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Multi-View Design Patterns and Responsive Visualization for
Genomics Data

Sehi L’Yi and Nils Gehlenborg

Abstract— A series of recent studies has focused on designing cross-resolution and cross-device visualizations, i.e., responsive
visualization, a concept adopted from responsive web design. However, these studies mainly focused on visualizations with a single
view to a small number of views, and there are still unresolved questions about how to design responsive multi-view visualizations. In
this paper, we present a reusable and generalizable framework for designing responsive multi-view visualizations focused on genomics
data. To gain a better understanding of existing design challenges, we review web-based genomics visualization tools in the wild. By
characterizing tools based on a taxonomy of responsive designs, we find that responsiveness is rarely supported in existing tools.
To distill insights from the survey results in a systematic way, we classify typical view composition patterns, such as “vertically long,”
“horizontally wide,” “circular,” and “cross-shaped” compositions. We then identify their usability issues in different resolutions that
stem from the composition patterns, as well as discussing approaches to address the issues and to make genomics visualizations
responsive. By extending the Gosling visualization grammar to support responsive constructs, we show how these approaches can be
supported. A valuable follow-up study would be taking different input modalities into account, such as mouse and touch interactions,
which was not considered in our study.

Index Terms—Responsive visualization, multi-view visualization, genomics, visualization grammar

1 INTRODUCTION

The proliferation of digital devices (e.g., smartphones and tablets) led
to an increased diversity of input and output modalities, such as dis-
plays with different sizes and resolutions and support for new user
interactions. This makes the design of visualizations that can be useful
across a variety of contexts more challenging. A series of recent stud-
ies [1, 2, 21, 30–32, 67] has focused on designing cross-resolution and
cross-device visualizations, i.e., responsive visualizations, a concept
adopted from responsive web design [16]. Its design space, as well as
actual needs of responsive visualization designers, has been explored
through surveys and interviews [21,30]. Another set of studies explored
ways to design responsive visualizations based on manual and auto-
matic approaches [21, 31, 32]. While these studies comprehensively
explored the area of responsive designs, they mainly focused on visu-
alizations with a single view or a small number of views. Combined
with the complexity and size of multi-view design space [10,17,18,41],
there are still unresolved questions about how to design responsive
multi-view visualizations.

In this paper, we focus on the design of responsive multi-view vi-
sualizations for genomics visualization, which is an important but
challenging problem. Due to the complexity of genomics data (e.g.,
multi-modal and multi-focus aspects [42]), visualization plays a key
role in the genomics field. Many data portals for large audiences [54,70]
provide built-in interactive visualizations for exploring data, reflecting
the importance of visual analytics and visual communication. For ex-
ample, a sizable number of visitors of the NIH Human BioMolecular
Atlas Program (∼25% in a typical month) and NIH 4D Nucleome
Consortium (∼10%) data portals, are using mobile devices1. Moreover,
while high resolution displays are popular in these days, many hospi-
tals still use old devices [60], making it important to support smaller
resolutions.

However, most genomics visualizations do not scale well to smaller
resolutions, limiting the accessibility of genomics data for a large
audience. For example, our survey results in this paper show that re-
sponsiveness is rarely supported in real-world genomics visualization
tools, leading to a wide range of usability issues. In addition, according
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to our survey results, genomics tools commonly combine many types
of visualizations, even more than in the general multi-view visualiza-
tions [10]. This makes it even more challenging to design responsive
genomics visualization given the limited scalability of smaller screens.

We present a reusable and generalizable framework for designing
responsive multi-view visualizations focused on genomics data. To
gain a better understanding of existing design challenges, we review
web-based genomics visualization tools in the wild. By characterizing
tools based on a taxonomy of responsive design, we find that respon-
siveness is rarely supported in existing tools. To distill insights from the
survey results in a systematic way, we classify typical view composition
patterns, such as “vertically long,” “horizontally wide,” “circular,” and
“cross-shaped” compositions. We then identify their usability issues
at different resolutions that stem from the composition patterns and
discuss approaches to address the issues that need to be resolved to
design responsive genomics visualizations. By extending the Gosling
visualization grammar for genomics data [42], we show how these
approaches can be seamlessly supported in visualization grammars.
Since we did not consider different input modalities, such as mouse and
touch interactions, follow-up studies will be needed to better support
interactive aspects across different devices.

Key contributions of this paper are three-fold:

• The identification of multi-view design patterns and usability is-
sues of genomics visualization tools in varying screen resolutions
through a systematic survey (N=40);

• The identification of responsive designs for addressing common
usability issues; and

• The extension of Gosling for responsive multi-view designs
demonstrated with real world examples.

2 RELATED WORK

2.1 Responsive Visualization
The term “responsive visualization” was introduced in the more recent
literature, but similar ideas have been explored in the human–computer
interaction and visualization domains even longer. For example, opti-
mizing the layout of graphical user interfaces depending on window
sizes has been a popular research topic [45, 46]. In the visualiza-
tion domain, display scalability [12], one of key design challenges in
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visualization, is related to responsive designs. Semantic zooming [51]—
changing the visual representation of elements depending on the context
of visualization—can be considered a form of responsive design. While
the change of visual representation with semantic zooming is most com-
monly triggered by change in scale (i.e., showing detailed glyphs when
the visualization is zoomed in very far [52]), some researchers adopted
this idea considering the space availability on the screen as a main
triggering factor. For example, GazeDx [61] switches between three
different visualizations of the same data (i.e., line charts, histograms,
and bar charts) depending on the size of its container panel, controlling
the level of information granularity conveyed in the visualizations. Sim-
ilarly, ThermalPlot [62] dynamically shows additional details in their
glyph representations when the given region of the visualization has
sufficient space. Responsive matrix cells [23] in another example based
on a focus+context technique that controls the level of details based on
the available screen space. In the area of mobile visualizations, Wu et
al. [67] suggested an automatic approach for updating visualizations to
a mobile-friendly design by fixing common usability issues found on
smaller screens.

More recently, development of responsive visualization approaches
is being discussed more frequently in the literature, indicating a greater
need for solutions [1, 2, 4, 21, 22, 30, 32]. Andrews and Smrdel [2], for
example, explored the potential use cases of responsive designs with
bar charts, line charts, scatterplots, and parallel coordinates. Several
studies later expanded knowledge on responsive visualizations in terms
of the design space and user needs through surveys on web journal
responsive visualizations [21, 30] and user interviews [21, 30]. Horak
et al. [22] also reviewed design strategies for responsive visualization,
such as layouts and encodings. Researchers also explored the interface
aspects of designing responsive visualizations [21,31,32]. Hoffswell et
al. [21] presented a shelf construction-based graphical user interface
for authoring responsive visualizations. Kim et al. [32] built an auto-
mated method to design responsive visualizations based on constraint
programming. Most recently, Kim et al. [31] proposed a declarative
visualization grammar for responsive design, as well as a user interface
and a recommendation model built on top of the grammar.

While these studies comprehensively explored the area of responsive
design, they did not specifically focus on multi-view visualizations.
Considering the complexity and large size of the design space for
multi-view visualizations [41], there are still many unclear aspects on
how to design useful responsive multi-view visualizations. Focused on
genomics data, we extract common usability and scalability issues of
visualization tools in varying screen resolutions and present approaches
to overcome the issues to make genomics visualization responsive.

2.2 Multi-View Visualization

Many visualization studies contribute to our current knowledge about
the design space for multi-view visualization as well as understanding
their usefulness for different visualization types, tasks, and datasets.
There are many survey papers that explore the various design options
for constructing multi-view visualizations [10, 13, 18, 26, 41]. Javed
at al. [26] proposed four operations to compose multiple views: jux-
taposition, superimposition, overloading, and nesting. Focused on
comparison tasks, Gleicher et al. [18] identified three primitive building
blocks to arrange multiple views, i.e., juxtaposition, superposition, and
explicit-encoding. These arrangement techniques were revisited later
in a meta-review study [41] which further expanded the design space.
Another set of studies focused on providing design guidelines based
on the results of empirical studies [25, 40, 41, 49, 53]. For example,
many controlled user studies are conducted by researchers to evaluate
the usefulness of arrangement types for selected tasks [25, 40, 49]. Qu
and Hullman [53] conducted a Wizard-of-Oz study to understand how
to consistently use visual channels across multiple views. Based on
the review of research papers, including controlled users studies, L’Yi
et al. [41] discussed trade-offs of using different view-composition
techniques and provided practical design guidelines. While the area
of multi-view visualization has been explored in-depth, we still have
little knowledge on how to change multi-view designs depending on
screen resolutions to enable responsive multi-view visualization. In this
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Fig. 1. The structure of genomics visualizations with tracks and
track groups. A track refers to a visualization that can be classified as
one of visualization types. A track group represents a set of tracks that
are aligned to the same genomic axis and coordinated for synchronized
navigation with zooming and panning.

paper, we adopt design guidelines suggested in the area of multi-view
visualization to identify approaches that address common multi-view
usability issues that we characterize.

3 NOMENCLATURE: VIEW, TRACK, AND TRACK GROUP

Consistent with a survey study on multi-view visualizations [10], we
define a view as a visualization that can be classified as one of several
common visualization types [5], such as bar charts, line charts, and
scatterplots. Since our study focuses on genomics data, we additionally
consider conventional genomics visualizations as common visualization
types [47], such as gene annotations, ideograms, sequence logos [58].
Genomics data visualizations commonly have a nested structure of
views, consisting of tracks and track groups. For the purpose of this
paper, we use a common genomics term “track” [47] to refer to a
view. Therefore, a track is the same as a view, and “multi-view” in
the paper title is the same as “multi-track.” A track visualizes a single
dataset, and up to two of the x- and y-axes can represent genomic
locations, i.e., genomic axes. A track group represents a set of tracks
that are aligned on the same genomic axis for the concurrent analysis
of multiple datasets. Genomics visualization tools commonly support
synchronous navigation with zooming and panning for multiple tracks
that belong to the same group. Fig. 1 illustrates three tracks that use
the x-axis to represent genomic positions and are aligned and grouped
to a single track group. Actual visualization examples can be found in
Fig. 5. For example, Fig. 5A shows three track groups each of which
contains one or multiple tracks. In the remainder of this paper, we use
the terms “tracks” and “track groups” consistently throughout the paper
to refer to the structure of genomics visualizations. More details on
the background of genomics visualizations can be found in our paper
describing the Gosling genomics visualization grammar [42].

4 SURVEY OF GENOMICS VISUALIZATION TOOLS

To better understand current challenges of designing responsive multi-
track visualizations for genomics data, we reviewed a total of 40 ge-
nomics visualization tools in the wild. Through this survey, we identify
typical multi-track composition patterns and their usability issues at
different screen resolutions.

4.1 Method
We first looked into total 188 web-based genomics visualization tools2

from two websites that provide large tool collections: GenoCAT [59],
an extension of a survey on genomics visualization tools [47], and
awesome-genome-visualization [15] which is created and actively main-
tained by a member of the JBrowse team [8]. For an efficient and fo-
cused review process, we excluded the following tools from our survey,
reflecting the scope of our research. First, we excluded tools that do
not visualize genome-mapped data [42], i.e., tools that do not include
visualizations that use a genomic coordinate system (e.g., Metaviz [63]).
Second, we excluded tools that do not have working online demos. If
a tool provided multiple online demos, we used the first demo from

2As of March 17, 2022.
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Fig. 3. The observed usability issues of genomics visualizations by five different resolutions. Track Out, Group Out, and Vis. Out refer to
issues where individual tracks, track groups, and entire visualizations, respectively, become larger than the viewport and cannot be displayed within a
screen. Unreadable refers to an issue that marks become too small to interpret. Occlusion refers to an issue where multiple marks overlap.

the list in our survey. Third, we excluded visualization libraries (e.g.,
Circos [36]) unless they provided online demos. We did not consider
libraries themselves in our survey because we are mainly interested in
reviewing tools for end users, i.e., interfaces with visualizations already
composed. However, if a visualization library or framework provided
a demonstration-purpose analytics interface (e.g., HiGlass App [28]),
we included the interface to our survey. Fourth, since we are mainly
interested in multi-track visualizations, we excluded a few tools with
only a single track. Lastly, we excluded any duplicated tools (i.e., many
tools were found in both collections). After the filtering process, we
obtained a list of 40 unique tools. The list of all tools is available in the
Supplementary Material.

With the selected 40 tools, we collected the following data:

• Support of responsive designs [30]

• Multi-track design patterns [10]

• Usability issues in varying screen resolutions [67]

First, we wanted to understand to what extent existing genomics
visualization tools support responsive designs. To identify responsive
designs, we used a taxonomy of responsive visualization [30], while
trying to find any other unique designs for genomics visualizations.
Second, we collected multi-track design patterns in existing tools, such
as the number of tracks and track groups shown in the tools, as well
as their composition patterns. We also recorded the dynamic nature of
composition patterns, i.e., how tracks and track groups can be added
by users on top of previous composition statuses, if tools allowed
adding additional tracks. To concisely express and record multi-track
composition patterns in our survey, we adopted a tiling algebra [68],
which is a set of constraints to express the topology of panels in user
interfaces. For example, equations of A|B and A/B express that the
track A and B are arranged horizontally and vertically, respectively. To
reflect the context of genomics visualizations, we slightly modified
the algebra, e.g. to distinguish tracks and track groups and to express
repetitions. For example, [A]/[B/C] expresses that three tracks are
arranged vertically while the last two tracks are grouped to a single
track group. Third, we identified usability issues at different screen
resolutions. We adopted the five categories of usability issues that were
found in a survey on mobile visualizations [67] and extended them to

seven categories to reflect the characteristics of genomics visualizations.
These usability categories are illustrated in detail with visual examples
in the following sections.

When reviewing each tool, we used five different resolutions that
were chosen from previous studies [4, 21, 67]. We used three devices,
i.e., Desktop (1920×1080), Google Nexus 9 Tablet (1024×768) [4],
and iPhone X (375×812) [21, 67], and two orientations [21] for the
two mobile devices, i.e., portrait and landscape. The resolution of each
device represents standard logical resolutions that are effective in CSS.
Following previous studies [21, 67], we used Chrome DevTools3 to
simulate different devices and orientations when reviewing individual
tools. All survey results illustrated in this section are available in the
spreadsheet in the Supplementary Material.

4.2 Descriptive Results
The summary of descriptive survey results are shown in Fig. 2 and
Fig. 3. A majority of tools (85%) displayed visualizations in linear
layouts only (i.e., using Cartesian coordinates) while several tools
(15%) supported circular layouts as well (i.e., using polar coordinates)
(Fig. 2A). The tools showed on average of 8.1 tracks (SD=9.4) and 2.4
track groups (SD=3.8) by default when a user opens the tools for the
first time (Fig. 2B-C). However, more than half of all tools (52.5%)
allowed users to add as many tracks as they want on top of the default
tracks and track groups. More than half of the tools (55%) provided
multiple levels of scale, i.e., showing overviews and detail views.

4.3 Lack of Responsive Designs in Genomics Tools
We found very limited support of responsive designs in genomics vi-
sualizations tools. When we characterize tools based on a taxonomy
of responsive designs [30] (Fig. 2D), we find that seven tools (out of
40) did not support any responsive designs at all. Among the tools with
responsive designs, the majority (29 out of 33) supported simple layout
changes only, e.g., resizing the width and height of tracks and track
groups. Controlling the level of information granularity is considered
to be an important factor in responsive designs [30], but this was rarely
observed (3 tools that removed labels). The non-layout related respon-
sive designs (4 tools) are all related to text labels only in individual
tracks, such as removing, relocating, or resizing them. Notably, none
of the genomics tools changed arrangement of views across different

3https://developer.chrome.com/docs/devtools/
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screen resolutions (e.g., “serialize layout” in the taxonomy [30]). This
indicates that although genomics visualization commonly contains mul-
tiple tracks, responsiveness in terms of multi-track design patterns is
neglected. In addition, we barely found responsive designs that update
data (e.g., filter certain categories) or encoding (e.g., alter to more
compact visual representations), which are other common responsive
designs according to surveys [21, 30]. Overall, our survey results show
that there is substantial need to improve the support of responsive
design for genomics visualizations.

4.4 Typical Track Composition Patterns
Before discussing the usability issues of genomics visualization tools,
we first classify their patterns for composing multiple tracks. Having a
better understanding of composition patterns will enable a more sys-
temic analysis since usability issues of multi-track visualizations often
stem from their composition patterns. We classify track composition
patterns into four exclusive categories: vertically long, horizontally
wide, circular, and cross-shaped compositions. Adopted from the idea
of text variant visualizations [24], we visually summarize the variants of
track composition patterns in Fig. 4 which cover 92.5% of all surveyed
tools. To demonstrate how actual visualization using these composition
patterns looks like, we show examples for the four patterns in Fig. 5.
Using the tiling algebra [68] (Sect. 4.1), we considered each track
composition pattern of a tool as a sequence of tracks and tracks groups
(operand) and arrangement types (operator). These sequence variants
are then merged into four categories, i.e., the union of all sequences
per category. The details about how to read the summary visualization
(Fig. 4) are described in the caption.

Vertically Long A majority of genomics tools (70%) uses vertical
juxtaposition only (Fig. 4A). The number of tracks juxtaposed in such
tools in their default settings varies greatly, between two and 52 tracks.
All tools in this category used linear layouts (i.e., using Cartesian
coordinates to encode visual representations) and mapped genomic
positions to the x-axis. Many of such tools (11 out of 28) provided
only one track group as can be seen by the thickest edge in the second
track group (Fig. 4A-2), but more than half of the tools (6 out of
11) allowed users to add an unlimited number of tracks. Some other
tools used multiple track groups. For example, a comparative browser
CEpBrowser [9] showed two main track groups (Fig. 4A-2 and A-4)
with two additional track groups with overview ideograms (Fig. 4A-1
and A-3). Several other tools [48] used multiple track groups to provide
multiple levels of scales (Fig. 4A-2, A-4, and A-5), such as showing the
whole genome, a specific chromosome, and additionally a local region,
simultaneously.

Horizontally Wide Although rarely observed, one tool [19] uses a
composition pattern that is opposite to vertically long tools, i.e., using
serial juxtaposition as the primary arrangement for composing many
track groups (Fig. 4B). In this tool, a small number of tracks are stacked
in a track group while as many track groups as users want can be added
horizontally, making the entire visualization horizontally wide. This
tool is different from the vertically long composition in that it focuses
on seeing multiple genomic locations (e.g., genes of interest), while
vertically long tools focus more on seeing a few number of genomic
loci but with many tracks.

Circular Another set of tools (15%) contains circular tracks which
make the composition patterns more complex than vertically long or
horizontally wide composition. In our survey, all tools in this category
showed only one circular visualization (Fig. 4C-1) that combines up
to two track groups. Similar to track groups in vertically long tools,
the most common composition patterns are stacking multiple tracks in
parallel along the genomic axis (i.e., the thickest edge in Fig. 4C-2).
As shown with the repetition representation (i.e., three dots and the
grey ruler), users were able to add as many tracks as they want in
several tools [20]. For the purpose of comparing multiple genomes,
a subset of tools allowed composing at most two track groups into
a single circular shape using either serial juxtaposition (Fig. 4C-3)
and parallel juxtaposition (Fig. 4C-4). Several tools showed linear
tracks, in addition to circular tracks. In such tools, circular tracks are

served as overviews (i.e., showing larger regions in the genomic axis)
while additional linear tracks are showing more local genomic regions
(Fig. 4C-5, C-6, and C-7) [37].

Cross-Shaped Another category of unique composition patterns
stem from the use of ‘2D tracks,’ i.e., tracks that encode two genomic
axes using both the x- and y-axes, such as matrix visualizations [29,56].
In such tools, multiple 1D tracks can be juxtaposed on a 2D track in
either two (i.e., leftward and upward) [56] or all four directions [29],
providing contextual information on the two genomic axes. Multiple
of such cross-shaped track groups are then composed in an either flow
layout [56] or grid layout [29].

4.5 Usability Issues by Composition Patterns
Based on our composition pattern categories, we identify the usability
issues. The five common usability issues are shown in Fig. 3. Also,
these issues in different visualization types and composition patterns
are illustrated in Fig. 6 and Fig. 7, respectively. These categories
were initially taken from a survey on mobile visualizations [67] and
are extended to reflect the structure of genomics visualizations in our
survey (Sect. 3): an “out of the viewport” category has been extended
for three components, i.e., track, track group, and visualization. These
categories include (1) track out of the viewport, (2) track group out of
the viewport, and (3) visualization out of the viewport, which refer to
issues where individual tracks, track groups, and entire visualizations,
respectively, become larger than the viewport and cannot be displayed
within a screen. Another category is (4) unreadable visual marks,
i.e., marks becoming too small to interpret, which was observed in
many tools without any support of responsive layouts (e.g., resizing
visualizations depending on resolutions). The last one is (5) visual
occlusions (i.e., multiple marks being overlapped on top of each other)
which was most frequently observed with text labels.

These five usability issues are related to two main factors that are
frequently discussed in multi-track visualization design [41]: display
scalability [12] and effectiveness of performing tasks. The first three
categories (i.e., out of the viewport) are directly related to the display
scalability while all five categories are related to the effectiveness. For
example, tracks in a track group are intended to be explored together
(e.g., seeing gene annotations to gain contextual information while
browsing multiple experimental samples using bar charts). However,
since such information cannot be displayed within a screen, users have
to rely on their working memory to retain information from distant, no
longer visible tracks (e.g., scrolling vertically and/or horizontally). This
results in inaccurate and inefficient analysis [18]. For example, one
tool [9] stacked two comparative track groups each of which contains
over than 20 tracks (Fig. 7A–B). As a result, performing compari-
son tasks between track groups becomes challenging as users have to
use vertical scrolling for a long distance (Fig. 7B). While it would be
desirable to allow users to interactively adjust the compactness of visu-
alizations, a majority of vertically long tools did not support resizing
tracks or track groups at all (18 out of 28). If tools force users to use
horizontal scrolling, in addition to vertical scrolling, due to the out of
the viewport issues, the overall usability of a tool decreases [38]. The
main issue of horizontally wide tools is when looking across multiple
track groups, e.g., inspecting similar features around multiple genes
of interest (Fig. 7C). One of typical usability issues for circular and
cross-shaped composition tools is that adding a small number of tracks
often makes individual tracks very tiny in smaller screens, leading to
readability issues (Fig. 7D bottom and Fig. 7E left).

4.6 Visualization Types with Frequent Usability Issues
Identifying usability issues that are specific to track types can be helpful
for visualization designers when they want to create tracks that should
work properly across different resolutions. In our survey, some visu-
alization types consistently showed usability issues in smaller screens
(Fig. 2E and Fig. 6). The tracks that heavily use text annotations, such
as lollipop plots [20], frequently led to visual occlusions (Fig. 6A).
Some track types were vertically too long to fit on a screen in mobile
devices, i.e., track out of the viewport (Fig. 6B–D). A set of such ex-
amples is tracks that visualize multi-dimensional quantitative values,
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such as heatmaps [19] or segregated bar charts [11] (Fig. 6B). Another
set is track types that piles up glyph representations vertically, such as
transcript annotation tracks [66] and read-level alignment tracks [55]
(Fig. 6C). In some extreme cases, these pile-up tracks became much
larger than the viewport as they try to pile up all visual elements in
the given narrow screen space [66]. Other tracks that are commonly
not shown within a screen includes regular matrices [56] and rotated
matrices [39] (Fig. 6D).

4.7 Comparison to Compositions Outside Genomics
In this section, we compare our survey results with a survey of track
composition patterns outside genomics [10]. This comparison can

reveal the unique challenges of responsive designs for genomics visual-
izations. We found that the nature of multi-view composition patterns
is quite different between genomics and non-genomics visualizations.
When we compare our survey results with a survey on general multi-
track visualizations [10], we find discrepancies in two main aspects:
the number of tracks and frequent arrangement types.

In their survey, the majority of multi-track visualizations “presents
less than five [tracks]” [10]. Genomics visualizations, however, con-
tained more tracks on average by default (i.e., 8.1) while users are
able to add as many additional tracks as they want in many tools (21
out of 39). According to our survey, the majority of the genomics
visualizations (55%) provided more than five tracks by default. The

Vertically LongA-VERTICAL Cross-ShapedD-CROSSCircularC-CIRCULARHorizontally WideB-HORIZONTAL

Fig. 5. Examples of four typical composition patterns reproduced using Gosling [42]: (A) Three track groups with different levels of details [48],
(B) side-by-side track groups with multiple genomic locations of interest, (C) circular overview with an additional linear detail view, and (D) four
comparative matrices that compose multiple bar charts on the top and the left of each matrix.
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track arrangement types observed in the two surveys are quite different
as well. In their survey, horizontal juxtaposition was the most popular
arrangement while using only vertical juxtaposition was one of the
least frequently identified composition patterns. In contrast, our survey
shows that vertically long composition was the most popular one.

These unique composition patterns of genomics visualizations seem
to stem from the properties of genome-mapped data. For example,
because of the multi-modal nature of genomics data [42] (i.e., visual
patterns appear in multiple datasets), genomics experts seem to stack
many visualizations on the same genomic axis and make them coordi-
nated (i.e., supporting synchronized navigation), enabling the analysis
of a particular genomic region based on multiple features. These unique
patterns, i.e., many-view compositions, in genomics visualizations chal-
lenge the support of responsive designs due to the limited scalability of
screen resolution in smaller screens.

5 RESPONSIVE MULTI-TRACK VISUALIZATIONS

In this section, we first identify low-level tasks of individual composi-
tion patterns based on a task taxonomy of genomics visualization [47].
We then distill approaches to address usability issues of composition
patterns in terms of their display scalability and effectiveness. The
tasks that are relevant to composition patterns, as well as proposed
approaches, are illustrated in Fig. 7.

5.1 Task Identification
Nusrat et al. [47] identified seven genomics visualization tasks based
on an earlier, general task taxonomy [6]. Since we focus on multi-track
visualizations (i.e., using “multiple feature sets”), two low-level tasks
are most relevant to our study: comparison and summarization. As we
are mainly interested in supporting multi-track tasks (i.e., tasks that
involve multiple tracks), we did not include other common tasks that
are taken on a single track, such as Locate and Identify. In our study,
we classify these two tasks into four sub-tasks considering their targets,
i.e., features and genomic loci. For example, feature-wise comparison
refers to comparing across multiple datasets (e.g., tracks in the same
track group) while locus-wise comparison refers to comparing between
genomic locations (e.g., multiple track groups that display different
locations). Similarly, feature-wise summarization and locus-wise
summarization mean summarizing information from multiple datasets
or across multiple genomic locations. These four sub-tasks can be
further classified based on the number of targets involved in tasks [17].
For example, 1:1 feature-wise comparison refers to comparing a pair
of datasets, and 1:N locus-wise comparison refers to comparing a
single genomic location of interest with multiple other locations. In
summarization tasks, the number ‘N’ corresponds to the number of
datasets or locations that are involved in for summarizing information.

Each composition pattern seems to serve different sets of tasks. For
example, most of the vertically long tools provided only one track
group, showing a single genomic location at a time. This makes the
feature-wise comparison and summarization more appropriate while
locus-wise tasks become challenging since multiple locations cannot
be displayed at once in smaller screens. On the other hand, horizontally
wide tools are more appropriate to show multiple genomic locations,
enabling locus-wise tasks more effective. According to the design of
existing circular and cross-shaped tools, the number of task targets

C Pile-Up TracksB Multiple VectorsA Text Annotations D Matrix

NEK4
PBRM1NISCH

STAB1

TNNC1
SMIM4

Viewport

Fig. 6. The visualization types with frequent usability issues: (A)
visualizations with text labels, (B) visualizations based on multiple quan-
titative values, (C) Visualizations with piled up visual marks (e.g., gene
annotation and alignment tracks), and (D) regular and rotated matrices.

seem to be more limited than other two sets of tools as our survey
showed that less number of tracks and track groups can be displayed at
once. This restricts users to perform many-target tasks (e.g., many-to-
many comparison tasks). Consistent to this insight, circular tools in our
survey only allowed at most two track groups for comparative analysis
(e.g., two species in parallel arrangement [33]).

Appropriate tasks will vary depending on the screen resolutions.
For example, users with smaller screens would not expect to perform
the same tasks as in large screens. Therefore, controlling target tasks
between screen resolutions is one of key factors when designing re-
sponsive visualizations. For example, a study of automating responsive
designs [32] considered controlling the information granularity as one
of the key aspects.

5.2 Multi-Track Responsive Designs with Examples

Based on composition patterns, usability issues, and tasks that we
identified, we distill a set of responsive designs that can address the lim-
ited responsiveness of real-world genomics visualizations. To identify
approaches, we reviewed taxonomy papers in the relevant areas: respon-
sive designs [22, 30–32], multi-track compositions [10, 17, 18, 26, 41],
and genomics visualization [47]. From existing responsive design pat-
terns, we found two high-level categories that can directly affect the
responsiveness of multi-track visualizations: changing arrangement
between tracks (“Serialize Layout” [30]) and changing layout of tracks
(e.g., “Reduce Width” and “Transpose Axes” [30]). We further ex-
panded design patterns in these two categories using comprehensive
taxonomies of multi-track composition (e.g., juxtaposition, superposi-
tion, explicit-encoding) [10, 17, 18, 26, 41] and genomics visualizations
(e.g., circular layouts) [47]. Lastly, we took three design approaches
that visualization designers commonly used for improving the effec-
tiveness and display scalability of multi-track visualization [41] (i.e.,
filtering, shortening distance, and overlaying guidelines). As a result,
we identified five high-level design categories: changing arrangements,
filtering, shortening distance, overlaying guidelines, and changing lay-
outs. Note that we did not include various responsive designs that are
specifically for a single track (e.g., Encoding in [30]) since we focus on
multi-track responsive designs and there already exist many responsive
design examples that can be applied to a single track [22, 30]. The last
five columns of Fig. 7 show design examples of individual categories
in the context of genomics visualization. Since the design space for
each category is extensive, we mainly focused on including examples
that are most familiar in genomics visualizations [47] while other novel
and more advanced techniques [44] can be also considered.

Change Arrangement Since the arrangement of tracks and track
groups itself highly controls the balance between scalability and ef-
fectiveness of multi-track visualization [41], the most dramatic way
to support responsive design would be to change the arrangement.
There are several key arrangement options [10, 18, 41], including vari-
ants of juxtaposition and superposition, as well as combining multiple
tracks into a single track to explicitly encode summary information
(i.e., explicit-encoding). For example, in vertically long tools, multiple
tracks of certain track types can be combined in smaller screens, such
as using superposed line charts or stacked area charts [27] (Fig. 9), com-
pressing the height of the track groups while still allowing users to see
overall distributions. To support 1:1 locus-wise comparison between
two track groups in vertically long tools, one can simply change the
vertical arrangement of the groups to the horizontal one (Fig. 8A). To
support N:N feature-wise comparison between a pair of track groups
(e.g., CEpBrowser [9] and Xena [19]), designers can use track-wise
juxtaposition, adopted from the idea of item-wise juxtaposition [41],
i.e., directly juxtaposing corresponding tracks of two groups while
supporting coordinated zooming and panning per track group (Fig. 8B).
Since circular tools are not able to show a large number of track groups
in smaller screens in our survey, designers can separate track groups
into multiple circular visualizations, i.e., small multiples. For com-
parative matrices (i.e., cross-shaped tools), designers can render only
one side of a diagonal in individual symmetric matrices and juxtapose
them along the diagonal to save screen spaces without sacrificing task
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Fig. 7. The summary of approaches to address usability issues of multi-track genomics visualization in smaller screens. These approaches
are structured by track composition patterns (first column), observed usability issues (second column), and types of comparison and summarization
tasks (third column) that are related to the corresponding composition category and usability issue.

performances [40, 64] (Fig. 10). Designers can instead choose to com-
bine multiple features in many tracks and show a visual summary using
explicit-encoding, e.g., cluster a multi-row heatmap and then show
cluster centroids.

Filter Designers can control the amount of information shown in a
visualization to serve more focused tasks in smaller screens in a scalable
way. This may not directly improve comparison and summarization
tasks but can handle scalability issues that we commonly found in the
survey (i.e., out of the viewport). This filtering can be applied not only
to data records [30] but also tracks and track groups. Our survey results
showed that certain track types, such as read-level alignments and many-
sample heatmaps, were not often visualized within a screen (Fig. 6C).
By excluding data records using certain criteria (e.g., filtering out poor-
mapping reads or low quality samples), designers can make the track
more compact on smaller screens. Designers can also exclude certain
tracks and track groups entirely to address the out of the viewport issues
in vertically long and horizontally long tools or readability issues in
circular tools. For example, designers can select certain tracks that
are less important and can be excluded in smaller screens. All three
methods (i.e., filtering data records, tracks, and track groups) can be
used in all composition patterns, but filtering tracks in horizontally
wide tools does not address the observed scalability issue since filtering
tracks only makes the height of a track group compact and not the width
(i.e., missing “Filter Tracks” in Fig. 7).

Shorten Distance By shortening the distance between tracks,
comparison and summarization tasks can be made more effective.
Given that some composition patterns make the entire visualization
much larger than the viewport on smaller screens, leading to scrolling
for large distances, this approach can be useful for allowing users to
perform tasks in a more effective way. This can be especially use-
ful for 1:N comparison tasks in vertically long and horizontally wide
tools. For example, designers can pin a certain track on the top of the

viewport in vertically long tools (e.g., gene annotations or reference
experimental sample track), similar to the “Freeze” feature in Google
Spreadsheet [14], so that users can bring other tracks of interest closer
to the pinned track (Fig. 8C). In horizontally wide tools, a track group
of a certain genomic location can be frozen to the left for the similar
purpose.

Overlay Guidelines By overlaying certain information of interest
directly in tracks, comparison and summarization tasks can be made
more effective [41]. The simplest example is to add rules across tracks
(e.g., rendering shared vertical lines in all tracks) so that users can more
accurately relate genomic regions with information in other tracks. De-
signers can highlight more explicit information of contextual genomics
regions (e.g., exons) as a background [69] to support more accurate
1:N feature-wise comparison tasks (Fig. 8D). Also, important summary
information can be overlaid as well, such as mean or cumulative values
of all samples.

Change Layout Altering the layout of tracks and track groups
(e.g., their sizes and shapes) can address usability issues in smaller
screens. Any designs presented in a taxonomy [30] can be considered
as potential approaches (e.g., resize or rotate tracks), as well as unique
layout options in genomics visualizations (i.e., circular and linear lay-
outs). For example, for some track types that often become very long
in smaller screens compared to the height of the viewport (e.g., gene-
related tracks [66]), designers can reduce the height of the viewport
and rather support vertical scrolling in a track. This way, tracks with
extreme sizes in smaller screens do not dramatically increase the height
of entire visualization. Since circular tools are less scalable when it
comes to increasing number of tracks and track groups on smaller
screens, designers can convert the visualization into linear layouts [42]
(Fig. 8E), similar to the responsive design found in a web article [7].
This results in converting the composition pattern into vertically or
horizontally long compositions.
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Track-Wise JuxtapositionB
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Fig. 8. Examples of responsive multi-view visualizations implemented using the extended Gosling genomics visualization grammar [42]. Vertically
long visualization with two track groups can use (A) horizontal juxtaposition for 1:1 locus-wise comparison or (B) track-wise juxtaposition to support
N:N feature-wise comparison. For 1:N feature-wise comparison in a vertically long track group, (C) the reference track (e.g., gene annotations) can
be pinned on the top to more effectively perform tasks by closely positioning target tracks for comparison. (D) Such information can be instead
overlaid on the background of other tracks. (E) Circular visualizations with multiple bar charts can be converted into stacked bar charts to save
space, which eventually use linear layout instead in a smaller screen.

Some of these approaches can be used in combination. For example,
filtering can be applied before using any other approaches to improve
scalability. Similarly, layouts of tracks and track groups can be ad-
justed before and after applying any approaches. However, overlaying
guidelines unavoidably leads to visual clutter, so multiple options in
this category cannot be used at once.

5.3 Implementation in Gosling
We extend the Gosling visualization grammar for genomics data [42]
to show how aforementioned responsive multi-track designs can be
seamlessly supported in visualization grammars. Given the similarity
between Gosling and other visualization grammars (e.g., Vega-Lite [57]
and ggplot2 [65]), the concepts of our implementation can be adopted
in other grammars as well. An alternative way to enable responsive
designs in Gosling would be using imperative programming (e.g., CSS
or dedicated JavaScript APIs). However, this will force users to main-
tain source codes in multiple forms (e.g., JSON for the grammar and
CSS for the responsive design) and make the functionality language-

{ "alignment": "overlay", ...,

"x": { "field": "position", "type": "genomic" },

"color": { "field": "sample", "type": "nominal" },

"y": { "field": "value", "type": "quantitative" },

"tracks": [

{ "row": { "field": "sample", "type": "nominal" },

"visibility": [{

"target": "container", "measure": "height",

"operation": "GTET", "threshold": 400 }]},

{ "visibility": [{

"target": "container", "measure": "height",

"operation": "LT", "threshold": 400 }]}]}
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Fig. 9. An example of track-level responsive designs with a spec
(top) and a corresponding visualization (bottom). A segregated bar chart
switches to a compact visualization, i.e., stacked bar chart, in a smaller
screen, focusing on showing the hotspots on the genomic axis.

dependent (i.e., seamless support of the same functionalities in the
Python package of Gosling [43] is not possible).

To extend Gosling, we considered three main design rationales. Con-
sistent with the concept implemented in the original grammar, the en-
hancements should be (1) expressive enough to support the wide-range
of designs that we discussed in the paper while allowing (2) concise
specification. Another important rationale is (3) learnability. Since the
target audience of Gosling is not necessarily visualization experts, we
need to make the responsive features seamlessly supported in Gosling
without forcing users to learn an additional grammar. Motivated by
these goals, we conceptualized responsive multi-track design into two
main components: track-level and track group-level responsiveness.

Track-Level Responsiveness Conceptually, track-level respon-
sive designs can be considered as defining multiple visual representa-
tions in a single track and controlling their visibility conditions based
on the context of devices (e.g., screen resolutions). Using this concept
in the extended Gosling, users can, for example, define a segregated bar
chart (Fig. 9A) that eventually becomes a stacked bar chart (Fig. 9B).

{ "arrangement": "horizontal", ...,

"trackGroups": [

{ /* Left Matrix Spec */ },

{ /* Right Matrix Spec */ }],

"responsiveSpec": [{

"selectivity": [{

"target": "container", "measure": "width",

"operation": "GT", "threshold": 1000 }],

"spec": {

"trackGroups": [{

"alignment": "overlay",

"tracks": [

{ /* Left-Bottom Matrix Spec */ },

{ /* Right-Top Matrix Spec */ },

}]}}]}
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Fig. 10. An example of track group-level responsive designs. Com-
parative matrices can be converted into a compact visualization in smaller
screens, called complementary matrices [40].
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This can be done by overlaying the two tracks (Line 1 and 5–18) and
specifying visibility properties that determine when to show each
track (i.e., depends on the height of the viewport in Fig. 9). Shared
encoding specifications between the two overlaid tracks can be defined
only once (Line 2–4) for conciseness. Using these approaches, users
can flexibly define multiple levels of responsive designs in a single
visualization (e.g., defining three visual representations for three sets
of resolutions). Furthermore, users can display multiple visual repre-
sentations at once in a single user-defined context (e.g., additionally
showing text labels on a large screen on top of a base track).

Track Group-Level Responsiveness Any other higher-level re-
sponsive design is achieved by using selectivity properties and
defining alternative specifications. The compiler of Gosling checks if
a certain selectivity condition is fulfilled (Line 7–19), and when-
ever the compiler finds a first condition that is fulfilled, the alternative
spec (Line 14–18) will be overridden with the base spec (Line 1–5).
For example, two comparative symmetrical matrices in a wide screen
(Fig. 10A) can be changed into a more single complementary ma-
trix [40] (Fig. 10B).

Since these approaches are conceptually controlling the selection of
user specifications, an ability to express responsive designs is bound to
the grammar. Since Gosling supports all four composition patterns as
shown in Fig. 5, most of the approaches for the four different composi-
tion patterns in Fig. 7 are supported. An exception is pinning a track or
a track group to the top and left.

6 PRELIMINARY EXPERT INTERVIEW

To validate the potential usefulness and improvements of the Gosling
extension, we conducted an interview with a genomics expert. He is a
research scientist and has eight years of experience in the analysis of
mutations in cancer genomes. One of his roles as a project manager is
to create an interactive data portal4 that integrates interactive visualiza-
tions targeted for scientists and clinicians. He has neither participated
in the design process of Gosling and its extension nor used Gosling
previously. In the 80-min study, he was introduced to the concept of
responsive designs and learned and used Gosling and its extension,
followed by an interview. In general, he stated that supporting smaller
screens is important for genomics visualization in a data portal: “In
many hospitals, screens are very old, and this often relates to the amount
of information that we can show. [The name of a front-end engineer]
always thinks of how this interface looks like on small screens.” After
learning the Gosling extension, he said that the concepts of switch-
ing representations are intuitive and that all responsive options he can
think of seem to be supported in the Gosling extension. On the other
hand, he commented on the dependencies of responsive features to
Gosling: “This is sometimes confusing for me where on the hierarchy
the responsive commands should be. It’s very connected to the rest
of the grammar. That means you have to understand Gosling well
first before you start. Intuitively, it would make sense.” The feedback
matches our expectation that responsive features are considered as an
advanced option in Gosling, but this also gives potential improvements
to make the option more accessible (e.g., unifying the track-level and
track group-level components).

7 DISCUSSION

Comparison to Existing Techniques The main difference be-
tween the extended Gosling grammar and Cicero [31], a recent grammar
for responsive design, is the approach to express alternative visual-
ization designs. Cicero focuses primarily on relative difference, i.e.,
specifying what needs to be changed, while Gosling focuses on ex-
pressing individual visualizations for different resolutions. This makes
the specification more concise in Cicero while requiring users to learn
and remember supported options for this dedicated grammar. Gosling
users, however, only need to learn the visibility and selectivity
options and can apply their knowledge of the grammar for all other
parts (e.g., defining an alternative specification using the Gosling gram-
mar). However, this can sometimes result in a verbose specification if

4Clinical Genome Analysis Platform (CGAP): https://cgap.hms.harvard.edu/

users want to define multi-level responsive designs. Given the trade-
off between conciseness and learnability of these two approaches, we
opted to emphasize learnability so as not to increase the barriers for
the use of Gosling by genomics experts. Vega-Lite [57] supports a
“Condition” property. It is not used in the context of responsive designs
(e.g., checking screen sizes is not possible), but its syntax is similar
to the Gosling extension in that it enables if-else assignments. Its
main grammatical difference to Gosling, however, is that the condition
is specified directly to individual properties, such as mark and channels
(property-centric). However, Gosling enables defining responsive de-
signs per target context (context-centric), which enables users to more
easily see alternative designs at once for each context (e.g., Line 10–14
in Fig. 10). This is consistent to CSS where alternative properties can
be defined together under a single @media group.

Generalizability In our study, we focused on genomics data since
it is an important type of data that has become critical for a large number
of applications in the biomedical field and is commonly analyzed using
visualizations with multiple tracks. Despite having unique properties
as discussed earlier (Sect. 4.7), genomics data and its visualization also
share commonalities with other types of data and visualizations. For
example, genomics data is similar to temporal data in that they both
commonly use ordinal axes that represent many data points. Due to
these properties, multiple time series data is often visualized by stacking
multiple tracks vertically [35], making vertically long visualizations. By
classifying the composition categories of their visualizations, designers
can refer to approaches that we are suggesting here.

Limitation User interactions are another important aspect to con-
sider when designing responsive visualizations [30] for different de-
vices. Since user interactions has an enormous design space in multi-
track designs [18, 34], we mainly focused on several important aspects,
such as data, encoding, layout, and arrangement of multi-track designs,
while not considering different input modalities in different devices
at all (e.g., touch and mouse interactions). Follow-up studies to un-
derstand responsive interactions on multi-track visualizations could
enhance our proposed framework.

8 CONCLUSION

In this paper, we report on a systematic survey of web-based multi-track
genomics visualization tools in the wild (N=40). Our survey results
revealed the lack of responsive designs which led to various usability
issues in smaller screens. Combined with our comparison of survey
results to the ones outside genomics [10], our results highlight both
importance and challenges of responsive genomics visualizations. We
categorized track composition patterns into four mutually exclusive
groups (i.e., vertically long, horizontally wide, circular, and cross-
shaped compositions) which are then linked with users’ analytical tasks
(e.g., comparison and summarization). This expands the genomics
visualization taxonomies [47] and can be useful for building task-based
genomics visualization recommendation systems [50]. Based on the
observed composition patterns, as well as the usability issues that stem
from the composition patterns, we identified diverse responsive designs
taken from existing visualization taxonomies and design guidelines.
By extending the Gosling visualization grammar [42], we show how
responsive designs can be supported seamlessly in existing visualization
grammars. While we focused on genomics data, the overall workflow
of our study, i.e., from the analysis of composition patterns, tasks, and
usability issues to the implementation of responsive designs based on
existing knowledge, can be adopted in other fields. Valuable future work
would be automating responsive designs, such as changing layouts by
balancing scrolling and information granularity. Also, we have focused
on regular to small screens, and it would be interesting to explore
responsive genomics visualization for large displays [3].

ACKNOWLEDGMENTS

This work was supported by the National Institutes of Health
(U01CA200059, U24CA237617, UM1HG011536, R01HG011773).
We are grateful to the reviewers and to Qianwen Wang for their valu-
able feedback.



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 29, NO. 1, JANUARy 2023568

REFERENCES

[1] K. Andrews. Responsive visualisation. In CHI 2018 Workshop on Data
Visualization on Mobile Devices (MobileVis 2018), p. 4, 2018.

[2] K. Andrews and A. Smrdel. Responsive data visualisation. In EuroVis
(Posters), pp. 113–115, 2017.

[3] J. Aurisano, K. Reda, A. Johnson, E. G. Marai, and J. Leigh. BactoGeNIE:
a large-scale comparative genome visualization for big displays. BMC
bioinformatics, 16(11):1–14, 2015.

[4] S. K. Badam and N. Elmqvist. Effects of screen-responsive visualization
on data comprehension. Information Visualization, 20(4):229–244, 2021.

[5] M. A. Borkin, A. A. Vo, Z. Bylinskii, P. Isola, S. Sunkavalli, A. Oliva, and
H. Pfister. What makes a visualization memorable? IEEE Transactions
on Visualization and Computer Graphics, 19(12):2306–2315, 2013.

[6] M. Brehmer and T. Munzner. A multi-level typology of abstract visualiza-
tion tasks. IEEE Transactions on Visualization and Computer Graphics,
19(12):2376–2385, 2013.

[7] N. Bremer, S. Rogers, A. Cairo, J. Chen, B. Pinnington, N. Cermeño,
and M. Pettit. Why do cats ...? Website, March 2022. https://
whydocatsanddogs.com/cats#chart-vs.

[8] R. Buels, E. Yao, C. M. Diesh, R. D. Hayes, M. Munoz-Torres, G. Helt,
D. M. Goodstein, C. G. Elsik, et al. JBrowse: a dynamic web platform for
genome visualization and analysis. Genome Biology, 17(1):1–12, 2016.

[9] X. Cao and S. Zhong. Enabling interspecies epigenomic comparison with
cepbrowser. Bioinformatics, 29(9):1223–1225, 2013.

[10] X. Chen, W. Zeng, Y. Lin, H. M. Ai-Maneea, J. Roberts, and R. Chang.
Composition and configuration patterns in multiple-view visualizations.
IEEE Transactions on Visualization and Computer Graphics, 27(2):1514–
1524, 2020.

[11] G. Consortium. The GTEx consortium atlas of genetic regulatory effects
across human tissues. Science, 369(6509):1318–1330, 2020.

[12] K. A. Cook and J. J. Thomas. Illuminating the path: The research and de-
velopment agenda for visual analytics. Technical report, Pacific Northwest
National Lab.(PNNL), Richland, WA (United States), 2005.

[13] D. Deng, W. Cui, X. Meng, M. Xu, Y. Liao, H. Zhang, and Y. Wu. Re-
visiting the design patterns of composite visualizations. arXiv preprint
arXiv:2203.10476, 2022.

[14] G. Developers. Google Spreadsheet. Website, March 2022. https:
//www.google.com/sheets/about/.

[15] C. Diesh. A list of interesting genome visualizers, genome browsers, or
genome-browser-like implementations. Website, March 2022. https:
//cmdcolin.github.io/awesome-genome-visualization/.

[16] B. S. Gardner. Responsive web design: Enriching the user experience.
Sigma Journal: Inside the Digital Ecosystem, 11(1):13–19, 2011.

[17] M. Gleicher. Considerations for visualizing comparison. IEEE Transac-
tions on Visualization and Computer Graphics, 24(1):413–423, 2017.

[18] M. Gleicher, D. Albers, R. Walker, I. Jusufi, C. D. Hansen, and J. C.
Roberts. Visual comparison for information visualization. Information
Visualization, 10(4):289–309, 2011.

[19] M. Goldman, B. Craft, M. Hastie, K. Repečka, F. McDade, A. Kamath,
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