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Abstract—We present and discuss the results of a qualitative
analysis of visualization images to derive an image-based typology
of visualizations. For each image, we seek to identify its main
focus or the essential stimuli. As a result, we derived 10 image-
based visualization types. We describe coding decisions we made
in the derivation process. The resulting image typology can serve
a number of purposes: enabling researchers and practitioners
to identify visual design styles, facilitating the categorization of
visualization images for the purpose of research and teaching,
enabling researchers to study the evolution of the community
and its research output over time, and facilitating a discussion of
standardization in visualization. In addition, the tool and dataset
enable scholars to closely examine the images and how they are
published and communicated in our community. osf.io/dxjwt
presents a pre-registration and all supplemental materials.

Index Terms—Typology, image-based, visual representation,
evaluation, image types.

1. INTRODUCTION

HILE characterizations of visualization representations

have been proposed in the literature, they focus on
what designers construct rather than what viewers see from
images. We attempt to fill this gap by describing an image-based
typology. Our goal is to provide a framework for categorizing
visualization images with a focus on the visual appearance of
the essential stimuli—the main visual focus of an image.

Why is it important to categorize visualization images?
Categorization is “an abstraction of things and ideas into
groups and most if not all categories have verbal labels” [137,
p. 318]. Categorization allows us to reason about a phenomenon,
discover order, and simplify discussion and experience [63].
Visualization research has taken advantage of these benefits
throughout its history. Existing categorizations enable us to
understand the field, its practices, and progress better and
inspire future work; for example, to study representations for
specific data types [2], [111], research topics and keywords [61],
evaluation goals and practices [62], [76], interaction techniques
[147], or tasks and activities [3], [38]. Finally, in the era of
artificial intelligence, one can also use our categories to index
knowledge and to benchmark human or artificial information
processors, to eventually assist humans [104], [119].

Why a categorization based on visual appearance? We
consider visualization images to be standalone entities, and we
posit that categorizing them enables us to derive new insights.
For example, when developing a new research method for
various applications, testing the method on a representative set
of images is important; for an example see the development of
the BeauVis scale [51]. In addition, a categorization focused
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on visual appearance also allows us to conduct a dedicated
historical analysis. We can observe and compare the evolution
of rendering styles and contextual representations within a
category [73], compare design styles across categories, and
attempt to reason about possible influences such as individual
papers, designers, or rendering hardware. Finally, for writing
overview articles, textbooks, or lecture series, categorizations
based on the main visual focus of attention can highlight the
variety of approaches to specific techniques or identify aspects
that need further investigation.

Why a system of main focus or essential stimuli by visual
similarity? Approaches for categorizing data visualizations
often rely on evaluating them with respect to the amount of
data they represent (e. g., a few or millions) [69], with respect
to the difference in coordinate systems (a part of the visual
implantation by Bertin [11], also see Claessen and Van Wijk’s
work [29]), with respect to what aspect of the represented data
is being visually encoded (e.g., multivariate & multifaceted
[68]), or with respect to continuity [33]. These considerations
belong to the fundamental aspects of a representational system
[99]. Here, we take a different approach that is neither a top-
down categorization (focusing on techniques and/or rendering
methods) nor a categorization based on designer’s basic drawing
elements (grouping “marks and channels” that may not be
able to distinguish image similarity). Instead, we use essential
stimuli as prototype representations, where a representation is
“something static, something we can see and contemplate from
images”; and prototype [106] means “essential stimuli that
take a salient position in the formation of the category” [127].
This categorization is human-centric, based on the observations
and discussions of six senior visualization researchers. In later
parts of the paper we show, however, that the categorizations
can also be successfully applied by others.

Our method: The artifacts we categorized are images
from papers published in IEEE VIS (or known as VisWeek
between 2008-2012). Specifically, we coded 6,833 figures
from 695 papers published in 1990, 1995, 2000, 2005, 2010,
2015, and 2020, spanning a 30-year history of the conference
[27]. To prioritize the main focus or essential stimuli in these
images, we did not consult the captions or original papers. We
follow an interpretation of categorization [63] that supports
graded structures and allows categories to vary depending on
contextual use. Thus, images can be members of a category to
varying degrees. That is, some members of a category may be
seen as more or less representative of a category than others, a
view that a taxonomy might prohibit. Also, fuzzy boundaries
between categories mean that images can belong to more than
one category. Finally, we also used our background knowledge
to influence the discussion of images that were not clearly in
or out of certain categories. As such, our work is considered a
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Fig. 1: Our 10 visualization types (VisTypes). They characterize the associations of what we see from images. Here we show
the overall image counts and relative frequency trends in % for 1990-2020. Surface-based techniques & volumes are most
common, followed by line-based techniques and points. Together, these three main types make up about half of the images
we coded (See our online tool visimagenavigator.github.io for additional examples). Each type represents a family of

visual appearances of essential stimuli, the main focus of a visualization image.

categorization rather than a classification [63].

Results and validation: Our final typology, VisTypes, de-
scribes 10 visualization types (Fig. 1), two purposes (schematic
and GUI), and their perceived spatial dimensionality (2D and
3D). We also report on the results of a user study to validate the
usability of our typology (Sect. 6). Finally, we discuss how to
apply VisTypes in the form of three scenarios: to explore new
empirical study methods, to analyze visualization evolutions,
and to promote standardization (Sect. 7).

In summary, we make three contributions:

e Method. We have, for the first time, considered visualizations
from the perspective of the essential stimuli in images.

o Types and the VisTypes Dataset. We develop the currently
largest carefully annotated dataset about visualization types.

o User study. We validate the usability of VisTypes.

2. TERMS AND RELATED WORK

Related work includes visualization categorization studies
of construction guidelines, data types, tasks, and work that
analyzes research figures. We will review these areas next.

A. Visualization Typology: Definitions

The visualization images we discuss refer to figures in papers,
which we visually assessed. We differentiate visual element
from the term visual stimulus. By visual elements, we refer
to the individual components or building blocks used by
visualization designers or practitioners to create an effective
composition in an image. Visual elements often include marks
and channels such as lines, shapes, colors, textures, icons,
and typography (see Munzner’s textbook [92]). Furthermore,
we take a psychophysics perspective and use the term visual
stimulus to mean any visual input or signal that stimulates the
visual system [136, pp. 394-395]. It is a broad term that can
include objects, patterns, colors, and any other low-level visual
input (e. g., lines) [143]. As a result, while both visual element
and visual stimulus are related to visual representations, we use

visual element as input to create visual design compositions
and visual stimulus to mean visual input perceived by visual
information processors. Given this distinction, we use the
primary visual focus to represent a stimulus that takes a salient
position in a visualization image.

B. Categorization as an analogy of “What is it like?”

There is a long history of categorization methods in philosophy
and psychology [47]. Wittgenstein [142] argues that users
are fluid about categories: different people may provide
different answers, and the same person may respond with
different answers at different times. As a result, a top-down
categorization that draws clear boundaries of shared properties
to those of other categories is often too strict to represent how
people understand categories. Instead, a “this-looks-like-that”
bottom-up association can be used. Rosch [106] later proposed
that natural categories exist (of colors or forms) which are
abstracted to natural prototypes which take a salient position
in the formation of a category from a bottom-up cluster of
similar instances. Psychologists (e. g., Medin and Schaffer [89],
Nosofsky [97], and Krushki [74]) have gone further and argued
for what they call the sample-based theory of categorization,
where humans store instances and examples; similarities and
relatedness between entities allow us to learn associations
between these examples. For objects that are closely associated,
they look like a cluster of learned examples and belong to the
same category. Inspired by these works, we summarize and
provide examples of visualization images and what we see in
them. We make these associations the basis of our typology.

C. Visualization categorizations

Textbooks, in particular, often rely on categorizations to
structure content [103]. While some (older) books [18] are
collections of graphical representations, many of today’s
textbooks regularly use one of a few structures:
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TABLE I: Definitions of our 10 labels. They define the visual appearance of the essential stimuli independent of data, tasks,
or rendering techniques. We color-coded the features in our codes in . The object informs a viewer what to see to
process the information in an image properly in order to build meaning from data represented in an image. Our code types are

independent of data, tasks, or rendering techniques.

Visualization Type Codes

Description

Examples

1

2
3)

Generalized Bar Representations
(Bar)

Point-based
(Point)
Line-based Representations (Line)

Representations

Graphs that represent data with straight bars that can be arranged on a straight
or curved baseline and whose

they represent.

Representations that . These locations are often shown using
dots or circles, but also such as 3D spheres, triangles, stars, etc.
Representations where information is emphasized through

bar charts, stacked bar charts, box plots, or sunburst
diagrams.

scatterplots, point clouds, dot plots, or bubble charts.

line charts, parallel coordinates, contour lines,

radar/spider charts, streamlines, or tensor field lines.

(4) Node-link Trees/Graphs,  Representations using points for and node-link diagrams, node-link trees, node-link graphs,
Networks, Meshes (Node-  to convey relationships between data values. meshes, arc diagrams, or Sankey diagrams.
link)
(5) Area-based Representations ~ Representations with a focus on areas of 2D space or 2D surfaces including  (stacked) area chart, streamgraph, ThemeRiver, violin
(Area) . Areas can be geographical regions or polygons whose  plot, cartograms, histograms, ridgeline chart, Voronoi
size or shape represents abstract data. diagram, treemaps, pie chart.
(6) Surface-based and Volume Repre-  Representations of the and/or terrains, isosurfaces, stream surfaces, volume rendering

(O]

®)

)

sentations (Surface/Volume)

Generalized Matrix / Grid (Grid)

Continuous Color and Grey-scale,
and Textures (Cont.-ColorPattern)

Glyph-based
(Glyph)

Representations

in 3D physical space or 4D space-time,
or slices thereof.
Representations that grid structure. The grid
often has rectangular cells but may also use other shapes such as hexagons or
cubes. Elements such as glyphs or a color encoding can appear in the grid cells.
Representations of structured
. These patterns can be evoked by changes in intensity, changes in hue,
brightness, and/or saturation. The changes are typically but
could show as well.
(often encoded by position
and additional dimensions using color, shape, or other geometric primitives) that
depict multiple attributes (dimensions) of a data record. Placement is usually

using transfer functions, slices through a volume (e. g.,
X-ray, CT slice).

network matrices, discrete heatmaps, scarf or strip
plots, space-time cubes, or matrix-based network
visualizations.

Directional patterns such as Line Integral Convolution
(LIC), Spot Noise, and Image-Space Advection (ISA)
to show flow fields, continuous heatmaps, intensity
fields, or even a binary image.

Star glyphs, 3D glyphs, Chernoff faces, vector field
glyphs

meaningful and typically multiple glyphs are displayed for comparison.

(10) Text-based Representations (7ext)

(often text itself) that use

Tag clouds, word trees, parallel tag clouds, typomaps.

such as font size, color, width, style, or type to encode data.

(a) Map vs. (b) Lines vs.

Fig. 2: Code type comparisons. We compare codes between Borkin et al. [15]’s rypes color-coded in cyan and

(C)

(c) Bar vs. (d) Donut chart vs.

(color-coded

in ) in (a)-(c) and between Deng et al. [37]’s types (color-coded in green) and ours in (d). We label image (a) [1]
—because the essential stimuli that represent the geospatial data and metadata here are text. Our typology does not include
“map” because maps are a representation technique that may have very different visual appearances (e. g., consist of only points,

areas, or text as seen here). We label image (b) [21] as a
data are not the main focus. Image (c) has two labels

importance of seeing both
beyond the technique label of Donut-chart.

Focus on construction rules in design or techniques. A
seminal approach to characterizing visual designs is Bertin’s
visual semiotics [11]. He discussed the fundamental build-
ing blocks of a visualization that are modified by visual
elements (channels) that encode data. Similarly, researchers
have proposed to describe visual designs through the lens of a
visual language with a set of syntactic rules. Examples include
Wilkinson’s Grammar of Graphics (GoG) [141], Engelhardt’s
Language of Graphics [131], and Mackinlay’s automatic design
[85]. Applying rules formulated in a visual language can
yield a broad range of visual designs [92] and tools and
libraries are based on them, e. g., Tableau [86], D3 [17], Vega-
Lite [108], and Draco [91]. Others, e. g., Tufte’s Envisioning
Information [126], differentiate techniques by higher-level

, elucidating its conceptual illustration; actual
. We have more complete essential stimuli to signify the

. Image (d) [149] emphasizes data types (networks), and we use s

construction rules, e. g., small multiples, or principles. e. g.,
layering and separation. Again others use concrete technique
names such as Lohse et al.’s [82] 11 categories: graphs, tables,
time charts, network charts, diagrams (process and structure
diagrams), maps, cartograms, icons, and photorealistic images.
This type of categorization sometimes mixes data-type specific
representations (maps, network charts, time charts) and data-
type agnostic representation (icons, diagrams, tables). In the
case of Lohse et al. [82], there are 60 images inspired by
Bertin [11] and Tufte [125], viewers were 16 students and
staff at the University of Michigan with no special subject
training. In our case, we selected out input images from the
VIS proceedings, and our coders were visualization experts
with extensive experience in visualization research. Experts are
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generally more suitable to define categories [121].

Focus on data types. Other researchers have categorized
prototypical visual designs based on the data type. This
approach makes sense as, in a typical iterative design process,
data are systematically mapped, winnowed, and refined to visual
encoding [112]. Ward et al. [135], e. g., classify visualization
techniques for spatial data, geospatial data, time-oriented
data, multivariate data, trees, graphs, and networks, and text
and document visualizations. Heer et al.’s visualization zoo
[52] classifies time series, statistical data, maps, hierarchies,
and networks. Brodlie [19, p. 40] classifies techniques into
those for point, scalar, vector, and tensor data. Franke and
Haehn [44] present implementations on the web. Compared
to these characterizations, where data are input and visual
images are output, we attempt to characterize images, where
an image is input, and the primary foci or essential stimuli are
the output, without necessarily knowing the characteristics of
the data that led to the final image. For example, we make no
distinction between a line chart that shows temporal data and
one that shows, e. g., point relationships in parallel coordinates.
Finally, our categorization only concerns the visual stimuli that
represent data, and the visual representations taking a salient
position in the image; we also excluded the non-essential
stimuli that do not directly map to data (e. g., axis and labels).

Focus on task and analysis question types. Another set of
textbooks introduces visualizations by linking representation
and analysis tasks/questions. Fisher and Meyer [43], for
instance, group techniques such as histograms and boxplots
under the analysis question of “showing how data is distributed.”
Maciejewski [84] also takes this approach in his grouping of
techniques. Again, a focus on analysis questions considers a-
priori criteria to choose and categorize visualization techniques
in the same vein as data and construction rules do. Visually
similar techniques are thus considered in separate categories;
for example, Fisher and Meyer [43] categorize bar charts under
“visualizations that show how groups differ” and histograms
under “visualizations that show how data is distributed.”

A cross-disciplinary perspective for categorization. We
are certainly not the first to realize the differences between what
we design and what we see. For example, the vision science
community has realized that composition solutions from low-
level features (e.g., Canny edge detector [23], orientation map
[87], and HOG algorithms [41]) to composite high-level objects
do not align with how people see [101], [143]. Recent deep
convolutional neural networks (DNNs) can assign categories to
items because the categories are treated as a continuous space of
related concepts [24], [88], [146]. For example, BioCLIP [116]
combined a large- language model and images to produce
biological concepts. However, the authors worked on natural
scenes rather than on abstract images. As we show in this
paper, however, the diversity of representations from images
is large: a single category can be broad and contain various
spatial arrangements, compositions, and viewpoints.

D. The role of graphs in scientific communication

Even though our approach to categorizing images differs from
that of many textbooks, our method of studying them to evaluate

scientific advances has been used before. Latour [77] presented
graph features that make them essentially a pervasive form of
visualization and a specialized vocabulary for transforming and
analyzing data to represent scientific findings. The pervasive-
ness and centrality of scientific figures led Latour to conclude
that scientists exhibit a “graphical obsession” and suggest that
graphs distinguish scientific domains.

Other image datasets [6], [109] are available, but they focus
on what designers draw rather than what viewers should see.

Instead, our work is closely related to Borkin et al. [15]
and Li and Chen [81] who studied high-level visualization
categories from large image datasets. Borkin et al. [15], e. g.,
suggested a taxonomy of techniques. Theirs is a mix of
encoding (area, bar, ...), data (text), layout (circle), and
analysis-focused (distribution) categories. Similarly, Deng et
al. [37] and Lu et al. [83] added data and technique labels.

In our categorization we instead attempted to separate data,
techniques, and essential stimuli. For example, we considered
whether essential stimuli are more similar to each other within
a category than they are compared to other categories. For
example, lines in Fig. 2(a) are a schematic view as they do not
encode real data and bars and points are both essential stimuli
in Fig. 2(b). These examples show that our VisTypes typology
provides an abstract, and a general way to organize and store
visual designs, independent of the underlying techniques and
data (as in Fig. 2(b) and (c)).

3. THE IMAGE CODING PROCESS

We begin with an overview of our process that led to VisTypes;
graphically represented in Fig. 3. We did not originally start
out with a focus on essential stimuli. Instead, we applied other
categorizations that used specific techniques (e. g., Isenberg et
al. [60]), design features (e.g., “marks and channels” [11]),
or a mix of them (e. g., Borkin et al. [15]) in Phases 1-2. A
consequence of these failed attempts was that we rejected the
idea that “marks and channels” or “techniques” could describe
what we perceived in these images. Visual designs are often
composed of many marks, channels, and techniques combined
together. It became very difficult to label each element and
describe which ones formed the visual focus of each image. In
Phases 3—6 we then developed our focus on essential stimuli
to support categorize what we see. In this section we describe
many difficult decisions that were part of this development
process. Readers who are not interested in the decision process
can skip this section and continue with Sect. 4 (Results) directly.

A. Goals of our image coding

These primary goals guided our coding process in Phases 3-6:

Provide a small set of broad categories. We purposefully
wanted to create only a few categories that would remain
manageable despite the detailed and often complex images
produced in the community. The type abstraction should enable
analyses between and within categories to support researchers
while analyzing the diversity of representations and inferring
the prevalence of rendering methods, algorithms, or dimensions.

Focus on visual similarity. As described earlier, our
typology focuses on describing visual similarity via essential



SUBMITTED TO IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS A

Images from 2006 & Keyword (Isenberg et al. [58])

based Categorization

Issue:

Does not scale to new techniques.
Images sharing the same visual
appearances but were named differently.

@ Appearance-based Categorization

Developing Labeling &

Code Schema Analysis
Essential stimuli S

ampled every o o

Types 5 )ears A/\
Function ry Y
Dimensionality AN
Difficulty Image Database [24, 25]

An image set of
IEEE VIS image dataset from 7 1mage set o

1990-2020 images

Q o Q
Two randomly assigned researchers

independently coded the image set +

AR AN

& Semiotics (Bertin [10])-
based Categorization

Q Object (Borkin et al. [14])-
==)> based Categorization

Issue:

Includes data types, thus the same
visual stimuli can be placed in
different categories.

Issue:

Marks are universal to all
images and thus cannot
distinguish between the images.

Evaluation Evaluation
(ExpertResearchers) (ExpertViewers)

Reconcile difficult coded

images images of single labels.
= > o268
: atigs
Removed the function type .
(schematic views and GUI) VlsTypes data

Fig. 3: The image coding process. We developed the method, identified the type codes, and performed the image labeling and
curation in a multi-year team effort. This lengthy process includes three failed attempts (Phases 1 & 2). We finally used, as
shown in Phases 3-6, a similarity-based appearance categorization to derive the essential stimuli. Observation: visualization
techniques and design elements are distinct from what we see for making conscious judgments of representations.

stimuli. Our types will appear visually similar regardless of
the usage of data or tasks. Low-level marks and channels
are not always enough although some of our types share
similarities with some marks and channels. Yet, the layout
and their morphology are irrelevant for our types.

Collect experiences on the difficulties of categorizing
visualization images. We documented our multi-stage process
to derive a relatively high-level categorization of images and
describe inherent uncertainty, failed attempts, and current
limitations. We also recorded how difficult it was to understand
images taken out of the context of the text and captions since
many examples did not necessarily contain a descriptive title
and clear attribute annotations.

B. Visualization image data source

Image Sampling. We developed our typology using the VIS30K
[27] collection of images and its associated VisPubData [60]
meta data. This dataset largely represents visualization as a field
because it contains every visualization image published at IEEE
VIS (including Visual Analytics, Information Visualization, and
Scientific Visualization) since 1990. Our domain’s research
progress and the scientific solutions reveal themselves visually
in the images in these papers and thus provide a focused
perspective without managing the diverse publishing goals of
journals and conferences. Also, based on our code development
process (described below), it became clear that we would not
be able to code all 30,000 images. We thus prioritized covering
images across time to understand historic changes. We labeled
images in five-year intervals for our full coding process, starting
with 1990 and up until 2020 (inclusive), yielding 6,833 images
from 695 IEEE VIS full papers (incl. case studies).

Removal of GUI and Schematic Representations. We also
suppressed two “image purpose” categories that we initially
used: “GUI (screenshots)/user interface depiction” and “sche-
matic representations and concept illustrations”. GUIs are
screenshots of visualization tools showing multiple categories

and schematics do not encode any data. This choice allowed
us to focus on data representations instead of compositions.

Exclusion of Symbolic Representations. Algorithms, mathe-
matical equations, and tables are symbolic representations often
used to structure and interpret unstructured text data. These
symbolic representations do not visually represent the texts,
and we have thus excluded them. Our text-based representation
in our categorization (Table I) is only applicable when the text
itself encodes data. Thus, it excludes cases where text is used
solely for labeling and annotation (e. g., Stokes et al. [117]) or
cases in which text serves as the underlying data source but
its properties are not encoded as text (e. g., word or document
embedding coded as “generalized point representations” [66]
or “generalized area representations” [34]).

C. Image classification process

Included in our process description are failed attempts, key
decisions, and iterative coding refinement (Fig. 3) that precede
the final codes of primary foci or essential stimuli (Table I).

Phase 1—Initial image classification based on keywords
(from circa Aug. 2020, approx. 2 months): We began our work
focusing on visualization techniques, where we considered that
technique names (such as treemaps, parallel coordinates, etc.)
could describe the content of the images we analyzed well. To
improve objectivity and reduce bias, we tagged images with the
most common technique names extracted from author keywords
used for VIS papers. We ranked the author keywords extracted
in prior work [61] to derive the initial top-21 keywords for
specific techniques (Appx. III-A). In addition to the encoding
techniques used in each image, we added two code categories
that described additional image characteristics: the rendering
dimensionality (i.e., 2D or 3D) and the functional purposes of
creating the image (i. e., the reason why the authors created each
image, for example, illustration of a visualization technique,
experiment results, or screenshot of GUI. (Table II in Appx. IV).
The initial label set thus included 25 codes.
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Phase 2—Initial coding (from circa Oct. 2020, approx. 1
month): To test our initial code set, each coder categorized
visualization images from 2006. We used these images only in
this phase to refine our code set. We subsequently introduced
new technique codes by merging techniques that had been
tagged “other,” and added “schematic diagram” to the list
of image purposes, resulting in 22 technique codes. We
discussed the definition of these terms and gave all coders
(we call ourselves “ExpertResearchers”) written instructions

and example images from each category (Fig. 19b in Appx. IV).

One coder initially labeled each image in this stage, and a
second coder validated the image. We based the validation
assignment of the second coder on their respective expertise
to verify all images included or excluded in a specific
category (e.g., volume depictions were coded and verified by
someone with a background in volume graphics). We removed
false positives, avoided false negatives, and ensured image
categorization consistency with these steps.

Phase 3—Consolidation, seeing by association and
analogies (from circa Nov. 2020, approx. 1 month): We then
discussed what worked well, what did not, and why. The
codes that focused on visualization techniques quickly became
difficult to apply as the number of techniques grew increasingly
large. We had difficulties defining when a technique should
receive its own label or be covered under ‘“other.” Also,
some seemingly similar images where coded under different
techniques. Point clouds and 3D scatterplots, e. g., both render
points according to underlying coordinates in 3D space, with
the main difference that scatterplots typically include reference
structures such as axes and gridlines. These conflicts led us
to re-frame our code set using higher-level, more general
visualization type codes.

We decided to focus on describing the main focus of a
given image or essential stimuli and to create codes that
enable the viewer to distinguish graphical similarities and
differences. We thus re-grouped and merged the codes, which
shared similar visual characteristics, into a more general code
category. For example, we put isosurface into a more general
surface-based techniques category and grouped point clouds
and scatterplots into a more abstract point-based techniques
category (in Appx. III-C we list more decisions).

This consolidation process resulted in 10 high-level
visualization-type codes that became part of our final set
shown in Table I. We reduced our “image purpose” category
to just two codes: GUI (Screenshots) and Schematics, as these
were visually identifiable without requiring knowledge of the
underlying data. Both categories represent the codes from
“other representations” from Phase 1, which did not appear on
our technique-focused labels. Given the challenges of labeling
the visualization images we encountered, we also decided to

collect subjective ratings of difficulty (easy, neutral, and hard).

see Fig. 19¢ in Appx. IV.

Phase 4—Code calibration (from circa Dec. 2020, approx.
3 months): In the first two months after having arrived at the
new labels, we discussed, debated, and coded two sets of 50
(i.e., 100 in total) randomly chosen images from our seven-year
target image data set to calibrate our collective understanding.
During this exercise, we clarified code definitions and discussed

ambiguities. We assigned these 100 images to each expert
researcher for quality control, aligning our decisions, and
discussing potential pitfalls with our new code set. We
implemented a dedicated web-based labeling tool (Fig. 19d
in Appx. IV) for the coding in this phase. At the end of this
phase, our project was one year old. We had almost weekly
meetings and discussions throughout this time and reached a
consensus on the typology.

Phase 5—Result coding and validation (from circa
Apr. 2021, approx. 6 months): In this phase, we coded all
6,833 images in our chosen dataset based on the refined
definitions and characterizations, using largely the same coding
tool as before (Appx. IV). We used the 10 visualization type
labels, two “image purpose” labels (GUI, Schematics), two
labels for the dimensionality (2D vs. 3D), and three difficulty
labels (easy, neutral, hard) that capture how difficult the
categorization was for the coder. We first looked at the function
of an image. We assigned the respective label if the image
showed either a schematic or a GUL. If not, the “image purpose’
was implicitly considered a “visualization example,” and we
proceeded to assign a visualization type label. Both categories
shared an “I cannot tell” code assigned when neither explicit
purpose nor a visualization type could be assigned. In addition,
coders could freely add new labels for visualization or image
types when they found something new that was not covered by
existing categories. For dimensionality, we also added a code
called “I cannot tell,” which could be checked when coders
were unsure whether the visualization was a 2D or 3D rendering.
Coders could assign multiple types and dimensionalities to one
image because many images show more than one visual design.

>

In the coding process, we also recoded the 100 images we
had previously labeled during Phase 4. We randomly assigned
two coders to each image to ensure high-quality results and
capture potential difficulties in applying the labels. This phase
was laborious due to the number of images we coded. We met
regularly to resolve further questions that arose during coding
and to discuss or clarify code descriptions further.

Phase 6—Verification (from circa Oct. 2021, approx. 6
months): In this final phase, the two coders assigned to each
image worked to reach an agreement when their labels did
not match. For this purpose, we developed more web-based
visual interfaces (see Fig. 20 in Appx. IV) that focused
on conflict resolution and on providing an overview of
applied labels. We then filtered the results so that only the
inconsistently coded images were shown, and we used this
process to resolve all disagreements. This verification was
also a lengthy and laborious process that required constant
discussion. We analyzed difficult and ambiguous cases as a
team every week until we could agree on a solution (we
describe some of the most difficult decisions in more detail
in Sect. 5). As part of these discussions, we added our
last visualization type “generalized continuous color/grey-
scale/texture representations”, listed as point (8) in Table L.
We also further refined our definitions. Consequently, we went
through all previously labeled images again to check if they had
to be re-coded for consistency and resolved potential resulting
disagreements as part of our discussion process.
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Fig. 4: The proportion of applied image codes for each category,
relative to the total 4,070 visualization images (after excluding
the pure schematic and GUI images). We can see that the
most common visualization types were “generalized surface
and volume representations” and “line-based representations.”

4. RESULTS

Our coding process resulted in 6,252 image type labels,
2,754 function labels (GUI and Schematics), 7,174 2D/3D
dimensionality labels, and 13,647 difficulty labels for the 6,833
images. Fig. 1 and Fig. 4 show the type distribution. We now
describe each type of essential stimuli in more detail and show
canonical or typical examples for each. Fig. 21, Fig. 22, and
Fig. 23 in Appx. V show additional results.

A. Visualization types

Surface-based Representations and Volumes

represent the inner and/or outer features and/or boundaries
of a continuous spatial phenomenon or object in 3D physical
space (e.g., isosurfaces [48]), 4D space-time, or slices
thereof. Frequent characteristics in this category include surface
or volume-based rendering with lighting, shading, camera
perspectives, shadows, and/or transparency; or 2D medical
imaging slices. Common applications include medical images,
terrain surfaces, and images of physical simulations (e.g.,
[39D).

Volume rendering has been one of the most important areas
of visualization in the early years [61]. As such, it is perhaps
not surprising that surface and volume representations were
the most common techniques in our images. They are also
the easiest to identify. This category has the highest coder
consistency, at 74%, among all types. It is also the only
representation technique with primarily 3D renderings. The few
2D renderings we found included volume slices (e. g., MRIs
or CTs) or X-rays. Similar to what was shown in prior work
on keywords [61]. There has been a significant decrease in
the proportion of surface and volume images, dropping from
approximately 47% in 2005 to around 20% recently. Canonical
examples, from [57], [122], [93], are:

Line-based Representations are graphs where information is
emphasized through straight or curved lines. Canonical visualiza-
tion techniques are line charts, parallel coordinates, radar/spider
charts, contour lines, streamlines, or tensor field lines.

Lines, edges, and curves are the second most common
representations indicated by our image labels. We did not code
lines that simply delineate screen-space areas as edges. About a
sixth (17.7%) of line-based representations are rendered in 3D.
For a sizable proportion of 12% of the line chart images, the
coders also could not tell whether a line chart is 3D or 2D due
to a lack of clear depth cues. Coder consistency ranks among
the top three, on par with “generalized surface and volume
representations” and “generalized bar representations,” at a
consistency level of 65%. Most line charts are the typical 2D
line charts that most often represent temporal data. Canonical
line-based representations, taken from [4], [118], [130], are:

10 20 30 40
# Ensemble Members

Point-based Representations encode point locations. These
locations are often shown using dots or circles, but also other
shapes such as 3D spheres, triangles, stars, etc.

Similar to Bertin [11], we considered point-based
representation to encode point locations in a 2D or 3D
space. Point marks could be small circles but also 3D
spheres and sometimes other shapes like triangles, stars,
etc. Canonical examples of visualization techniques of this
type are scatterplots, (volumetric) point clouds, or dot plots.
Point-based representations were the third most common
visualization type according to our coding. We found that
identifying them was slightly more difficult than “generalized
bar representations” we discuss next, and the overall consistency
of the coders was 57%. Surprisingly, we saw only a small
percentage of 3D point-based representations, perhaps due to a
large amount of work on scatterplots or using scatterplot-like
representations of, e. g., dimensionality reduction or clustering
results. Canonical examples, taken from [102], [144], [128], are:
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Generalized Bar Representations are images that represent
data with straight visual encodings (bars) that can be arranged
on a straight or curved baseline and whose heights or lengths
are proportional to the values that they represent. Bars can be
stacked, have error bars, or appear as histograms.

Generalized bar charts are the third most common visual-
ization type and have increased in number in recent years.
We find that they are among the easiest to identify, and the
consistency between coders is at 67%. 3D generalized bar
charts are extremely rare, we found them either in the early
years or, more recently, to depict data on 3D surfaces such
as on a globe. In contrast to pie charts, we include doughnut
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charts here as they use the segment length to encode data [114].
Canonical examples, taken from [140], [145], [71], are:
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Continuous Color and Grey-scale, and Texture
Representations show structured color patterns across an
image or atop a geometric 3D object. These patterns can be
evoked by changes in intensity, hue, brightness, and/or saturation.
The changes are typically smooth (continuous) but can also
show sharp transitions. Typical examples include directional
patterns (e.g., flowfields), continuous heatmaps, intensity
fields, or, in extreme cases, even a binary image. Coders’
consistency was among the lowest across all categories, marked
at 42%. Canonlcal examples taken from [42], [46], [129] are:
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Node-link Trees/Graphs, Networks, Meshes depict points
and explicit connections between these points to convey relation-
ships between data items. Node-link relationships can be found
in trees, graphs, networks, and meshes. Both nodes (in a network
graph) or vertices (in a wireframe mesh) represent topological
points in the structure: nodes represent abstract entities in network
graphs, while in geometry, they correspond to vertices), and
connections represent the relationships between these nodes.
Thus, they are visually similar for the creation of a network-
based structure. Examples include node-link networks or trees,
topological graphs, or wireframe meshes.

Node positions can be given, e. g., as geospatial locations or
be derived from the data (e. g., projections). Connections can be
continuous (e. g., in a Reeb graph, as the topological structure
is given by showing continuous functions in space) or discrete
(e.g., edges in a tree). Representations of this type were the
6™ most common representation type and their representation
has stayed relatively stable at ~10-20% of images per year.
Most images were 2D in nature, but 27% were 3D images.
Canonical representations, taken from [100], [148], [12], are:

Generalized Area Representations are representations with
a focus on areas of 2D space or 2D surfaces, including sub-sets
of these surfaces. Areas can be geographical regions or polygons
whose size or shape represents data. Areas often feature explicit
boundaries and, within, are filled with categorical colors or
use contrast in luminance and shading to encode attributes of
the areas. Common examples of generalized area charts are pie
charts, streamgraphs, (stacked) area charts, treemaps, cartograms,
choropleth maps, or violin plots.

Generalized area charts were the 7" most common type
of representation type in the images we coded. Most areas
were part of surfaces rendered in 2D. Over the years, the
proportion of area charts increased by 1-2% every 5 years
to just under 10% by 2005 and reached about 15% in 2020.
Canonical examples, taken from [20], [113], [105], include:
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Generalized Matrix or Grid separate data into a discrete
spatial grid structure. The grid often has rectangular cells but
may also use shapes like hexagons or cubes. Elements such
as glyphs or a color encoding can appear in the grid cells.
Common visualization techniques in this representation type
are discrete heatmaps, scarf/strip-plots, space-time cubes, or
matrix-based network visualizations.

The grid can vary in resolution. This type includes figures
whose underlying grid is part of the data structure but does not
include figures where the underlying grid is merely used as
a convenient arrangement of sub-sets of the data (as in small
multiples and scatterplot matrices). It also does not include
visualizations such as a treemap [113], a representation of
hierarchical data using nested rectangles. While the treemap
has rectangular cells, each cell area corresponds to a data value,
and the visualization belongs to the area category.

For all generalized matrix or grid visualizations, other
elements such as color or glyphs can appear at their discrete
grid positions (e.g., grid-based vector field visualization).
Under 10% of all images contained generalized matrices/grids,
consistently over the years by 2015 and then increased to 15%
in 2020. Of these, 89% were 2D images and 4.2% were 3D
(the remaining are unclear). Canonical examples, taken from
[58], [94], [46], [90], include:
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Glyph-based Representations commonly include multiple
small independent visual representations arranged in space.
These representations depict multiple attributes (dimensions)
of a data record and often use multiple geometric primitives
to encode data. For example, glyphs may consist of a small
3D cuboid where height, width, and depth encode different
data dimensions. Other common examples of glyphs are star
glyphs, Chernoff faces, whisker glyphs, and so on.

Glyph-based encodings were not particularly frequent (=5%
of all images contained glyphs), and we saw only slightly
more glyphs rendered in 2D than in 3D. Glyphs, however,
were difficult to identify and our consistency in coding this
visualization type was initially only 35%. Canonical examples,
taken from [40], [54], [55], [46], are:
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Text-based Representations show data (usually text itself)
using varying properties of letters or words such as font size,
color, width, style, or type. Common visualization techniques
for this type are tag clouds, word trees, or typomaps.

Text-based representations were the rarest in our coding. All
text-based representations were rendered in 2D. The initial coding
consistency was low at 39%, primarily because some coders
initially also coded representation where text was used as a data
source. Example images, taken from [80], [133], [1], include:
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B. Visualization functions

To all images showing one of the visualization types above, we
implicitly assigned the function to “showcase a visualization
technique.” This function was by far the most common. In addi-
tion to this implicit function, we coded screenshots or images of
graphical user interfaces (GUIs) and schematic representations.
We did not assign additional individual visualization types for
images with both functions.

GUI (Screenshots)/User Interface Depiction. These images
are generally screenshots or photos of a system interface. GUIs
require the presence of window components or other Ul widgets
such as buttons, sliders, boxes, scroll bars, pointers (e. g., the
hand cursor showing interaction), etc.

Non-WIMP interfaces (e. g., for VR or touch-based applica-
tions) are indicated by, e. g., a hand/finger touching a surface
or clearly visible interface hardware such as a tablet, a tabletop
display, or other types. We found 825 GUI images in total,
representing about 12% of all images. The proportion of GUI
images over time is relatively stable. Only about 13% are 3D
images. Coders find that identifying GUI images is relatively
easy and the overall consistency of coders was 70%. Canonical
examples, taken from [10], [36], [148], are:

Schematic Representation and Concept Illustrations.
These were often simplified depictions that show the appearance,
structure, or logic of a process or concept. Typical examples
include flowcharts to illustrate algorithms, process diagrams, or
sketches. Schematics and illustrations are common in research
papers, not just in visualization papers. We coded 1,929 images
in this category, 79% of which were 2D. Canonical examples
taken from [78], [65], [59] are:
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C. Dimensionality: 2D and 3D

We also coded the spatial dimensionality of the 10 visualization
types (Bar, Point, etc.). We labeled a flat representation
on a 2D plane without perceived depth as 2D, while we
classified images that appeared to be in 3D (or volumetric)
space as 3D. To code an image as 3D we looked for depth
cues such as occlusion, lighting and shading, parallel and
perspective projection, rotation, or any other depth cues.

We also required continu-

100% ous depth with smooth tran-
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resided in just one or two
2D planes or layers, e.g.,
an artificial discrete depth.
Even this simple exercise
turned out to be non-trivial
for many images due to the
presence or absence of a
mixture of depth cues. The
use of 2D representations
became more common than
3D after 2005 (Fig. 5) and
had been steadily increasing. It is also not surprising that 3D
representations were used more broadly for “surface-based
representations and volumes.”

Percent of images

0%19‘90 ‘ 20‘00 ‘ 20‘10 ‘ 20‘20
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Fig. 5: Percentage of 2D/3D by
total images. The sum in each
year is larger than 100% because
some images contain both types.

5. DISCUSSION OF EXPERT RESEARCH GROUP FINDINGS

Reflecting on our results, we (ExpertResearchers) examine the
challenges and limitations of our categorization process.

A. Choosing the level of abstraction for categories

One of our biggest challenges was to find a categorization
we could apply without requiring the details of the data each
image represents or what construction rules were used.

1) Bertin’s Marks and Channels as Inspiration: One of
our first attempts was to use Bertin’s semiology of graphics
[11] and, particularly, his marks and visual variables for
describing visual designs. This approach resulted in numerous
(low-level) codes per image that did not enable us to derive
meaningful categories. A bar chart, for example, could be
coded as line marks with a length encoding for quantity and a
position encoding for category (Fig. 16 in Appx. III-B). Instead,
we needed higher-level categories that could apply to entire
visualization images Still, Bertin’s definition of visual variables
and marks inspired the identification of several of our categories:
Point primarily reference a position, Bar a length, and Area a
two-dimensional size. This result indicates that those design
elements (line or position in bars) are different from what we
see (length in bars). Therefore, we chose not to label according
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to the individual design elements, but more collective visual
foci such as Surface/Volume, Text, and Cont.-ColorPattern.

2) Visualization Techniques as a Typology: Attempting
to abstract from visualization techniques failed as well.
Different techniques could result in similar visuals. In addition,
identifying techniques sometimes requires knowledge of the
data represented. Timeline visualizations, for instance, could
only be identified when temporal attribute was indicated on the
axis labels (Fig. 17 in Appx. III-B). These additional (often
insurmountable) difficulties made the visualization techniques
approach impractical. What we retained from this failed
attempt, however, was a focus on the essential stimuli. We
intentionally chose not to code legends, coordinates, time,
labels, or embellishments, and instead focused on the most
visually important part of an image that show actual data (as
opposed to simpler illustrations).

3) Classification vs. Categorization: We began our work
with the goal of deriving a classification of images, where
each image would be assigned to a single category. In a
classification system, each image represents the class as any
other. By the time we had experimented (and failed) with
the first two approaches (Bertin and visualization techniques),
we noticed several problems with trying to come up with a
classification: we saw many visual representations that would
form a distinct category (e. g., all that used bars to encode data)
but also many that would not. While we show representative
images in this paper, our VisImageNavigator tool shows many

more that are less clearly members of their assigned category.

Therefore, we shifted our focus and turned to a modern view
of categorization [63], which enables us to assign images to
multiple categories, but also identify images as more or less
representative of their category.

4) Is ‘“‘generalized continuous color/grey-scale/texture
representations” a Separate Type?: Despite the observation
that properties of color, such as hue, saturation, and luminance,
are visually dominant in data representations, our first two
attempts did not include a dedicated visualization type related to
color. Instead, we initially coded most continuous and discrete
heatmap type encodings under “generalized matrix/grid” based

on the logic that these encodings are applied on pixel-level grids.

In our iterative coding refinement phase, many discussions
centered on when a continuous color-based encoding should

be coded as a grid, especially when it did not look like a grid.

When continuous color scales were applied to 3D geometries,
such as streamlines, e. g., the matrix/grid encoding no longer
seemed appropriate. Therefore, after many discussions, we

created a distinct category to recognize continuous colormaps.

To distinguish it from “generalized matrix and grid”, we
required the color mapping to be systematic and not a result of
illumination or an author-chosen categorical representation. At
this point, we already had a separate category for texture-based
representations that we eventually merged with the new color
category as both focus on revealing continuous patterns.

5) The Influence of Domain Knowledge: Throughout
the creation of our categories, we struggled with identifying
and suppressing the influence of our individual knowledge.
The team members (ExpertResearchers) with a background
in volume/surface-based techniques, e.g., often mentioned

(b)
Fig. 6: Challenging cases. (a) We choose to code geospatial
data as Area and route connections Node-link. (b) We choose to
code the terrain Surface/Volume and the arrows on top Glyph.
Images from (a) Overbye et al. [98] and (b) Jenny et al. [64].

(@) (b)
Fig. 7: Challenging cases of coding Schematic. (a) Is this a
glyph-based or schematic representation? (b) We choose not to
code the visualization type inside Schematic. Images from (a)
Hlawitschka & Scheuermann [55] and (b) Daniels et al. [35].

specific techniques, tasks, or goals for images while creating
our categories, to which the other team members had little
or no relation. Similarly, our definitions of glyphs were not
aligned between experts with a background in flow visualization
and those in abstract visualization. In practice, we constantly
reminded ourselves to suppress our knowledge of non-visual
aspects of the images to resolve ambiguities. We resolved many
issues through discussions of individual images and revising
our type codes iteratively with examples and counter-examples.

B. General coding ambiguity

While we adopted a view of categorization with fuzzy
boundaries, we engaged in discussions to resolve ambiguities
for frequent cases. The most important challenges were:

1) Surfaces and Volume Rendering: Early on, we separated
surface and volume renderings into two separate codes. Several
of us, however, found it challenging to perceive differences
between the two. Volumes, for example, can be rendered semi-
transparently (looking cloud-like) or opaquely, the latter having
the appearance of a surface. We decided that “recognizing”
an image type at this level of detail (e.g., whether surfaces
are rendered from voxel or mesh data) was unreliable and
may not even be important for describing a figure’s visual
content as the underlying algorithmic techniques transparent to
viewers. Eventually, high-level concepts can directly contribute
to reasoning [24], [132]. Applying this principle and removing
the specific details of a technique enabled us to focus on what
all instances of a given type have in common, and we thus
combined surface and volume techniques.

2) Ambiguous Area-based Images: We tried to avoid
using data types in our categorization because we wanted
to focus consistently on visual impressions. We originally
had a “cartographic map” category but removed it because
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it focused on a specific data type and technique. Instead, we
decided that depicting areas and their relationships was the
underlying principle for many cartographic maps and related
techniques such as area charts, stream graphs, etc. (Fig. 6).
There were, however, exceptions. Route maps, e.g., where
lines indicate a direct route, were coded separately as networks
because the routes encoded topological relationships (Fig. 6a).
One difficulty we encountered was the distinction between
a “map” (cartographical map) and a “terrain” (wireframe
or surface) (Fig. 6b). Conceptually, these are very similar.
Using visual appearance as our guide, however, map images
generally appeared to delineate distinct areas, while terrains
showed continuous surfaces with elevations. Another map-
related difficulty arose when maps were used as a reference
structure for data representations layered on top, akin to how
gridlines are used on scatterplots. In these cases, we had to
derive elaborate procedures for consistently treating reference
structures, e. g., axis lines. If, in addition to maps, other visual
encodings are present, we decided to code these if removing
them changes the meaning or information conveyed in the
image. These decisions, however, can be difficult and resulted
in some coding inconsistencies.

3) Ambiguous Schematic Images: A large number of
figures are schematic representations or concept illustrations.
It is often challenging to differentiate between schematics and
a demonstration of a visual encoding technique. We had to
abandon our initial goal of ignoring what data was encoded
to be able to judge whether the representation showed a
“toy” dataset.! While toy datasets are common in schematic
representations, the frequent absence of context, such as
coordinate axes, labels, or scales, made their identification
difficult. Many figures did not depict scales, which aligns with
observations by Cleveland and McGill [32] in their review of
the use of graphics in other scientific journals.

We also struggled with using annotations in figures as
identification criteria for schematics. Fig. 7a, for example,
can be coded either as glyph-based (it shows a mathematical
tensor) or as a schematic (it illustrates the authors’ design idea
or a mathematical function)—a majority of us chose to code
“schematic representations and concept illustrations”. Schematic
images are often meant to be particularly pedagogical and,
thus, include several labels and arrows or other annotations.
We experimented with specific coding guidelines in which we
considered whether or not, after the removal of annotations,
we could still see an example of a visualization type—in the
former case, the image would have been a schematic. Later,
we agreed that the appearance of labels and annotations to
explain an image did not automatically mean the image was
a schematic. Our general heuristic for schematics involved
establishing if we saw (1) a well-known (or toy) dataset, (2) a
pedagogical purpose, and (3) an illustration of a concept.

4) Ambiguous Glyph Cases: Glyphs are notoriously difficult
to define. Recent attempts have emphasized different aspects
of delineating a glyph from other encodings. Fuchs et al. [45]
defined data glyphs as “data-driven visual entities, which

'Here, a “toy” dataset is a synthetic, exemplar dataset to demonstrate a
principle for ease of understanding.
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Fig. 8: Challenging cases of coding Glyph. (a) The arrows
show the 2D position as well as orientation. (b) StarGlyph-like
dimensional comparisons and thus a type of Glyph. Images
from (a) Bian et al. [13] and (b) Fanea et al. [40].

(b) (©)

Cont. color & Glyph. scale & Glyph.
Fig. 9: Challenging cases of multiple coding ambiguity: we
did not code Surface/Volume and only chose the primary code,
which differentiates these visualization techniques (images from
(a) Weiskopf et al. [139] and (b, ¢) Garcke et al. [46]).

(a) Cont. color.

use different visual channels to encode multiple attribute
dimensions.” Borgo et al. [14] followed Ward [134] to define
glyphs as “a visual representation of a piece of data where the
attributes of a graphical entity are depicted by one or more
attributes of a data record.” Munzner’s [92] definition is broad
and requires a data encoding to be assembled out of multiple
marks that encode data. Every bar in a stacked bar chart [,
e. g., would be a “microglyph” according to Munzner, because it
is a composite object of multiple length-encoding marks. In our
coding, we used a mix of the given definitions because, for all
coders, it was difficult to dissociate their research background
on glyphs from the coding.

While many existing encodings focus on describing a (single)
glyph, glyph-based visualization is often used in practice when
multivariate data needs to be presented simultaneously.

A challenge is thus to determine when a primitive becomes
a glyph. There is no agreed-upon threshold of how many data
dimensions are encoded in a glyph and when a glyph becomes
a chart. There seems to be, however, a general consensus that a
glyph requires a certain level of complexity to be categorized as
such. We labeled an image as a glyph-based representation if
multiple representations of data points represent both position
and additional data dimensions using color, shape, or other
geometric primitives. Fig. 8 illustrates two difficult cases.

Finally, we first had a separate “tensor glyph” category. This
category, however, required knowledge of affine transforms
applied to a basic shape, which could not be concluded from
pure perceptual observations. So, we removed this category.
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(a) Node-link+Surface.

(b) Line, Point, and Surface.

Fig. 10: Challenging cases of multiple coding ambiguity: two
codes signify different aspects of the data that can be separated
to stand independently. As a result, multiple codes apply
(images from (a) Suits et al. [120] and (b) Bach et al. [5]).

C. Multiple encoding ambiguity

Many images showed multiple visual encodings (e. g., Fig. 9
and Fig. 10), which is one of the primary reasons for the coding
inconsistencies we encountered. We agreed to code multiple
visualization types if these types were distinctive, could be
perceived clearly, and were essential. If multiple visual designs,
layered or nested, could be distinguished from one another,
we tagged more than one encoding, e. g., Cont.color + Glyph
for Fig. 9b and node-link + surface for Fig. 10a.

We also decided when (not) to check multiple labels
(e.g., Fig. 11). For example, points appear in both confidence
interval and line charts. For confidence intervals, we chose to
code both “generalized bar representations” and “generalized
point representations” as primary categories because the bar
length encodes the interval, and because the confidence
interval is not always symmetric (Fig. 11b). In contrast, we
considered those points that sometimes are added to line charts
(Fig. 11c) as an annotation and did not code them. These
decisions were difficult, sometimes inconsistent, and error-
prone (e.g., the dot for the average could be an annotation
when the drawing of the error bars is symmetric). We identified
conflicting understandings through many hours of conversations
on individual and difficult images, which often required some
coders to compromise their opinion.

6. VALIDATION EXPERIMENT WITH EXPERT USERS

Having finished coding the images, we next designed a

controlled experiment to explore whether or not viewers with

visualization experience can apply our VisTypes coding schema
to categorize images (pre-registered at osf.io/dxjwt and with

IRB approval from The Ohio State University, ID: 2022B0363).

We had two high-level working hypotheses:

« First, we expected that participants could use our VisTypes
category descriptions and identify images with better-than-
chance agreement.

« Second, we expected certain image categories to be more
difficult for participants and result in less agreement (ma-
trix/grid, glyphs, and continuous color & greyscale-based
representations) based on our own experience.

A. Methods

Tasks. We assigned each participant a single visualization type
category, c. In each trial, we showed the participant one image
from the assigned or another category (Fig. 12 shows the

T B e
= T & o
(a) Bar. (b) Bar + Point. (c) Line.

Fig. 11: Challenging cases of coding statistical charts: We coded
Bar only in the Box-whisker plot in (a) because it shows a
group of quartiles. In (b), we coded Point when points show the
mean values. In (c), we excluded Point, because these points
function as an annotation to the Line and do not represent the
underlying data (images from (a) Chlan and Rheingans [28],
(b) Ziemkiewicz and Kosara [150], and (c) Lakare et al. [75]).

interface we used during the experiment), and let them answer
the yes/no question: “Does this image belong to category c?”

Image Selection. We pre-selected 18 images for each
visualization type, for a total of 180 images for the 10 types.
Each set contained images with the same difficulty levels based
on the two coders who had initially labeled them: 2x easy (6
samples, hardness level L=1), easy-neutral (6 samples, L=2),
2x neutral (2 samples, L=3), and easy/neutral-hard or 2x hard
(4 samples, L=4). All images had been previously identified
as having a single visualization type only.

Study Design and Order of Trials. We used a between-
subject design with the visualization type (10 categories) as the
only independent variable. Dependent variables were agreement
with our assigned labels for each image and task completion
time. Each participant completed 36 trials, including 18 images
from the assigned category (target) and 18 from the other (non-
target) categories. For example, when their assigned category
was “generalized bar representation,” they saw 18 Bar images
and 18 images from 9 other categories, with 2 randomly
selected in each of these 9 categories. We ordered these 36
images randomly per participant.

Participants. We recruited 110 participants with some form
of visualization education (e.g., having taken or currently
taking a visualization course) to experts (i.e., researchers
or practitioners with a longer practice in visualization). We
call these participants ExpertViewers to differentiate them
from ourselves (ExpertResearchers). We conducted a power
analysis (osf.io/dxjwt) to address possible biases of the
yes/no test [72] and to determine the number of participants.
We also recruited participants with diverse visualization
backgrounds; i. e., people working in visual analysis, encoding
methods, evaluation, simulation, and algorithmic foundations,
experienced with different data types and stages of the analysis
pipeline.

After the trials, we asked participants to describe their
answers for two images they had seen: one for an answer
that agreed with our coding and one that did not (if all answers
agreed or did not agree, we randomly chose two images). We
also collected optional free-text comments.

B. Results

We collected 3,960 yes/no answers from 110 participants with
self-reported expertise levels being ‘expert’ (49x), ‘advanced’
(23%), ‘intermediate’ (22%), and 'novice’ (16x). Among them,
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Fig. 12: Empirical evaluation workflow: We invited 110 participants (ExpertViewers) to participate in the study. They first
saw a consent form and completed a demographic questionnaire. Then we gave them the definition (corresponding to the text
in italics in Sect. 4) and example images for their assigned category. Next, they were invited to familiarize themselves with the
other categories, their definitions, and example images. The following screen introduced the study interface. Each participant
then completed ten training trials before moving on to the 36 study trials. Readers can try the study at go.osu.edu/vistype.

46 participants held a ‘Ph.D. degree’, 41 were enrolled in a
‘graduate school,” 20 in a ‘college,” and 3 in a ‘professional
school.” The participants’ self-reported gender distribution was
35 women, 73 men, and 2 others (roughly similar to the gender
distribution of IEEE VIS authors now [123]). We also collected
215 image-specific and 32 general comments about the study.

1) Agreement: Our first hypothesis, i.e., that participants
could apply our category definitions, is supported. Our second
hypothesis on the difficulty levels is also reflected in the degree
of agreement between participants. Participants could categorize
images with an agreement above 80% for all categories
(Fig. 13). Text (94.4%), Node-link (90.7%), Surface/Volume
(89.9%), and Point (88.3%) had the highest percentage of
agreement. Matching our expectation, Cont.-ColorPattern
(85.1%), Glyph (85.9%), and Grid (85.9%) scored slightly
lower, and Area (87.1%), Line (87.3%), and Bar (87.9%) were
in the middle. The light-grey bars on the bottom of Fig. 13
represent the false-positive rates (Type I error, where a viewer
incorrectly affirmed an image as the target type) and the false
negative rates (instances where a viewer erroneously denied an
image as the target type). Here, the categories of color/greyscale
(9.6%), Area (9.6%), and Bar (9.1%) had the highest false-
positive rates, in contrast to grid (8.3%), Glyph (7.8%), Point
(6.6%), Surface/Volume (6.1%), and Node-link (5.3%). Text
had the lowest incidences of both false-positives (3.5%) and
false-negatives (2.0%). Overall, Glyph (6.3%), Grid (5.8%),
and Cont.-ColorPattern (5.3%) had the highest false negatives,
further confirming our hypothesis that these types were more
difficult to recognize compared to other types, such as Line
(5.0%), Point (5.0%), Surface/Volume (4.0%), Area (3.2%),
Bar (3.0%), and Node-link (4.0%). Fig. 24 and Fig. 25 in
Appx. VI show the image examples that ExpertViewers with a
Ph.D. degree mostly agree with our labels.

2) Participants’ Comments: From the 247 comments made
by the participants (ExpertViewers), we found their comments
aligned well with our perceived difficulties in coding these
images, as discussed in Sect. 5. All comments we quote in
this section are from the ‘advanced experts’ holding a ‘Ph.D.
degree,” unless specified otherwise.

The Influence of Domain Knowledge. In the coding phase,
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Fig. 13: Empirical Results on Agreement Percentage for
Each Visualization Type: the dots indicate the mean accuracy
of each category; the error bars show 95% confidence intervals.

we constantly reminded ourselves to suppress our knowledge
of nonvisual aspects of the images to resolve ambiguities.
We can see that a similar difficulty arose for participants
who left comments that indicated an inclination to consider
specific techniques, data, or even preexisting definitions in their
coding: “The point-based classification I followed is based on
one information visualization book. I am unfamiliar with the
scientific visualization literature. If ‘point-based’ term is also
used by the scientific visualization community, my choices may
be random for such a type of visualization.”

Some of the images would be inherently ambiguous.
Participants commented on the background knowledge about
techniques and disagreed with some example techniques
appearing in the training phase. For example, we coded violin
plots as Area because a shaded area often represents a kernel
density estimate (KDE), where the area under the curve is
meaningful in the plot. However, a participant mentioned:
“I would like to additionally comment violin-plots [...] If a
probability distribution is shown using a histogram (which
is often done to ease implementation), then I would call it a
bar chart technique. If proper KDE is computed and shown,
it becomes a line-based technique (in combination with the
original boxplot, i. e., bar chart technique). That’s why I said
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no for the violin plot example.” So here, this participant took
the graphical elements of lines, which only signify boundaries,
instead of the essential stimuli of area bounded by these lines.

We also saw that sometimes participants used a functional
view of an image rather than our interpretation based on
essential stimuli. Several participants explained, for example,
their encoding of a set of stacked circles as a generalized bar
chart rather than a point-based representation, as we had done.
A participant commented: “I thought that the stacked circles
represent the quantity of the x-axis, so I consider it is more
close to bar-chart representation.”

The Influence of Data. Several participants commented on
the fact that some images in the study had a resolution too low
to read text, indicating that they also wanted more information
on some images to help them make correct decisions. In our
own coding process, we resolved many of these issues through
discussions on individual images and iterative revision of our
image labels with examples and counter-examples for image
coding. We also sometimes were drawn to text in legends and
labels describing the data to help us interpret images, especially
when categorizations became difficult, even though our goal
was not to consider the represented data type.

Coding Ambiguities. Participants also struggled with the
type of meshes and surfaces. We had originally put meshes in
the Surface/Volume and later in the category of Node-link to
emphasize the connectivity rather than the underlying geometry.
The same challenge was reflected in participants’ comments,
e.g.: “For my category of ‘surface-based or volume,’ I found
the differentiation to the group that contains ‘mesh’ difficult
for some of the shown examples, as surface extractions are
frequently rendered as meshes, and meshes frequently depict
a surface of some kind.” Another participant stated: “In CG
[computer graphics] context, meshes describe a discretization
of a 2D manifold. Displaying such a manifold is just rendering
this discretization, since no data given on the manifold is
visualized. Think of 1D: if you discretize a straight line into
connected line segments, this is not a visualization of a linear
graph. There is no underlying data given on that graph, except
if you want to visualize the discretization.” This point was
reflected in our own conversation. Since the connecting line in
a node-link diagram does not always map directly to underlying
data, one may consider a mesh to be closer to node-links, even
though it is an abstract representation of a surface.

Glyph Coding. Some participants also mentioned the chal-
lenge to determine when a primitive becomes a glyph as
described in Sect. 5-B4. There is no agreed-upon threshold of
how many data dimensions are encoded in a glyph and when a
glyph becomes a chart. There seems to be, however, a general
consensus that a glyph requires a certain level of complexity to
be categorized as such. Yet reaching a consensus on the level
of complexity is challenging, as echoed by some participants
in our study. Commenting on Fig. 8a, one stated that “each
arrow is the same and it is only their orientation + position
that shows a property. I would not categorize 2-3 dimensions
as multiple (the definition given in the study). In a similar way,
some of the tensor fields provided in the study examples are, 1
believe, somewhat pushing the definition. For the vector field,
I consider the spiral as part of the glyph.”

(@) (b)
Fig. 14: Challenging cases of coding implicit and explicit
stimuli. (a) could show a tree though the edges are absent or
a bar graph. (b) is too abstract to code without the context.
Images from (a) Weiskopf et al. [138] and (b) Suits et al. [120].

One participant mentioned the challenge to label glyphs:
“In doing this study I realized that glyph may have a slightly
different definition when thinking about glyphs for abstract data
(which typically vary in their shape) as compared with glyphs
for continuous spatial data (that might just be little icons, all
the same, that vary only in position/orientation). I used more
of the abstract data definition.” Another participant wrote “I
thought that the stacked circles represent the quantity of the x-
axis, so I consider it is more close to bar-chart representation.”

Implicit vs. explicit drawings, and continuity. Our community
uses implicit edges to characterize trees and graphs [95], [110],
e. g., treemaps use containment where edges are explicit [8].
An expert called out the ambiguous case between “generalized
node-link trees/graphs, networks, meshes” and “generalized
bar representations”, where a figure can be a “tree” with edges
implicitly shown or a “bar” otherwise. The participant (who
has a Ph.D. degree) stated: “While this could be understood
as a tree structure, this tree just shows the underlying space
partitioning of spherical polar coordinates... e. g., one could
argue that this is 3D version of a sunburst chart and thus a
generalized bar chart.” Part of the reason, as the participant
explained “it is unclear whether the data is visualized at all
(why are some of the cutoff pyramids visible and not others).
So, without knowing what the domain is and what the data
are, it is difficult to categorize.”

C. Summary

Our findings and participant results reinforce that experts can
effectively utilize our categorization methods to distinguish
between different categories. The presence of ambiguous cases
should not be seen as a drawback or a factor that undermines
the validity of our typology or the study’s overall results.
Instead, we interpret this ambiguity as evidence of the diverse
uses of knowledge and context prevalent in visualization
representations in our community. In addition, categorization
specifically accounts for this ambiguity and the context-specific
reinterpretation of category assignments.

7. TYPOLOGY USE CASE SCENARIOS

Our image-based VisTypes from the visual appearance of the
essential stimuli can be useful for various evaluation purposes
and downstream tasks. Here, we put our theory into practice
and conjecture future research activities and relevant questions.
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A. Quantification and qualification of visualization: From point
evaluation to large-scale evaluation

Measuring the effectiveness of visualization images is at the
core of visualization research. Many controlled lab experiments
are by themselves “point evaluation,” a comparison of often
elegant, yet simplified representations. Here, in order to
understand why visualization techniques do or do not work,
and to suggest possibilities for new design, it is important to
move beyond point evaluation and to introduce generalizable
scientific measurement of human visual and behavior principles.
In particular, the commonly conclusion that one technique is
better than the other may not always be an effective way
to think about visualization design because the techniques
under investigation may have removed from context uses.
Our typology offers an opportunity to reimagine the theory
of evaluation. For example, we can broaden empirical data
collection by employing a more diverse set of techniques when
comparing visualization techniques. This broader approach
ensures that evaluation recommendations are not constrained
by a limited number of data points or techniques. Moreover,
leveraging large data-driven evidence in large-scale empirical
studies may also enables the formation of new hypotheses that
may not emerge from smaller-scale empirical studies, which
often isolate variables but lack the complexity of real-world,
context-rich uses. Consequently, the richness of VisTypes can
serve as a valuable benchmark, guiding our interpretations of
design. An example would be to extend Cleveland and McGill’s
1984 paper [31] to study a broader set of Bar.

B. Broadening cross-cutting  science

information-processing systems

beyond human

Visualization transcends traditional disciplinary boundaries,
drawing significantly on advances in cognitive and vision
science. Our visualization images contain rich stimuli rep-
resentations that may help gauge and compare information
processors in settings beyond natural environments [104]. This
trend has been reflected, for example, by understanding human-
Al differences for chart interpretation in large-language models
and supervised learning algorithms [9], [50], [67]. In these
cases, Als can be independent observers or collaborators side-
by-side with human observers. Our typology can provide a
benchmark image set to assist the tasks of quantifying observers.

C. A supporting tool for a standard in visualization

Our work can also facilitate community discussions on
standardizing visualization processes. For instance, for the
coordinate system we mentioned in Sect. 1, we could study
how bars appear in the Bar category, observing that a Sunburst
chart is just the result of positioning bars through a polar
transformation. Thus, we could develop a set of transformation
functions to describe the morphological structures in visual
layout, to inform design, e. g., Wilkson’s GoG [141].

We can use our data to understand VIS as a scientific
discipline. Essential stimuli enable visualization scholars like
us to engage in historical analysis of visualization evolution.

Our typology can facilitate studying how the field evolved
over time and compared to other fields. For example, we can
observe and compare the evolution of rendering styles and
methods in a single category, compare design styles across
categories, and attempt to reason about possible influences
such as individual papers, designers, or rendering hardware.
Finally, when writing an overview article, a textbook, or a
lecture series on visualization, categorizations based on visual
appearance can highlight the variety of approaches to specific
techniques or identify aspects essential to a technique.

D. Limitations and future work

Our work is certainly not without limitations. The most
important one is that our categorization is influenced by
the research team behind it and the dataset we use. It
is also influenced by our background and experience in
visualization, the prior categorization we have attempted,
and the techniques we study daily. As such, we release our
codes for the community to explore the data to develop
alternative categorizations. Furthermore, it might be interesting,
for instance, to see how D3.js [17] and SVG [7], [56], and
their examples have influenced the types of images published
in the community. Finally, it would be also useful to examine
how type codes may vary considering data, tasks, and contexts.

8. CONCLUSION

Our image-based typology is a categorization of the visual
appearance of essential stimuli in our research field and how
viewers can use these stimuli to think and drive concepts. The
premise is audacious: the message conveyed by visualization
rooted in the perception of concepts and the knowledge they
contain could be the foundation for all visual sensemaking.
While scholars attempt to evaluate visual representations, bridge
distinct information processors, and educate the general public
and our students, VisTypes can bring representations into a
space where ideas can be discussed, quantified, and compared.
To this end, our VisTypes categorize visualizations, enables
designers and theorists to cope with visual complexity such
that structures and forms of visualizations can be compared,
quantified, and studied within and between types. The vast
amount of image data within our community has greatly
advanced our understanding of how design shapes these types
for downstream tasks, enabling a deeper understanding of the
message conveyed by types.

Our original motivation was partially rooted in the fact
that our community’s intellectual contributions were, for a
long time, organized in three narrow silos (formerly known as
“InfoVis,” “SciVis,” and “Visual Analytics”). Yet visualization
is a much richer area, with many facets that go far beyond such
a simplified consideration [61], [79]. Don Norman says that it
is “things that make us smart” [96]. He argues that our ability
to reason about complex phenomena is only possible when we
externalize our thoughts, data, and concepts. Arguably, data
visualization is one of the most compact and sophisticated ways
to support ‘thinking,” and the visualization community creates
intriguing and intricate ways for such visual depictions of data.
By attempting to categorize this rich body of work directly
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from its source, the images, and the stimuli in publications, we
shed further light on the breadth of our field. Visualizations
are increasingly the currency for understanding intelligent
information-processing systems, and we hope that VisTypes
can expand our understanding of visual design rules for all
information processors, be they natural or artificial.

OPEN ACCESS STATEMENT
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APPENDIX I
SOURCE IMAGE DATA AND OUR VISTYPES DATA

The first six of the seven years of image data come from the
collection of figure and table data from IEEE VIS publications
from 1990-2019 in Chen et al.’s VIS30K [26]. We added the
2020 dataset to the VIS30K data collection. In doing this, we
reused the authors’ (our) approach and the meta-data to remove
all tables (unless part of a figure) and their open-source model
and tools to extract and clean the new figure data of 2020 after
scraping all papers from the IEEE Xplore. The first author
collected and curated the image data for the full year. Other co-
authors checked the final image set. The overall image dataset
is accessible at go.osu.edu/vis30k. This web-based tool
(visimagenavigator.github.io) also allows the viewers
to send an email request to update our image codes (Fig. 15).

APPENDIX II
WHAT THIS PAPER IS NOT?

We compare our typology to others for the purpose of catego-
rization. Our work neither judges the quality of visualizations
nor studies the morphological relationships between visual
designs. Cleveland’s critique of visual constructions [30] and
Wilkinson’s morphology in GoG [141] did so. We also do
not study how designs relate to meaning in images; Cairo’s
Functional Art [22] did this. Our work provides a level of
categorization of main visual foci or essential stimuli — so
we can clearly describe the main visual focus of attention in
these images. In addition, our codes do not cover non-essential
elements, e. g., axis and labels, which are indispensable, but
do not map to data directly.

Approaches for representing data visualizations fall into two
broad categories: those that focus on designers’ drawings and
those that prioritize viewers’ understanding. Ours belongs to
the latter approach. Wilkinson’s GoG [141] is similar to ours
in that it does not use techniques to describe graphics but
contains a ‘generalizable’ list of categories. His categories are
perhaps most typical—called prototypes [127], useful for com-
munication. Wilkinson cautiously noted that his categorization
taxonomy was incomplete, did not represent the visualization
domain, and was designed solely for implementation purposes.
In contrast, our categorization is meant to be complete covering
a much broader set and formally coded by experts through
iterations. Compared to Wilkinson, Heer [52] focused on
atypical drawings of a set of what he called “unusual” and
“exotic” techniques: “you don’t go to the zoo to see Chihuahuas
and raccoons; you go to admire the majestic polar bear, the
graceful zebra, and the terrifying Sumatran tiger.” Also, his
focus was specific advances of specific techniques rather than
categorizing representations. In our typology, we assigned the
atypical images by comparing their similarity to the typical
ones. Finally, in contrast to Cleveland’s vision to understand
visualizations from images— “a graphical method is successful
only if the decoding is effective” [32], he enables ‘elementary
graphical perception’ work through ‘elementary level visual
marks in statistical charts’. In this regard, our work broadens
the purview of representations at the level of essential stimuli.

APPENDIX III
ADDITIONAL CODES: FUNCTION, DIMENSIONALITY, AND
CODING TRANSITIONS

We further describe how difficult it can be to understand images
that were taken out of the context of the text and captions.
Thus, additional decisions were needed in the coding process.
We have also coded two function codes and two dimensionality
codes, as well as experiences concerning the difficulties of
categorizing visualization images (see definitions in Table II.)

A. Pilot Study: Failed VisKeywords-Based Method

The top-21 authors’ keywords for specific techniques are: bar
chart, cartographic map, circular node-link tree, flow chart,
flowline, glyphs, heatmap, isosurface rendering, line chart,
matrix, node-link diagram, parallel coordinate plot, pie chart,
point cloud, scatter plot, tag cloud, timeline, treemap, volume
rendering, Voronoi diagram, and wireframe rendering.

B. Pilot study: Failed Bertin’s Marks and Channels-based
Method

One may consider Bertin’s marks and channels to describe
how we see visualization images. This perspective decodes the
complex perceptual process by describing low-level features,
such as color, shape, size, orientation, curvature, and lines, in
the images first, and then treat visual processing as a means for
the visual system to “bond” together these features to become
a “single representation of an object” [124]. This system uses
five criteria of categorization: printable on white paper, visible
at a glance, reading distance of book or atlas, normal and
constant lighting, and readily available graphics means, which
unfit our categorization of coding essential stimuli to represent
what viewers should see from images.

We demonstrate that relying on low-level features alone is
not enough to understand the images For example, we may
observe in Fig. 16 that edges (lines) in (b) (computed using
the Canny Edge detector) can describe the design feature of
bar edges in (a). However, the bar height in (a) should be the
essential stimulus, and the line descriptor does not show the
bar structures well. In the second example in Fig. 16¢c, we also
show features defined by the Histograms of Oriented Gradients
(HOGsS) (d) for the surface in (c). HOGs let us see structures.
However, it does not show the ‘surface’ in (c).

C. Pilot Study: Consolidation

In Phase 3 Consolidation (Sect. 3-C) we made several
decisions to group stimuli, (1) if two representations share
specific stimuli, (e.g., donut charts use length and thus fall
into the category of “Generalized Bar Representations”, see
Fig. 2) and (2) if a stimulus is closer to one category than
to others, e.g., the geometric wireframe mesh is closer to
“node-link”. We further devise category-specific characteristics,
e. g., the bar examples share common length feature regardless
of the coordinate system; “surface-based Representations and
Volumes” resembles the inside and outside boundaries, and
“Grid” shows the family of layout appearances. Some additional
examples are below. Fig. 17 show our rationale for removing
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timeline from our typology—the judgment depends on the
viewer’s knowledge because drawing the temporal cue may
not always be necessary.

We merged techniques if the visual representations of the
essential stimuli are alike. For example, flowlines, parallel
coordinate plots, and line charts all contain line features. We
merged them into the Line category.

The flow chart category was prevalent and represented the
largest number of figures in the other category of our 2006
coding, thus adding and later further expanding to “schematic
representations and concept illustrations”. The original flow
chart has only captured a limited number of wireframe diagrams.
Many charts and diagrams in visualization papers are visually
rich and contain techniques to illustrate concepts. We expanded
flowchart to “General Schematic Representation, schematic
images, schematic concept illustration”.

We ignored the drawing media used to visualize the
data. Sometimes, it is challenging to determine whether or
not views are hand-drawn or computer-generated. For example,
schematic ones can be drawn by algorithms [70]. “Illustrative
visualization” develops algorithms that would render images
that appear to be hand-drawn. The illustrations in the classical
book of Bertin’s semiotics were also drawn by hand. Hence,
we chose to ignore the media in the subsequent coding phase.
Instead, we emphasize the elements in the figure rather than the
drawing media. For example, a photograph of an environment
(e. g., a virtual reality ) would be coded as “3D”.

We managed annotation, legend, and context. One of
the challenges was treating context information, such as
annotation marks or color legends. Here, we focus on the
primary visual encoding and agree not to code such context
information separately. The color legend is in the “other”
category. Context, unless relevant to the data, is not coded.
Some contextual data, such as geometric models or boundaries,
play a crucial role in comprehending visualization techniques
and, as such, were coded (e.g., “generalized surface and
volume representations” is coded besides “generalized line
representations”, see Fig. 18).

We avoided including data types in the type names. For
example, scalar, vector, and tensor field visualization techniques
can be defined using our typology without mentioning flow
fields or tensors.

APPENDIX IV
WEB INTERFACES FOR ANNOTATING FIGURES

We annotated all images and discussed and compared our
codings via our own web-based interfaces to support our
collaborative work (Fig. 19(a)—(d)). Our web-based tool
automatically loads images and authorizes the users. The users
can tag the given image according to the keyword- or type-
based terms. On the backend of our coding tool, we recorded
every button click from each participant during the coding
process for post-hoc analyses. To resolve code consistency, we
also implemented a comparative interface (Fig. 20) to resolve
all coding conflicts. Again, all coders’ choices were recorded.
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APPENDIX V
ADDITIONAL RESULTS (EXPERTRESEARCHERS)

Fig. 21(a) shows the consistency of the image types captured
in our empirical study. Echoing our own experiences and the
nature of any categorization, we also found in our discussion
that the inconsistent types could be related to personal
differences in education, knowledge, and preferences. Fig. 21(b)
shows the total number of image types by year. We can see a
steady increase in almost all types. Fig. 22 shows “generalized
surface and volume representations” and ‘“‘generalized line
representations” uses over time. Fig. 23 illustrates the co-
occurance of these types.

APPENDIX VI
ADDITIONAL RESULTS (EXPERTVIEWERS)

Fig. 24 shows a list of images where all participants chose
the exact same labels as we did in our own coding. These
examples show that, despite the rich visual features in each
of our types, participants can use our category descriptions to
identify image types. Fig. 25 shows some example images
ExpertViewers participants had mostly disagreed with our
answers. The cases that ExpertViewers found challenging
matched those we ExpertResearchers encountered during the
coding process. Labels were not made available to indicate
the data and the image captions. Participants read the images
alone. For example, Image 1 was coded by ExpertViewers
as Generalized line-based representation. Here, it is very
difficult to determine the types without knowing what the
data represents.

APPENDIX VII
ADDITIONAL IMAGE EXAMPLES ABOUT VISUAL TYPES

While Sect. 4 shows the canonical examples, we present more
image results to show the visual appearances of the images in
each of the 10 types in Fig. 26.

APPENDIX VIII
REUSE OF VISTYPES FOR NON-SCHOLARLY IMAGES

We demonstrated the reuse of our Typology to code Borkin
et al.’s MASSVIS image set [16], in massive media online
images. MASSVIS contained 2,070 images of online media,
infographics, and charts. The code comparison is online at
go.osu.edu/vistypescodedmassvis. MASSVIS contained
many Bar, followed by Area and Line. Not surprisingly, it has
a limited number of images in the Surface/Volume category. We
also observed that the visualizations in mass medium tended
to support fact retrieval since many figures were annotated.

IMAGE COPYRIGHT

We as authors state that the images in Fig. 15, Fig. 16b, Fig. 16d,
Fig. 19— Fig. 26 in this appendix are and remain under our
own copyright, with permission to be used here. We have also
made them available under the Creative Commons Attribution
4.0 International (€@ CC BY 4.0) license and share them at
osf.io/dxjwt. All remaining images are © IEEE, with the
permission to be used here.
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Fig. 15: VisTypes Exploration Tool. An example query showing the Generalized node-link, mesh representation, when both
coders labelled hard. Readers can try the interface online at visimagenavigator.github.io.

TABLE II: The visualization function and dimensionality codes. We coded images based on their function and dimensionality.
Additional codes not listed here were “I cannot tell” to label images that had unclear functions or dimensionalities.

Function Codes Description

Examples

GUI Screenshots or GUI Photos ~ Images that show a system or user interface.

Schematic Representations, Con-

cept Illustrations process or concept.

Often simplified representations showing the appearance, structure, or logic of a

a photograph of a person sitting in front of a given
system, a figure containing GUI features such as
windows, icons, cursor, and pointers (WIMP), or non-
WIMP VR/AR interfaces.

workflow diagrams, algorithm diagrams, sketches.

Dimensionality Codes Description

Examples

2D
3D

Flat representations, no specific depth codes added to renditions.

perspective, lighting, ...).

Representation with specific depth cues that achieve the perception of 3D (shading,

Most statistical charts, most maps, ...
Most volume renderings, ...
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Fig. 16: Low-level features (edges and histograms of oriented gradients (HOG)) extracted from images do not necessarily
represent how humans see. (a) The original image in Sacha et al. [107] and (b) its edges; (c) The original paper image in

Gresh et al. [49] and (d) its HOGs.


https://visimagenavigator.github.io/
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Fig. 17: Rationale to Remove Timeline from VisTypes. We ask the question: Is there a timeline in the figures? Here shows
two examples. (a) yes because of the dates on the x-axis and (b) yes but not so obvious and the judgment counts on the coders’
knowledge. Images from (a) Chen et al. [25] and (b) Song et al. [115].

Fig. 18: Coding context. In addition to “generalized line representations”, we incorporated “generalized surface and volume
representations” because the geometry of the model itself determines the shape of the lines. Image taken from [53].
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Fig. 19: Screenshots of the web interfaces used in Phases 1-3 and Phases 4-5. Phase 1 focused on techniques derived
from authors’ keywords: The coders use the interfaces to code each image. The coding labels and categories were updated
reflecting the results of weekly discussions. These label interfaces show that code revolution over time: from Keyword-based
to Bertin-based to Type-based updates.
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Fig. 20: A screenshot of the web interface for Phase 6. In Phase 6 we resolved coders’ inconsistency through pair-wise
comparisons. Two coders results are shown together. For complex images, coders can also look up the images in the same
paper coded by other coders through paper-based or image similarity-based search.
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Fig. 21: Additional User Study Result on Overall Code Distributions. (a) The initial consistency of visualization type codes
applied to images. We can see that the expert coders (ExpertResearchers) had least consistency related to “generalized glyph
representations”. (b) The total number of image types by year.
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Fig. 22: Additional User Study Result on Dimensionality (color-coded 2D in teal, 3D in lime and ‘I cannot tell’ in
gray). Temporal overview of the proportions of 2D and 3D images for “generalized surface and volume representations” and
“generalized line representations”. We observed a decrease in 3D use over time.
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Fig. 23: VisTypes Co-occurance Results. Coding results from categorizing IEEE VIS paper images according to visualization
types (baby-lue), their dimensionality (gray), and additional image functions (red). There are many 2D Schematics and 2D
GUIs. Surface/Volume occurred the most with 3D representation. 2D bars are also frequently used.
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Fig. 24: Example images for which the participants’ coding completely matched our own coding results. Among these, we
see, from top left to bottom right, 3 area, 6 bar, 2 color/grey-scale, 2 glyph, 5 line-based, 5 node-link, 4 point, 4 surface/volume,

6 text representations, and 2 grid. All these images had difficulty ratings of easy to neural. These examples show that, despite
the rich visual features in each of our types, participants can use our category descriptions to identify image types.

Fig. 25: The Top 24 Most Challenging Images. Among the 180 target images chosen for evaluation, 24 images are ordered from
least to most codes coded by ExpertViewers with a Ph.D. degree, from top left to bottom right. The ExpertResearchers-coded
type was tagged on each image. Intuition. People tend to count on the presence or absence of the ‘design element’, rather
than the ‘essential stimuli’. e.g., people mostly coded 1, “generalized line representations’; Participants mostly responded
no to our code 2. “generalized matrix and grid” and 18. “generalized area representations”; In our codes, we do not code
color when color does not encode data. Thus, image 22 has only one code “generalized text representations”. Participants also
coded “generalized continuous color/grey-scale/texture representations” for 22. Image 17 is a difficult case. Lines could reveal
surfaces rather than the geometry form alone. We coded “generalized line representations” because we were uncertain about the
representation and thus took the visual appearance alone. Readers can find the participants’ answers using the greenynamentag
online at go.osu.edu/visTypeExpResult.


https://go.osu.edu/vistypeexpresult
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Fig. 26: VisTypes Image Examples. More single-code image examples in our VisTypes data.
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