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Abstract: Color is a widely used visual channel for encoding data in visualization design. It is important
to select the appropriate type of color mapping to better understand the data. While several studies have
investigated the effects of colormaps in various types of information visualization, there have been no
studies on their effects on network visualization. Thus, in this paper, we investigate the effects of several
colormaps in network visualization using node-link diagrams. Specifically, we compare four different
single- and multi-hue colormaps for node attributes, and evaluate their effectiveness in terms of task
completion time and correctness rate. Our results show that participants complete their tasks significantly
faster with blue (single-hue, sequential) as compared to viridis (multi-hue, sequential), RdYlBu (divergent,
red-yellow-blue), and jet (rainbow) colormaps. Additionally, the overall correctness rate shows significant
differences between colormaps, with viridis being the least error-prone among the colormaps studied.
Keywords: network visualization; colormap; visual encoding; color perception

1. Introduction
Color is commonly used for the visual encoding of data in many visualization designs. A colormap
specifically refers to a mapping from data values to colors. It is crucial to use the appropriate colormap for the
data under study, as a good colormap helps viewers to understand and communicate with the data, while a bad
colormap can mislead the viewers in terms of understanding the data. Researchers have used several types of
colormaps for data visualization such as blue (single-hue, sequential), RdYlBu (diverging, red-yellow-blue),
viridis (multi-hue, sequential), and jet (rainbow), as shown in Figure 1.
Visualization designers select a colormap either based on their intuition and experience or based on
recommendations from color science [1]. The effectiveness of a colormap depends on various factors [2].
For example, an effective colormap for encoding ordered data often uses luminance and saturation to
encode the values, since hue does not have an intuitive ordering [3]. In addition, the effect of a colormap
for a given dataset can differ depending on the task [4]. Furthermore, different mark types can affect the
perception of color differences [1].
While several studies have investigated the effects of colormaps in various types of data visualization,
no study has examined their use in network visualization. Network visualization is widely used in a
variety of domains, such as social [5] and biological sciences [6–8]. There are multiple approaches available
for visualizing networks, such as the visual matrix, node-link diagram, and space layout [9]. Of these,
the node-link diagram, which depicts a set of entities (nodes) as points and the relationship among them
(links) as lines, is the most popular technique.
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Figure 1. The colormaps used in this study: (a) blue (single-hue, sequential); (b) RdYlBu (diverging);
(c) viridis (multi-hue, sequential, perceptually uniform); and (d) jet (rainbow).

The goal of this study is to investigate the effects of four different colormaps for encoding quantitative
node attributes in a node-link diagram. The colormaps (Figure 1) considered for the evaluation are blue
(single-hue, sequential), RdYlBu (divergent), viridis (multi-hue, sequential, perceptually uniform), and jet
(rainbow). Additionally, we use structural and non-structural node attributes to see how the effectiveness
of colormaps differs depending on the type of node attribute assessed. We analyze the task completion
time and correctness rate of participants with each colormap in a node-link diagram.
The results of the user study show that the blue (single-hue, sequential) colormap performs faster than
the other three multi-hue colormaps with respect to task completion time. However, in terms of correctness
rate, blue is the most error-prone, while viridis (multi-hue, sequential, perceptually uniform) shows the
most accurate results. We find that colormaps can perform differently when used in real visualizations as
compared with their evaluation in an isolated setting without any given context or visualization. Thus,
this study establishes a more in-depth understanding of colormaps in network visualization and also
gives several guidelines that can be used by visualization designers to achieve effective color encoding for
visualizing networks.
2. Related Work
2.1. Color Models in Visualization
Over the last five decades, researchers in the field of color science have defined a range of
perceptually-uniform color spaces/models, including CIELAB [10], ∆E94 [11], DE2000 [12], and
CAM02-UCS [13]. In particular, CIELAB is a popular choice in the field of data visualization due
to its simple color distance calculation equation [1,14,15]. Although these models provide a useful
approximation of the perceived color difference, they perform weakly in terms of identifying the factors
which can influence color perception. Several factors, such as the size of color stimuli [16,17] and the
spatial distance between two colors, can influence color perception [18]. For a comprehensive review of
color models, please see [10–12].
2.2. Colormaps and Evaluation Studies
Mapping data to visual channels (e.g., position, size, and color) can reveal unseen patterns and
insights in the data. In many existing studies (e.g., [17,19–21]), it is well documented that among the
different visual channels, color is more powerful than size, shape, and orientation [22]. These studies also
characterize the properties of a color scale that result in useful and effective colormaps [1].
There are three important properties of colormaps: discriminative power, uniformity, and order [23].
Discriminative power depicts the number of specific colors that viewers can identify on a color scale.
Uniformity pertains to the consistency in perceived variations between pairs of equidistant areas sampled
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from various parts of a color scale. Order relates to the appearance that colors in the color scale follow in a
natural progression.
Color encoding is a fundamental way of representing scalar values in visualizations, and therefore,
it is used in a wide range of application scenarios [4]. Currently, designers develop colormaps based on
their experience, cognitive heuristics, and empirical data from several experiments [24]. Cynthia Brewer’s
ColorBrewer [25], a pioneering work in color encoding, explains the binary, qualitative, sequential, and
diverging color scales used for visualization on cartographic maps [4]. In addition, survey studies have
focused on the design of various colormaps and provided guidance on effective color encoding [2,26].
Zhou and Hansen [2] reviewed the systems used to generate colormaps based on perception and cognitive
heuristics. For example, PRAVDAColor considers heuristics for color encoding based on perception, task,
and data type [27]. In addition to using perceptual color space for encoding, algorithms have also been
used to generate colormaps [28]. For example, Colorgorical [29] uses scores of perceptual distances, color
names, and aesthetics models to generate categorical palettes, and ColorBrewer [30] schemes are modeled
based on color theory and are then hand-tuned for aesthetics and performance.
The effectiveness of a colormap depends on the data and task at hand [2,26,31]; thus, one must consider
the type of data in use before encoding to a certain colormap. Studies show that sequential colormaps
best represent sequential data, whereas diverging data with a neutral or average midpoint is best suited
for diverging colormaps [22]. Tominski et al. [4] designed a color mapping function to support tasks like
comparison, localization, or identification of data values. ColorCAT [32] expanded the scope of this work by
adding localization and identification tasks as well as colorblindness assessment.
Several tools have been developed to help users design colormaps. For example, Bergman et al. [27]
developed a rule-based approach that takes spatial frequency into account, Cleveland and McGill [33]
showed that different color channels communicate individual values less precisely than position or size,
and MacEachren et al. [34] compared the effectiveness of color and other channels for investigating uncertainty.
Other aspects of colormap design that can affect their efficacy have also been studied, such as color
naming and semantics [35,36], categorical similarity, and cognitive bias [1]. Using Choropleth maps,
Brewer et al. [37] evaluated eight color schemes that support different visualization tasks. Liu et al. [24]
performed a comparative analysis of different colormap types, with a focus on comparing the ability of
single- and multi-hue color schemes to support similarity judgments. However, while numerous studies
have investigated the effects of different colormaps in the context of visualization (Table 1), no studies have
focused on the use of colormaps for network visualization. Thus, the current study presents a comparative
evaluation of single- and multi-hue colormaps in network visualization.
3. User Study
The main purpose of our study is to evaluate the use of colormaps in network visualization using a
node-link diagram. Specifically, we compare structural and non-structural attributes of four different colormaps.
3.1. Experimental Design
We design a within-subject experiment involving Four colormaps × three datasets × two node attributes ×
two span values. The dependent variables in this study are the task completion time and correctness rate.
Task completion time was recorded after the participant clicked the “Start” button, which took the user to the
next window showing a task to perform in a node-link diagram with the help of a colormap legend.
We performed a preliminary pilot study before the actual user study to uncover any issues with our
experimental design. Several factors were identified as affecting participants’ behaviors towards the study
and potentially having negative impacts on the study results. These issues were taken into account and
are explained in detail in each category below.
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3.1.1. Node Attributes
We considered two node attributes for our study: one structural and one non-structural.
•

•

PageRank: This is a ranking of the nodes in the node-link diagram based on the structure of incoming
links. It is determined by counting the number of links to a node to get a rough estimate of how
important that node is a network. It is assumed that more important nodes are more likely to receive
a greater numbers of links;
Random: As a non-structural node attribute, we assigned random values in [0, 1] for each node with a
uniform distribution.

We could have used more node attributes in our study, but this would have increased the total number
of tasks, and our pilot study indicated that having a large number of tasks could negatively affect our
results. Thus, we selected two node attributes. Specifically, PageRank was selected due to its wide usage in
finding important nodes.
3.1.2. Task
Participants were shown a node-link diagram with three highlighted nodes as stimuli, as shown
in Figure 2. The three highlighted nodes represent the reference node (circle-shaped) and the other two
are comparison nodes (square-shaped). We selected comparison and reference nodes based on span values.
Assuming a data domain of [0, 100], two comparison nodes were generated with span values, the distance
between two comparison nodes in uniform data value steps along the given colormap, of 15 and 40.
The reference node was randomly generated inside a given span value. Participants were asked to select
the comparison node that appeared closer in distance to the reference node based on a given colormap.

Low

High

Figure 2. This figure shows one of the tasks from a user study in which participants were shown a node-link
diagram along with a colormap legend. Dataset: football; colormap: viridis; node attribute: PageRank. Link
to the user study: https://chanhee13p.github.io/colormapInNetworkMode2/.
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3.1.3. Datasets
Four different networks were used for the study: one for the training session and the other three for
the actual user study. All the networks have different numbers of nodes and edges.
•
•
•
•

Karate: this dataset, which has 34 nodes and 78 links, is the well-known and popularly used Zachary
karate club network [38]. It was used for training;
Lesmis: this network, which has 77 nodes and 254 links, is constructed based on co-occurrences of
characters in Les Misérables [39];
Football: this is a network of an American football game from 2000 [40] with 115 nodes and 613 links;
Jazz: this is a collaboration network between jazz musicians [41] with 198 nodes and 2742 links.

All networks were laid out with the sfdp layout algorithm [42]. There are numerous layout algorithms
for network visualization [43]. An experiment with multiple layouts and colormaps can reveal interesting
interactions between layouts and colormaps. However, adding one more factor (layout) in our experiment
design, with possibly two to four levels, significantly increases the number of tasks for the participants
which will lead to fatigue in the user study. As the main focus of this study is the effect of different
colormaps in the context of network visualization, we did not use other layout methods in our experiment.
3.1.4. Colormaps
There are many categories of colormaps, such as sequential, categorical, diverging, and cyclic, where
each category includes multiple colormaps. Due to their volume, it is impractical to evaluate all colormaps.
For this study, we selected four representative colormaps from the sequential, diverging, and miscellaneous
categories, as defined in Matplotlib [44]. Our selection process was based on a recent colormap evaluation
study [24]. We selected two sequential colormaps (blue, viridis), one diverging colormap (RdYlBu), and one
rainbow colormap (jet).
For quantitative data, sequential colormaps are often used ahead of other types. Single-hue sequential
colormaps (e.g., blue in Figure 1a) are arranged from high to low to encode increasing numeric values.
These primarily represent the values with a linear ramping in the luminance [25] and are used to represent
information that has an order. High data values are represented by dark colors and low values by light
colors [22]. Light-to-dark progression dominates the scheme, as studies have shown that dark colors
contain more bias. People inferred that the dark color represents higher or larger values and light color
represents low values respectively.
Studies show that the human visual system supports the discrimination of higher spatial frequencies in
the luminance channel [45]. Similarly, multi-hue sequential colormaps are used to encode increasing numeric
values, additional ramping in hues and luminance is used together for better color discrimination. A new
perceptually uniform color model, the viridis colormap (Figure 1c), and its variants [46] is frequently used in
visualization tools. These colormaps are perceptually graded by both hue and luminance ramping so that the
amount of color change in each color step appears consistent.
In contrast to sequential colormaps, diverging colormaps (e.g., RdYlBu in Figure 1b) are used to
encode quantitative values between two contrasting colors at either end with a neutral mid-point, such
as zero or the average value. Divergent colormaps are best suited when there is a well-defined reference
(midpoint) in the data. They are used to compare data values to a reference (midpoint) value in a manner
that visually highlights whether values are above or below the reference. Color ramps with different hues
diverge with increasing saturation to highlight the values below and above the mid-point [47].
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Table 1. Summary of related work.
Category

Author

Summary

Szafir, D.A. [1]

Modeling color difference perceptions for three common mark
types: points, bars, and lines.

Brychtová, A. and Çöltekin, A. [18]

Examine the effect of the spatial gap in discriminability of
color hue and value between map symbols.

Schloss, K.B. et al. [22]
Evaluation

Recommendations
and colormap
generating tools

Investigated how inferred color-quantity mappings for
colormap data visualizations were influenced by the
background color.

Liu, Y. and Heer, J. [24]

A comparative analysis of different colormap types, with a
focus on comparing single- and multi-hue schemes.

Brewer, C.A et al. [37]

Evaluating specific combinations of colors on maps, for
selecting colors for choropleth maps of mortality data.

Tominski, C. et al. [4]

Describe a color coding approach that accounts for the
different tasks users might pursue when analyzing data.

Bergman, L.D. et al. [27]

An interactive approach for guiding the user’s selection of
colormaps in visualization.

Gramazio, C.C. et al. [29]

A web-based tool for creating discriminable and
aesthetically preferable categorical color palettes.

Mittelstädt, S. et al. [32]

Proposed a methodology and tool to design colormaps for
combined analysis tasks.

Rheingans, P.L. [31]

General guideline for different types of colormaps and their
characteristics.

Borland, D. and Taylor Ii, R. [48]

Explains the characteristics that make the rainbow color
map a poor choice.

Light, A. and Bartlein, P.J. [49]

Explains the drawbacks of rainbow colormap and
guidelines to use other colormaps.

Brewer, C.A. [25]

Guidelines to the use of color to directly represent data that
occur at locations in the graphic.

Rainbow colormaps (e.g., jet in Figure 1d) have been used frequently in many visualization designs.
However, recent studies show that rainbow colormaps have several limitations, especially for mapping
ordinal data, as they lack perceptual ordering [48–50]. Furthermore, they are not suitable for colorblind
users [49]. A lack of perceptual ordering and uncontrolled luminance variation can be misleading for data
interpretation [48].
Most existing studies used colormaps in an isolated setting, not in a real visualization. In addition,
the evaluation of colormaps has not been applied in any kind of network visualization technique.
In the pilot study, we used eight colormaps: sequential (grey, blue, and YlGnBu), perceptually uniform
(viridis, inferno, and magma) with diverging (RdYlBu) and rainbow (jet) colormaps for comparison. Having
eight colormaps along with the other factors (i.e., datasets, node attributes, and spans) was a lot to ask from
the participants. With eight colormaps, participants felt fatigued and lost their interest during the study.
A previous study [24] regarding the comparative study of different colormaps showed that viridis
(multi-hue, sequential) and blue (single-hue, sequential) outperformed other colormaps in terms of reaction
time and error rate. Thus, we selected the two sequential colormaps to compare with a diverging
and a rainbow colormap. We used blue (single-hue, sequential), viridis (multi-hue, sequential), RdYlBu
(diverging), and jet (rainbow) for our user study. These four colormaps can be considered representatives
of each category of colormaps.
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3.1.5. Participants
For the user study, we recruited 36 participants (24 males and 12 females). One participant was
excluded because of color blindness. Out of the remaining 35 participants, 18 were graduate students and
17 were undergraduate students. The age of the participants ranged from 22 to 38, with a mean age of
28.29 years (SD = 4.29). Students were compensated with a gift card (worth a cup of coffee) after finishing
the user study.
3.2. Procedure
First, participants were asked to record their age and gender to start the user study. An instruction
page was shown to the participant explaining what network visualization (node-link diagram) and
colormaps are and what the purpose of this study was.
The introduction page included the following task instructions: “Based on the given colormap, you
will be asked to select one of the two comparison nodes which you think is closer to the reference node. To
perform the task, you have to click on one of the two comparison nodes as your answer to that task. For each
task, your reaction time and correctness (true/false) to that task will be recorded. Please perform the task as
quickly and accurately as possible by utilizing the graph and colormap given”.
After reading the instructions, participants were navigated to the next page to perform a screening
test for color-vision deficiencies using six Ishihara plates. Before the experimental task, a training session
consisting of three practice tasks using different graphs with random colormaps (different from those used
in the actual user study) was administered. After selecting any node as an answer, participants were able
to see the task completion time and the correctness of their answer. This allowed them to understand the
variables recorded for each task. Participants were asked to respond to the task as quickly and accurately
as possible while prioritizing the accuracy of the task.
After the training session, participants began the experimental tasks by pressing the “start” button.
When participants completed a task by clicking a comparison node, they were navigated to the next
task without any delay. To remove the learning effect, the order of colormaps, tasks, and datasets
were randomized.
4. Results
4.1. Task Completion Time
On average, each task took 7.33 s (SD = 6.34 s) to complete. A repeated measures ANOVA showed
that the colormaps had a significant effect on the task completion time (F3,102 = 9.4, p < 1.38 × 10−5 ).
The average task completion time (see Figure 3) was 7.92 s for jet (SD = 6.61 s), 7.55 s for viridis
(SD = 6.83 s), 7.25 s for RdYlBu (SD = 6.16 s), and 6.60 s for blue (SD = 5.54 s). In terms of task
completion time, blue outperformed the other colormaps.
The post-hoc test using the Bonferroni correction showed that the task completion time for blue was
faster than viridis (p < 0.02) and jet (p < 8.7 × 10−7 ), respectively. RdYlBu was significantly faster than
jet (p < 0.02). Furthermore, viridis was significantly different and faster than jet (p < 0.04). However,
the difference between viridis and diverging RdYlBu was not significant.
The dataset used had a significant effect on task completion time (F2,68 = 53.6, p < 1.04 × 10−14 ).
However, as expected, the largest network took more time than the smaller graphs. The average task
completion time (see Figure 3) was 6.29 s for lesmis (SD = 5.70 s), 7.01 s for football (SD = 5.65 s), and
8.69 s for jazz (SD = 7.25 s).
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The span values of 15 and 40 had no significant effect on the task completion time. Similarly,
the node structural (PageRank) and non-structural (Random) attributes had no significant effect on the task
completion time.
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Figure 3. Results of the experiment for task completion time. (a) Shows the overall task completion time for
each colormap which is then broken down further into datasets (b), and span (c), and node attributes (d).

4.2. Correctness Rate
Overall, 75.4% of the tasks were completed correctly. A repeated measures ANOVA showed a
significant effect of colormaps (F3,102 = 4.56, p < 0.004) and span (F1,34 = 6.62, p < 0.01) on the
correctness rate.
The post-hoc test using showed that viridis outperformed all other colormaps (see Figure 4) with the
highest number of correctly answered tasks (329 out of 420). Blue was the most error-prone out of all of
the colormaps with the least number of correctly answered tasks (292 out of 420) and was significantly
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different from the viridis (p < 0.01) and diverging RdYlBu (p < 0.03) colormaps. Jet had no significant
effect on the correctness rate compared with the other colormaps.
The post-hoc test for correctness rate revealed significant effects of span (p < 0.004) and node
attributes (p < 0.04). With respect to span, participants performed more accurately on colormaps with a
span value of 40 than those with the smaller value of 15. In terms of node attributes, the use of PageRank
(structural attribute) led to a higher correctness rate than random (non-structural attribute).
Additionally, the smallest size dataset lesmis had a higher correctness rate than the other datasets and
was significantly different from football (p < 0.03) and jazz (p < 0.04).
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Figure 4. Results of the experiment for the correctness rate. (a) shows the overall correctness rate for each
colormap, which is then broken down further into datasets (b), span (c), and node attributes (d).

5. Discussion
In this study, we evaluated the task completion time and correctness rate of four colormaps through
a quantitative analysis. The results of the user study indicate that blue (single-hue, sequential) has the
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shortest task completion time followed by RdYlBu (diverging), viridis (multi-hue, sequential), and jet
(rainbow), respectively. In a previous study [24], blue and viridis had the shortest task completion times
and also showed significantly different results from the diverging and rainbow colormaps. This shows that
participants completed their tasks faster when using colormaps with fewer hues. This may be because the
perceptual distances across different hues are less apparent as compared to those of a colormap with only
a few hues (1–3) throughout the whole colormap. Further, this discordance may occur as a result of the
increased effort involved in consulting the given colormap, which eventually increased the task completion
time. That is why participants require more time for task completion when configuring distances with
colormaps other than blue.
On the other hand, viridis (multi-hue, sequential) demonstrated a higher correctness rate than the
other colormaps. A previous study [24] also found viridis to be superior to other colormaps for correctness
rate. In addition, with a small span value, the performance of the blue colormap is degraded. Although
blue colormaps performed well with respect to task completion time, they were found to be the most
error-prone, below all of the other colormaps. Overall, participants performed the tasks more accurately
when using the higher span value of 40. As the span value decreased and the comparison nodes became
closer to each other, the accuracy dropped. As a result of the single hue in the blue colormap, when the span
value was small and the comparison nodes were closer to each other, it was very difficult for participants
to achieve a good level of accuracy. On the other hand, regarding the other colormaps, even when the
comparison nodes were close to each other, participants were still able to differentiate between them, as
they contained more than one hue.
Another important reason for blue performing badly as compared to the other colormaps could be the
high luminance of the colormap. With a white background, the comparison/reference node with a high
luminance value makes it more difficult for the participants to accomplish the task accurately, which was
not the case for the other colormaps.
Structural and non-structural node attributes did not show a significant difference in terms of task
completion time. However, there was a significant difference in the correctness rate. Thus, the effect of a
given colormap can differ depending on the node attribute in network visualization. We suspect that this
difference is caused by the spatial proximity between nodes. The positions of nodes were computed with
a layout algorithm [42], where structurally similar nodes were close to each other. Thus, it is possible that
the spatial node position plays an effective role in the difference between the correctness rates of structural
and non-structural node attributes.
A previous study [24] evaluated colormaps in isolation and found that viridis and blue outperformed
the other colormaps. However, this was not the case in our study, which focused on the evaluation of
network visualization. This shows that colormaps do not always perform the same way for different kinds
of visualization techniques.
Thus, visualization designers should consider the importance of colormaps in network visualization
as well as their performance when encoding data. For instance, multi-hue colormaps may be preferred to
single-hue ones when visualizing continuous scalar node attributes, given their superior characteristics in
terms of discrimination whilst preserving perception order.
Participants performed the user study in different viewing environments, as we designed it to
comprise a variety of situational factors (surrounding, light, visual angles). By doing so, we obtained
samples from a wide range of display conditions, because, in the real-world, visualizations are generally
viewed in imperfect environments [1]. Recent research works [15,20] have shown that sampling across
this variation can generate accurate models of color perception in practice.
This study is the first investigation of the effects of colormaps in network visualization. Our scope
was limited to a few colormaps and node attributes. Ideally, we would have liked to consider more than
four colormaps and more than two node attributes. Moreover, adding other factors (e.g., layouts and
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different tasks) along with colormaps can reveal interesting findings. The effect of the same colormap can
vary depending on the interaction of different factors and colormaps. However, to prevent fatigue of the
participants, we had to limit our scope.
In future work, we would like to address these limitations and extend our research to obtain further
insights. We will consider the interaction between colormaps and other visual channels especially
considering different layouts methods and the use of low-, high-, and mid-luminance points in several
different colormaps in our future work.
6. Conclusions
In this paper, we have presented a thorough evaluation of four quantitative colormaps using a similarity
judgment analysis considering time completion and the correctness rate. The single-hue colormap performed
well in terms of the task completion time as compared with multi-hue colormaps. Further, viridis excelled
in terms of error rate as compared to the other colormaps. With increased luminance, multi-hue colormaps
appeared to be superior to single-hue colormaps with respect to the error rate. Thus, the results show
significant differences among the given colormaps, providing insights into their effectiveness regarding
different metrics of network visualization. Considering the importance of network visualization, especially
in social network data, it is important to study various aspects of network visualization further. While it is
highly unlikely that one single evaluation user study could cover all the major issues, we believe that our
work has extended the knowledge of color encoding in network visualization. It can be taken as a good
starting point and guide for color encoding design as well as providing a quantitative understanding of color
perception for network visualization.
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