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Effect of color palettes in heatmaps perception: a study
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Figure 1: Example of heatmaps used in our study. In order: Viridis and Blues discrete, and Viridis and Blues continuous.

Abstract
Heatmaps are a widely used technique in visualization. Unfortunately, they have not been investigated in depth and little is
known about the best parameterizations so that they are properly interpreted. The effect of different palettes on our ability to
read values is still unknown. To address this issue, we conducted a user study, in which we analyzed the effect of two commonly
used color palettes, Blues and Viridis, on value estimation and value search. As a result, we provide some suggestions for what
to expect from the heatmap configurations analyzed.
CCS Concepts
• Human-centered computing → Heat maps; Visualization design and evaluation methods;

1. Introduction

Heatmaps are a popular visualization technique that can be used to
detect clusters, outliers, and summarize data [Mun14]. They are de-
signed as a two-dimensional matrix of cells where two categorical
(or sometimes ordered) variables are used as indices, and a quanti-
tative variable is encoded as a color. Though very commonly used,
to the best of our knowledge, there are no guidelines that advise on
how to design them. Existing studies on how good people’s estima-
tion of values is when reading heatmaps depend on different visual
cues are scarce. With our study, we present insights into value esti-
mation with different palettes, and provide a more in-depth under-
standing of how the ranges of values in the palettes affect, which
can be a starting point for new investigations.

2. Related Work

Heatmaps are very common in visualization nowadays [KAB∗20].
They can be traced back to 1957, when Sneath already talked about

reordering rows and columns of matrices that represented similar-
ity values as shades [Sne57] to help users find patterns. Bertin de-
scribes them under the name of reorderable matrices [Ber73]. In the
approach depicted by Wilkinson [Wil12], oftentimes the two keys
can be reordered, as with clustered heatmaps [Mun14, DTT∗15].
However, heatmaps also encode time data [CSL∗15, KIM∗16] that
cannot be reordered. Calendar heatmaps are a variant where the
cells represent days in a calendar (e.g., [LWW∗20]) and the or-
der is fixed. Under the name of heatmaps, we find many other de-
signs: using hexagonal cells [CLNL87] (though commonly called
hexplots [TSSB22]), or maps where the axes are linked to spatial
positions [PSSC16, WSWW13].

Perception studies are needed to understand how humans inter-
pret charts. There is a large body of research [FPS∗21], but there
are still unknowns, such as the effect of the palettes [LH18]. Fur-
thermore, perceptual studies are often limited due to the enormity
of the space of parameters, so we must constrain the conditions
to effectively obtain statistically valid results. Besides, there are
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some practices that are widespread (such as the use of red-green
palettes) despite not being the most suitable according to science
[BGP∗11]. Unfortunately, there are also contradictory results, re-
jecting a palette [RT98] and recommending it [RSGP21]. Regarding
heatmaps, some focus on comparing them with other types of visual
encoding techniques [GFC05], but just a few papers have analyzed
how they are perceived, as Słomska-Przech et al. do with respect
to the generalization level [SPPP21] or as Rostislav et al. do with
geographical information [NPS18]. However, the rest mostly deal
with comparative visualization tasks. Krakov and Feitelson analyze
how to better encode differences between hexplots [KF13], but no
perceptual analysis is performed. Kraus et al. also concentrate on
visual comparison tasks for heatmaps and height maps in 3D envi-
ronments [KAB∗20]. But the tasks they address don’t involve esti-
mating values or changing parameters like the palette. Our work has
some analogies to the one by Tory et al., where the authors compare
how points, encoded in a sequential palette of greens, are read by
users under different distributions in scatterplots [TSD09]. Traut-
ner et al. have analyzed the perception of different configurations of
honeycomb plots, which resemble heatmaps [TSSB22].

3. Experiment Design

Our objective is to investigate the relationship between heatmap
configurations and the perception of values. To identify the most
common configurations used by researchers and practitioners, we
first analyzed a set of sources.

3.1. Common heatmap parameters

The initial goal was to find whether there were some configuration
parameters that we could use as a basis for the design of our tests.
We first downloaded the EuroVis and IEEE Vis papers from 2019
and 2020 (263). 75 had some kind of heatmap or heatmap-like chart
with color coding that showed confusion matrices. The tasks the de-
signers were trying to help solve were mostly related to the explo-
ration of correlation matrices or the search for patterns, shapes, and
trends. We also checked the more common usage in non-scientific
publications and searched “heatmap chart” in Google Images. We
checked the primary results (122 images). 114 were heatmaps or
heatmap-like charts. With this analysis, summarized in Table 1, we
saw that there are no common parameters to start with. In fact, there
are good practices that need to become more widespread, like avoid-
ing red-green palettes, to make them accessible to color-blind peo-
ple. The lack of consensus on the best design led us to fix a set of
parameters (cell size and dimension) and vary the palette. The pro-
posed tasks were:
∙ Task 1: Estimation of the value of the indicated cell. Its goal is

to check whether the values are estimated correctly and which
parameters may have an impact.

∙ Task 2: Select a cell with the indicated value. The objective here
is to study if values are properly found.
Due to the massive space of possible configurations, we leave

out of this work other elements such as clusters, outliers, and trends
detection/interpretation.

Papers Google
Dimensions From 4x4 to hundreds 12-35 up to 50
Cell size 1px, majority >10 px Big, rectangu-

lar

Palette
Sequential: blue/green.
Multi-hue: viridis/magma
(red-green)

Sequential:
blue/orange
Multi-hue:
red-green.

Table 1: More common parameters found in the EuroVis and IEEE
Vis 2019/20 papers and in Google Images.

Figure 2: Example of a heatmap with the different tasks to be solved.
Participants had the fields to be filled under the chart.

3.2. Hypotheses

We restricted ourselves to changes in palettes: single-hue vs multi-
hue ones, and discrete vs continuous ones, since both are found in
the literature. Since continuous palettes encode more values and
multi-hue palettes use a combination of color hue and luminance,
we hypothesized that:
∙ Continuous palettes are better than discrete ones to: a) H1: esti-

mate values and b) H3: search for a given value.
∙ Multi-hue palettes are better than single hue ones to: c) H2: esti-

mate values and d) H4: search for a given value.
Hypotheses 1 and 2 are related to Task 1 and the others to Task 2.
We also analyze the ranges of the palettes used to encode values and
the time to answer.

3.3. Charts Design

This paper is part of a larger study, where we analyze other vari-
ables such as cluster counting (not included here due to the lack of
space). Therefore, the data was generated synthetically to ensure a
certain number of clusters (0 to 3) in each heatmap. To make the
data relatable, we informed the participants that the heatmaps were
encoding the number of bicycles per station (Y-axis) per day (X-
axis). The dimensions selected were 30 × 30. Despite this, we later
saw that participants tended to ignore the meaning of the axes.

Concerning resolution, to ensure that all fit on any screen, we
analyzed several cell sizes and layouts, keeping a total size of around
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500px. We finally opted for a square design as shown in Figure 2,
but with the widgets on the bottom. Charts were created with each
cell having a size large enough to be easily seen (13×13 px).

Regarding palettes, since blue colors predominated, we opted
to use the Blues as a sequential palette and Viridis for the multi-
hue. Note that these two palettes also stand out in previous exper-
iments [LH18]. The final combinations selected were: BluesCont:
Blues continuous (BC), BluesDisc: Blues discrete (BD), Viridis-
Cont: Viridis continuous (VC), and ViridisDisc: Viridis discrete
(VD). We then used the https://colorbrewer2.org/ tool
to decide which color (red) would be the most suitable to highlight
a cell with a ring, needed for Task 1. Finally, we created 34 charts,
as the ones in Figure 1.

3.4. Structure

The study was designed as a web application, delivered through
Prolific [pro] with the following steps: First, the objectives were
presented and the heatmaps and tasks were described. Then, a de-
mographic survey (age, country, gender, education, eyesight, and
screen size) was conducted. The training tasks, which required the
participant to solve three heatmaps, were followed by the actual
tasks, which were randomized. Lastly, a questionnaire to evaluate
understanding and satisfaction. The demographic survey was later
used to identify non-suitable participants (e.g., poor eyesight).

3.5. Participants

We gathered 50 participants (worldwide, English speaking and 50%
gender balance) through Prolific and 53 extra participants by an-
nouncing the study through social networks. The duration was es-
timated to be about 20 minutes, with two pilot participants. The
amount considered a fair wage by Prolific was £7.5 per hour. To
ensure the ecological validity of the data, participants who dis-
played no understanding or carelessness (average errors larger than
20, from a 1-50 range) during the training phase were not allowed
to continue. We also included duplicated tests for double-checking
click-through strategies. For the actual tasks, participants exhibiting
too large errors were interpreted as click-through and cleaned. This
led us to keep 85 valid participants (47 and 38, respectively).

These 85 participants (40 female) were from 8 different coun-
tries. Age ranges: 69 in the range 18-35, 10 in 35-50, and 6 above
50. Concerning education, 15 had a high school degree and 53 had
higher education. None of them were color-blind. 79 participants
declared they understood the experiment, 61 were satisfied with the
performance, and 15 were undecided. 24 found the tasks not easy.

4. Results

The data analysis was performed by comparing the errors in each
task using Repeated Measures ANOVA [Gir92], followed by the
Bonferroni posthoc test [Bon36]. Next, we discuss the significant
results, also illustrated in Figure 3. Liu and Heer found differences
when comparing values in Blues in low ranges [LH18]. Participants
had to check which of two colors was more similar to a reference
one. In our case, we wondered whether the Blues palettes exhibited
larger errors at lower ranks. Thus, we partitioned the data in ranges:

small (S) 0-16, medium (M) 17-33, and large (L) 34-50. Since the
values were selected randomly for the experiment, there is a differ-
ent number of samples per range. For each combination, we use the
maximum number of common answers, indicated in parentheses.
The results are summarized in Table 2 and also illustrated in 3 with
the p-values displayed.

4.1. Task 1: Estimating cell values

Participants had to write the correct value of a circled cell. This
allows us to evaluate H1 and H2.
For H1: Continuous vs discrete and H2: Multi-hue vs single hue
significant differences were found. Best ones: Discrete and Multi-
hue. Thus, we reject H1 and accept H2. Hence, between individ-
ual palettes, we could expect the best to be ViridisDisc. However,
ViridisCont is the best one. This result is in line with our prediction
but needs more investigation. Top left in Figure 3.
Same palette, different ranges There are only differences in Blues-
Disc (79 samples) between S and L, being S better. Middle left in
Figure 3.
Same range, different palette S (79 samples): differences between
both Viridis and both Blues. The best ones, in order, ViridisCont
and BluesDisc. M (67): Same as in S. L (68): Both Continuous are
different, and ViridisDisc is different from the other Discrete and
the other Viridis. ViridisCont is also the best one. In general, with
Blues, participants tend to underestimate, and with Viridis, to over-
estimate. Middle in Figure 3.

4.2. Task 2: Searching given values

For H3: Continuous vs discrete we found significant differences
(p-value 0.045). Both underestimate, but continuous palettes are
more accurate. Therefore, we accept H3. No differences were found
for H4: Multi-hue vs single hue, so it cannot be accepted.
Same palette, different ranges BlueCont (81): Differences be-
tween L and the others, being the worst. BlueDisc (73): Differences
between all, being M the best. ViridisCont (83): Differences be-
tween all, S is the best. ViridisDisc (83): Same as in BlueDisc. It
seems that the almost white colors in Blues are difficult to distin-
guish and that the variation between greenish and yellow tones in
Viridis favors the distinction. Right in Figure 3.
Same range, different palette There are only differences in M (83)
between BluesCont and the others, being the best one. Bottom left
in Figure 3.

5. Conclusions and Future work

We have analyzed the effect of the palette on estimating values in
heatmaps. The significant results are summarized in Table 2.

The main takeaways are: With the task of estimating values,
when we analyze palettes 2 vs 2, our intuition about the possi-
ble superiority of continuous palettes for having more values is re-
jected. However, when we analyze the results of the 4 possibilities,
the combination of Multi-Hue and Continuous confirms our intu-
itions by showing the best individual results in VC. Individually, the
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Hypothesis testing
Task 1 Task 2

palettes C vs D V vs B C vs D V vs B
C NA ✓ NA
D ✓ NA NA
V NA ✓ NA -
B NA NA -

Task 1: Estimate value of cell Task 2: Select cell with value
same palette same range same palette same range

palettes All S M L S M L All S M L S M L
VC ✓ - - - ✓ ✓ ✓ - ✓ - -
VD - - - - ✓ - -
BC - - - - ✓ ✓ - ✓ -
BD ✓ - ✓ ✓ ✓ - ✓ - -

Table 2: Summary of the study results. C= Continuous, D= Discrete, V= Viridis, and B= Blues. When testing Task 1, D and V palettes perform
better (left table), so we would expect VD to be the best palette, but VC is the one that performs best when treated as 4 different palettes, right
table. In Task 2, C palettes perform better, as expected, but there is no difference between individual palettes. Within the same range, right
table, in Task 1 VC and BD are better at estimating values in all ranges, with VC exhibiting a slightly better behavior. In Task 2, within the
same palette, we see that the ranges with the best results are the M/S, which makes sense, being the ones where there is a greater variation
between the two ends of the palette. A ✓ means the best result, a – means no significant differences and NA means not applicable

Figure 3: Error distribution, X axis = answer given - correct value, Y axis = number of answers. Vertical lines = averages. C= Continuous,
D= Discrete, V= Viridis, and B= Blues. P-values are shown next to each comparison. Left: Top: analysis H1 & H2 between individual palettes.
Middle: Task 1 BluesDisc per range Small(S), Medium(M) & Large(L). Bottom: Task 2 Medium per palette. Middle: Task 1 the 3 ranges per
palette. Right: Task 2 the 4 palettes per range.

palettes do not show differences, but taking into account the ranges
the BC palette works best, so it seems the most indicated. Although
it must be taken into account that reading values in high ranges gives
worse results than in the middle and low ranges. However, it is true
that in this task the participants had more freedom by not having
the cell to be evaluated restricted. We did not obtain any significant
difference between time error per palette. We would suggest using
VC since it gives the best results for Task 1 and in Task 2 there is
none that dominates.

In the future, besides cluster counting, we want to analyze the

effect of other parameters, such as cell size. Additionally, we want
to study if there is a correlation between time and error per task.
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