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Considerations for Visualizing Comparison
Michael Gleicher Member, IEEE
Abstract— Supporting comparison is a common and diverse challenge in visualization. Such support is difficult to design because
solutions must address both the specifics of their scenario as well as the general issues of comparison. This paper aids designers
by providing a strategy for considering those general issues. It presents four considerations that abstract comparison. These considerations identify issues and categorize solutions in a domain independent manner. The first considers how the common elements of
comparison—a target set of items that are related and an action the user wants to perform on that relationship—are present in an
analysis problem. The second considers why these elements lead to challenges because of their scale, in number of items, complexity of items, or complexity of relationship. The third considers what strategies address the identified scaling challenges, grouping
solutions into three broad categories. The fourth considers which visual designs map to these strategies to provide solutions for a
comparison analysis problem. In sequence, these considerations provide a process for developers to consider support for comparison
in the design of visualization tools. Case studies show how these considerations can help in the design and evaluation of visualization
solutions for comparison problems.
Index Terms—Information Visualization, Comparison, Taxonomies, Visualization Models, Task Analysis.

1 I NTRODUCTION
Comparison is a common thread in data analysis and visualization
tasks. It might involve looking for differences between two CT scans,
looking for similarities between several fluid flows, finding trends in
a set of social networks, or finding common patterns in a library of
genetic sequences. Regardless of the data type or domain, analysis often requires understanding the relationships among multiple objects.
Such comparisons are often challenging as they combine the issues of
individual objects and their relationships. This paper provides a framework for considering comparison to aid in designing tools to help users
with comparison tasks.
For example, consider the scenario of an instructor interpreting
email traffic data for a class with project groups. Comparison is more
than just finding differences. For example, the instructor may want
to: compare traffic patterns between groups to identify differences and
connect these differences to project performance; compare individual
students to dissect how similar usage patterns lead to desirable outcomes; or compare overall patterns to their expectations to determine
if assignments are working as planned. Existing frameworks for visualization design (e.g., [59]) can help designers address such specific
scenarios. For example, data abstraction considers the email data as
a weighted network, allowing the use of principles and designs from
other network problems (such as biological networks). Task abstraction helps identify the user’s needs to match them to a tool design.
However, such frameworks rarely break tasks down beyond the broad
“compare” (Sect. 2.2), and offer little guidance in how to map these
tasks to comparison solutions.
This paper provides an abstract framework to aid in designing solutions for scenarios involving comparison. The framework consists of
a series of four considerations that help understand comparison tasks,
their challenges, and their potential solutions:
• Identify the Comparative Elements: Comparisons involve two elements, a set of targets (i.e., the set of items being compared) and an
action performed on the relationships (e.g., similarities and differences) among these targets. In the class email examples, the targets
include group traffic patterns, individual usage patterns, and the instructor’s expectations. The actions on relationships include identifying them, connecting them to outcomes, and dissecting them to
• Michael Gleicher is with the University of Wisconsin–Madison. E-mail:
gleicher@cs.wisc.edu.
Manuscript received xx xxx. 201x; accepted xx xxx. 201x. Date of Publication
xx xxx. 201x; date of current version xx xxx. 201x. For information on
obtaining reprints of this article, please send e-mail to: reprints@ieee.org.
Digital Object Identifier: xx.xxxx/TVCG.201x.xxxxxxx

Authors pre-print. DOI pending.
Paper is accepted and will appear in October, 2017

find explanations. Section 3 discusses the comparative elements.
Identifying targets and actions in a comparison provides a basis for
understanding the challenges a visualization should address.
• Identify the Comparative Challenges: Comparisons grow difficult
for three categories of reasons: the number of items to compare, the
size or complexity of the items, and the size or complexity of the
relationships between items. In the example, the number of items
(students or groups) is unlikely to grow very large, but the individual
items (e.g., the traffic patterns within a group) and the relationships
between them are complicated. Section 4 describes the categories
of comparative challenges. Identifying the key challenges in a comparison helps in selecting a strategy to address it.
• Identify a Comparative Strategy: The comparative challenges all
involve a scalability problem. Section 5 categorizes solutions to
such problems into three broad strategies: scanning sequentially,
selecting a subset, and summarization. Matching strategy to challenges and user needs is important. In the class email example,
finding outliers in long lists may be best supported by a scanning
strategy, whereas a summarization strategy may be more appropriate for handling very complex patterns within groups. Section 5
describes the broad categories and how they may be supported in
comparison applications.
• Identify a Comparative Design: Prior papers [37, 77] suggest that
visual designs for comparison fall into three categories: juxtaposition, superposition, and explicit encoding. The choice of a design
must align with the other considerations. In the example, the complex relationships between group traffic patterns may make superposition designs inappropriate or a summarization strategy might
lead naturally to an explicit encoding. Section 6 reviews the visual
design categories and connects them to the other considerations.
Comparison is a common need for users, and visualization can often
help. Visualization can support comparison without explicitly addressing it. For example, a tool designed to examine one object at a time can
be used for comparison by relying on the viewer’s memory, or objects
can be compared using multiple displays in separate windows. However, comparison tasks are best supported by tools designed to address
comparison. The four considerations provide a framework (summarized in Fig. 1) that can help understand why such explicit support
for comparison is helpful and how it can be designed by exposing the
challenges in comparison scenarios and matching these challenges to
solutions.
The primary contribution of this paper is a framework that abstracts
comparison tasks and the approaches that support them. The framework comprises a series of four considerations that may be used in
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Fig. 1. Overview of the four considerations of comparison and the abstract categories they impose.

sequence to understand a comparison task and to help design visualization support for it. The considerations help identify how specific
support for comparison can aid users with their tasks. The paper provides concise categorizations of the spaces1 of the answers to the questions that can serve to organize problems and prior solutions. The paper also provides examples, in the form of case studies, that illustrate
the value of this approach in designing comparative tools.
Visualization is only one of many approaches to help with comparison. These various analytics approaches fit together: statistical, computational and visual tools are often combined. This paper focuses on
visualization for comparison, although its considerations may apply
more broadly and can help articulate visualization’s role in the broader
toolbox. Similarly, this paper treats comparison as a special type of
analysis, with unique challenges that are worthy of specific consideration. However, these considerations may apply more broadly. Indeed,
one may take the viewpoint that much, if not most, of analysis can be
viewed as comparison.
2

BACKGROUND

This paper uses the term comparison in its broad, common usage. The
dictionary definition of comparison (specifically of its root verb compare) is “the examination of the similarities and/or differences between
two, or among a set of, items2 .” This definition has two clear elements:
a target “set of items” and an action (e.g., examination), performed on
the relationship (e.g., similarities and differences) between them.
This paper avoids classifying systems as “comparison” and “noncomparison.” It is difficult to define a clear and consistent binary
criteria. Users often find ways to perform comparative tasks even if
systems were not explicitly designed to support them. A system may
serve comparative goals or provide lessons for the designers of future
systems even if the authors have not written about their approach in
terms of comparison, or explicitly thought about comparison in the
design and development of their system. Sect. 3 discusses how we can
view tasks in terms of having two elements, targets and actions, rather
than defining an absolute standard of being a comparison.
2.1

Considering Visual Comparisons

There is a long historical tradition of creating visual designs that better
support comparison. For example, Tufte’s volumes (especially [78])
give many historical examples, and Playfair’s initial “invention” of the
line graph was to illustrate a comparison (see [21] or [16, Fig. 6]).
Visualization tools can explicitly support comparison in many ways.
For example, they may make it easier to address practical issues in
viewing multiple objects side-by-side (e.g., [1]), provide interaction
techniques to help examine such juxtaposed views (e.g., multi-view
coordination [67] or guaranteed visibility view controls [60]), use visual designs to make such views more effective, or provide alternatives
to juxtaposition. The diversity of comparative tools exhibits a diversity
of comparative designs. This paper provides an abstract framework to
help understand and organize this range.
Prior work surveys the range of visual solutions to comparison
problems. Some surveys focus on particular visual designs, such as
Tufte’s chapter on small multiples [78]. Others focus on the range of
solutions for a specific data type. For example, Graham and Kennedy
[39] survey a range of visual mechanisms to compare trees. Several
1 Technically, these are spaces, not typologies, because the categories are
not mutually exclusive [9, 54].
2 This definition is consistent across multiple online dictionaries, although
they differ in how they refer to the items.

other surveys consider methods for comparing flow fields [64, 79, 80].
Gleicher et al. [37] presented a broad survey with over 100 different comparative visualization tools from information visualization domains, organized by their comparative visual designs (see Sect. 6).
These surveys focus on the visualization solutions; in contrast, this
paper focuses on understanding the comparison problems.
A number of papers consider user performance at comparative tasks
using various visualizations. Sometimes these studies focus on comparing methods for specific tasks, such as Livingston et al.’s [53] evaluation of scalar field comparisons or Alper et al.’s [4] evaluation of
brain connectivity graphs. Other papers explore design decisions and
perceptual abilities for particular designs, such as work on comparing
groups in scatterplots [38] or star glyphs [35]. Such evaluations are
useful in understanding tradeoffs in specific designs, and perceptual
abilities that designs may exploit. This paper takes a top-down view
to understand the problems that designs may be trying to address.
Another important source of background is the rich literature on
perceptual issues related to comparison. The perceptual and cognitive
science communities have considered the problem of visual comparison for decades, see Farell [29] for a historical review. The interpretation of visualizations can be complicated by a variety of phenomena including “change blindness” (see Rensink [66] for a discussion
of these phenomena, and Franconeri [32] for a discussion of relevant
limitations in the mechanisms of perception). Some findings from perceptual science may have direct impact on the design of comparison
methods. For example, translated copies of an object are easy to compare [51], but factors such as texture, orientation, scale, space, and
time may complicate comparison [50].
2.2

Task Abstraction

The visualization literature has a significant interest in understanding and categorizing abstract notions of task; see Brehmer and Munzner [13] or Schulz et al. [73] for recent works with historical retrospectives on the task analysis literature. Most task characterizations
include comparison within their scope. In surveying task typologies,
Brehmer and Munzer [13] list no fewer than 10 other papers that have
“compare” in their task catalog (the number may be higher considering synonyms). The breadth of comparison within these surveys
varies: in [13] it is deeply nested as a type of “query” which is a type
of “motivation.” In other taxonomies, such as Kehrer et al. [47] and
Wehrend and Lewis [81], compare is a top level broad category. The
work of Roth [68] makes comparison a major category of tasks and
distinguishes several types of comparison (e.g., comparing within a relation vs. comparing between relations). Andrienko and Andrienko [6]
also include comparison as part of their abstraction of task with a broad
view that describes comparison between parts of a single data set; what
others might call comparisons between data sets would be within a
union set. While this breadth is similar to Sect. 3, they do not consider at a high level what one might do with these comparison targets.
While the prior work distinguishes comparison from non-comparison,
we instead seek to identify common ideas that can be applied across
the diversity of comparison scenarios, and possibly to situations that
are not obviously comparison.
Many papers provide specific, comparative tasks in discussing the
motivations or evaluations for specific designs. These tasks are usually
specific to their domain and data type. For example, Alper et al [4] list
tasks for brain connectivity analysis and Piringer et al [65] provide
tasks for comparing function ensembles. Sect. 3.2 identifies abstract
categories in an argument for the diversity of comparative tasks.

2.3

Surveying Comparison in Visualization

The lack of a crisp classification between “comparison” and “noncomparison” makes a broad and systematic literature survey challenging. Instead, this paper’s framework is based on informal explorations
of the literature, thought experiments, and experiences of applying
these ideas to design visualization solutions. The paper uses representative samples3 chosen to help make its points. To help assess the
completeness of the categorizations of Sections 4-6, a survey of the
literature augmented our experience to provide examples. This informal experiment helps confirm that all examples of “compararison
solutions” fit into our framework.
A semi-automated literature search helped provide examples for the
survey. The survey collected papers from visualization conferences,
over the years 2007-2015. It included only major conferences (InfoVis, SciVis, VAST, Pacific Vis and its predecessors, IV, BioVis, etc.),
providing a set of 2881 abstracts. Simple text tagging (word spotting) found forms of the word “compare” (e.g., comparison) appear in
354 abstracts, and variants of “similarity” (e.g., similar, differences) in
321. The unsatisfying nature of this simple approach helps expose the
diversity of how comparison appears in the literature. The top scoring documents (percentage of comparison words in the abstract) often
did describe a visual tool for supporting comparison, where multiple
objects are specifically considered. However, this set of documents
also included many that described comparisons of visualization methods or conditions in a perceptual experiment. Some papers that describe visual comparison techniques or systems did not show up at all
(their abstracts did not contain the specific words). More sophisticated
searching may help, but there are two deeper issues. First, the authors
may not have written about their approach in terms of comparison, or
even explicitly thought about comparison in the design and development of the system. Second, the authors and/or their users may not
think of their task in terms of comparison (see Sect. 3.3).
Even an informal scan through the visualization literature provides
a wide range of examples of tools and methods that assist users with
comparisons. Some solutions are very specific to particular objects
from specific domains, such as process plans (i.e., Gantt charts [41])
or molecular surfaces [70], while others consider generic data types
such as graphs (e.g., [5, 24, 48, 55]) or scalar fields (e.g., [34, 62]).
3

W HAT

ARE THE COMPARISON ELEMENTS ?

The broad definition of “compare” involves two elements: the targets,
the set of items being compared, and an action that is being performed
on the relationship among them. The first consideration of comparison
is to identify these elements in the analytic task. These elements lead
to the challenges that may be addressed by a visualization tool.
Brehmer and Munzner [13, 59] also use targets and actions as elements in their general approach to task abstraction. However, in their
typology, comparison is a type of “query” action that has multiple targets; they provide little discussion of what one does with the targets.
With our focus on comparison, the action represents what the user
wants to do with the relationship among the targets, while the targets
are a set of things that are to be related. After discussing targets and
actions for comparison, this section discusses issues in naming them.
3.1

Targets: what is being compared?

The targets, the set of items to be compared, play a central role in
comparison. Once the targets are identified, the properties of the set
can be used to identify comparison challenges (Sect. 4). General task
abstractions (e.g., [13], [73]) often define comparison by the cardinality of this set: a comparison is an analysis with more than one target.
However, when considering comparison broadly, there is more subtlety in how the target set is defined.
In some comparisons, the target set is a set of multiple, known and
available items. We call this an explicit target set, and it is the commonly considered case. In contrast, implicit target sets have hidden
targets, sometimes appearing to only have one (explicit) target. For
3 This

paper intentionally over-samples from work the author was involved
in as we know how the comparative thinking process was applied.

example, the user may compare an item to their expectations or memory of an item they have seen previously. Implicit targets can enter into
explicit comparisons, for example if multiple explicit targets are also
compared against an implicit baseline. We term comparisons where
implicit targets are important as implicit comparisons.
Implicit comparisons are important, but not well-explored in the literature. The framing of a problem as implicit comparison may be helpful in developing mechanisms for engaging user knowledge in analytic
tools. For example, the need to present objects in a similar manner to
make them more easy to compare also implies that objects should be
presented in ways that match the user’s internal targets. Using familiar
scaffolds for data can offer one approach. Sarikaya et al. [69] discuss
an example where violating this principle led to failure: use of a correlation matrix was rejected by virologists who needed to see genetic
sequence data in a familiar form. Similarly, the graph layout literature offers examples of trying to perform layout to match user models
(see [7, 8, 33]), while Wood and Dykes [82] describe how to lay out
treemaps to match spatial expectations (such as for geographic data).
Liu and Stasko [52] explore mental maps more generally.
Explicit comparisons have identifiable target items. However, there
may be a gap between what is identifiable and what has been identified. For example, the set of objects to compare may be known by
the user, but not by the visualization tool, forcing the user to view the
items independently. In other cases, the user may need assistance in
identifying which items to compare, or may not even think about their
comparison as multiple objects (see Sect. 3.3).
3.2 Actions: what to do with relationships?
In the spirit of Brehmer and Munzner [13], we categorize tasks in
terms of the actions that people want to do; however, they (as well as
most prior taxonomies, see Sect. 2.2) consider “compare” as a single
broad category. This is insufficient as comparison is many more specific actions. In the spirit of Andrienko and Andrienko [6] we define
these actions as being about a relationship abstractly, leaving flexibility in terms of what the relation and target set is. As in their work, we
consider relations beyond similarities and differences, such as patterns
and trends.
Action categories are verbs that describe what a user may want to
do with a relationship on the target set. They are chosen to be abstract
enough that a small set covers most of the common cases, with enough
specificity that they suggest design goals:
• Identify the relationships among items.
• Measure/Quantify/Summarize those relationships.
• Dissect a relationship; that is, to examine the relationship in detail
to understand it better.
• Connect relationships, for example, to put multiple differences together to assemble a more complete concept, or to understand the
variety within a set of items.
• Contextualize how a similarity/difference fits into the bigger object
of which it is part.
• Communicate/Illuminate a relationship (i.e., explain it to others).
This categorization of actions conveys the broad range of comparative
tasks. In prior work, consideration of comparison is often limited to
the first identify action.
Some action categories involve identifying the relationships, while
others use ones already known. There is some parallel with Bertin’s
purposes for visualization (presentation vs. exploration) [11], which
was extended by Schulz et al. [73] to expose, confirm, present. However, purpose and known relationship are not strictly connected: exploration might involve dissecting known similarities, while a presentation might require the viewer to identify differences important to them.
Comparison can occur in all purposes.
3.3 Naming: what do users call the elements?
The framework defines comparison tasks in terms of targets and actions. However, domain users may have alternate ways to describe

their tasks. They might consider the set, or the relationship directly.
For example, a user may be comparing numbers or examining a series (that is composed of numbers). In biological applications, a user
might consider their task to be examining a sequence alignment or
browsing synteny, rather than than comparing among different sequences (see [2, 25, 56] for examples of this naming diversity). In
scientific computing, users consider the task of exploring an ensemble (e.g., [31, 44, 49, 65]); tasks include comparison between members
within ensembles or between different ensembles.
There is a tradeoff between using the terms and metaphors preferred
in a domain with making comparison explicit to better understand the
tool design challenges. A mismatch in naming can be either a source
of confusion, or an opportunity for insight into tool design:
• These namings often imply collection or comparison objects that
can be useful in the design of systems. For example, thinking in
terms of “understanding alignments” has inspired designs for sequence comparison, and may be valuable in other domains where
alignments are common (e.g., registering images).
• There may be clues in the namings as to the user’s true comparative
intentions. For example, in looking at a scatterplot they might not
be as interested in individual points as they are in comparing groups
or clusters. In simulation ensembles, users often seek to understand
variability or consensus rather than individuals.
• If a named object does not exist, there is an opportunity to introduce
new concepts. For example, a system could make the concept of
alignment explicit to users comparing small graphs, or explicitly
consider groups and clusters.
Another variant of naming that can make the set of comparison objects less explicit are tasks that involve comparing parts or regions of
a single object. In some sense, these internal comparison tasks are just
a renaming (it is an explicit comparison of the parts). But such tasks
often involve finding the set of parts to compare (e.g., [34, 43]), and
less clear boundaries between them.
3.4

Lessons
At the heart of quantitative reasoning is a single question:
Compared to what? – E. Tufte [78, p. 68]

Calling a task “comparison” is neither necessary nor sufficient.
Comparison may be a range of specific actions. The user may call
it “examining a relationship” or may not consider the object set explicitly. Many analytic tasks can be framed in terms of relationships
among target objects. Exposing the set of target objects, or the realization that the set is not known or implicit, can help match the user’s task
to what the system can support. Appreciating that a user’s goal may be
something beyond identifying a relationship can help focus tool design
on user problems. Thinking in terms of comparison, with a target set
and action on the relationship among them, enables the considerations
of the next sections.
4 W HY IS IT A DIFFICULT COMPARISON ?
Not all tasks with comparative elements require a designer to explicitly
consider comparison in creating a solution. However, the comparative
elements of a task, once identified, can be examined to see if they are
likely to be challenging factors for the user, and, therefore, worthy of
consideration in tool design. The elements of comparison (target set,
relationship, and action) lead to three different ways that the “hardness” of an analysis problem may scale:
1. the number of items being compared;
2. the size or complexity of the individual items;
3. the size of complexity of the relationships.
These three factors form a space for comparison problems. The factors
can occur independently: a given problem can be hard in any one axis
or along multiple axes. There are often correlations — for example,
larger items tend to have more complex relationships.

The three factors abstract the primary ways that comparison problems become challenging. An analysis problem that is low in all of
these factors is less likely to benefit from thinking about it as a comparison in order to design a tool to support it. However, even simple
comparisons may benefit from creative design — for example, Ortiz [63] discusses comparing two small numbers.
Number of Items Being Compared: Comparison grows difficult as
the number of objects being compared increases. Comparing two objects is generally easier than comparing many objects, other factors
being equal.
Many comparative visualization tools support comparison between
two items (e.g., the original Unix diff program, or specialized tools
such as TreeJuxtaposer [58], Mizbee [56], the designs in [3], and
many others in our literature scan). Comparing two items seems different from comparing even “a few” items — many of the designs
used for two-way comparison do not scale to even three. Graham and
Kennedy [39] also distinguish designs for comparing two trees from
comparing multiple ones. The prevalence of two-way comparison is
an open question: Is there less need for multi-way comparison? Is
three-way fundamentally harder than two-way?
The set of targets to be compared may be ordered, or represent samples along a continuous axis. For example, temporal comparisons, i.e.,
multiple comparison targets that are the same object measured at different times, have both of these properties. Challenges in visualizing
temporal sets have been explored (for example [17, 23]). Properties of
the set of items should be considered in designing support for comparison. For example, a set’s natural ordering may facilitate comparison
because relationships between nearby elements and trends along the
ordering are most interesting. Conversely, existence of a natural ordering may preclude reorganizing the data to expose relationships because violating this ordering may cause mismatches with the viewer’s
mental map.
Size/Complexity of Items Being Compared: Some items are easier
to compare than others. Objects typically grow harder to compare as
they grow larger or more complex. Simple objects, such as lists or
time series, can grow challenging to compare. Complex objects such
as weighted graphs [4] can be difficult to compare even when small.
Either kind of growth can challenge users, and deserves consideration
in tool design.
With large items, the parts that relate may be relatively small. Such
scale mismatches cause finding a difference to be like searching for
a needle in a haystack. Conversely, larger objects offer the potential
to have larger relating parts. Large relationships are not equivalent to
complex ones. For example, in comparing two (potentially very large)
images, there might be a single pixel that is changed (change is small
relative to the object), one image is dimmed in which case the relationship is big (change is the size of the large object), or the change
may involve many sub-regions that move (a complex relationship).
Multi-scale comparison problems, where the interesting relationships
are much smaller than the items being considered, raise common challenges such as finding the small relationships (e.g., differences) and
showing them with enough context such that they can be interpreted.
Size/Complexity of Relationships: The size and/or complexity of a
relationship between objects is different from the size/complexity of
the objects themselves. For example, with two long lists the relationship might be simple (e.g., the elements in each correspond, so comparison can be a simple element by element check), or complex (e.g.,
the lists can have different orderings and elements without simple oneto-one correspondences).
Larger and more complex items, and larger sets of items, afford
more opportunities for more complex relationships. However, simple
relationships may be meaningful in complex data sets. For example
the YMCA mesh comparison system [72] considers collections (more
than three) of large meshes, however, it focuses on examining small,
localized changes in meshes that are otherwise very similar.
4.1

Lessons

Once the key challenges of a comparison are identified, a designer can
focus on choosing an approach to address them. Similarly, evaluation

should focus on the kinds of scalability that matter to the problem: if
the designers are able to provide a tool that addresses the real challenges of a problem, sacrificing the ability to scale in some other way
should not be a detriment (especially if the decision was explicit and
stated).
Few systems tackle all three comparative scale problems at once.
There are examples of systems for considering complex relationships
among dozens of large objects. However, addressing all three often
leads to compromises (e.g., the case study in Sect. 7.1). Successful
approaches often limit which challenges they face: considering two
(or a few) items, considering only simple items, or only considering
simple relationships. While such restrictions narrow the scope of utility, they also can help lead to more successful designs.
5 W HAT IS THE STRATEGY ?
The three challenges of the prior section are all issues of scale: the task
has “too much” of something and this taxes the user’s perceptual and
cognitive limits. Effective comparative designs must address the scale
challenges of the task, whether it is challenging in terms of number of
items, size/complexity of items, or size/complexity of relationships.
Methods to address scale can be categorized broadly by user strategy:
1. Scan Sequentially: the user will examine items serially;
2. Select Subset: the user will examine a smaller set of items;
3. Summarize Somehow: the user will examine an abstraction that
concisely describes the items.
Identifying a user strategy can help in creating designs that address
scale. Designs should provide affordances that encourage and support
the strategy. Each strategy may be effective at addressing any of the
challenge types. Some strategies may be more directly appropriate to
a particular challenge, and each has common pitfalls.
Scan Sequentially strategies imply a linear examination as an ordered process. They are more directly adapted to challenges involving
numerous or large items. However, a design must make scanning efficient to be effective at scale. Ordering is also critical to the success of
scanning strategies. By showing the most important items first, good
ordering enables the user to stop before the scan is complete. Ordering
can also help address complexity by placing related items together.
Select Subset strategies imply that the user will not see all of the
data. The strategy most readily applies to challenges involving numerous or large items. At scale, this requires a design that explicitly
creates the subset, through selection, filtering, or sampling (see [27]
or [12]). Designs can mitigate issues that arise from the reduction, for
example to allow the user to retain context of the larger set or be aware
of difficulties arising from the incompleteness.
Summarize Somehow strategies build abstractions of the larger set
that concisely describe their properties. Such summaries are typically
statistical (e.g., parametric models such as means or counting models
such as binning). However, other options include visual summaries
that provide an overview pre-attentively [75]. To support a summarization strategy, a visualization must consider two aspects: how to
create the summary and how to present it.
In comparison, summarization can happen in two orders: first the
relationships between objects can be found and these relations are
summarized; or first the items are summarized and these simplified
items are compared. This distinction is raised in discussions of flow
comparison [64, 80]. They pose a trichotomy of comparison “levels:”
data, feature, and image. These levels refer to stages in a flow analysis process where different degrees of abstraction have been applied.
Data refers to the raw data, feature refers to abstracted data, and image
refers to the resulting imagery. This idea extends beyond flow comparison: comparison may be applied at different levels of abstraction.
Conversely, abstraction can be applied to to the targets, the relationships, or the visual representation. For example, a set of genetic sequences may be abstracted (e.g., subgroups of sequences abstracted
into consensus sequences or simplified by considering genes instead
of base pairs) before or after the relationship (alignment) is computed;
the alignment itself may be simplified (e.g., using edge bundling), or

even a depiction of the alignment may be abstracted (e.g., creating
a density map from an edge diagram). Multiple summarizations can
happen within a comparison process.
5.1

Lessons

Managing size and complexity is common across analytic applications. Categorizing the strategies enables identifying challenges and
cataloging solutions from prior experience. Without support from their
tools, users will apply some strategy to manage the complexity in their
problem. Building tools that support what users are likely to do, for
example, to examine a set of items (or a large item) systematically, or
to help users keep track of selected subsets, is a step towards assisting with comparison. Conversely, exploring a different strategy might
lead to more effective solutions.
Sometimes, designs inadvertently interfere with strategies. Spatial
layouts may help expose patterns and clusters, but also make a systematic scan over the elements more challenging. Edges showing connections between items, for example in a node-link diagram or connecting matches in gene sequences, visually summarize to a blur [2].
Solutions may require either computational approaches (such as edge
bundling [40]) or visual designs that support summarization by the
perceptual system [2, 76].
Designers of analysis tools, especially those for comparison, must
make a myriad of choices in creating a tool. Understanding the scalability challenges in a scenario and making an explicit choice of strategy provides a process that can help create solutions that address key
needs.
6

W HICH

VISUAL DESIGN ?

In a prior paper [37], we posited that there are three basic designs for
visual comparisons (Fig. 2):
1. Juxtaposition: items placed in different spaces (next to each other).
2. Superposition: items placed in the same space (on top of each
other). This is sometimes called superimposed.
3. Explicit Encoding: the relationships are visualized.
These basic designs are sometimes combined. This initial categorization focuses on one aspect of visualization design: it does not consider
other key elements such as interaction, or what encodings should be
used. Tominski et al. [77] show that the three designs have physical
analogs and use these to extend them from visual designs to interaction
techniques that provide control over different aspects of these layouts.
They also introduce a spectrum of the sub-tasks common across many
(if not all) comparisons.
Javed and Elmqvist [45] consider the ways to compose two views
(for uses beyond comparison), and point out two strategies beyond juxtaposition and superposition (although they call it super-imposition):
overloading and nesting. These two additional combination strategies can be applied for comparison and for multi-way combinations.
For example, the VAICO image comparison system [71] insets small
pieces from other images inside the primary image to show differences and would be considered a nested design in their categorization. Within the original three-way categorization, these new categories would be considered superposition as they show the objects to
be compared in the same space. What these new categories suggest is
a design space of different ways to combine objects in a single view to
realize superposition.
The range of designs for combining multiple pieces of information
in the same space is termed “Visual Multiplexing” by [15], who give
an extensive categorization of designs and exploration of the design
space. Their work is more general than comparison as they consider a
wide range of situations where visual elements are shown in the same
space. Their categorization is organized by the mechanisms used by
the viewer to de-multiplex (i.e., pull apart) the different signals. While
the multiplexing concept extends beyond superposition for comparison, it provides a diverse set of suggestions for superposition designs,
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Fig. 2. The three visual designs from [37] shown on a simple example: comparing two time series. The three basic approaches for comparative
visualization are (a) juxtaposition, (b) superposition, (c,d) explicit encoding of relationships.

and provides a framework for assessing and choosing amongst superposition designs. These strategies may provide designs that can address some of the issues in superposed designs. However, their model
of multiplexing may not be a perfect fit for all comparison tasks as it
focuses on the ability of the viewer to pick out the original information that has been combined. In contrast, for some comparison tasks
the mixing of the signals is valuable as it helps the viewer see a combined object that can expose the relationship among the original ones.

strategies. It seems more natural to fit these design aspects to a strategy, rather than vice-versa. However, choosing a good strategy is of
little use if it cannot be realized in an effective manner. There is an
emerging catalog of specific examples of layouts, encodings, and interactions for comparisons, finding ways to abstract these components
is important future work.

6.1

The visual comparison design space can be a useful tool in design. If
a choice is not working, a designer can either experiment by making
a different choice, or use the prior knowledge about design type to
look for ideas. Organization of design ideas by layout strategy offers
a way to find solutions from disjoint places. For example, looking at
juxtaposition designs can offer ideas including interaction techniques
(e.g., [60]) and visual design (e.g., [47, 78]).
The choice of design strategy relates closely to the comparison challenges. For example, neither superposition or juxtaposition designs
naturally scale to many items. Superposition becomes cluttered with
many objects in the same space. Juxtaposition with many items separates them, hindering some kinds of comparison. Either approach
requires some strategy for managing the complexity, although juxtaposition may naturally support scanning.
One way to develop novel solutions is to challenge the common
approach for a specific problem. Challenging prevailing wisdom requires finding ways to preserve the desirable elements of the prevailing approach. For example, Dasgupta et al. [26] noted that the
common “spaghetti plot” for comparing time series does not scale to
larger numbers of series, so they provided a new design that is primarily juxtaposition, but with superposition elements (including a reference) to aid in comparison. Similarly, Sequence Surveyor (Sect. 7.1,
Fig. 3, [2]) uses juxtaposition, rather than the common explicit encoding, to address scalability concerns of existing approaches.
There have been experiments that compare specific designs for specific applications (e.g., [55] for matrices, [7] for small graphs, and
[46] for time series). However, more general guidelines for choosing
among the three design types, and developing effective combinations,
have been elusive. Explicit encodings require the relationships to be
known (so that they can be encoded), and often remove relationships
from their contexts within objects. Superposition designs require the
items to be similar enough that they can be shown in the same space,
and require careful visual design to provide for scaling along any challenge axis. Juxtaposition places much of the burden of working with
relationships on the viewer, which creates issues with scaling.

Comparative Spaces and References

Layout of the individual items is important to all comparative designs.
For superposition designs, this is critical as (by definition) the items
being compared must be in the same space. For juxtaposition designs,
having similar layouts can reduce the burden on the viewer. For explicit encodings, the space may or may not relate to the space of the
original objects. In cases where the items are not naturally in the same
space (that is, they need to either be given a spatialization or need to
have their spaces aligned), something must choose the space. For example, in graph visualizations, even the same graph may have very
different visual representations (see [61] for an example that exploits
the diversity of possible layouts). Control over layout can have broad
applicability in steering the kinds of questions a visualization can answer [74], so other concerns may complete with comparative needs.
In some designs, a particular item of the set being compared is chosen as a reference. All other items are shown relative to this reference,
for example all are aligned to the reference, shown in the coordinate
system defined by the reference, or shown with the reference superimposed (e.g., [26, 47]). Many systems allow for the user to select
a reference object to which other items are aligned (e.g., [2, 18, 19],
Fig. 4 and Fig. 5). Kehrer et al. [47] introduced the idea of multiple references which offers a powerful extension. In some situations
reference-free designs are attractive because they do not emphasize
one item over another.
6.2

Other Aspects of Design

The three-axis space focuses on a particular aspect of visualization
design: the layout of the presentation. Careful design choices are required to make any of the three design strategies work. For example,
careful choices of visual encodings are necessary to help viewers build
connections and see differences between juxtaposed views, to merge
information so it can be later separated in superposed views, or to
present complex explicit encodings. The understanding of the perception of comparison (Sect. 2.1) and a growing understanding of perceptual abilities for summarization (see Szafir et al. [75] for a survey) can
inform visualization design.
Interaction is often a mechanism for addressing scalability concerns
in visualization. It applies across the space of comparative designs.
Interaction can be used as a mechanism for addressing issues with a
design strategy, for example, using brushing and linking to help establish connections between juxtaposed views or using focus+context or
detail on demand techniques to reduce clutter in superposed views.
The process implied by our design strategy consideration is to
choose the strategy first, and then to choose other design aspects (e.g.,
encoding and interaction) as details to address issues in applying these

6.3

7

Lessons

C ASE S TUDIES

Case studies demonstrate the utility of the comparative considerations.
In each, the sequence of considerations identified challenges, which
enabled the creation of an appropriate design.
7.1

Sequence Surveyor

Our work in sequence comparison visualization, for both biological
and text applications, provide clear examples of the considerations of
comparison. Sequence Surveyor [2] illustrates the four considerations.

Fig. 3. Mauve [25] (left) and Sequence Surveyor [2] (right) displaying ten E. coli and Shigella genomes. Mauve uses the conventional explicit
encoding showing connections between aligned blocks, while Sequence Surveyor uses a configurable colorfield that makes important relationships
salient. Different color and ordering configurations expose different relationships.

Fig. 4. Sequence Surveyor [2] showing ten E. coli and Shigella
genomes, the one marked with a green square is set to be the reference. All other genomes are aligned to this row, allowing for similarities
and differences to be quickly assessed.

The TextDNA System [76] is an evolution of Sequence Surveyor designed to address its issues in applying it to a different domain. LayerCake [18, 19] approaches a seemingly similar problem to Sequence
Surveyor, but the considerations of comparison highlight the differences in the challenges and helped guide a different solution.
Sequence Surveyor was developed concurrently with the framework of this paper. It was designed to help genetics and evolution researchers make comparisons amongst multiple bacterial-sized
genomes. The targets of the comparisons were explicit, the set of
gene sequences that had been aligned. However, the domain collaborators refered to their task as “exploring a multiple sequence alignment.” This naming was an important reminder that the alignment
between genomes was an explicit object in their thinking. For example, a key task (and most successful use case for Sequence Surveyor)
was to evaluate alignments for debugging. The comparative actions
were less clear: such large and diverse collections of sequences were
unprecedented, so the biologists were unsure of what they would be
looking for. This lack of clarity in actions to support led to designs
that emphasized flexibility, at the cost of ease of use.
The comparative challenges were easy to identify given the elements. The application demanded addressing all three challenge types:
number, as the biologists were assembling collections of dozens of
genomes to compare; size, as each genome was large, and complexity, as the alignments included significant re-arrangements, replacements, replications, and other complex patterns. No existing tool
could address all of these dimensions of scale simultaneously. For
example, Mizbee [56] and Combo [28] compared pairs of genomes,
MAUVE [25] scaled to a handful of smaller genomes, and virology
tools (discussed below) handled small genomes with simple relation-

ships.
Sequence Surveyor chose strategies to address each of the scaling dimensions. To scale to longer sequences, it used summarization
(specifically visual summarization). To scale to more sequences, it
facilitated scanning through the list by providing a compact visual design that put many sequences on screen together in an ordered fashion and an interface for reordering that further enhances the utility of
sequential reading. To combat relationship complexity, Sequence Surveyor provided different mechanisms that reordered the genes within
the sequences to expose patterns, and for choosing the alignment reference interactively (Fig. 4).
For its visual design, Sequence Surveyor chose a juxtaposition design, going against the convention in sequence alignment visualization tools of using an explicit encoding to show connections between
aligned sequences (Fig. 3). The design used a dense colorfield, with
each sequence as a row. The juxtaposition design relies on the viewer’s
ability to make the connections to find patterns; however, the scalability strategies provided ways to make this work at scale. The reconfigurability of the display can cause meaningful (but complex) patterns
to become visible.
In attempting to address all three types of comparative scalability, as
well as to provide for “scalability in task,” Sequence Surveyor made
a tradeoff. Flexibility and reconfigurability allow the tool to expose
many different types of relationships across many different scales.
However this flexibility comes at the cost of usability: Sequence Surveyor provides a vast number of options, a user must somehow choose
which configurations meet their needs and interpret the resulting display. The later TextDNA system [76], adapted the Sequence Surveyor
approach to document collection exploration (i.e., comparing texts and
groups of texts) but attempted to address the complexity of use issue
in order to appeal to a broader audience.
7.2

LayerCake

The LayerCake system [18, 19] (Fig. 5) had a seemingly similar comparison task to Sequence Surveyor: compare a number of genetic sequences. However, the considerations of comparisons expose that the
specific domain (virology) has much different needs, leading to a different solution.
The comparison targets in the LayerCake problem were explicit,
there was a set of viral genomes, each a mutation of the basic virus
(called a variant). Unlike in Sequence Surveyor, this set is relatively
homogeneous, with only small differences between members, alignment is simple as there are no rearrangements. However, the basic
virus is well known to the virologist users who spend years studying
specific viruses. Thus, there was a non-trivial element of implicit comparison, as tool users needed to relate their observations to their prior
knowledge of the virus’ structure. The comparison actions were well
defined. While identifying the sites of mutations could be automated
(by differencing with a reference), two important tasks emerged: the
differences had to be dissected to understand which were significant;

Fig. 5. The LayerCake system [18, 19] visualizing viral populations from 14 individuals. Two different reference selections are shown. Each row
represents the mutation counts for each position along the virus’ genome within an individual animal. Sequences are shown in reading order. A color
encoding displays the counts in a dense manner. To scale to the viral lengths (size of items), the design uses a summarization strategy (binning)
and provides focus+context tools to support close inspection required for key tasks (e.g., inspection and dissection). To scale to larger numbers
of individuals, a juxtaposition design is used that supports re-ordering and the selection of any individual (or consensus of set of individuals) as a
reference. The choice of different references allows for judgments even at a distance (different references are chosen in the left and right images).
The juxtaposition orderings can place related individuals close together, allowing for comparison across groups (colored labels).

and the differences had to be connected to see which sets of mutations occurred commonly across different groups of sequences. The
latter requires LayerCake to support comparison among groups of sequences, not just individual sequences. This meant that comparison
also needed to consider targets that were groups of genomes.
LayerCake offered comparative challenges in number and size of
the items to be compared. Virologists needed to compare dozens of
variants. While viral genomes are relatively short (relative to the organisms considered in Sequence Surveyor), they need to be examined
at the level of individual base pairs, meaning the sequences to be considered were far larger than the number of pixels (even on a massive
display), yet individual element differences could be significant.
The strategies chosen in LayerCake were to summarize to address
the size of the sequence, and to support scanning to address the number of sequences. The visual design is similar to Sequence Surveyor,
a juxtaposition design where each genome is represented by a color
band. However, the problem led to very different details. Because
the virtologists needed to make implicit comparisons with their understanding, genomes must be presented their standard order. Reordering to expose patterns was not acceptable. Grouping and rearranging the different variants allowed a virologist to expose connectiosn where variants had similar mutation patterns. Later versions
of LayerCake [18] integrated more automated tools for filtering significant mutation sites, so that the viewer could more rapidly compare
among sets of sequences. LayerCake makes an important tradeoff:
LayerCake is highly specialized to its application, but this allowed it
to provide a more effective solution by focusing only on the challenges
of the application.

were potentially long. Depending on the challenges of a specific task,
an appropriate strategy and visual design were chosen. Three task
specific designs are illustrated in Fig. 6. The three designs include
all strategies: subset selection is applied to show only the strongest
matches in the topic matching view (Fig. 6a), scanning is enabled by
sorting the word lists in order (Fig. 6b), and (visual) summarization is
employed to show document lists in (Fig. 6c).

7.3 Topic Model Comparison
Our work on Task-Driven Topic Model Comparison [3] emphasizes
the value of identifying the elements of comparison. The broad problem of comparing complex statistical models seemed daunting. However by considering specific comaprison tasks, each with specific targets and actions, we could design effective solutions. The targets were
never the entire topic model, instead, examining the tasks revealed that
users wanted to make comparisons between components of the models
(such as word lists) or outcomes of the model (e.g., near-neighbors of
documents).
Each specific topic modeling task had different targets and actions,
leading to different challenges. In all cases, the tasks has similar number, i.e., comparing a pair of topic models. However, the size of the
items varied: lists of topics were small, lists of words and documents

3. As part of selecting a design strategy, consider how the user will
address the exposed scale challenges with the system. The three
abstract categories of scalability strategies — scan, subset, summarize — can focus the choice of solution, suggest issues that must be
considered, and help match the design to the users actions.

8

D ISCUSSION

The four considerations for comparison, in sequence, provide a process by which to develop support for comparison within the development of a visualization solution. They each fit in with, and augment, a
phase of the visualization design process4 :
1. As part of task/requirements analysis, identify the comparative elements in the problem, the set of targets and an action on the relationship among them. Merely labeling the task as comparison
or not (as most task taxonomies suggest) is neither necessary nor
sufficient. Identifying the targets and actions allows consideration
of user needs as well as enabling the subsequent steps that expose
potential issues and help match them with solutions.
2. As part of abstracting the data, consider how the comparison creates scalability challenges that must be addressed in a successful
solution. Comparative scale challenges — number of items, size
of items, complexity of relationship — provide broad categories to
look for in analysis and address with designs.

4. As part of creating the specific visual design, consider how to
choose between, and potentially combine, the strategies for visual
comparison designs. The three abstract categories — juxtaposition,
superposition, explicit encoding — each have benefits and drawbacks in how they match with different comparative challenges,
scalability strategies, and data characteristics.
4 My visualization class terms this Task, Data, Design, Details, but the
names from Munzner’s nested model [58] also apply.
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Fig. 6. Three of the visual comparison designs used for topic model comparison. Topic model comparison [3] addresses a number of analytic
problems, each with different comparison targets and tasks providing different challenges. In turn, these were addressed using different strategies
and designs. (a) To identify similar topics, algorithmic alignment is presented with an explicit encoding that shows only the most important matches
(subset). (b) To dissect an identified pair of topics, the word lists for the topics are shown juxtaposed allowing the viewer to scan the lists to see if
the differences are semantic. (c) To convey the effects of the differences over the model, a buddy plot uses visual summarization in a juxtaposition
design to convey how different document distances are correlated between models. Each row represents the distance to a particular document,
every other document is encoded as a circle with the distance in model B in the X coordinate, and the distance in model A in the color. A blue to
red ramp along the row would indicate perfect correspondence.

The considerations offer broad groupings of the space of problems
and solutions. In particular, the last three considerations offer a particularly concise set of axes as the “three threes.” They seem to cover
the range of comparison problems seen in the literature, yet provide a
small enough set of categories that significant variation is connected
in meaningful ways.
8.1 Integration of Visualization and Computation
This paper focused on visualization solutions for comparison problems. However, only the fourth consideration explicitly mentions the
visual design. The framework may have utility in designing non-visual
analytic tools. The four considerations also help in understanding how
visualization may fit into the analytic arsenal for comparison and suggesting how visual and non-visual tools may be combined.
Computational and statistical analysis have important advantages
for comparison. Statistics provides excellent tools for measuring and
quantifying differences, and understanding whether a difference is significant. Computational approaches excel at finding specific things in
large sets (including differences, providing the targets can be modeled). Descriptive statistics provides a robust and rigorous approach
to summarizing data, if it falls into a form that is readily characterized. Approaches can be designed to be (statistically) unbiased (although unintended bias effects can still occur [30]), while biases in
perception and cognition are harder to design around. However, these
advantages have corresponding deficiencies, where visual approaches
can be more desirable. Computational approaches require modeling
what kinds of relationships are being sought; more complex relationships can be hard to model. Computational approaches require explicit
modeling of invariances to denote what kinds of variation should be ignored, otherwise insignificant things can lead to large differences (e.g.,
noise or off-by-one errors). Computational approaches can give concise answers, but these answers can be difficult to contextualize with
the broader data set.
However, computational and visual comparison approaches need
not compete: the two methods can be used together. Hybrid approaches bring the benefits of each. There are several broad categories
of ways that visual and computational approaches can fit together:
1. Using analysis to drive visualization: Computational methods can
address comparison challenges. For example, explicit encodings
require analysis to find the relationships to encode and most summarization techniques involve computational foundations. Computationally determined differences can drive navigation allowing
the user to “tour” differentiated sites in order to help structure their
sequential scanning. Analysis can factor out uninteresting variation, for example by aligning sequences or images. This saves the
viewer from having to ignore unimportant differences and can enable superposition.

2. Visualizing analysis results: Analytic comparisons often benefit
from visual presentation of their results. Even simple statistical
comparisons (e.g. T-tests) can benefit from visual presentation
[20, 22]. More complex analyses can be made easier to understand
through a visual presentation. Visualization offers the potential for
helping throughout the modeling process [36]. Visualizations can
help contextualize analytic results by showing them in more familiar form and communicating the results by presenting them in a
more broadly understandable form.
3. Using visualization and interaction to control analysis: Analytic
techniques require some specification of what differences to look
for. Visualization and interaction can address this issue. For example, interactive visualization approaches (such as [10, 14, 42])
build distance metrics for analytically measuring differences between items. There are many ways in which user control over automated analysis can be aided by visual an interative approaches,
see Muhlbacher et al. [57] for a categorization.
8.2 Conclusion: Why Comparison?
This paper has avoided making a distinction with what is not comparison. Instead, we suggest considering the degree to which comparative
elements cause challenges that are worthy of consideration. Tasks that
are obvious and explicit comparison may not offer challenges worthy
of consideration; conversely problems that are not obvious comparisons may be considered in terms of the comparative elements so that
the considerations apply. Comparison is a lens to assess data analysis
problems to inform and analyze the design of solutions.
Thinking in terms of comparison with these four considerations has
helped us more effectively design solutions for comparison problems.
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