness. Color
selections from Experiment 1 also match with the general
color-emotion associations summarized by Demir (2020).
Our empirical data demonstrate fairly low specificity (one
color being selected exclusively for a particular emotion)
and consistency (only similar-looking colors being select-
ed for an emotion), consistent with the findings of Fugate
and Franco (2019).

In most previous investigations, participants were asked to
indicate color-emotion associations using color swatches
or color words. Because of this, the identified color-emo-
tion associations are sometimes critiqued as having been
imposed by the limited range of answer choices. Other
authors have argued that the use of categorical represen-
tations of color limits our ability to identify exact col-
or-to-emotion associations (Tham et al. 2020). For in-
stance, many English speakers might agree that anger is
associated with red, but is this association with a range of
colors categorized as red or with more specific exemplars
of red?

Following the methodology of Gilbert, Fridlund, and
Lucchina (2016), the present study addressed the limita-
tion of the constrained color-matching method by using an



interactive color picker that allowed participants to choose
any color from a perceptually uniform continuous color
space. The color picker used in the current study provid-
ed controls for three color parameters, while dynamically
displaying the range of available colors at the currently se-
lected level of lightness. This provided more accurate con-
trol of the selected color than a color wheel with a single
light/dark slider, the method used by Gilbert, Fridlund,
and Lucchina (2016).

Even when participants were not restricted by a limited
number of available choices, the obtained color-to-emo-
tion associations aligned well with the results of previous
studies. This suggests that identified color-emotion associ-
ations are not entirely task-specific or imposed by the data
collection instrument. Selecting colors from a continuous
color space also helped in understanding which exact color
is considered more suitable for a corresponding emotion,
such as which “red” is more associated with anger and
which “red” is more associated with surprise. Aggregating
the collected data with clustering algorithms allowed

THE PURPOSE OF EXPERIMENT 2 was to quantify the
interpretability of the colors obtained in Experiment 1 to
generate the appropriate color assignments for a given set
of emotions. In other words, we wanted to see which can-
didate colors from Experiment 1 are more reliably inter-
preted as representing a particular emotion. Knowing this
can inform the creation of cognitively congruent color pal-
ettes for any combination of the 23 emotions. To this end,
the participants of Experiment 2 were asked to solve the
task of Experiment 1 backwards and pick matching emo-
tions for a presented color. Quantification of the color’s in-
terpretability was based on the frequency of each emotion
being selected as matching to a corresponding color.

A total of 32 colors came out as a result of Experiment
1 (Table 2). The task of matching emotions to these col-
ors could be formulated in two ways: the best fit for
an individual color and the best fit for a set of colors.
Since color-concept associations usually demonstrate

identification of colors that demonstrate more reliable as-
sociations with the corresponding emotions.

The main practical application of the outcomes of
Experiment 1 for this study was to provide a basis for
identifying cognitively congruent colors. The resulting
color candidates still required evaluation in terms of their
ability to represent corresponding emotions. At the same
time our efforts and methodology in Experiment 1 could
easily be extended in future research. More data can be
collected for the same set of emotions to see if it is possi-
ble to refine the most congruent color choices. The same
methodology can be applied to a population from a dif-
ferent country or using a different language to see how the
color selections compare to each other, a point of particu-
lar interest given Feldman Barrett’s hypothesis that lan-
guage structures emotional learning and concepts and that
in the discrete emotion model, emotions are described by
language (Barrett 2017). Our method and test instrument
can be applied to collect data on other discrete emotions,
expanding our knowledge about color-to-emotion associa-
tions in a systematic and more comparable way.

many-to-many relationships (Schloss et al. 2018; Fugate
and Franco 2019), different combinations of emotions
would likely result in different sets of assigned colors.
Some colors would be interchangeably used for different
emotions. Given this, testing a single set of emotions for
the best set of colors would be only representative of that
particular assignment case. Testing all possible combina-
tions that could be made from 23 emotions was not feasi-
ble. Thus, Experiment 2 was designed to estimate the best
fit for each individual color.

A total of 99 participants were recruited for Experiment 2
through the crowdsourcing platform Prolific. The general
demographic characteristics of the sample were as follows:
50 females and 49 males with a mean age of 38, ranging
from 18 to 78 years old. Participants were compensated
with USD 1.10, which, when pro-rated for the average du-
ration of the task, was equivalent to a USD 9.00 per hour
rate.



DISPLAY AND PROCEDURE

During Experiment 2, the partici-
pants saw all 32 colors one by one in
a randomized order and selected all
emotions they thought each color
represented (Figure 8). Emotions
and their definitions were the same
as those used in Experiment 1.
Emotion choices were presented in
individual containers with the emo-
tion term and a checkbox to indi-
cate if it was selected or not. These
containers were ordered alphabeti-
cally in each trial to make it easier
for participants to find the emotion
they wanted to select. A definition
of each emotion was available to
participants by hovering the cursor
over the corresponding contain-
er. An additional option, “none,”
was included in each trial to avoid
forced replies when participants
did not feel an association of the
current color with any emotion. The time spent selecting
emotions for each color and the total time for the whole
task were recorded. A total of six submissions with unrea-
sonably short completion times or contradicting emotions
selected for the same color were excluded from the study
and replaced with new participants additionally recruited
on Prolific.

RESULTS

Data collected in Experiment 2 were arranged in the
form of a two-way contingency table of counts for each
color-emotion pair. A chi-square test of independence was
used to check for the presence of a relationship between an
emotion and a selected color (Hanada 2018; Lutabingwa
and Auriacombe 2007; Olsen and St George 2004). It
has been argued that the standard chi-square test is un-
suitable for data collected with multiple-choice questions
where participants select all answers that apply (Mahieu
et al. 2021; Loughin and Scherer 1998). Since this was the
case in Experiment 2, a multiple-response chi-square test
version implemented in the R statistical software package
“MultiResponseR” by Mahieu et al. (2021) was applied. It
was followed by a multinomial logistic regression analysis
to estimate how suitable each color was for representing
an emotion. The calculated probabilities of each emotion

Figure 8. The color interpretability assessment instrument.

being selected depending on the color served as a measure
of interpretability.

The results of the chi-square test (x> = 6981, p = 0.0005,
and effect size Cramér’s V = 0.22) indicated a relation-
ship between at least one color-emotion pair. In addition
to the chi-square test, the “MultiResponseR” package al-
lows determining the significance of associations between
each pair of the tested variables by conducting multi-
ple-response hypergeometric tests per cell. In particular,
it showed for a given color-emotion pair whether this
emotion was cited for this color in a proportion that dif-
fers significantly from the overall average citation propor-
tion for this emotion in all colors combined (Mahieu et al.
2021). The detailed results of the hypergeometric tests per
cell and multinomial logistic regression are provided in the
supplementary materials.

DISCUSSION

As proposed by Schloss et al. (2018), people interpret col-
or-coding systems by solving a decoding assignment prob-
lem. They make inferences about how colors are mapped
onto concepts. Given this, Experiment 2 aimed at testing
the cognitively congruent color candidates from Experiment
1 in terms of their interpretability as corresponding to a



particular emotion. A statistically significant relationship
between the color and emotions selected as represented by
that color was expected. Hypothetically, the probability of
an emotion being selected as matching to a color should be
different depending on the strength of association between
that color-emotion pair. These probabilities were calculat-
ed and served as interpretability ratings, with higher values
meaning that this color is more reliably identified as show-
ing a particular emotion.

A chi-square test of independence was conducted to deter-
mine whether two categorical variables of color and emo-
tion were likely to be related. The results suggest that the
null hypothesis should be rejected, and the variables are
not independent of one another. The estimated effect size
indicates a large effect size or strong association between
colors and emotions (Volker 2006; Cohen 1988). Thus,
the color candidates used in Experiment 2 are likely to
be suitable colors for creating cognitively congruent color
palettes.

The probabilities of each emotion being selected de-
pending on the color were estimated with a multinomi-
al logistic regression. The resulting values were generally
quite low. This could be explained by the total number of

EXPERIMENT 1 HAD SEVERAL LIMITATIONS. The first
one is the variability of lighting conditions and of the
screens used to take the survey. This should be considered
a confounding factor, introducing additional variability to
the responses since different monitors can show the same
colors differently, and the same color on identical screens
can look different depending on the surrounding lighting.
It is worth noticing that Fugate and Franco (2019) claim
that participants’ judgments are not influenced by perceiv-
ing the colors differently based on the device on which
they take the survey. They report that the top-indicated
color across the majority of emotions was the same be-
tween the laboratory control study and the results reported
from an online crowdsourcing platform. Another limita-
tion originates in the nature of online studies. Researchers
must rely on the honesty of the self-reported demographic
data, and although the data from our study were exam-
ined carefully, there is no reliable way to entirely exclude
low-effort or completely random submissions.

emotions, as the probability of 1 is divided between 23
possible outcomes. However, a pattern can still be identi-
fied in the distribution of probabilities. The emotions can
be divided into three groups. First are emotions (such as
anger, boredom, disgust) that have a few colors with high
probabilities and very low probabilities for the rest of the
colors. The second group includes emotions that demon-
strate medium probabilities of similar values for multiple
colors (such as happiness, joy, serenity). In the third group,
emotions (like confusion, shame, embarrassment) have
low probabilities for a few colors and almost zero proba-
bilities for the rest of the colors. This might happen due to
the nature of the color to emotion associations, meaning
that some emotions are strongly connected to one or two
specific colors, while the others are more “colorful” and
demonstrate higher variability in associated colors. The
presence of the third group may also indicate that some
emotions do not have any solid or stable color associations.
The observed probabilities of an emotion being select-
ed depending on the color still follow the many-to-many
kind of relationship outlined in the literature. Pairs with
the highest probabilities match the top-scoring color as-
signments from Experiment 1 and the color choices pre-
sented by Fugate and Franco (2019) for the corresponding

emotions.

There were also some methodological limitations. First,
the total number of emotions studied in Experiment 1 was
23. 'This is only a fraction of all existing emotional con-
cepts, and thus, the results of Experiment 1 provide a lim-
ited view of color-emotion associations. Second, the use of
only the English language is another methodological lim-
itation. In other languages there are emotional concepts
that are not present in English and vice versa. Third, the
candidates for the cognitively congruent colors were de-
termined using specific clustering algorithms with man-
ual parameter tuning. The use of different algorithms or
different parameters may have produced other colors that
could be more or less congruent than those that were

identified.

Finally, it is important to note that both experiments were
limited to United States residents, which afforded a degree
of experimental control but at the same time limits the
generalizability of the results. Communities with difterent
cultural backgrounds may have noticeable differences in



color preferences and associations (Cyr, Head, and Larios
2010; Jacobs et al. 1991; Or and Wang 2014). Because
of this limitation, one should be careful when extending
them to all populations in order to avoid an improper col-
or-emotion assignment. In such cases, the proposed cog-
nitively congruent colors may serve as a starting point for
making informed decisions about choosing and assigning
colors to display emotions.

Experiment 2 shares the limitations described earlier for
Experiment 1 and has some limitations of its own. First,
when selecting emotions represented by a given color, par-
ticipants did not have a way to rank the suitability of each
choice. Thus, each selected emotion had the same contri-
bution to the overall probability, which might not be the

To TURN THE FINDINGS of Experiments 1 and 2 into a
practically usable tool, we constructed an interactive color
palette generator. Here we describe the construction of
this tool, provide examples of color palettes generated by
the tool, and discuss its potential use and limitations.

Quantification of color-emotion associations allows us to
apply mathematical methods to solve the color assign-
ment problem. Following the approach of Schloss et al.
(2018), our tool generates suggested colors for each set
of emotions by solving the color assignment problem as
a linear program. Assignment problems, also known as
maximum-weight matching problems, are mathematical
models describing how to pair items from two categories
(Kuhn 1955). For example, such models can optimally as-
sign employees to jobs in a company, machines to tasks
in a factory, and trucks to routes in a shipping network
(Williams 2013). Linear programming, also called linear
optimization, is a method to achieve the best outcome
(such as maximizing profit or minimizing cost) in this
matching process and can be used when its requirements
are represented by linear relationships (Williams 2013;
Schrijver 1998). The values of probabilities of each emotion
being selected for a particular color were derived from the
multinomial logistic regression model from Experiment
2, and when combined with the results of the hypergeo-
metric tests per cell, formed the basis for solving the col-
or-to-emotion assignment problem. Only color-emotion
pairs with probabilities that demonstrated a statistically

case with actual color to emotion associations. Including
an additional weighting procedure could help to calculate
more precise probabilities for each color-emotion pair and,
by doing this, achieve a more optimal final color assign-
ment. Another limitation of Experiment 2 was the total
number of colors tested. Having 32 colors tested is com-
parable to the number of colors used in the other studies
with some authors having fewer (Fugate and Franco 2019;
Jonauskaite et al. 2020), and others having more (Schloss
et al. 2018; Tham et al. 2020). At the same time, including
the other possible candidate colors may provide additional
information about color to emotion associations and possi-
bly reveal some other patterns that remained unnoticed in
the current set of tested colors.

significant relationship were included when generating the
palettes.

Because different colors demonstrate a similar degree of
association with multiple emotions, it is possible to cre-
ate multiple combinations of congruent color assignment.
Our interactive tool offers two options: an isolated and a
balanced assignment of colors suggested by Schloss et al.
(2018). The isolated algorithm for color-emotion assign-
ment is straightforward and maximizes the color-emotion
associations among all color-emotion pairs for the chosen
emotions. The balanced algorithm mitigates conflicts due
to many-to-many relationships by simultaneously max-
imizing the association between all paired items while
minimizing the association between unpaired items. An
additional optional constraint of the minimum allowed
color distance between the assigned colors in CIEDE2000
AE units was added to the algorithm to improve the dis-
criminability of colors assigned to different emotions. If
possible, the algorithm assigns the colors to emotions en-
suring the minimum distance between the colors in the
suggested palette is not less than the specified value.

The color palette generator was implemented using the
“PuLP” linear programming toolkit and the Python pro-
gramming language (Mitchell, O’Sullivan, and Dunning
2011). It can be used to automatically generate cognitive-
ly congruent palettes for any possible combination of the
23 emotions. This script was then turned into a web app



(Figure 9) that produces two cog-
nitively congruent palettes for the
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ette without reducing the overall
suitability of the palette too much.
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The practical applications of the
cognitively congruent color palette
tool that we built based on the re-
sults of Experiment 2 are diverse.
It may be helpful to cartographers
who need to choose colors for map-
ping emotions, for designers who need to color-code emo-
tions in their visualizations, or for scientists who develop
stimuli or measurement instruments that may benefit from
using cognitively congruent colors. It should be noted that

THI1s STUDY BUILDS UPON and extends existing knowl-
edge about color-emotion associations in the domains of
psychology, cartography, and data visualization. It pro-
vides much-needed empirically-based guidelines for the
informed use of color and for the design of more effective
visual representations of spatial emotional data that facili-
tate comprehension and analysis of this information (Silva,
Santos, and Madeira 2011). We aimed to solve a pragmatic
problem of identifying the cognitively congruent colors for

the tool doesn't consider lightness/saturation differences
when producing a palette. Taking this into account could
be way to build upon the conducted research and would
help generate color sets without some colors being notice-
ably brighter or darker than the others.

suitably displaying emotional data on maps. The congru-
ent colors were defined as matching subliminal color-emo-
tion associations. To identify these associations, we con-
ducted a user experiment where participants chose colors
that represented each emotion. Color candidates for each
emotion were calculated as geometric medians of clusters
in the reported colors plotted in the CIELab color space.
The interpretability of each congruent color candidate was
quantified with another user experiment.
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Given the many-to-many nature of the relationship be-
tween colors and emotions, the congruent color for an
emotion will need to differ, depending on the combination
of emotions. The color assignment problem was solved
mathematically, using the linear programming approach.
'This solution was implemented as a web-app that generates
cognitively congruent color palettes for the selected emo-
tions. It is expected that the use of congruent colors will
provide advantages for user task performance, will reduce
the perceived difficulty of the tasks as compared to when
undertaken with non-congruent colors, and will probably
influence decisions users make with the emotional data.

This research did not try to identify whether there are
any universal color-emotion associations. Indeed, some
psychologists have suggested it’s unlikely that universal
emotions even exist (Barrett 2017), much less universal
color-emotion associations. Investigation of individual
or cultural differences and understanding the underlying
mechanisms and patterns of color-emotion associations
were outside of the scope of the present research. Possible
differences in color-emotion associations between male
and female participants or between younger and older par-
ticipants were not considered. Two primary contributions
were made: (1) an empirically derived set of cognitively
congruent colors for 23 emotions and (2) an interactive
web-app tool that suggests cognitively congruent color
palettes for emotional data, which can serve as a guide-
line and starting point for researchers, designers, and car-
tographers who need to create effective visualizations of
emotions.

By estimating the associations between colors and a set
of discrete emotion concepts, this study mainly contrib-
utes to our knowledge of color-emotion associations and
the emotional mapping branch of thematic cartography.
The presented findings can be important both for aca-
demic and commercial contexts. The literature outlines
that color-concept associations should be considered when
designing color-coding systems for categorical data. The
application of this idea to emotional mapping is a useful
contribution to existing knowledge because maps of emo-
tions are valuable tools for studying human experience
with space and place. Mapping of emotional landscapes,
as advocated by human geographers and critical cartogra-
phers, makes geospatial practices more relevant to real-life

decisions (Kwan 2007; Pearce 2008).

'The broader impact of the outcomes of the current study is
twofold. First, our tool for choosing colors for visualization

of emotions may help researchers, cartographers, and de-
signers create visualizations of emotions that put a lower
cognitive load on the viewers. This could facilitate explor-
atory visual analysis and help emphasize and communicate
the necessary information more accurately. Geographers
who use emotional mapping for collecting data can use the
color palette generator tool to provide the participants with
color-coding systems that are easier to use. Researchers
and geovisual analysts who explore big spatial datasets for
extracting emotional information could benefit from data
visualizations that more effectively convey information
and insights from such complex data. Designers of user in-
terfaces and human-computer interaction (HCI) special-
ists can use cognitively congruent palettes for emotional
data in development of web-based or mobile applications.
'The provided palette generator tool can be used as a guide-
line and assist nonprofessional cartographers and people
dealing with emotional data visualization in diverse disci-
plines such as medicine, psychology, and graphic design. It
can help with color choices for making their visualizations
easier to read, explore, and understand.

Second, an empirically tested cognitively congruent color
set for visualizing emotions can serve as a basis for further
research. As emotional mapping is a relatively new area of
thematic cartography, there are no well-established design
methods for showing emotions on maps. The effectiveness
of different symbolization approaches could be evaluated
in future work, using the provided color suggestions as
a baseline for comparison. Investigation of the influence
of cognitive congruence of the color palette on user per-
formance and preference for different kinds of emotional
maps (e.g., choropleth) could provide further guidance to
designers and cartographers. As demonstrated by Fuest et
al. (2021), differences in cartographic designs can influ-
ence user decision-making. Thus, the suggested cognitive-
ly congruent colors can be used to research the influence of
symbolization on the opinions and decisions of emotional
maps’ viewers’. This could be of especial importance for
maps made for and used by policymakers.

In closing, it is important to note that existing color con-
ventions and principles of color mapping should not be ig-
nored in favor of facilitating cognitive congruence; design
considerations are always multifactorial. This study, how-
ever, advocates that connoted color meanings in general
and color-emotion associations, in particular, should be
among the essential design considerations in cartography
and data visualization.
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