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Figure 1: The blind user does not know what a treemap is. The system generates an explanation of treemap using three
explanation strategies. The user listens to the explanation to understand how a treemap looks like.

ABSTRACT

Visualization designers increasingly use diverse types of visualiza-
tions, but assistive technologies and education for blind and low
vision people often focus on elementary chart types. We explore
textual explanation as a more generalizable solution. We define
three dimensions of explanation strategies based on education the-
ories: comparing to a familiar chart type, describing how to draw
one, and using a concrete example. We develop a prototype sys-
tem that automatically generates text explanations from a given
chart specification. We conduct an exploratory study with 24 legally
blind people to observe both the effectiveness and the perceived
effectiveness of the strategies. The findings include: description of
visual appearance is overall more effective than instructions for
drawing, effective strategies differ by each chart type and by each
participant, and the user’s perceived effectiveness does not always
lead to better performance. We demonstrate the feasibility of an
explanation generation system and compile design considerations.
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1 INTRODUCTION

Data visualizations rely on vision to convey information. Due to
this nature, people who cannot leverage vision, such as blind and
low vision (BLV) users, are at risk of being disenfranchised from
the benefits visualizations offer. To support accessibility, the visu-
alization must be translated into other modalities beyond vision.
For example, converting visual charts to audio charts [16, 40, 46]
as well as tactile material, including embossed paper [10, 41] and
specialized devices [5, 34] has been extensively investigated.
Despite the benefits, audio and tactile charts are not only chal-
lenging for BLV users to accurately perceive [40] but also take
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considerable effort for the authors to create [13]. Describing vi-
sualizations in a text can be a more generalizable and feasible so-
lution than using other modalities. Communicating visualization
through texts has been investigated to promote accessibility, al-
lowing BLV users to read visualization online with a widespread
software, namely screen readers [14, 20, 30].

When communicating visualization to BLV users, chart type is
crucial information to convey [14]. By knowing the type of chart,
BLV users can mentally prepare themselves and be ready to fill in
specific details, such as axes and encoding, to understand the chart’s
content. However, BLV users are not familiar with more complex
visualization types such as violin plots and area charts [40]. Many
BLV users reported that they had touched some simple charts with
embossed materials in school but not their variants. Also, the chart
types on the web are becoming increasingly diverse, while many
assistive technologies only support the most basic chart types.

To address this problem, we explore the space of chart type ex-
planations and investigate which explanation methods work most
effectively for BLV users. We review literature in the field of educa-
tion to identify three different dimensions of explanation strategies
and create explanation templates that can be applied to any chart
type. We also explore the feasibility of automatically generated
explanations by creating a prototype system that can explain more
than 50 chart types. We conduct a user study to observe how BLV
participants perceive the different explanation strategies and con-
duct an exploratory evaluation of the effectiveness of the strategies.

We found that (1) description of visual appearance as a static
image is overall more effective than instructions for drawing, (2)
effective strategies differ by individuals, (3) participants’ traits, in-
cluding spatial ability and locus of control as well as whether they
have functional vision affect their comprehension of chart types
from explanations, and (4) user perceived effectiveness does not
always lead to better comprehension.

Our contributions are as follows.

e Based on education theories, we identify three dimensions of
strategies for verbally explaining chart types and test their effec-
tiveness for BLV users.

e We provide a similarity metric between chart types that can be
used to leverage the prior knowledge of the user when explaining
an unfamiliar chart type.

e We find out the wants and needs of the BLV users for accessible
chart type explanations.

o Based on the findings from the user study, we derive the design
considerations for a future explanation system.

2 RELATED WORKS

2.1 Accessible Visualization

Visualizations use human vision to convey a large amount of infor-
mation effectively. People who cannot fully use their vision cannot
access the information presented in visualization without additional
accessibility support [21]. A common practice is to translate the
information to other sensory modalities such as sound, texture,
and text. Each has different advantages. Using sonic dimensions,
including pitch and volume, can promptly convey dense time-series
data [24, 38, 46], but its perception can vary drastically by individ-
ual [40]. Tactile visualizations use embossed paper or specialized
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devices to enable BLV people to touch the appearance of the vi-
sualization [4, 9, 45], but to produce one takes time and requires
specialized devices that might not be readily available or affordable
for all users. In comparison, text modality is a practical way to
communicate visualizations that can be applied to many types of
visualizations. An alternative text (alt text) is a textual summary of
a visualization that can be read off to a user via a screen reader and
is especially practical for visualizations on the Web [14]. Question
answering systems that support natural language interactions are
becoming more and more sophisticated as well [12].

Lundgard et al. [20] have categorized information in a visual-
ization into 4 semantic levels. Level 1 is the visual components
that comprise a graphical representation’s design and construction.
Level 2 is descriptive statistics or “data facts”. Level 3 is complex
trends and unforeseen patterns that can be obtained by fully lever-
aging the high bandwidth of human visual perception. Level 4 is
contextual and domain-specific information, the high-level “mes-
sage” that the visualization conveys. Among them, we are interested
in helping BLV people understand the elemental and encoded prop-
erties (level 1). These include the chart type (e.g., bar chart, line
graph, scatter plot), its title and legend, its encoding channels, axis
labels, and the axis scales. Among them, we are most interested in
chart type. This information is independent of the perceiver and
is most relevant to BLV people because it requires sight, whereas
higher levels concern information about the data that is indepen-
dent of the visualization.

Jung et al. also argue that a description of a visualization should
start with its chart type before providing any details [14]. They
report that BLV users often use the chart type as a starting template
and then fill in the specific details such as axes and encoding. How-
ever, the name of the chart type is meaningful to a BLV user only if
they already know that chart type. Therefore, the fact that assistive
technologies until now have mostly focused on supporting basic
chart types, including bar charts, line charts, and pie charts [15],
and that existing K-12 curricula in mainstream and special schools
only teach basic chart types to BLV students [31], puts BLV users
at a disadvantage from accessing different chart types.

2.2 Visualization Typology

As new visualization techniques are being developed and used in
the wild, the task of classifying them is more difficult than ever
before. For example, Sarikaya & Gleicher [29] report that they found
62 different strategies related to scatterplot design.

Several works have attempted to taxonomize visualizations ac-
cording to different standards. One method is to classify visualiza-
tions based on the analytic tasks that they mainly support. Mun-
zner [23] focuses on the task that target users should perform when
designing visualizations. Amar et al. [1] provides the breakdown of
tasks, while Lee et al. [17] takes a similar approach but focuses on
network visualizations. These taxonomies treat visualizations as a
means that facilitates a specific data analysis task. A more graphics-
based view of visualizations also exists. Wilkinson [43] provided
the building blocks of visualization as a set of graphical elements. A
visualization can then be defined as the collection and organization
of these elementary graphical elements. Visualization libraries that
are being used today such as ggplot2 [42] and Tableau [33] adopt
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Element Examples used in our collection
data type nominal, quantitative, temporal
channel position, length, size, central angle, color(hue), color(brightness), width, count, shape
mark bar, line, area, circle, rectangular area, pie slice, donut slice, icon
coordinate system | cartesian, polar, linear, parallel

Table 1: Examples of visualization elements from our specifications of 50 chart types.

this systemic view. With this system, visualizations can be classified
by the low-level graphical elements that make up the whole.

Defining the distance between two visualizations has also been
studied. Veras & Collins use pixel-level comparisons of charts [37].
The chart type is defined as a design specification whose visuals
depend only on the provided data. They then define a similarity
metric between visualizations. It compares two different instances
of the same chart type to evaluate the design of a given chart type.

Visualizations are also classified by their complexity. To classify
visualization based on complexity, Lundgard and Satyanarayan [20]
use three degrees (easy, medium, hard), reflecting how close a visu-
alization type is to the primary instance of the type. For instance, a
simple bar chart is classified as easy, whereas a stacked bar chart is
classified as medium.

Despite the continued efforts to classify visualizations, the nomen-
clatures used for those categories and how people actually under-
stand them are not well understood. This is particularly true for
names people use for chart types, which are highly abstract con-
cepts that contain implications about a visualization’s analytic task,
data type, and visual appearance. As a result, no standards exist
for translating a chart type into text. To address this problem, we
investigate the what and how of explaining a chart type in text.

3 EXPLAINING UNFAMILIAR CHART TYPES

We investigated how to formulate an effective text explanation
for BLV users to communicate chart types they have not seen or
touched before. We focused on generating text description that con-
veys chart types, mainly their visuals (i.e., how it looks) through
encoding information (e.g., how a chart type accommodates dif-
ferent data types) that allows BLV users to use as a “template” to
construct a mental model of the given chart type before filling in
the detailed data [14]. We surveyed theories from the field of educa-
tion on what makes an explanation effective when communicating
unfamiliar concepts. Based on the theories, we identified several
strategies to communicate unfamiliar chart types to BLV users.
Then we devised a prototype system to generate the explanation
automatically. We conducted an exploratory study to observe how
BLV participants interpreted chart types from the explanations.

3.1 Factors that May Affect Understanding
Chart Type Explanation

3.1.1 Dimensions of Explaining Strategies. We surveyed seminal
works in education to define the space of explanation strategies.
In the process, one of the co-first authors, who has an advanced
degree in education, reviewed the theories of some of the most cited
authors in the field. We then studied how each of these theories can
be applied to 1) the domain of data visualization, 2) the setting where

a learner reads a text explanation with no human instructor, and
3) the BLV users as learners. Based on these criteria, we identified
three orthogonal dimensions of explanation strategies.

D1. Comparing with Prior Knowledge vs. No Comparison
Learners can better learn new concepts by exploiting their prior
knowledge. This approach is grounded on Ausubel’s concept of
the comparative organizer, which states learners can organize the
new information by assessing the similarity and differences with
existing knowledge to promote better learning [3]. This concept
is also based on Piaget’s theory of schema, a structure through
which individuals interpret the world. When a schema encoun-
ters new information, it tries to reach equilibration between itself
and the new information by the process called assimilation and
accommodation [25]. Pointing out the relationship between a new
piece of information and the information already in the schema
can facilitate this process.

In the context of our work, we assume that BLV users possess
a schema of basic chart types. When BLV users learn a new chart
type, they must understand how it fits into the concept of a chart
type (assimilation) as well as how it is different from other chart
types that they already know (accommodation). This process can
be expedited by providing an explanation that compares the new
chart type with a more familiar chart type.

D2. Declarative vs. Procedural Knowledge A piece of knowl-
edge can be classified as either declarative or procedural. Declara-
tive knowledge is factual knowledge expressed with language, and
procedural knowledge is behavioral knowledge that can be acted
out unconsciously [6, 28, 32]. In education, traditional teaching
methods like lectures are considered to teach mostly declarative
knowledge. On the other hand, active learning, a student-centered
way to attain knowledge through engagement, is effective for teach-
ing procedural knowledge, especially problem-solving skills [22].

In the context of our work, a declarative explanation communi-
cates the visuals of a chart type by simply conveying how it looks
like. Then it explains what data each visual element represents.
Most alternative texts and captions generated by captioning tech-
nologies [44] used in practice follow this strategy. On the other
hand, a procedural explanation achieves the same goal by teaching
how to create the chart from given data. For procedural explanation,
we also implement principles of active learning to provide learners
with opportunities to practice the procedures they are learning,
which has been shown to enhance visualization learning [39]. For
example, we prompt the learner to draw the chart in the air with
their fingers.

D3. Abstract vs. Concrete This dimension concerns the level of
abstraction of the learning material. For example, one approach to
learning math is to gain knowledge of the rules first before working
out the specific problems. Another is to look at the solutions to
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Table_heatmap = {
‘name’: 'table heatmap',
‘encoding': [

Gyeongri Kim, Jiho Kim, and Yea-Seul Kim

Multi-line_chart = {
‘name': 'multi-line chart’,
‘encoding': [

. distance +1
distance +0 (ch 1)
'data': 'nominal’, channe 'data': 'quantitative',
‘channel': 'position' ‘channel’: 'position'
1s
{
‘data’: 'quantitative', ‘data’: 'nominal’,
‘channel’: 'position’ ‘channel’: 'color_hue"’
s 3
{ {
‘data’: 'quantitative', ‘data’: 'temporal’,
‘channel': 'color_brightness’ distance +2 (data & channel) ‘channel’: ‘'position’
} }
1, 1,
‘mark': ‘bar', | "mar‘k': ‘line’,
‘coordinate_system': 'cartesian’ [ "coor‘dinate_system' : 'cartesian’
} distance +1 (mark) }

Total distance = 4

Figure 2: A demonstration of calculating the distance between table heatmap and multi-line chart. On the left is the specification
of a table heatmap, and on the right is the specification of a multi-line chart. Both chart types have three encodings. First, we
perform minimum weight bipartite matching from encodings of table heatmap to encodings of multi-line chart. The bold lines
indicate the resulting edges. The mismatches between elements that are contributing to the distance are colored in red. The
second encoding of table heatmap is matched to the first encoding of multi-line chart. They are identical, so no distance is
added. However, the first encoding of table heatmap is matched to the second encoding of multi-line chart, and their channel is
different. Distance 1 is thus added. Similarly, the third encoding of table heatmap is matched to the third encoding of multi-line
chart. Distance of 2 is added because both data and channel are different. Lastly, mark and coordinate systemare compared,
and distance 1 is added for each mismatch. This results in a total distance of 4.

the problems before learning the high-level rule that governs them.
Both types of learning are advocated by the literature. Abstract
knowledge can help learn more specific concepts [3]. Once an
abstract concept has been established in the learner, more specific
knowledge that falls under that concept will activate the learner’s
cognitive structure and will be better incorporated. On the contrary,
sufficient evidence also points to the effectiveness of example-based
learning. Observing worked examples can help the learning of
cognitive skills [2].

In the context of our work, an abstract explanation describes the
chart type without mentioning any one instance of that chart type.
A concrete explanation, on the other hand, explains the chart type
by referring to a real-world instance of that chart type. For example,
an abstract explanation of a bar chart says, “a bar’s length repre-
sents a number,” while a concrete explanation says, “a bar’s length
represents the price of fruit.” For all of the concrete explanations,
we chose to use an example about fruits (e.g., price, color, or type of
fruit) to ensure that the example is familiar to all the participants.

Defining Terminology In this paper, we use dimension to
refer to the three dimensions defined above. Each dimension has two
conditions, and each condition corresponds to one explanation
strategy. We use condition and strategy interchangeably. We
italicize references to explanation strategies.

3.1.2  Individual User Traits. Individual traits impact visualization
literacy for sighted people [19, 47]. We investigate how these factors
can affect BLV users in understanding chart type explanations and
if they should be considered in creating these explanations. We
focus on the locus of control and spatial ability, which are known to
influence visualization comprehension [11, 36]. To measure them,

we used the questionnaires from prior works [26, 35]. The validity
of these self-measured matrices is demonstrated through many
research (e.g., [7, 8, 35]).

The questionnaire for spatial ability measures three factors, in-
cluding object-manipulation spatial ability (OMSA), spatial nav-
igational ability (SNA), and visual memory (VM). VM measures
the ability to recognize and recall other people’s appearance. Since
they did not apply to BLV people, we removed the questions. For
other questions, we modified and removed some of the items based
on their applicability to BLV people. For example, Q8 “I can easily
identify a three-dimensional shape drawn on paper” is changed to "I
can easily identify a three-dimensional shape drawn on paper if it is
accessible." We removed Q9 “If T see photographs of a building taken
from different perspectives, I can visualize this three-dimensional
structure in my mind.” The questionnaire for measuring locus of
control is used without any changes. For all the questions, we used
a 1to 5 Likert scale to allow participants to give a neutral answer to
induce a higher accuracy and reliability of the collected data [27].

We also conjecture that participants’ age, gender, and whether
they have functional vision may influence their understanding of
chart type and incorporate it into our analysis.

3.2 Stimuli: Explanation Generating System

We first defined what a chart type is to identify what information
needs to be communicated in explaining it. Among prior work (Sec-
tion 2.2), we adopt the systematic view of visualizations and define
a chart type by its specification that contains its mark, data type,
channel, encoding, and coordinate system [23, 43]. Table 1 shows
some examples of what each element could be. Additionally, an
encoding is defined as a pair of one data type and one channel. We
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Figure 3: Pseudocodes for generating explanation using different strategies. Among the 2 X 2 X 2 = 8 possible explanations,
we show 4 of them here. The top-left pseudocode uses no comparison, declarative, and abstract strategy. The other three
pseudocodes show how the explanation changes as one of the strategies changes.

chose this view of visualizations as it is widely used in many visu-
alization creation tools such as ggplot2 [42] and Tableau (formerly
Polaris) [33]. This approach allows us to create a system that can
automatically generate explanations from existing visualizations
on the web, which aligns with one of the goals of our work.

We curated a set of 50 chart types in the following way. First,
we included basic charts known to be familiar to BLV users [40]
(Fig 6). These include pie charts, bar charts, line charts, and scatter-
plots. These charts can be used in comparison with prior knowledge
explanation strategy and are compared to a more unfamiliar chart
type. Second, we surveyed chart types on the web. We searched
on Google with keywords “visualization types” and “chart types.”
We also examined the example galleries of Vega-Lite, Highcharts,
and D3, resulting in 50 types. Note that we only consider the basic
instance of a chart type. To elaborate, we exclude visualizations that
encode a variable with more than one channel. For example, some
bar charts have bars with different colors because they encode a
nominal variable with both color and position. We do not include
such duplicate encoding in the specification and just consider it a
normal bar chart. Figure 2 shows what the specifications for a table
heatmap and a multi-line chart look like.

In addition, to generate explanations that compare one chart
type to another, we designed an algorithm that can calculate the
degree of similarity between two chart types. The algorithm takes
the specifications of the two charts as its arguments and outputs
a distance between the two. A distance of 0 means that the two
chart types are identical, and a higher distance means they are
increasingly different.

Figure 2 shows an example of how the distance is calculated. The
algorithm first compares the two encodings. We formulate this

task as a minimum weight bipartite matching problem. A node rep-
resents an encoding which is a pair of a data type and a channel.
Two nodes that do not belong to the same chart type can have an
edge between them. The weight of the edge is the Hamming dis-
tance between two nodes: 0 if both the data type and the channel
are the same, 1 if only one of them is the same, and 2 if neither are
the same. A solution to the minimum weight bipartite matching
is then found, and all of its edges’ weights are added, plus 2 for
each node without any edge (e.g., when the number of nodes of
two chart types is different). Finally, 1 is added to the distance for
each mismatch in mark and coordinate system.

Then, we organize a total of 2x2x2=8 different methods of expla-
nations from the 3 dimensions of explanation strategies. We create
a template for each strategy so that the corresponding explanation
can be automatically generated from a chart type specification.
Exclusively for comparing with prior knowledge explanations, the
system takes an additional chart type specification as input and
based on the bipartite matching described above, outputs an expla-
nation that uses the comparison. Figure 3 shows the pseudocode
used to generate 4 out of 8 possible combinations of strategies. Be-
low are two example explanations of the nightingale chart that our
system generated.

o Nightingale chart: No comparison & Procedural & Abstract
Imagine that you are drawing the chart in the air with your fingers.
Let me explain how to create a nightingale chart. Assume you have
a list of data, each consisting of a category, a number, and time. First,
think of a circle. You will then draw pie slices to visualize data. Now,
a category is mapped to the color of the pie slices. Each category is
mapped to a different color. Next, a number is mapped to the length
of the pie slices. A higher number is mapped to a longer pie slice,
and a smaller number is mapped to a shorter pie slice. Next, time is
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mapped to the clock position of the pie slices. A later time is mapped
to the clockwise direction of its previous time. If you are done, you
have finished drawing a nightingale chart.

Nightingale chart: Comparing with prior knowledge & Declarative
& Concrete

A nightingale chart is similar to a pie chart, with minor differences.
A pie chart has a circular shape, which is the same as a nightingale
chart. A pie chart shows data with pie slices. Similarly, a nightingale
chart has pie slices. Consider a nightingale chart and a pie chart that
shows information about fruits in a grocery store. In a pie chart, the
color of the pie slice represents the type of fruit. This is the same for a
nightingale chart. Each color represents a different type of fruit. Then,
in a pie chart, the central angle of the pie slice represents the price
of the fruit. However, in a nightingale chart, the length of the pie
slice represents the number of fruits sold. A longer pie slice represents
more fruits sold than a shorter pie slice. Furthermore, a nightingale
chart has an additional property. The clock position of the pie slice
represents the year. A pie slice in the clockwise direction of another
represents the next year.

3.3 Study Method: Interview

We used mailing lists we received from organizations for BLV peo-
ple (e.g., the National Federation of the Blind). The recruitment
criteria were participants with 1) age over 18, 2) legal blind status,
3) daily screen reader use, and 4) living in the United States. A
total of 24 BLV people consented to participate and provided demo-
graphic information. 13 were female, 10 were male, and one person
preferred not to state their gender. The participants’ average age
was 38 (SD=10). 14 had no functional vision, and 10 had a functional
vision. 14 were blind from birth, and 10 became blind after birth.
We also collected information on their assistive technology use and
experience with data and visualizations. The full information is in
the supplementary material. We compensated a $25 gift card per
hour for their participation.

We scheduled an online Zoom interview with each participant.
During the interview, participants interacted with the study inter-
face we created. The interviews were recorded and were used by
the research team members approved by the IRB. The study took 61
minutes on average (SD=19.4). The first few sessions were treated
as pilot studies where we reflected on their input to iteratively
polish the design of the experiment and the interface.

We chose 12 chart types that we thought most participants would
be unfamiliar with (Table 2). We defined complexity as the number
of variables that can be mapped to a chart type through different
channels. We chose 6 from low-complexity chart types (at most
2 variables) and the other 6 from high-complexity chart types (at
least 3 variables) and set them as the stimuli pool. At the start of
the interview, we ask several questions through the interface to
check their prior knowledge of chart types. To be specific, we ask
them whether they can explain what a chart type looks like for all
the chart types in the stimuli pool. If their answer is yes, that chart
type is removed from the stimuli pool. We select four chart types
from the ones that the participant does not know and use them as
stimuli. For each stimulus, we assign explanation strategies such
that each participant sees exactly 2 of each strategy for all three
dimensions (Figure 4).
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Complexity ‘ Chart type ‘ Prior knowledge ‘ Distance
4 Colored bubble chart Multi-line chart 4
3 Nightingale chart Pie chart 3
3 Marimekko chart Bar chart 4
3 Stacked bar chart Bar chart 2
3 Table heatmap Multi-line chart 4
2 Radar chart Line chart 3
2 Radial bar chart Bar chart 2
2 Treemap Bar chart 2
2 Histogram Bar chart 1
2 Donut chart Pie chart 1
1 Violin plot Area chart, Line chart 2,3
1 Bee swarm chart Scatterplot, Line chart 3,4

Table 2: Chart types used in the interview.

This means that two of the stimuli are explained by comparing
with prior knowledge strategy. To select the chart type to use as prior
knowledge for comparison to the stimulus, we create a list of chart
types by sorting by their distance to the stimulus in ascending order
and filtering for those with lower complexities. The violin plot and
bee swarm chart are exceptions because they have a complexity of
1, the lowest possible complexity. They are compared to chart types
that have higher complexity than them. We then check whether the
participant knows the chosen chart type by asking them if they can
explain how it looks. If the participant knows the chart type, we use
it to generate the explanation. Otherwise, we choose the next chart
type in the list and repeat the process of asking the participant.
For instance, to explain a violin plot with comparison, we compare
it to an area chart which is the closest chart type to a violin plot.
However, if the participant says they do not know what an area
chart is, then a line chart is used, which is the next closest chart
type. This is repeated until we find a chart type that the participant
knows. However, if the distance between the chart type and the
stimulus exceeds 4, the stimulus changes to another chart type, and
the process is repeated. After the 4 stimuli and 2 chart types to be
used for comparison are all determined, the interface automatically
generates one explanation for each stimulus, using the templates
that we defined earlier.

The participants then perform 4 tasks. In each task, participants
are asked to listen to an explanation of a certain chart type. They
could listen to the explanation with a screen reader at most three
times. Then, they are asked to draw the general appearance of
the chart type. They were not allowed to read the explanation
again once they started drawing. We recommended they draw
with a thick pen on a piece of paper but encouraged them to use
whatever tools they are comfortable with. We took a screenshot
of their drawings while they showed them via webcam. Then, the
participants performed a question answering (QA) task where they
answered 3 questions that assessed their comprehension of the
chart type. These questions are adapted from VLAT [18], a popular
visualization literacy test. The QA task first describes which specific
data is shown in the chart. Each question asks the participant to
perform an analysis task. For example, here is the prompt for the
QA task of radar charts:

Assume you are looking at a radar chart that shows a student’s
test scores by subject.

(1) Describe how you would learn from the chart her scores on
biology.
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Score Rubric for Drawing Task Rubric for Question Answering Task
0 The participant could not draw anything, The participant did not answer,
or the drawing had no correct visual element. or the answer did not identify any concepts.
. The drawing had one correct visual element The answer identified one concept correctly
(e.g., axes, mark, channel). (e.g., channel, mark, data).
2 The drawing had two correct visual elements. The answer identified at least two concepts correctly but no
channel-data pair was correctly identified.
3 The drawing had more than two correct visual elements. The answer identified a correct channel-data pair but had miss-

ing concepts.

4 The drawing had all the visual elements but had a slight error.

The answer identified all concepts correctly but described a
wrong task.

5 The drawing had all the visual elements and resembled the

actual chart.

The answer identified all concepts correctly and the visual ex-
planation made sense.

Table 3: The rubric used to quantitatively assess the artifacts generated by the participants during the experiment.

(2) Describe how you would learn from the chart the subject where
she got the highest score.

(3) Describe how you would learn from the chart whether she is
well-rounded or is specialized in one subject.

Participants answered how to perform the given task from the
visualization. We chose this format because we wanted to measure
the participants’ comprehension of not only the chart’s appearance
but also its relationship to the underlying data. The scope of the
task goes beyond just retrieving a single value and encompasses
more complex tasks, such as summarizing data distribution and
finding a correlation between two variables.

Before reading the generated explanations, participants went
through a practice task. The practice task asks them to read a very
simple explanation of a bar chart and draw and solve questions like
in a real task. The practice task shows them example answers to
set the right expectations about the tasks and gives them a chance
to get used to the interface.

We conducted a short interview with the participants after the
experiment. We wanted to see how the participants perceived the
effectiveness of each strategy. We also collected their opinions on

condition

the drawing and the QA task. Some of the questions that we asked
include: How difficult was the task of drawing charts on paper?
Which explanation did you find the easiest and why? Which expla-
nation did you like? What do you usually do when you encounter a
chart that you cannot understand? What information did you think
was missing in the explanations?

Finally, after the interview, participants filled out a survey that
measured their spatial ability and the locus of control on a self-
report questionnaire, as described in Section 3.1.2.

3.4 Analysis approach & Evaluation

Since our goal is to understand qualitatively the requirements for
creating the most effective chart type explanation, we adopted a
qualitative content analysis method. During the interviews and after
transcription, each researcher took note of any interesting signals
and insights of each researcher’s findings. Each researcher analyzed
what participants said and how they performed the drawing and
QA tasks. Then the researchers reviewed each other’s notes and
extracted common qualitative themes. We then classified these
themes according to each dimension of the explanation strategy.

condition

001|010/011|100

participants

000|001/010|011]100] 101

1st digit (D1) 2nd digit (D2) 3rd digit (D3) —
Used as stimuli
- No comparison Declarative Abstract —
condition: - - Not used as stimuli
With comparison Procedural Concrete

Figure 4: Conditions assigned to each participant. A participant was given two of each strategy for each dimension.



CHI 23, April 23-28, 2023, Hamburg, Germany

In addition to the qualitative analysis, we sought to have some
quantitative measures that can signal participants’ performance.
Since there is no prior work on performance measurements for
BLV users, we attempted to devise them in the context of our study.
To measure how they constructed the images of visualizations in
their head, we evaluated the participants’ drawings and answers
on a 0 to 5-point scale using the rubric we created (Table 3, left).
For a full score, a drawing must contain accurate representations
of the axes and marks, and the marks should show variance along
their channels. For example, a bar chart must show horizontal and
vertical axes and bars that have different lengths. Often, the draw-
ings satisfied all of these criteria but were visually different from
the chart type that was explained to them. In such cases, we de-
ducted one point from the full score and analyzed the explanations
to investigate what was missing and how to augment them.

The responses to the QA task were similarly evaluated ona 0 to 5-
point scale. We first collaboratively created answers to the questions.
From those answers, we identified key concepts, including mark,
channel, and data type, that are necessary to answer the question.
For a full score, an answer must address all the concepts correctly
and carry the given tasks out accurately using the concepts (Table 3,
right). We deducted a point when participants were able to identify
the correct concepts but could not connect them to carry out the
given analytical tasks. When participants did not use the specific
terms used in the explanations, if their explanations demonstrated
comprehension of a concept, we counted it as correctly addressed.
The three questions in a single QA task were added up so that the
scores ranged from 0 to 15.

We also consider individual traits as potential factors that influ-
ence their comprehension of the explanations. The locus of control
and spatial ability was calculated as a number between 1 and 5,
from the participants’ responses to the self-diagnosis questionnaires
after the interview. Age, gender, and whether or not participants
had functional vision were collected from the demographic survey
before the interview.

We used R’s Ime4 package to perform linear mixed effects anal-
ysis of how explanation strategy and individual traits influenced
the task scores. Each strategy dimension, stimuli, and demographic
factor were set as fixed effects, and participant id was set as a ran-
dom effect. We also looked at the interaction between stimuli and
condition to see if the effectiveness of each explanation strategy
was different by chart type. We used normal approximation to cal-
culate p-values of fixed effects, with t-scores produced by Ime4. We
then analyzed the post-task interview to learn about the perceived
effectiveness of each strategy and the participants’ needs. Lastly, we
analyzed if each participant performed better on strategies that they
thought to be effective. We backed our findings with qualitative
evidence.

4 RESULTS

4.1 Findings on strategies

We present our findings on the perceived effectiveness and the ef-
fectiveness of the explanations by each strategy dimension. We first
report our observations from the interviews and present statistics
derived from our evaluation of the participants’ drawings and their
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answers to the QA task. The performances of a participant on these
two tasks were weakly correlated (R?=0.26).

Each interview took an hour on average. We were not able to

collect drawings from 2 participants (P13 & P19) since P13 did
not prepare any drawing tools and P19 went through a technical
issue with the camera. We excluded the two participants from the
analysis of drawing tasks.
4.1.1  D1. Comparing with Prior Knowledge vs. No Comparison. Con-
trary to our expectations and the theories, most participants found
explanations with no comparisons to be more effective than expla-
nations with comparison. P13 shared that “it might seem easy but
comparing two charts makes me more confused.” P23 echoed, “it
could make it a little hard to decipher” Some implied that simultane-
ously comparing two charts imposed cognitive load. P7 mentioned
“I find it confusing because I have to think about two things at once,
I think about the original and the new modified work” P14 also
shared “I liked it when it was only one chart because otherwise, it
got too many things in the mix. It just got too overwhelming for
me.” Participants felt that explaining the differences and similarities
altogether was superfluous. P20 shared “The focus is on what a
radar chart is. But I feel like that’s being overshadowed by what a
radar chart is not”

Sometimes, the familiar chart type that is used for comparison
had a strong priming effect and gave participants a wrong impres-
sion about the unfamiliar chart. For instance, when a nightingale
chart was compared to a pie chart, the participants assumed that
how color is represented in both charts is the same. This is because
both chart types use color to represent a category. Therefore, in-
stead of realizing that different colors can exist in a single pie slice,
many assumed that each pie slice in a nightingale chart would have
one color as in a pie chart. Participants’ answers to QA tasks (e.g.,
P18 “I'would find the longest slice and find out what category its
color corresponded to”, P14 “The slices that were the same color
the most often..”) signal this misconception. Similar phenomena
were observed when explaining a bee swarm chart. When it was
compared to a scatterplot, many participants drew both a horizontal
and a vertical axis like a scatterplot, rather than just one (Figure 5).

Another reason for comparison with prior knowledge being not
much effective is that the participants can possess inaccurate prior
knowledge. We asked each participant if they knew a chart type at
the start of the experiment. Specifically, we asked whether they have
seen, touched, or learned how it looks. Even though we strongly
encouraged them to answer “no” if they were unsure, some par-
ticipants who answered “yes” showed a lack of understanding of
the chart type in the following tasks. Also, some participants mis-
understood the names of the chart types, as there are no fixed
nomenclatures for them. P24 said “I remember, like Venn diagrams,
line graphs, box, and whisker plots...maybe it was called a different
name. Maybe like radial (bar chart) is supposed to be pie chart, so
sometimes maybe it’s introduced under a different name.”

Nonetheless, some participants perceived the comparison to be
more effective. P23 shared, “in some ways, it was helpful because
for the ones I didn’t recognize it gave me like a basis to go off of."
P18 said, "Comparison is better as I can use background knowledge."
P20, though skeptical about detailed comparison, said, “the first
comparison, I think, is necessary because it relates to the infor-
mation you already may have." This aligns with P1’s opinion that
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Figure 5: Bee swarm charts drawn by P6 (left) and P8 (middle) illustrate misconception due to the priming of scatterplot. P2’s

drawing (right) does not exhibit the sign of misconception.

“explaining all the similarities first and then differences later might
be easier to understand.

The effectiveness of comparisons depended on the complexity
of the chart type being explained. The more complex the chart
type, the less helpful the comparison was as perceived by partic-
ipants. This could be because high-complexity charts tend to get
compared with other high-complexity charts, making keeping track
of all the elements difficult. For example, a colored bubble chart
is of complexity 4, the highest in the stimuli pool. It is compared
to a multi-line chart, which is of complexity 3, meaning that the
participants had to work with a total of 7 data types and chan-
nels. Therefore, explanations with comparison (M=6.27, SD=2.73)
resulted in significantly lower QA scores than without (M=13.95,
SD=2.18, t=2.2, p<.05). On the other hand, a violin chart (complexity
1) is compared to an area chart or a line chart (complexity 2). This
produces a much shorter explanation that is easier to process by the
participants. Thus, comparisons were more effective in terms of the
QA tasks (M=6.67, SD=1.94) than without (M=2.06, SD=2.67). This
interaction between D1 (with comparison vs. no comparison) and
complexity is also evidenced by our quantitative analysis (t=-2.0,
p<.05). Treemap is another example where drawing scores were
higher with comparison (M=3.03, SD=0.75) than without (M=0.90,
SD=0.53, t=-2.3, p<.05). Treemap was compared to a bar chart, both
of complexity 2, which is relatively low.

The comparison was also more effective when the two chart
types being compared were more similar than different. For exam-
ple, many participants thought the comparison with a pie chart
helped explain a donut chart (P19 “Donut (chart) was the easiest be-
cause I know the pie (chart).”), but not for explaining a marimekko
chart with a bar chart (P20). This is because the distance between a
donut chart and a pie chart is 1, whereas the distance between a
marimekko chart and a bar chart is 4.

4.1.2  D2. Declarative vs. Procedural. For this dimension, many par-
ticipants said they do not prefer one over the other. When prompted,
P7 mentioned, “I think I don’t care” In some cases, participants did
not recognize or recall the difference between the two strategies at
all. Only a few participants had a clear preference for one over the
other. Some favored declarative explanations because they helped
visualize the chart better. P15 shared, “procedural explanations have
too many words and give me cognitive problems”. P10 echoed “I
prefer the one with (declarative because) I can visualize it better.
Those who favored procedural explanations emphasized the se-
quential nature of the instructions that they could follow step-by-
step. Prompting active learning also helped the perceived effective-
ness of procedural explanations. P22 said “Imagine you’re drawing
a circle in the air with your finger. That made it a lot easier” P10

physically drew on the air while listening to the explanation. P14,
along the same line, shared, “when it could tell me how to draw it,
I found that I was trying to draw it” P8 suggested a combination
of both strategies by saying, “I want it to explain how it looks like
first and then explain how to draw it step by step”.

While no significant difference was observed in the number of
participants who preferred one option over the other, declarative
explanations (M=8.98, SD=1.06) yielded significantly higher QA
scores (t=-2.3, p<.05) than did procedural explanations (M=7.19,
SD=1.05) across all chart types. In drawing tasks, we did not observe
any differences between the two strategies (t=-1.1, p=.27).

While there was a signal that declarative explanations can be

more effective, procedural explanations were more effective than
declarative explanations on some chart types. Participants per-
formed reliably better on the drawing task of a violin plot with
procedural explanations (M=2.55, SD=0.50) than with declarative
explanations (M=0.16, SD=0.71, t=-2.8, p<.01). This may be due to
its lowest complexity in the stimuli pool, meaning the rules for
drawing it is relatively simple. Thus, the procedural explanation for
violin plots did not put too much cognitive load on the participants
while providing the benefits of step-by-step instructions.
4.1.3 D3. Abstract vs. Concrete. The majority of participants an-
swered that they prefer concrete explanations. For P10, “examples
give a better understanding of the values” P10 even demanded more
concreteness by saying “I want more specific examples, like what
each bar actually represents”. P18 shared that explanations with
examples were easier to understand, saying “marimekko chart was
the easiest because it was quite specific” The example of fruits also
helped participants visualize the chart type. In his drawing of a
bee swarm chart, P6 labeled the axes “fruit” and “price”, and said “I
like examples because it is like the real world”. Similarly, P23 liked
concrete explanations “because they gave me something concrete
to picture and to categorize”

On the contrary, some participants thought abstract explanations
were more effective. For example, P12 said “(abstract) description
seem pretty straightforward.” P14 said, “if the example was more
complex, it almost made the whole experience a little more over-
whelming for me” When listening to a concrete explanation of
histogram, P7 expressed his wish to get rid of the examples and
think more abstractly, saying “Isolating from examples can be better
(because) length and position is confusing.” P16 was ambivalent
and said “Examples did not matter too much.”

4.2 The Effect of Individual User Traits

Both the locus of control and spatial ability had a significant influ-
ence on the participants’ task performance, especially on the QA
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task. Participants with a more external locus of control (t=2.3, p<.01)
and those with a higher spatial ability (t=2.2, p<.01) had higher QA
scores on average. This was consistent with prior findings with
sighted users [47] and shows that similar conclusions can be made
on the visualization skills of BLV people. However, the locus of
control (t=1.3, p=.20) and the spatial ability (t=0.8, p=.44) did not
reliably impact their performance on the drawing task.

We found that comparison with prior knowledge was more ef-
fective in QA tasks for participants with high spatial ability than
for those with the low spatial ability (t=2.5, p<.05). This may indi-
cate that spatial ability is closely related to the BLV user’s ability
to compare and contrast two chart types in their minds. In con-
trast, explanations with no comparisons did not show a difference
between participants with high and low spatial ability.

Participants who had a functional vision (M=3.26, SD=0.34) scored
better on the drawing task than participants without functional
vision (M=2.75, SD=0.32, t=2.1, p<.05). Age (r?<.1) and gender (t=1.6,
p>.1) did not correlate with performance on both tasks.

4.3 Other Insights

We also report additional findings that can help us better design an
explanation system for unfamiliar charts.

Discrepancy between Effectiveness and Perceived Effec-
tiveness In most cases, participants performed better on the draw-
ing and QA tasks with explanation strategies that they perceived
to be more effective. However, this was not always the case. Partic-
ipants sometimes performed much better on explanation strategies
that they did not perceive to be effective. P4 said that comparing
with prior knowledge and no comparison were similarly effective, but
struggled more on QA tasks with explanations with comparisons.
P2 favored procedural explanations over declarative, saying that
“really specific step-by-step explanation, like first draw this then
draw that, was super helpful,” but performed noticeably worse on
QA tasks with procedural explanations. P23 pointed out that “ex-
planations with examples were better because they were concrete”
but showed better performance with abstract explanations.

Thinking Color as Texture Participants were more comfort-
able thinking of texture in place of color in the explanations. Our
stimuli pool contained many chart types (e.g., marimekko chart,
stacked bar chart, nightingale chart, etc.) that use color as one of
their channels. Early in the study, P3 showed difficulty grasping
how color could be used to represent data and also how to express
color in their drawings. P3 suggested that “(color) could be replaced
with different texture,” which we adopted since the texture is a
modality that BLV users are more familiar with than color. With
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explicit instruction to think of color as texture, participants more
comfortably expressed color with different shapes (e.g., P17 “I tried
to make like a different shape,” P12 “I tried to add a different...dots
or lines,” Figure 6), or verbally explained how different textures
would fit in their drawings.

Difficult Terms Around Circular Chart Types Some termi-
nologies related to circular (i.e., polar) coordinate systems were
not intuitively understood by the participants. Radial bar charts,
radar charts, and nightingale charts all suffered from this problem.
Our explanations adopted more colloquial terms like “circular”,
“clockwise”, “width”, “pie slice”, and “donut slice” instead of more
technical terms like “polar”, “radial”, “angular”, “circular sector”,
and “annulus sector”, respectively. However, the colloquial terms
that we chose were insufficient. Many participants pointed out the
difficulty of understanding how these terminologies translate into
a visual figure. P9 expressed confusion by saying “I wonder what
they mean by the position of the pie slice” P14 shared, “(What) does
that mean when you make a bigger central angle? I wasn’t quite
sure what that meant”

Difficulty with Stacking Marks Many participants failed to
visualize the stacking of marks. Stacking is visually connecting
more than one mark along an axis. A stacked bar chart, for example,
uses stacking to connect bars of different colors. Participants could
not visualize the stacked bars for a stacked bar chart (Figure 7),
though the explanation explicitly said that the “bars in the same
horizontal position are vertically stacked on top of each other”
They commonly drew a grouped bar chart, where bars are stacked
horizontally instead of vertically (e.g., P23 “Bars are horizontally
stacked on top of each other”). P20 interpreted the stacking as
overlapping the bars and drew a bar inside another. Many other
participants drew it just like a bar chart, but with different colors
assigned to each bar (e.g., P4, P12).

5 DISCUSSION

In this study, we observed how various types of strategies impact
participants’ understanding of visualizations that are not familiar to
them. The perceived effectiveness of each explanation strategy var-
ied by individuals. The participants’ level of comprehension mostly
aligned with the perceived effectiveness of the given explanation
strategy, but in some cases, they were at odds with one another. The
declarative explanation strategy (D2) was more effective overall
than the procedural explanation strategy when measured with QA
tasks. For the accuracy of the drawing, there was no significant

Figure 6: Examples of expressing color as texture. Stacked bar chart by P12 (left) and donut chart by P17 (right).
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effect of each explanation strategy. Individual factors, including spa-
tial ability, locus of control, and having a functional vision, affected
the participants’ overall performance.

5.1 Design Considerations for Future Systems

The result points to the feasibility of creating an automated system
that can generate chart type explanations from a specification that
describes its mark, channel, and data. Based on the findings, we
list the implications for making more effective explanations and
identify design considerations for future systems.

Spectrum Between the Abstract and the Concrete Some
participants wanted an even more concrete explanation than what
we provided. Their demands suggest that Dimension 3 (Abstract
vs. Concrete) is not binary, but instead has multiple levels between
the two extremes. The system must be able to generate different
explanations for each level to satisfy the users’ needs. For example,
an explanation of a bar chart that is more concrete than the ones
used in our study would provide more information, such as how
many bars there are, which fruit each bar represents, and the exact
length of each bar, one by one.

Personalized Approach on Providing Explanation The per-
ceived effectiveness of each strategy differed by each participant.
This implies that participants’ preferences differ from person to
person. Therefore, it makes sense to allow BLV users to select the
strategy that they want to see in the explanations, if possible. Users
would be able to set their preferred strategy as the system’s default
explanation strategy and also switch between different explanation
strategies when they want to.

On the other hand, it could be better for some choices to be
controlled by the system. For example, D2 (declarative vs. proce-
dural) was the least appreciated dimension, with some participants
not even noticing the difference between the two strategies. Sur-
prisingly though, it was the most significant predictor of the par-
ticipant’s performance on the tasks. Furthermore, the fact that a
participant preferred one explanation strategy over another did
not necessarily mean that they performed better on those tasks.
This discrepancy between preference and performance suggests
that it is ineffective to grant users too much freedom in selecting
what explanation strategy to use. An alternative approach would
be providing a list of recommended strategies to use while still
considering the user’s preferences.

Finding Clear Terminology The lexicon for generating expla-
nations must not be too limited. Some chart types, to accurately
describe their peculiar geometry, require technical terms in their
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explanation. The user might not understand them, so alternative
vocabularies to express abstract concepts in layman’s terms are
necessary. This results in a trade-off between the accuracy of the
explanation and its difficulty. In such situations, deciding which
terminology best supports comprehension would rely upon the user.
BLV users with mathematical backgrounds may prefer technical
terms such as “polar coordinates”, while others may prefer simpler
terms such as “circle”, which are easier to grasp but less precise.
Understanding the nature of such a trade-off is required to generate
an effective explanation.

Chart Type Learning Order For leveraging prior knowledge
to be effective, the user must know a chart type that is very similar
to the given unfamiliar chart type. Based on this observation, it is
possible to create a sequence of chart types that start from one of
the user’s prior knowledge to the target unfamiliar visualization,
where adjacent chart types have high similarity. This sequence can
act as a curriculum for the user to learn sequentially. For example,
explaining a violin plot could be preceded by explaining a histogram.
How histogram looks could be explained by comparing it to a bar
chart, which is one of the most basic chart types. Then, a violin
plot could be explained by comparing it to a histogram since they
have many similarities. Sequential learning like in this case, can be
more effective than suddenly trying to learn something that is very
dissimilar to one’s prior knowledge.

Preventing and Resolving Misconception Since there is no
trivial way for BLV users to verify whether their mental model
of the visualization is correct or not, it can be very hard to re-
solve misconceptions. Participants of our study showed various
misconceptions about the chart types that were explained to them.
Therefore, explanations must focus on preventing these miscon-
ceptions. For instance, when a user recalls a chart type that they
already know, it can prime the user favorably as much as it can
unfavorably. Thus, the explanation must focus on toning down
this priming effect by emphasizing the differences between the two
chart types more than the similarities. Documenting commonly
misunderstood concepts (e.g., stacking) and explaining them in
more detail when necessary could also help.

5.1.1 Envisioning an application. We can envision a real-world
application based on the design considerations we listed above. This
application can be an Internet browser (e.g., Chrome) extension
that detects digital visualization on the current web page. The
application can then extract its specification to know what chart
type it is. If it is not a basic chart type that many users are familiar
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Figure 7: Stacked bar charts drawn by P23 (left) and P20 (right). P23 stacked the bars in parallel, just like a grouped bar chart,
instead of serially stacking bars. P20 overlayed a bar in front of another. Both drawings show misconceptions about stacking,.
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with, it can generate an explanation for the chart type using our
templates to automatically insert the explanation in the alternative
text of the visualization. The user will be able to select the desirable
strategy from multiple options according to their preference. The
application can also collect preference data from multiple users to
learn which strategies are preferred the most for a particular chart
type and can recommend the corresponding strategy.

Our findings can also inform the future design of chart question
answering (QA) systems, which allow users to pose natural lan-
guage queries. Questions like “What is a treemap?”, which is highly
likely to be asked if the alt text mentions a chart being a treemap,
can be answered using an approach similar to ours. More complex
questions like “How do treemap and bar chart differ?” and “Tell me
how to draw it” can also be answered by our system. Our findings
on which terminology to use in the explanation can also help QA
systems formulate their answers.

5.2 Evaluating Visualization Perception of BLV
Users

Before designing the study, we brainstormed many ideas on how to
capture BLV participants’ visual understanding of visualizations. In-
spired by prior work that demonstrated BLV individuals actively vi-
sualize the visualizations while listening to the alternative text [14],
we devised a way to prompt participants to draw the visualizations
they constructed mentally. For example, in our study, we asked par-
ticipants to prepare sheets of letter-sized paper and a thick sharpie
and to use the full paper using the corner of the paper as a refer-
ence for their drawing. By prompting participants to draw, not only
can we measure how they construct the image, but also we can
get interesting insights into their misconceptions that are revealed
through the drawings. However, there is no evaluative metric for
assessing one’s understanding of chart type from their drawings,
which is an exciting topic for future work.

We believe that this method has some potential. Many partici-
pants shared that they enjoyed the chart drawing part of the inter-
view. P2 said “This was kind of fun.” and P20 “I didn’t struggle with
the drawing piece as much as I thought I would.” P17 optimistically
said “it was a little bit challenging, but I think that I felt (I was) able
to do it” Besides enjoyment, the activity of drawing was not easy,
especially for those without functional vision. Mentally keeping
track of their drawings was challenging. Participants struggled with
drawing circles in particular. When drawing a colored bubble chart,
P7 showed concern by saying “(drawing circles) is probably gonna
be terrible” P23 said “I definitely felt like the lines or bars weren’t
always meeting the axes, or it wasn’t always like a perfect shape.”

Some participants desired to have assistive drawing tools, such as
tactile boards, to complete this task. Further research can leverage
assistive technology to design a better measure.

6 LIMITATION & FUTURE WORKS

We found several areas of improvement in the explanations. For
example, some participants wanted to know when and why a chart
type is commonly used. For example, a scatterplot is mainly used
to find the correlation between two variables, and a violin plot to
understand the distribution of data. This information can hint at the
chart’s visual appearance, as suggested by the positive correlation
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between QA score and drawing score. Future researchers could
explore ways to automatically extract the information on usage
from visualizations.

Many more chart types exist than the 50 that we curated. For
example, our study did not concern chart types that show network
data with nodes and edges, nor the three-dimensional (3D) chart
types. While they are not as common, it would be essential to
investigate those complex types. As mentioned in the results, our
method of measuring prior knowledge of the user was sometimes
unreliable. A more precise technique to prompt and codify prior
knowledge should be studied.

The complexity measure we defined did not always reflect the
actual difficulty experienced by the participants. For instance, the
colored bubble chart, which was ranked the highest on our com-
plexity scale, was one of the most easily understood chart types. On
the contrary, visualizations with fewer variables, such as histogram
and violin plots, were among the most low-scoring chart types.
We consequently did not explicitly analyze data with this variable.
However, future research can define a complexity metric that better
models the users’ cognitive load.

Our similarity metric between chart types takes a theoretical
approach grounded in existing visualization frameworks rather
than an empirical approach. Because the metric is intended for the
specific purpose of aiding chart type explanation for BLV people,
evaluating the metric via separate tests was difficult. We encourage
the visualization community to explore how such a metric could
be further developed and assessed.

We focus on operationalizing different explanation strategies
suggested by education theories and not on creating fluent natural
language text. Future work should apply recent NLP advancements.

7 CONCLUSION

Our work investigates how text explanations can help BLV users’
understanding of unfamiliar chart types. We identify 3 dimensions
of explanation strategies and create a prototype system that can
automatically generate explanations using one of 8 strategies from
a chart type specification. We interview BLV participants where
they read the generated explanations of unfamiliar chart types,
then draw out the chart, and answer the questions. We analyze
the findings using both qualitative and quantitative methods. We
find that declarative explanation is overall more effective for con-
veying the visuals of a chart type. The perceived effectiveness of
strategies varies by participant, but does not always align with the
actual effectiveness. The spatial ability, locus of control, and having
functional vision also influence the understanding of explanations.
Also, we report valuable qualitative findings on the actual needs
and wants of BLV users that should be addressed to make accessible
explanations. Based on our results, we present considerations for
authoring effective chart type explanations and point to the pos-
sibility of a system that can automatically generate explanations
that effectively convey the visuals of a chart type to BLV users. We
hope our work provide way for future research on the problem
of communicating chart type information to BLV users to make
visualizations more accessible.
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