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A Taxonomy of Visualization Tasks and Requirements for the
Effective Analysis of Biological Pathways

Category: Research

Abstract— Understanding complicated networks of interactions and chemical components is essential to solving contemporary
problems in modern biology, especially in domains such as cancer and systems research. In these domains, biological pathway data
is used to represent chains of interactions that occur within a given biological process. Visual representations can help researchers
understand and interact with complex pathway data in a number of ways. Here, we present a taxonomy of tasks that are regularly
performed by researchers who work with biological pathway data. These tasks were generated from interviews with several domain
experts. From these tasks we generate a set of requirements that should be taken into consideration when designing pathway
visualization software. We then perform a review of visualization techniques that are used in the visualization of complex pathway
data. We also perform a survey of a variety of pathway visualization tools that utilize different visualization techniques. We conclude
with a discussion of future work that is motivated by comments received from domain experts.

Index Terms—Biological visualization

1 INTRODUCTION

Understanding complicated networks of interactions and chemical
components is essential to solving contemporary problems in mod-
ern biology, especially in domains such as cancer and systems re-
search [12]. In order to limit the scope of their analyses, researchers
often work with pathways, which are used to describe a chain of in-
teractions between biochemical and biological entities within a cell.
Pathways are small, curated subsets of a much larger, complex graph
of interactions between molecules, and a given pathway usually rep-
resents a particular biological process that is relevant within some re-
search context. For example, Figure 1 shows a typical representation
of a pathway as a human-curated node-link diagram, where nodes are
biological entities and edges represent interactions between them.

Fig. 1. A view of a typical KEGG diagram. From [10].

Researchers who work with pathway data are confronted with a
number of challenges. Pathway files may contain hundreds of proteins
and biomolecules that participate in a variety of reactions. In an ab-
stract sense, reactions can be seen as state transitions with multiple in-
puts and outputs. Participants — genes, proteins, and other molecules
within a cell — can act as inputs or outputs to multiple reactions, and
the relationships between reactions inherently include feedback loops.
Reactions often have an effect on other reactions, inhibiting or pro-
moting their frequency. These molecular activation pathways are in-
herently dynamic, which limits the utility of any static graph represen-
tation [22]. Representing complexity while also enabling researchers
to see higher order patterns is a significant challenge [32].

Pathway diagrams can be useful for both presentation and analysis.
For presentation, pathway diagrams can contextualize a set of biolog-

ical processes within a cell, and diagrams often show the location of
cellular membranes in order to help provide a frame of reference for
a given process. Ideally, a pathway diagram allows a viewer to effi-
ciently understand a complex set of biological relationships.

While pathways may be useful for presenting and contextualizing
a set of reactions, they can also be an important part of analyses in
domains related to molecular biology and systems research, among
others.

For example, molecular activation pathways are of critical impor-
tance to cancer researchers, who hope to understand — and potentially
disrupt — malignant cycles of uncontrolled cellular growth, replica-
tion, and mediated cell death [5]. Effective cancer drug development
involves determining how proteins affected by a drug in turn affect
important cellular pathways, and in this domain the downstream con-
sequences of a particular drug effect are especially important [28].
In a separate domain, stem-cell researchers work with pathways that
will precipitate a desired cellular differentiation into specific cell types
[30].

In the last decade, analyses that involve hundreds or thousands of
genes and gene products have become common. When analyzing such
large and complex data, visual representations can be essential. Often,
static representations are inadequate. The complexity and amount of
information that needs to be incorporated in given diagram can make
static representations cluttered and difficult to interpret. Thus, modern
tools make careful use of user interactions and visualization techniques
to allow a user to effectively explore and analyze pathway data.

Designing effective visual analytics applications requires a detailed
understanding of analysis tasks that are performed by the user. Path-
way data are often large and complex, and analysts will want to per-
form a variety of tasks depending on their research domain. Tasks
may be exploratory in nature, and a useful visualization of pathway
data could reveal new insights to a researcher. Tasks may also involve
detailed queries or calculations of various network metrics, for exam-
ple. A comprehensive understanding of tasks performed by domain
researchers in a typical analysis is essential to the design and imple-
mentation of an effective visual analytics application.

Here we perform a comprehensive analysis of tasks and require-
ments in an effort to design effective platforms for visual analytics of
pathway data. Previous reviews of pathway analysis tools [11, 35]
have surveyed the population of available applications. However, the
most recent review was published over five years ago, and it includes
only a surface-level discussion of tasks, requirements, and visual en-
coding techniques.

In this work, we present a description and analysis of tasks and
requirements related to biological pathway research. Tasks were gath-
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ered from several interviews with domain experts who work with bio-
logical pathway data. After an introduction to the structure and content
of pathway data, we describe the tasks that were garnered from our
interviews. Using these tasks, we then describe the high-level require-
ments of an effective visual analytics platform for pathway data. We
then review visual representations of pathway data in the context of
our requirements. We also review existing tools that implement those
visual representations. Finally, avenues of future research are con-
sidered, along with a brief summary of lessons learned from domain
experts.

1.1 Pathway data
In order to aid an understanding of pathway visualization tools, an
understanding of the structure of pathway data structures is necessary.
In this section we briefly explain the structure of typical pathway data
files.

1.1.1 Pathway Data Model
Information stored in any pathway data file can generally be broken
down into three components:

• Entity
An entity is a component of a pathway such as a gene, a gene
product (i.e. a protein), a complex of proteins, or a small
biomolecule within a cell. Entities are identified by name and
are involved in one or more relationships. Importantly, pathways
themselves can be entities within other pathways.

• Relationship
A relationship involves two or more entities. Various kinds of
relationships which different biological meanings are present in
a pathways. Relationships can be directed or undirected, and
they can involve more than two entities.

• Meta-data
The complex nature of the information stored in a pathway re-
quires additional data to be stored with each entity and relation-
ship. Meta-data can include experimental data, scientific infor-
mation such as the molecular structure of a chemical compound,
as well as links to additional resources or publications related to
an entity or relationship.

1.1.2 Pathway Data Formats
Pathway data can be stored in one of several file formats. In particu-
lar BioPAX [8], KEGG [20] and SBML are the most popular standards
for storing the complex data structure described in the previous sec-
tion. These formats are XML based and represent data as an ontology.
BioPAX, in particular, was designed to be a general format for biolog-
ical pathways across a variety of domain contexts [8].

Other formats are employed for the visualization of biological path-
ways that are not specific to the field of biology. For instance SIF
Simple Interaction Format used by Cytoscape [33] is used to visualize
undirected interactions between participants.

2 INTERVIEWS

Interviews were conducted with seven biological scientists, each of
whom works with pathway data in some form. Information on each
of the researchers we interviewed is presented in Table 1. Through-
out this text, interviewers are identified by a two letter code found in
Table 1. Those interviewed included one tenured professor, three as-
sistant professors, one researcher at a cancer research institution, one
postdoctoral research associate, and one masters student in bioinfor-
matics. Interviews were loosely structured, but interview questions
were designed to elicit a detailed understanding of the tasks performed
by the researcher in a typical analysis, as well as an understanding of
the type and structure of data that each researcher worked with. Each
researcher also presented their views on the utility of pathway data and
pathway diagrams in general.

3 TASKS

Drawing on our interviews with domain experts, here we compile a
list of tasks relevant to biological pathway analysis. Task descriptions
can be found in Table

Table 2. List of tasks
code description
T1 Examine the upstream and downstream connections be-

tween two entities within a pathway.
T2 Understand complex relationships of activation and in-

hibition between multiple entities.
T3 Detect feedback loops of activation and inhibition

within a pathway.
T4 Examine high-level relationships between modules and

pathways
T5 Discover processes that are upstream or downstream of

a given set of entities, and vice versa.
T6 Understand the hierarchical structure of protein com-

plexes.
T7 Analyze high-throughput omics data.
T8 Discover potential “causal” mechanisms of up- or

down-regulation within a set of entities.
T9 Simulate the effects of activation, inhibition, or knock-

out within a pathway.
T10 Incorporate new entities or relationships into an existing

pathway and examine their effects.
T11 Incorporate experimental results with pathway data.
T12 Curate, edit, construct, and debug pathway data files.
T13 Reveal levels of confidence or uncertainty associated

with relationships within a pathway.

Understanding how entities within pathways are connected was of
critical importance to all of the researchers we interviewed, and is es-
sential to most research related to pathway data. While some analy-
ses involve undirected relationships between genes or gene products,
studies of metabolic networks and other inter-cellular processes rely
on directed relationships, and several researchers that we interviewed
stressed the importance of understanding directed relationships be-
tween entities.

When discussing directed paths between entities, one entity is said
to be upstream or downstream of another. As mentioned earlier, under-
standing upstream and downstream relationships is particularly impor-
tant to domains such as cancer drug research, where a drug may affect
a small subset of genes or gene products, which in turn will affect
various downstream processes.

In most cases, a directed relationship is meant to represent a
biochemical reaction, where one entity is consumed as a reactant
and another is produced as a product. Thus, an upstream entity
may be connected to a downstream entity through a chain of several
directed links. In the most basic sense, the “entities” mentioned
above are genes, gene products (such as proteins or complexes), or
other small molecules within a cell. A researcher may be interested
in understanding the path of reactions (or other relationships) that
connects two entities.

Task 1 Examine the upstream and downstream connections
between two entities within a pathway.

It is important to note, however, that directed relationships in
biological pathways can take a variety of forms, such as entities
that that modulate — inhibit or activate — the catalysis of other
biochemical reactions [8]. All of the researchers interviewed stressed
the importance of understanding these modular relationships within a
pathway.

Task 2 Understand complex relationships of activation and
inhibition between multiple entities.
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Table 1. Researchers Interviewed

Code Position Domain
NH Distinguished Professor,

Biochemistry and Molecular Genetics
Mechanisms of cell survival, cell cycle control, metabolism, and genesis of cancer.

QW Assistant Professor,
Biochemistry and Molecular Genetics

Proteomics, epigenetic maintenance of adult heart function.

GY Assistant Professor,
Molecular and Cellular Biology

Systems and computational biology.

RG Assistant Professor,
Molecular and Cellular Biology

Systems and computational biology.

DF Postdoctoral Research Associate,
Biochemistry and Molecular Genetics

High throughput gene expression analysis.

FZ Researcher,
Molecular Oncology

Cancer research

AJ Master’s Student Bioinformatics

A task that follows directly from Task 2 is the detection of
feedback loops, as mentioned by GY. Feedback loops are com-
mon within metabolic activation networks, and they play a key role
in processes related to uncontrolled cellular growth in cancerous cells.

Task 3 Detect feedback loops of activation and inhibition within a
pathway.

While observing relationships between two individual entities may
be important in certain contexts (as expressed by GY), the researchers
we interviewed (QW, DF, FZ, GY, RG) expressed an explicit interest
in complex relationships that go beyond simple connections between
individual entities. These complex relationships include abstract re-
lationships between high-level subsets of a pathway as well as com-
pound relationships (many-to-many or many-to-one relationships) be-
tween groups of entities.

High-level relationships are characterized by abstract subsets of a
pathway. In BioPAX pathway data, abstract relationships between
pathways and other entities can exist, such as when, for example, a
biochemical reaction is connected to an entire pathway through the
abstract nextStep relationship. These high-level groupings are similar
to reaction modules described in other contexts [3]. Systems biologists
(RG) in particular expressed interest in seeing the high-level structure
of biological pathways.

Discovering high-level links across pathways is important in a
number of domain contexts. In cancer research, drugs can often
influence many different gene products across several pathways. In
some cases, existing drugs can be found to affect pathways related to
several different therapeutic conditions. Understanding how several
different gene products and pathways are affected by a drug is crucial
to this research.

Task 4 Examine high-level relationships between modules and
pathways.

In a similar vein, researchers may be interested many-to-many or
many-to-one relationships, called compound relationships, where an
analysis is performed on a (potentially large) set of pathway enti-
ties. This task is particularly relevant to researchers (such as QW and
DF) who work with high-throughput omics data involving hundreds or
thousands of genes or gene products.

One researcher (QW) expressed interest in discovering downstream
pathways that are common to a given set of proteins generated from
mass spectrometry data. If, for example, a given set of proteins are
all related to a certain cellular process via downstream connections, it
may suggest to a researcher that the process in question is occurring
within a given biological context. The process of discovering
cellular processes related to a set of proteins (or other entities) can

go in either direction; that is, a researcher may be interested in
finding processes that are related to a given set of entities, or they
may be interested in finding entities related to a given set of processes.

Task 5 Discover processes that are upstream or downstream of a
given set of entities, and vice versa.

Compound relationships are also seen when examining protein
complexes, which are represented as nested hierarchies of proteins.
These hierarchies are particularly important to stem cell research,
according to researcher AJ.

Task 6 Understand the hierarchial structure of protein complexes.

As mentioned in the discussion of Task 5, a researcher may want
to analyze a large collection of hundreds or thousands of proteins (or
other gene products). High-throughput omics data has increasingly
become an essential part of modern biology [11]. Researchers QW
and DF specifically mentioned a need to incorporate large lists of
entites in their analyses.

Task 7 Analyze high-throughput omics data.

Interviewees also stressed the importance of causal networks in the
analysis of large-scale gene expression data. Ideally, a causal network
would detect the likely regulators of a set of genes that are observed to
be up-regulated or down-regulated in a particular setting [9, 23]. This
task is similar to Task 3, but requires a more complex algorithmic
(such as in [23])approach that can detect entities of interest based on
their regulatory relationships within a pathway.

Task 8 Discover potential “causal” mechanisms of up- or down-
regulation within a set of entities.

Interviews revealed that simulation would be an especially useful
tool to researchers. Six of the researchers we interviewed (NH, DF,
FZ, AJ, GY, and RG) discussed the ability to simulate the effects
of activation, inhibition, or knockout (removal of a gene or gene
product) as being especially powerful in a number of analytic settings.

Task 9 Simulate the effects of activation, inhibition, or knockout
within a pathway.

In a similar vein, one biologist (NH) was involved in research
that had revealed previously unknown relationships within pathways
related to certain types of cancer. In this context, the ability to add
new relationships to an existing pathway — and to examine the reg-
ulatory effects of the novel relationship — would be especially useful.
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Task 10 Incorporate new entities or relationships into an existing
pathway and examine their effects.

Biological analyses are rarely focused solely on the structure and
connectivity of pathway networks, and experimental data is at the
crux of most biological studies. Four of the researchers interviewed
(QW, NH, DF, and AJ) noted that pathway data alone would be
essentially useless without the ability to incorporate the results of their
experiments. For example, cancer research often involves comparing
gene expression profiles between cancerous and healthy cells [25].

Task 11 Incorporate experimental results with pathway data.

Several of the researchers mentioned certain tasks related to the
curation, maintenance, and understanding of pathway data. RG
mentioned the importance of being able to debug potentially flawed
data. NH and FZ both expressed a need to create “personalized”
pathways that only include a user-determined subset of entities and
relationships. Finally, QW and FZ discussed the importance of
understanding uncertainty within pathway data. For example, each
relationship within a BioPAX file is usually associated with a publica-
tion that provides evidence for its existence. Thus, some relationships
may be subject to scrutiny within the scientific community, while
others may have more robust emprical support.

Task 12 Curate, edit, and “debug” pathway data files, or construct
user-defined pathways from scratch.

Task 13 Reveal levels of confidence or uncertainty associated with
relationships within a pathway.

4 REQUIREMENTS

Table 3. List of requirements
code description
R1 Effective labeling of pathway entities.
R2 Show individual meta-data on demand.
R3 Effective display of relationship type and direc-

tionality.
R4 Search, filter, and select.
R5 Network measures and complex queries.
R6 Simulation.
R7 Display hierarchical structures.
R8 Display compound relationships.
R9 Incorporate multiple interactive layouts.
R10 Analyses of multiple pathways.
R11 Incorporate multiple views.
R12 Visual incorporation of meta-data.
R13 Pathway curation, creation, and notation.
R14 Incorporate online databases.
R15 High-throughput data processing.

Our interviews with domain experts revealed the essential tasks
necessary to perform useful analyses of biological pathway data. We
now use these tasks to identify the requirements of a platform for
effective pathway analysis. Table 3 lists these requirements and their
relations to tasks mentioned in the previous section.

Requirement 1 Effective labeling of pathway entities.

The display of pathway entities is obviously essential to any
analysis of pathway data. A particular challenge is the labeling of
pathway entities and relationships. Biological entities such as protein
complexes can be especially long, making the placement of labels
within, for example, a node-link diagram especially challenging.

Requirement 2 Show individual meta-data on demand.

Any one entity or relationship within a pathway may be associated
with a considerable amount of meta-data, such as chemical composi-
tion,

Requirement 3 Effective display of relationship type and direc-
tionality.

While gene regulatory networks may include only one or two types
of relationship between entities, metabolic pathways can include a
wide variety of relationship type. For example, a biochemical reaction
(e.g. in BioPAX pathways) is a relationship between multiple entities
that could represent a variety of biological processes, such as regu-
lation, binding, dissociation, transport, activation, inactivation, phos-
phorylation, degradation, etc. The number of relationship types makes
visual encoding difficult — encoding relationship type with color, for
example, would be visually overwhelming.

In metabolic networks, relationships are also directed, and there-
fore an effective visual tool must encode relationship directionality.
Arrowheads may occlude each other and introduce visual clutter as
the number of relationships increases. Certain visual techniques have
incorporated color gradients or opacity to indicate direction, although
this can also require additional visual parsing by the viewer.

Requirement 4 Search, filter, and select.

Given a potentially large amount of pathway data, the ability to
search for entities and to visually filter pathway data is essential. Ide-
ally, a textual search (or filter) would interactively and instantaneously
display results. Users should also be able to easily create selections
of entities and relationships by brushing or clicking, and selections
should remain consistent across linked views (see Requirement 11).

This requirement could also be a complement to Requirement 3, as
users may wish to filter or highlight a certain type of relationship or
relationships. This requirement helps enable Tasks 2, 3, and 8, where
an analyst may wish to highlight specific relationships of activation,
inhibition, upregulation, or downregulation.

Requirement 5 Network measures and complex queries.

The ability to perform complex network queries is essential to
many of the tasks listed in the previous section, including Tasks 2, 3,
5, and 8. As framed in the task descriptions, network measures could
include shortest paths between two nodes (two entities), as well as
complex queries aimed at identifying pathways or processes that are
common to a selected set of entities.

Requirement 6 Simulation.

The ability to simulate particular events within a pathway would be
particularly powerful, as discussed in relation to Task 8. Users could,
for example, simulate activation, inhibition, or complete removal of a
gene or gene product and observe the effects on the pathway.

Requirement 7 Display hierarchical structures.

Common pathway data formats such as BioPAX are inherently
hierarchical. For example, pathways can be nested within other
pathways, representing a biological hierarchy of low-level processes
that act as components in high-level processes such as cellular
replication. Task 4 specifically necessitates a way of viewing these
hierarchical groupings, and an effective visualization would allow a
user to interactively move between high-level and low-level views,
e.g. by “collapsing” levels of the hierarchy (this feature was specifi-
cally mentioned by researcher GY, who suggested a “google maps”
approach, allowing a user to interactively move between high-level
and low-level views).
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Requirement 8 Display compound relationships.

Tasks 5 and 6 are both related to compound relationships, where
many entities (e.g. proteins within a complex) are may be collectively
connected to other entities (or other compound groupings). Repre-
senting these compound connections is not trivial. As mentioned
earlier, the relationships themselves may be abstract, such as when
entities and pathways are connected via the nextStep property in
BioPAX data.

Requirement 9 Incorporate multiple interactive layouts.

One of the most important considerations of any pathway visual-
ization tool are the layout mechanisms available to the user. Pathway
layout algorithms must balance a number of factors. Many of the re-
searchers that we interviewed indicated their preference for contextual
information within a pathway diagram. Indeed, many common path-
way layouts include visual cues — such as membrane boundaries —
indicating where certain entities are located within a cell. Including
these contextual cues is useful to biologists who are accustomed to
seeing illustrations of cellular structure.

On the other hand, representing cellular structure can be limiting.
Abstract views of directed network data can reveal patterns and clus-
ters that may not be apparent using other methods. Careful design of
pathway layouts can also help mitigate labelling issues related to Re-
quirement 1. Layouts can also harness more abstract patterns within
pathway data, such as a topology of relationships, where upstream and
downstream entities may be visually separated.

Ideally, layouts would also allow a user to interactively position
nodes, and layout transitions would maintain object consistency [13].

Requirement 10 Analyses of multiple pathways.

A number of tasks (such as Tasks 2, 3, 5, and 8) inherently require
the use of multiple pathways. In some cases, relationships may be
found across “distant” pathways, while in other cases pathways may
be merged or connected through network queries, as in Requirement
5.

Requirement 11 Incorporate multiple views.

Given the difficulty of designing an “ideal” layout, and with
the requirement that a tool be able to analyze multiple pathways
simultaneously, an effective visual tool will incorporate multiple
linked views, which gives an analyst several “views” of a given
pathway.

Requirement 12 Visual incorporation of meta-data.

Essential to many biological analyses is the incorporation of exper-
imental meta-data, as mentioned in the discussion of Task 11. Meta-
data may include gene expression levels or other experimental results
related to specific entities. Careful integration of meta-data can enable
effective analyses, but attention to design is crucial, as the potential for
visual clutter is high.

Meta-data may also include visual representations of uncertainty,
which would enable Task 13.

Requirement 13 Pathway curation, creation, and notation.

Task 12 leads directly to this requirement, which would allow an
analyst to interactively manipulate and curate pathway data.

Requirement 14 Incorporate online databases.

The immensely large and highly connected nature of biological data
makes manually loading a truly comprehensive dataset into an offline
application difficult or impossible, meaning that any offline applica-
tion must be limited to analyses of “local” datasets.

With a growing set of publicly-accessible biological databases with
comprehensive APIs, an effective pathway visualization platform will
allow an analyst to perform queries on these databases.

Requirement 15 High-throughput data processing.

Task 7 specifically necessitates the ability to analyze large sets of
data at once. High-throughput omics data involves that analysis of
hundreds or thousands of genes or gene producs, and an especially
powerful pathway analytics platform would allow network queries and
visual analytics to be performed across large sets of entities simulta-
neously.

5 VISUAL ENCODINGS AND REPRESENTATIONS

Having reviewed the tasks and requirements relevant to effective path-
way visualizations, we now present an overview of different visualiza-
tion techniques. We organize the techniques into three groups: graph,
sets, hierarchies, and matrices. Some of the methods discussed in this
section are abstract visual representations that mat not yet be imple-
mented in existing tools, but that fulfill requirements highlighted by
the researchers we interviewed.

5.1 Graph visualizations
Any pathway data can be represented in the abstract as a graph of
vertices (such as genes, proteins, or complexes) and edges (such as
biochemical reactions). The most common visual representation of
a graph is a node-link diagram, where vertices are represented with
shapes, such as circles or rectangles, and edges — or links — are line-
segments that connect nodes together. In node-link representations,
different shapes and colors can be used to encode additional informa-
tion such as a node attribute or link direction.

A crucial aspect of any node-link diagram is the choice of node
layout. Node-link representations fall into two broad categories: Di-
agrams that are automatically determined by an algorithm and dia-
grams where nodes are placed manually by human curators (such as
KEGG [20] diagrams).

5.1.1 Human curated node-link diagrams
Publications in molecular biology frequently present biological path-
ways with human-generated figures. Human creators have the flexi-
bility to arrange visual elements in ways that make representations hu-
man readable and this can allow authors to efficiently encode large vol-
umes of complex information. The human-generated nature of these
diagrams allows this complex information to be encoded through clear
spatial layouts, organizing the pathway in a meaningful way.

The hand-made approach to pathway diagram creation has been
replicated digitally in public databases, such as the Kyoto Encyclo-
pedia of Genes and Genomes [20]. The KEGG database is a very pop-
ular resource for human-generated pathway diagrams, and many tools
incorporate KEGG diagrams in their visualizations, often in tandem
with additional interactive functionality. This widely-used database
allows for clear communication and dissemination of established path-
ways. Human-curated representations may also allow for interactive
re-arrangement by the user.

While human-curated diagrams preserve the layout and presenta-
tion of pathway information, they have several drawbacks. Creating,
updating, or modifying figures is a labor-intensive process. Any new
data cannot be automatically applied to existing figures. Moreover,
these human generated figures do not easily scale to large, complex
pathways. As a pathway increases in size and complexity, human ef-
fort also increases considerably. These limitations are major problems
in a research community that is continually generating and updating
molecular pathway data.

5.1.2 Automatically generated node-link diagrams
Several algorithms exist which automatically produce interactive path-
way visualizations from structured pathway data, rather than relying
on layouts generated by hand. The visualizations produced by these
tools mimic the style and visual encoding of human-generated figures
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in an attempt to to communicate complex network information effi-
ciently. As the layout is computed algorithmically, it is easily updated
with new data without requiring extra human effort as networks in-
crease in size. Different automatic layout techniques may be designed
to optimize some visual parameter, such the efficient use of a given
space, a reduction in edge overlap, the recognition of certain clusters
or patterns, or the visual separation of certain types of nodes or links.
Clearly, a layout algorithm can aim to optimize only a few of these
metrics.

A Force-directed Layout is a popular technique that computes the
position of nodes with a relaxing layout algorithm which models nodes
within the network as physical entities. This algorithm results in a
graphical representation that tends to organize the graph based on the
density of the connections within clusters of nodes. Even when force-
directed algorithm does not directly aim to minimize edge crossings
(some algorithms do), the resulting visual representation tends to bring
highly connected groups of nodes close together, which in turn results
in a reduction in overall edge overlap.

When graphs become large and dense, and the number of nodes and
connections increases, edge overlap becomes more prevalent and often
cannot be avoided. Layout techniques that aim to mitigate edge over-
lap include the Circular Layout, which tends to scale well when nodes
are carefully ordered. However, the resulting representation tends to
show overall clustering of connections, and detailed views of individ-
ual relationships are often occluded.

Other techniques aim to reduce edge crossings by duplicating
nodes. However, as pointed out by Bourqui et al. [4], analysis tasks
that rely on an understanding of the graph topology might be hampered
by the adoption of node-duplication techniques.

Edge overlap and general visual clutter can also be reduced through
node reduction. Kimelman et al. propose three possible approaches
[21] to implement node reduction: Ghosting, hiding and grouping.
Ghosting de-emphasizes nodes, Hiding completely removes a selec-
tion of nodes and Grouping joins nodes in new super-node representa-
tion.

Grouping nodes is frequently used in pathway visualizations, and
pertains directly to Requirement 7. For instance, a pathway might be
interactively collapsed into a single node.

Edge Bundling is a technique that can complement other graph lay-
out algorithms. Edge Bundling is not itself a graph layout technique,
but a technique for drawing edges between nodes in an attempt to re-
duce clutter and improve readability, and is especially useful in cases
of excessive edge overlap [15]. The technique trades readability for a
lack of detail — it may be difficult or impossible to discern individual
connections when edge bundling is used.

Another technique that is meant to enhance graph layout techniques
is fisheye distortion, which operates as an interactive “lens,” enhancing
details over a user-defined portion of a graph, enabling better inspec-
tion of the nodes and interconnections in a given area.

Basic node-link diagrams are usually not comprehensive enough to
represent an entire pathway data structure. As mentioned in the dis-
cussion of Requirement 8, a pathway often contains compound nodes
and relationships that group many entities. A biochemical reaction can
be characterized as a hyperedge, usually connecting two or more in-
puts to two or more outputs. Moreover, the links between nodes might
convey a wide variety of meanings, as discussed in Requirement 3. In
the following sections we discuss alternative visualization techniques
that can account for these complicated relationships in various ways.

5.2 Set-Based Techniques

Set visualization techniques can be used to encode the many-to-one
relationships found in most biological pathways. These compound re-
lationships are important to Requirement 8, and set visualizations can
be combined with node-link approaches in an effective visualization
platform.

Euler Diagrams are one technique designed to group entities into
sets. However, a simple Euler Diagram might lead to visually confus-
ing representations if the data contains multiple set intersections. For

this reason a range of alternative visualization techniques has been de-
veloped to display elements belonging to multiple sets, such as those
developed by Riche [31]. Riche aims to simplify the shape of sets
by breaking set regions into rectangular shapes connected by links.
This technique produces set representations that outperform the tradi-
tional Euler Diagrams in a number of tasks. However, this technique is
not easily combined with other visualization techniques, as rectangle
boundaries do not adapt to the complex shape of a graph.

Bubble Sets [6], LineSets [1], and KelpFusion [29] are all tech-
niques that address the challenge of integrating node-link visualiza-
tions with set-based data. Each of these techniques are designed, or
can be adapted, to be overlaid on top of existing visualizations, such
as geographical maps.

Developed by Alper et al., LineSets is a technique that represents
sets as smooth curves and uses colors to indicate membership [1].
This solution offers better readability when multiple sets overlap than
with BubbleSet. Bubble Sets displays set relations using isocountours,
which can be problematic when an element belongs to multiple sets,
in some cases causing elements to appear to be a part of the wrong
set. KelpFusion uses continuous boundaries constructed with lines
and hulls. The visual appearance of KelpFusion is generally compa-
rable or better than LineSets, but the technique strongly depends on
the spatial arrangements of elements. Hulls are used to group together
elements which are both spatially close belong to the same set.

Other solutions are explicitly designed for both the representation
of sets and for the identification of patterns in a graph representation.
Antoine Lambert et al. [24], for example, propose a solution which
assigns a color to every set and simultaneously colors nodes according
to the set to which they belong. When a node belongs to multiple sets,
multiple colored contours are used. A similar technique, which also
uses node coloring, is adopted by Takayuki Itoh et al. [18]. In this
solution, nodes which belong to multiple categories are subdivided in
multiple “fans.” With these techniques, the visual cost – in terms of
clutter and color overlap – increases with the number of categories in
the data.

5.3 Hierarchical Techniques
As mentioned earlier in the discussion of Requirement 7, pathways are
often deeply hierarchical. As mentioned in Requirement 7, a pathway
usually contains multiple sub-pathways, and a protein complex can
represent a are often nested hierarchy of constituent proteins. Con-
ventional representations of hierarchical structures with tree diagrams
are prone to visual clutter and poor readability as the amount of leaves
and the depth of the tree increases. For this reason, different visualiza-
tion techniques have been developed to efficiently represent complex
hierarchical structures.

A Radial View is a tree diagram that uses a circular layout in an
attempt to more efficient use of a two-dimensional space. With deeply
nested trees, a Radial View can suffer from the same issues seen with
more “traditional” tree diagrams. An alternative representation is seen
in the H-tree layout, which positions nodes by using only orthogonal
and perpendicular links, which helps eliminate edge crossings and op-
timize space.

Circle Packing [34] is a technique which presents hierarchical ele-
ments as nested circles. This technique provides an efficient overview
of a tree structure, however it may be difficult to adapt to more com-
plex and deeply-nested trees. In terms of biological pathways, circle
packing layouts may be useful for the understanding of hierarchial
structures such as proteins that are nested within complexes, as in
Requirement 7. However, a pathway might contain complexes with
hundreds of proteins and dozens of sub-complexes. Circle Packing
layouts also present a challenge when it comes to readable labels (Re-
quirement 1). Furthermore, understanding the path through a hierar-
chy from the root node to to a leaf element is challenging with a circle
packing layout.

Another representation of hierarchical structure is the Tree Map.
A tree map places components within rectangles with areas propor-
tional to some given metric. This technique is popular in representing,
for example, the memory usage in hard drive, but it may have only
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Fig. 2. Techniques for representing categories in graph structures: a) Each node is divided into multiple fans colored accordingly to its category b)
Nodes and edges have colored contours indicating their set membership c) KelpFusion [29] d) LineSets [1]

limited utility in representing biological pathway data. The spactial
organization of a Tree Map enables an intuitive understanding of the
organization of a structure, but is very difficult to parse when a tree is
more than two or three levels deep.

Figure 2 compares “traditional” tree diagrams to alternative tech-
niques.

5.4 Matrix-Based Techniques
Matrix representations act as an alternative to node-link diagrams in
representing graphs. Matrix representations excel in their ability to
show densely connected graphs while minimizing visual clutter.

Matrix representations present a significant challenge for pathway
data, as paths connecting more than two entities can be very diffi-
cult to follow. However, matrix views may be an important alterna-
tive view of very densely connected biological pathways, such as with
large gene regulatory networks.

6 TOOLS

In this section we examine and compare several existing tools for the
visualization of biological pathways. Particular attention is given to
which requirements detailed in Section 4 are implemented in each tool.
Table 4 summarizes these relationships.

Broadly speaking, current tools make use of one of three primary
visual representations: node-link diagrams, node-link diagrams with
compound nodes, and adjacency matrices. We look at Entourage [25],
Reactome Pathway Browser [7], VisAnt [17], MetaViz [4] and Vita-
Pad [14], each of which leverages a traditional node-link diagram.

ChiBE [2] is notable for being one of the first pathway visualiza-
tion tools to employ compound nodes, which can contain either the
proteins contained within a complex, or can indicate the cellular loca-
tion of many pathway components. ChiBE provides a basic pannable
and zoomable view of a pathway, and includes the ability to display
node details on demand through user interaction. Although certain
limited analytical functions are available, ChiBE is more well-suited

to the construction or curation of pathways, rather than to insightful
pathway analysis.

Reactome Pathway Browser is a tool for visualizing pathway dia-
grams included in the Reactome database. It offers basic navigation
and limited interactivity. It presents a fixed layout and does not en-
able the layering of additional meta-data in the same representation. It
makes use of multiple panels to enable the inspection of the structure
of complexes and to view data from empirical analyses. The Reac-
tome Pathway Browser does not enable the simultaneous visualization
of multiple pathways but, given a component, it allows the user to
navigate through related pathways.

Entourage [25] is a component of the Caleydo [26] framework that
displays relationships between proteins and other gene products across
multiple pathways. To this end it employs a novel algorithm that ex-
tracts contextual pathways from larger pathways. Contextual subsets
show small portions of a pathway that contain selected proteins of in-
terest. Because the display size of each contextual subset is relatively
small, many can be displayed at once, which allows Entourage to pro-
vide linked views of several pathways that share certain proteins of
interest (see Figure 3). Multiple pathways and sub-pathways are rep-
resented in isolated views, which preserves the pathway structure but
introduces node redundancy. Links connect proteins or complexes that
are shared across pathways, and unless requested by user interaction,
these links are reduced to partial “stubs” in order to reduce visual clut-
ter. The Bubble Set technique is used to highlight selected pathways
and visual links are used to connect nodes that are actually the same
node.

Entourage also allows for the display of both pharmacological and
genomic data related to selected gene products that span multiple path-
ways. Combining functional data with multiple pathway views makes
Entourage a powerful tool for molecular genomics research.

Furthermore, both Entourage and Reactome Pathway Browser en-
able the user to integrate experimental data. Entourage prefers to vi-
sualize the experiment information as side panels, whereas Reactome
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Table 4. Comparison between the requirements implemented in popular tools for pathway visualization

Tools R1 R2 R3 R4 R5 R6 R7 R8 R8 R9 R10 R11 R12 R13 R14 R15

Entourage D D D D D D D D D D D D D

Reactome D D D D D D D D D D D

VisAnt D D D D D D D D D D

VidaPad D D D D D D D

ChiBe D D D D D D D D D

BioFabric D D D

MetaViz D D D D D D

combine the path visualization with additional visual encoding to show
gene expression and other values (Fig 5)

Other tools implement techniques that enable the representation of
multiple pathways in the same view, such as MetaViz. MetaViz visual-
izes multiple metabolic pathways simultaneously, which allows topo-
logical analysis and avoids the duplication of biological components.
This method offers different visual layouts depending on the pathway
that the user wishes to focus on. The desired pathway will follow a
representation which flows from the top to the bottom accordingly the
topological ordering of components.

Fig. 5. Visualizing gene expression data with Reactome Pathway
Browser. Image from [19]

BioFabric [27] also enables the exploration of large biological net-
works composed by multiple pathways without replicating nodes. This
novel tool is meant to visualize extremely large networks composed of
thousands of nodes. This tool is designed specifically for genetic inter-
action networks, and thus it does not implement any pathways-specific
tasks. However, this tools can import SIF files which are commonly
used for pathway visualizations. Figure 4 represents a network with
hundreds of nodes and links. Elements are represented with horizontal
lines, and links with vertical lines. Although this tools is considerably
less intuitive than node-link diagram, it enables the representation of
large networks without a loss of detail.

VisAnt [17] enables a wide range of exploratory questions and tasks
related to network topology. Tasks include finding shortest paths be-
tween two nodes [16] as well as detection of clusters of dense nodes.
The positions of the nodes in the graph are computed with a relaxing
layout algorithm which models the network as a set of physical enti-
ties. This algorithm builds a graphical representation that organizes
the graph by the density of the connections between clusters of nodes.
Diagrams can include abstract nodes that extend beyond the typical
components found in a biological pathway. Diseases, genes, thera-

pies, and drugs are presented together in the same graph with more
“typical” pathway components such as proteins and complexes. VisAnt
permits a dynamic exploration of a biological network composed by
multiple pathways. However, if more than one pathway includes the
same node, multiple instances of the node will be present in the repre-
sentation. Furthermore, layouts are restricted to either force-directed
or hub-spoke algorithms.

Although in the majority of available tools the visual encoding of
a biological network remains limited to the conventional graph repre-
sentations, pathway analysis tools often decorate node-link represen-
tations with experimental data or additional meta-data. VitaPad [14],
for example, allows the user to incorporate micro-array data into path-
ways and offers a flexible visualization.

7 FUTURE WORK

Design an effective and compresensive visualization platform for bio-
logical pathways presents a variety of challenges. The techniques re-
viewed in this paper offer solutions to these challenges, some of which
have been implemented in existing pathway analysis tools. However,
the construction of a comprehensive analytics platform that imple-
ments a large majority of the requirements listed in our analysis has
yet to be realized. Here, we identify several “front-lines” of improve-
ment.

7.1 User Interactions and Visual Encodings
Comprehensive tools should provide highly interactive layouts and vi-
sual encodings. Some tools still present fixed layouts and implement
only limited interactivity. These tools might improve in the near future
by implementing more well-designed user interactions and functional-
ity. However, the majority of pathway representations are still tied to
conventional node-link representations.The visual encoding of node-
link diagrams can be augmented with additional techniques, such as
bubble-sets layered on a graph to provide categorical information. Fur-
thermore, techniques such as edge bundling or fisheye distortion that
can be easily embedded in graph representations should be included in
pathway visualization tools.

7.2 Web-Based Data Integration
The prevalence of large online databases with comprehensive APIs
makes web-based tools attractive solutions for biological pathway
analysis platforms. Online tools also improve accessibility. For in-
stance, one of the researchers we interviewed, QW, used Ingenuity
Pathway Analysis [23] to present her findings, but was frustrated by
the limitations of the desktop application

KEGG and Reactome, while providing online database access, both
offer very basic tools pathway visualization. Our interviews with do-
main experts revealed, for example, that researchers in bioinformatics
usually need to merge pathway information from different sources in
order to produce a higher quality pathway. Some tools enable the user
to import standard formats (which can be exported from databases) or
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Fig. 3. A view of Entourage showing links between a larger “focus pathway” and several “context pathways.” From [25]

to import data from a hyperlink. However, modern tools should enable
the exploration of the huge amount of pathway data contained within
online databases. Cutting edge tools will allow participants to actively
search online databases and to assemble complex pathways based on
network queries. High quality data representation must be supported
by high quality data.

7.3 Embracing Abstract Visualization Techniques

Nearly every tool in this review uses some type of node-link diagram.
The few exceptions are matrix based (BioFabric and Compressed Ad-
jacency Matrices) but they can only be used for very specific types of
networks, and they do not provide solutions relevant to pathway data
specifically, such as discovering paths between two proteins of inter-
est. Further work should be done to explore the possible benefits of
abstract representations, as almost every tool in this review relies on
automatic or human-curated node-link diagrams.

The visual representation of pathways has until recently been con-
fined to static representations that lack substantial user interactions.
Current pathway visualization tools rely almost entirely on “tradi-
tional” node link diagrams, and only a few of the techniques detailed
in Section 5 have been implemented in pathway visualization tools.
The adoption of new representations could lead to more robust analy-
sis platforms and inspire creative avenues of research.

7.4 Visualizing Uncertainty

Especially considering our feedback from domain experts, tools gener-
ally do not attempt to visualize the “uncertainty” behind a connection
in a pathway, as expressed by the first domain expert. This is a chal-
lenging task, as even the definition of “uncertainty” may be difficult to
operationalize. However, data formats such as BioPAX do have robust
support for citations, allowing published references to be connected to
entities and relationships within a pathway. A tool that could effec-
tively encode “uncertainty data” into a visualization may be very valu-
able to systems researchers who work with the results of hundereds or
thousands of separate publications.

7.5 Inference and Simulation

Being able to situate some hypothetical new reaction within the con-
text of a pathway database would likely be a valuable tool to these do-
main researchers. This avenue is also closely related to causal anayl-
sis, which as of this writing is only performed within the Ingenuity
Pathway Analysis [23] tool. Effective visualization of causal relation-
ships – and especially potential relationships that have yet to be con-
firmed – could produce exciting new avenues of research for molecular
biologists.

8 CONCLUSION

While a wide variety of pathway visualization tools exist, there is still
plenty of room for innovative platform development. Many tools tend
to greatly overlap each other with respect to the analytical tasks avail-
able, and attempts to address the most challenging aspects of pathway
data analysis are few and far between. Having a detailed understanding
of the tasks performed by researchers who work with pathway data is
essential to the development of effective pathway visual analytics plat-
forms. With the increasing popularity of web-based tools that integrate
multiple databases and reduce accessibility costs, and with a number
of innovative techniques for the vizualization of complex, hierarchial
data, there is great potential for the development of innovative and
useful platforms for complex biological pathway analytics.
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