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Abstract
In the information age, a person’s ability to read and make data visualizations is nearly as important as being
able to read and write text. This article reports the results of a multi-phase study conducted in informal
learning environments in three US science museums. The goal of the study was to determine the familiarity
of youth and adult museum visitors with different visualization types. To address this, a total of 273 visitors
were shown 5 out of 20 different visualizations that included two charts, five maps, eight graphs, and five net-
work layouts. They were asked to judge the familiarity of the visualization, provide information on how to read
it, and provide a name and identify typical locations where they would encounter the data display and possible
data sources that might be visualized in this way. The results show that while most participants have a strong
interest in science, math, and art, many have a hard time naming and interpreting visualizations. Participants
in this study commonly encounter visualizations in school, in books, at work, on the Internet, and in the news.
Overall, they were more familiar with basic charts, maps, and graphs, but very few are familiar with network
layouts and most have no ability in reading network visualizations. When asked how they would interpret the
visualizations, most participants pointed to superficial features such as color, lines, or text as important to
developing understanding. Overall, we found that participants were interested in the visualizations we pre-
sented to them, but had significant limitations in identifying and understanding them. The results substantiate
intuitions shared by many regarding the rather low level of data visualization literacy of general audiences.
We hope they will help catalyze novel research on the development of easy-to-use yet effective visualizations
with standardized names and guaranteed properties that can be readily used by those interested to under-
stand and solve real-world problems. The results also have implications for how information visualizations
are taught and used in formal and informal education, the media, or in different professions.
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Introduction

Reports such as ‘‘Taking Science to School’’1 and

‘‘Ready, Set, Science’’2 as well as the new science stan-

dards3 acknowledge that students must understand the

nature and development of scientific knowledge and

participate productively in scientific practices and dis-

course. Accordingly, articles in journals on science
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teaching propose methods for data usage in class-

rooms4,5 and as a form of evidence.6,7 Projects such as

Thinking with Data (TWD) (http://www.rcet.org/twd)

conclude there is a critical role for data literacy in pro-

viding analytical tools for using data in inquiry, draw-

ing conclusions, and application of data literacy skills

across disciplines. TWD points to the benefit of con-

ducting research activities in live learning environ-

ments; yet few researchers have investigated how

scientists and others read and interpret graphs or

understand and use data and data visualization in for-

mal settings,8–10 and even less on how these skills are

cultivated in informal settings. This research is timely

as the amount of data in our world is increasing radi-

cally, and the capability to analyze datasets is becoming

a key basis for all citizens to be data-literate decision-

makers.11

The National Science Foundation (NSF)-funded

Sense Making of Big Data project was designed to study

how audiences in public spaces relate to and make

sense of visual representations of large datasets. The

work was conducted by a team of information visuali-

zation experts, learning scientists, and museum eva-

luators that collaborated closely over a 3-year time

span. While most user studies in information visualiza-

tion research use student populations or crowdsour-

cing, this study interviewed youth and adult science

museum visitors across three US science museums.

Also, while most studies of visualizations are designed

up front and then executed, the study presented here

emerged as a series of inquiries which are common in

informal science evaluation, that is, each subsequent

study builds on questions that emerged as needing

greater clarity from the prior study.

The article is organized as follows: the next section

discusses related work. It is followed by sections on

study design and study results. We conclude with a

discussion and outlook.

Related work

Sense-making with data through the process of visuali-

zation has been of interest to learning researchers for

many years, but most research has looked at individu-

als applying higher-order thinking to discovering new

patterns of communication within a domain, which is

grounded in a field.12,13 Here, higher-order thinking

refers to thinking at synthesis and evaluative levels

rather than lower-order thinking such as awareness

and understanding. Also of value in sense-making is

the capacity for devising data structures and classifica-

tion models for the sake of knowledge discovery and

construction. When given sufficient latitude of control

with appropriate tools, children are capable of

visualizing sophisticated and complex models of

data.14,15 In addition, a variety of data visualization

projects in museums (e.g. Science on a Sphere or the

Global Links/Forces of Change exhibition at the

Smithsonian) showed that many visitors were not cog-

nizant of the underlying data16 or had difficulties inter-

preting results.17

Information visualization researchers frequently use

human subject in laboratory studies, longitudinal

domain studies, or Mechanical Turk setups.18 Studies

may aim to increase our general understanding of

human visual perception,19 how people read and

design visualizations,20,21 or what makes a visualiza-

tion memorable.22 Other studies evaluate the engage-

ment, legibility, memorability, or utility of novel or

alternative visualizations23 or aim to validate the leg-

ibility of novel (network) layouts (e.g. can users find

certain nodes, edges, paths, clusters, or specific zoom

levels?), might involve timed tasks (e.g. finding the

shortest path between two nodes and finding the aver-

age degree of a set of nodes), exploratory tasks (e.g.

what is in the data and where), and targeted tasks (e.g.

identify specific nodes that interlink clusters).24

An extensive literature review of over 800 visualiza-

tion publications by Lam et al.25 identified seven

major evaluation scenarios: (1) evaluating visual data

analysis and reasoning, (2) evaluating user perfor-

mance, (3) evaluating user experience, (4) evaluating

environments and work practices, (5) evaluating com-

munication through visualization, (6) evaluating visua-

lization algorithms, and (7) evaluating collaborative

data analysis. While much research in information

visualization focuses on the design and evaluation of

interactive visualizations, this study focuses on static

visualizations—as shown in the news, textbooks, and

so on—exclusively.

It is important to note that many standardized tests

exist to assess textual literacy, numeracity, or problem-

solving skills, see, for example, the Programme for

International Student Assessment (PISA) Assessment

and Analytical Framework.26 However, as of today, no

standardized test exists for examining the data visuali-

zation literacy of a general population. Promising

recent work by Boy et al.27 proposes a principled way

of assessing visualization literacy for bar charts and

scatterplots and it might be possible to extend their

method to other visualizations such as maps and net-

work layouts.

This study is unique in that it uses a comparatively

large number of youth and adult museum visitors.

Plus, instead of validating novel visualizations, we are

interested to understand whether visitors can read

common data visualizations that are frequently used in

newspapers, textbooks, or magazines.
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Study design

We define data visualization literacy as the ability to

make meaning from and interpret patterns, trends,

and correlations in visual representations of data. The

overarching question for the study was How familiar

are youth and adult visitors with data visualizations?

Specifically, we were interested to understand whether

visitors had seen different visualization representations

(bar graph, Sankey graph, map of the United States)

of different visualization types (chart, graph, map, and

network layout) before, where they encounter these

visualizations, how they may go about reading different

visualizations, how they would call the visualization,

and what types of data or information they would

visualize in a similar way. The study does not attempt

to measure whether visitors can read the data and

interpret data visualizations correctly as this is outside

the scope possible for a museum floor study. The inter-

view materials and questions were designed by team

members who have decades of experience in gathering

data in informal learning settings such as museums

and they are definitely different from questions that

would be asked when interviewing experts.

Visualization framework

Creating easy-to-read but insightful visualizations is

difficult as the problem-solving space that needs to be

traversed is high dimensional and inherently complex.

For example, most data analysis and visualization

workflows comprise 10–15 different algorithms (with-

out counting data converter algorithms that ensure the

output from the previous algorithms can be read by

the next algorithm in line). Most of these algorithms

have diverse input parameters, and selecting the best

parameter values is non-trivial and impacts visualiza-

tion results substantially.

Many different taxonomies and frameworks exist on

how to structure this complex problem-solving space

to make it easier to navigate and manage,28–38 and

some have been implemented in software tools, for

example, SYSTAT, SPSS, and OSGI/CIShell macro-

scope tools (cishell.org).

This study uses the visualization framework intro-

duced in Börner and Polley28 and Börner.29 The

framework builds on prior works in statistics, informa-

tion visualization, and graphic design to identify key

types involved in the design of insightful visualiza-

tions.39–41 Most relevant for the work presented here,

it distinguishes different types of analysis: temporal

(when), geospatial (where), topical (what), and net-

work layouts (with whom) and different visualization

types: chart, graph, map, and network layout. The lat-

ter four are discussed and exemplified here.

Charts. Charts visually depict quantitative and quali-

tative data without using a well-defined reference sys-

tem. Examples: pie charts (the sequence of ‘‘pie slices’’

and the overall size of a ‘‘pie’’ are arbitrary; the pie-

slice angles and area sizes represent a percentage of

the whole) or word clouds (words are randomly posi-

tioned; larger words may be set closer to the center to

achieve effective use of space or to establish some dis-

cernible pattern).

Graphs. A graph maps quantitative and/or qualitative

data variables to a well-defined reference system, such

as to coordinates on a horizontal or vertical axis. The

position of a data point in a coordinate system is deter-

mined by the axis values. Examples: timelines, bar

graphs, and scatterplots.

Geospatial maps. Maps display data records visually

according to their physical (spatial) relationships and

show how data are distributed geographically. The

positioning of an object on a geospatial map requires a

lookup table to convert address data into latitude and

longitude information. Examples: world or city maps.

Network layouts. Network graphs use nodes to repre-

sent sets of data records and links connecting nodes to

represent relationships between those records.

Different representations exist for tree and network

structures. Node positions might depend on node

attributes or node similarity. Examples: tree graphs:

may be represented as indented lists, dendrograms,

node-link trees, circle packings, or treemaps. Networks:

may be represented by one-dimensional arc graph,

tabular matrix diagrams, bimodal network visualiza-

tions, axis-based linear network layouts, or force-

directed layouts. The first four types use well-defined

reference systems (e.g. nodes may be sorted by a node

attribute), which means the axes are labeled and their

value range is known. Force-directed layouts have no

axes.

Note that the different visualization types are pre-

ferentially used to answer different types of questions.

Timeline graphs are frequently used to answer

‘‘When’’ questions. Geospatial maps are common for

answering ‘‘Where’’ questions. Network layouts are

excellent for depicting relationships, that is, answering

‘‘With Whom’’ questions.

Study instruments

Using the Visualization Framework discussed in the

previous section, 20 visualizations were selected from

textbooks, news, widely used online visualization
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libraries such as http://d3js.org, or designed using the

Sci2 Tool.42 Thumbnail versions of all 20 visualiza-

tions are given in Figure 1. High-resolution versions or

all visualizations are provided in Supplementary

Materials. Note that no set of 20 visualizations can

possibly cover the rich diversity of existing data visuali-

zations. The final set of 20 does cover all major visuali-

zation types discussed in the previous section.

Presuming that museum visitors are most familiar with

charts and maps, only few examples of these were

included, but six graphs and six network layouts are

part of the final set. Given that children and adults

participated in the study, some visualizations show

content relevant for children, for example, the speed

eating contest results. Interested to understand the

range of visualizations that museum visitors can recog-

nize, some visualizations show more advanced data-

sets, for example, collaboration networks. When

printed in color on letter size paper, all text labels and

visual encoding are legible; titles and legends that

appear in the original visualization were kept, and

none was added.

This set of 20 visualizations was printed in letter

size and in color on one printer and laminated so that

they had a finished, bright look and would last through

the study. The cards were coded on the back by letter

for identification and organized into four discrete sets

with each set having five visuals (corresponding to the

rows in Figure 1, e.g., subject A would see C1, G1,

T1, O1 M1; subject B would see C2, G2, T2, O2 M2,

etc.) covering different representations. In addition to

the 20 visualizations, the other related study instru-

ments used to solicit participants and collect data are

included in Supplementary Materials.

Data collection and analysis

Data gathering

Data collection occurred over a 3-week period during

spring 2013 at three science museums: The New York

Hall of Science (NYSCI) in Queens, NY; the Center

of Science and Industry (COSI) in Columbus, OH;

and the WonderLab Museum in Bloomington, IN.

Figure 1. Four sets of five visualizations—each row represents one set; all four rows make up the complete set of all 20
visualizations used in the study. The visualizations are of type chart (C1 and C3), graph (G1, O1, C2, G2, G3, and G4), map
(M1, M2, M3, C4, and M4), and network layout (T1, T2, O3, T3, O3, T4, and O4), see Supplementary Materials for high-
resolution versions.
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Setup. Data were collected within the gallery setting

of each institution during normal visiting hours.

Materials. The teams of data collectors at each

museum were provided with two sets of the 20 lami-

nated visualizations by COSI. The set 5 of 20 was

used in constant rotation; as each museum had two

sets of the 20 visualizations, up to two studies could

be run in parallel. There were some minor variations

in how the visualizations were cycled (i.e. participants

saw mixed sets), but these were less than 6% of cases

(N = 16) and we do not think this affected the study

outcomes.

Procedure. Each site trained multiple data collectors

to run the experiment using the Instructions for

Completing the Interview (see study materials). Since

COSI has a relatively high visitation rate, a random

sampling method was used to select potential inter-

view participants to ensure a representative popula-

tion. Sampling was done using focal sampling with a

continual ask, a standard practice in museums to avoid

selection bias. Focal sampling is creating a visual point

across which visitors move. The ‘‘ask’’ is made of the

first person to cross that point in the sampling strategy

(if a very slow visitation, it may be every third person,

though it is impossible to accurately do actual sequen-

tial sampling with a random start). A continual ask

process has the researcher return to the sampling pro-

cess upon completion of an interview and ask the first

person who crosses the line; this is done continually

during the course of the study. The NYSCI and

WonderLab venues have less foot traffic which allowed

data collectors to approach a greater percentage of vis-

itors ensuring a representative sample of the visitors

on the study days. Studies were conducted on both

weekdays and weekend days to further represent

across audiences.

To initiate data collection, interviewers prompted

visitors with variations in the statement: ‘‘Would you

be interested to participate in a research study?’’ If visi-

tors refused to participate, this was noted in the refusal

log. If they gave verbal consent to participate, then the

data collector noted group type (single adult, single

youth, or youth and adult) and age of visitor(s) on the

data collection forms (unique case #, location, data col-

lector name, date were prefilled). Then, visitors were

asked to state their interest in science, math, and art

using a scale of 1 (not interested at all) to 10 (totally love

it). Next, visitors were asked the following five ques-

tions for each of the five visuals within a set:

1. Does this type of data presentation look at all

familiar?

2. Where might you have seen images like this?

3. How do you think you read this type of data

presentation?

4. What would you call this type of data

presentation?

5. What types of data or information do you think

make the most sense to be included in this type of

visual?

Question 1 with a yes/no answer was included to

understand whether visitors believed they had ever

seen such a visualization. Question 2 was designed to

help identify where visitors encounter data visualiza-

tions in their daily lives. Question 3 is open-ended but

meant to uncover how visitors decode data visualiza-

tions. Our pilot studies revealed that visitors use vastly

different processes and features to try to make sense of

visualizations and they do not have any standard voca-

bulary to describe how they read visualizations.

Related to the notion of relevant vocabulary, Question

4 aimed to collect all names used by a general audi-

ence to refer and talk about each of the 20 visualiza-

tions shown in Figure 1. Question 5 was included to

understand what datasets visitors commonly encoun-

ter displayed in visualizations—this also provides

important input on what datasets could be used to

teach (novel) visualizations.

All data were recorded in the data collection form

(see study materials). After that, participants were

asked to put the five visuals in order from easiest to

most difficult to read. At the end, total time in min-

utes was recorded and perceived sex was also noted

to minimize gender bias in who was asked to

participate.

Data preparation

All completed data collection forms from all three

venues—195 from COSI, 40 NYSCI, and 38

WonderLab—were scanned and manually transcribed

using Microsoft Excel. In some cases, data collectors

had to be contacted to discern handwritten notes. In a

second round, the Microsoft Excel data were checked

for accuracy against the original data collection sheets.

The final sample population comprises 273 visitors:

127 youths ages 8–12 years (with parents/guardians)

and 146 adults (over 18 years). Visitors with known

perceived sex comprise 110 youth (52% female) and

117 adults (62% female). Within this sample, most

individuals saw five visuals, but not every participant

answered every question and these blank responses

were not analyzed, while ‘‘I don’t know’’ responses

were; the number of individuals (N) and number of

analyzed elements (Ne) were noted in each figure.
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Study results

To analyze the five questions, a qualitative, iterative,

open-ended approach was used in the identification

and definition of emergent themes in the data.43 As

expected, each question elicited distinct responses,

requiring each prompt to be analyzed independently

and leading to the formation of separate coding

schemes. We coded at the phrase level, where appro-

priate, to include any relevant context of a response.

Respondents typically mentioned multiple ideas, and

thus there are many more instances (i.e. code counts)

than participants. All data coding and statistical analy-

sis were performed using the NVivo 10 software, a

platform for analyzing various forms of unstructured

data. To better illustrate overall trends in our study,

data pertaining to the 20 specific visuals as seen in

Figure 1 were aggregated into one of the respective

visual types discussed in section ‘‘Visualization frame-

works’’ unless otherwise noted.

Pre-questions. Before exploring the set of five visuali-

zations, participants were asked to report their interest

in science, math, and art using a scale of 1 (not inter-

ested at all) to 10 (totally love it). Data were collected

from 127 youth and 143 adults and were aggregated

by relative age and subject, before being binned using

the 1–10 scale provided to participants. Any value

given outside that range was defaulted to the closest

end of the scale. Frequency distributions of interests

were calculated for the 127 youth and 143 adults; the

results are given in Figure 2. The majority of our

sample population is highly interested in science, and

less so in math and art.

Five main interview prompts. The results for the five

questions asked to the visitors are reported next.

1. Does this type of data presentation look at all

familiar?

The yes/no responses to this prompt were cross-

tabulated by relative age and visual type.

The results are given in Figure 3. Exactly 62% of

the visitors responded that they had seen the visualiza-

tion before, with the most commonly recognized visual

type being charts and the least recognized being net-

work layouts. Age was an important factor as 45% of

youths responded that the visuals were unfamiliar to

them versus only 31% of adults. Furthermore, adults

recognized each of the 20 visuals more often than

youths.

2. Where might you have seen images like this?

In coding the Where responses, one of the authors ini-

tiated coding approximately 20% of the 1000+
responses. The second author coded the same

responses using the established codes but adding/edit-

ing codes if necessary. After the second pass, the first

coder went back and reviewed his coding using the

updated codes. At this point, the average inter-rater

reliability (measured through Cohen’s Kappa) was

0.82. Discrepancies were discussed until agreement

Figure 2. Self-reported interest in science (left), math (middle), and art (right) for 127 youth visitors (in blue) and 143
adult visitors (in red) on a scale of 1 (not interested at all) to 10 (totally love it).
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was reached and codes/definitions were updated.

Once this was done, a single coder coded the remain-

ing instances. The codes resulting from this analysis

emerged naturally from the data, and as expected,

responses were primarily related to physical places

(e.g. school, work) or mediums (e.g. newspaper,

Internet), giving a sense of where the public encoun-

ters visuals.

The results are shown in Table 1. Data were aggre-

gated to higher level categories after extensive discus-

sion; further aggregations (e.g. news, politics, and

magazines) are possible but would further reduce data

resolution. Note that some locations are real-world

places (e.g. museums and zoos) while others are online

(e.g. Internet), or refer to devices (e.g. technology

devices). Color coding indicates low values (in white)

and high values (in dark brown). When asked where

they had previously encountered similar visuals,

youths reported school at a very high rate (52%), with

books next at approximately 9% of responses. Even

then, many of these book references were to textbooks;

this is not surprising as a significant portion of a

youths’ time is spent in school or engaging in school-

related activities. Work and everyday life was commonly

mentioned by adults, but interestingly, adults reported

school as the most common place they saw these

visuals (20%) suggesting many participants were still

in school, referring to their children’s schooling, or

reflecting on prior experiences. The results also show

that in general adults encounter visuals in a wider vari-

ety of places more frequently than children and those

places tend to be a bigger part of their non-work, non-

school activities (news, entertainment, finances, etc.).

3. How do you think you read this type of data

presentation?

Answer to this question varied widely. A similar quali-

tative approach was used with the Q2 response data. As

discussed further in the results, the nature of partici-

pants’ responses led to a more complex coding scheme

detailing the key features that participants use to read

visuals, what visuals communicate, and the steps they

take to understand a visual, among other topics.

The results are given in Table 2. Color coding indi-

cates low values (in white) and high values (in dark

green). Participants interpreted this question in several

different ways, but responses fell into two main cate-

gories: they described components of the visual that

participants found useful to reading the visual (key

Figure 3. Familiarity of visualizations for youth (blue) and adult (red) visitors.
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visual features: 66% of responses) and/or participants

described what style of information was being con-

veyed by the visual (what the visual communicates:

14%). Adults tended to describe the trends, relation-

ships, and general information in the visual more often

than children (16% and 12%, respectively). Both

youths and adults most frequently identified color (e.g.

‘‘each color represents a line’’) as a key aspect to under-

standing the visual (13%), as well as size and quantity

(10%; e.g. ‘‘thickness of lines means how much’’), and

the presence of objects (e.g. circles, pictures, icons:

9%). A small number of responses (n = 23; 78% by

adults) noted that certain aspects were missing from

the visual and indicated that these pieces would help

them better understand the visual (e.g. ‘‘there’s no key

so it makes no sense’’). Similarly, many stated that they

would use the title, legend, or key to help them read

the visual (Table 2) even though those were purpose-

fully not available for them to use (e.g. ‘‘guide tells

what lines and circles mean’’). When discussing what

information the visual provided, participants talked

about comparisons or relationships (e.g. ‘‘colors of lines

equals different data’’: 12% of instances), with 62% of

these responses provided by adults. Some respondents

(7%) indicated that reading a visual was a sequential

process and most listed the key pieces with no intended

order; most that mentioned this were adults (62%; e.g.

‘‘match up things on left and right to see if anything

matches—also colors, trace things to middle, continue

matching colors in middle with other stuff’’). A small

percentage of responses provided a specific descrip-

tions of the visual (e.g. ‘‘[It’s] letting us know where

energy comes from’’: 7%) and responded that they did

not know how to read the visual (e.g. ‘‘it means noth-

ing’’: 6%). These results illustrate that people focus on

certain aspects of visuals, such as symbols and their

characteristics, and that designers should pay particu-

lar attention to these when crafting them.

4. What would you call this type of data presentation?

Table 1. Locations where visitors saw the visualizations.

% of Instances by Relative Age 

Location Code Example Response(s) Youth N=123 Adult N=144 

Advertisements Seen it in ads 1.0 2.8 

Art Artwork 0.8 1.1 

Books History Book 8.8 9.7 

Data and Research Research or data that is broken down 0.8 6.3 

Entertainment American Idol 4.3 3.5 

Internet Websites 6.6 8.2 

Magazines & Brochures National Geographic 1.5 5.8 

Maps Anywhere a map would be 7.1 4.4 

Medical Doctor's office, Psychology tests 1.3 1.7 

Museums & Zoos MOMA in NYC 1.8 0.8 

News Newspapers 2.8 10.7 

Politics Voting 0.8 1.7 

Posters & Presentations Business Presentations 0.8 4.2 

Public Spaces I think I've seen this at the mall 5.1 3.8 

School Classes- History 51.8 19.6 

Technology Devices iPod 2.0 1.0 

Work & Everyday Life Weather, At my job in marketing 2.0 12.4 

Other Everywhere 0.5 1.5 

Don't Know Not sure 0.5 0.7 

Total Coded Elements 396 710 
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Responses to this question were fit into predetermined

categories. Two of the authors independently came up

with an ‘‘answer key’’ for each specific visual and then

iteratively worked together to create a coding scheme

used to categorize responses as being the ‘‘technical

label,’’ ‘‘equivalent phrase,’’ ‘‘related phrase,’’ or ‘‘unre-

lated’’ (see examples in Table 3); a third researcher

used this scheme to code all responses, including addi-

tional ‘‘don’t know’’ and ‘‘not applicable’’ categories.

After coding, discrepancies were discussed and

resolved through discussion. Table 3 shows four of the

visual stimuli used in this study and the terms partici-

pants used to name them. These examples illustrate

that participants had a wide range of names for the

visuals presented to them, and very few would be con-

sidered accurate or equivalent terms. This suggests

that while participants commonly encounter these

visuals in their daily lives, they are unfamiliar with

their technical names. Furthermore, the preponder-

ance of different labels the participants assigned to the

visuals, even basic ones, suggests that more training

and better communication is required before the

general public uses a common language to refer to dif-

ferent visualization types.

The results are shown in Figure 4. Participants gave

a wide range of answers that were categorized into dif-

ferent levels of relevancy or correctness (see also

Table 3). Most respondents had a hard time naming

the visuals with any degree of accuracy as very few cor-

rectly identified the specific visual (technical label:

14%) or came close (equivalent phrase: 12%), while an

almost equal proportion did not attempt to name the

visuals (doesn’t know: 14%) at all. Some were able to

partially identify the visual (related phrases: 24%), by

either identifying the basic type of visual (e.g. identify-

ing a scatter graph as a graph) or providing a loosely

related term (e.g. identifying a scatter graph—also

called scatter plot—as a dot chart). The greatest pro-

portion of responses was categorized as unrelated

(31%); responses that generally made a mindful

attempt at naming the visual, but using incorrect

visualization terms (e.g. identifying a scatter graph as a

map). A very small proportion of responses were cate-

gorized as not applicable (6%), or responses that were

Table 2. Responses for how visitors would read the visualizations.

  % of Instances by Relative Age 
Response Code Youth N=126 Adult N=146 
Identified Key Features 67.4 65.2 

Absence of Information 0.4 1.1 
Axes 3.7 3.3 
Categories or Groupings 0.6 1.2 
Color 13.9 12.0 

Key or Legend 6.4 7.0 
Lines 3.9 3.8 
Location or Orientation of Objects 2.3 2.4 
Objects (e.g. circles) 9.8 8.8 
Size or Quantity 9.7 11.0 
Temporal Aspects (e.g. years, dates, etc.) 4.2 3.3 
Title or Labels 3.6 3.1 
Generic "Visual" (e.g. "look at the rest of info") 2.6 3.1 
Words or Numbers 6.5 5.3 

What the Visual Communicates 12.2 16.0 

Comparisons or Relationships 10.4 13.0 
General "Information" (e.g. "it breaks things down") 0.8 0.9 
Trends or Patterns 1.0 2.1 

Other Categories 20.4 18.8 

Procedural (i.e. indicates there are steps to reading visual) 6.6 8.5 
Visual Specific (i.e. focused on content of visual) 7.0 6.1 
Doesn't Know 6.0 3.3 
Blank/No Response 0.8 0.9 

Total Coded Elements 1321 1704 
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completely unrelated to visualizations (e.g. ‘‘a

chicken’’). In total, less than 50% of respondents gave

answers that would be considered at least partially

accurate. Note that while some readers might think

that calling T4 a spider web diagram is very creative, we

are interested to understand whether visitors are using

the correct terms to refer to visualizations. If different

names are used, for example, spider web diagram and

connection chart, then two visitors may never realize

they talk about the very same visualization.

Specifically, network layout visuals were the least

frequently identified visuals by participants. The five

different network layouts were seen a total of 337 times

and no participants fully and correctly named them;

only 4% and 13% of responses to these visualizations

were categorized as equivalent or related, respectively.

The vast majority of responses were incorrect (46%)

or non-attempts at identification (i.e. doesn’t know:

27%), meaning that over 83% of responses failed to

identify the visual to any degree. Of all the visuals,

maps had the highest proportion of related responses

(42%) and a high proportion of unrelated responses

(36%), indicating that participants were able to gener-

ally identify the visual as a map, but could not use the

specific term (2%) or something equivalent (5%). The

most recognizable visual types were charts and graphs,

with 64% and 65% or responses indicating some level

of correct identification, but charts were more fre-

quently given a technically correct identification

(32%) than graphs (26%) were. Within the graph cate-

gory, not all visuals were identified with the same

degree of success. Specific graphs such as the timeline

graph (85%), bar graph (66%), and line graph (59%)

were frequently given a technically correct label, while

other graphs, such as the Sankey diagram and tree-

map, had a relatively high frequency of unrelated

responses (45% and 55%, respectively). Treemap

visualizations are a special case as the technically cor-

rect name includes the name of the wrong visualization

type: map.

A second, broader qualitative analysis was per-

formed to see how often participants mentioned chart,

map, graph, or network layout (see section

‘‘Visualization framework’’). Responses were coded for

mentions of these terms regardless of their ‘‘correct-

ness’’ or surrounding words and the usage of the word

‘‘network’’ was categorized as network layout.

The results are given in Table 4. Color coding indi-

cates low values (in white) and high values (in dark

green). Almost half of responses (44% of responses

across all visuals) did not include any of the visualiza-

tion keywords chart, map, graph, or network layout to

name the visuals. Of the responses that did, the word

graph occurred most often (48% of responses using a

Figure 4. Names youth and adult visitors gave the visualizations by different levels of relevance/correctness.
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keyword); it should be noted that there were eight

graph visuals used in the study likely leading to the

higher usage of this word. Even though there were

only two charts used in this study, 24% of responses

referenced the word chart in some way. The other two

visualization types, maps and network layouts, both

had five visuals in the study and their associated

keywords were mentioned 28% and 0.5% of all

responses.

Charts were most commonly associated with the

word chart (64%), but also frequently mislabeled as a

graph (31%), and occasionally the word map was used

(5%). Maps were not strongly misidentified as any

other visual type in particular, with the words chart

(17%) and graph (11%) mentioned most often.

Graphs were the most highly recognized visual with

75% of responses using the word graph in their

response. Graphs were most often misidentified as a

chart (20% of the time), and less frequently as a map

(4%); the most commonly misidentified graphs were

the Sankey diagram (chart: 37%) and treemap (map:

45%). As previously discussed, participants were gen-

erally able to identify maps (72%), but participants

were unable to provide further details. As suggested

above, network layouts were the most unfamiliar type

of visual to the participants. Network layouts were the

only group of visuals to be labeled a different visual

more often than the correct visual, with the phrase

network layout occurring in only 3% of responses.

The word graph was used most often (40%), with

chart being used almost as frequently (36%); they

were misidentified as maps 21% of the time. The high

amount of cross-identification between charts and

graphs indicates that the general public uses these

terms interchangeably, and in some cases as a general

purpose term for all visuals.

5. What types of data or information do you think

make the most sense to be included in this type of

visual?

When participants were responding to a more famil-

iar visual, they were able to provide responses that

indicated they understood the primary purpose of the

visual type or they responded with a novel and appro-

priate use for that visual. For example, when shown a

timeline of social media innovations, many individuals

were able to describe its purpose (e.g. ‘‘development of

something over time,’’ ‘‘things that have an order like

time,’’ ‘‘dates and years and events’’) or provide alter-

nate content (‘‘American history. Drug response to

medication. History development.’’). Less familiar

visuals tended to produce ‘‘mimicked,’’ vague, or

‘‘don’t know’’ responses. For example, network layouts

prompted many individuals to simply read back infor-

mation from the visual they were looking at (e.g.

‘‘number of times someone coauthored or influenced

other authors’’), provide a generalized response

(‘‘things from science class,’’ ‘‘different types of chart’’),

or no response at all (‘‘I don’t know’’).

Post-questions. A total of 53 subjects sorted the five

visuals in order from easiest to most difficult to read.

We asked them to do this so that we could get a sense

of how they compared the visuals in terms of difficulty.

The values were calculated across rows to illustrate the

ranked position that participants most frequently

placed the visual types.

The results are given in Table 5. As can be seen,

charts are judged easiest to read, followed by maps,

and then graphs. Networks are singled out as hard to

read. Charts were most commonly placed in the easiest

to read section. Graphs and maps had similar place-

ment frequencies, and network layouts were overall

ranked hardest to read.

Study limitations

How much time visitors spent with the visualization

had a major impact on their ability to accurately

Table 4. Occurrences of chart, graph, map, or network layout in the names visitors gave the visualizations.

What would you call this?
Visualization Type (# 
Used in Study)

Chart Graph Map Network Layout

Chart (2) 63.5 31.1 5.4 0.0

Graph (8) 20.1 75.4 4.4 0.0

Map (5) 10.8 16.9 71.9 0.4

Network Layout (5) 36.0 40.4 21.1 2.6
All (20) 23.9 48.0 27.6 0.5
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answer the five questions. People did spent more time

if the data shown in the visualization were of interest

to them, for example, children were interested to

explore the food eating contest results. Other people

were drawn to visualizations due to color or overall

aesthetics, and sometimes that translated into a will-

ingness to spend time interpreting the visual, but other

times remained as a cursory, purely aesthetic appeal.

The visualization framework used in this study to

judge the correctness of one of the five questions:

‘‘What would you call this type of data presentation?’’

was developed over the last 15 years. The framework

draws on leading works by major visualization pio-

neers, is one of the most comprehensive frameworks in

existence today, and it has been used to teach

Information Visualization at Indiana University for

more than 10 years and for the last 3 years in the

Information Visualization MOOC (IVMOOC) that

students from 100+ countries attend. However, it is

not agreed upon by all visualization experts, that is,

not all expert would agree with the four visualization

types and their description or the names it gives to

specific visualizations. In fact, alternative names used

in the press and scholarly papers, for example, metro

map or treemap, make it hard to identify the correct

visualization type, for example, network layout, not

map. Expert agreement on standard naming conven-

tions and major visualization types would help avoid

confusion and support the transfer of visualization

sense-making skills within and across visualization

types. Clearly, names for specific visualizations and

visualization frameworks will need to co-evolve to

make them maximally useful.

Discussion and outlook

Collectively, the results reported here provide strong

empirical evidence that a very high proportion of the

studied population, both adult and youth, cannot

name or interpret data visualizations beyond very basic

reference systems, that is, they have rather low perfor-

mance on key aspects of data visualization literacy.

The results confirm statements by leading visualiza-

tion practitioners arguing that most US citizens cannot

read the visualizations that are common in newspa-

pers, textbooks, or on the web.

The results from this particular study provide

important ‘‘ground truth’’ about the non-existence of

a visualization language (i.e. an internally consistent

set of proper names for different visualization (types)

that are well defined and consistently used) and the

data visualization literacy of museum visitors. This

parallels challenges identified for ‘‘big data’’ research,

namely, the need to ‘‘help remove the barrier associ-

ated with different uses of terminology.’’ A recent

report44 argues that because of ‘‘the interdisciplinary

nature of Big Data, there are many concepts and terms

that are defined differently by people with different

backgrounds’’ and suggests short courses and webinars

to identify and help resolve differences.

It should be pointed out that language—human’s

ability to acquire and use complex systems of

communication—is a key component of human devel-

opment. Without language, that is, the ability to name

and label physical or imaginary objects and concepts,

it is much harder if not impossible to learn or talk

about them.45 While visualization experts might be

comfortable with ambiguity and the nature of subtle

differences in names for visualizations, non-experts

would much benefit from proper names and defini-

tions for common visualizations that can be learned

once and effectively used over a lifetime.

Taking practitioner comments and empirical evi-

dence seriously has a number of serious implications

for information visualization education and research.

In the information age, the ability to read and make

data visualizations is increasingly important. Given

this importance and the low skill level, it is highly

desirable to teach data visualization reading and writ-

ing skills in formal and informal education settings. As

for information visualization research, much effort is

focused on the development of new, ever more com-

plex visualizations—few of them are ever used outside

of information visualization conference proceedings or

Table 5. Sorting results for chart, graph, map, or network layout.
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journals. However, if youth and adults with a predilec-

tion toward science—apparent by the fact that they

visit science museums—cannot read simple visualiza-

tions, more work should focus on empowering many

to read and understand basic visualizations. Close col-

laborations with educators, journalists, government,

and industry seem highly desirable to improve our

understanding of how to make, use, and teach data

visualizations more effectively.

Although our results suggest that charts and graphs

are the most commonly encountered visuals in school

or work, more research needs to be done to explore

the amount of visualization literacy individuals gain in

school, especially with more complex maps and net-

work layouts. Recently, select elementary and middle

schools have started to teach data visualizations—a

unique opportunity for visualization researchers to

study and help improve the acquisition of data visuali-

zation literacy. Plus, the use of data is now a key com-

ponent of recent efforts to create national standards in

mathematics46 and science;3 there is a unique oppor-

tunity for visualization researchers to study and help

improve the acquisition of data visualization literacy.

The general public is likely to encounter new and

complex visuals outside of formal learning settings put-

ting more of an onus not only on their creators to pro-

vide guidance but also on educators to teach students

broad and explicit visualization reading strategies so

that they are better equipped to understand novel

visualizations they encounter. Being able to name

visualizations correctly will empower different stake-

holders to refer to and discuss a diverse range of visua-

lizations. Being able to see a new visualization and

identify its type makes it possible to transfer knowledge

(e.g. on how to read a graph) from known visualiza-

tions to the new visualization.

Other studies conducted in this project (all reports

available on informalscience.org) show that construc-

tion of complex visualizations led to more accurate

interpretation than deconstruction. There were also

suggestions in the findings related to interest: interest

was found to vary by age and sex in subjects, in topics

of visuals, and in the appeal of the visuals. Yet, there

were no topics that were consistently appealing across

respondents. The same was found in the appeal of the

visual itself.

Going forward, we are interested to advance

this research by collaborating with others to conduct sim-

ilar investigations in different environments and countries

and with alternative visualizations. Toward this end, all

study materials have been made available online at http://

cns.iu.edu/2015-VisLit.html. Please feel free to contact

the authors for more information.
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