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Abstract

Today, the high accessibility of data has shifted the business look into data-driven decision making. The
colormap takes an important role in data visualization for humans to rapidly comprehend information.
Over three decades, extensive research has recommended various perceptually-correct colormaps for
gaining higher decision making quality, yet, we found out that there is a gap between expectation and
reality. Whichis, most of the peopleare still in favor of using the rainbow colormap as the maintool even
though many published researches claimits deficiencies. Prior research about how human cognition may
influence colormap’s readability remained limited, it has also been inconclusive whether the mental
model could explain why the rainbow is still served as default. Hence, the current research is the first
study to assess the effect of mental modelon colormap research. We expected that the difference of the
expertise between experts and novice would affect performance while using the rainbow colormap. In
order to verify this hypothesis, we conducted an experiment to compare the performance between the
expertand novice groups and we varied the tasks and the used colormaps. Results suggested that mental
model effect of the rainbow colormap make an effective interpretation, butitdidn’t enhance the accuracy
of giving right answer. Based on the performance of the tasks, the diverging colormaps significantly
outperformed otherschemes in the Heatmap Pattern Recognition, the rainbow and diverging colormaps
were recommended in the Vectormap Pattern Recognition, and the alternative sequential colormap
which significantly outperformed other colormaps in the Abnormal Spot Finding. We analyzed these
findings and composed color strategy guidelines which can be appliedin scientificdomain.
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1 Introduction

Data, stored by the world's digital universe is growing by 40 percent each year and it is predicted to
contain 44 zettabytes of information by 2020. This is nearly as many bits as the number of stars in the
universe (Harvey., 2018). With vast volumes of data being generated every second, companies from
almostall industries nowadays focus on exploiting data as their competitive benefit (Borkin etal., 2011;
McAfee & Brynjolfsson, 2012). Data visualization, as a practical tool is being applied more extensively,
usingvisualizations as a means to reduce and understand the massive amounts of information. It greatly
increases prediction and decision making quality (Lohse, 1997). In this regard, how people perceive,and
process visualizations of data is an important aspect in influencing the interpretation and judgement of
the results (Tory, & Moller, 2004).

Wheninspecting avisualization of data, sensoryinputarrives atthe viewer’s eyes, guided by visual
attention. Inthe visual areas, there are several distinct channels to process the visual features, such as
form (orientation and shape), color, size ormotion. The low-level visual features such as edge detection,
perception of saturation and hue are more intrinsicallyattention-grabbing than others (Ware, 2013).
Thisis known as bottom-up processing of the visual sense data. Experience or priorknowledge toa
particular stimuli may also guide visual attention in atop-down fashion, forming a way of interpretation
of whatthe relevant parts of a visualization may be, or what part of the data may contain a clue towards
the goals one has in mind. Visual memory representations are dynamically updated in aninterplay
between bottom-up and top-down processing (Shipstead, Harrison, & Engle, 2012). What isimportant
to note here, is that the interpretation of visual information is not merely determined by the sense data,
but (inter)actively determined between the visualization and the knowledge of the viewer. In this thesis,
we investigate the role of the use of different colormaps (bottom up) as well as viewer expertise (top
down)inarriving at a correct and efficientinterpretation of complex data sets.

To interpret datavisualization, coloris one of the most fundamental and important criteriain thisprocess.
Although extensive research has been done on the effectiveness of color strategiesfor data visualization,
the considerationof exploring effects of human factorsis still limited (Tory, & Mdller, 2004). Many studies
reveal significantresultsbut offer no behavioral explanation as to how humans perceive and process data
whenitis represented with color.

There are many different colormap designsavailabletoday. Nonetheless, research shows that it is difficult
to claim one optimal color design as a default colormap, becauseitseffectiveness dependson the viewer’s
task and goal (Borland & li, 2007, Ware, 2004). Due to these inconsistencies, current color strategies are
mainly based on designers’ intuition, or simply use a default colormap — the rainbow color, which is
prevailingintechnical computing software (Moreland, 2009). Many studies consistently point out that the
rainbow colormap is not an idealtool (Moreland, 2009; Borkin, 2011; Stauffer, Mayr, Dabernig, and Zeileis,
2015; Reda, Nalawade, and Ansah-Koi, 2018). With an excessive numbers of unordered hues, it might
mislead peopleto naturally perceive and interpretinformation. This additionalinformation acts like noise
and hinders performance, which may cause cognitive overload (Klapp, 1986). Also, it falsely segmentsthe
data with its non-uniform lightness increased, indicating data features that are not really there.
Shortcomings of the rainbow colormap have been identified for over thirty years, nonetheless, it
commonly appears in data visualizations of many different scientific and engineering communities. The
reason may be that users with a professional background have obtained a rich mental model of certain
stimuli through long-term usage (Toker and Moseley, 2013), and in this case, the rainbow colormap has



been usedfordecades, thishasresulted in astrong model. Whenthe nature of atask changes, the mental
model needs to be updated and this switch comes at a cost (Parkeretal, 2005). Itis a cognitive factor that
might explain why previous researches cannot be widely applied in real situation.

Surprisingly, there is hardly any work on the effect of mental model on colormap strategy research yet.
Also, tothe best of our knowledge, despite the fact that general perceptual theories have been applied in
various colormap research (Ware, 1988: Moreland, 2009; Reda, Nalawade & Ansah-Koi, 2018), there has
been little research available on the performance of colormaps within a real-life scientific setting. The
current thesis tried to bridge the gap between theory and practice by addressing the question how a
mental model affectsthe interactionbetween humans and data visualization. Further investigation isthus
neededtovalidatethe issue,and to establish evidence-based guidelines for color strategy in the scientific
field. Together, this leads to the following research question: “What are the effects of expertise on
decision making with regard to effectiveness and accuracy for colormaps strategy on scientific data
visualization?”

Thisresearch was carried out at ASML in Veldhoven. ASML, asthe world leaderin supply and
maintenance of photolithography systems for the semiconductorindustry. At ASML, datavisualizationis
of greatimportance forengineerstointerpretthe datastatus and patterns. Therefore, the resultsinthe
thesis could be applied asanew guidelineto enhance the datareadability.



2 Literature Review

2.1 Data visualizations

Data visualizations can serve as practical tools to provide insight and overcome the limitations of
traditional descriptive statistics cannot achieve. Today, we have more sophisticated ways to display data
by using infographics, geographic maps, heat maps, vector maps etc. With these visual characteristics,
data visualization is an accessible way to observe and understand trends, outliers, and patterns in data
(Kandogan, 2001).

Data visualization is defined as data that can be estimated or represented by any form of graphic in any
discipline (Few, 2009), whereas scientificvisualization is aterm that describes visualization of physical or
scientificdata(Card et al., 1999). In scientificresearch, visualization asa communication tool is essential
to decode tremendous amounts of data into effective graphics (Ware, 2004), assisting researchers to
interpret scientificinformation and make data-driven decisions. Itis easierfor the brain to comprehend
animage versus words or numbers (Cukier,2010). The topic of visualization has be en examined in a diverse
range of books (Ware, 2004; Few, 2004; Strange, 2007; Steele, 2010; Rosenberg & Grafton, 2012; Knaflic,
2015) and journal articles, where the scientific visualization discussion can be either general ( Kosslyn and
Chabris, 1992), discipline-specific(e.g. Puhanetal., 2006), or written from a theoretical or psychological
perspective (Spence and Lewandowky, 1991; Cleveland and McGill, 1984, 1987; Kosslyn, 1989). In this
study, we investigateda potential gap between theory and reality of data visualization which has not been
explained by previous research. We aim to give a further explanation and new insights of why those
recommended colormaps in previous research have not gained broad acceptance.

Inthe currentstudy, in orderto evaluate the performances of different colormaps inactual usage scenario,
we determined two types of data visualizations in the scientific field: the heatmap and the vectormap.
The heatmap, which portraits varying gradients based on the strength of correlation and emphasizes

potential attributes that have strong correlations amongst themselves. It has been widely used, not only

for scientific purposes (e.g. object pressure, frequency estimation), but also to describe aspects of our
dailylife (e.g. weatherinformation, population distribution). The characteristics of the heatmap provide
an immediate visual summary of information, allowing the viewerto understand complex data sets. The
vectormap uses glyphs such as arrows, streamlines and streaklines, particle tracing, line integral

convolution (LIC)and topological methods to visualize the strength and direction from data point to point

invectorfields. This visualization typeis mostly appliedto indicate direction ortendency over aperiod of
time and assists viewers to rapidly interpret data which contains intensities and vector quantities at the

same time.

2.2 Colormaps

One of the most fundamental and critical criteriain datavisualization is the strategy of color usage. There
are many different colormap designs available today for visualizing and differentiating data in graphical
representations. The main principle of color mapping is that it enables viewers to evaluate quantities,
distributions, and patterns as presentinthe original data (Zhou & Hansen, 2016). The color mappingcan
be applied as color-coded vectorfields in wind directionvisualization, color density gradients used for city
population maps, or color categories to highlight different types of data charts. Consideringits diversity,



it is difficult to state one optimal correct color scale as a default colormap, because its effectiveness
dependsonthe viewer’s goal and the type of plots (Borland & Taylor, 2007; Ware, 2004). In thisregard,
the meaning of perceptual correct colormap in the current thesis will be defined bythe suitable perceptual
theory which can support the specifictaskand goal.

Extensive research is available with respect to colormap strategies for aiding data visualization. For
instance, Moreland (2009) proposed a diverging color map as an ideal colorscale which can be usedfor
metric comprehension and form comprehension scientific visualization. It utilizes the theory from Ware
(2004), and Mullen (1985) that human perceptive ability is sensitive to the changes on luminance,
especially on high frequency data visualization. However, simply relying on luminance like a greyscale
colormap may increase perceptual errors when having alarge simultaneous contrast shifts (Ware, 1988).
The diverging colormap instead, adds two major color components on each side of the map. The hue
changesfromboth sidesto an unsaturated middle (whiteorlight yellow). Therefore, itenables peopleto
gain quick identification whether values are close to the center or at the extremes of the scale. This
colormap received high recommendation for scientific visualization by Moreland (2009), however, the
study did not provide empirical evidence. The research from Borkin, etal. (2011) found furtherevidence
that the diverging colormap performs betterthan the rainbow colormap in regard of identifying pattem
region. One alternative colormap strategy involves varying hues instead of lightness. The study by Ware
(1988), states that these kind of colormaps are good for metric comprehension due to people being good
at differentiating multiple colors. This theory has been further supported by Reda, Nalawade,and Ansah-
Koi (2018), indicating that hue-varying will lead to more accurate quantity estimation.

However, regardless of these studiesfindings, current scientific data plots are mostly appliedthe rainbow
colormap which has a lack of perceptual ordering and a fully saturated color sequence. Instead of
portrayingregularly increasinglightness like other perceptually correct colormaps, the rainbow contains
varying saturated-hues which approximates to the electromagneticspectrum’s visible wavelengths. This
characteristic may be misleading since its unnatural hue ordering creates irregular color gradients.
Viewers experienceatroublesome effort when tryingtointerpret the data correctly (Rogowitz & Treinish,
1996; Ware, 1988). Also, the rainbow colormap obfuscates, ratherthan clarifies, the display of datain a
variety of ways (Light & Bartlein, 2004; Moreland, 2009). Lastly, the rainbow colormapemphasizes a sharp
visual boundary which hinders noticeability of small detailsin the datathatfall withinasingle color range
inthe colormap (Borland &1i, 2007).

Shortcomings of the rainbow colormap have been discussed for over thirty years, nonetheless, it is still
the defaultintechnical computing software (Moreland, 2009). In a study by Correl et al. (2011), despite
the resultrecommended one banded saturation palette inthe new development, users still preferred to
use the original rainbow color map, as theirfamiliarity with the colormap helped them to gaininsight from
the data. In another study, Borkin et al. (2011) showed that people thought they could perform better
while usingthe default colormap- the rainbow color - whereas in reality they did not perform as well as
the diverging colormap group. This phenomenon reveals that human cognition might influence users’
performance in regard of colormap usage.



2.3 Mental model

The mental modelis a psychological term which people naturally use to learn to gain fasteraccessibility
of reading data visualization. When our eyes perceive objects then a mental representation or a mental
model is formed of the perceptual objects in order to help to interpret information (Marr, 2010). When
people are interacting with stimuli, they will continually construct a meaning of description, a set of
fundamental representation—a mental model of stimuli(Johnson-Laird, 1995). These models reduce the
time for processing data and provide predictive and explanatory power for understanding interactions
with the world (Norman, 1983).

The concept of mental model has been widelydiscussedin various disciplines, since itis atheory to explain
how knowledge orinformation can be organizedinto structured patterns (Johnson-Laird, 1983; Rouse &
Morris, 1984). There are avariety of studiesthat discusshow expertise results from a strong mental model.
These studies show that participants’ mental models can be diverse on their levels of the experience
toward the stimulus, and this difference influences how experts and novice interpretinformation (Winn,

2004; Ross, Shafer & Klein, 2006). Studies also revealed that mental models were one of the reasons for
experts’ superiority since it helps experts to understand, investigate, and foresee a problem situation

holistically. From a dataanalysis perspective, it helps experts to hold arich internal representationto find

leverage points, identify data patterns, and to make better decisions than novices (Phillips, Klein & Sieck,
2008). However, studies also bring out a discussion of the time period of trainingin mental model. Novices
who have a poorer mental model can, with practical training and substantial time spent on practicing,
gaina richer mental model and acquire a higher performance (Borgman, 1986; Stefanidis et al, 2007).

However, when the nature of atask changes, the mental model also needs to be updated and this switch
comes at a cost (Parkeretal, 2005). The rebuilding mental model is required when the information to be
acquired is inconsistent with existing experience or with the current structure of a theory (Parker et al,
2015). The mental rebuildingis difficult because the prediction and explanation of information based on
everyday experience and tied to years of confirmation(Vosniadou, and Brewer, 1992). It may explainwhy
the color strategy research field encounters a substantial difficulty in introducing a perceptually correct
colormap while people have been using the rainbow colormap for decades.

The current study investigates the mental model effect by studying whether the performance of
interpreting data plots while participants having different levels of familiarity to the rainbow colormap.
We expect to find different patterns while using the rainbow colormap between expertise and novice
groups.

2.4 Expertise

Colormaps have been studied for decades, aiming to find optimal color sequences to achieve better
readability and usability inthe field of data visualization. However, to our best knowledge, the colormap
research has yet investigated how the expertise may influence the readability with colormaps. Most of
the studies conducted experiments without putting subject’s factors into consideration. One of a few
exceptionsis the study by Borkin et al, (2011), which investigated the professional performance from
doctors while using various colormaps to identify patterns from a medical graph. Furthermore, a study by
Rheingans (2000), summarized the rules for colormap coding and took the factor of culture connotations
intoaccount. Nonetheless, the effect of expertise on the colormaps remains unknown.



Expertise, is a general term that involves a number of areas related to problem solving, knowledge
learning, and decision making, etc. Forthe past four decades, the terms- expertand expertise have focus
more on comparison between highly and less skilled individuals. Thus, experts and novices show obvious
differences in regard of organizing the quantity of meaningful patterns for information processing
(Shanteau, 1987).

A more detailed explanation to distinguish experts and novices’ behavior is that novices have no
experience with the situations in which they are expected to perform tasks (Benner, 1982). The core
difficultyis that they don’t know how to use discretionary judgment. Since novices have no experience
with the situation they encounter, they can only depend on the ability to conduct a rational analysis of
the decision situation (Cater, 2014). Therefore, it lessens efficiency since no strategy can guide novice to
solve the problem (Meleis, 2010).

Experts, in contrast to novices, not only have a richer store of related knowledge accessible in memory
but also structure knowledge in more complex ways. At the expert level, the performer no longer relies
on an analytical principle (rule, guideline, maxim)to connect her/his understanding of the situation to an
appropriate action (Benner, 1982). In particular, experts construct comprehensive mental models that
combine various information and schemas used by novices into integrated meaningful patterns, while at
the meanwhile effectively getting rid of irrelevant information that novices attendto keep (Meleis, 2010).
Thus, experts develop mental models, representing new and usable patterns of perceiving, thinking, and
organize, process the newinformation (Glaserand Chi, 1988). For example, in the study by Mohammadi
et al, (2015), the nurse has an intuitive grasp on the situation and focusses on the accurate region of the
problem without wasteful consideration of a large range of unfruitful possible problem situations. In
another example, firefighters’ quickly notice details and detect differences which are overlooked by the
novices (Klein, 1990)

In the current study we define experts as having a high level of experience with the default colormap in
data visualization software (i.e. the rainbow color). By contrast, the novices are defined as having a low
or no experience with the colormap. We expect to observe differences by expertise while interpreting
colormaps, and whether the performance would be consistent after practice and learning.

2.5 Learning

Learning is a ubiquitous human behavior that helps individuals to recognize certain situations having
common features and then developing an appropriate behavior for each class of situations. To monitor
and quantify the progress of learning over time, psychologist Hermann Ebbinghaus first introduced the
concept of the learning curve in the psychological field. It is a measurement that describes the
performance improvement when output ortime isdoubled (Argote, 2012). The resulting function relates
the number of learningtrials to performance on one or multiple dependent measure (see Figure 1).
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Figure 1. Learning Curve

Since itsintroduction, the learning curve has beenappliedin various fields, such as electronic, automotive,
construction, software, and chemical companies (Anderson,1982; Lieberman, 1984; Adler and Clark, 1991;
Vits and Gelders, 2002; Jarkas, 2010; Weber and Fayed, 2010). This popularity can be attributed to the
fact that progress functions were a simple tool to describe complex phenomenon. The study of learning
curve plays an importantrole in explaining the cost of production, by validating the relationship between
worker performance and manufacturing rate (Ziemer and Kelly, 1993). It enables managers to scale the
manufacturing cost per unitfor any cumulative production quantity. Inthe economicperspective, it can
determine competitive behavior in the markets. When there is a learning curve, the short-run output
decision is a type of investment decision. It affects the accumulated outp ut and through it, future costs
and market position. Itthe psychology research, learning curve provides a rigorous conceptual lensthat
enablesinvestigating longitudinal studies (Roediger and Smith, 2012).

As a previous section has mentioned, people can update and improve their mental models through
repetition of the decision task. Learning causes a gradually improvement in strength (Keppel and
Underwood, 1962). Therefore, the characteristics of the learning curve can be used as the ideal
measurementto reportthe time spentinasequence of trails to observe the improvementof performance
and mental model (Roediger & Smith, 2012). The function can also serve as a comparison to validate the
learnability between subjects or objects. As shown by the study of Yohannes et al, (2002), which compared
the learning curve between two different surgeries and two types of groups based on their previous
knowledge.

With subsequent little improvements while performing repeated trails, the learning curve will approach
a plateau in the end. (Schimidt & Lee, 2005). It is a nature phenomenon when people stop learning as
much as quickly. Study, for example, will have reached the plateau effect in language learning at some
points (Keller, 1958; Richards, 2008). Plateau can be used as a parameter to indicate a level at which
performance flattens.

Although learning curves have been used for numerous researches, they were rarely quantified for
analyzing the certain period of time of learning progress. To gain an approximate numbers of trails we
needed forsubjects to learn colormaps,the current research usedamethod by fitting an inverse function
to subjects’ learning curves (Feldman, Cao & Fried, 2009).



2.6 Signal Detection Theory

Signal detectiontheory (SDT) is amethod to measure individual’s ability to distinguish stimuli. Itis widely
utilized in the field of human factors by psychologists. The book by Green and Swets, (1966) which
describes SDT and its application to psychology, has been cited over 14,000 times . In the field of
psychological research, acommon issue isthat the potential biases which are presented inthe percentage
calculation of giving right answer is hard to exclude, for example, participants may depend on guessing to
give the response (Shapiro, 1994). The characteristics of SDT can provide a more accurate measurement
to achieve arobustresult.

SDTassumes thatthe decision makerisnota passivereceiver ofinformation, butratheran active decision-
maker who makes difficult perceptual judgments under conditions of uncertainty (Ivancevic & lvancevic,
2010). The theoryis determined by two parameters: the Sensitivity (d’) and the Criterion bias ( B’). That is,
a discriminability to give a correct response (Sensitivity); a tendency of individual with respect to giving
response (Criterion bias). In the current study, we used sensitivity as one of our performance variablesto
analyze the effectiveness of colormaps.

SDT can be applied whenever two possible stimulus types must be discriminated. Normally, stimuli can
be separated into signals and noises. Take visual signals for instance, when the intensity of the signal is
low (e.g. hard to differentiate the pattern on the image), noise may coverthe signalsandlead subjectsto
make a wrong response. The d’ represents the sensitivity toward stimuli by calculating the distance
between the signal and the noise distributions corresponding to the effect of the signal. When the
intensity of signal gets stronger, the overlap of signal and noise distributions will get smaller. The higher
the d’ valueis, the more sensitive subjects are to the signal (Figure 2).

Noise Signal+Noise

== D == d'
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Figure 2. the diagram for the Signal Detection Theory model

2.7 Research question and hypotheses

The study expected that participants should have a better performance while using the perceptual
correct colormaps than the rainbow in all of the tasks. However, one of the missing aspect from
previous research is that whether a mental model of the rainbow colormap may cause a difference
in performance between experts and novice. As participants learn over time this effect should be
most pronounced at the beginning. We therefore come to the following research question, and
corresponding hypotheses:



Which colormap(s) supports users to achieve better decision making with regard to effectiveness and

accuracy, for quantitative datavisualization in vector and surface plots?

H1. Is the performance of decision makinginthe expert conditioninfluencedby previous experience with

the rainbow colormap?

Hla. We expect that performance with an alternative colormap is inferior to the performance

with the rainbow colormap in the expert condition at the beginning of learning curve.

Hlb. We expect that performance with perceptual correct colormap(s) is superior to the

performance with the rainbow colormap inthe expert condition after practice.

H2. Is the performance of decision makinginthe novice condition remains consistently since there is no

previous experience with the rainbow colormap?

H2a. We expect the performance of using perceptual correct colormap(s)is consistently superior

to the rainbow colormap inthe novice condition.



3 Method

The current research aims to discover whether different colormaps for data visualization influence
participants’ decisionmaking. We divided participantsintotwo independent groups(experts and novices)
as previous research has not investigated whether different expertise levels would affect performance.
The experiment consisted of three independent tasks, with each five colormaps and multiple trails.

3.1 Design

A within-subject design was used, comprising 5different colormaps as within-subject factorand the
performance —time (time to submit an answer) and sensitivity (numbers of correct answer) of 2 trails
(the beginningand the end of the trail) asthe dependentvariable.

3.1.2 Colormaps
We selected 5 colormaps(listed inTable 1andillustratedin Figure 1) based on the designstrategiesbelow:

- Rainbow (RB): default colormap in most analytical software.

- Alternative diverging (AD): similar hues as rainbow with diverging uniformly-stepped
luminance.

- Diverging (DG): dissociated two hues from two sides of AD .

- Sequential (SQ): monotonically increasing luminance over a one single hue

- Alternative sequential (AS): embed two additional hues into the Sequential colormap.

All colormaps were createdinthe Matlab R2016b. The RB colormap followed the Jet color which used as
the default colormapin Matlab R2016B. The DG colormap followed the DG colormap study by Moreland
(2009). The AD colormap followed the color research by Reda et al., (2018). The SQ colormap followed
the ColorBrewer (Brewer, 2006). The AS followed the Viridis colorscale (Rudis, Ross, & Garnier, 2018).

Table 1. the five colormaps evaluated in this study

which is commonlyusedinanalytical
software.

Colormap Design Luminance | Hues
Strategy Control
RB: Fullysaturated hue colormap Hue Rotation | None Saturated RGB (6

colorpoints)

AD: Symmetriallyincreasing
luminance withdarkerendsanda
bright midpoint. Hue followed the
settings of RBwith a soft yellow
middle.

Diverging

Uniform, mid
peak, darker
ends,

Symmetric

LimitedRGB (5
colorpoints)




DG:Symmetricallyincreasing Diverging Uniform, mid | Blue, red, yellow
luminance withdarkerendsand a peak, darker (3 colorpoints)
bright midpoint. Diverging with blue ends,
andredattheendsidesandsoft Symmetric
vellow atthe middle.
-

] SQ: Monotonicallyincreasing Sequential Monotonic Blue (1 color
luminance over a single blue hue. increase point)
AS: Monotoniallyincreasing Sequential Monotonic Blue, green,
luminance. Hue from dark blue to increase yellow (3 color
green andyellowadded atthe top. points)

3.1.3 Structure and ordering considerations

Each group received 5x 3 = 15 blocks of 2 trails. In each block one of five colormaps is used for one of
three tasks. The order of the trails is randomized. Then, we assigned half of the participants from each
group took the first task as the starting pointand the other half took the third task at the starting point.
The second task was putin between. Furthermore, to eliminate the ordering effect of colormaps, we used
Latin-Square to generate an orderinglistto make sure there is no duplicate tasks. Finally, forthe effect
of trails ordering, we used semi-Latin-Square, which was, controllingthe order of the first trail, and made
sure the rest of trails were fully randomized.

3.2 Participants

A poweranalysis was used to estimate the samplesize. We usedan effect size of 0.45, based on a previous
study by Borkin et al (2011) that compared the performance of various colormaps for data visualizations
as usedin the medical field. Since in our case we have 5 colormapsin a repeated design, to validate the
performance within each group, we required a sample size of 12, with a power of 95% and an error
probability rate of 0.05. Because the experiment was conducted withtwo independent groups, twice as
many participants were required (total: 24 participants).

The actual number of participantsin our sample was 30. The participants were splitintotwo equal groups
based on theirprevious answerinthe intake questionnaire. The rubrics of grouping can see Table 2. The
Expert group consisted of 3 women and 12 men. The Average years of working in the industry was 5.3
years. Average years of using analytical software was 6.7 years. Over 50% of the participants had to
interpret plots more than 3 times a week. By contrast, the Novice group consisted of 5women and 10
men. Average years atrelatedindustries was 3.6 years. Average years of using analytical software was 2.2
years, and only 27% of the participants had to interpret data plots more than 3 times a week.



We recruited subjects through the company. Some participants recruited each other through snowball
sampling uncoordinated by the experimenter. All participants shall pass the Ishihara test for color
blindness and Jaeger Chart for nearvisual acuity. The experiment lasted 40-70 minutes per participant.

Table 2.Rubrics of grouping

Novices Experts

Related working experience <2 years Related working experience >2 years

Software experience <2 years Software Experience 22 years

Frequency of seeing plots <3 times a week Frequency of seeing plots >3 timesa week
Frequency of interpreting plots<3 timesa week | Frequency ofinterpreting plots >3 timesa week

3.3 Apparatus and Materials

3.3.1 Platform

The experiment platform was programmed in HTML5, CSS6 and Javascript. All the three tasks can be
performed through this platform. To maintain a precise record of the time when participants completed
eachtrail, the programis able to record when one trail ended and the next one started. All study sessions
were conducted in the similar meeting room within the company with identical lighting, and on the same
Lenovo laptop (T480) on the full screen Chrome browser. An example of the three tasks can be foundin
Figure 3.

3.3.2 Plots

We used 6 datasets rendered with 5 colormaps for 3 different types of the tasks (total: 90 plots). All plots
were generated with fake data, to avoid any confidentialityissues. Which were created separately through
Matlab R2016B (see Table 3). For the Abnormal Spot Findingtask, we had to do some additional editing
with Photoshop to create outliers.

Table 3. Overview of 3 types of plots

i i SR

Heatmap Pattern Recognition Vector Pattern Recognition Abnormal Spot Finding

o —

3.3.2 Tasks

Heatmap/Vectormap Pattern Recognition Task

The goal of the task (see Figure 3) was to interpret the right graph (which correctly portraitedthe “neutral
pattern” of the data) out of four options. The neutral pattern represented a contour map whenthe data
was separated equally into three portions. Participants had to follow features from the map to interpret
which option had the right pattern from the data.



Figure 3. Pattern Recognition task: Heatmap (left); Vectormap (right)

AbnormalSpots Finding Task

The goal of the task (see Figure 4) was to select (with mouse-click) between one and seven data spot(s)
which they were consideredto be an abnormal outlier. We defined that the abnormal spot should contain
a value that is beyond 6 o of its surrounding data (Gregg, 2014). If participants wrongly selected a spot,
they could always clickona “clear” button to restart the current trail.

Figure 4. Abnormal Spot Finding task

3.3.4 Questionnaire

The intake survey contained 4 questions related to familiarity with the RB colormap, which was measured
by: yearsinthe industry; years of using of analytical software; frequency of seeing/ interpreting scientific
plots.

The outtake survey is related to the tasks that the participants had just completed, they were asked to
respond ona7=pointLikertscale (1-strongly disagree,7 =strongly agree) to six statements that assessthe
participants’ opinions of each colormap, such as confidence of performance, efficiency, and preference
(see Borkin et al, 2011). This scale was used to assess participants’ qualitative opinion of the five
colormaps.

3.4 Measurement

3.4.1 Expertise
Before the experiment, subjects responded to four customitemstoretrieve their familiarity levels of the
Rainbow colormap (see Table 4).



Table 4. the survey before the experiment.

Question Type of Question
year(s) of working experience in analytical | free input
industries

year(s) of experience of analytical software | free input
frequency of seeing plots Optional

[ less than 3 times a week

[ greater than or equal to 3 times a week
frequency of interpreting plots Optional

[ less than 3 times a week

] greater than or equal to 3 times a week

3.4.2 Performance
There were two variables we took as the measurement of participants’ performance.

3.4.2.1 Time:
Per trial we recorded the time, from the moment the trial started, till the moment when the participant
submitted the answer. The measurementindicates how efficiently participants can interpret a colormap.

3.4.2.2 Sensitivity:

Itis the termrepresented alevel of sensitivity to each stimulus (i.e. colormap) which based on the Signal
Detection Measurement by Stanislaw and Todorov (1999). In Heatmap/ Vectormap Pattern Recognition
tasks, we made use of Forced-Choice Tasks, which indicated that each trail presents one signal and one
or more noise stimuli. The subjects had to identify which stimulus was the signal. Then, we recorded the
number of correct choices participants given. Alternatively, the Abnormal Spots FindingTask, we used the
structure of Yes/No Tasks, which is one type of task from the signal detection theory that presents oneor
multiple signals with one or multiple noises in a trial. Participants were asked to distinguish signals and
noises. Inthissense, the answer will be transferinto the value of sensitivity, the range of the score can be
foundin Table 5. We collected four parameters from the task to retrieve the subject’s performance of
sensitivity for furtheranalysis. The parameters (see Table 6) were Hit (thereisasignal, and been correctly
selected), False Alarm(thereis anoise, but been wrongly selected), Miss (thereis asignal, buthasn’tbeen
selected) and Correct Rejection (there is a noise, and hasn’t been wrongly selected). Then, using the
analytical calculator which designed by Gaetano, Lancaster and Tindle (2015), we could transfer the
numbersfromthe decision matrix into the value of sensitivity.

Table 5. The overview of each task in the experiment

Task Type of the task The range of the score (sensitivity),
from worse to best

Heatmap/Vectormap Pattem Force-Choice -0.72~2.03
Recognition




Abnormal Spot Finding Yes/No -4.86~5.13

Table 6. The decision matrix from the signal detection theory

Signal Noise

True Positive False Positive
e |8 .
E s 'Hit' (H) 'False alarm'(FA)
[
§ False Negative True Negative
2 | %o
o« < 'Miss' (M) 'Correct rejection’'(CR)

After each task, the participants had to complete a questionnaire, which consisted of 4 items measured
ona seven-point Likert scale. The aim was to collect qualitative opinions of each colormap right after each
task. It would allow us to interpret differences between subject’s mental perspective and actual
performance.

3.5 Procedure

3.5.1 Pretest

We considered that repetitive activities may deplete an individual’sresources, leading to fatigue (Yazdi &
Sadeghniiat-Haghighi, 2015). To avoid this potential concern, we conducted a pretest to determine a
maximum number of trailsfor the actual experiment. We selected the heatmap pattern recognizing study
as our study for pretest.

Six individuals from the company were requested to complete 50trials. To get a precise measurement of
the learning curve, we accumulated all participants’ dataand applied the curve fitting function by Feldman,
Cao, & Fried., (2009). Results (see Figure 5) showed that the AS colormap had a moderate fit (R?=0.55)
which indicated that subjects did learn from the colormap. AD (R?=0.35), DG (R?=0.26) and RB (R?=0.21)

had a fitbetween fairto poorwhich indicatedthat subjects could slightly learn from these colormaps.SQ
had nearly nofitting (R?=0.03) which meant subjects could hardly learn from the colormap. Furthermore,

based on the patterns retrieved from the results, we discovered participants all got an ascending pattem

in each colormap’s task from fifth trail onward. This gave rise to a concern of subjects becoming fatigued
duringthe experiment. Based on the result of the pretest, we decided to limitthe number of trials to 6.



RB R=0.22 [ AD R=0.35 |

DG R=0.27 SQ R=0.03

AS R=0.55

Figure 5. Overview of curve fitting in the colormaps

3.5.2 Experiment

When participants came into the office, they were asked to read and sign aninformed consent form. After
they consented tojoin the study, participants conducted a color blindness and anear-sight acuity test, to
make sure that they have no vision problems. After that, they were required tofill outan intake survey,
which was used to divide participantsinto two groups for later experiment.

At the start of the experiment, participants were asked to complete three tasks at a laptop separately.
Theyreceived atutorialbefore each task started. It describedthe goal of the specific task, how many trails
were included, and the approximatedtime of the task may take. Additionally, experimenter demonstrated
an example of the trail, instructing how to proceed the task.

Each task started when participants clicked on the button. Once participants finished the task, they were
asked tofill out an outtake survey. After the whole tasks had been finished, participants wererequired to
fill out one final survey. Finally, all participants were thanked for their participation.

3.6 Data Analysis Plan

The primary analysis will be a comparison of 5 colormapsin 3 different tasks, using a Repeated measure
ANOVA (within factors) with 5 measurements (5 colormaps). To compensate the multiple independent
tasks are tested, we use Bonferronicorrection forthe alphalevel: alpha=0.05/3=0.0167. If the main effect
issignificant, we willfollow this effect up with post hoc tests to discover which specific means differed.



4 Results

Inouranalyses, we testedthe performance of different colormaps inthreedifferent tasks at the beginning
and the final trail. We divided participants into two groups — the experts and the novices to further
investigate whether the mental model of rainbow colormap would affect the performance differently.

4.1 Outlier Removal

The total number of participantsin oursample was 30 in each task. For one participant inthe Vectormap
Pattern Recognitiontask, the data could not be retrieved, due to the program overwrote the data by later
result. Inthe Abnormal Spot Finding task, one participant showed an exceptionally slow performance (the
modified z-score of time greater than 3.5). However, we further investigated the performance of
sensitivity, finding that the participant’s z-score was not beyond the boundaries (3.5 to -3.5). Therefore,
he/she should not considerasan outlier. To sum up, the total number of participantsin the dataset used
for analysis was 30 (for Heatmap Pattern Recognition), 29 (for Vectormap Pattern Recognition), and 30
(for Abnormal Spot Finding).

4.2 Hypothesis Testing

In order to test whetherthe effects of expertise of the rainbow colormap influence the decision making,
we conducted a repeated measure ANOVA comparing the average performance in each colormapin the
firstand the final trail by two groups (the experts and novices).

4.2.1 Task performance for experts

In the first hypothesis, we assumed that because the experts have a high expertise of the rainbow
colormap, the usage of rainbow colormap should outperform the other colormaps at the beginning of
trail. After practice, the perceptual correct colormap(s) should perform betteratthe final trail.
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Figure 6. the overview of the task performance in expert group

Heatmap Pattern Recognition

First Trial

Time

Estimated Colormaps cell means were RB: 39.05+22.62, AD: 38.10+21.79, DG: 40.05+23.12, SQ:
47.52124.20, and AS:49.63+25.92.

Muchly’s testindicated that the assumption of sphericity is not violated with p =0.122. The main effect of
Colormaps was not statistically significant with SScoiormaps = 1576.56, F(4,52)=1.51, p=.22 > 0.0167, and
nzpartial =O. 10

Sensitivity
Estimated Colormaps cell means were RB: 0.36+1.50, AD:0.57+1.55, DG: 1.00+1.55, SQ: 0.57+1.55, and
AS:0.79+1.57.

Muchly’s test indicated that the assumption of sphericity is not violated with p=0.42. The main effect of
Colormaps was not statistically significant with SS iormaps = 3.39, F(4,52)=0.46, p=.76 > 0.0167, and n?,a i
=0.034.



Final Trail
Time
Estimated Colormaps cell means were RB: 30.03+23.84, AD: 35.11+24.10, DG: 29.92+25.33, SQ: 47.74
+35.16, and AS:33.63+21.08.

Muchly’s test indicated thatthe assumption of sphericityis violated with p =0.014, therefore degreesof
freedom were corrected using Huyhn-Feldt correction instead. The main effect of Colormaps was not
statistically significant with SScoiomaps = 3000.31, F(4,52)=1.42, p=.25 > 0.0167, and N, =0.10.

Sensitivity
Estimated Colormaps cell means were RB: 0.57+1.55, AD:0.79+1.57, DG: 1.22+1.50, SQ: 0.36+1.50, and
AS:0.79+1.57.

Muchly’s test indicated that the assumption of sphericity is not violated with p =0.66. The main effect of
Colormaps was not statistically significant with SSiormaps = 5.73, F(4,52)=0.61, p=.61 > 0.0167, and n?paia
=0.045.



Vectormap Pattern Recognition

First Trial

Time

Estimated Colormaps cell means were RB: 44.96+29.12, AD: 39.46+30.17, DG: 39.70+30.66, SQ:
56.99+47.52, and AS: 42.68+29.92.

Muchly’s testindicated that the assumptionof sphericity is not violated with p =0.104. The main effect of
Colormaps was not statistically significant with SSoiomaps = 3116.09, F(4,56)=1.11, p=.36 > 0.0167, and
r]Zpartial =0.07.

Sensitivity
Estimated Colormaps cell means were RB: 1.29+1.47, AD: 1.70+1.25, DG: 1.4941.38, SQ: 0.49+1.53, and
AS:0.69+1.56.

Muchly’s test indicated that the assumption of sphericity is not violated with p=0.99. The main effect of
Colormaps was not statistically significant with SSqiormaps = 16.30, F(4,56)=1.87, p=.13 >0.0167, and n%,arial
=0.12.

Final Trail

Time

Estimated Colormaps cell means were RB: 35.23+28.00, AD: 40.25+38.63, DG: 46.39455.80, SQ:
38.95+31.24, AS:30.81+25.12.

Muchly’s test indicated that the assumption of sphericity is not violated with p=0.19. The main effect of
Colormaps was not statistically significant with SSoiormaps = 2027.03, F(4,56)=0.70, p=.57 > 0.0167, and
r]Zpar‘cial =0.05.

Sensitivity
Estimated Colormaps cell means were RB: 1.29+1.47, AD: 1.70£1.25, DG: 1.49£1.38, SQ: 0.49+1.53, and
AS:0.69+1.56.

Muchly’stest indicated that the assumption of sphericity is not violated with p =0.15. The main effect of
Colormaps was not statistically significant with SSiormaps = 7.78, F(4,56)=1.07, p=.38 > 0.0167, and n?paia
=0.07.

AbnormalSpot Finding

First Trial

Time

Estimated Colormaps cell means were RB: 30.18+27.33, AD: 32.55+13.56, DG: 26.131£19.19, SQ:
36.28+21.45, and AS: 23.64+17.62.

Muchly’s testindicated that the assumption of sphericity is not violated with p =0.315. The main effect of
Colormaps was not statistically significant with SSoiormaps = 1516.87, F(4,56)=1.75, p=.16 > 0.0167, and
r]Zpartial =0.11.



Sensitivity
Estimated Colormaps cell means were RB: 4.80+0.83, AD: 4.24+1.52, DG: 4.31£1.45, SQ: 2.94+1.68, and
AS:5.1340.00.

Muchly’s test indicated that the assumption of sphericity is violated with p =0.04, therefore degrees of
freedomwere corrected using Huyhn-Feldt correction instead.

The main effect of Colormaps was statistically significant with SS coormaps = 42.00, F(4,56)=7.09, p < 0.001,
and n%,aia =0.34. Then, we run post hoc tests, highlighting exactly wherethese differences occurred. We
found outthat in the average performance of sensitivity in the first trail,

e the RB withthe SQindicated asignificant negative effect (p<0.001).
e the AS with the AD (p=0.028), the DG (p=0.04), and the SQ(p<0.001) had a significant negative
difference.
e theSQwiththe AD (p=0.028), and the DG (p=0.031) had a significant positive difference.
Final Trail
Time
Estimated Colormaps cell means were RB: 19.54+6.16, AD: 23.26+12.16, DG: 22.73+8.58, SQ: 33.29425.56,
and AS: 16.07+9.37.

Muchly’s test indicated that the assumption of sphericity is violated with p <0.001, therefore degreesof
freedom were corrected using Huyhn-Feldt correction instead.

The main effect of Colormaps was statistically significant with SScolormaps = 2490.47, F(4,56)=4.48, p=.023
< 0.05, and 1 2partial =0.24. Then, we run post hoc tests that can highlight exactly where these differences
occur. We found out that inthe average performance of time in the final trail,

e the RB withthe SQindicated asignificant negative effect (p=0.040).
e the AS with the AD (p=0.028), the DG (p=0.006), and the SQ(p=0.003) had a significant negative
difference.

Sensitivity
Estimated Colormaps cell means were RB: 4.46+0.97, AD: 4.49+1.11, DG: 4.81+0.91, SQ: 3.82+1.30, and
AS:5.13+0.00.

Muchly’s test indicated that the assumption of sphericityisviolated with p=0.001, therefore degreesof
freedom were corrected using Huyhn-Feldt correction instead.

The main effect of Colormaps was statistically significant with SScoiormaps = 14.22, F(4,56)=4.28, p = 0.018 <
0.0167, and n?pania =0.234. Although we didn’t find a significant difference with a strict Bonferroni
Correction, but we did discover asignificanttrend. Then, werun post hoctests, highlighting exactly where
these differences occur. We found out that in the average performance of sensitivity in the final trail,

e the RB withthe ASindicated asignificant negative effect (p=0.018).
e the AS withthe AD (p=0.043), and the SQ(p=0.002) had a significant positive difference.
e the DG with the SQ(p=0.039) had a significant positive different.



4.2.2 Task performance for novices

In the second hypothesis, we assumed that the novices with less or zero expertise of the rainbow

colormap, the usage of rainbow colormap should perform less efficient and accurate than the
perceptual correct colormap(s) atthe firstand final trail.
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Figure 7. the overview of the task performance in novice group




Heatmap Pattern Recognition
First Trial
Time
Estimated Colormaps cell means were RB: 37.14+27.30, AD: 26.34+15.47, DG: 24.26+21.16,
SQ: 33.08 +26.11, and AS: 37.22+22.60.

Muchly’s test indicated that the assumption of sphericity is not violated with p =0.576. The
main effect of Colormaps was not statistically significant with SScolormaps = 2191.264,

F(4,56)=1.673, p=.169 >0.0167, and n2partial =0.107.

Sensitivity
Estimated Colormaps cell means were RB: 0.69+1.56, AD: 1.09+1.53, DG: 1.49+1.38, SQ:
0.49+1.53, and AS: 0.49+1.53.

Muchly’s test indicated that the assumption of sphericity is not violated with p =0.431. The
main effect of Colormaps was not statistically significant with SScolormaps = 11.431,
F(4,56)=1.633, p=.179 > 0.0167, and n2partial =0.104. Although we didn’t find significant
differenceingeneral, inthe posthoctestdid highlight the average performance of sensitivity
inthe first trail that:

e the AS with DG (p=0.019) showed asignificant negative effect.

Final Trail
Estimated Colormaps cell means were RB: 23.28+13.18, AD: 22.87+15.17, DG: 17.44411.84,

SQ: 19.88423.17, and AS:24.07+14.36.

Muchly’s test indicated that the assumption of sphericity is not violated with p =0.257. The
main effect of Colormaps was not statistically significant with SS oomaps = 462.206,

F(4,56)=0.823, p=.516 >0.0167, and nZpartial =0.056.

Sensitivity
Estimated Colormaps cell means were RB: 0.49+1.53, AD: 1.09£1.53, DG: 1.09+1.53, SQ:
0.29+1.47, and AS: 0.49+1.53.

Muchly’s test indicated that the assumption of sphericity is not violated with p =0.462. The
main effect of Colormaps was not statistically significant with SS coiormaps =8.512, F(4,56)=1.065,
p=.382 > 0.0167, and Nn%partial =0.071. Although we didn’t find significant difference in general,
inthe posthoctestdid highlightthe average performance of sensitivity in the final trail that:

e the DG with the SQ(p=0.041) showed asignificant positive effect.



Vectormap Pattern Recognition

First Trial

Time

Estimated Colormaps cell means were RB: 44.721+45.53, AD: 52.23+35.42, DG:
38.77+25.72, SQ: 40.40£32.97, and AS: 40.03+£27.23.

Muchly’s test indicated that the assumption of sphericity is violated with p =0.108.
The main effect of Colormaps was not statistically significant with SS iormaps =
1698.741, F(4,52)=0.62, p=.65 > 0.0167, and n2partial =0.046.

Sensitivity
Estimated Colormaps cell means were RB: 0.79+1.57, AD: 0.79+1.57, DG: 0.79+1.57,
SQ: 0.36+1.50, and AS: -0.29+1.10.

Muchly’s test indicated that the assumption of sphericity is not violated with p
=0.953. The main effect of Colormaps was not statistically significant with SScoiormaps
=12.508, F(4,52)=1.56, p=0.199 > 0.0167, and n%,.« =0.107. Although we didn’t find
significant difference in general, in the post hoc test did highlight the average
performance of sensitivity in the first trail that:

e the AD with AS(p=0.019) showed asignificant positive effect.

Final Trail

Time

Estimated Colormaps cell means were RB: 31.45%+24.11, AD: 27.74+16.01, DG:
31.12430.56, SQ: 27.884£19.12, and AS: 35.58+42.78.

Muchly’s test indicated that the assumption of sphericity is not violated with p
=0.089. The main effect of Colormaps was not statistically significant with SS_;iormaps
=578.067, F(4,52)=0.37, p=.829 > 0.0167, and n?,.a =0.028.

Sensitivity
Estimated Colormaps cell means were RB: 0.79+1.57, AD: 0.5741.55, DG: 0.5741.55,
SQ: -0.29+1.10, and AS: 0.14+1.42.

Muchly’s test indicated that the assumption of sphericity is violated with p =0.126.
The main effect of Colormaps was not statistically significant with SS jomaps = 10.423,
F(4,52)=1.156, p=.341 > 0.0167, and n?,... =0.082.

AbnormalSpot Finding



First Trial
Time
Estimated Colormapscellmeanswere RB: 27.61+14.45, AD: 25.13+15.90, DG: 23.27+8.33, SQ:41.0 £33.49,
and AS:21.0746.38.

Muchly’stest indicated thatthe assumption of sphericityis violated with p<0.001, therefore degreesof
freedom were corrected using Huyhn-Feldt correction instead. The main effect of Colormaps was
statistically significant with SScoiomaps = 3705.022, F(4,56)=3.865, p=.008 , and N2, =0.216. Then, we run
post hoc tests, highlighting exactly where these differences occur. We found out that in the average
performance of sensitivity in the first trail:

e the AS with AD (p=0.01), the DG (p=0.03), and the SQ(p=0.028) indicated a significant negative
effect (p=0.018).

Sensitivity
Estimated Colormaps cell means were RB: 4.71+0.89, AD: 3.95+1.28, DG: 3.62+1.53, SQ: 3.37+1.68, and
AS:4.80+0.83.

Muchly’s testindicated that the assumptionof sphericity is not violated with p =0.431. The main effect of
Colormaps was statistically significant with SScolormaps =24.761, F(4,56)=5.09, p=.001<0.0167, and 1) 2partial
=0.267. Then, we run post hoc tests, highlighting exactly where these differences occur. We found out
that inthe average performance of sensitivity in the first trail:

e the RB with AD (p=0.042), the DG (p=0.08), and the SQ(p=0.02) indicated a significant positive
effect.
e the AS withthe SQ(p=0.006) indicated asignificant positive effect.

Final Trail

Time

Estimated Colormaps cell means were RB: 17.78+8.21, AD:21.12412.58, DG: 20.36+9.25, SQ: 36.95+24.80,
and AS: 16.32+5.96.

Muchly’s test indicated that the assumption of sphericityis violated with p=0.001, therefore degreesof
freedom were corrected using Huyhn-Feldt correction instead. The main effect of Colormaps was
statistically significant with SScolormaps = 4134.085, F(4,56)=7.937, p<0.001, and n2partial =0.362. Then, we
run post hoc tests that can highlight exactly where these differences occur. We found out that in the
average performance of time in the finaltrail:

e the ASwithRB(p=0.08), AD (p=0.018), the DG (p=0.04), and the SQ(p=0.02) indicated asignificant
negative effect.



Sensitivity

Time
Estimated Colormaps cell means were RB: 4.72+0.87, AD: 4.14+1.28, DG: 4.69+0.92, SQ: 3.26+1.50, and
AS:5.13+0.00011.

Muchly’stestindicated that the assumptionof sphericity is not violated with p =0.147. The main effect of

Colormaps was not statistically significant with SScolormaps= 31.166, F(4,56)=8.421, p<0.001, and nz2partial
=0.375. We found out that in the average performance of sensitivity in the final trail:

e the RB withthe SQ(p=0.003) indicated asignificant positive effect.
e the AS withthe AD (p=0.01 <0.05), SQ(p<0.001) indicated asignificant positive effect.



4.3 Exploratory

4.3.1 Learning Effect
Tovalidate whetherthe colormaps can be learned by practice, we conducted arepeated measures ANOVA

to investigatethe main effect of learning by analyzing the difference between the performance of time in
the firsttrail and the final trail (Brengelmann, 1959).
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Figure 8.the improvement of the time performance in the Heatmap Pattern Recognition task

In the Heatmap Pattern Recognition task, the result showed that the main effect of the time in the RB
colormapis not significantin the expert group: F(1,13)=3.141,p=0.1, n,? =0.195, observed power=0.375.
However, inthe novicegroup, the effectissignificant: F(1,14)=4.665, p=0.049, n,?=0.25, observed power=
0.52.
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Figure 9.the improvement of the time performance in the Vectormap Pattern Recognition task

In the Vectormap Pattern Recognition, the main effect of time in the novice group, the AD is significant
with F(1,13)=8.309, p=0.013, n,*=0.39, observed power=0.76.



In the Abnormal Spot Finding, the main effect of time in the expert group, the AD is significant with
F(1,14)=4.806, p=0.046, n,*=0.256, observed power=0.532; the ASwith F(1,14)=6.145, p=0.027, n,?=0.305,
observed power=0.636. By contrast in the Novice group, the DG with F(1,14)=9.88, p=0.007, n,’=0.414,
observed power=0.832; the AS with F(1,14)=9.5, p=0.008, n,?=0.404, observed power=0.817.
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Figure 10.the improvement of the time performance in the Abnormal Spot Finding task

In the Abnormal Spot Finding task, the main effect of the time of the RB colormap is not significantin the
expert group: F(1,14)=2.669, p=0.125, n,? =0.160, observed power=0.331. However, once again, in the
Novice group, the effectis significant: F(1,14)=6.01, p=0.028, n,*=0.3, observed power=0.626.



4.3.2 Overall Performance
To investigate the performance among the 5 colormaps in average, analysis of repeated measure, and
paired-samples t-test were performed.
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Figure 11.the comparison of the time performance among colormaps in the HPR task

Time

All Participants
Results showed thatthere is no significant difference among the five colormapsinregard of timein
average (F(4,112)=0.558,p=0.694, n,?=0.024, observed power=0.126).

Expert

In the Expert group, the average of time within five colormaps is 37.56118.41 seconds. It showed that
there is no significant difference among the five colormaps in regard of time in average
(F(4,52)=0.59,p=0.671, n,?=0.043, observed power=0.183).
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Figure 12.the comparison of the time performance in the novice group in the HPR task



In the Novice group (see Figure 12), the average of time within five colormapsis 26.01+16.00 seconds. It
showed that there is no significant difference among the five colormaps in regard of time in average

(F(4,56)=2.153,p=0.086, n,?=0.133, observed power=0.600). In the further investigation by conducting
paired-samples t-test we found:

e The Rainbow colormap performed significantly slower than Alternative Diverging colormap;
t(14)=2.254, p=0.041.

e The Rainbow colormap performed significantly slower than Diverging colormap; t(14)=2.661,
p=0.019.
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Figure 13.the comparison of the sensitivity performance among colormaps in the HPR task

Sensitivity

All Participants

Figure 14 showed thatthere is a significant differenceamong the five colormaps inregard of the
Sensitivity in average (F(4,112)=8.086,p<0.001, n,?=0.22, observed power=0.998). We found:
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Figure 14.the comparison of the sensitivity performance from all participants in the HPR task
e The Rainbow colormap performed significantly lower than Alternative Diverging colormap;
1(28)=-3.20, p=0.003.

e The Rainbow colormap performed significantly lowerthan Diverging colormap; t(28)=-5.168,
p<0.001.



The Alternative Diverging colormap performed significantly higher than Sequential colormap;
1(28)=3.12, p=0.004.

e The Alternative Diverging colormap performed significantly higher than Alternative Sequential
colormap; t(28)=2.42, p=0.022.

e The Diverging colormap performed significantly higherthan Sequential colormap; t(28)=4.11,

p<0.001.

e The Diverging colormap performed significantly higher than Alternative Sequential colormap;
t(28)=3.57, p=0.001.
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Figure 15. the comparison of the sensitivity performance in the expert group in the HPR task

Inthe expertgroup (see Figure 15), the average of sensitivity within five colormapsis 0.66 (N=70, SD=0.88).
It showed that there is a significant difference among the five colormaps in regard of the Sensitivity in
average (F(4,52)=5.777,p=0.001, n,°=0.308, observed power=0.972). We found:

e The Rainbow colormap performed significantly lower than Alternative Diverging colormap; t(14)=

2.43, p=0.029.

e The Rainbow colormap performed significantly lower than Diverging colormap; t(14)=-5.21,
p<0.001.

e The Diverging colormap performed significantly higher than Sequential colormap; t(14)=4.18,
p=0.001.

e The Diverging colormap performed significantly higher than Alternative Sequential colormap;
t(14)=2.75, p=0.016.
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Figure 16. the comparison of the sensitivity performance in the novice group in the HPR task

Inthe novice group (see Figure 16), the average of sensitivity within five colormapsis 0.76 (N=75, SD=0.74).
showed that there is a significant difference among the five colormaps in regard of the Sensitivity in
average (F(4,56)=3.141,p=0.021, np2=0.183, observed power=0.785). We found:

e The Rainbow colormap performed significantly lower than Alternative Sequential colormap;
t(14)=-2.26, p=0.041.

e The Rainbow colormap performed significantly lower than Diverging colormap; t(14)=-2.96,
p=0.01.

e The Alternative Diverging colormap performed significantly higher than Alternative Sequential
colormap; t(14)=2.61, p=0.021.

e The Diverging colormap performed significantly higher than Alternative Sequential Colormap;
t(14)=2.36, p=0.033.
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Figure 17. the comparison of the time performance among colormaps in the VPR task

Time

All Participants
Results showed thatthere is no significant difference among the five colormapsinregard of timein
average (F(4,112)=0.557,p=0.694, n,?=0.02, observed power=0.181).



Expert
In the Expertgroup showedthatthereis no significant difference amongthe five colormapsin regard of

time inaverage (F(4,56)=0.632, p=0.641, n,?=0.043, observed power=0.195).

Novice
In the Novice group showed thatthere is no significant difference amongthe five colormapsin regard of

time in average (F(4,52)=0.982, p=0.426, n,*=0.07, observed power=0.289).
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Figure 18. the comparison of the sensitivity performance among colormaps in the VPR task
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Figure 19. the comparison of the sensitivity performance from all participants in the VPR task

Figure 19 showed thatthere is a significant differenceamong the five colormapsin regard of the
Sensitivity in average (F(4,112)=10.02,p<0.001, n,?=0.263, observed power=1.0). We found:

e The Rainbow colormap performed  significantly higher than the Sequential colormap;
1(28)=5.141, p<0.001.



The Rainbow colormap performed significantly higherthan the Alternative Sequential colormap;

t(28)=3.227, p=0.003.

e The Alternative Diverging colormap performed significantly higher than the Sequential
colormap; t(28)=4.79, p<0.001.

e The Alternative Diverging performed significantly higher than the Alternative Sequential
colormap; t(28)=3.972, p<0.001.

e The Diverging performed significantly higherthan the Sequential colormap; t(28)=3.287,
p=0.003.

e The Diverging performed significantly higherthan the Alternative Sequential colormap;

t(28)=2.856, p=0.009.
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Figure 20. the comparison of the sensitivity performance in the expert group in the VPR task

The Expertgroup (see Figure 20) showed that there is a significant difference among the five colormaps
inregard of the Sensitivity (F(4,56)=7.747, p<0.001, n,2=0.356, observed power=0.996). We found:

e The Rainbow colormap performedsignificantly higherthan the Sequential colormap; t(14)=5.501,
p<0.001.

e The Rainbow colormap performed  significantly higher than the Alternative Sequential colormap;
t(14)=3.012, p=0.009.

e The Alternative Diverging colormap performed significantly higherthan the Diverging colormap;
t(14)=4.281, p=0.001.

e The Alternative Diverging colormap performed significantly higher than the Sequential colormap;
t(14)=3.829, p=0.002.

e The Alternative Diverging colormap performed significantly higher than the Alternative Sequential
colormap; t(14)=2.256, p=0.041.
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Figure 21. the comparison of the sensitivity performance in the novice group in the VPR task

Inthe Novice group (see Figure 21) showedthat there is asignificant difference amongthefive colormaps
in regard of the Sensitivity in average (F(4,52)=3.281,p=0.018, n,?=0.202, observed power=0.802). We
found:

e The Rainbow colormap performedsignificantly higherthan the Sequential colormap; t(13)=2.463,
p=0.029.

e The Alternative Diverging colormap performed significantly higher than the Sequential colormap;
t(13)=2.519, p=0.026.

e The Diverging colormap performed significantly higherthan the Sequential colormap; t(13)=2.447,
p=0.029.
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Figure 22. the comparison of the time performance among colormaps in the ASF task
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Figure 23. the comparison of the time performance from all participants in the ASF task

Time

Figure 23 showed that there is a significant difference among the five colormapsinregard of the Timein
average (F(4,116)=13.47,p<0.001, n,?=0.317, observed power=1.0). We found:

Expert

The Rainbow colormap performed significantly faster than Sequential colormap; t(29)=-3.756,
p=0.001.

The Rainbow colormap performed significantly slower than the Alternative Sequential colormap;
t(29)=2.565, p=0.016.

The Alternative Diverging performed significantly fasterthan the Sequential colormap; t(29)=-
3.840, p=0.001.

The Diverging performed significantly faster than the Sequential colormap; t(29)=-5.105,
p<0.001.

The Diverging performed significantly slower than the Alternative Sequential colormap;
1(29)=2.064, p=0.048.

The Sequential colormap performed significantly slowerthan the Alternative Sequential
colormap; t(29)=5.891, p<0.001.
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Figure 24. the comparison of the time performance in the expert group in the ASF task

Time



Inthe Expertgroup (see Figure 24) showed thatthere is asignificant difference among the five colormaps
inregard of the Time in average (F(4,56)=4.361,p=0.004, n,?=0.238, observed power=0.912). We found:

e The Rainbow colormap performed significantly faster than Sequential colormap; t(14)=-2.457,
p=0.028.

e The Alternative Diverging performed significantly faster than the Sequential colormap; t(14)=-
1.946, p=0.072.

e The Diverging performed ssignificantly fasterthan the Sequential colormap; t(14)=-3.162, p=0.007.

e The Sequential colormap performed significantly slower than the Alternative Sequential;
t(14)=3.940, p<0.001.
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Figure 25.the comparison of the time performance in the novice group in the ASF task

Inthe Novice group (see Figure 25) showedthat there is asignificant difference amongthefive colormaps
inregard of the Time in average (F(4,56)=10.276,p<0.001, n,2=0.423, observed power=1.0). We found:

e The Rainbow colormap performed significantly fasterthan the Sequential colormap; t(14)=-2.918,
p=0.011.

e The Alternative Diverging colormap performed significantly fasterthan the Sequential colormap;
t(14)=-3.766, p=0.002.

e The Diverging colormap performedsignificantly faster than the Sequential colormap; t(14)=-3.993,
p=0.001.

e The Sequential colormap performed significantly slower than the Alternative Sequential
colormap; t(14)=4.305, p=0.001.
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Figure 26. the comparison of the sensitivity performance among colormaps in the ASF task
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Figure 27. the comparison of the sensitivity performance from all participant in the ASF task

Figure 27 showed thatthere is a significant difference among the five colormaps inregard of the
Sensitivity in average (F(4,116)=31.57, p<0.001, n,?=0.521, observed power=1.0). We found:

The Rainbow colormap performed significantly higher than Alternative Diverging colormap;
1(29)=4.716, p<0.001.

The Rainbow colormap performed significantly higherthan Diverging colormap; t(29)=3.319,
p=0.002.

The Rainbow colormap performed significantly higherthan the Sequential colormap;
1(29)=6.697, p<0.001.

The Rainbow colormap performed significantly lower than the Alternative Sequential colormap;
t(29)=-3.757, p=0.001.

The Alternative Diverging colormap performed significantly higher than Sequential colormap;
1(29)=4.066, p<0.001.

The Alternative Diverging colormap performed significantly lower than Alternative Sequential
colormap; t(29)=-5.803, p<0.001.

The Diverging colormap performed significantly higherthan the Sequential colormap;
t(29)=4.542, p<0.001.



The Diverging colormap performed significantly higherthan the Alternative Sequential
colormap; t(28)=4.11, p<0.001.

e The Sequential colormap performed significantly lowerthan Alternative Sequential colormap;
t(29)=-7.762, p=<.001.
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Figure 28. the comparison of the sensitivity performance in the expert group in the ASF task

Inthe Expertgroup (see Figure 29) showed thatthere is a significant difference among the five colormaps
in regard of the Sensitivity in average (F(4,56)=17.650,p<0.001, n,’=0.558, observed power=1.0). We

found:

e The Rainbow colormap performed significantly higher than Alternative Diverging colormap;
1(14)=3.105, p=0.008.

e The Rainbow colormap performedsignificantly higherthan the Sequential colormap; t(14)=5.322,
p<0.001.

e The Rainbow colormap performed significantly lower than the Alternative Sequential colormap;
t(14)=-2.871, p=0.012.

e The Alternative Diverging colormap performed significantly higher than Sequential colormap;
1(14)=3.028, p=0.001.

e The Alternative Diverging colormap performed significantly lower than Alternative Sequential
colormap; t(14)=-3.685, p=0.002.

e The Diverging colormap performed significantly higherthan the Sequential colormap; t(14)=3.963,
p=0.001.

e The Divergingcolormap performed significantly lowerthanthe Alternative Sequential colormap;
t(14)=-4.493, p=0.001.

e The Sequential colormap performed significantly lower than Alternative Sequential colormap;
t(14)=-5.783, p=<0.001.
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Figure 29. the comparison of the sensitivity performance in the novice group in the ASF task

Inthe Novice group (see Figure 29) showedthat there is asignificant difference amongthefive colormaps
inregard of the Sensitivityin average (F(4,56)=14.08,p<0.001, n,?=0.501, observed power=1.0). We found:

e The Rainbow colormap performed significantly higher than Alternative Diverging colormap;
t(14)=3.462, p=0.004.

e The Rainbow colormap performed significantly higher than Diverging colormap; t(14)=2.56,
p=0.023.

e The Rainbow colormap performed significantly higherthan the Sequential colormap; t (14)=4.131,
p=0.001.

e The Rainbow colormap performed significantly lower than the Alternative Sequential colormap;
t(14)=-2.58, p=0.012.

e The Alternative Diverging colormap performed significantly higher than Sequential colormap;
t(14)=2.63, p=0.02.

e The Alternative Diverging colormap performed significantly lower than Alternative Sequential
colormap; t(14)=-4.417, p=0.001.

e The Diverging colormap performed significantlyhigherthan the Sequential colormap; t(14)=2.498,
p=0.026.

e The Divergingcolormap performed  significantly lowerthanthe Alternative Sequential colormap;
t(14)=-4.417, p=0.001.

e The Sequential colormap performed significantly lower than Alternative Sequential colormap;
t(14)=-5.089, p<0.001.



4.3.3 Prediction

To furtherinvestigate whether a mental model of the rainbow colormap affected how participants predict
their performance, a simple linear regression was calculated to predict the performance (time &
sensitivity) based on the Confident (from one of the itemsin the outtake survey- How confidentyou are
of givingthe answer by using the rainbow colormap in this task).
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Figure 30.prediction of the experts’ performance in HPR task

Experts- Time

The residuals had anormal distribution as determined witha Shapiro-Wilk test, withw=0.885 and p=0.069.
We found a non-significant regressionequation (F(1,12)=0.685, p=0.426), with and R?=0.059. Expert group
predicted their performance of time is equal to 55.47 — 4.16 (confident) seconds when confident is
measuredinscores. Expertgroup’s performance of time decreased 4.16 for each score of confident.

Experts- Sensitivity

The residual normal distribution as determined with a Shapiro-Wilk rejected the null-hypothesis, with
w=0.862 and p=0.033. Also, We found a non-significant regression equation (F(1,12)=0.70, p=0.420), with
and R?=0.060. Expertgroup predicted their performance of Sensitivity is equal to 1.41 — 0.21 (confident)
scores when confident is measured in scores. Expert group’s performance of Sensitivity decreased 0.21
for each score of confident.
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Figure 31.prediction of the novices’ performance in HPR task

Novices- Time
The residual normal distribution as determined with a Shapiro-Wilk rejected the null-hypothesis, with
w=0.854 and p=0.020. We found a non-significant regression equation(F(1,13)=2.666, p=0.126), with and
R2=0.170. Novice group predicted their performance of timeis equal to 50.328 — 4.222 (confident) seconds
when confidentismeasured inscores. Novice group’s performance of time decreased 4.222 for each score
of confident.

Novices- Sensitivity

The residuals had anormal distribution as determined witha Shapiro-Wilk test, withw=0.930and p=0.270.
We found a non-significant regression equation (F(1,13)=0.136, p=0.718), with and R?=0.010. Novice
group predicted their performance of time is equal to 0.37 + 0.59 (confident) scores when confident is
measured inscores. Novice group’s performance of Sensitivity increased 0.59 for each score of confident.
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Figure 32.prediction of the experts’ performance in VPR task



Experts- Time

The residuals had anormal distribution as determined witha Shapiro-Wilk test, withw=0.923 and p=0.218.
We found anon-significant regression equation (F(1,12)<0.001, p=0.989), with and R?<0.001 Expert group
predicted their performance of time is equal to 37.17 — 0.04 (confident) seconds when confident is
measured inscores. Expert group’s performance of time decreased 0.04for each score of confident.

Experts- Sensitivity

The residuals had a normal distribution as determined witha Shapiro-Wilk test, withw=0.960 and p=0.688.
We found a non-significant regression equation (F(1,12)=0.70, p=0.418), with and R?=0.051. Expertgroup
predicted their performance of Sensitivity is equal to 0.56 — 0.11 (confident) scores when confident s
measuredinscores. Expert group’s performance of Sensitivity decreased0.11 for each score of confident.
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Figure 33.prediction of the novices’ performance in VPR task

Novices- Time

The residuals had a normal distribution as determined witha Shapiro-Wilk test, withw=0.899 and p=0.107.
We found a non-significant regression equation (F(1,12)=3.368, p=0.091), with and R?=0.219. Novice

group predicted their performance of time isequal to 3.327 + 6.81 (confident) secondswhen confident is

measuredinscores. Novice group’s performance of time increased 6.81for each score of confident.

Novices- Sensitivity

The residuals had violated the normality witha Shapiro-Wilk test, with w=0.958 and p=0.691. We found a
non-significant regression equation (F(1,12)=1.954, p=0.187), with and R?=0.14. Novice group predicted
their performance of time is equal to -0.001 + 0.13 (confident) seconds when confident is measured in
scores. Novice group’s performance of time increased 0.13 for each score of confident.

Abnormal Spot Finding
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Figure 34.prediction of the experts’ performance in ASF task

Experts- Time

The residuals had violated the normality witha Shapiro-Wilk test, with w=0.641 and p<0.001. We found a
non-significant regression equation (F(1,12)=0.165, p=0.692), with and R?=0.013. Expertgroup predicted
their performance of time is equal to 19.40 + 1.37 (confident) seconds when confident is measured in
scores. Expertgroup’s performance of time increased 1.37 for each score of confident.

Experts- Sensitivity

The residuals had a normal distribution as determined witha Shapiro-Wilktest, with w=0.96 and p=0.688.
Also, We found anon-significant regression equation (F(1,12)=1.184, p=0.296), with and R?=0.084. Expert
group predicted their performance of Sensitivity is equalto 5.18 — 0.08 (confident) scores when confident
is measured in scores. Expert group’s performance of Sensitivity decreased 0.08 for each score of
confident.
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Figure 35.prediction of the novices’ performance in ASF task

Novices- Time

The residuals had a normal distribution as determined witha Shapiro-Wilk test, withw=0.918 and p=0.206.
We found a non-significant regression equation (F(1,12)=0.119, p=0.737), with and R2=0.10. Novice group
predicted their performance of time is equal to 23.78 — 0.53 (confident) seconds when confident is
measuredinscores. Novice group’s performance of time decreased 0.53for each score of confident.



Novices- Sensitivity

The residuals had violated the normality witha Shapiro-Wilk test, with w=0.835 and p=0.014. We found a
non-significant regression equation (F(1,12)=0.152, p=0.704), with and R?=0.012. Novice group predicted
theirperformance of timeis equalto 4.88— 0.06 (confident) scoreswhenconfidentis measured in scores.
Novice group’s performance of Sensitivity decreased 0.06for each score of confident.



5 Discussion

This paperaims to give afurtherexplanationand new insights on how the mental model impacts the
interpretation of datavisualization. Additionally, these findings can be used to establish the colormap
strategy guidelines for practical usage in scientificfield.

5.1 Hypothesis Testing

In the hypotheses, we assumed that the colormaps which are in accordance with the perceptual theories
should outperformthe rainbow colormap inthe current experiment (Borkin et al, 2011; Moreland, 2009;
Rogowitz and Treinish, 1996). However, since the expert group had a rich mental model of the rainbow
colormap, which may influence the performance at the beginning.

Our results partially supported the hypotheses, demonstrating that from the Heatmap Pattem
Recognition and Abnormal Spot Finding task, the experts performing in faster rate with the Rainbow
colormapin the firsttrail. Which indicated thata higherfamiliarity on the default colormap can have an
intuitive grasp of interpretation (Klein, 1990). But when reaching the final trail, the perceptually correct
colormap(s) outperform the Rainbow colormap. Especially, in the Abnormal Spot Finding task, the
difference of time between the rainbow and the perceptually correct colormaps ( Alternative Sequential
colormap in this task) was close to statistically significant fromthe first to the final trial (p=0.218; p=0.058).
Moreover, the performance of sensitivity between the Rainbow and the Alternative Sequential colormap
revealed a significant trend in the last trail (p=0.018). Therefore, we suggest that a rich mental model
assisted experts to interpret data in a more effective way with the Rainbow colormap in the beginning,
but after practice, the perceptually correct colormap could reach a higher performance.

In the second hypothesis, since the novices had no prior knowledge of the rainbow colormap, a weak
mental model may notinfluencetheirinterpretation(Glaserand Chi, 1988). As such, we assumed that the
perceptually correct colormap(s) always outperform the Rainbow colormap. Our results although were
not significant but supported the trend, we found that the perceptually correct colormap(s) performed
betterthan the Rainbow colormapin respect of the time and sensitivity at the beginningand the end of
the trails. For the Heatmap Pattern Recognition (HPR) and Abnormal Spot Finding (ASF) task, we found a
nearly significant difference of the time between the rainbow colormap and the perceptually correct
colormap from the first to the end of the trail (HPR: from p=0.069 to p=0.056, ASF: from p=0.079 to
p=0.06). Which indicated that the differencesbetween the colormapsbecame nearlysignificant overtime.

The study from Heatmap Pattern Recognition and Abnormal Spot Finding task showed the difference in
results between the two groups as the hypotheses expected. However, aninverse result had been found
inthe Vector Pattern Recognition (VPR) task, revealed that regardless the groups, the Rainbow colormap
outperformed other colormaps in the final trail. In theory, the irregular increase in lightness from the
rainbow colormap may cause difficulty (Borland and Li, 2007), but then, the hue-varying and saturated
colors can assist people to distinguish partial data more effectively (Ware, 1988). As such, the Rainbow
colormap couldstill work well for this specific task.

To sumup, the performances of the expertand novice group were different at the firsttrail but showed
a similar pattern at the end. Even though, part of the results was not significantly different, the direction
of the effectis in parallel with what could be expected from earlier research. As such, the perceptually



correct colormap(s) could do a better job than the rainbow colormap for interpreting scientific data. In
the meanwhile, the presence of a mental model of the rainbow colormap might influence how people
performat the beginning.

Table 7. Overview of the Hypothesis Testing

H1-1(the first trial)

| H1-2(the final trial)

Heatmap Pattern Recognition (HPR)

Rainbow colormap.

H1(Experts) | Experts performed faster but less Experts performed faster and more
sensitivity with the Rainbow colormap sensitive with the Diverging colormap than
than the Diverging colormap. the Rainbow colormap.

Vectormap Pattern Recognition (VPR)
Experts performed slower and less Experts performed fasterand more
sensitive with the Rainbow colormap than | sensitive with the Rainbow colormap than
the Alternative Diverging colormap. the Alternative Diverging colormap.
Abnormal Spot Finding (ASF)
Experts performed slower and less Experts performed faster with the
sensitivity with the Rainbow colormap Alternative Sequential colormap than the
than the alternative Sequential colormap. | Rainbow colormap.
Additionally, experts performed high
sensitivity with the Alternative Sequential
colormap than the Rainbow colormap.
Heatmap Pattern Recognition (HPR)
H2(Novices) | Novices performed faster and higher sensitivity with the Diverging colormap than the

Vectormap Pattern Recognition (VPR)

Novices performed faster and higher sensitivity with the Diverging colormap than the
Rainbow colormap at the first trial. After practice, the usage of Rainbow colormap
showed a faster and higher sensitivity at the final trial.

Abnormal Spot Finding (ASF)

AS showed a significantly faster and higher sensitivity than the Rainbow colormap.
The difference of the sensitivity was significant different at the final trail.

5.2 Exploratory findings and future research




5.2.1 Guidelines for a Colormap Strategy

The research casts new light on how performance can be varying while applying colormaps in various
scientific data visualization. We established the colormap strategy guidelines by analyzing the average
performance of colormaps. The results also led to some surprising findings while comparingthe HPRand
VPR task.

Heatmap Pattern Recognition (HPR)

The HPR task made participantstointerpretthe correct neutral pattern based onthe data plotrendered
by one of the five colormaps. We found the Diverging and Alternative Diverging colormap had the highest
score of sensitivity as well as the shortest of time to interpret. The result can support the perceptual
theory that symmetrically increasing luminance can increase accuracy and efficiency at recognizing the
pattern. By contrast, the Sequential and Alternative Sequential colormap, two monotonically increasing
luminance on colormaps performed relatively weaker, and so did the Rainbow colormap in the HPR task.

Guideline #1:

To interpret patterns of scientific data with the heatmap setting, we suggest symmetrical lightness
increasing as the critical strategy for generating the colormap. The ideal colormap for example, the
Alternative Diverging and the Diverging colormap from this research. By contrast, the Rainbow, Sequential,
and the Alternative Sequential colormaps shall be avoided to harness.

Vectormap Pattern Recognition (VPR)

The VPR task had a similar goal as the HPR task (i.e. the pattern recognition). The major difference
betweenthesetwo mapsisthatinstead of having consistent gradient changing by shape in the heatmap,
the vectormap had scattered gradient changing by arrow spots. In the results, we found there was no
different in term of the time among the five colormaps. However, the Rainbow, the Diverging, and the
Alternative Diverging shared the same highest score of sensitivity. Although the results were not entirely
consistent with expectation, it is still clear enough that colormaps with symmetrically increasing
luminance can be more accurate and efficientthan monotoniclightness changing. Also, since the density
of graphic was sparser than the heatmap (from shapes to arrows), we assume the contrast sensitivity
theory (Ware, 1988) played an important role to assist the process of distinguishing pattern boundaries
that created by arrows. Therefore, the Rainbow with varying saturated hues can stand outin the VPRtask.

Guideline #2:

To interpret patterns of scientificdata with the vectormap setting, we suggest the symmetrical lightness
increasing should be the crucial consideration in the colormap design strategy. Moreover, a colormap
havingthe hue variation can also improve the readability. The ideal colormap forinstance: the Alternative
Diverging, Rainbow, and Diverging colormap.

AbnormalSpot Finding (ASF)

From the task- ASF which required participants to find out as many as possible of spots with suspicious
values on the data plot rendered by one of the five colormaps. We obtained the Alternative Sequential
had the highest score of sensitivity as well as with the shortest time among colormaps. The result was



supported by color theory that hue- and saturation-varying will lead to more accurate quantalities
estimation atspecificlocations (Rogowitz etal, 1996).

Guideline #3:

To differentiate or quantify the dataspots like outlierfinding forinstance, t he colormaps with varying of
hue and saturated colors can achieve a higher accuracy and effectiveness. Theideal colormap forinstance:
the Alternative Sequential.

5.2.2 Mental Model

We further investigated several aspects of data between experts and novices which may provide
additional support of how the mental model of the rainbow colormap influence subjects perceiving data
physically and psychologically.

Learning Effect

Firstly, to validate whether participants can learn while using the colormaps during the experiment, the
results showed that the novices had largerimprovement in regard of the time than the expertsin the
three different tasks. Especially in the Heatmap Pattern Recognition and Abnormal Spot Finding task, the
experts had no significantly difference while the novices showing a statistically difference of the
improvement. It provided a support to the effectiveness of the experiment grouping approach, explaining
that the novice group with weaker mental model of the rainbow colormap can be improved by practice.
Nonetheless, forthe expert group witharicher mental model of the rainbow, there was a weaker leaming
effectcan be observed.

Overall Performance
Secondly, we further analyzed a general performance of colormaps between experts and novices by
comparing the average time and sensitivity.

Heatmap Pattern Recognition (HPR)

We foundin average the novices performed fasterand more sensitive than the experts. Statistically, the
overall sensitivity between novices and expertsis not significantly different with p=0.474, while the time
is significantly different with p<0.001. This is an interesting but counter-intuitive finding since many
researches stated that experts make decision more effectively than novices. However, a potential
explanation suggested that experts monitor the strategies utilized to solve the problem more carefully
than novices (Voss, Greene, Post, & Penner, 1983; Newell& Simon, 1972). Thus, experts devote
proportionately more time to create a representation of problem than the novices ( Andreas Sofroniou,
2017). The HPR task is featured with multiple randomized, irregular geographic-like contours as the data
plots. Experts may tend to spend more time to establish a right solving strategy while novices creatinga
weakerstructure but fasterdecision making strategy instead. Also, the design of the task was referred to
experts’ daily work which may add extra pressure to them for trying to perform equally well. We don’t
have aclearinterpretationof areason why the expertshad slightlylower sensitivity than the novices. One



explanationisthatthe way of interpretation which experts use all the time in their daily w ork may have
some flaws which could also explain why the Rainbow colormap was significantly lower than Alternative
Diverging and Diverging with sensitivity. Experts tended to give a decision without rational analysis
process (Franklin, 2014). Hence, with an unsound mental model they couldn’t make an accurate decision
but performed slightlyworse than the novices.

Vectormap Pattern Recognition (VPR)

In general, the novices performed faster but less sensitive than the experts. Statistically, the difference of
time between the experts and novices is not significant with p=0.082, but the sensitivity is significantly
different with p=0.004. Comparing to the similar task — Heatmap Pattern Recognition, we found an
opposite resulthere. One possible explanation to the difference between these two pattern recognition
tasks is that the strategy of interpretationis fundamentally different. The vector plot contains scattered
arrows to portrait patterns which may require two differentperceptual skills: the pattern re cognition and
guantity estimation.Since experts construct a meaningful strategy of interpretationto cope with complex
situation more effectively than novices (Meleis, 2010), they can notice patterns without wasteful
consideration (Klein, 1990). Moreover, from the perceptual theory by Ware (1988), suggested that hue-
varying and saturated-colors like the Rainbow color is an ideal colormap for quantity estimation. In this
regard, the experts with arich mental model of the Rainbow colormap could be expected to outperform
the novicesinthis specifictask.

Abnormal Spot Finding (ASF)

In general, the novices performed faster but less sensitive than the experts in this task. Statistically, the
difference of sensitivity and time between the groups were not significant with p=0.093, p=0.425. The
results showed that experts performed slightly betterthan novicesinregard of the time and the sensitivity.
The similar patterns in the VPR and ASF, indicated that experts had a better interpretation strategy for
the vectormap task.

Prediction of Performance

To further investigate whether a mental model of the rainbow colormap effected the performance, we
analyzed subjects’ prediction of their personalresults of tasksby interpreting aregressionby one criterion
from the survey — the Confidence (How confident you are of giving the answer by using the rainbow
colormapin this task) and the two variables of performance. We uncovered some patterns that showed
an interesting difference between the participants.

In the HPR task, results revealedthatthe experts couldn’t precisely predict theiractual performance with
the rainbow colormap. The linear regression showed that with more confident the experts were, they
performedthe task faster but less accuracy.

By contrary, the novice group had a rational pattern of colormaps in the sensitivity and the time. The
linearregressionindicated thatas more confidence the novices had, the fasterinterpretation and higher
sensitivity they performed.



To sum up, the results suggested that the difference between participants with different levels of mental
modelis that the expertsthought they did well by using the Rainbow colormap even when in reality they
did not perform as well as using the perceptual correct colormap(s).

Inthe VPR and ASF task, we found a weak difference between groups to the Rainbow colormap prediction.
It seemed like the experts could have a rather rational prediction than the HPR task. One plausible
explanationis that the visual characteristics of the vectormap have a perfect fit with hue-varying and
saturated colorsin colormaps (Ware, 1988). Therefore, usingthe Rainbow colormap in the two tasks did
not mislead the experts’ prediction.

5.3 Limitation & Future Works
There are some considerations and limitations that need to be taken care in future research.

Firstly, during the experiment, an experimenter stayed in the meeting room with the participants,
explaining the tutorial before each task started. Although the purpose was to check whether the study
procedure was on track, it may also bring out a concern on the anxiety of participants that being
monitored by experimenters. Future study should set up a better experiment flow to control this factor.

Secondly, the research lessened the amount of trails to preventan overlong study thatlead to tiredness.
Nonetheless, itleftaquestionthat whetherthe colormaps had reached its learning plateau at the end of
trail or it may still have a space for improving. Future research could eitherfocus on a single task or split
all the tasks into several independent studies, so that the results are able to be determined the ultimate
performance of the colormap.

Thirdly, the experiment was tried to replicate the actual task setting to gain the genuine performanceto
each colormaps. However, to minimize and control all the variablesin plots, we had to simplify the
informationinthe plots and the task settingitself. Therefore, the experts may encounter a difficulty to fill
in the gap between the experiment and the actual task. The results may not be able to apply into a real
case.

The last but not least, it is surprising that the pattern recognition task applied by two different types of
data visualizations indicated the opposite performance ranking from the same colormaps. Which evokes
an interestthatthe original pattern estimation theory needed to have afurtherinvestigating in different
types of datavisualization. The perceptual density or types of data map might require different perceptual
theories togainthe optimal performance.

6 Conclusion

We conducted three experiments to examine the performance of the colormapsand the effects of mental
model. The results revealed that the subjects with arich mental model of the rainbow colormap made an
effective interpretation but it didn’t enhance the accuracy of giving right answer. The effect also biased
experts’ prediction of theiractual performance. Furthermore, we found that three experiments required
different perceptual theory for establishing the optimal colormap strategy. In the Heatmap Pattem
Recognition, the design of colormap should follow symmetrical and rigorous lightness increased; In the



Abnormal Spot Finding, the design of colormap should consider the hue variation; In the Vectormap
Pattern Recognition, the designof colormapshould take both the lightness and huevariationinto account.
Which ledto a new update and recommendations for current data visualization design guidelines.
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Appendix A: Intake Questionnaire& Grouping Rubric

All data obtained during this study will be reported anonymously and will be in no way traceable back to
you.

1) What is your job title at Company?

2) Year(s) at Company (including similarindustries)?

_yr(s)

3) How long you have been using any analytical software (e.g. Matlab)?

yr(s)

4) Frequency of encountering/ seeing data plots

O Never/ Less than 3 times a week
O More than 3 times a week

5) Frequency of reading, interpreting, analyzing data plots
O Never/ Less than 3 times a week

O More than 3 times a week



Appendix B: Outtake Questionnaire

Heatmap/ Vectormap Pattern Recognition

The following statements are rated on a 7-point Likert Scale ( 1= strongly disagree, 7= strongly agree)

Colormap #01

Colormap #02

Colormap #03

Colormap #04

Colormap #05

| found it easy to
identify patterns

I was able to
perform the task
efficiently.

I am confident
that all the
patterns |
identified are
accurate.

| prefer using this
colormap.

Abnormal Spot Finding

The following statements are rated on a 7-point Likert Scale ( 1=strongly disagree, 7= strongly agree)

Colormap #01

Colormap #02

Colormap #03

Colormap #04

Colormap #05

| found it easy to
identify
abnormal spots.

I was able to
perform the task
efficiently.

I am confident all
the places |
marked are really
abnormal.

| prefer using this
colormap.




Appendix C: Informed Consent Form

CONSENT FORM FOR PARTICIPATION IN RESEARCH

The purpose of this form is to inform you of the nature of the research conducted at [company] and to
ask foryour informed consent to participate.

Your participationin this experiment is strictly voluntary. You may choose not to participate, and you
may withdraw atany time during the study. More information about this study has been explained to
you through the tutorial. If you have any hesitations about participating or you have any questions
aboutthe research, please feel freeto ask the researcherat [email] or approach the supervisors [name]
[email],[name] [email] and [name] [email].

Note that the study will be expected to take 50 minutes which includes intake and outtake
guestionnaires, 3independent experiments (each will take around 10-15 minutes) in total. You are able
to take a restin between.

Regardless, all data obtained during this study will be reported anonymouslyand will be in no way
traceable back to you.

All research conducted at the [company] adheres to the Code of Ethics of the NIP (Nederlands Instituut
voor Psychologen —Dutch Institute for Psychologists).

CERTIFICATE OF CONSENT

[, (NAME) ..o have read and understood this consent formand have been
given the opportunity to ask questions. [ agree to voluntarily participate in this study carried out by
the research group at [company] and Human Technology Interaction of the Eindhoven University
of Technology.

Participant’s Signature Date


mailto:[email]

