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Abstract: One of the ultimate goals of studies on visualization literacy is to improve users’
visualization literacy through education and training. Even though users’ cognitive characteristics
may significantly affect learning and responding processes in general, studies have addressed the
relationships between users’ cognitive characteristics and visualization literacy. As a first step
toward discovering the relationships, we conducted an empirical study to investigate the correlation
between cognitive characteristics and visualization literacy. Our first study focuses on testing the
correlation between visualization and three cognitive characteristics: numeracy, need for cognition,
and visualizer-verbalizer style. In this study, we measured 178 participants’ visualization literacy
and the level of the three cognitive characteristics using the Visualization Literacy Assessment Test
(VLAT), the Decision Research Numeracy Test (DRNT), the Need for Cognition Scale (NCS), and the
Verbalizer-Visualizer Questionnaire (VVQ) through a crowdsourcing experiment. Our test results
confirmed that a correlation exists between visualization literacy and both numeracy and need for
cognition. Based on our test results, we discuss the implications for education to enhance visualization
literacy and future studies to investigate on related user characteristics.
Keywords: visualization literacy; numeracy; need for cognition; visualizer-verbalizer

1. Introduction
Visualization literacy is “the ability and skill to read and interpret visually represented data in
and to extract information from data visualizations” ([1] p. 552). In recent years, visualization literacy
has become more and more important because many people have started using data visualizations
to support their communication, problem-solving, and decision-making in various areas. However,
a recent study shows that ordinary people have a low level of visualization literacy and limitations
in understanding and interpreting data visualizations [2]. To get a better understanding of how
people understand data visualizations, many researchers in the information visualization community
have conducted empirical studies. Some researchers conducted a qualitative study to characterize
users’ underlying cognitive behaviors with data visualizations [3]. Other researchers introduced new
methods to quantitatively measure users’ ability to read and interpret data visualizations [1,4].
To systematically teach data visualizations and improve users’ visualization literacy, we should
understand users better by characterizing their states and abilities more clearly. Traditionally,
researchers in the area of educational studies have investigated various individual characteristics (e.g.,
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cognitive characteristics, personality, and previous knowledge of learners) and their relationships
to learners’ aptitude for more systematic and efficient learning and instruction. Researchers have
suggested various forms of learning and instruction methods depending on individual differences and
proven their effectiveness based on learning outcomes [5,6]. In such a manner, we can certainly gain
valuable insights by investigating more closely users’ cognitive characteristics related to visualization
literacy. Furthermore, that understanding will be the basis for designing efficient and tailored education
and training systems to improve visualization literacy. For instance, if we know users’ cognitive abilities
related to visualization literacy, we can pay special attention to their abilities in terms of visualization
literacy. If we know users’ cognitive characteristics associated with visualization literacy, we can
design instructions that meet users’ needs and aptitudes.
Thus, in this study, we investigate the correlation between cognitive characteristics and
visualization literacy as a first step. Prior research has investigated the relationship between graph
comprehension and various types of cognitive abilities, such as numeracy, need for cognition,
and visualizer-verbalizer style e.g., [7–9]. Many studies have introduced mixed results about the
relationship between the individual differences in the users’ cognitive abilities and confidence and
accuracy of comprehending graphic representations of data. Despite such continuing efforts, previous
studies have not tested wide breadth of visualization types and analytic task types because they
conducted studies with a small selection of charts (usually, bar chart, line chart, and pie chart) being
used in a limited context, such as in health risk assessment, news reading, and education. Furthermore,
prior research has tended to focus on graph comprehension/literacy, which is a different concept
from visualization literacy, which captures users’ abilities to perform analytic tasks (e.g., derive trends
and compare) using a variety of data visualizations. Therefore, we believe that we need to test the
findings in the graph comprehension/literacy fields in an information visualization context. To fill the
research gap, our study aims to extend previous research efforts in the visual data analysis context by
conducting a within-subject experiment with a wider breadth of 12 types of visualizations and analytic
task types.
The goal of the study is to find the relationship between visualization literacy and the following
three cognitive characteristics: numeracy as a cognitive ability, need for cognition as cognitive motivation,
and visualizer-verbalizer style as a cognitive style. Our general hypothesis is that an individual user’s
visualization literacy is highly correlated with the three cognitive characteristics because graph
literacy/comprehension has been shown to have a correlation with them. We test whether visualization
literacy correlates with numeracy, which is an individual’s ability to understand and process numerical
information, because data visualizations are graphical representations of numerical data in most
cases. Of course, not all data visualizations are based on numerical data, but we believe that the
ability to work with numerical data can help users understand basic mapping processes from data
to visual representations as well. We also test whether visualization literacy correlates with need for
cognition, an individual’s tendency to engage in effortful cognitive activities, because we believe that
users need to be willingly inclined toward conducting cognitive activities to discover meaningful
information and identify interesting patterns from data visualizations. Finally, we test whether
visualization literacy correlates with verbalizer-visualizer information processing style because we
believe that visualizers, who prefer to process visual information, may feel more comfortable with
data visualizations than verbalizers.
In Section 2, we begin with a brief review of literature on visualization literacy and user
characteristics with data visualization use, as well as the three user cognitive characteristics investigated
in this study. Then, we provide our hypotheses in Section 3 based on the review. In Section 4,
we describe our experiment to test the hypotheses, including the participants, measures, and procedure.
In Section 5, we present the results of the experiment and analysis. In Section 6, we discuss our findings,
implications for education and training approaches for data visualizations to improve individual users’
visualization literacy, and suggestions for future visualization research. Finally, we offer concluding
remarks in Section 7.
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2. Background
In this section, we review previous studies on visualization literacy, individual differences,
and user cognitive characteristics.
2.1. Visualization Literacy
Over the last few years, several researchers have investigated visualization literacy in various
directions. Boy et al. [4] define it as “the ability to confidently use a given data visualization to translate
questions specified in the data domain into visual queries in the visual domain, as well as interpreting
visual patterns in the visual domain as properties in the data domain” and Lee et al. [1] refer it as
“the ability and skill to read and interpret visually represented data in and to extract16information
from data visualizations.” There are also related concepts such as visual literacy [10], in which is
defined as the “ability to understand, interpret, and evaluate visual messages.” However, this is rooted
in more to semiotics, which distinguishes it from visualization literacy. Börner et al. [2] surveyed
the ordinary users’ level of visualization literacy and their familiarity using a questionnaire and
qualitatively explored users’ cognitive activities when they tried to make sense of data visualizations [3].
More importantly, some researchers attempted to develop assessment tests to quantitatively measure
the visualization literacy of users [1,4]. Lee et al. [1] proposed the Visualization Literacy Assessment
Test (VLAT) in which followed the test construction procedure in Psychological and Educational
Measurement. The VLAT consisted of 12 data visualization types, which were the most frequently
exposed to the users, and 53 test items that covered eight eight types of tasks. The wide use of a
range of visualization tasks helps ensure that it can cover a broad spectrum of participants’ abilities
with visualization.
Even though the developed assessment tests might be too limited to measure an all-inclusive
ability to read and interpret data visualizations, researchers, designers, and educators can acquire
valuable information from test results. From the test results, they could identify users’ the strengths
and weaknesses in reading and interpreting data visualizations of users as well as the current level of
visualization literacy.
One of the ultimate goals of visualization literacy research is to promote and improve the
visualization literacy of users through education and training [1]. In response to this, a couple
of interesting education approaches have been proposed. Ruchikachorn and Mueller [11] tried to
teach an unfamiliar data visualization (e.g., treemap) by linking it to a familiar data visualization (e.g.,
pie chart); and Kwon and Lee [12] adapted the learning-by-doing approach to teach an unfamiliar data
visualization (i.e., parallel-coordinates plot). Most recently, Alper et al. [13] investigated the current
practices and challenges in teaching and learning data visualizations in early education settings
and identified design goals to improve the visualization literacy of elementary students. However,
researchers still lack an understanding of the role of user cognitive characteristics in visualization
literacy even though they affect individuals’ learning abilities and pace in response to education
materials and training programs, as copious literature on differential psychology has indicated [5].
Understanding the correlation between visualization literacy and cognitive characteristics can provide
insightful implications on tailored education for individuals with various levels in of ability.
2.2. Individual Differences in Graph Comprehension
Previous studies have investigated individual differences in the field of graph comprehension.
Several researchers focused on different behaviors between highly skilled graph readers and less
skilled graph readers when viewing and interpreting graphs or charts [9,14–16]. Prior research has
shown evidence that highly skilled graph readers extracted more elaborate information from graphs
or charts, made fewer errors with the intermediate and advanced level tasks of the three-level graph
comprehension framework [17–19], comprehensively considered the relevant graph components,
and relied more on data depicted in graphs or charts than on their prior knowledge about the content.
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Though these findings provided some perspective of individual differences (i.e., highly skilled graph
readers versus less skilled graph readers) in graph comprehension, we find several limitations in this
research for adoption into the information visualization context. Most of the research considered
simple data visualizations such as line charts and bar charts. In addition, measures used in these
studies covered only limited task types, and they were sometimes based on graph readers’ subjective
descriptions. More importantly, it was not clear which types of individual characteristics caused the
differences in graph comprehension.
2.3. User Characteristics and Visualization
Researchers in the information visualization community have investigated how user
characteristics affect visualization use. In particular, the line of prior work focused on the effects
of perceptual abilities, cognitive abilities, and personality, among many user characteristics, on the
users’ abilities to read visualizations.
Some researchers endeavored to find a connection between perceptual abilities and visualization
use. In particular, they were interested in perceptual speed (e.g., speed in completing simple tasks
involving visual perception: for example, recognizing a figure appearing on the left from a set of five
similar objects on the right). One of the common findings was that the perceptual speed of users was
correlated with and significantly influenced visualization task performance in terms of speed and
accuracy [20–23]. Furthermore, the effects of individuals’ perceptual speed on task performance were
different depending on visualization types. For example, users with high-perceptual speed performed
better with bar charts and colored boxes views on information seeking tasks; in contrast, users with
low-perceptual speed performed better with radar charts [20,22].
More extensive studies have been conducted to investigate the roles of cognitive
abilities (e.g., spatial rotation ability, visual working memory, and verbal working memory).
Chen and Czerwinski [24] examined the effects of spatial rotation ability on information retrieval
tasks with a node-link visualization. They showed that spatial rotation ability is moderately correlated
with the tasks, and different navigation strategies emerged between high- and low-spatial ability
user groups. Velez et al. [23] explored the effects of various cognitive abilities on a 3D visualization
task identifying a 3D object from orthogonal projections. They found that visual memory and spatial
rotation ability correlated with only the accuracy of task performance. Conati and Maclaren [20]
compared the effects of cognitive abilities on different visualization types (i.e., colored boxes view and
radar view); however, no significant interactions occured with the visualization types. One interesting
finding by Toker et al. [22] was that an individual’s visual working memory and verbal working
memory affected his/her preference for visualization types; for instance, users with high-visual
working memory generally preferred radar charts to bar charts. In addition, the roles of spatial rotation
ability, visual working memory, and verbal working memory have been inspected with visualization
training approaches [25] and highlighted interventions [26].
As shown in the previous work, researchers have been searching for evidence that user
characteristics have a significant effect on visualization use and preference. However, most studies
have considered very limited target visualizations and associated visualization tasks. For these
reasons, it may not be enough to generalize and extend the findings to other visualization types.
Furthermore, previous studies have investigated derivative user characteristics (e.g., perceptual speed,
spatial rotation ability, visual working memory, locus of control, and expertise). As Yi [27] and
Ziemkiewicz et al. [28] argued, other relevant user cognitive characteristics should be examined to
expand the understanding of user characteristics in data visualization.
2.4. User Cognitive Characteristics Investigated in This Study
To expand the understanding of user characteristics in visualization, we focused on user cognitive
characteristics that were shown to be associated with a closely related but different ability, graph
comprehension. The three are numeracy as a cognitive ability, need for cognition as cognitive motivation,
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and visualizer-verbalizer style as a cognitive style. We hypothesize that the three are positively correlated
with users’ ability to read and interpret data visualizations, visualization literacy.
2.4.1. Graph Comprehension and Literacy
Graph literacy is a term defined in cognitive psychology, which refers to the user’s ability to extract
and understand graphically represented information [9]. Graph comprehension has been shown to
be influenced by domain knowledge and graph literacy [9]. Graph literacy, combined with other
correlated measures, influences one’s graph comprehension. Many cognitive characteristics have been
studied concerning their relationship with graph literacy. Our study focuses on the three characteristics
that are known to interplay with graph literacy on one’s graph comprehension. The three characteristics
are numeracy, need for cognition, and visualizer-verbalizer. In next three sections, we summarize
previous studies on the relationship between graph literacy and the three characteristics for the design
of our experiment.
2.4.2. Cognitive Ability: Numeracy
Numeracy is defined as the ability to apply and to reason simple numerical principles [5,29].
Basic numeracy skills consist of comprehending fundamental arithmetics like addition, subtraction,
multiplication, and division. Additional aspects of numeracy include number and operation sense,
measurement, computation, probability, geometry, and statistics.They require mental operations and
are described in terms of maximal performance. In many cases, cognitive abilities are not stable and
can be improved through education, training, and effort. Along with other cognitive abilities (e.g.,
spatial rotation ability, visual working memory), numeracy could be an influential cognitive ability in
visualization literacy because most data visualizations represent numerical data, and users conduct data
visualization tasks using extracted numerical information from the visualizations. Numeracy is defined as
an individual’s ability to understand, use, and process numerical information [30,31]. Highly numerated
individuals appropriately infer what numerical and mathematical concepts need to be applied when
interpreting specific situations [32,33]. Furthermore, they tend to extract precise meaning from numbers
and numerical comparisons [32]. Several studies have provided evidence for the effects of numeracy
on graph comprehension. In general, high-numeracy people have high-graph comprehension [14].
They find critical information from graphs and often recall numerical information in graphs well [14,34].
Furthermore, low-numeracy people with high-graph comprehension get meaningful help from
visual aids when they extract information [14]. Like other graph comprehension literature, however,
these studies considered only elementary visualizations with limited visualization tasks.
2.4.3. Cognitive Motivation: Need for Cognition
Need for cognition describes an individual’s tendency to engage in and enjoy effortful cognitive
activities, and it has been diversely defined as “a need to structure relevant situations in meaningful,
integrated ways” and “a need to understand and make reasonable the experiential world” [35,36].
According to Cacioppos and Petty’s conceptualization, need for cognition is general, intrinsic,
and stable, but it can be changed or developed [36,37]. Because the need for cognition depends on an
individual’s propensity, it differs from cognitive abilities. People with low-need for cognition lack the
motivation for efforful cognitive activities. In contrast, those with high need for cognition are more
likely to seek, acquire, think about, and derive meaning from information [36]. Furthermore, they tend
to objectively make decisions based on acquired information. Eventually, they have positive attitudes
towards tasks that require critical thinking and reasoning [36,38]. Taken all together, need for cognition
could be a potent individual factor in visualization literacy because extracting information from
data visualizations is a task that requires both perceptual and cognitive operations, and it demands
users’ cognitive effort. Hullman et al., summarizing prior research studies in cognitive psychology,
conjectured that individuals with low scores in need for cognition will encounter roadblocks in
understanding graphically presented information [39]. Even though this was not the focal point of
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their studies, Pandey et al. [40,41] tested the effects of need for cognition on particular visualization
use; however, they did not find conclusive information from the test.
2.4.4. Cognitive Style: Visualizer and Verbalizer
The visualizer-verbalizer cognitive style is described by “individual preferences for attending
to and processing visual versus verbal information” [5] (p. 191). Visualizers are individuals who
prefer to imagery processes when attempting to perform cognitive tasks and rely on information
from charts, diagrams, or graphics; verbalizers depend primarily on verbal-logical means in cognitive
information processing and rely on information from text. Visualizers are fluent with illustrations,
whereas verbalizers are fluent with words. Many studies that focused on the visualizer-verbalizer
style examined relationships with other cognitive abilities (e.g., spatial rotation ability, visual working
memory, verbal ability [42,43]). Other studies examined the effects of the visualizer-verbalizer style
on the use of learning materials [44], maps [45], and newspapers [46]. However, it is difficult to find
previous work that examines the effects of visualizer-verbalizer cognitive style on visualization literacy
or graph comprehension despite a natural inclination of users toward visualization literacy.
3. Hypotheses
Given the background of the three cognitive characteristics (i.e., numeracy, need for cognition,
and visualizer-verbalizer style), we set the following hypotheses:
H1 A positive correlation exists between visualization literacy and numeracy: The visualization
literacy of the high-numeracy user group will be higher than that of the low-numeracy user group.
H2 A positive correlation exists between visualization literacy and need for cognition:
The visualization literacy of the user group with high need for cognition will be higher than that
of the low-need for cognition user group.
H3 A positive correlation exists between visualization literacy and the verbalizer-visualizer;
People who have higher visualization literacy are more likely to be visualizer rather than
verbalizers. The visualization literacy of the visualizer style user group will be higher than that
of the verbalizer style user group.
Besides testing the three main hypotheses, we aim to discover findings at the item level of
visualization literacy tests so that we can infer general trends of scores in terms of visualization types
and task types between people with different levels of cognitive characteristics.
4. Experiment
To test the hypotheses in Section 3, we conducted a crowdsourcing experiment. In the experiment,
we measured participants’ visualization literacy and their three cognitive characteristics (i.e., numeracy,
need for cognition, and visualizer-verbalizer style) using instruments developed in previous literature.
4.1. Participants
We originally recruited a total of 220 participants through Amazon Mechanical Turk (MTurk).
We conducted power analysis on correlation test, and we derived the total number of participants
needed as 123 (α = 0.05, β = 0.2, r = 0.3). We also expected some dropouts, outliers, and bad turkers
because of the nature of online studies [47]. Thus, we decided to initially recruit 220 participants.
We recruited crowdsourced workers who had a total of 100 or more approved HITs (Human Intelligence
Tasks, unit used for tasks on MTurk) and a 95% or greater HIT approval rate only from the United
States. MTurk has become increasingly popular as an online experiment platform, and it has clear
strengths and weaknesses [48,49]. For example, while MTurk allows researchers to recruit a large
number of diverse participants in a relatively in a short amount of time and at low costs, researchers
cannot control participants and their work environment as in controlled lab studies. However, MTurk
can be reasonably used for experiments using objective instruments [49,50].
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We intentionally recruited crowdsourced workers who were native English speakers because
the measures used in this study were written in English, and using a non-native language might
prevent smooth thought processes and lead to poor performance [51,52]. We also tried to recruit
crowdsourced workers who were not color blind because the measures of visualization literacy did not
use color-blind-safe colors. So we ruled out one participant who was a self-reported non-native English
speaker and one participant who was self-reported color blind. Out of the 218 participants, we also
ruled out 32 participants who failed to complete the tasks as instructed. In addition, we considered the
following participants as random clickers and discarded their responses: (1) three participants who
answered more than eight items in the measure of visualization literacy in under five seconds, and (2)
five participants who provided inappropriate answers to the following question in the measure of
visualization literacy: “In the test that you took, can you recall what the data visualizations were about
(e.g., hotel, bicycle, or airfare)? Please type the context as your memory serves.” Note that we included
three filtering questions asking to retrieve a value from a simple seven by six table in the experiment;
however, all participants went through the questions well.
As a result, a total of 178 participants remained. The remaining participants were 85 females and
93 males with the self reported ages ranging from 21 to 69 (M = 35.02, SD = 10.39). Everybody had an
education level of high school or above. Of the participants, 43% of the participants had a bachelor’s
degree and 8% of the participants had a master’s or a doctoral degree.
4.2. Measures
Here we introduce measures for four variables, visualization literacy, numeracy, need for cognition,
and visualizer/verbalizer, used in our study. Because of the page limitation, we do not include all
questionnaires in the body of the paper. Please find the original questions in our appendices.
4.2.1. Visualization Literacy
To measure the visualization literacy of the participants, we used VLAT developed by Lee et al. [1]
as the test is a validated and reliable instrument for measuring ordinary users’ visualization literacy
(Screenshots are shown in Figure 1). The original version of the VLAT consisted of 53 selected-response
items. However, in this study, we used only 41 selected-response items without 12 low discriminating
items (For the detailed low discriminating items, please refer to the Lee et al.’s paper [1].) to promote
the efficiency of test taking. In order to make sure the quality of the modified VLAT, we checked the
coefficient omega without the 12 items. The value of McDonald’s reliability coefficient omega [53]
slightly decreased from ω = 0.75 to ω = 0.74, but still showed acceptably good reliability. Generally,
the acceptable reliability coefficient value is 0.7 in test development procedure [54]. One point was
assigned for each correct response. Some penalties were given for incorrect answers in order to
prevent the issue of guessing in selected-response items. The penalties were calculated according to
the correction-for-guessing formula [55].
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with three test items, and it was expanded to 11 test items by Lipkus et al. [30]. Then it was further
expanded to 15 test items by Peters et al. [31] in order to stretch the range of difficulty. The 15 items of
the DRNT consisted of 11 constructed-response items and four selected-response items to measure
the ability to understand, use, and process numerical information (e.g., Imagine that we roll a fair,
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guess about how many people would win a $10 prize if 1000 people each buy a single ticket from Big
Bucks?). One point was assigned for each correct reponse, and the possible range of scores was 0 to 15.
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4.2.3. Need for Cognition
To assess the need for cognition of the participants, we employed the short form of the Need for
Cognition Scale (NCS) developed by Cacioppo et al. [57]. The scale was composed of 18 items
describing the tendency to engage in and enjoy effortful cognitive endeavors. All participants
responded to the 18 items on a 7-point scale ranging from 1 (strongly disagree) to 7 (strongly agree),
and the possible range of scores was 18 to 127 (e.g., I would prefer complex to simple problems. I like
to have the responsibility of handling a situation that requires a lot of thinking. Thinking is not my
idea of fun. I would rather do something that requires little thought than something that is sure to
challenge my thinking abilities).
4.2.4. Visualizer-Verbalizer
We used the Kirby et al.’s [43] Verbalizer-Visualizer Questionnaire (VVQ) to assess the participants’
visualizer-verbalizer cognitive style. The VVQ was originally designed as a true-false items
questionnaire, and it consisted of three dimensions: verbal, visual, and dream dimensions. However,
we slightly modified the questionnaire for this study. We decided to place each item on a 7-point scale
ranging from -3 (strongly disagree) to 3 (strongly agree) to expand variations in responses as in other
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previous studies [46,58]. It is also known that Likert scales are more useful than dichotomous scales
when we measure human traits [59]. Furthermore, we decided not to employ the “dream dimension,”
which asks about the vividness of participants’ dreams, because we do not believe this dimension
correlates with visualization literacy. Thus, we used the VVQ that was composed of the 20 items of
verbal and visual dimensions, and the possible range of scores was −60 to 60.
4.3. Procedure
We administered the experiment on Amazon Mechanical Turk (MTurk). As shown in Figure 2,
the experiment was conducted in six stages. First, we provided authorized consent information to
the participants with the general purpose of this study, the procedure of the experiment, and tasks
they would be asked to perform. After the participants read the information, we asked them to
complete all four instruments: VLAT, DRNT, NCS, and VVQ. At the beginning of each measurement
stage, we provided detailed instructions. For instance, with the VLAT, the participants were asked
to select the best answer to each item within a time limit (i.e., 25 s). With the DRNT, the participants
were asked to answer both quickly and accurately instead of using a time limit. With both the NCS
and
the VVQ, the participants were asked to indicate the extent to which each item reflected their
Study 3 Procedure
cognitive characteristics on a 7-point scale ranging from strongly disagree to strongly agree. Because
the sequence of the measures might influence the participants’ performance or responses, we randomly
presented the four measures to the participants. At the end of the experiment, we asked the participants
to fill out a demographic questionnaire. Overall, the experiment lasted approximately 40 min.

(3)

(2)

(1)

Consent
Information

VLAT
• 41 selectedresponse items

(4)

DRNT
• 11 constructedresponse items
• 4 selectedresponse items

(6)

(5)

NCS
• 18 items on a 7point scale

VVQ
• 20 items on a
7-point scale

Demographic
Questionnaire

Randomly Presented

Figure 2. The experiment procedure that consists of six stages. Stages 2, 3, 4, and 5 were randomly
presented to the participants.

4.4. Analysis
We analyzed the collected survey responses in the following ways. First, we calculated the means
and standard deviations of the individual variables. Second, we computed correlations across all pairs
(six pairs in total) between the four variables. Third, we investigated further the relationships between
visualization literacy and the other three measures by applying the median split method, which clusters
participants into high and low groups for each variable. The method has been applied for many
research studies in human-computer interaction, psychology, and consumer research [60], including
studies about graph literacy and cognitive characteristics e.g., [8,34]. Fourth, for the pairs in which
we found significance, namely, visualization literacy—numeracy and visualization literacy—need
for cognition, we conducted further analysis on an item level to identify the root of the differences.
We also uncovered the general tendency of participants’ scores for individual items of visualization
literacy with respect to visualization types and tasks between high- and low-score groups of cognitive
measures. Combining these four analysis, we confirmed or disproved the three hypotheses and
provided our best explanation.
5. Results
In this section, we share the results by analyzing correlations between variables and further
investigate details of the relationships.
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5.1. General Measurement Results
Here we report the descriptive statistics of the four measures (Table 1). The participants in this
study had a mean VLAT score of 19.25 (SD = 8.32) that ranged from −2.81 to 37.67. Particularly,
the VLAT scores were normally distributed as assessed by the Shapiro-Wilk test (W = 0.994, p = 0.721)
which facilitated score interpretation. The participants also had an average DRNT score of 12.13
(SD = 1.91) that ranged from 3 to 15. The general distribution of the DRNT scores was skewed left.
Furthermore, the participants had an average NCS score of 80.98 (SD = 25.81) and an average VVQ
score of 4.28 (SD = 12.93).
Table 1. Descriptive Statistics of Scores on the Measures.
Measures
VLAT
DRNT
NCS
VVQ

N

Min

Max

M

SD

178
178
178
178

−2.81
3
18
−33

37.67
15
126
60

19.25
12.13
80.98
4.28

8.32
1.91
25.81
12.93

We also report correlations between all pairs of the four measurement scores (Table 2). We found
a moderate positive correlation between the VLAT scores and the DRNT scores (rs = 0.565, N = 178,
p < 0.001) (H1 confirmed). We also found a weak negative correlation between the NCS scores
and the VVQ scores (rs = −0.334, N = 178, p < 0.001). In particular, this result was in line with
Venkatraman et al.’s [61] finding that individuals with high-need for cognition preferred verbal
information. We found no significant correlations in any other pairs (H2 and H3 not supported).
Table 2. Correlations Between Four Measurement Scores (N = 178).
Measures
VLAT
DRNT
NCS
VVQ

VLAT

DRNT

NCS

VVQ

1
0.565 ∗∗
0.089
0.117

1
0.121
0.080

1
−0.334 ∗∗

1

∗∗ p

< 0.01.

Because the primary interest of this study was to examine the correlation between user cognitive
characteristics (i.e., numeracy, need for cognition, and visualizer-verbalizer style) and visualization
literacy, further analyses focused on the correlation between visualization literacy scores and the highand low-score groups in cognitive characteristics.
5.2. Numeracy and Visualization Literacy
We divided the participants into two groups by applying the median split method on the numeracy
variable. Participants with a score higher than the median of DRNT scores (Mdn = 12) were classified
as a high-numeracy group. Subsequently, those with a score lower than or equal to the median were
classified as a low-numeracy group.
We found evidence to support the first hypothesis (H1 confirmed) that the visualization literacy
of the high-numeracy user group would be higher than that of the low-numeracy user group. We ran
an independent-sample t-test to determine whether differences in visualization literacy scores between
the high-numeracy group and the low-numeracy group. We found no significant outliers in the data
as assessed by the inspection of a boxplot. Based on the Shapiro-Wilk test, visualization literacy scores
for each numeracy group were normally distributed (high-numeracy group: W = 0.979, p = 0.199;
low-numeracy group: W = 0.991, p = 0.799). The scores of the two groups also had homogeneous
variances as assessed by the Levene’s test for equality of variances (F = 0.995, p = 0.032). The test
results indicated that the visualization literacy scores were higher for the high-numeracy group
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(M = 23.49, SD = 7.63) than the low-numeracy group (M = 15.64, SD = 7.12), and they were
significantly different, t(176) = 7.095, p < 0.001, Cohen’s d = 1.07. We also confirmed the results
through a point-biserial correlation analysis (r pb = 0.47, N = 178, p < 0.001). The results relevant to
H1 are summarized in Figure 3.

21.810

14.196

95% CI

95% CI

25.162

High-Numeracy Group
VLAT Score
M = 23.49
SD = 7.63
N = 82

Low-Numeracy Group
VLAT Score

17.079

M = 15.64
SD = 7.12
N = 96

Mean Difference of VLAT Scores
7.85
0

Mdiff = 7.85
95% CI for Mean Difference
= [5.67, 10.03]
t(176) = 7.095, p < 0.001

Figure 3. Difference in VLAT scores between high-numeracy user group and low-numeracy user group.

5.3. Need for Cognition and Visualization Literacy
As with numeracy, we divided the participants into two groups based on the median split
method. Participants with a score higher than the median of NCS scores (Mdn = 86) were
classified as a high-need-for-cognition group. The rest of participants were classified as a low-needfor-cognition group.
We found support for the second hypothesis (H2) that the visualization literacy of the
high-need-for-cognition user group would be higher than that of the low-need-for-cognition user
group (H2 Confirmed). To see whether differences in visualization literacy scores emerged
between the high-need-for-cognition group and the low-need-for-cognition group, we also ran
an independent-sample t-test. We found no significant outliers in the data as assessed by the
inspection of a boxplot. Based on the Shapiro-Wilk test, visualization literacy scores for each
need-for-cognition group were normally distributed (high-need-for-cognition group: W = 0.978,
p = 0.138; low-need-for-cognition group: W = 0.993, p = 0.893). The scores of the two groups also
had homogeneous variances as assessed by the Levene’s test for equality of variances (F = 1.775,
p = 0.184). The test results indicated that the visualization literacy scores were higher for the high-need
for cognition group (M = 20.58, SD = 8.54) than the low-need for cognition group (M = 17.96,
SD = 7.93), and they were significantly different, t(176) = 2.123, p = 0.035, Cohen’s d = 0.32. We also
double-checked the results by a point-biserial correlation analysis (r pb = 0.16, N = 178, p = 0.035).
The results relevant to H2 are summarized in Figure 4.
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18.769

16.296

95% CI

95% CI

22.388

High-Need for Cognition Group
VLAT Score
M = 20.58
SD = 8.54
N = 88

Low-Need for Cognition Group
VLAT Score

19.619

M = 17.96
SD = 7.93
N = 90

Mean Difference of VLAT Scores
2.62
0

Mdiff = 2.62
95% CI for Mean Difference
= [0.18, 5.06]
t(176) = 2.123, p = 0.035

Figure 4.
Difference in VLAT scores between high-need-for-cognition user group and
low-need-for-cognition user group.

5.4. Visualizer-Verbalizer and Visualization Literacy
We divided the participants into two groups according to the VVQ criteria [43] instead of the
median split method. Participants who scored higher than 0 on the VVQ were classified as a visualizer
style group. Participants who scored lower than or equal to 0 on the VVQ were classified as a verbalizer
style group.
We did not find support for the last hypothesis (H3 not supported) that the visualization literacy
of the visualizer style user group would be higher than that of the verbalizer style user group.
We determined whether differences emerged in visualization literacy scores between the visualizer
group and the verbalizer group through an independent-sample t-test. We found no significant outliers
in the data as assessed by the inspection of a boxplot. Based on the Shapiro-Wilk test, visualization
literacy scores for each group were normally distributed (visualizer group: W = 0.992, p = 0.828;
verbalizer group: W = 0.985, p = 0.537). The scores of the two groups also had homogeneous
variances as assessed by Levene’s test for equality of variances (F = 3.077, p = 0.081). The test results
showed no statistically significant differences in visualization literacy scores between the visualizer
group (M = 19.80, SD = 7.86) and the verbalizer group (M = 18.45, SD = 8.94), t(176) = 1.065,
p = 0.288. We also collected the results of a point-biserial correlation analysis; however, they were not
statistically significant (r pb = 0.08, N = 178, p = 0.288). The results relevant to H3 are summarized
in Figure 5.
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18.286

16.346

95% CI

21.315

20.549

95% CI

Visualizer Group
VLAT Score
M = 19.80
SD = 7.86
N = 106

Verbalizer Group
VLAT Score
M = 18.45
SD = 8.94
N = 72

Mean Difference of VLAT Scores
0

1.35

Mdiff = 1.35
95% CI for Mean Difference
= [-1.15, 3.86]
t(176) = 1.065, p = 0.288

Figure 5. Difference in VLAT scores between visualizer user group and verbalizer user group.

5.5. Further Analysis at the Item Level
After confirming that numeracy and need for cognition were influential cognitive characteristics
in visualization literacy, we conducted a further analysis at the item level of the VLAT, because each
item in the VLAT represented a specific visualization task with an associated data visualization (see
Table 2 in Lee et al.’s paper [1] for details). As we did in Sections 5.2 and 5.3, we divided the participants
into high- and low-numeracy user groups and high- and low-need-for-cognition user groups based
on the median split method. We calculated the percentages of the groups who answered Item i in
the VLAT correctly. Then, we ran a two-proportion Z-test for each of the 41 items in order to test the
difference in the two proportions between the high and low groups. The results are represented in
Figures 6 and 7. The asterisk marks indicate items that have a significant difference between high and
low groups at the significance level of 0.05 based on the two-proportion Z-tests. Besides statistical
tests, we also reviewed the general tendency of visualization literacy scores, especially in terms of
visualization types and task types, between the high and low groups of cognitive measures.
First, we confirmed the general trends in the correct answer rates of the high-numeracy user
group and the low-numeracy user group (Figure 6). The high-numeracy user group had higher rates
of correct answers across all items in the VLAT as compared to the low-numeracy user group. In other
words, the high-numeracy user group generally performed all data visualization tasks with associated
visualizations better than the low-numeracy user group. In addition, the overall tendencies between
the correct answer rates of the high-numeracy user group and the low-numeracy user group were
very similar. Both groups showed relatively high correct answer rates for some items (e.g., Items 6,
17, 38, 61); they also showed relatively low correct answer rates for other items (e.g., Items 10, 40, 45).
More specifically, compared to other tasks, users in the both groups showed low performance with
the tasks of Make Comparisons (Items 9, 45, 46), Find Anomalies (Item 31), Find Extremum (Item 36),
and Determine Range (Items 37, 49).
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Figure 6. The percentages of high-numeracy group and low-numeracy group who answered Item i
correctly. The asterisk marks indicate items that have a significant difference between the two groups
based on the two-proportion Z-tests (∗ p < 0.05).
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Figure 7. The percentages of high-need for cognition group and low-need for cognition group who
answered Item i correctly. The asterisk marks indicate items that have a significant difference between
the two groups based on the two-proportion Z-tests (∗ p < 0.05).

According to the results of Z-tests, we fond significant differences in 23 items between the highand low-numeracy user groups. Among them, five items (Items 6, 17, 22, 27, 38) had relatively very
high correct answer rates (≥80%) in the both high- and low-numeracy user groups even though
there were significant differences between them. Among the remaining items that had significant
differences between two groups, seven items (Items 10, 11, 19, 35, 40, 41, 47) were associated with the
task of Retrieve Value with Stacked Bar Chart, Pie Chart, Area Chart, Stacked Area Chart, and Bubble
Chart. The participants with low-numeracy performed the Retrieve Value tasks with the five data
visualizations significantly worse than the participants with high-numeracy; furthermore, the correct
answer rates for the items were not high. In addition, nine items that were associated with tasks that
required simple arithmetic operations using retrieved values from visualizations also had significant
differences between the two groups. For example, Items 3, 8, 29, 37, and 49 were associated with
the task of Determine Range, and Items 5, 18, 34, and 54 were associated with the task of Make
Comparisons. The participants with low numeracy performed these tasks significantly worse than the
participants with high numeracy.
We also confirmed the general trends in correct answer rates of the high-need-for-cognition user
group and the low-need-for-cognition user group (Figure 7). We observed few differences in correct
answer rates between the high- and low-need-for-cognition groups. As shown in Figure 7, the rates
followed the same trend, and their gap was narrower than that of the high- and low-numeracy groups
in Figure 6. According to the results of Z-tests, we found significant differences in the correct answer
rates of six items between the high- and low-need-for-cognition groups. Even though the participants
with low-need for cognition showed worse performance with a number of tasks of Determine Range,
Find Extremum, and Make Comparisons that required cognitive endeavors, than the participants with
high-need-for-cognition, we did not find conclusive findings from the six items.
Another notable finding was that most items with Stacked Bar Chart (items 10, 11, 12, 14, 15) and
Stacked Area Chart (items 40, 41, 45, 46) had low rates of correct answers for all four groups (i.e., highand low-numeracy user groups and high- and low-need-for-cognition user groups). Regardless of the
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groups, the participants did not perform well in visualization tasks with the two data visualizations.
Particularly, they lacked the ability to understand the visual encoding scheme of stacked visual objects
in the two visualizations.
6. Discussion
In this section, we discuss our findings and share lessons learned from this study. We connect our
findings to previous studies and provide implications for future work.
6.1. Discussion on the Correlation
The goal of this study was to investigate the correlation between user cognitive characteristics
and visualization literacy. We focused on numeracy, need for cognition, and visualizer-verbalizer style
in the scope of this study. Our results confirmed that an individual’s numeracy and need for cognition
has a positive correlation with his/her visualization literacy, but visualizer-verbalizer cognitive style
deos not.
Our study shows that numeracy correlates positively with visualization literacy. Users with
high-numeracy had significantly high visualization literacy scores (on average, it was approximately
50% higher). It indicates that an individual who is good at understanding, using, and processing
numerical information would be likely to be good at reading and interpreting data visualizations.
This is consistent with a finding in the context of health risk assessment tasks with bar charts and
icon arrays from Galesic and Garcia-Retamero [14]. Perhaps it is an inevitable result because data
visualizations are graphically transformed forms of numerical data [62]. In particular, we may also
speculate possible reasons that low-numeracy users may perform poorly at certain visualization
tasks that require numerical manipulation (e.g., Determine Range, Make Comparisons, and Find
Correlations/Trends). Low-numeracy users may not have established a proper understanding of visual
encoding schemes for certain data visualizations (e.g., Bubble Chart) and thus may be inaccurate in
carrying out visualization tasks. Low-numeracy users may also neglect crucial numerical information
on data visualizations. Low-numeracy users may simply not be interested in visually represented
numerical data. Our additional findings in Section 5.5 allude to these speculations further.
In addition to numeracy, need for cognition also turned out to have a positive correlation with
visualization literacy. However, the correlation between need for cognition and visualization literacy
was not as high as that between numeracy and visualization literacy (numeracy and visualization
literacy: Cohen’s d = 1.07; need for cognition and visualization literacy: Cohen’s d = 0.32).
Even though it has a medium-small effect size, this still indicates that if an individual tends to
engage in and enjoy effortful cognitive endeavors, he/she would be good at reading and interpreting
data visualizations. This finding is consistent with a recent study on a bar chart and a line chart [63].
According to literature on need for cognition (e.g., [36,38,64]), it is possible that high-need-for-cognition
users may be motivated to extract information from visually represented data. In addition, high-need
for cognition users may make fact-based judgments that are supported by underlying data. They may
perhaps employ thorough seeking strategies while reading and interpreting data visualizations.
Surprisingly we did not find a correlation between visualizer-verbalizer cognitive style and
visualization literacy. The visualizers’ ability to read and interpret data visualizations was no better
than that of the verbalizers. This implies that an individual’s preference to use and process a certain
format of information does not have a positive/negative correlation with his/her visualization literacy.
Even if an individual prefers visual information (e.g., graphs, diagrams, pictures) and relies on visual
information while conducting cognitive tasks, he/she may not be good at reading and interpreting
data visualizations. However, even if an individual prefers perceiving, processing, and using verbal
information (e.g., text, words), he/she may be able to use data visualizations without any problems.
It is necessary to investigate this result further by considering relevant findings from other studies;
for example, visualizer cognitive style may not be related to spatial rotation ability and visual working
memory [42,44,65].
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6.2. Implications for Education and Training
People are all different. Some people are well equipped to learn some skills, whereas others are not.
Furthermore, people do not improve their abilities equally well through education and training because
everybody has a unique set of cognitive characteristics [5]. In that sense, individuals’ visualization
literacy may not automatically increase by the same means of education. So, we need to think about
various and original education approaches by considering differences in cognitive characteristics.
Based on our findings, we provide some implications for effective and tailored education and training
approaches to improve an individual user’s visualization literacy.
We need to educate an individual’s numeracy for successful education in data visualization.
The findings in this study show that numeracy has a positive correlation with visualization literacy.
An individual’s ability to understand and manipulate numerical information may have positive
correlation with his/her ability to construct a frame of visual encoding or transform visual encoding
schemes when he/she tries to read data visualizations. Thus, we need to teach basic numerical
and arithmetical concepts and facilitate their use at the same time that we teach data visualizations.
However, we still do not have a clear answer on which cognitive tasks in numeracy are directly related
to which visualization tasks/types. Future studies should investigate realtionships between individual
cognitive tasks and visualization types/tasks in more detail.
We need to encourage an individual’s willingness to put cognitive effort into successfully learning
data visualization. Need for cognition has a positive correlation with visualization literacy. This implies
that an individual’s visualization literacy is related not only to his/her cognitive abilities but also
to his/her willingness to engage in effortful cognitive activities. However, need for cognition can
not easily improve through repetitive training like cognitive abilities (e.g., numeracy) because it
depends on an individual’s inclinations. Therefore, we need to encourage students’ engagement
with data visualizations. For example, data visualizations and instructional materials considering
personal experience [3], curiosity, emotion, creativity [66], and perceived aesthetics [67] would increase
learners’ motivation.
6.3. Toward Improving Human Parameters in Visualization Recommendation Systems
Taken together with previous work, the findings in this study provide empirical evidence that
numeracy and need for cognition each has positive correlation with visualization literacy. In the
following section, we introduce a subset of implications of our study for the other related research
activities in the field of data visualization.
There are growing interests in developing visualization recommendation engines. Studies
like those by Voyager [68], VizDeck [69], and VizRec [70] attempt to provide a ranked list of data
visualizations following user inputs, data properties, and visualization types for adaptive exploration
depending on users’ tasks in hand. However, we still lack an understanding of the human parameters
in this avenue of research. Most current recommendation engines rely on static sets of perceptual and
cognitive disciplines and user preferences, which cannot reflect individual users’ current and potential
capabilities of using data visualizations. As shown in this study, visualization literacy is related to
various types of user cognitive characteristics. Specific evidence of user cognitive characteristics
along with their relationships to visualization literacy can be an important consideration in building
visualization recommendation systems, especially user models in the systems. Therefore, we need
to investigate how we use the nature of visualization literacy within the pipeline of visualization
recommendation systems.
Some studies show procedural learning, which tracks the user’s analysis of visualizations and
adapts them so that visualization systems can nudge the users about undiscovered trends and patterns
or optimal data visualization types for further exploration. Furthermore, other studies have found
the effects of individual factors on task performance with data visualizations e.g., [22,71], and they
provided rationales to create visualization systems that are adaptive to individual differences. However,
few studies have accounted for the aspect of the user’s ability to perform tasks with the recommended
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and adapted visualizations and their aptitude for learning new data visualization types. Visualization
literacy plays a central role in procedural understanding and users’ task performance when confronted
with data visualizations. The recommendation and adaptation may need to be more specific, not only
by highlighting visual elements to nudge the user toward better performance but also by guiding
users to learn how to manipulate interfaces and to unpack visual outcomes. More research efforts
are needed to reveal users’ mental steps and cognitive behaviors that can help people learn more
advanced visualizations so that the system can timely diagnosis users’ misconceptions, estimate their
understanding, and provide appropriate guidance, feedback, suggestions, and instructions.
6.4. Limitations and Future Work
In this study, we conducted an experiment on a crowdsourcing platform to examine the correlation
between cognitive characteristics and visualization literacy. The crowdsourcing platform has several
advantages including affordable experiment costs and convenient participant recruitment in a short
period time. However, some researchers might be uncomfortable with the crowdsourcing platform
because they cannot control participants as other controlled lab studies. The participants’ level of
understanding of tasks, level of engagement in tasks, and level of attention to tasks may affect the
measurement results. Our experiment also requires a high degree of mental demand to complete the
tasks and the results could be influenced by fatigue, in which we cannot capture in crowdsourcing
platforms. Even though we used a number of filtering questions to keep the participants’ attention,
more systematic ways are necessary to deal with the participants’ fatigue and attention issues.
In addition, we did not empirically show the causal relationships between visualization literacy
and the three cognitive characteristics. Even though we provided some evidence for a correlation
between visualization literacy and cognitive characteristics, the study does not imply any causalities
between them. Thus, future empirical studies should investigate causal relationships between
visualization literacy and cognitive characteristics to gain a deeper understanding of the nature
of visualization literacy.
In future studies, the relations between visualization literacy and other cognitive characteristics
need to be examined. Other cognitive characteristics include personality, level of experience,
and demographic information, as copious human-computer interaction literature has already discussed.
In particular, the relationships to demographic factors may provide practical and useful information
for designing education and training programs for visualization literacy (e.g., programs for K-12
curriculums or an elderly populations).
7. Conclusions
In this study, we examined the correlation between cognitive characteristics and visualization
literacy. In particular, we focused on three cognitive characteristics: numeracy, need for cognition,
and visualizer-verbalizer style. We found that an individual’s numeracy and need for cognition are
positively correlated to his/her visualization literacy. However, visualizer-verbalizer cognitive style
did not have a correlation with visualization literacy.
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