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Kurzfassung

Der Begriff “biologisches Netzwerk” umfasst eine große und facettenreiche Menge ver-
schiedener Arten von Netzwerken, wie z.B. genregulatorische Netzwerke, Protein-Protein-
Interaktionsnetzwerke, Stoffwechselwege, phylogenetische Bäume und genetische Varia-
tionsgraphen. Jeder dieser Netzwerktypen bringt einzigartige Herausforderungen für
die Visualisierung und visuelle Analyse mit sich, die beispielsweise von der Größe und
Komplexität der Graphdaten, den besonderen Analyseaufgaben der Fachleute oder den
multivariaten Attributen der Kanten und Knoten des Netzes abhängen. Um besser zu
verstehen, wo die theoretische und grundlegende Forschung gegenüber der anwendungs-
und anwendungsorientierten Forschung aufholen muss, um wichtige Forschungslücken
zu schließen, geben wir einen Überblick über den Stand der Technik bei der Visuali-
sierung biologischer Netzwerke. Durch diese gründliche Durchsicht der Literatur, die
in eine sorgfältig durchdachte Taxonomie (basiert auf der klassischen Visualisierungs-
pipeline) eingebettet ist, sind wir in der Lage, mehrere noch offene Herausforderungen
und Probleme zu identifizieren, wie z. B. das Fehlen ausgefeilter Graphenvergleichs-
und Analysetechniken oder den übermäßigen Rückgriff auf schematische und geradlinige
Knoten-Verbindungs-Diagramme.

Von diesen identifizierten Herausforderungen sind drei für uns von besonderem Interesse,
und zwar aufgrund ihrer theoretischen Relevanz, ihrer konzeptionellen Herausforderung
bzw. ihres Wertes für den Bereich selbst:

Herausforderung 1: Die Visualisierung von großen und dichten biologischen Netz-
werken, die nicht in sogenannte “Hairballs” zerfallen; unlesbare
Gewirre von Knoten und Kanten.

Herausforderung 2: Die Visualisierung der Arten von Ungewissheit, die oft mit
biologischen Einheiten und Beziehungen verbunden sind.

Herausforderung 3: Die Visualisierung von Gruppenstrukturen, die in zahlreichen
biologischen und biochemischen Systemen vorhanden sind.

Um diese drei Herausforderungen zu bewältigen, führen wir fünf Untersuchungen durch.
Zunächst untersuchen wir das prinzipielle und algorithmische splitting of vertices, um
Kantenkreuzungen iterativ aufzulösen und dadurch die Lesbarkeit von Graphen zu
verbessern. Unser Ansatz wird in einer Online-Nutzerstudie an kleinen Graphen als
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Machbarkeitsprüfung getestet. Zweitens untersuchen wir die Visualisierung sogenannter
ego-networks, die es erlauben, nur die knotenrelative und knotenrelevante Topologie
zu visualisieren, anstatt die Gesamtheit eines Netzwerks. Dazu untersuchen wir den
aktuellen Stand der Visualisierung von Ego-Netzwerken und führen eine groß angelegte
Online-Nutzerstudie durch, in der vier gängige Ansätze verglichen werden. Drittens
untersuchen wir die Visualisierung von Knotenattribut-Unsicherheit unter Verwendung
von animierter “Wackeligkeit”, d.h. animierter Knotenbewegung, und vergleichen diesen
neuartigen Ansatz mit drei alternativen Unsicherheitskodierungen auf dem neuesten
Stand der Technik, die aus einer groß angelegten Umfrage in der Literatur abgeleitet
wurden, in einer groß angelegten Online-Nutzerstudie. Viertens untersuchen wir den
aktuellen Stand der Visualisierung von compound graphs, d.h. die Visualisierung von
Graphen, deren Knoten nicht nur topologische Beziehungen, sondern auch Beziehungen
auf Gruppenebene aufweisen. Anhand der Ergebnisse dieser Umfrage formulieren wir
eine Reihe von Herausforderungen, die in der zukünftigen Arbeit angegangen werden
sollen. Schließlich fügen wir die oben genannten vier Arbeiten zusammen und entwickeln
ein prototypisches Dashboard für die Visualisierung von zusammengesetzten Graphen,
das Elemente der Visualisierung biologischer Netzwerke, compound graphs und von
Ego-Netzwerken kombiniert.

Es bleibt noch viel zu tun, um eine effektive Visualisierung komplexer biologischer
Netzwerke zu gewährleisten, von der Entwicklung neuartiger Layout-Algorithmen, mit
denen große Multi-omics-Netzwerke angegangen werden können, bis hin zur Entwicklung
neuartiger interaktiver Systeme, mit denen solche Netzwerke visuell erforscht werden
können. Damit solche zukünftigen Bemühungen effektiv sind, müssen sie auf einer soliden
Literaturbasis aufbauen, die grundlegende Aspekte der Netzwerkvisualisierung untersucht.
Hier argumentieren wir, dass unsere Untersuchungen von Vertex-Splitting, Visualisie-
rung von Ego-Netzwerken, Visualisierung von Unsicherheiten und Visualisierung von
zusammengesetzten Graphen für die Zukunft der Visualisierung komplexer biologischer
Netzwerke von großer Bedeutung sind und sein werden. Zusammenfassend glauben wir,
dafür eine gute Grundlage geschaffen zu haben.



Abstract

The term “biological network” comprises a large and multifaceted set of different types
of networks, such as gene regulatory networks, protein-protein interaction networks,
metabolic pathways, phylogenetic trees, and genetic variation graphs. Each of these
network types brings with it unique visualization and visual analysis challenges, depending
on, for example, the size and complexity of the graph data, the particular analysis tasks
performed by domain experts, or the multivariate attributes attached to the network’s
edges and nodes. Inspired by the many challenges and difficulties faced by the field, we
tackle (some of) them, not from the perspective of the domain, but abstract (network)
visualization. First, in order to better understand where theoretical and fundamental
research must catch up to application and application-driven research to fill important
research gaps, we survey the state-of-the-art of biological network visualization. Through
this thorough review of the literature, embedded within a carefully considered taxonomy
based on the classical visualization pipeline, we are able to identify several outstanding
challenges and issues, such as the lack of sophisticated graph comparison and analysis
techniques or the over-reliance on schematic and straight-line node-link diagrams.

From these identified challenges, three are of particular interest to us, owing to their
theoretical relevance, their conceptual challenge, or their value to the domain itself,
respectively:

Challenge 1: The visualization of large and dense biological networks that do not
devolve into so-called “hairballs”, i.e., unreadable tangles of nodes and
edges.

Challenge 2: The visualization of the kinds of uncertainty often attached to biological
entities and relationships.

Challenge 3: The visualization of group structures common across numerous biological
and biochemical (sub)systems.

To tackle these three challenges, we conduct five investigations. To tackle challenge 1, we
first investigate the principled and algorithmic splitting of vertices to iteratively resolve
edge crossings and thereby improve the readability of graphs. Our approach is tested on
small graphs as a proof of concept in an online user study. As an alternative solution
to challenge 1, we investigate the visualization of so-called ego-networks, which allow
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for the visualization of only node-relative and node-relevant topology, instead of the
entirety of a network. To do so, we study the current state of ego network visualization
and conduct a large-scale online user study comparing four common approaches. Third,
within the context of challenge 2, we investigate the visualization of node attribute
uncertainty using animated “wiggliness”, i.e., animated node motion, and compare this
novel approach to three state-of-the-art alternative uncertainty encodings derived from
a larger-scale survey of the literature, in a large-scale online user study. Fourth, in
order to tackle challenge 3, we survey the current state of compound graph visualization,
i.e., the visualization of graphs whose nodes, in addition to topological relationships,
share group-level relationships. With the results of this survey in hand, we formulate
a series of outstanding challenges to be addressed in future work. Finally, we combine
the aforementioned four works together and develop a prototypical dashboard for the
visualization of compound graphs, combining elements of biological network visualization,
compound graph visualization, and ego network visualization.

Much work remains to be done to ensure the effective visualization of complex biological
networks — from the development of novel layout algorithms with which to tackle large
multi-omics networks to the engineering of novel interactive systems with which to visually
explore such networks. For such future efforts to be effective, they must build upon
a robust body of literature investigating fundamental aspects of network visualization.
Here, we thus argue that, inspired by the many identified biological network visualization
challenges, our consequent investigations of vertex splitting, ego network visualizations,
uncertainty visualizations, and compound graph visualizations have taken the first steps
towards the (more) effective visualization of the kinds of complex network data common
to biology and biochemistry.
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CHAPTER 1
Introduction

Molecular and systems biology studies the mechanistic and biochemical underpinnings of
cellular (sub)systems through iterative modeling and (experimental) validation. These
complex cellular systems comprise numerous different kinds of biological entities, such as
genes, ribonucleic acid (RNA) fragments, proteins, or metabolites. Importantly, these
biological entities are all connected through a dense web of biological interactions, such
as
1. genetic transcription which, with the help of transcription proteins, turns (parts
of) genes, encoded in deoxyribonucleic acid (DNA), into RNA (fragments) for the
ultimate purpose of gene expression,

2. RNA translation which, with the help of complex biochemical machinery consisting
of messenger RNA molecules, transfer RNA, and ribosome proteins, turns tran-
scribed RNA sequences into amino acid polypeptide chains to ultimately form
proteins,

3. protein-protein interactions which, through chemical forces and/or other proteins,
bring (parts of) two or more proteins together in order to activate, change, or
regulate their functions,

4. metabolic reactions which, often with the help of enzymes, i.e., functional proteins,
chemically transform one set of metabolic intermediaries into another in order to
provide the cellular system with chemical “building blocks” it requires to function,
e.g., for DNA transcription, RNA translation, inter/intracellular signaling, or
cellular replication,

5. gene regulation which, with the help of genetic regulator molecules, regulates the
(co)expression of a gene during DNA transcription or RNA translation, thereby
steering overall cellular function.

This web of biological interactions across biological entity types forms a so-called biological
network, a complex network of biological and biochemical entities connected by a variety
of interactions that together dictate cellular function.
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1. Introduction

Such networks are commonly modeled as graphs and are common across a wide variety of
applications, from social network analysis, through (metropolitan) transportation network
visualization, to biological network modeling. Such graphs mathematically describe the
relationship, called edges or links, between entities, called nodes or vertices. These entities
and their relationships can represent a diverse array of data. On the one hand, for
example, in a social network, each node might represent a particular person, and each
edge between them represents a (particular type of) relationship they share. On the
other hand, in a transportation network, each node might represent a subway/tram/bus
stop, and each edge a subway/tram/bus connection between them.

Because graphs are an abstract data structure, they do not necessarily have an intrinsic
2D or 3D spatial representation. In the case of a transportation network, for example,
nodes can be placed on a (2D) map depending on where they are located geographically,
and edges, i.e., subway/tram/bus connections, can be placed along their geographic
route (Figure 1.1a). Depending on the user, task, or situation, however, such intrinsic
representations of a network may not be desirable or readable. Consider how many metro
maps do not necessarily represent space geographically accurately in the interest of better
communicating connectivity (Figures 1.1c, 1.1b, and 1.1d). Moreover, many other graphs
have no such intrinsic representation to begin with. Returning to the aforementioned
social network, while it might be described mathematically as a graph, there is no singular
way such a graph can be visually represented. Where (in 2D or 3D space) would one place
a node representing a particular person? How would one represent said person visually?
And how would one visually represent the relationships between two particular people?
It is this very problem, i.e., the visualization of abstract graphs, that also underlies most
biological network visualization efforts.

This process of visualizing graphs is called graph drawing and is commonly achieved with
the help of a graph drawing algorithm: For some input graph, graph drawing algorithms
commonly map every vertex to a point (in 2D space) and each (undirected) edge to
a line or arc between respective vertex points. These so-called node-link diagrams are
a familiar and powerful approach to visualizing networks. Beyond the simple straight-
line node-link diagram (Figure 1.2a), however, these node-link diagrams come in many
different variations, each of which with its own set of constraints on node and edge
placement: some arrange nodes along the circumference of one or multiple circles (Figure
1.2b), others in layers, while others yet arrange nodes and edges along an ortholinear
grid (Figure 1.2c). Here, it is important to stress that no representation is inherently
superior to any other representation. Instead, each visualization approach brings with it
its own set of advantages and disadvantages, depending on the user group, graph data
properties, or the analysis tasks to be performed.

Alternatively, instead of visualizing networks as a type of node-link diagram, one could
opt to visualize graphs tabularly, using an adjacency matrix (Figure 1.2d), biofabric
(Figure 1.2e), or quilt. Consider the adjacency matrix, i.e., the simplest of the set of
tabular representations. Every node is represented twice, once as a column and once as a
row in a square matrix. If two vertices are connected by an edge, the corresponding matrix

2



(a) (b)

(c)

(d)

Figure 1.1: The Vienna subway system visualized in three different ways: a) a geographi-
cally accurate representation, b) an octolinear, square representation, c) an octolinear,
rectangular representation, and d) a linear arrangement of a subgraph view of only one
subway line. The complete subway system’s graph consists of |V | = 106 nodes, i.e., sta-
tions, categorized into 5 groups, i.e., subway lines, and |E| = 101 edges, i.e., connections.
Note that while maps (a) and (c) depict only the connectivity of the city’s subways,
map (b) additionally showcases the city’s train connections in light blue. Moreover,
(d) showcases the topology of only one group, i.e., one subway line, arranged linearly.
Note also how, depending on the goal and context of the visualization, each of these
representations is useful in its own way, depending on the context in which it is presented
and the purpose of the visualization.

3



1. Introduction

(a) (b) (c) (d) (e)

Figure 1.2: The same graph G, consisting of |E| = 8 edges and |V | = 8 vertices, visualized
as a a) straight-line node-link diagram, b) radial node-link diagram, c) orthogonal node-
link diagram, d) adjacency matrix, and e) biofabric representation.

cells are filled-in. Conversely, if two vertices are not connected, their corresponding cells
are left empty (Figure 1.2d). While perhaps not as immediately intuitive as a node-link
diagram, these tabular representations offer a number of conceptual advantages, such
as better scalability with denser graphs, though at the cost of poorer scalability with
increasing numbers of vertices.

Importantly, any domain that deals with the visualization (as well as visual exploration
and analysis) of its graph data must wrestle with graph drawing in some form or another.
Here, modern biological and biochemical networks are particularly interesting, as they
present domain experts with large, dense, heterogeneous, and multifaceted graphs that
are highly challenging to visualize. As previously discussed, examples of such networks
include protein-protein interaction networks, gene regulatory networks, and metabolic
pathway networks, but also gene variation networks, brain connectomics networks, or
phylogenetic trees. Here, each of these unique types of networks brings with it unique
challenges, depending on the research goals of the domain expert.

For example, within the context of gene expression analyses, researchers measure the
abundance of genes (based on the amount of RNA transcripts or protein fragments present
in a sample) across experimental conditions (Figure 1.3). These differences in relative
gene abundance between conditions can then form the basis of statistical comparison,
which can allow researchers to identify genes of potential substantive interest, as they may
be crucially linked to observed phenotypic differences. However, domain experts often
wish to study these genes not only based on their statistical differences but also within
their biological context, i.e., within the context of gene regulatory or metabolic pathway
knowledge graphs. This necessitates drawing such graphs and combining them with the
statistical and experimental data collected. However, even without the inclusion of such
additional data, these networks are highly complex, as they can feature different types
of nodes, i.e., biological entities, different types of (directed and weighted) edges, i.e.,
biological and biochemical interactions, and (hierarchical) group structures, i.e., biological
pathways encompassing non-unique subsets of biological entities. Once combined with
experimental data, researchers are ultimately faced with the challenging task of visualizing
a large, directed, multivariate, compound, and sometimes dynamic network. While we
may not be per se interested in such application-oriented problem-solving, understanding
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Figure 1.3: A simplified and schematic visualization of the experimental and (visual)
analysis process of gene expression studies. For two conditions, A (control) and B
(treatment), biological samples are collected; here, from mice. From these collected
samples, gene expression levels are measured per gene and per condition. The differences
between gene expression levels are shown here as a bar chart and form the basis of
subsequent statistical analyses. Statistically significant differences in a gene’s expression
levels between conditions can indicate substantive relevance, i.e., the involvement of
a gene in a crucial disease-promoting or repressing pathway. In order to study the
biological context of such substantive genes, this experimental and statistical data is
combined with gene regulatory or metabolic pathways knowledge graphs, shown on the
right-hand side of the figure. Here, the various types of biological entities (visualized using
different shapes), their different types of (here undirected) relationships, the system’s
group structure (visualized using different node colors), as well as each biological entity’s
statistical/experimental metadata (shown using different node sizes) must be visually
communicated for a domain expert to effectively study such biological (sub)systems.

the current requirements of a domain as broad and challenging as biological network
visualization can allow us to identify key areas in which fundamental research must
catch up to meet application-oriented demands. In this dissertation, we, inspired by
these challenges, thus aim to tackle several fundamental network visualization problems
relevant to the current state-of-the-art of biological network visualization in order to take
steps towards the (more) effective visualization of the domain’s challenging network data.

Research Questions Given the breadth of types of networks that make up biological
networks and the many (sub)domains involved in their study, it is unsurprising that
we are able to identify several outstanding challenges (Chapter 2). In this dissertation,
we are particularly interested in the, in our estimation, three most salient outstanding
issues of biological network visualization: improving the readability of conventionally
laid-out straight-line node-link diagrams, incorporating uncertainty in biological network
visualization efforts, and the visualization of group structure in biological compound
graphs. Thus, we define three overarching research questions.

Research Question 1 How to (more effectively) visualize complex networks
common in biological network endeavors? The read-
ability of a graph drawing can be quantified using so-called
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1. Introduction

graph aesthetic/readability criteria [Pur02], such as the num-
ber of edge crossings, the orthogonality of the drawing, or
vertices’ minimum incident edge angle ratios. As biological
networks increase in complexity, i.e., edge density and num-
ber of nodes, the heuristic (stress and force-based) layout
algorithms commonly employed in the field produce less and
less (graph aesthetically) readable visualizations. We identify
three possible conceptual approaches to improving the graph
aesthetics of network visualizations. First, one might develop
novel graph drawing algorithms that attempt to optimize cer-
tain readability criteria directly instead of, as is the case with
heuristic approaches, indirectly. Second, one might develop
novel methods with which to improve the readability of a
drawing after it has been drawn by some (arbitrary) user-
selected algorithm. Third and finally, one might side-step the
problem of visualizing the graph in its entirety by restricting
the user’s view to a subpart of the network using appropriate
and novel Focus+Context techniques. Here, given the focus of
this dissertation on network visualization, we are particularly
interested in investigating the latter two approaches.

Research Question 2 Which uncertainty is prevalent in biological networks
and how should said uncertainty be effectively visu-
alized? Biological networks feature multivariate attributes
attached to both their nodes and edges, such as expression
levels/differences attached to genes or relative abundances
attached to proteins. These multivariate attributes, however,
can be uncertain. Within the context of previously discussed
gene expression analyses, for example, individual gene expres-
sion differences attached to nodes are actually mean/median
values and thus have a certain range of values around them.
Typically, these uncertainties are ignored in the visualization
itself. In this dissertation, we aim to tackle the problem of
actually visually communicating this uncertainty effectively
in order to enhance domain expert decision-making.

Research Question 3 How to effectively visualize compound graph group
structure common to biological network visualization
endeavors? Biological networks often feature some form of
(hierarchical) group structure, which organizes their edges
and/or nodes into (non-disjoint) sets. Crucially, domain ex-
perts are simultaneously interested in both the network’s
biological entities and their relationships as well as the graph’s
group structures. This complicates the visualization of such
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networks, as care must be taken not to visualize one at the cost
of the other. In this dissertation, we study how to effectively
visualize such compound graphs in order to facilitate better
visual analyses and explorations of biological data.

Dissertation Structure To tackle these three research questions effectively, we have
compiled six chapters (Figure 1.4), based on six published first/lead-author papers, each
of which aims to either directly tackle or contextualize one of these challenges. This
dissertation is thus structured as follows.

Chapter 2, based on the published paper “An introduction to and survey of biological
network visualization” [EBK+25], aims to provide an overview of and introduction to
the current state-of-the-art of biological network visualization in order to ultimately
identify interesting gaps for future research to fill. These are further investigated in the
subsequent chapters.

Chapter 3, based on the published paper “Improving readability of static, straight-line
graph drawings: A first look at edge crossing resolution through iterative vertex splitting”
[EVRW23], aims to tackle Research Question 1, i.e., how to improve the visualization of
complex networks and their visualizations, by improving the graph aesthetic readability
of some given graph drawing. More specifically, we develop a novel approach to iteratively
resolving edge crossings (a notoriously important readability criterion) through vertex
splitting. Given biologists’ and biochemists’ conceptual familiarity with (manual) vertex
splitting, e.g., in the context of KEGG pathways, we believe that, if developed further,
our algorithmic approach to vertex splitting might find ready acceptance among said
experts. Chapter 4, based on the published paper “Me! Me! Me! Me! A study and
comparison of ego network representations” [EPF+24], also tackles Research Question
1, but does so by studying a (for biological network visualization) novel Focus+Context
approach in the form of ego networks. In our estimation, such ego network could be of
particular interest to biologists and biochemists, as their (visual) analyses of networks
often commence with some a priori selected entity (vertex) of interest and its immediate
neighborhood(s).

Chapter 5, based on the paper “Wiggle! Wiggle! Wiggle! Visualizing Uncertainty in Node
Attributes in Straight-Line Node-Link Diagrams Using Animated Wiggliness” [EPdB+25a],
aims to tackle Research Question 2, i.e., studying and developing novel approaches to
uncertainty visualization relevant to biological networks. Specifically, we are interested in
developing a novel approach to node attribute uncertainty, as these are, in our estimation,
common in and relevant to biological network visualization endeavors.

Finally, chapters 6 and 7 tackle Research Question 3, i.e., the visualization of compound
graphs. Chapter 6, based on published position paper “Visualizing Group Structure in
Compound Graphs: The Current State, Lessons Learned, and Outstanding Opportunities”
[EMWR24], characterizes the current state-of-the-art of compound graph visualization
using a novel taxonomy for both the visual encoding of group structure and the visual
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relationship between group structure and graph topology. We deemed this chapter of
particular interest to biologists and biochemists, as their network data often features
(hierarchical) group structures, be it SNPs that fall within genes, or genes that fall
within (metabolic or gene-regulatory) pathways, or proteins that fall within larger protein
complexes. Chapter 7, based on the published short paper “Penta: Towards Visualizing
Compound Graphs as Set-Typed Data” [EKR25], proposes a novel, prototypical dashboard
for the visualization of compound graphs, which, inspired by set visualization, decomposes
the visualization problem into five separate, but linked, views. While still a prototype,
and not (yet) tailored towards the visualization of biological/biochemical data, we believe
that the conceptual approaches employed by Penta could be useful to the kinds of
aforementioned biological compound graphs. The dissertation ultimately concludes with
chapter 8 summarizing the work presented, as well as a discussion of future work.

In the remainder of this introduction, we briefly summarize each of Chapters 2 until
7. Finally, we provide a brief enumeration and summary of all additional papers that
this dissertation’s author was involved in during his PhD, but do not consist of core
contributions of this dissertation.

Chapter 2: A Roadmap First, we must understand and characterize the current
state-of-the-art of biological network visualization across its many sub-domains in order to
identify key outstanding challenges [EBK+25]. Additionally, we provide the reader with
an overview of the core techniques underlying (biological) network visualization. Thus,
we position this first chapter as not only a survey of but also an introduction to modern
biological network visualization. This introduction covers various aspects of network
visualization, such as the data structures utilized, the techniques used for network analysis,
various common graph drawing approaches, the abstract graph tasks underlying visual
analysis endeavors, core interaction techniques, and examples of interactive biological
network visualization tools across various domains (Figure 1.4a). Based on the insights
of this literature survey, couched in a taxonomic classification following the classical
visualization pipeline, we are subsequently able to identify and discuss six outstanding
biological network visualization challenges, such as the over-reliance on straight-line
node-link diagrams, despite their poor visual scalability, or the lack of acknowledgment
of uncertainty in the network’s layout as well as node and edge attributes.
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(a) Survey (b) Vertex Splitting

(c) Ego Networks (d) Node Attribute Uncertainty

(e) Compound Graph Visualization (f) The Penta Dashboard

Figure 1.4: A visual summary of the contributions of this dissertation’s chapters, consisting
of i) a state-of-the-art report of and introduction to the various facets that make up
biological network visualization (Chapter 2), ii) a first look at principled vertex splitting
for iterative edge crossings resolution (Chapter 3), iii) a survey of the current state of
ego network visualization as well as a comparison of commonly utilized approaches in
a large-scale user study (Chapter 4), iv) a state-of-the-art report of compound graph
visualization (Chapter 6), v) a survey of the current state of uncertainty visualization
approaches as well as a comparison of three carefully chosen approaches to a novel,
proposed approach in the form of animated “wiggliness” (Chapter 5), and finally vi)
the development of the prototypical dashboard Penta for the visualization of compound
graphs (Chapter 7).
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Chapter 3: Untangling the Hairball One key challenge we note in our survey of the
current state of biological network visualization is the frequent use of heuristically laid-out
straight-line node-link diagrams, most likely owing to their availability across libraries
and packages, as well as their comparative computational scalability. However, these
heuristic layout algorithms only indirectly optimize crucial graph aesthetic metrics, which
each quantify different aspects of a graph’s readability. Thus, they do not necessarily
scale well visually with larger and denser graphs. While all aesthetic metrics affect graph
readability, one metric stands out as particularly important: the number of edge crossings.
Resolving these edge crossings is, however, not trivial, and two possible approaches present
themselves in the literature. First, one can minimize the number of edge crossings during
the algorithmic drawing of the network — a notorious, NP-Hard problem. Second, one
can resolve edge-crossings after some drawing has been produced, regardless of the layout
algorithm used, through, for example, the removal of graph aesthetically problematic
nodes and edges. However, domain experts are seldom interested in removing biological
entities or relationships under study, thus making edge and node deletion approaches
theoretically interesting but practically undesirable. Thus, we propose vertex splitting
[EVRW23]: Instead of removing a “problematic” vertex and all its incident edges from
a graph drawing, we propose splitting it into two separate copies. The original set of
incident edges can then be redistributed across these two copies of the original vertex,
thereby resolving (a subset of) the edge crossings in which the original vertex was involved
(Figure 1.4b), thereby making the drawing more readable.

Chapter 4: Think Globally, Act Locally An alternative approach to tackling —
or more precisely, side-stepping — the aforementioned “hairball” problem is to simply
not visualize the entirety of the network at once, but only parts of it; specifically, parts
relevant to some current visual analysis task. While many different Focus+Context
approaches present themselves for this purpose, we are particularly interested in a graph
visualization technique common in the social sciences: ego networks [EPF+24]. Ego
networks do not visualize a graph in its totality but only visualize connectivity relevant
to a particular (user-selectable) focal node (the ego) (Figure 1.4c). However, despite
its conceptual power and prevalence in (dynamic) social science network visualization,
the technique has not been embraced in other domains, such as biological network
visualization. Moreover, we note that little, if any, systematic work on characterizing ego
networks, their visualization, and their effectiveness has been done at all. Thus, in this
chapter, we first conduct a thorough review of the literature and categorize the collected
papers based on both their ego network representations as well as their application
domain. From this survey, we identify four representations commonly utilized across
domains and applicable to biological networks. We subsequently compare these four
representations in a large-scale crowd-sourced user study across six ego-network-specific
analysis tasks in a mixed-methods analysis setup.
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Chapter 5: Are You Sure? In biology, multivariate attributes attached to a network’s
nodes and edges can come in a variety of forms and shapes, from qualitative pathway-level
group structures to quantitative node-level gene expression differences. Commonly, these
multivariate attributes have been treated as certain when, in actuality, these attributes
may in fact be uncertain as well. For example, returning to the aforementioned example
of gene expression analysis (Figure 1.3), each node’s expression difference is actually
the difference between two mean values. This means each node’s difference value has
some deviation around it to be considered. Here, including these uncertainties should
allow domain experts to perform more holistic analyses and allow for better decision-
making, e.g., selecting genes (nodes) for experimental follow-up studies. We are thus
interested in investigating how to effectively visualize node attribute uncertainties in
networks, as we see the value thereof for biological network visualization efforts. Many
different approaches, especially in the context of (3D volumetric) medical data, have
been investigated. However, in the context of network visualization, very little, if any,
systematic work has been done on the topic. Moreover, we note that one particular
channel remains both controversial and under-explored across domains despite its many
conceptual advantages: animation. Thus, inspired by relevant medical visualization
applications, we set out to investigate animation, specifically in the form of the novel
channel of “node wiggliness” (Figure 1.4d), and compare it to meaningfully selected
alternative visual uncertainty encodings [EPdB+25a].

Chapter 6: Beyond the Individual One dimension beyond graph topology common
to biological networks is group structure: nodes and/or edges that belong to some, poten-
tially hierarchical, set of biologically-relevant groups. Commonly, these group structures
are obtained from online knowledge graphs, representing the field’s current — and often
experimentally acquired and confirmed — understanding of an organism’s biochemical
inner workings. Consider, for example, the previously discussed gene expression analyses
(Figure 1.3). Here, focus lies not only on individual gene expression differences between
experimental conditions, but also on macroscopic differences on a pathway level. However,
in order to study the biological context of these gene-level expression differences, these
knowledge graphs’ topologies and group structure must be visualized alongside exper-
imentally collected data. As interest lies simultaneously in both the graph’s topology
and group structure, care must be taken to visualize each without negatively affecting
the other (Figure 1.4e). Here, in order to study and understand current approaches
to group structure visualization, we conduct a survey of the state-of-the-art by both
combining existing reference sets from previously published reports as well as collecting
novel literature [EMWR24]. The collected set of papers is then classified within a novel
taxonomy, with which we are able to identify a set of outstanding challenges and gaps
that may be addressed in future research efforts.
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Chapter 7: Putting It All Together Throughout this dissertation, we aim to
investigate fundamental network visualization challenges relevant to biological network
visualization. However, we also aim to lay the foundation for an application-oriented
solution to the group structure visualization challenge in compound graphs. We argue
that the visualization of group structure in graphs can be viewed as comparable to
set visualization, where a graph’s groups form the sets, nodes form the elements, and
nodes that map to multiple sets form intersections. Additionally, we argue that, in order
to effectively tackle the various tasks of the visual analysis of compound graphs, each
task requires its own visual representation in a multi-view dashboard. Thus, we present
the prototypical Penta dashboard (Figure 1.4f) [EKR25], designed to decompose the
compound graph visualization problem into multiple linked sub-parts. We demonstrate
the potential value of Penta in three case studies, one of them stemming from the
biological domain.

Other Contributions Finally, we also aim to contribute to (applied) network visu-
alization efforts both within and without the field of biological network visualization.
To that end, this author was involved in several additional research endeavors. These
contributions have been published as follows:

1. Tailored Mass Spectral Data Exploration Using the SpecXplore Interactive Dash-
board. In this paper, published in the journal Analytical Chemistry, Mildau et
al. [MEO+24] develop a dashboard for the visual exploration of mass spectral
data in the context of untargeted metabolomic networks. The value and utility
of this dashboard, SpecXplore, is demonstrated using two real-world LC-MS/MS
untargeted metabolomics datasets. As the second author, this dissertation’s au-
thor’s contributions to this paper include conceptualization, implementation, and
editing. More specifically, this author was heavily involved in the prototyping of the
dashboard, both during the conceptualization and initial software implementation
stages. Finally, the author had a hand in editing and preparing the final version of
the submitted and finally accepted paper, ensuring its correctness and completeness
from a (network) visualization perspective.

2. ConAn: Measuring and Evaluating User Confidence in Visual Data Analysis Under
Uncertainty. In this paper, published in the journal Computer Graphics Forum,
Musleh et al. [MCER25] explore the role of user confidence in guided visual
analysis under the influence of uncertainty. Several (network) metrics with which
to gauge user confidence are proposed and evaluated using a lab study studying
the impact of guidance on (self-reported) user confidence. As the third author,
this dissertation’s author’s contributions to this paper are conceptualization and
editing. More specifically, this author was involved in the conceptualization of the
topological graph metrics developed to assess user confidence.

3. Effective data visualization strategies in untargeted metabolomics. In this review
paper and state-of-the-art report, published in the journal Natural Product Reports,
Mildau et al. [MEM+25] describe and explore the current untargeted metabolomics
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workflow from the perspective of information and network visualization in order
to identify gaps for future research. As the second first author, this author’s
contributions to this paper include conceptualization, literature review, writing,
and editing. More specifically, the author was heavily involved in the drafting of
the initial idea as well as the researching and writing of sections 2 and 3, i.e., the
sections on information and network visualization, specifically. This involved a
thorough review of the literature, the writing of the sections themselves, the creation
of illustrative figures with which to explain certain (network) visualization concepts
to metabolomics domain experts, the unification of the entire paper in terms of
language used, as well as the proofreading and editing of the entire document.

4. HoloGraphs: An Interactive Physicalization for Dynamic Graphs. In this short
paper presented at the 17th International Conference on Information Visualization
Theory and Applications, Pahr et al. [PEF25] present a novel physicalization
toolkit with which to represent, explore, and interact with dynamic networks. The
utility of this novel approach is demonstrated in a simple case study featuring a
dynamic network derived from the Harry Potter book series. As the second author,
this author’s contributions include conceptualization, writing, figure creation, and
editing. More specifically, this author was involved in the initial brainstorming of
the idea, the conceptualization of the prototype, the creation of the core explanatory
figure with which to visually communicate the creation of a HoloGraph, the creation
of included photos and videos, the writing of the graph theoretic section, as well as
the proofreading and editing of the entire submitted document.

5. NodKant: Exploring Constructive Network Physicalization. In this paper, presented
as best paper at the 27th EuroVis conference and published in the journal Computer
Graphics Forum in 2025, Pahr et al. [PDBE+25] propose a physicalization toolkit
for the personalized physical construction of graphs. In a mixed-methods user
study, the authors analyze the impact of self-construction on user performance
and comprehension. As the third author, this dissertation’s author’s contributions
include conceptualization, figure creation, writing, and editing. More specifically,
this author was heavily involved during the initial development of the paper’s core
idea, the development of the evaluation strategy, the creation of several (results)
figures, the writing of several sections of the paper, and the proofreading and editing
of the submitted document.

6. BattleGraphs: Forge, Fortify, and Fight in the Network Arena. In this workshop
paper, presented at the 1st EuroVis Workshop on Visualization Play, Games, and
Activities in 2025, Ehlers et al. [EPdB+25b] develop an educational, competitive
board game based on the previously discussed NodKant toolkit. As lead author,
this author’s contributions include conceptualization, writing, and editing. More
specifically, this author was heavily involved in the initial development of the
paper’s core idea(s), the delegation of tasks to co-authors, the downstream creation
of props, the writing of large parts of the paper, as well as the proofreading and
editing of the entire document.
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CHAPTER 2
A Roadmap: The Current State of
Biological Network Visualization

Biological networks form a large and multifaceted class of networks, from protein-protein
interaction networks, through genomic variation networks, to phylogenetic trees. De-
pending on the particular application domain, these networks bring with them unique
visualization challenges, owing to i) their graphs’ large sizes and densities, ii) the multi-
variate attributes attached to nodes and/or edges, or iii) many types of nodes, edges,
and layers featured within them. While we are more interested in fundamental network
visualization problems than domain-specific application research, understanding the
current state of a domain, such as biological network visualization, can help us pinpoint
where fundamental research must catch up with application-driven demands. Indeed, it
was many of the problems identified here that inspired the work discussed in subsequent
chapters.

In this chapter, we thus survey the current state of biological network visualization.
This chapter also serves as a general introduction to the basics of (biological) network
visualization. The contents of this chapter are based on the state-of-the-art report entitled
“An Introduction to and Survey of Biological Network Visualization”, published in the
journal Computer & Graphics [EBK+25], with myself as first author, in collaboration
with Nicolas Brich, Jiacheng Yu, Michael Krone, Martin Nöllenburg, Hiroaki Natsukawa,
Xiaoru Yuan, and Hsiang-Yun Wu.
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2. A Roadmap: The Current State of Biological Network Visualization

2.1 Overview
Biological networks describe complex relationships in biological systems, which represent
biological entities as vertices and their underlying connectivity as edges. Ideally, for a
complete analysis of such systems, domain experts need to visually integrate multiple
sources of heterogeneous data, and visually, as well as numerically, probe said data in order
to explore or validate (mechanistic) hypotheses. Such visual analyses require the coming
together of biological domain experts, bioinformaticians, as well as network scientists
to create useful visualization tools. Owing to the underlying graph data becoming ever
larger and more complex, the visual representation of such biological networks has become
challenging in its own right. This introduction and survey aim to describe the current
state of biological network visualization in order to identify scientific gaps for visualization
experts, network scientists, bioinformaticians, and domain experts, such as biologists or
biochemists, alike. Specifically, we revisit the classic visualization pipeline, upon which
we base this chapter’s taxonomy and structure, which in turn forms the basis of our
literature classification. This pipeline describes the process of visualizing data, starting
with the raw data itself, through the construction of data tables, to the actual creation of
visual structures and views, as a function of task-driven user interaction. Literature was
systematically surveyed using Application Programming Interface (API)-driven querying,
where possible, and the collected papers were manually read and categorized based on
the identified sub-components of this visualization pipeline’s individual steps. From this
survey, we highlight a number of exemplary visualization tools from multiple biological
sub-domains in order to explore how they adapt these discussed techniques and why.
Additionally, this taxonomic classification of the collected set of papers allows us to
identify existing gaps in biological network visualization practices. We finally conclude
this report with a list of open challenges and potential research directions. Examples of
such gaps include i) the overabundance of visualization tools using schematic or straight-
line node-link diagrams, despite the availability of powerful alternatives, or ii) the lack of
visualization tools that also integrate more advanced network analysis techniques beyond
basic graph descriptive statistics.
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2.2 Introduction
Molecular and systems biology attempts to understand the complex mechanistic un-
derpinnings of biological systems by interactively modeling and predicting a system of
interest, and finally verifying said model experimentally [CHI10]. These systems are
complex, large, and composed of numerous types of interconnected biochemical entities,
such as genes, different types of RNA, proteins, or metabolic intermediaries. Commonly,
such systems are represented as a graph, in which each biomolecule forms a vertex, and
edges represent some form of interaction between two or more such entities [KKPEP20].
These interactions can represent many different types of relationships depending on the
network in question, such as an evolutionary link between two genes in a phylogenetic
tree, functional (regulatory) relationships between genes, or a protein-metabolite-reaction
that forms a new metabolic intermediate [PWS08].

These networks are often best understood as an abstract representation of the community’s
current state of knowledge about a system of interest [KDSM20]. More specifically, these
knowledge graphs represent the accumulated known and putative relationships between
certain entities. As such, these graphs are frequently produced by combining existing
knowledge with newly acquired experimental data to interactively explore, form, and
verify scientific hypotheses. Here, the specific application areas of such visual analyses of
biological networks are varied, ranging from i) studying the genetic basis of phenotypic
variation based on differential gene (co-)expression, through ii) biomarker discovery for
early disease risk classification using metabolomics, to iii) predicting a protein’s function
based on its interactions with other proteins [AKK+10].

Owing to both technical and numerical limitations, early research efforts focused on
individual entities, or small subsets of linked entities, to understand specific relationships
between them, such as the role of one particular protein in signal transduction [Nis84]
(Section 2.9.1) or the development of (by today’s standard) small gene regulatory network
maps of 40 genes [DRO+02] (Section 2.9.1). Modern research, on the other hand, aided
by the development of high-throughput data acquisition techniques and the availability of
increasingly large libraries of previously collected data, enables a holistic understanding
of these biochemical networks [GOB+10]. The scale of these networks has increased in
terms of the number of entities under study, and also in terms of modeling multiple
interconnected biochemical networks simultaneously (Section 2.9.1), sometimes described
as a “network of networks”, i.e., the interlacing of multiple inhomogeneous networks
into a single larger network [SD14]. While beyond the scope of this survey, others go
even further than just integrating multiple types of biochemical systems, by seeking to
additionally model non-molecular networks. These so-called “network medicine” systems
are multilevel “interactome” networks that combine multiple omics networks with, for
example, phenotypic similarity or social networks, to better understand and predict
disease risk [BGL11].

Earlier biochemical networks, owing to their simpler nature and smaller size, lent them-
selves more readily to “automated” quantitative analysis. However, owing to the dimen-
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sionality and heterogeneity of modern biological network data, such purely quantitative
analyses may no longer be possible, or desirable, without an (exploratory) human-in-
the-loop visualization. This could involve inspecting particular subparts of the network
under study, gaining a big-picture understanding of the network’s topology, guiding the
quantitative analysis, or even performing an exploratory analysis in lieu of a traditional
(statistical) one [Fig15].
Yet, for such human interaction to be effective, the visual representation of the data must
be carefully considered. Here, many different visual representations of networks exist
and are discussed in literature [KKPEP20], each of which may be appropriate depending
on the type(s) of network(s) under study, the network’s dimensionality, as well as the
study’s analytical goals. Consider, for example, on the one hand, a simple (force-directed)
planar graph layout, i.e., circles representing nodes connected by straight line segments
representing edges between.
Such straight-line node-link diagrammatic representations are intuitive to read and
straightforward to implement [Kob14], but scale comparatively poorly (in terms of
readability) with increasing numbers of entities, relationships, and layers [KPS14]; only
to produce what is often referred to as a “hairball” [KKPEP20, SHW+20]. On the
other hand, a more abstract approach, such as Yoghourdjian et al.’s [YDK+18] Graph
Thumbnails, “icon-like” summary visualizations of a network’s higher-level topological
structure, may allow for a concise and readable high-level representation of even large
networks, but do not allow for any straightforward inspection of individual entities or
relationships within such networks. The key challenge lies in finding a trade-off between
meaningfully representing the data — or at least the key quantities of interest — while
ensuring the data and its context are presented clearly enough to avoid overwhelming
the user [GOB+10].
However, sensible representations of high-dimensional data are only one aspect of making
such networks understandable. The second, and often underappreciated [YKSJ07]
component to assist in making such visualizations readable is the use of effective interaction
techniques [Fig15]. This “dialogue” between the user and system is necessary to enable
both the effective confirmation of expectations as well as the discovery of novel insight
from the data [Kei02]. This back-and-forth between the system and the user is not
just a matter of providing effective modes of interaction. While a complete automated
quantitative analysis may not be desirable, using such quantitative analysis techniques is
invaluable in assisting users to better explore the network under study, as well as refine
and validate their experimental hypotheses. In summary, the interactive visualization
of biological networks is important, but also incredibly challenging as it sits at the
intersection of visualization, graph theory, network analysis, bioinformatics, and biology
itself.
Several surveys have been published over the years, from discussions of the data themselves,
through the analysis of graph data, to the effective visualization of networks. Examples of
published surveys, relating both directly and indirectly to the analysis and visualization of
biological networks specifically, include i) a compilation of a list of (now dated) biological
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visualization tools and their functionality [PWS08], ii) an overview of the requirements of,
and layouts useful to, biological network visualization [BBS14], iii) a state-of-the-art report
on multivariate graph visualization and analysis tasks associated therewith [NMSL19], iv)
surveys on the visualization of group structure in graphs [VHTW13, EMWR24] v) the
development of a general taxonomy to describe the tasks performed in biological pathway
visualization [MMF17], vi) a discussion of taxonomies to categorize methods of interaction
[YKSJ07], vii) a breakdown of graph theory to assist domain experts in understanding
graph data structures and algorithms [KKPEP20, PSM+11], viii) the identification of
a number of popular network visualization tools to compare their applicability to high-
dimensional data [MFA18], and most recently ix) Filipov et al.’s [FAM23] compilation
and unification of graph task taxonomies. We note, however, that no survey or report
aims to unify all these individual domains in order to provide a more holistic view of the
challenges of biological network visualization.

In this introduction and survey, we build upon this extensive body of literature and extend
the preliminary work of Wu et al. [WNV19]. Specifically, while individual review papers
have been published that tackle, for example, the topics of graph theory, graph analysis,
or (interactive) graph visualization individually, there exists no review that provides an
introductory overview to all these topics with a focus on visualization applications in the
biological/biochemical/biomedical domains. In this survey, aimed at bioinformaticians,
network scientists, and visualization experts alike, we concretely aim to

1. Provide an introduction to the many facets of (biological) network visualization;
from graph models (Section 2.4), through the topics common in network analysis
(Section 2.5), to various visualization approaches (Section 2.6)

2. Examine the current state and role of visualization in the visualization pipeline
of biological networks. Specifically, we aim to highlight gaps between visual tools
employed in domain-specific applications and the state-of-the-art developments in
visualization literature. We note seven gaps in the literature, namely
a) the overabundance of schematic (Section 2.6.4) and straight-line node-link
diagrams (Section 2.6.1, despite the existence of several powerful alternatives
(Section 2.6),

b) the surprising lack of uncertainty visualization in biological networks, despite
its presence in both experimental data, and reference networks and knowledge
graphs,

c) the lack of network analysis techniques (Section 2.5) that go beyond basic
descriptive measures with which to rank nodes based on topological importance,

d) the lack of meaningful network visualization tools for the comparison of
biological (sub)networks,

e) the overabundance of visualization tools for exploratory analysis and hypothesis
generation, but not hypothesis verification,

f) the lack of provenance and user trust tracking, and
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g) the lacking availability of dynamic biological network visualization and analysis
tools, despite its growing importance across many application domains.

3. Provide an up-to-date overview of the current visualization tools available to different
biological domains (Section 2.9). To our knowledge, the last such compilations are
now over ten years old [PWS08]. Hence, an up-to-date list should be useful to both
the domain and visualization communities.

2.3 Taxonomy

The analysis methods and visualization of biological networks are non-trivial, as i)
each (sub-)domain brings with it unique goals, tasks, and challenges [OGG+10], ii) the
process of knowledge generation is seldom linear owing to users’ simultaneous interactive
generation and verification of hypotheses [DP20], and iii) individual technical steps, from
the selected graph layout algorithms to the analysis techniques employed, can influence
the effectiveness of the (interactive) visualization [SSS+14]. As such, systematically
collecting and categorizing literature on such a broad topic is non-trivial as well. Various
models have been put forward over the years to capture this complex process of (visually)
generating knowledge from data interactively, especially within the context of visual
analytics [LGH+17, Mor12, WZM+16]. We instead adapt the comparatively simpler
Information Visualization Pipeline presented by Card et al. [Car99], as the basis of
our own taxonomy (Figure 2.1), as i) it relates to visualization specifically, and ii) it
intuitively forms a suitable basis for a linear report such as this, as well as its taxonomy.

This pipeline linearly arranges visualization into four stages, namely raw data, which
is processed to form data tables, which is processed to form visual structures (i.e., a
combination of spatial substrates, marks, and graphical properties), which produces
actual visual views, connected by Task-driven Interaction techniques (Figure 2.1) [DP20].
In essence, the pipeline dichotomizes the visualization process into data and visual
components, with an explicit emphasis on the importance of (task-driven) interaction,
which aims to complete tasks based on their priority at every step along the way
[WZM+16]. We adopt the pipeline from Card et al. [Car99] as the basis of our own
taxonomy, which consists of six classes:

1. Graph Models which describes the structure of the raw data fed into the pipeline,
2. Graph Analysis which summarizes or provides additional insight into the raw graph
data to facilitate more effective visualization or interaction,

3. Network Visualization which transforms the provided data into a structure more
amenable to visualization, subsequently presented in one or more views,

4. Analysis Tasks which determine the tasks necessary for the analysis at hand, as
well as what modes of Interaction are provided to achieve those analytical tasks,

5. Applications which motivate and inform every aspect of the pipeline.
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2.3. Taxonomy

Figure 2.1: The biological network visualization pipelines (extended from Card et
al. [Car99]) together with the classes of our taxonomy. This pipeline consists of six
elements, namely raw data, which are processed to form data tables, which in turn
are processed to form visual structures, which produce actual visual views. All these
individual pipeline elements are connected by Task-driven Interaction techniques. To
support the target domain, our report groups these pipeline elements into 6 classes,
namely i) Graph Models, which describe the structure of the raw data fed into the
pipeline, ii) Graph Analysis, which summarizes or provides additional insight into
the raw graph data to facilitate more effective visualization or insight generation, iii)
Network Visualization, which transforms either the data tables or raw data into
a structure suitable for visualization, iv) Graph Tasks, which determine the tasks
necessary for the analysis at hand, as well as v) how to best design modes of Interaction,
with which to achieve the analysis’s goals, and, finally, vi) Applications, which motivate
and inform every aspect of the pipeline. Each of these six classes is discussed in its
corresponding section, as noted by the numbers next to their section’s title. Four of
these sections form the basis of our taxonomy (Figure 2.2), namely those highlighted
in color, i.e., Graph Analysis, Network Visualization, Graph Tasks, and the
various Applications. Finally, the six identified challenges, discussed in Section 2.10,
are highlighted in dark grey circles. Each challenge’s arrows indicate which part of the
visualization pipeline they affect.

We discuss each of these taxonomic classes in its corresponding section in order to provide
an overview of core concepts, methodologies, and papers.

We systematically collected and then filtered papers in a step-by-step fashion. Table 2.1
depicts an overview of publication resources we investigated using API-driven queries
(where possible). To constrain the focus of this report to visualization examples actually
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Figure 2.2: Classification of the collected and filtered 83 papers along the x-axis into
the four taxonomy classes, i.e. i) graph analysis techniques, ii) network visualization
approaches, iii) graph analysis tasks, and iv) application domains, which form the y-axis’s
four facets. Each of these categories, and subsequently their y-axis, is broken up further
into the various subcategories that make up each of their sections, and ordered by their
subcategories’ totals. Papers are clustered along the x-axis according to their targeted
application areas, marked in alternating bands of gray and white. Totals of each sub-
classification are shown as a bar chart on the right.

relevant to Card et al.’s [Car99] visualization pipeline, we only adopt full papers that are
also relevant in this context. More specifically, we curated a final set of 83 papers (Figure
2.2) as follows: i) an initial list of over 700 papers was collected using API querying, ii)
additional publications were manually collected from additional sources, iii) papers were
manually refined, only keeping those that featured visualization as a primary focus, and,

Table 2.1: Table representing the literature search and sources for this survey.

Search Domain Sources
Visualization IEEE TVCG, CGF, IEEE VIS,

EG EuroVis, IEEE PacificVis, GD, EG VCBM
Bioinformatics Bioinformatics, PLOS Computational Biology, Briefings in

Bioinformatics, BMC Bioinformatics,
Frontiers

Digital Libraries IEEE Xplore, Wiley DL, EG DL, ACM DL, PubMed DL
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2.4. Graph Models

finally, iv) this trimmed set of publications was then categorized based on our developed
information-visualization-pipeline-motivated taxonomy (Figure 2.1).

2.4 Graph Models
Complex relationships are often formulated using a network (often associated with
various attributes) in applied areas, while a graph is a data structure expressing the
fundamental connections between entities in mathematical terms [BGL11, WNV19]. In
such a formulation, the vertices would represent biological entities, such as genes, proteins,
or metabolites, and the edges connecting them would describe (functional) relationships
between them. These formulations can include multiple types of vertices, (hierarchical)
clusters or groupings of vertices, and different types of relationships [VM21, HM21]. In
addition to the topological data themselves, data attributes, can be attached to provide
extra information on certain aspects of the network, such as vertices, groupings, or edges.

In this section, we follow common strategies to use graphs to express the topological
structure of networks discussed in the collected literature. The formal definition of a basic
graph is defined as i) simple graphs, and its variant specialized for biological networks is
defined as ii) substrate graphs. More sophisticated graphs, including iii) k-partite graphs,
and iv) hypergraphs, provide specific properties to the relationships. v) reaction graphs
simplify bipartite information to focus relationships of reactions. Finally, vi) clustered
graphs and vii) multilayer graphs introduce simple and nested grouping information of
the graphs.

2.4.1 Simple Graph
A complex relationship is often formulated as a graph to be manipulated mathe-
matically [WDNM17]. The underlying graph data structure facilitates access to the
data [SBV+21] so that analysis and visualization algorithms can perform efficiently.

Definition: The simplest graph model can be described as a tuple G = (V,E),
consisting of a set of vertices V = {v1, v2, ..., vn} representing individual
entities. Their mutual connectivity is represented by the edges E =
{e1, e2, ..., em} ⊆ V × V .

This is a common definition that allows us to describe the fundamental relationships
between entities for analysis and visualization purposes [BVK+15, FSA+16, KWKJ19]. A
simple graph such as this can be shown as a linked list or an adjacency matrix [KKPEP20],
or some hybrid format. They are often used interchangeably for different task purposes.

2.4.2 Substrate Graph
Although the general definition of a substrate graph/network could refer to its underlying
physical infrastructure, in biology, a substrate graph refers to a system of interconnected
biochemical reactions. The substrate graph is one of the pioneering graph structures
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(a) Simple/Substrate Graph (b) Bipartite Graph (c) Hyper Graph

(d) Reaction Graph (e) Clustered Graph (f) Multilayer Graph

Figure 2.3: Graph models that are commonly incorporated in biological as well as general
network analysis, i.e., a) simple or substrate graphs, b) bipartite graphs, c) hypergraphs,
d) reaction graphs, e) clustered graphs, and f) multilayer graphs. Across all graphs, with
the exception of (f), V = {m1,m2,m3,m4,m5,m6} which can be placed in one of three
groups {R1, R2, R3}.

that has been used in the early development of biological pathway analysis and visualiza-
tion [KG00, WDNM17]. Examples can be found later in Figures 2.11 and 2.13.

Definition: A substrate graph is structurally equal to the simple graph introduced
previously. Nonetheless, since enzymes binding with chemical reactants
are called substrates (denoted mi in Figure 2.3(a)), each v ∈ V in
a substrate graph can represent a single reactant (e.g., metabolites
in pathways) or multiple reactants together with enzymes as a single
vertex. Each e ∈ E in a substrate graph can describe a reaction between
the substrates, indicate a regulatory interaction, or present a movement
of substrates across cellular compartments (e.g., transport pathways).

Since a substrate graph is a simple graph with different definitions in vertices and edges,
topologically, it is straightforward to implement and maintain a substrate graph as many
known algorithms can be easily applied.
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2.4. Graph Models

2.4.3 K-partite Graph
A k-partite graph is a graph whose vertices are partitioned into k different disjoint sets.
Bipartite graphs are specific types of k-partite graphs, where k = 2, and are common
representations for biological pathways. Some biological pathways are formulated as
bipartite graph [NDG+17], where, for example, a vertex can be either categorized as a
metabolite vertex (mi) or a reaction vertex (Ri), but not both, as shown in Figure 2.3b.
Examples can be found later in Figures 2.15 and 2.14.

Definition: A graph G = (V,E) is k-partite if and only if there exists a vertex
partition V = P1 ∪ P2 ∪ · · · ∪ Pk and Pm ∩ Pn = ∅ for any m ≠ n.
Furthermore, for each edge e = (vi, vj) ∈ E we have vi ∈ Pm, vj ∈ Pn,
and m ̸= n, which guarantees that the end vertices of an edge do not
belong to the same vertex set.

A k-partite graph (often a bipartite graph in the context of a biological network) allows
us to highlight groups vertices using colors or positions in visualization since they are
disjoint. This facilitates matching and comparison in the analysis.

2.4.4 Hypergraph
In principle, a hypergraph is a more intuitive and direct representation of biolog-
ical pathways, and several biological network notations, such as SBML [HFS+03],
BioPax [DCP+10], and KGML [KG00] support it. A hyperedge in a hypergraph can
refer to a single biochemical reaction, in which multiple metabolites are involved (Fig-
ure 2.3c). Although hypergraphs can be converted into bipartite graphs, and vice
versa, due to the difficulty of data management, only a few tools support hypergraph
representations [WDNM17].

Definition: A hypergraph G = (V,E) consists of a set V of vertices, and a set E
of hyperedges, which are non-empty subsets of V . Formally, E ⊂ 2V is
a subset of the power set of V .

The advantage of hypergraphs is that hyperedges can model k-ary relationships, while
classical graphs can only model binary relationships. For example, users can spot what
enzymes are involved in a reaction by observing a hyperedge connecting all of them. Most
formats of biological networks record necessary information for building a hypergraph.
However, an implementation of hypergraphs and analysis on a hypergraph are not as
intuitive as other data structures.

2.4.5 Reaction Graph
A reaction graph is a simple graph, structurally, but has different semantics in comparison
to a substrate graph. Vertices here are distinct reactions, and the edges are metabolites
represented in the network (see Figure 2.3d). Reaction graphs have been used in
computational models in early research efforts [SJ08].
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Definition: Vertices v ∈ V in a reaction graph G represent reactions in biological
networks, edges e ∈ E stand for metabolites involved.

A reaction graph is predominantly used for topological analysis, such as shortest path
analysis or centrality analysis so that users can rank graphs according to important
concepts in the field [HS15].

2.4.6 Clustered Graph
In addition to simple relationships, functional groups or categories can be assigned to
vertices or edges. Such groups are often categorized hierarchically by domain experts or
analysis approaches [NDG+17]. An example can be found later in Figure 2.14, while the
color boxes show the gouping information.

Definition: A clustered graph (Figure 2.3e) is a simple graph G with additional
grouping information. Each v ∈ V in a clustered graph belongs to one
or more clusters c ∈ C = {c1, c2, ..., ck}.

In other words, clusters can also form a hierarchy using a cluster tree T , whose leaf set is V
and inner vertices are clusters of all leaves in the subtree. In some definitions of clustered
graphs, all clusters in C are disjoint and form a partition of the vertex set V [FT04, SN11].
Nonetheless, in the context of biological pathways, clusters c are not necessarily disjoint.
For example, ATP, a universal energy molecule occurring in mitochondria and cytoplasm,
is often used to drive several biological reactions. If we consider these compartments as
clusters, they are overlapping since ATP can be transported from the mitochondria to
the cytoplasm. Another example would be the relationships of ATP in the biological
ontology. Since ATP occurs in many categories of biochemical reactions, including Citric
Acid Cycle and Urea Cycle, its representation should be covered by multiple clusters in
the model. In some cases, to simplify the visual complexity of clustered graphs, biologists
duplicate unimportant vertices (e.g., vertices with high degrees) to create a specific type
of clustered graph, where aliases of an identical vertex only belong to a corresponding
cluster. In other words, clusters become disjoint in this case [WNSV19].

2.4.7 Multilayer Graphs
We can transform a cluster graph with complex grouping information into a multilayer
graph. When it comes to advanced analysis, the term used for describing more nested rela-
tionships between entities beyond clusters is often called multiplex, while other terminolo-
gies such as multilevel, multivariate, multidimensional, multirelational, or network of net-
works that describe similar concepts are also used in current research [KAB+14, MMF17].
As summarized by Kivela et al. [KAB+14], the above terms can be reframed and encapsu-
lated by the definition of a multilayer network. Therefore, one can use multilayer networks
as an umbrella term to cover the aforementioned graph models in the field of biological
networks. A multilayer graph is a simple graph G with additional layer information to
describe real-world properties of the network in a whole [KAB+14]. Layers in multilayer
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(Figure 2.3f) networks are used to describe the corresponding relationships, where each
of which records the property of the corresponding relationships. In this state-of-the-art
report, we follow the formal definition by McGee et al. [MGM+19, MGO+21].

Definition: Since each v ∈ V can belong to several layers, we can consider vertices
as pairs (v, l) ∈ VM ⊆ V × L, where L is the set of associated layers.
Edges EM ⊆ VM ×VM indicate the connectivity of pairs (vi, lp), (vj , lq).
An edge is considered as an intra-layer edge when lp = lq or an inter-
layer edge when lp ̸= lq, respectively.

In biological networks, we could have L = {l1, l2, l3, ..., lp}, where l1 could be metabolites
occurring in mitochondria, and l2 could be metabolites existing in the cytoplasm, and
so on. Note that some metabolites, such as H2O, which occur in both mitochondria
and cytoplasm, can be connected using an inter-layer edge. This formulation becomes
powerful in the sense that it covers existing concepts and can be further used as an
intermediate form to transform one concept to another, not only as a model but also
visually [KAB+14]. In practice, we can use multilayer graphs as a unified graph structure
because the graphs described in Sections 2.4.1-2.4.6 are also multilayer graphs for a
specific layer set L. Thus, researchers can always convert the aforementioned graphs
to multilayer graphs and again convert them to the target graph data structures. This
scheme allows us to perform a systematically consistent conversion to different graph
representations, as well as using the multilayer graph as a standard diagram when
compared to other visual representations. Examples can be found later in Figures 2.16
and 2.17.

2.4.8 Graph Data Structure in Practice
Classical biological analytics tools cover the subsets of the aforementioned graph data
structures. Cytoscape [SMO+03] is a general-purpose visualization software for complex
networks, and several plugins for biological networks have been integrated. The underly-
ing data structure of Cytoscape utilizes the well-known graph editor yFiles [WEK02]. The
COBRA Toolbox [HAP+19] integrates MATLAB for quantitative prediction of cellular
biochemical networks. The toolkit incorporates CellDesigner [FMKT03], which is a graph-
ical editor designed for gene-regulatory and biochemical networks. Reactome [VDS+07]
is an open-source and peer-reviewed knowledge base of biomolecular pathways. The visu-
alization tool ReactomeFIViz [WDD+14] implements several functions for network-based
data analysis, and the graphs are extended from Cytoscape [SMO+03]. BioCyc [PK21]
is a pathway and genome database, that integrate Pathway Tools [PBH+21], which
facilitates genome data management, systems biology, and omics data analysis. WikiPath-
ways [MAR+21] is a community-based biological pathways database, which integrates
PathVisio [KVIB+15], allowing visualizing, editing, and analyzing biological pathways.
The aforementioned tools and most literature collected in this survey support primarily
property graph infrastructure for single graphs, k-partite graphs, and cluster graphs
through user intervention. For hypergraphs, the software often requires graph conversions
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(e.g., vertex and edge duplication) to simple graphs for maintenance purposes. More
advanced structures, such as multilayer graphs, have not yet been widely used.

2.5 Network Analysis
The general goal of network visualization is to convey or extract information regarding
the underlying data effectively. However, with biological datasets growing in size and
complexity, straightforward visualizations may no longer suffice in aiding researchers.
Instead, if visualization tools are to meaningfully assist domain experts, it may be
necessary for them to include certain analysis approaches that pre-select, summarize, or
analyze the data (semi-)automatically. Different domains, data, and networks bring with
them different analytical goals and analysis tasks, each of which may require different
analytic strategies to address. In this section, we aim to give the reader an overview of
some of these many network analysis tasks, as well as some common approaches and
techniques used to tackle them.

Specifically, we first provide an overview of some simple but useful, descriptive metrics
commonly used in the visual analysis of networks, namely graph density, vertex central-
ity, as well as some common network similarity measures. Additionally, beyond such
descriptive approaches, researchers are often also interested in investigating groups of
vertices and the ways in which they interrelate, often achieved using motif identification
or clustering.

2.5.1 Density
The density of a (sub)graph G = (V,E) quantifies how many edges |E| it has compared
to the maximum possible number of edges in a complete, here undirected, graph with the
same number of vertices |V |, i.e., |E|max = |V |(|V |−1)

2 edges [KKPEP20]. By comparing
this hypothetical quantity to the actually observed number of unique edges, one can
calculate the graph’s density, formulated by Pavlopoulos et al. [PSM+11] as

density = |E|
|E|max

. (2.1)

As a rule of thumb, a graph can be considered dense if |E| = ω(|V |), i.e., it has a
superlinear number of edges; otherwise, if |E| = O(|V |), it may be considered sparse
[KKPEP20]. To make this concept more tangible, consider Figure 2.4a in which two graphs
are shown, one of low density (left), i.e., Glow = 5/|E|max = 0.041 and one of relatively
high density (right), i.e., Glow = 30/|E|max = 0.25, where |E|max = 16(16− 1)/2 = 120.
The exact interpretation and importance of a graph’s density depend on the type of
biological network under study and the analysis goals.

(Sub)graph density estimation finds application in both the non-visual analysis and
visualization of biomedical network data. First, in analysis, density is a natural choice to
compare identified subgraphs. Thus, it finds regular use in vertex clustering applications,
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be it as i) a set of weights for each vertex estimated from each vertex’s local neighborhood’s
subgraph [BH03], ii) the actual metric upon which the vertex clustering is based [LLT+17,
HHW+09], or iii) a means of comparing and evaluating the identified clusters’ structures
[LH08]. In visualization applications, however, (sub)graph density has taken on a number
of varied roles. In the simplest case, its use can also be as straightforward as a metric to
compare clusters and even entire graphs. For example, both Koutrouli et al.’s NORMA
tool [KKPP21] and Theodosiou et al. [TEP+17] present density among other common
topological summaries, such as the number of edges and nodes, the clustering coefficient,
or various centralities, in order for users to quickly evaluate and compare (sub)graphs.
Moreover, as density provides a natural way of summarizing the “quality” of a cluster
compared to others, the metric is regularly used to rank identified clusters [SM03],
or allow users to filter clusters from the visualization whose density is below some
user-set threshold filtering of identified clusters [NYP12, CY06]. Alternatively, density
values can also be used to guide user attention. On one hand, this can be as simple
as highlighting aspects of the graph based on these metrics. For example, Chang et
al. [CZSX20] highlight miRNA “modules” based on their edge density in order to draw
visual attention. On the other hand, densities have also been used to produce new,
simplified visualizations of some input embedding in order to better guide users to
potential regions of interest. For example, Ebbels et al.’s springScape [EBJ06] utilizes
an embedding’s vertices’ 2D coordinates as well as its subgraph densities to produce 3D
“density landscapes” representations of the microarray data, in order to allow domain
experts to better identify regions of interest.

2.5.2 Centrality
Beyond looking at an entire (sub)graph’s density, one may also be interested in identifying
or ranking its important vertices, be it to select targets of potential biological value
[ZLZ+20], or to reduce the dimensionality of the problem [RM16]. This ranking can
be based on some selected structural features of the network, by utilizing one (or
multiple) of the many available measures of centrality [PSM+11], as exemplified by the
VINCENT framework [KKZ12, ZJK12]. Depending on the biological question posed,
certain structural features are more important than others, and thus different measures
of centrality may be of greater utility than others. For example, one may be interested
in identifying highly connected hub proteins in protein-protein interaction networks
[ZMOP08], genes and motifs important within genetic regulatory networks [KS08b],
or proteins crucial for the network’s overall robustness to perturbation in metabolic
engineering [MZ03]; each of which requires a different type of centrality. Consider, as an
example, Figure 2.4b, in which, given some input graph (left) three different nodes of
importance are highlighted based on different topological properties (right): the degree of
the node, the number of shortest paths that pass through the node, and the topological
importance of the node’s neighbors. While many forms of centrality have been developed
(see [GST+14] for a fairly exhaustive review), we will briefly enumerate and discuss some
of the most common and simpler types of centrality to illustrate how varied and useful
their applications can be.
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(a) Graph Density (b) Node Centraltiy

(c) Graph Similarity (d) Motif Identification

(e) Cluster Identification

Figure 2.4: Visual illustration of the 5 discussed graph analysis metrics and approaches,
i.e a) graph density, b) node centrality, c) graph similarity, d) motif identification, and
e) (node) cluster identification. A) showcases two graphs, one of low edge density (left)
and one of high density (right). B) highlights, given a simple input graph (left), the
three identified nodes with the highest degree, betweenness, and eigenvector centrality
displayed as turquoise, red and blue square nodes respectively. C) displays two graphs
to be compared, a reference (left) and a second graph (right) in which all node and edge
additions and removals are highlighted in blue and red, respectively. D), given some
input graph (left), displays all identified motifs of size three and four (right) in turquoise.
Finally, e), given some input graph (left) showcases the results of a hypothetical clustering
(right) in which the three identified clusters are colored in turquoise, red, and blue.

Degree centrality [Bon87] simply measures how well-connected a vertex v ∈ V is:

Cdegree(v) = deg(v), (2.2)

where deg(v) is the total number of edges connected to vertex v. Thus, the more edges to
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other vertices v has, the higher its centrality. Such vertices with high degree centrality are
often referred to as hubs and can be interesting biologically as their removal can greatly
alter the network’s overall topology [PSM+11]. For example, Zotenko et al. [ZMOP08]
utilized degree centrality to quantify how essential proteins are, in order to investigate
the correlation of proteins’ “essentiality” with the “lethality” of their removal from the
system. Alternatively, Chang et al.’s [CZSX20] miRNET and Kuijpers et al.’s [KWKJ19]
DynoVis utilize degree centrality as a measure of importance to rank and identify vertices
of interest.

Closeness Centrality describes the mean distance from a vertex to other vertices by
computing the average shortest distances between the current vertex v and all other
vertices in V \ {v} [New10]:

Ccloseness(v) =
1∑︁

w∈V \{v} dist(v, w)
, (2.3)

where dist(v, w) is the length of the shortest (hop or weighted) path between vertices v
and w. Intuitively, the higher a vertex’s closeness centrality score, the closer a vertex
is to all other vertices in the graph. Commonly, closeness centrality is often used
to identify central, and thereby important, metabolites in large metabolic networks
[PSM+11, KKPEP20], though it also has seen use in gene regulatory networks [KS08b].
For example, da Silva et al. [dSMZ08] utilized closeness centrality to identify metabolites
crucial to the functioning of genome-scale metabolic networks in a variety of organisms.
Beyond identifying important vertices, this measure has also been used to analyze the
structure [MZ03] and evolution [MBSB10] of metabolic pathways.

Betweenness Centrality [Fre77] quantifies how many of the shortest paths between
any two vertices pass through the vertex v of interest:

CBetweenness(v) =
σwu(v)
σwu

, (2.4)

where σwu is the total number of shortest paths connecting all pairs of vertices w, u in
V \ {v}, and σwu(v) is the total number of those paths that pass through the current
vertex of interest v. In protein-protein interaction networks, this type of centrality is
often used to identify proteins that form bridges, as well as bottlenecks, in the network’s
topology [PSM+11, KKPEP20]. An example thereof can be seen in Joy et al.’s [JBIH05]
investigation of high-betweenness proteins and those proteins’ evolutionary as well as
functional importance. Researchers studying cancer have also utilized betweenness
centrality to identify crucial metabolites in signaling pathways [LZ13] and essential
genetic drug targets [DPG+19].

Eigenvector Centrality quantifies how connected a vertex is to important other vertices
[PWS08], i.e., the more important a vertex’s neighbors, the higher its centrality value.
Bonacich [Bon07, Bon72] formulates this metric intuitively as a weighted sum of a vertices’
direct and indirect connections’ centralities. Because of eigenvalue centrality’s weighing
of information beyond the immediate adjacency of a vertex, this particular centrality
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has been used, for example, to identify crucial protein pathways involved in biological
processes [NMH+18]. It has also been used to identify as well as predict gene-disease
associations [OVER08] as well as study connectivity patterns in human brain fMRI data
[LMH+10]. Finally, note that (weighted) PageRank (centrality) can be understood as
eigenvector centrality for directed graphs specifically [ZWY22, Ber05].

Lastly, Eccentricity Centrality computes the accessibility of a vertex v from all other
vertices in the graph:

CEccentricity(v) =
1

maxw∈V (dist(v, w))
(2.5)

Unlike closeness or betweenness centrality, eccentricity does not consider the sum or
average across all vertices in the graph. Instead, it only considers the largest value, which
makes it sensitive to outliers [GST+14]. Nonetheless, this measure has been important
in identifying essential proteins in protein-protein interaction networks, as an easily
reachable protein, i.e., a protein with a high eccentricity score, is sensitive to changes in
other proteins’ concentrations [JSYG+16].

In summary, visualization tools aimed at biological network analysis or exploration,
across biological domains, often feature centrality as a means of screening, ranking,
and/or highlighting nodes with exceptional centrality scores. VANTED [RJH+12, HJ18],
DynoVis [KWKJ19], and OmicsNet [ZX18], for example, all allow users to rank network
nodes using degree centrality to detect network hubs within the context of systems
biological data; though DynoVis and OmicsNet feature multiple types of centrality
measures where VANTED does not. miRNET [FSA+16] features very similar ranking
and highlighting functionality to VANTED, but tailored to miRNA data specifically.
Within the context of protein-protein interaction networks, cytoNCA [TLW+15] provides
eight centrality measures with which to screen and highlight vertices of interest. Lastly,
CentiBin [JKS06] allows for the investigation of multiple centrality distributions in order
to better select cutoff values and thereby better select nodes of interest, in addition to
the aforementioned highlighting and ranking. Some visualization tools go beyond “just”
ranking and highlighting. For example, MetPA [XW10] utilizes betweenness centrality
scores to facilitate pathway enrichment and pathway topology analyses, the results of
which are then presented visually in order to ensure their validity.

2.5.3 Network Similarity
Beyond quantifying a network’s density or ranking its vertices, we may also be interested
in comparing two networks. Consider, as an example, Figure 2.4c: given some input
graph displayed as an adjacency matrix (left), we highlight all changes, i.e., additions and
subtraction, in turquoise and red respectively. However, such purely visual inspections
are, of course, limited and not the only way to compare graphs of interest. One could, for
example, compare the difference in two networks’ densities. However, more sophisticated
(visual) approaches have been put forth over the years to address this challenging topic
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[ESDS16], which Sugiyama et al. [SGLLB18] group into alignment-based or alignment-
free methods. Given the depth and breadth of this topic, we refer the reader to the
recent review by Tartardini et al. [TITP19] for an overview of available approaches.
Owing to their predominance in biological applications, we opt to focus on comparing
networks with known-vertex correspondences, i.e., two or more networks that share the
same set of vertices[SERG14]. More specifically, in this section, we aim to provide an
overview of three such known-vertex correspondence approaches discussed by Tantardini
et al. [TITP19], namely i) Differences in Adjacency Matrices, ii) the DeltaCon metric,
and iii) the Cut distance.

As will be discussed later, an Adjacency Matrix communicates whether, and (if
weighted) with what weight, two vertices in a graph are adjacent to each other. More
specifically, each row and column corresponds to a vertex in the graph, and each matrix cell
represents the presence/absence or weight of an edge between vertices in the corresponding
row and column. For undirected graphs, these matrices are symmetric; for directed
graphs, they are not. If two graphs share the same set of vertices, then one can simply
calculate the distance between their adjacency matrices based on some matrix norm.
While a straightforward and simple technique, such differences can already provide a
good first look at a network comparison problem [TITP19].

The DeltaCon Measure computes pairwise vertex similarities within each network,
which can then be used to calculate the similarity between the two networks [KSV+16].
First, the similarity between vertices v and u is defined as S[vu] = [I + ϵ2D − ϵA]−1,
where ϵ is some small, positive constant, I is an identity matrix, D is the diagonal of
vertex degrees, and A is the network’s adjacency matrix [TITP19]. The element S[vu]
quantifies the influence that vertex v has on u, i.e., the more paths connect the two, the
higher their influence on one another [KSV+16]. With all pairwise vertex similarities
computed in both networks to be compared, one can construct the similarity matrices,
S1 and S2, of the two networks. Second, using each network’s similarity matrix, the
two networks’ distances from one another can be calculated using, for example, the
Matusita distance, though other distance or similarity measures could theoretically be
used [KSV+16]:

d = dMatusita(S1, S2) =
√︄∑︂

v∈V

∑︂
w∈V

(
√︂
S1[vu]−

√︂
S2[vu])2 (2.6)

Compared to a simple difference in adjacency matrices, this approach satisfies four
desirable properties, namely i) changes that disconnect vertices or sub-graphs are more
heavily penalized than changes that maintain connectivity, ii) the bigger the weight of
an edge, the larger its influence on similarity should it be removed, iii) highly specific
changes in a graph with few edges are more influential than in graphs with many edges,
and iv) random deletions or additions to a graph are not as influential on the similarity
score, compared to targeted ones [KSV+16].

Alternatively, given two input graphs with the same set of vertices but different edges
connecting them, G1 = (V,E1) and G2 = (V,E2), and two disjoint sets of vertices,
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S, T ⊂ V , the Cut Distance, based on the maximum cut weight [FK99], measures
similarity based on the differences in cut edge weights across all possible bi-partitions of
S and T in graphs G1 and G2 [TITP19]. More specifically, the method attempts to find
the non-minimal sets of edges to be removed from each graph, i.e. C1 ⊂ E1 and C2 ⊂ E2,
in order to maximize the difference between each graph’s sum of cut edges’ weights:

d(G1, G2) = max
S⊂V

1
|V | |eG1(S, Sc)− eG2(S, Sc)| (2.7)

where Sc = V \ S, and eG(S, Sc) = ∑︁
v∈S,u∈SC βvu(G), and βvu(G) is the weight of the

edge connecting vertices v and u in graph G [LDW18]. A key advantage of the Cut
Distance, over other measures of network similarity, is its ability to function with both
directed and undirected, as well as weighted and unweighted graphs. On the other
hand, a key disadvantage is its computational complexity, making its application to large
networks (common in biology) unfeasible [TITP19].

Despite many visualization tools being published for the purpose of comparing biological
networks, for example NetConfer [NBKM20], CoExpNetViz [TDDM+16], or DynoVis
[KWKJ19], such tools primarily provide a visual comparison of networks and their
metadata only. Owing to adjacency matrices’ straightforward visualization and inter-
pretation, a number of tools, across various biochemical domains, have been published
that feature them. Within the context of comparative visualization specifically, such
tools most commonly feature side-by-side views of (sub-)graphs. On the one hand, for
example, within the context of general time-dependent graphs, Bach et al’s Small Multi-
Piles [BHRD+15] provides an interactive visualization of adjacency matrices; viewable
juxtaposed or interchangeably [EMWR24]. On the other hand, for brain connectivity
studies, Yang et al. [YSD+17] visualize brain subgraphs across experimental conditions
as side-by-side adjacency matrices. Similarly, New et al. [NKHC08] visualize subgraph
adjacency matrices side-by-side in order to study differences in genetic co-expression.
However, the calculation of adjacency matrix differences appears to be less common.
One example, Dang et al.’s BioLinker [DMF17], visualizes conflicts, i.e., differences, in
literature/database-derived interactions between biological entities as a heatmap adja-
cency matrix in order to facilitate a more complete understanding of possible protein
interaction patterns. Almost no published tools were found in this study that employed
any of the more complex analytical comparison techniques, i.e., DeltaCon or Cut Distance.
One example of the use of the Cut Distance is Theodosou et al.’s NAP [TEP+17], which
allows users to calculate the minimum st-cut between two selected nodes, not for explicit
comparison, but for general topological analysis of biological networks.
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2.5.4 Motif Identification

Motifs are structures that are statistically over-represented relative to some null model that
describe a particular pattern of interaction between vertices in a network [KKPEP20].
Sometimes described as the “building blocks” of larger networks [MSOI+02], these
substructures can assist in answering a multitude of biological questions, from identifying
and predicting the biological function of a network’s subunits to disease discovery based
on known and predicted motif function [PM20a]. To appreciate motifs’ nature as the
building blocks of a network, consider Figure 2.4d: given some input network (left),
several motifs (of sizes |V | = 3 and |V | = 4 nodes) are identified and highlighted (right).
While a complete discussion of the many possible approaches to motif identification is
beyond the scope of this STAR, we discuss some of the core concepts and challenges.
Generally, the process of motif identification can be broken down into three distinct steps;
i) the counting of all subgraphs of various sizes present in the network under consideration,
ii) the calculation of the uniquely identified subgraphs’ frequencies of occurrence, and iii)
the determination of those frequencies’ statistical significance [WBQH12, PM20a].

The first of these three steps, the identification of unique subgraphs, can already form a
problematic computational bottleneck in motif identifications, as the number of possible
subgraphs increases exponentially with the maximal motif size [WBQH12]. Generally,
subgraph census approaches can be placed into one of two categories: first, exhaustive
searches, usually using pattern growth trees, which do not scale well with large networks
or subgraph sizes; or second, heuristic or probabilistic searches, such as, but not limited
to, probabilistic sampling of edges or vertices, or mapping strategies. The key trade-off
lies between the method’s computation time and the accuracy of the census.

Once all present subgraphs have been counted, one must ensure they are accurately
classified into unique isomorphic motif classes. While some subgraph census algorithms
already categorize found motifs by their unique isomorphic forms, not all do [BGP+13,
CFSV04]. A discussion of these algorithmic approaches is beyond the scope of this STAR,
but the reader is referred to Ehrlich et al. [ER11] for an overview.

Lastly, once all unique motifs’ frequencies in the input network have been calculated,
one must evaluate whether, and which, of these frequencies are statistically significantly
different from those estimated from some random graphs. Doing so requires the repeated
simulation of random networks, and repeating the aforementioned first and second steps
in order to estimate each randomly generated graph’s frequencies of unique subgraphs.
This final step, which forms the most computational hurdle in network motif identification
[WBQH12]. It also poses the greatest challenge analytically, as the selection of a sensible
generative model for these random graphs is non-trivial, as a researcher must consider
what assumptions they are willing to make about the underlying generative process, as well
as the extent to which these assumptions can be validated. One straightforward approach
is selecting an assumed applicable random graph null model, such as permutations of
the input network. Two common approaches are the so-called “Switching Method” and
“Matching Method” [WBQH12]. The “Switching Method” repeatedly randomly selects
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two edges, and subsequently exchanges their ends in order to create a differently connected
version of the input graph. The “Matching Method” randomly reconnects all vertices
while keeping each vertex’s number of incoming and outgoing edges consistent with the
original network. Lastly, for particular application areas, one can also consider (non-
)parametric resampling approaches [MBAR13]. Often called “bootstrapping” approaches,
these rely on repeatedly drawing a random (sub-)set of vertices from the original graph
[SBo99], or specific sub-regions of the original network [CGLN19].

Motifs and their identification find use across biological domains, though they are used for
a broad range of purposes, from analysis to evaluation. For example, within the context
of gene regulatory networks, Zarnegar et al. [ZJVS19] identify motifs in order to better
understand both gene expression and functional associations. For metabolic networks,
Droste et al. [DNW13] identified so-called “motif-stamps” in order to better guide the
automated drawing of the metabolic network. In the context of multi-omics networks,
both Rohn et al. [RJH+12] and Zander et al. [ZLC+20] provide motif identification to
facilitate more complete topology-based analyses of multi-omics networks. In Protein-
Potein Interaction Networks, Spirin et al. [SM03] identify motifs in order to discover
novel molecular modules in protein-protein interaction networks. Within the context
of genomic variation graphs, Guarracino et al. [GHN+21] utilized motif identification
to understand complex pan-genomic relationships between sequences of DNA. Lastly,
Al-Awami et al. [AABS+14]’s NeuroLines tool identifies repeated connectivity motifs in
the brain in order to identify potentially biologically interesting synaptic pathways. Even
when motifs are not explicitly incorporated into an analysis or visualization, they are
frequently used to evaluate the results obtained [DGC+17, MYH+19, TEP+17]

2.5.5 Cluster Identification
Clusters are vertices grouped together based on common properties [PSM+11]. This
grouping attempts to ensure objects within the cluster are as homogeneous as possible
while separating objects with different properties into distinct clusters [SA17]. Consider,
as an example, the clustering shown in Figure 2.4e: given some input graph (left), we
identify three clusters of nodes, shown in turquoise, red, and blue (right). Application
areas in biology include, for example, the identification of clusters of proteins in protein-
protein interaction networks that may be functionally involved in a similar biological
process and thus form a biological complex [MP08]. However, owing to the computational
complexity of the clustering problem, as well as the diversity of data and analytical
goals, many approaches have been put forth over the years [SA17]; though only a handful
are realistically applicable to the large problems encountered in modern biological
applications [KKPEP20]. We highlight three noteworthy categories of techniques; i) k-
partition approaches, ii) hierarchical approaches, and iii) density-based methods [WBR15,
AAWS09]. These approaches do not necessarily provide exclusive clustering, i.e., a one-to-
one mapping of vertices to clusters, but can also produce probabilistic, overlapping/fuzzy,
or hierarchical clusters [PSM+11].
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k-Partition Clustering, as the name implies, aims to partition the graph’s vertices into
k clusters [PSM+11]. Such approaches are useful if a user is seeking a computationally
cheap approach to clustering, or has a particular number of clusters, k, already in mind.
Starting with some initial assignment of each vertex into one of the k clusters, k-partition
clustering iteratively minimizes some dissimilarity measure within each group. The
perhaps most well-known of these techniques is k-Means Clustering, which minimizes
the within-cluster sum of squares of some distance function, i.e., the mean difference in
distance between each vertex in some group, and that group’s overall mean [LVJV03].
While simple, this approach does bring with it a number of disadvantages. It is sensitive
to its initial random assignment of vertices within clusters, meaning the algorithm will
produce a different final clustering depending on the initialization. Moreover, the selection
of k presents a challenge, i.e., the method will always produce k clusters, and a vertex’s
cluster assignment can vary greatly for different selections of k. Additionally, owing to its
use of the mean distance measure, it is sensitive to outliers [AAWS09]. To address the
shortcomings of conventional k-Means clustering, a number of extensions and alternatives
have been developed over the years. Consider, for example, k-medoid clustering, which
utilizes the distance between each cluster’s vertices and the cluster’s median, instead of
the mean, thus making it less sensitive to outliers. Other examples, which attempt to
address other shortcomings of k-means clustering include, but are not limited to, Fuzzy
k-Means, Kernel k-Means, or Farthest First Traversal k-Means [AAWS09, Jai10]. Of all
the partitioning techniques, k-Means Clustering has found use in biological applications,
most likely owing to its conceptual simplicity and availability. For example, within the
context of protein-protein interaction networks, Barsky et al. [BMGK08] featured k-Means
Clustering in order to identify proteins and/or genes with similar expression profiles
across experimental conditions. However, k-medoid clustering has also found application
in biochemical application areas, such as in Mildau et al. [MEO+24] SpecXplore tool for
the interactive exploration of tailored mass spectral data.

Biological graphs may have hierarchical structures of potential interest within them,
or a researcher may be interested in evaluating estimated groupings at multiple levels
before selecting a single level to investigate [KKPEP20]. In such a case, Hierarchical
Clustering approaches can be useful to create multilevel groupings based on vertex
similarities [KN17]. With all pairwise similarities calculated, one can then iteratively
group in increasingly large, hierarchical clusters, i.e., agglomerative clustering. Alterna-
tively, these pairwise similarity measures can be used to iteratively break the graph into
increasingly small clusters in a “top-down” fashion [PSM+11]. Either way, this step-wise
grouping based on some measure of vertex similarity can consider, for example, Single,
Average, or Complete Linkage, i.e., the smallest, average, or largest distance between all
pairs of objects, respectively; though additional forms of linkage exist [KKPEP20].

Various forms of hierarchical clustering for multiple applications can be found in biomed-
ical (visualization) literature. Generally, such techniques seem to be found frequently
in exploratory (visual) analyses, as interactively setting the clustering threshold can
reveal different relationships between entities. For example, Cruz et al. [CPAM18] im-

37



2. A Roadmap: The Current State of Biological Network Visualization

plemented hierarchical clustering to allow users to explore different relationships of a
node across clustering hierarchies in dynamic gene expression data. Similarly, Bartell et
al. [BYCH+12] and Varemo et al. [VGN14] provide similar clustering, though for gene-set
and SNP datasets, respectively. Beyond molecular networks, Riaz et al. [RPM20]’s
tool MAPPS allows for agglomerative hierarchical clustering in order to group organisms
based on their overall metabolic network similarities. These clusters can allow researchers
to explore hypotheses relating to metabolic network similarity and specialization.

Based on the input network’s geometry, Density-Based Clustering approaches stratify
the input network into groups of vertices of high density, separated by regions of low
density [AAWS09]. As illustrated by Kriegel et al. [KKSZ11], these methods “cut” the
3D probability density functions produced by a 2D input graph in order to identify groups
of clustered vertices. For networks that do not have some intrinsic spatial interpretation,
i.e., the majority of biological networks, one must select an appropriate (dis)similarity
function in order to define some data space. This “cut”’s density value must be considered
carefully; too high and low-density clusters are lost; too low and only a single large
cluster will be identified [KKSZ11]. With the exception of this “cut” value, density-based
clustering techniques are (largely) non-parametric. This lack of (hyper-)parameters to
specify enables the identification of an arbitrary number of clusters of arbitrary shape
[KKSZ11]. The estimation of an appropriate “cut” threshold is, however, non-trivial.

Generally, in biological visualization platforms, clustering can be a useful tool to organize
and simplify the produced visualizations. First, (hierarchical) clustering is a common
choice to determine the order of rows and columns of matrix representations of graphs
[BBHR+16, NKHC08, Lii10, XGH15], which ensures that adjacent elements are more
similar than those further from one another, thereby highlighting group associations of
nodes. Second, clustering can also be useful to simplify or improve the visualization
of a graph. For example, Angori et al. [ADM+19, ADM+22] clustered nodes into
separate radial graphs to make relationships within and between clusters clear, as well as
minimize edge crossings to make the produced visualization more readable. Similarly,
Lambert et al. [LDB11] made use of edge-bundling and clustering of nodes-clustering
to “de-clutter” visualizations of metabolic networks. However, clustering is also a useful
tool to provide guidance to users. For example, Herandez de Diego et al. [HdDTMM+18]
cluster metabolic pathways based on pathway profile similarity, which allows for the
coloring of pathway nodes in order to assist users in identifying and comparing similar
pathways. Alternatively, consider Lex et al. [LSKS10]’s tool Caleydo, which features
several different clustering techniques for pre-filtering and highlighting gene expression
data.

2.6 Network Visualization
Abstract graph drawing algorithms form the core of network visualization methods,
whether they deal with biological networks [BBS14] or networks in other domains. A graph
drawing algorithm takes as input a graph G = (V,E) (Section 2.4), potentially enriched
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with multivariate vertex and edge attributes or having special structural properties such
as being k-partite, clustered, or multilayered. The algorithm then computes a geometric
representation of the graph, which, in most cases, maps each vertex v ∈ V to a point
pv = (xv, yv) in the plane (or to a larger vertex symbol such as a disk or box) and
each edge e = (u, v) ∈ E to a curve (or link) connecting the two endpoints pu and pv.
Such drawings are also known as node-link diagrams, and they come in many different
variations depending on optional constraints on the vertex positions and the edge shapes,
as well as the chosen quality criteria (also known as aesthetic criteria) to be optimized.

In this section, we discuss and give examples of the most prominent graph layout styles
with their corresponding positional and shape constraints, i.e., straight-line node-link
diagrams, radial node-link diagrams, layered node-link diagrams, schematic graph drawings,
adjacency matrix representations, and hybrid graph representations, as well as commonly
applied quality criteria. For more details on graph drawing algorithms, we refer to
dedicated books [BETT98, Tam14] and surveys [vLKS+11].

2.6.1 Straight-line node-link diagrams
One of the least constrained and most popular styles is the straight-line node-link dia-
gram [WZC+15, KWKJ19, OSA+21], where vertices can be placed anywhere in the plane
and edges are drawn as straight-line segments, see Figure 2.5a. Such graph drawings
are usually driven by the idea that adjacent vertices are related and should be close to
each other, whereas vertices not connected by an edge should be sufficiently far apart.
Additionally, the drawings should have generally few edge crossings, uniform edge length
(or proportional to an edge weight parameter), and balanced vertex distribution. Algo-
rithms computing drawings in this layout style often use physical analogies like a system
of attractive and repulsive forces [FR91, Kob14], in which we search for a low-energy
configuration or the definition of a stress function to be minimized [GKN04]. Typically,
such graph drawing algorithms group the vertices of densely connected subgraphs as
spatial clusters, but if the graphs get too dense, this may deteriorate and produce so-called
hairball drawings with high visual clutter. Various algorithmic approaches have been pro-
posed to improve the computational scalability for large graphs by approximating forces
and stress terms while maintaining the general layout quality [OKB17, KRM+17, Hu06].

In recent years, machine learning models have been proposed and trained to generate graph
layouts that are visually comparable to typical force and stress-based drawings [KKK17,
WJW+20, GMVW24, TCG24]. Machine learning has also been used to compute vertices
that can be duplicated in a graph layout in order to reduce the number of edge crossings,
e.g., for biological pathway visualization [NOM+21]. Graph layout with the help of
machine learning techniques is an area that is still in its infancy and requires more research
to understand when it is helpful and when it is not. Force-based graph drawings also
form the basis for map-based network visualization, such as GMap [GHK10], visualizing
clusters in the graph as countries in a fictional map. The strength of such general-purpose
straight-line node-link diagrams is that force and stress-based algorithms and their
objectives are intuitive and easy to use, any graph can be drawn, and the user can quickly
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(a) Straight-Line (b) Radial (c) Layered

(d) Orthogonal (e) Matrix (f) Hybrid

Figure 2.5: Six typical layout styles of graph drawings are common in both general and
biological network visualization, i.e., a) straight-line node-link diagrams, b) radial node-
link diagrams, c) layered node-link diagrams, d) orthogonal (schematic) graph drawings,
e) adjacency matrix representations, and f) hybird graph representations. All six repre-
sentations utilize the same graph G = (V,E), where V = {A,B,C,D,E, F,G,H, I, J},
with the same |E| = 16 undirected edges between them.

get a first visual impression of the data. A main disadvantage of unconstrained graph
drawings is that there are very few formal guarantees on the resulting drawing quality
and its geometric properties. These drawings hence bear the risk that the resulting
drawings appear cluttered and hard to understand, in which case more sophisticated
analysis and drawing methods need to be applied. Especially for larger graphs, such
general-purpose, force-based layout algorithms tend to struggle to produce aesthetically
pleasing results [KPS14], owing to the many local minima present in the underlying
physical model [Kob14].

Force-directed straight-line node-link diagrams are one of the most popular approaches
to network visualization across biochemical domains (Figure 2.2), likely owing to their
broad applicability, computational scalability, and intuitive interpretability [KPS14]:
from gene-regulatory networks [VGN14, CZSX20], through protein interaction networks
[DMF17] (Figure 2.13) and metabolic pathways [OSA+21], to multi-omics networks
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[KWKJ19]. Likely owing to their poor visual scalability with increasing numbers of edges
and nodes [KPS14], such straight-line node-link diagrams often form only one of multiple
simultaneous views of the data. For instance, within the context of general systems
biological network visualization, both VizEpis [KLKP15] and GeRNET [DGC+17] (Figure
2.11) feature radial as well as schematic representations in addition to their force-based
straight-line ones. To better explore the results of mass spectrometry, xiNET [CFR15]
allows domain experts to explore their data in an aggregated node-link diagram, a clustered
and non-clustered radial layout, a biochemically meaningful schematic representation,
and a hybrid layout. In general, straight-line node-link diagrams are a useful tool, but
one that must be used carefully, or in addition to other visualization approaches.

2.6.2 Radial graph drawings

A more constrained layout style is the radial (or circular) drawing style [ZSG+15,
KLKP15], which restricts all vertex positions to a given circle, see Figure 2.5b. The
edges of the graph are then drawn within the circle as either straight lines or smooth
arcs, whereas the outside of the circle is usually not used for the drawing itself, but
rather for augmenting the drawing with additional information such as names, vertex
attributes, statistical plots etc. In such a radial drawing, one usually aims for a uniform
distribution of vertices along the circle and a vertex order that induces a small number
of edge crossings in the inside of the circle [BB05]. In some settings, vertices may have
different sizes and can also be grouped or ordered by external attributes or an additional
clustering hierarchy. Radial drawings are visually appealing, with a popular example of
biological networks being the Circos system [KSB+09]. While radial drawings work well
for small to medium-sized and not-too-dense networks, the restricted space for vertices
and edges can become a challenge for large and dense graphs.

Radial representations appear to find frequent use when entity nodes are to be visualized
in (disjoint) groups. For example, one of the views provided by xiNET [CFR15], is a
radial graph drawing that places nodes (residues) dependent on their mapping to different
proteins. Two such drawings are offered; one which places all nodes equidistantly along
the circle’s perimeter, the other which places them proportionally to their positions
in each protein’s residue sequence. Similarly, Pathrings [ZSG+15] arranges genes on a
circle’s perimeter to make their mapping to Reactome’s hierarchical pathway taxonomy
clear. However, such grouping can also be communicated by placing nodes on different
circles, each with a different radius. For example, miRNet [CZSX20, FX18] provides a
concentric option in which miRNA fragments are grouped into, for example, functional
modules [TRZ18], each of which has its fragments arranged along a different (semi-) circle
of varying radii. Additionally, instead of rendering multiple circles of differing radii, each
group’s subgraph could be drawn as a circle and stacked in a 3D representation, as can be
seen in Mango’s so-called crown plots [CCC16] or GeneNetVR’s time-series view [FBP21].
Beyond representing groups and their entities, radial drawings are often featured as an
additional view into (a fragment of) the graph, as it can offer a more organized view into a
network [KLKP15, DGC+17]. However, as circular drawings scale poorly with increasing
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numbers of vertices and edges [ALMAN18], edge bundling is frequently also employed in
order to provide less cluttered drawings and also make group-level connectivity clearer.

2.6.3 Layered graph drawings

For hierarchical and directed graphs, which include in particular all trees, the layered
layout style is frequently used. Such a drawing is composed of multiple, usually horizontal
layers, onto which the vertices are distributed, see Figure 2.5c. The drawing aims to
have all edges pointing upward, i.e., for each edge, its source vertex should be on a
layer below its target vertex. This is only possible if the graph has no directed cycles;
otherwise, the number of downward-pointing edges is minimized. For directed networks,
this means that all or most of the directed relationships or dependencies can be read by
following the upward direction, where edge directions are also indicated by arrowheads or
similar visual cues [BCD+16]. Further optimization goals include crossing minimization
and straightness of edges spanning across more than two layers, as well as minimizing
the number of layers and limiting the number of vertices per layer. The main degrees
of freedom for such layered drawings include the vertex-to-layer distribution and the
ordering of vertices on the same layer. The popular Sugiyama framework [STT81] for
layered graph drawing algorithms decomposes the problem into a pipelined sequence
of individual layout steps. Most of the corresponding computational subproblems are
NP-hard, but several good heuristics and exact algorithms are known [JM97, HN14].
If the graph to be drawn is actually a tree, specific tree drawing algorithms can be
applied [Sch11], not all of them computing layered layouts in a strict sense.

Layered graph drawings are less frequently employed and find the most application in
visualizing graphs with an underlying tree structure (Figure 2.2). The most common
application area of such drawings is the visualization of phylogenetic trees. In such
applications, each vertex commonly represents a taxonomic classification or organism,
and a (directed) edge between them an ancestral relationship [LB21]. Commonly, these
vertex layers are arranged horizontally and encode either simply the depth within the
tree, seen in MEGAN [HBF+16] or Phylo.io [RDD16], or, for example, the time domain,
as seen in NextStrain [HMB+18]. However, these layers need not be arranged horizontally
or vertically only. Tools such as the LifeMap [Vie16] arrange the tree’s layers in a
(pseudo)radial fashion in order to make more complete use of the screen space. The Tree
of Life [LB21] uses this additional space to visualize the network’s metadata.

2.6.4 Schematic graph drawings

For more complex networks, where a simple straight-line node-link diagram might be
insufficient and too cluttered and radial or layered drawings are not suitable, schematized
network layouts placing vertices on 2D grid positions and routing edges as polylines
with a restricted set of slopes, e.g., horizontal and vertical, or additionally using the two
main diagonals, can be applied [EFK01], see Figure 2.5d for an example. Such layouts
are reminiscent of electrical wiring diagrams, grid city maps, or public transit maps.
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Typical optimization criteria in schematic drawings include achieving compact grid sizes,
minimizing the number of bends, and minimizing the number of crossings. In order to
deal with dense and non-planar networks, additional techniques like vertex duplication or
edge bundling can be used to reduce visual clutter caused by edge crossings [WNSV19].
Moreover, vertices with more than four incident edges need to be represented as boxes
with multiple ports on each side rather than points, since a point on a grid has only four
outgoing grid lines. Orthogonal and schematic drawings can also be combined with a
layered approach for directed graphs [SSvH14].

Together with straight-line node-link diagrams, schematic graph drawings form one of the
most common visual representations of biological networks (Figure 2.2). Biochemical and
biomedical domain experts are familiar with very specific (often hand-drawn) layouts of
(sub)graphs, and thus many tools aim to reproduce, as well as augment, graphs in that
schematic embedding that is familiar to them. For example, Entourage [LPK+13] aims to
produce augmented drawings identical to those found in the KEGG: Kyoto Encyclopedia
of Genes and Genomes [KG00] in order to allow domain experts to better explore and
analyze their data. Similarly, Blucher et al. [BMSW19] provided a tool to allow domain
experts to explore the relationship of biological entities within the context of Reactome’s
pathways and their visual representations. Beyond reproducing existing drawings of
networks, schematic representations also create novel drawings using a visual language
familiar to the user. For example, within the context of protein interaction networks,
xiNET [CFR15] represents a protein’s sequence of peptides as a linear arrangement of
rectangles. Differently colored edges connect both peptides as well as entire proteins to
communicate different functional relationships within and between proteins. Alternatively,
within the context of metabolic pathways, Livingi et al. [LOP+18] represent different
types of biological entities, their location within the cellular system’s compartments, and
various types of relationships between them, using a Petri-Net-styled drawing. Other
tools, however, utilize automated schematization to better communicate relationships
between entities by rendering data in a non-domain-specific style familiar to the user;
most commonly inspired by transportation or metro networks. Consider, for example,
NeuroLines [AABS+14], which represents the brain’s 3D topology as a subway map.
Similarly, Beyer et al.’s Sequence Tube Maps [BNH+19] (Figure 2.19) also make use of
a visual metro-map metaphor, albeit to communicate genome sequencing reads more
intuitively. Lastly, Metabopolis [WNSV19] (Figure 2.14), again inspired by urban maps,
represents metabolic pathways as “city blocks”, i.e., rectangular areas, and their entities’
relationships as an octolinear set of nodes and vertices forming a “grid-like road”. In
summary, schematic representations, while more complex to draw, provide the user with
an intuitive visual representation of complex biological data.

2.6.5 Matrix representations

A very different way to show networks is to use a matrix representation [ZJVS19] rather
than drawing the network as a node-link diagram. The adjacency matrix of an n-vertex
graph G is an n × n square Boolean matrix with one row and column for each vertex.
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The cell at row i and column j gets the value 1 if the edge (i, j) is part of G; otherwise,
it is set to 0. For undirected graphs, both edges (i, j) and (j, i) are represented, turning
them into a symmetric matrix. When visualizing an adjacency matrix, cells with value
1 are encoded as colored pixels, see Figure 2.5e. By re-ordering rows and columns,
matrix representations can be obtained that group the vertices of densely connected
subgraphs and show them as submatrices of blocks of pixels with only few gaps so
that high-level patterns of the graph topology become visible. Typical optimization
criteria for the row and column ordering include the highlighting of certain structural
patterns, e.g., by defining similarity scores on row/column vectors and grouping similar
rows/columns [Lii10, BBHR+16]. For certain network reading tasks (e.g., identifying
adjacencies, high-level graph comparisons), especially on large or dense graphs, matrices
have advantages over node-link diagrams [GFC04], which are usually better at more
complex pathfinding tasks.

Given this seeming superiority of matrix representation for certain graph analysis tasks,
it is surprising that they are fairly uncommon (Figure 2.2). A possible explanation
lies in domain experts’ preference for the canonized schematic or straight-line node-link
drawings of their networks; though examples of matrix representations offered alongside
[ZJVS19] or instead of [DMF15] (Figure 2.8) such drawings do exist. Instead, matrix
representations are frequently utilized to provide a view into the experimental data
itself; most commonly in visual gene (co-)expression analysis tools. In addition to these
canonical graph representations, tools such as Caleydo [LSKS10], VizEpis [KLKP15],
or 3Omics [KTT13], provide the experimental-data-derived correlation or co-expression
network displayed as a (clustered) heatmap [ZJVS19]; though, similar correlation network
visualizations can be found in genomic variation graph [BYCH+12] and brain network
[FCM+17] applications. However, matrix representations have been used specifically to
facilitate the comparison of (sub)graphs across conditions. For example, Bach et al.’s Small
MultiPiles [BHRD+15] offers the ability to browse a “flipbook” of matrix representations
to investigate dynamic networks at different time points. Additionally, within the context
of gene co-expression analysis, New et al.’s framework [NKHC08] (Figure 2.9) allows for
the identification and comparison of multiple subgraphs in side-by-side triangular matrix
heatmap representations.

2.6.6 Hybrid graph representations

Finally, the above-mentioned fundamental layout styles have also been augmented and
merged into hybrid representations that aim to combine the strengths of two different
visualization styles. Two prominent examples of hybrid approaches are NodeTrix [HFM07]
and ChordLink [ADM+22]. The NodeTrix idea is a hybrid of node-link diagrams and
matrix representations, originally proposed for social network visualization. It uses pixel
matrices to represent dense subgraphs, where node-link diagrams would produce too much
clutter. Each matrix itself can be seen as an aggregated vertex in a sparser high-level
graph, which is displayed as a node-link diagram and thus has an advantage in showing
topological connectivity properties, see Figure 2.5f. Edges can either link whole matrices
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in an aggregated sense, or they may link individual vertices via the rows and columns of
different matrices. ChordLink follows a similar idea as NodeTrix, but it represents the
dense subgraphs of clusters as radial layouts (here called chord diagrams), which are in
turn connected in a node-link diagram that shows the global network structure. In the
chord diagrams, vertex replication and ordering schemes are used to reduce crossings
and improve the visual representation. Both systems provide an interactive interface to
define clusters and highlight areas of interest during exploration and analysis.

As these hybrid visualization approaches demand higher implementation efforts, they
are used less frequently than any other graph representation (Figure 2.2). However,
Henry et al.’s NodeTrix [HFM07] representation has found use in the visual compari-
son of brain networks, as NodeTrix allows for a simultaneous coarse and fine-grained
view into the global and local topology of the graph, respectively [YSD+17]. Similarly,
ChordLink [ADM+19, ADM+22] has also found adoption in biological network visual-
ization [MYH+19, XGH15], as it allows for an uncluttered view into the connectivity
between groups of vertices to identify broader trends. Lastly, Caleydo [LSKS10] provides
a 3D view linking multiple schematic graph representations with straight-line node-links
between their nodes.

2.6.7 Discussion
With the different types of network visualizations discussed above (recall Figure 2.5), a
key question to a domain expert wanting to visualize their biological network data is to
select the most suitable of these visualization styles. This decision depends on multiple
aspects of the data, in particular, (i) whether the graph is sparse or dense, (ii) whether it
is relatively small (less than 100 vertices) or large, (iii) whether edges are directed or
undirected, or (iv) whether clusters in the data should be emphasized. Moreover, certain
structural properties in the data are relevant, for instance, the maximum degree of a
vertex, or whether the underlying graph belongs to a particular graph class, such as
planar graphs or trees, or whether it has no immediate or known structural properties.
As a rule of thumb, exploring a new network data set using the force-based straight-
line drawings first is usually a good idea. These algorithms do not require any special
structural properties of the graph and use the intuitive straight-line node-link diagram
style. The mechanisms behind force-based algorithms also group clusters of densely
connected vertices and aim to distribute unrelated vertices evenly in space. Finally,
force-based layout algorithms are readily available in most network visualization tools
and do not require expert knowledge or adaptations of specialized libraries. The many
biological network visualization examples listed in Section 2.6.1, which are following this
approach, underline their frequent use in the domain.

The main disadvantage of force-directed layouts is the lack of quality guarantees coming
with a risk of visual clutter and overplotting of features. Resorting to other algorithms
and layout styles may improve readability of certain aspects of the data. For instance,
layered drawings or schematic drawings have specific constraints that avoid overplotting
of vertices and generally create a more orderly appearance of the graph, usually at the

45



2. A Roadmap: The Current State of Biological Network Visualization

expense of longer or non-straight edges. Likewise, if the network turns out to be tree-
like/hierarchical or has generally low vertex degrees, then layered and schematic layouts
could also be good options. Lastly, radial layouts are also a way of placing all vertices
in a well-structured manner, i.e., in a radial fashion, without requiring specific graph
structures. Radial layouts avoid giving some vertices a more central or hierarchically
higher position than others, a property that may be undesirable in certain scenarios.
Such a constrained placement of the vertices, however, often induces higher number of
edge crossings, such that interactive highlighting of edges might become necessary in
order to clearly indicate precise connectivity information. Lastly, matrices offer a different
visual representation of a network, which can offer insights into the data that are less
apparent in node-link diagrams. As there is, by definition, no notion of clutter caused by
edge crossings in matrices, they do scale well to dense networks. For instance, densely
connected clusters as well as high-degree vertices with many neighbors can be recognized
well via visual patterns in a suitably ordered matrix visualization [BBHR+16]. Finally, if
several layout styles are of interest for the specific network data at hand, these can be
combined either using multiple linked views or in a hybrid style such as those discussed
in Section 2.6.6. This, however, usually comes at the cost of requiring significantly more
implementation and adaptation effort than using general-purpose layout algorithms.

2.7 Graph Analysis Tasks

In network visualization, as in data visualization in general, the underlying data, and by
extension, the associated domain or research question, and consequently the chosen visual
representation, dictate what kind of analysis tasks are to be performed. Several taxonomies
and typologies of varying degrees of specificity have been put forth over the years. There
are general taxonomies applicable to most visualizations [Mun14, Shn96, AES05] and
ones tailored to general network analysis [LPP+06b]. Focusing on particular types of
networks, there are even more specialized taxonomies detailing, for example, temporal
network evolution [APS14, KKC15], networks of overlapping sets [RSA+16], and biological
pathways [MMF17].

In this work, we scope the tasks used in the analyzed tools using a taxonomy adapted
from Lee et al. [LPP+06b]. More specifically, we select this particular taxonomy as it
offers, in our estimation, the right level of abstraction for general biological network
analysis and visualization. More general taxonomies [Mun14], on the one hand, are
not specific enough to the objective of network visualization. On the other hand, more
specific network task taxonomies [APS14] are too specific to their particular sub-domains
for a scoping analysis such as this and subsequently do not feature sufficient overlap
with the objectives of the papers analyzed here. If applicable, however, the taxonomy
by Murray et al. [MMF17] is mentioned as well, as the application domain is of high
relevance.

46



2.7. Graph Analysis Tasks

(a) Focus: Nodes (b) Focus: Edges (c) Focus: Groups (d) Focus: Paths

Figure 2.6: Illustrative examples of Lee et al.’s [LRK18] four graph task’s objects focus:
a) the nodes, b) the edges, c) the groups, and d) the paths. A) displays some hypothetical
quantity mapped to the nodes’ surface area to guide users to potential nodes of interest.
Similarly, b) showcases some conceptual quantity mapped to the opacity of each edge to
guide users to potential edges of interest. Similar to the discussed tool iTol [LB21], c)
shows a group-focused visualization in which each group has been visualized in a different
color (red, blue, and turquoise), and one of said groups has been expanded into its
constituent nodes. Lastly, d) showcases a path in red between two user-selected nodes
(shown as squares).

2.7.1 Object Focus of Tasks

Lee et al. [LPP+06b] taxonomy describes the notion of focal objects for the definition of
tasks. A focal point describes a central element of the network visualization that plays
the most integral role in a given task. We distinguish between four categories of focal
objects.

The first, arguably most common, focus is the network’s nodes (Figure 2.6a). Many
biological network visualizations feature nodes as their focal object. For example, many
applications featuring simple straight-line node-link diagrams, such as STRING [SGL+19],
utilize nodes to display proteins in a simple straight-line node-link diagrams, 2.9.1 in which
proteins and their associated interaction partners form the focus of their visualization.
But nodes as a focus are also featured in other network visualization types like trees. Both,
MEGAN [HBF+16] and NeuroLines [AABS+14] use nodes as focal points. MEGAN
maps read data to taxonomic or functional classification categories and display these
as nodes in a tree. NeuroLines, on the other hand, models connections of neurites, i.e.,
axons and dendrites, as trees with the nodes representing specific synapses.

Equally important in networks are its edges (Figure 2.6b). Similarly to nodes, edges
are frequently used as focal objects in network visualization. Sometimes, visualizations
featuring a node focus will also feature edges as focal objects. For example, the already
discussed STRING [SGL+19] features a node-focus and an edge-focus. Edges are not only
simple connections between nodes but also communicate the level of evidence present for
the particular protein-protein interaction the edge represents. Additional applications
exist in which edges take precedence over nodes. GeRNet [DGC+17] — an application for
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the visualization of gene-regulatory networks — for example, features nodes in addition
to edges. They, however, only indicate the object of interaction while the associated edges
define the type of interaction in detail. Some visualizations do not even render nodes at
all but are focused solely on the connections between them. NodeTrix representations, for
example, utilize adjacency matrices—encoding edges between nodes—and links connecting
those matrices to visualize, for example, brain connectivity networks [YSD+17].

Besides the two basic organizational units of networks, i.e., nodes and edges, other
objects can also form a visualization’s focus. Applications that aggregate or group
similar objects, groups, clusters, and connected components are often the key quantity of
interest (Figure 2.6c). iTOL [LB21], for example, visualizes phylogenetic trees, displaying
different species and their relatedness. While each species is visualized as a node, iTOL
defines groups of species, so-called clades, which form an equally important focus and
can be interactively collapsed or expanded. For other applications, such as Cruz et
al. [CPAM18]’s visualization of RNA-seq clusterings over time, other graph objects are
only of secondary importance, and it is the groups, i.e., the RNA-clusters, that form the
visualization’s object focus.

Finally, sequences of connections, i.e., paths, can also be the focus of an analysis task
(Figure 2.6d). This focus type is common in metabolic pathway visualizations, as these
aim to visualize the metabolic events inside an organism as a series of reactions, shown as
edges between nodes. With Entourage, Lex et al. [LPK+13], for example, show important
paths in different related pathways based on experimental data. Metabopolis [WNSV19]
combines the group-focus with the path-focus to visualize metabolic paths through
semantically grouped blocks of metabolic reactions. Besides metabolic pathways, genome
graphs are another kind of data visualization with a heavy focus on paths. Visualizing
multiple genome sequences as aligned paths, Sequence Tube Maps [BNH+19], for example,
displays identical regions as nodes and variations in sequence as diverging paths.

2.7.2 Complex Task Focus
Besides the fundamental objects that are the subject of a given analysis task, Lee et al.
[LRK18] further categorized graph analysis tasks into groups of complex tasks.

Attribute Based Tasks

The first category describes attribute-based tasks. Tasks are attribute-based if they
are related to attributes of the contained network primitives, most commonly nodes and
edges. Tasks concerning operating on attribute data encoded by nodes are categorized
as on the nodes. Murray et al. [MMF17] also similarly describe Attribute tasks for
biological networks. PaintOmics [HdDTMM+18], for example, colors nodes in metabolic
pathways depending on the underlying measurement values of the corresponding entities.
This allows users to access these measurement attributes and answer questions such
as “Which nodes possess high measurement values?” or “Which nodes possess similar
measurement values?”. Another common task in this category is the search for nodes with
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a specific categorical attribute, often facilitated by assigning categorical colors to nodes. In
OmicsNet [ZX18], the different biological entities, e.g., transcription factors, proteins, and
miRNAs, are given a unique color to allow the user to recognize the type of a given node
more quickly. Analogous to attribute tasks on the nodes, there are also attribute tasks
on the edges. Attribute data encoded on the edges is the main focus of the hypothetical
task. BioLinker [DMF17], on the one hand, uses categorical color coding to communicate
types of interactions in a protein-protein interaction network. STRING [SGL+19], on
the other hand, utilizes its color coding to describe evidence types for its protein-protein
interactions. Beyond color, tree visualizations like Nextrstrain [HMB+18] often use a
length encoding to encode the passage of time between measurements or entities. In the
case of Nextstrain specifically, this allows users to quickly gauge the length of time a
particular pathogen has been active.

Topology-Based Tasks

In addition to tasks based on attributes of nodes and edges, tasks can be directed at
topological features of the graph. Such tasks can focus on the graph as a whole, or
concern themselves with particular features or subgraphs in more detail.

Fulcrums are articulation points in graphs connecting two components of a graph, and the
removal of such a fulcrum would (most often) lead to the generation of two disconnected
components. Thus finding fulcrums can be an important task as their removal can
strongly impact a graph’s topology. In NAP [TEP+17], for example, fulcrum nodes are
identified based on their centrality. While standalone applications to find fulcrums are
rare, at least in our corpus of collected literature, more complex frameworks, such as
VANTED [HJ18] or Omix [DNW13] can generate visualizations aimed at finding fulcrums
in biological network visualizations.

A common task is finding groups. Groups can play an important role in biological
networks, as finding similar entities or grouping entities semantically can help reduce the
number of organization units to be analyzed or visualized. Murray et al. [MMF17] define
the Grouping task as a Relationship task. There are several examples of applications,
such as ClusterViz [WZC+15], that are tailor-made for the task of finding clusters in a
biological network, offering various cluster algorithms and side-by-side views of the found
clusters with additional statistics. Similarly, the visualization Cruz et al. [CPAM18]
focuses on the temporal evolution of clusters in networks. A task that is also reflected
in the specialized taxonomies of Ahn et al. [APS14] and Kerracher et al. [KKC15], e.g.,
the analysis of Growth and Contraction of groups or as a Q4 task, respectively. With
MultiPiles [BHRD+15] Bach et al. aggregate matrices by similarity to a customizable
degree, allowing interactive investigation of the effect of abstracting the data.

Determining the adjacency of nodes, i.e., finding neighbors of specific nodes, is an
equally common task. A prime example of this task is in protein-protein-interaction
networks, where the primary objective is to find neighboring nodes, i.e., proteins, that
interact. This can be seen, for example, in STRING [SGL+19] or Biolinker [DMF17].
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Fining neighbors is also relevant for gene-regulatory networks [PD17] or heterogeneous
regulation networks [ZX18, CCC16], in which regulation is indicated by being connected
by an edge, analogous to protein-protein-interaction networks. Similarly to the finding of
groups, determining neighbors often features in addition to other tasks, where it either
plays a secondary role or features alongside other tasks.

Lastly, we distinguished the task of finding paths. As described in subsection 2.7.2,
paths are a series of edges connecting two nodes by traversing at least one additional
node. In practice, most applications with an object focus on paths also aim at finding
paths in a given network. And just as in the path-object focus, finding paths is a
particularly common task in metabolic pathways [WNSV19, LPK+13, HJ18] and genome
graphs [GHN+21, BNH+19, WSZH15]. Thus, it is not surprising that a multitude of
tasks, in more detail than just finding paths, are featured in the taxonomy by Murray et
al. [MMF17]. Specifically, tasks about the Direction of paths, the Causality of changes
downstream in a path, or even if paths form Feedback loops. However, some protein-
protein-interaction graph visualizations like BioLinker [DMF17] also feature pathfinding,
to locate interactions between two proteins.

Other Complex Tasks

There are, of course, other complex tasks that are neither exclusively based on attributes
nor topology. Here, we describe these browsing, overview, and graph comparison tasks.

As the primary browsing tasks, Lee et al. [LRK18] mention the following of paths in
given networks. For visualizations that feature pathfinding tasks or a path object focus
following a path is a very intuitive task.

The overview task is quite a broad task category, encompassing everything that does not
focus on a single node, edge, or cluster but instead the graph as a whole. Given this wide-
ranging definition and the general need for visualizations to represent complex processes,
many of the investigated papers feature some kind of overview element (Figure 2.2).
The majority of tools opt to visualize networks using some form of node-link diagram
(Figure 2.2). Thus, many characteristics and properties, like connected components
or hubs, can be identified purely visually. Often, cluster analysis and the additional
visualization of its results further amplify this effect. In miRNet2.0 [CZSX20], different
layouts in combination with color are used to highlight different aspects of the network
to investigate the effect and regulation of miRNAs. There are however also works
that explicitly focus on giving an overview, with ODGI [GHN+21] that aims to show
the genomic variation in pangenome-graphs, i.e., how genomes differ from each other
on a genome level, at an overview stage allowing to identify regions in which there is
much (or little) genomic variation. PaintOmics [HdDTMM+18], on the other hand, uses
an abstracted but otherwise conventional node-link diagram in which each pathway is
represented by a single node in combination with node colorings to give an overview of a
set of pathways. Another example is the visualization by Cruz et al. [CPAM18] which
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(a) Select (b) Explore (c) Reconfigure

(d) Encode (e) Abstract (f) Filter

(g) Connect

Figure 2.7: Human-Computer Interactions in Biological Network Visualization. (a)-(g)
Examples for seven general categories of interaction techniques [YKSJ07], i.e., a) select, b)
explore, c) reconfigure, d) encode, e) abstract, f) filter, and g) connect. All hypothetical
user interactions and changes are shown in blue.

shows the temporal evolution of clusters in a network in an abstracted overview time
curve, indicating the stability of a cluster over time.

A more specialized task is the one of graph comparison in which several distinct graphs
are compared. As the comparison of metabolic pathways is of high interest in the domain,
Murray et al. [MMF17] also describe Comparison task, based on Attributes of the graph
entities. One such example is Phylo.io [RDD16], which was created explicitly to compare
different phylogenetic trees using a side-by-side view. Cerebral [BMGK08], on the other
hand, uses a combination of small multiples and coloring to allow the comparison of
multiple experimental conditions and their effect on metabolic pathways.

2.8 Human-Computer Interactions
To perform the tasks outlined in Section 2.7, many visualizations require interaction
techniques transforming the static visualization into non-static, interactive visualizations.
Here we describe the commonly used graph interaction techniques identified in the
taxonomy by Yi et al. [YKSJ07]. The specific interaction techniques are very general, and
in many cases, the specifics of their implementation are strongly data and task-dependent.
We thus do not explicitly map them to our taxonomy for network analytics (Figure 2.2),
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but instead, point out the connections to the described tasks and mention examples for
the corresponding interaction types.

2.8.1 Select

Select is one of the core and most common interaction techniques in both general and
network visualization, as it helps users to keep track of data items intuitively [YKSJ07].
A very prevalent realization of this select interaction in network visualization is the
simple (cursor-based) selection of vertices or edges (see Figure 2.7a). One such example
can be seen in xiNET [CFR15], in which users can hover over as well as click proteins
or their connecting links to reveal additional (attribute) information. However, such
selections of items can often be used in more advanced ways, as well: Gernet [DGC+17]
allows for clicking and dragging to select a subset of the displayed entities. Fuijiwara et
al. [FCM+17] provide a lasso selection tool for the same purpose.

Alternatively, entities can be selected using so-called search masks: Commonly, users can
directly select target entities, such as proteins [DMF17] or genes [PRKM+14], via their
respective domain-specific accession identifiers. It is important to note that selection
techniques are rarely used in isolation. Instead, they are often employed in conjunction
with other interactive methods, such as Explore or Abstract/Elaborate techniques to,
for example, show detailed attributes of nodes and links to better support particular
attribute-based tasks.

2.8.2 Explore

Exploration interaction techniques enable users to navigate varying subsets of data
entities, e.g., depending on the object-focus [YKSJ07], nodes, edges, groups, or paths.
Exploration techniques are often associated with topology-based tasks and attribute-based
tasks, such as finding the set of neighbors adjacent to some node of interest, or locating
a set of nodes with a particular attribute value, respectively. As previously mentioned,
exploration techniques are often employed in tandem with the select interactions. In
Bio-Linker [DMF17], for example, users can request the database to load the selected
protein and its neighbors of interest by entering its identifier in a search box. This,
in turn, expands the current view with new entities and relationships. An additional
example is Stem-Cell-Net [PRKM+14], in which users can input a list of gene identifiers.
The system will then return a list of genes matching the given identifiers, from which
users can select a central focal node for the network. A common standalone exploration
technique in biological network visualization is panning, which is used to navigate the
network’s 2D embedding [RJH+12, MYH+19, BMGK08, JYC+10, CFR15, CPAM18]
(Figure 2.7b). Generally, clicking and holding the right mouse button while dragging the
cursor allows users to move the visualization canvas. This panning technique is helpful
as it allows layouts to render nodes off-screen while still allowing their exploration.
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2.8.3 Reconfigure
Visualization tools offer the advantage of having a human in the loop to tailor the visual-
ization to the researcher’s needs. This is primarily achieved through reconfiguration
interactions, in which the users can change the spatial arrangement of the network’s repre-
sentation to obtain different views on the same data [YKSJ07]. Pathway-Matrix [DMF15]
uses adjacency matrix visualization to present the binary relations between proteins in
a pathway. As the ordering of rows and columns influences the perception of visual
patterns, Deng et al. [DMF15] offer various metrics with which to (re-)order the matrix.
This, in turn, can reveal high-level patterns in larger pathways, such as sub-networks and
clusters of related proteins. For example, as shown in Figure 2.8, proteins in the same
family form clusters when ordering the adjacency matrix by protein name. However,
some proteins of different protein families may serve the same or similar function within a
pathway. When ordering proteins by similarity, not name, such patterns become apparent
and can lead to potential discoveries. Thus, the reconfiguration of matrix representations
better supports topology-based tasks.

In node-link diagrams, on the other hand, moving vertices in the graph is a widely
applied reconfigure technique; see, for example, Figure 2.7c. In addition to the afore-
mentioned topology-based tasks, reconfiguration in node-link diagrams is also helpful
in facilitating browsing tasks like path-following. Users can interactively drag vertices
around in Cerebral [BMGK08], whose initial placement is algorithmically informed. This
way, users can manually build a skeleton of important vertices that better match their
mental model. Alternatively, in ClusterViz [WZC+15], users can explore clusters in
biological networks in different orders by sorting them by various attributes, such as
score, size, or modularity. Another reconfiguring technique is changing the algorithm
underlying the automatic graph layout altogether. Chang et al. [CZSX20] offer different
layout algorithms such as Force-Atlas, Fruchterman-Reingold, Circular, etc., for better
exploration of miRNA-centric interaction networks. Dragging nodes or switching layout
algorithms results in different graph overviews to help us with different overview tasks.

2.8.4 Encode
While the reconfigure interaction maintains the data encoding, changing the encoding
adjusts the visual representation, offering a different view of the data (Figure 2.7d)
[YKSJ07]. An example of such an Encode interaction is the on-demand switching of
a biological network’s representation from an adjacency matrix to a node-link diagram.
New et al. [NKHC08] utilize this approach to communicate time-dependent changes in
gene co-expression networks, as shown in Figure 2.9.

The network is first represented as a matrix [NKHC08]. Brushing selections can then be
performed to abstract a selected sub-graph into a hyper-node in the node-link diagram.
The resulting, simplified Level-of-Detail graph can show the interconnections between
groups of vertices. Other encoding techniques have been used to provide alternative encod-
ing representations of the data items in the network. For example, Cerebral [BMGK08]
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Figure 2.8: Two different protein orderings in the RAF-MAP Kinase Cascade path-
way [DMF15]. Reprinted from “PathwayMatrix: visualizing binary relationships between
proteins in biological pathways”, by T. N. Dang et al., 2015, BMC Proceedings, S6 (9), S3.
Copyright: Open Access - Creative Commons CC BY 4.0. Reprinted with attribution.

provides sliders for users to adjust edge curviness, label density, and group label size to
enable the user to find a proper encoding scheme that best fits their research questions
and tasks. NAP [TEP+17] allows users to choose between various colors and shapes of
edges and vertices. These encoding techniques provide users with the opportunity to get
a better visual representation of the whole network, to help them with their overview
tasks.

2.8.5 Abstract/Elaborate

Another group of techniques bundled under the term Abstract/Elaborate includes
a set of interaction interactions allowing the user to view representations of the input
network at different levels of abstractions 2.7e [YKSJ07]. In node-link diagrams, zooming
interactions are often supported to show attributes of the biological network, which are
more apparent when changing the scale at which the network is displayed [RJH+12,
MYH+19, BMGK08, CCC16, TEP+17, BVK+15, DGC+17]. For example, Fujiwara et
al. [FCM+17] support zooming in the network view to display regions of interest more
clearly by reducing clutter and node overlap. Other approaches use this approach to
both declutter their visualization and to utilize the created space by the zoom operation,
displaying additional information. In Caleydo [LSKS10], for example, zooming into
the heatmap visualization displays text labels that would otherwise not be visible.
Abstractions often are a cornerstone to facilitate overview and browsing tasks.
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Figure 2.9: A 2D LoD graph created from brushed BTD belt selections to show corre-
lations among BTD structures [NKHC08]. Reprinted from “Dynamic Visualization of
Coexpression in Systems Genetics Data”, by J. New et al., 2008, IEEE Transactions
on Visualization and Computer Graphics, 14 (5), 1081-1095. Copyright 2008 by The
Institute of Electrical and Electronics Engineers, Incorporated (IEEE). Reprinted with
permission.

Tool-tips are another commonly applied implementation of the abstract/elaborate in-
teraction. They provide detailed information about the biological network facilitating
attribute-based tasks. In most applications, tool-tips are shown after hovering over or
clicking on a vertex, upon which a pop-up window with additional information is shown.
Examples of vertex tool-tips show its name [CPAM18, FCM+17, RPM20], an associated
gene annotation [DGC+17], or other biological information [KWKJ19, NVR14]. Other
tooltips, like the ones in Bio-Linker [DMF17], show information of the hovered node and
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the statistics of its immediate neighbors.

Figure 2.10: Retrieving pathway information using dedicated focus+context interaction
techniques [LDB11]. Authors contacted requesting copyright for reprinting.

2.8.6 Filter
Abstraction/Elaboration techniques change how the given data is represented. In some
cluttered visualizations, however, this is not desired. Instead, the user may want to
remove specific items outright. This is facilitated by Filter interaction techniques. In
general, a filter shows data items that meet specific conditions, for example, to vertex
or edge attributes [YKSJ07], as shown in Figure 2.7f. A prime use case for this is
protein-protein interaction networks, which often contain thousands of protein species
and protein-protein interactions, which, unfiltered, pose a considerable challenge to be
visually parsed and understood. Jianu et al. [JYC+10] allow users to remove biologically
uninteresting proteins using extendable filters to simplify the visual representation of the
network.

In MAPPS [RPM20], users can filter the visualization on pathway length. Other applica-
tions offer filtering with multiple options. In Stem-Cell-Net [PRKM+14], the filter options
include filtering by species, interaction types, co-expressions, and evidence. Additionally,
all unconnected vertices (post-filtering) are removed to avoid orphaned vertices cluttering
the networks. Some applications also offer filtering based on graph topology. Zhou et
al. [ZX19], for example, allow users to simplify the network by filtering less important
vertices or edges based on vertex degree, betweenness centrality, or shortest paths. After
filtering nodes and edges by their attributes, users can better complete attribute-based
tasks.

2.8.7 Connect
Finally, we discuss Connect interactions. This interaction technique highlights the
related data items or shows hidden, but contextually relevant, data items [YKSJ07].
These techniques support topology-based tasks such as finding neighbors and connecting
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edges. In biological network visualization, we are often interested in related vertices and
edges of some selected entity. A common connect technique, in both node-link diagrams
and matrix visualization, is to show the neighbors of selected vertices (Figure 2.7g).
Jianu et al. [JYC+10], for example, allow users to click a protein in the exploration
view, which then highlights both the protein itself and its neighbors to establish a visual
correspondence between them. In Net-Work-Analyst [XGH15], users can click on a vertex
to zoom in to see its position and interconnectivity within the current subnetwork. This,
in turn, allows users to better analyze the topology of the subgraph surrounding the
selected vertex of interest. In the work of Cruz et al. [CPAM18], hovering over a vertex
with the mouse highlights other connected vertices. Fujiwara et al. [FCM+17] react to
hovering over a certain matrix cell with highlighting of the corresponding vertices and
edges in the 3D graph view in order to provide their anatomical positions as reference.
Lastly, a high-level connect technique that can find paths between selected proteins is
provided in Bio-Linker [DMF17]: users can specify the source vertex, target vertex, and
the maximum number of hops in between the source and target, which will then return
all possible paths under the given condition to support both topology-based tasks and
attribute-based tasks.

2.9 Application Areas & Existing Tools
As different biological and medical sub-domains deal with different data, they also deal
with different research questions, and challenges [RCM+20]. Consider, for example,
on one hand, metabolic pathways analysis which may aim to discover possible drug
targets by carefully considering the directed relationships between metabolites, while
also considering the possible adverse side-effects on other connected pathways [LPK+13].
On the other hand, a researcher faced with protein-protein and protein-gene interaction
networks may be more interested in using the graph to understand experimental results,
by considering not only the interconnectedness of entities but also their physical location
in the cell [BMGK08].
In this section, we aim to provide an overview of the major biological and medical
application domains and the properties of networks under study. Specifically, we focus on
the following common application domains: genetic regulatory networks, protein-protein
interaction networks, metabolic pathways, multi-omic networks, gene (co-)expression
networks, and phylogenetic trees. However, we also briefly mention some other areas
in biology where networks are relevant. Here, we provide an overview of the current,
domain-specific visualization tools available and highlight their unique set of challenges
and potential areas of research to guide subsequent research efforts. A detailed comparison
of the tools would be difficult due to the sheer number of tools that often tackle problems
in a narrow subfield. Therefore, our aim was to only give an overview of existing
approaches. For some of the more feature-rich and established tools, we provide a more
detailed description of their features and possible interactions. We refer our readers to
the original papers for detailed explanations of the individual features, user requirements,
and evaluation results.
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2.9.1 Biological Interaction Networks
On the micro-molecular level, many of the processes can be described as interactions
between different biological agents, such as genes, proteins, enzymes, or transcription
factors. These interactions can thus be described by different interaction networks, e.g.,
gene regulatory or protein-protein interaction networks, and their study opens up many
possibilities to form and evaluate new hypotheses.

Gene Regulatory Networks

Gene expression is one of the most central processes in biological systems. Accessing
information stored in the DNA, through transcription and translation, affects nearly
every biological reaction inside an organism and is thus connected to a very complex
set of regulatory mechanisms. In order to model these mechanisms, gene regulatory
networks (GRNs) were developed. These are a specialized type of biological interaction
network, whose goal is to describe and gain insight into how gene expression is regulated.
When analyzing pathological states of certain cellular processes, GRNs can thus contain
helpful information about how these processes are regulated in their physiological state
[KS08a]. Additionally, they can reduce the amount of experimental preliminary studies
by providing computational entry points for experimental biological research [KS08a].

One example for the visualization of gene regulatory networks is GeRNet [DGC+17].
GeRNet uses the two algorithms to infer gene regulation rules and draws them in a force
directed node-link diagram of a simple graph (see Figure 2.11). The vertices in this diagram
constitute genes, while the edges are the inferred rules, with the type of edge being
one of six regulation types. On-demand the user can manually add rules and vertices
to curate the generated network (reconfigure). Some additional approaches concerning
gene regulatory networks are more analytical, featuring time-series visualizations [PD17],
while others include matrix visualizations [ZJVS19].

Protein Interaction Networks

While proteins are responsible for performing many of the central tasks in biological
systems, they often do not act as an isolated entity but in conjunction with other
proteins. Thus, when investigating a protein’s function and role in the organism, the
need of knowing which proteins might interact with the protein of interest arises. Such
knowledge can be extracted from protein-protein interaction networks, which are networks
representing the aforementioned interactions [NYP12, SM03]. Additionally, such networks
can be analyzed further to find the more loosely defined modules, which are used to
attribute larger-scale cellular functions [HHLM99, CY06]. The main source of information
regarding protein-protein interaction is generated in the wet lab using a wide range of
different techniques — a labor-intensive process. Thus in-silico predictions of these
interactions from a variety of different sources, for example from protein structure, their
phylogeny, or the corresponding gene neighborhoods, have become increasingly more
important [SSBE08]. Databases like the STRING [SGL+19] database, thus not only keep
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Figure 2.11: Node-link diagram of GeRNet [DGC+17]. Authors contacted requesting
copyright for reprinting.

a record of experimentally shown protein-protein interactions but also record evidence
levels indicating the reliability of the given interaction, i.e., if there is experimental or only
predictive evidence for a given type of interaction. Producing meaningful visualizations
of these dense networks containing such differences in reliability poses an additional
challenge for analysis systems.

Indeed, STRING itself offers a system for the visualization of its contents [SGL+19]. The
user can query the STRING database for one of the over 24.6 million proteins from over
5,090 organisms, which is then shown with its association network as a force directed
node-link diagram of a simple graph (see Figure 2.12, top). The query vertex is then
shown in red while the edge colors indicate different types of evidence, whose detail can
be explored via click interaction on the edges (selection). In an interactive mode, all
vertex positions can be moved (reconfigure). Another option is to utilize k-means or MCL
clustering to generate a clustered graph in which colors signify cluster membership and
inter-cluster edges can be visualized by dotted lines. Additionally, a set visualization
shows the interactions of the query protein with all interaction partners and its evidence
levels sorted by total score (see Figure 2.12, bottom). As the STRING database associates
this evidence with scores and links them to the corresponding entries, these scores can
then be used as a measure of confidence for a given interaction. The composition of those
scores can be seen in the click interaction or in the legend accompanying the vertex link
diagram. The user can expand or restrict this network by changing a score threshold,
changing the number of vertices visualized in first or second-degree neighborhoods, as
well as the choice of interaction sources (filter).
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Figure 2.12: An exemplary association network from the STRING homepage [SGL+19].
Reprinted from “STRING v11: protein–protein association networks with increased
coverage, supporting functional discovery in genome-wide experimental datasets”, by D.
Szklarczyk et al., 2019, Nucleic Acids Research, D1 (47), D607-D613. Copyright: Open
Access - Creative Commons CC BY 4.0. Reprinted with attribution.

Another such system, designed to visualize protein-protein interaction networks, is
Biolinker [DMF17]. Biolinker allows to select proteins from a large database and
visualizes it and its interaction partners as a force directed node-link diagram of a simple
graph (see Figure 2.13). Here, vertex size is used to indicate the number of interaction
partners (centrality), while the edge colors indicate types of interaction. The main view
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can be filtered by selecting categories in the accompanying table. Users can also select
two proteins for which all possible paths are then shown (connect). In order to gauge the
trustworthiness and the underlying evidence, Biolinker features an auxiliary visualization
showing publications for each of the interactions featured in the main view. Publications
are shown as arcs, colored according to the respective interaction type, and placed at
the year of publication of the evidence. The publications are also shown in the conflict
matrix, which indicates if different publications record different interaction types for a
given protein (see Figure 2.13).

Figure 2.13: Main view of Biolinker, Conflict matrix, and literature arcs of Biolinker
[DMF17]. Authors contacted requesting copyright for reprinting.

In part, owing to the rather simple structure of protein-protein interaction networks, many
visualization systems with different approaches exist for their visualization. There are
approaches aimed at visualizing the underlying geometry in PPI-Networks [ALMAN18],
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inferring PPI-Networks from existing data [JLW+20], showing node-link ego-graphs for
comparing the similarity of PPI-Networks [BHP+24], or approaches using matrix views
instead of node-link diagrams [DMF15].

Metabolic Pathways

Knowledge of metabolic pathways and their reactions is important for a multitude of
research questions across domains, be it molecular biology, biochemistry, or biomedical
research. Thus, metabolic pathway networks are among the most well known and most
widely applied biological networks types. Most molecular biologists or biochemists will
be familiar with static visualizations like Biochemical Pathways [Mic17] or, with added
interactivity, ReconMap [NDG+17]. Additionally, databases like KEGG [KG00], BioCyc
[KBC+19] or Reactome [BWK+16], along with vast amounts of data, also offer manually
curated network visualizations.

As manually generated pathway visualizations cannot be tailored to specific use cases,
automated approaches have been developed. These automated approaches, however,
often cause poorly readable layouts. Recently, different approaches have specifically
targeted this drawback. Metabopolis [WNSV19], for example, addresses this problem by
utilizing techniques employed in city planning to generate a more readable and familiar
layout of a clustered graph for automated metabolic pathway visualizations. This graph
is shown in a schematic and orthogonal node-link diagram. In detail, Metabopolis only
displays user-defined categories as urban blocks and lays them out by solving a constrained
floor-plan problem. Afterward, intra- and inter-block connections are drawn, finalizing
the visualization (see Figure 2.14). Users of Metabopolis can also interact in various ways
with the visualization. They can, for example, reconfigure the layout city blocks or select
and connect start and endpoints of routes which are then highlighted.

Moreover, metabolic network visualization plays an important role in systems biology,
where cellular metabolic processes are simulated to gain insight into these processes.
VisANT [GCW+16] is such a tool, purpose-built for simulating cells, organisms, and their
interaction. In the latest iteration of VisANT, particular emphasis was given to modeling
and visualizing interaction between different cells or event-complete, distinct organisms
like bacteria. In general, VisANT uses a bipartite graph of metabolites and reactions, in
a schematic and orthogonal node-link diagram, to show the involved metabolic pathways.
Additionally, in the so-called metagraph, a clustered graph, organizational units, organelles,
or whole bacteria, can be aggregated in so-called metanodes (encode, abstract/elaborate).
Users can collapse or expand these metanodes on demand (reconfigure) Between these
metanodes, expanded or aggregated, exchange-vertices indicate metabolite exchange
between the respective organelles/organisms (see Figure 2.15). VisANT, however, is not
the only platform offering systems biology functionality, with many tools offering avenues
to generate hypotheses (e.g. [NVR14, FMJ+08]).

Another task, common for metabolic pathway networks, is the comparison of differ-
ent experimental conditions or the comparisons of similar pathway segments in the
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Figure 2.14: Metabolic pathway visualization in Metabopolis [WNSV19]. Reprinted from
“Metabopolis: scalable network layout for biological pathway diagrams in urban map
style”, by H. Y. Wu et al., 2015, BMC Bioinformatics, 1 (20), 187. Copyright: Open
Access - Creative Commons CC BY 4.0. Reprinted with attribution.

grand ensemble of metabolic pathways. This task introduces an additional challenge
for graph visualizations, as they require visualization to facilitate graph comparisons.
Entourage [LPK+13] was developed to compare different sub-graphs of the complete
metabolic pathway graph as laid out by KEGG. They mainly target the process of
drug design or drug repurposing. Their tool aids in this effort by offering a linkage of
compounds/drugs in a given sub-pathway to other sub-pathways in which a given element
appears, intelligently showing the surrounding metabolic processes. Cerebral [BMGK08],
on the other hand, focuses on the visualization of many different conditions for a given
metabolic network. The primary use case of Cerebral is to compare multiple experimental
conditions, like time points in a time course experiment, in automatically generated but
familiar, e.g., sorted by cellular location, and layouts.

Due to the importance of metabolic pathways, many tools offer the visualization of
such metabolic pathway networks (e.g. [RPM20, DNW13]). Also, many tools for bio-
logical networks feature add-ons allowing the visualization of metabolic pathways (e.g.,
[ACZ+21]). Additionally, some of the general-purpose network visualization frameworks
like yEd [yWo22] and Cytoscape [SOR+11] can be used to draw metabolic pathways
(e.g.[LOP+18, BMSW19]).
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Figure 2.15: Visualization of two interacting bacterial metabolic pathways in VisANT
[GCW+16]. Reprinted from “Visualization of Metabolic Interaction Networks in Microbial
Communities Using VisANT 5.0”, by B. R. Granger et al., 2016, PLOS Computational
Biology, 4 (12), e1004875. Copyright: Open Access - Creative Commons CC BY 4.0.
Reprinted with attribution.

Multi-Omics Networks

For specific biological experiments or research questions, individual analysis of specific
classes of molecular-biological entities can play a pivotal role. Considering a more
comprehensive set of molecule classes for analysis, however, might be more appropriate
for more complex research questions, as the actual biology oftentimes does not allow
for a simplified view, restricting itself to the analysis of a single omics-type. Thus,
multi-omic network models, networks combining more than one specific class of molecular-
biological entities, and corresponding visualizations were developed to aid in such tasks.
While biomedical research questions are one of the primary focus areas of multi-omics
research [HSL17, SVK+20, HCG17], other biological domains, for example phylogenetics
[HWM+15] or plant physiology [ZLC+20] profit from multi-omics approaches. One key
challenge in multi-omics visualizations is the integration of heterogeneous data sources
into a coherent model. A possible approach is the use of multi-layer networks in which
each data source corresponds to a distinct layer of the network. OmicsNet [ZX18] features
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the application of such a multi-layer layout. Using gene, protein, miRNA, and metabolite
lists, users can construct up to three networks, of which two are used to add additional
information to the main network, generating a multilayer-graph. This, e.g., allows for the
generation of a protein-protein interaction network, in which transcription factors and
miRNAs targeting proteins can be visualized as additional layers (Figure 2.16).

Figure 2.16: Multilayer network of transcription factors, proteins, and miRNAs (top to
bottom) in OmicsNet [ZX18]. Reprinted from “OmicsNet: a web-based tool for creation
and visual analysis of biological networks in 3D space”, by G. Zhou et al., 2018, Nucleic
Acids Research, W1 (46), W514-W522. Copyright: Open Access - Creative Commons
CC BY 4.0. Reprinted with attribution.

As this kind of multi-layer visualization often introduces the need for 3D visualizations,
it also introduces its drawbacks ([Mun14, MGM+19]). Thus, other multi-omics appli-
cations aim to integrate the different omics layers in a two-dimensional visualization
[HdDTMM+18, KTT13]. PaintOmics 3 [HdDTMM+18], for example, can visualize
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complex experimental setups involving multiple types of omics-data, namely transcrip-
tomics, proteomics, metabolomics, modifications, and regulatory elements like siRNA
and transcription factors. Given a set of matching omics measurement-sets PaintOmics
3 generates an overview graph (a force-directed node-link diagram of a simple graph), in
which each vertex corresponds to a pathway of the manually curated metabolic pathways
from KEGG (encode). Each pathway can be selected individually such that the manually
generated pathway networks from KEGG (a schematic node-link diagram) are displayed
(abstract/elaborate). Inside this individual pathway, each omic type measurement is
mapped to its corresponding pathway vertex as a colored bar (see Figure 2.17).

Figure 2.17: Multilayer network of Transcription factors, proteins, and miRNAs (top
to bottom) [HdDTMM+18]. Reprinted from “PaintOmics 3: a web resource for the
pathway analysis and visualization of multi-omics data”, by R. Hernandez-de-Diego et al.,
2018, Nucleic Acids Research, W1 (46), W503-W509. Copyright: Open Access - Creative
Commons CC BY 4.0. Reprinted with attribution.

In general, many frameworks are not tailored to a specific type of biological interaction
network but can, in fact, be used to analyze a wide array of different networks and use
cases. One of those frameworks is the popular VANTED framework [RJH+12]. VANTED
offers a combination of manual and automatic layout functions (e.g., schematic node-link
diagram as seen in Figure 2.18) and features a complete customization of vertices and
edges. Experimental conditions, for example, can be mapped as bars, or as color, to the
vertices, allowing different analysis approaches (encode) (see [RJH+12]) An additional
feature of VANTED is the openness of the system, allowing the integration of most omics-
types and for many use cases, including systems biology simulations and experimental
analyses. Additionally, many of the more general-purpose tools, like Cytoscape, offer
add-ons to visualize generic biological networks (e.g. [WZC+15]).
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Figure 2.18: Metabolic pathway visualization [RJH+12]. Reprinted from “VANTED v2:
a framework for systems biology applications”, by R. Rohn et al., 2012, BMC Systems
Biology, 1 (6), 139. Copyright: Open Access - Creative Commons CC BY 4.0. Reprinted
with attribution.

2.9.2 Biological Networks based on Genomic Variations
While different species can share large parts of their genetic code, the differences in this
code determine the particular species. However, the genetic code of two individuals of
the same species is also not exactly the same: the differences determine the individual
phenotype (i.e., observable traits of an organism like sex or eye color). Therefore,
genomic variations are studied intensively. These variations include the deletion, insertion,
inversion, and repetition of (usually smaller) parts of the genetic code. A graph can be
constructed that captures all this information about the variations and allows to visually
analyze them. Common tasks include the analysis of shared parts of the genetic code as
well as studying the differences that lead to specific traits.

Network-based visualizations of genomic variation are, thus, useful for the analysis of
assembly graphs and genomic variation graphs. The VG toolkit [GSN+18] provides a
common data model to describe such variation graphs built from multiple variants of a
DNA sequence. As the name implies, the Sequence Tube Map [BNH+19] tool uses a tube
map metaphor for visualizing such variation graphs, where all sequences are shown as
parallel tracks and homologous regions are marked. The Bandage [WSZH15] tool results
in more compact layouts, as it does not adhere to the strict “train track” metaphor but
allows for arbitrary, curved layouts. ODGI [GHN+21] includes a similar visualization.
It is optimized for scalability and can create layouts for whole pangenome graphs. The
recent review by Eizenga et al. [ENS+20] provides further details on pangenome graphs
and compares the abovementioned visualization approaches (Figure 2.19).

A Quantitative Trait Locus (QTL) is a region of DNA on a chromosome that is associated
with a specific phenotypic trait that is measured on a continuous scale, e.g., the growing
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Figure 2.19: Genomic variation graph visualizations from different applications [ENS+20]:
(a) Bandage, (b) ODGI viz, (c) VG viz, (d) Sequence Tube Map. The gray arrows
highlight the correspondence and scalability of the different approaches. Reprinted from
“Pangenome Graphs”, by J. M. Eizenga et al., 2020, Annual Review of Genomics and
Human Genetics, 1 (21), 139-162. Copyright: Annual Reviews Reprinted with permission.
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Figure 2.20: The Reveal tool derives gene association graphs from eQTL data and
visualizes them as node-link diagrams [JBN12]. Reprinted from “Reveal—visual eQTL
analytics”, by G. Günter et al., 2012, Bioinformatics, 18 (28), i542-i548. Copyright: Open
Access - Creative Commons CC BY 3.0. Reprinted with attribution.

height of a plant or human skin color. Such traits are usually determined by two or
more genes. Further information can be found, e.g., in the book by Rifkin [Rif12]. To
facilitate the analysis of QTLs, specific tools for the visualization of QTL networks
have been developed. A common visualization of QTL interactions is to draw edges
between the sequences of the respective chromosomes, as for example used by QTLNet-
work [YHH+08], QTLNetworkR [ZYZ10], or solQTL [TMB+10]. However, this simple
visualization often does not capture the full interaction network. Jiang et al. [JSS+19]
presented a computational model for inferring QTL-QTL interaction networks and vi-
sualized them as simple node-link diagrams, similar to the interaction network tools
discussed in subsection 2.9.1. The Reveal tool by Jäger et al. [JBN12] visualizes the
genes associated with the QTLs as vertices of a force directed node-link-diagram (simple
graph). Edges signify single-nucleotide polymorphism (SNP) pairs in two genes that
significantly influence the expression of another gene (see Figure 2.20). The tool was
originally developed for the BioVis Challenge 2011, which focused on QTL expression
data [BYCH+12]. For this challenge, Paquette and Lum clustered SNPs and visualized
the results as node-link-diagrams using the Iris tool (Ayasdi, Inc.) [BYCH+12]. Here, the
vertices represent clusters, which are connected by edges if they share at least one SNP.
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2.9.3 Phylogenetic Trees
Trees are acyclic graphs, that is, two vertices are connected by exactly one edge. In biology,
phylogenetic trees are one of the most common uses of trees. In general, phylogenetics is
concerned with the study of the interrelationship of different species. Today, phylogenetic
trees that show the relatedness of different species are often constructed based on genomic
information, e.g., by comparing differences in the sequence of proteins or genes. These
trees are usually visualized as dendrograms, where the leaves are the species, the inner
vertices are the (hypothetical) ancestors, and the distance between vertices shows the
evolutionary difference. Besides the analysis of different species, phylogenies are also used
to derive taxonomies of different species. The online tool Lifemap by de Vienne [Vie16]
allows us to interactively explore the tree of life, i.e., the taxonomy of all known species
provided by the NCBI. Another example is the NextStrain project [HMB+18], which, for
example, offers an interactive visualization of the phylogenetic tree of all currently known
SARS-CoV-2 virus variants. The FastTree 2 tool by Price et al. [PDA10] can compute
phylogenetic trees for hundreds of thousands of samples. The results can be visualized
using various applications such as the online tool iTOL [LB21], which, for example, offers
radial and linear layouts.

Besides such relatively simple tools that only show the phylogenetic tree in an interactive
view, more advanced visual analysis tools have been proposed, which are tailored to
specific application cases. One example is TreeJuxtaposer by Munzner et al. [MGT+03],
which allows for the comparison of the structure of large phylogenetic trees with hundreds
of thousands of vertices. The trees are visualized as a dendrogram, and a specialized
focus+context technique is used to ensure the visibility of differences. Similarly, the online
tool Phylo.io by Robinson et al. [RDD16] also uses juxtaposition of dendrograms for a
comparative visual analysis. Another example is the metagenome analyzer MEGAN6
by Huson et al. [HBF+16], which also offers a layered dendrogram view that shows the
extracted phylogenies. It can use data from a given taxonomy, e.g., NCBI, to construct
the tree. To compare the number of different species found in a metagenomic sample,
the leaf vertices of the tree encode the number of reads for that species as a bar chart.

2.9.4 Other Biological Networks
In addition to the most common biological networks mentioned above, there are other
examples such as brain networks, ecological networks, and networks that capture the
topological structure of high-dimensional data of single-cell RNA-sequences. Although
our survey does not focus on such networks, We will discuss some exemplary applications
for these types of biological networks for the sake of completeness.

A brain network is a network of neurons that represents the functional connectivity
of neurons in the brain, as measured by various methods such as functional Magnetic
Resonance Imaging (fMRI), electrophysiological measurements, or calcium imaging in
humans and model organisms. The brain network is visualized to understand its system
and to formulate and validate hypotheses. In particular, the brain network is dynamic
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Figure 2.21: Screenshot of the comparative phylogenetic tree visualization offered by
MEGAN [HBF+16]. Reprinted from “MEGAN Community Edition - Interactive Explo-
ration and Analysis of Large-Scale Microbiome Sequencing Data”, by D. H. Huson et
al., 2016, PLOS Computational Biology, 6 (12), e1004957. Copyright: Open Access -
Creative Commons CC BY 4.0. Reprinted with attribution.

and has a large and dense structure. Therefore, hybrid visualizations have been proposed
to handle these features effectively. Since animations and small-multiples do not scale to
large networks in some tasks, Bach et al. [BHRD+15] proposed a hybrid visualization
method to summarize dynamic features by displaying them as so-called multi-piles, that
is, piling adjacency matrices, enabling detection of high-level temporal patterns (see
Figure 2.22(a)). In addition, various visualization techniques are used, such as node-
trix [YSD+17] (see Figure 2.22(b)), which utilizes a hybrid matrix-node-link layout, a
visual metaphor called NeuroLine [AABS+14], and edge bundling [BSL+14] to analyze
large-scale and locally-dense structures of the brain. It is also effective in supporting the
comparison and exploration of networks by combining machine learning with interactive
visual interfaces [FCM+17].

Ecological networks represent food webs and interspecies interactions in an ecosystem.
Although these networks usually have dynamical properties, they are more difficult
to measure and quantify than those in neuroscience since they are spatiotemporally
extensive and difficult to control experimentally. Therefore, it is more important to
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Figure 2.22: (a) Screenshot of the MultiPiles application by Bach et al. [BHRD+15].
Reprinted from “Small MultiPiles: Piling Time to Explore Temporal Patterns in Dynamic
Networks”, by B. Bach et al., 2015, Computer Graphics Forum, 3 (34), 31-40. Copyright:
The Eurographics Association and John Wiley & Sons Ltd. Published by John Wiley &
Sons Ltd.. Reprinted with permission. (b) NodeTrix visualization of the brain network
by Yang et al. [YSD+17]. Reprinted from “Blockwise Human Brain Network Visual
Comparison Using NodeTrix Representation”, by X. Yang et al., 2017, IEEE transactions
on visualization and computer graphics, 1 (23), 181-190. Copyright: The Institute of
Electrical and Electronics Engineers (IEEE). Reprinted with permission.

combine visualization techniques and visual analysis approaches with mathematical
methods for the calculation of interspecies interactions in ecology [NDP+21].

Finally, in the field of biology, sc-RNAseq has made it possible to examine the sequence
information from individual cells with optimized next-generation sequencing technologies,
causing an information explosion. In addition to mapping and comparing gene expression
at the single-cell level, biological networks of cell differentiation can be visualized by
topological data analysis (mapper) that analyzes high-dimensional data structures as a
graph [PSGG+19]. Because of the need to interpret graphs along with heterogeneous
data, Zhou et al. [ZCR+21] presented the Mapper Interactive framework, which combines
mapper and attribute data through an interactive visualization system.

While the above are just a few selected examples, they show that there is an increasing
need for applications that integrate novel data, analytical models, and visualization
techniques to facilitate the visual analysis of biological networks.
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2.10 Challenges
The outlined Graph Models, Graph Analysis Methods, Network Visualizations, as well
as Graph Analysis Tasks and their Interaction Methods make up the interconnected
building blocks of the information visualization pipeline [Car99] underlying biological
network visualizations across domains (Figure 2.2). While the discussed exemplary
applications make the importance of these building blocks clear, individually, these cannot
shed light on the overall state of the larger field. Hence, as discussed previously, all
collected tools and papers were systematically collected from relevant journals, filtered,
and categorized within our developed taxonomy. Based on these findings (Figure 2.2), as
well as individual observations filtering and reading this corpus of literature, we identify
several open research opportunities of potential interest to both the communities of
network and information visualization, as well as the many subdomains that make up
biological network analysis and visualization.

2.10.1 Beyond Schematic and Straight-Line Node-Link Diagrams
Our collection of papers (Figure 2.2) indicates that most biological graphs are either
(manually) drawn schematic representations, as seen in NeuroLines [AABS+14], ODGI
[GHN+21], or Sequence Tube Maps [BNH+19], or drawn as force-directed node-link
diagrams, as seen in miDerma [CH18], xiNET [CFR15], or DORMAN [OSA+21]. This
can likely be attributed to i) the computational complexity and poor scalability of more
advanced drawing algorithms, such as octo/rectilinear or layered layout algorithms, ii)
their high availability and ease of implementation in common graph visualization tools
and libraries, and iii) the subjective preferences of domain experts for these schematic rep-
resentations, as biologists and biochemists prefer these manually-created, octo/rectilinear
layouts that they have grown familiar with after years of use [KG00, NDG+17].

Although the force-directed layout algorithm is considered one of the more scalable
approaches, its layouts become harder to interpret with increasing graph density and size
[Kob14], forming so-called “hairballs” [YDK+18]. This deterioration of visual quality and
readability has been noted and measured, not only using quantitative graph aesthetic
metrics, such as the number of edge crossings [KPS14] or edge-angle-ratios [Pur02], but
also empirically evaluated in several comparative, quantitative user studies [OJK18,
GFC04]. Generally, it would appear as though node-link diagrams are, in comparison to,
for example, adjacency matrix representation, more sensitive to the size and density of
the input graph. Most likely this is owing to only indirectly optimizing important graph
aesthetic metrics [Kob14], which in turn impact user performance [Pur97, EVRW23].

Beyond their larger sizes and higher densities, many biological networks also feature node
groupings, based on their cellular location [BMGK08], (predicted) function [MEO+24],
biochemical pathway association [LPK+13], or some data-driven clustering [KBT+10].
Force-directed, straight-line node-link diagrams, beyond node attribute encodings, do not
effectively allow such groups to be visually discerned. Indeed, to effectively visualize such
group structure, a plethora of different visual relationships between graph topology and
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node groupings, and visual encodings of said group structure are available [EMWR24,
VHTW13]. At least within the context of biological network visualization, these options
seem not to have yet been effectively explored and utilized.

Overall, we see ample scientific opportunity in the development of biological visualization
approaches and tools beyond domain-standard, hand-drawn schematic representations
or commonly available force-directed node-link diagrams. While the former may always
play a part in tools aimed at domain experts, more effective alternatives are available For
example, radial layouts offer advantages for communicating group structure and could
be used more frequently for such purposes. Alternatively, given the large quantity of
metadata associated with both nodes and edges, application-specific hybrid approaches
(Figure 2.2) could allow for a more effective visual exploration of networks and the
multivariate data attached to them [NMSL19].

2.10.2 Incorporating Uncertainty in Network Visualizations
Uncertainty can arise at many stages in biological network visualization, from data
collection to the conducted automated numerical analyses [KDJ+21]. Especially important
are the uncertainties and weights attached to networks obtained from online knowledge
graph repositories, such as KEGG [KG00] or Reactome [VDS+07], as these graphs,
integrated with newly collected experimental data, often form the basis of biological
network visualizations. However, while topology is naturally always communicated in
such applications, the uncertainties and weights often attached to such graphs’ edges are
commonly ignored for simplicity. Even outside of the context of network visualization,
the visualization of uncertainty remains uncommon [Hul20], despite an understanding
that it can improve awareness, analysis results, and thrust [SSK+16]. Instead, the various
interactions of these networks are often depicted as deterministic and equal, even though
this may not be the case. Some approaches, such as STRING [SGL+19], do include
these uncertainties in their visualization, but do so only as a filter applied to the input
data. Here, we see ample opportunity for future work, as the visual communication of
this information could provide more insight into the various biological networks under
study. Care, however, must be taken when implementing visualizations of uncertainty,
as inappropriate or poorly designed implementations may cause misunderstandings or
confusion.

2.10.3 Incorporating Graph Analysis in Network Visualization
While we found many visualization tools designed for a variety of different domains, types
of graphs, and analysis goals, only a few employed or supported numerical graph analysis
(Figure 2.2). The most common quantitative analysis supported by biological network
visualization tools was the identification of (node) clusters. As discussed previously,
looking at these papers in closer detail, clustering is specifically employed to provide

1. a means of organizing the network’s visual representation, commonly correlation
or adjacency matrices, as seen in PathwayMatrix [DMF15] or Kiwi [VGN14], in
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order to guide users to biologically meaningful parts of the data,
2. a means of simplifying a network’s visual representation, such as i) the coloring
and grouping of nodes, e.g., Cruz et al.’s visualization of dynamic time-series data
[CPAM18], ii) the breaking up of a graph into simpler sub-components, as seen in
ClusterViz [WZC+15] or New et al.’s visualization of dynamic co-expression data
[NKHC08], or iii) the bundling of edges in node-link diagrams, e.g., Lambert et
al.’s visualization of metabolic networks [LDB11],

3. a mechanism for data-driven hypotheses generation, as seen in Caleydo [LSKS10]
and Mapps [RPM20].

Even straightforward and comparatively simple graph descriptive metrics, such as vertex
centrality, or graph density were surprisingly uncommon (Figure 2.2. When utilized,
these metrics are primarily used either for the straightforward ranking/filtering of entities
[DCG+12, FSA+16] and clusters [NYP12, YSD+17], or the visual highlighting of nodes
[KWKJ19], to guide domain expert users to regions of potential graph-theoretic, and
potential substantive, interest. More involved or complex graph analysis approaches,
with the possible expectation of motif identification, are even less common, likely owing
to the complexity of implementation.

Perhaps because of the lack of more advanced quantitative analysis approaches, most
visualization tools surveyed appeared to be designed for exploratory analyses and hypoth-
esis generation. Indeed, only very few tools were designed with hypothesis verification
explicitly in mind. Two key examples that were, however, are MAPPS [RPM20] for
edge prediction in metabolic pathways, and VANTED [HJ18] for motif identification in
omics networks. Both are positioned as integrated visualization and analysis platforms to
allow domain experts to both generate as well as (statistically) validate topological and
substantive hypotheses.

This lack of more advanced topological analyses, in our opinion, provides an opportunity
for the field of biological network visualization. While, many visual tools are, and will
continue to be, needed for the straightforward visual exploration of biological networks, we
also see value in including more sophisticated analysis techniques, such as edge prediction,
motif identification, or graph comparison, as such approaches could allow for both a
complete generation and verification of domain expert hypotheses.

2.10.4 Towards Better (Visual) Network Comparison
As shown earlier, network similarity is an analysis metric not used often in the collected
set of papers. Similarly, only a few tools support the graph comparison task. However,
since experimental data collected in biology is often heterogeneous, researchers would
like to compare [SN11, ABHR+13], for example, the similarity of biochemical (reaction)
topologies across different databases [DMF17], individuals/samples [FCM+17], biological
compartments [AABS+14], pathways [RPM20, LPK+13], time points [CPAM18, PD17],
or experimental conditions [BMGK08] in order to investigate potential solutions for
research questions, such as drug target identification. Outside of metabolic pathway
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visualization, graph comparison as a task is even less supported, even though visually com-
paring gene regulatory networks or protein-protein-interaction networks are biologically
relevant application areas.

A number of visual approaches to (graph) comparison present themselves. Two or more
(sub)graphs can be compared through juxtaposition, partitioning, or superimposition.
[VRW14, EMWR24]. Within the collected set of literature, most modern tools opt
for a simple side-by-side juxtaposition of (sub)graphs, as seen in Cerebral [BMGK08]’s
visualizing of graphs across experimental conditions. An approach that utilizes both
network similarity and supports graph comparison is the MultiPiles approach by Bach et
al. [BHRD+15]. Here, the networks in their matrix representation are grouped into piles.
A cover matrix — a representation of the whole stack — acts as a visual representation of
all matrices, by displaying different metrics of the pile. MultiPiles is joined by other matrix
based approaches [YSD+17, DMF17, FCM+17, NKHC08]. Other approaches, with the
exception of DynoVis [KWKJ19], do not utilize similarity metrics when comparing
networks.

This indicates two key open challenges and research opportunities in the visual comparison
of graphs. First, as outlined earlier, there is clearly a gap in the analysis methods available
in network visualization tools. Especially noteworthy is the lack of graph comparison
tools, such as the previously discussed DeltaCon or Cut Distance measures (Section 2.5.3).
Second, most visual graph comparison approaches identified make use of interchangeable
or juxtaposed adjacency matrices. For one, non-matrix-based visualizations could also
be investigated. Additionally, non-juxtaposition or interchangeable approaches present
themselves for future research. In addition to the gap in visualization techniques, the gap
in specific application domains becomes apparent — besides general-purpose frameworks
like VANTED [RJH+12, HJ18], there appears to be little support for visual graph
comparison in protein-protein-interaction-networks, genomic variation graphs, or multi-
omics networks. Multi-layer networks could be used to facilitate a less side-by-side-centric
approach to comparison.

2.10.5 Provenance and User Trust
Related to the aforementioned challenges of uncertainty as well as provenance visual-
ization is the question of user trust, i.e., the degree to which a user trusts either the
information presented or the conclusions they reach [MHSW19]. Indeed, there is increased
appreciation and awareness of the importance of trust in visualization and the factors
that influence it, such as the accuracy, currency, completeness, objectivity, validity, and
predictability of data presented [KFW08]. Awareness of trust is especially important
when users are expected to evaluate or work with automated (AI/ML-based) analysis
methods. Visualizations that aim to explain such automated (AI/ML-based) methods’
inner workings and results to increase user trust in such methods are currently gaining a
lot of attention [SSSEA20, CMJ+20].
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As discussed previously, the application of automated (topological) analysis methods
within the context of (exploratory) biological network visualization is still in its infancy.
However, their inclusion would also bring the challenge and opportunity of effectively
communicating these methods’ inner workings and results to domain experts, ensuring
higher levels of user trust. An integrated system with faithful data and visual representa-
tions could allow users to visually probe and explore the limits of their data and analysis
reliability, perhaps coupled with provenance analysis, in order to improve user trust.

2.10.6 Dynamic Biological Network Visualization

Dynamic network visualization focuses on the visual communication of a network’s
topological evolution over time. While the topic of dynamic network visualization outside
of the biological context has already received a fair amount of attention [BBDW14,
BBDW17, LPP+19], the visualization of dynamic biological networks is still in its infancy.
While some examples thereof exist, such as Kuijper et al.’s [KWKJ19] DynoVis framework
for the visualization of dose-over-time effects in biological networks, Perkins and Daniels’
[PD17] efforts to visualize dynamic gene expression data, or Hartman and Schreiber’s
[HS15] work on visualizing metabolic models.

We see ample opportunity for future biological and biochemical network visualization
research to embrace the challenge of making sense of time-dependent evolution dynamics.
Taking inspiration from the work of Beck et al. [BBDW17], a multitude of possible
approaches present themselves, grouped within animation and timeline-based techniques,
i.e., animated and static representations, respectively. Developers and researchers of
biological network visualization tools could take inspiration from existing approaches,
such as Bach et al. [BHRD+15] Small Multiples approach, which opts to visualize
dynamic networks as an interactive stack of adjacency matrices, or Peng et al.’s [PTLZ18]
DMNEVIS framework, which opts to split the various aspects of dynamic networks into
separate views in a larger interactive dashboard.

Biological networks, depending on the particular context, bring with them very particular
challenges that require careful consideration. This includes, for example, multivariate (and
dynamic) attributes attached to both nodes and edges [NMSL19], such as gene expression
fold changes [LJT21], labels of metabolites and reactions [OSA+21], or the database origin
and type of a particular protein-protein interaction [DMF17]. Many possible solutions to
this well-known problem have been put forth [KSP23]. Additionally, within the context
of multi-omics data integration and analysis (Section 2.9.1), a domain expert may be
faced with so-called multilayer networks [MGM+19], in which a network is comprised
of multiple, separate inhomogeneous omics networks [SVK+20, HSL17, HdDTMM+18].
Tackling the visualization of dynamic biological networks will require close collaboration
between network scientists, bioinformaticians, and domain experts alike to ensure such
networks are visualized in a user and task-oriented manner.
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2.11 Conclusion
Based on Card et al.’s [Car99] visualization pipeline, outlined and summarized the various
components that make up biological network visualization, i.e., i) its underlying Graph
Models, ii) the concrete Graph Analyses that a user might perform, iii) the various Graph
Models approaches, and iv) the abstract Graph Analysis Tasks, which in turn motivate
v) the provided methods of Human-Computer Interaction, which are motivated by vi)
particular Application Areas. In order to understand the current state of the field, we
collected frequently used graph analysis approaches, visualization techniques, abstract
graph analysis tasks, and interaction strategies from a large body of systematically collected
literatureTasks. Based on this categorization of literature, we identify six outstanding
challenges in the field of biological network visualization, which outline

1. the opportunity to move beyond schematic and straight-line node-link diagrams in
order to embrace powerful alternatives that exist,

2. the challenge of incorporating uncertainty in biological network visualization frame-
works and tools, be they measurement, statistical, or inherent types of uncertainty,

3. the potential of incorporating sophisticated graph analysis techniques that go
beyond straightforward descriptive metrics,

4. the gap in (visual) network comparison tools, which allow users to effectively
analyze the differences and similarities of networks across time points, experimental
conditions, or samples,

5. the possibilities of keeping track of provenance and user trust to better communicate
how certain findings have been reached, and finally

6. the still relatively unexplored topic of dynamic biological network visualization,
which visually describes the temporal topological evolution of biological networks.

This introduction to biological network visualization and our identification of outstanding
challenges should, however, not be viewed as exhaustive. Several topics could not be
covered or fell outside of the scope of this chapter, such as community detection algorithms
and their application to biological networks [CK21]. Additionally, the scalability of the
various visualization and analysis approaches would justify a follow-up survey in and of
itself.
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CHAPTER 3
Untangling the Hairball:

Principled Vertex Splitting for
Iterative Edge-Crossing Resolution

The number of nodes and edges in modern biological graphs makes their visualization
especially difficult. Such visualization efforts often result in poorly readable networks,
which makes their visual analysis and exploration challenging. The readability of such
networks can be measured in a variety of ways, but one particular approach is through
the use of so-called quantitative graph aesthetic metrics, e.g., the orthogonality of nodes
and edges, the number of edge bends, or the minimum incident edge angle ratios. One
such metric of particular importance, however, is the number of edge crossings: the more
edge crossings, the more challenging it is to read a network visualization. Conventional
(graph theoretical) approaches to edge crossing resolution, such as NP-complete edge-
crossing-minimizing graph drawing algorithms or (NP-hard) minimal node/edge deletion
approaches, are neither applicable to modern biological problems nor desirable to domain
experts, respectively.

Here, we make the first steps towards investigating iterative algorithmic vertex splitting
as a novel approach to resolving such edge crossings and improving the overall readability
of network visualizations without outright removing nodes or edges from the drawing.
However, as an excessive number of split vertices are hypothesized to also negatively
contribute to graph readability, we investigate the effect of vertex splitting in small-scale
graphs in a crowd-sourced user study. The contents of this chapter are based on the
full paper “Improving Readability of Static, Straight-Line Graph Drawings: Towards
a Systematic Approach of Edge Crossing Resolution through Iterative Vertex Splitting”
[EVRW23], published in the journal Computer & Graphics, with myself as first author,
in collaboration with Anaïs Villedieu, Renata Raidou, and Hsiang-Yun Wu.
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Edge-Crossing Resolution

3.1 Overview
We present a novel vertex-splitting approach with which to iteratively resolve edge
crossings in order to improve the readability of graph drawings. Dense graphs, even when
small in size (10 to 15 nodes in size), quickly become difficult to read with increasing
numbers of edges, and form so-called “hairballs”. The readability of a graph drawing
is measured using many different quantitative aesthetic metrics. One such metric of
particular importance is the number of edge crossings. Classical approaches to improving
readability, such as the minimization of the number of edge crossings, focus on providing
overviews of the input graph by aggregating or sampling vertices and/or edges. However,
this simplification of the graph drawing does not allow for detailed views into the data,
as not all vertices or edges are rendered, and also requires sophisticated interaction
approaches to perform well. To avoid this, our locally optimal vertex splitting approach
aims to minimize the number of remaining edge crossings while also minimizing the
number of vertices that need to be split. In each iteration, we identify the vertex
contributing the largest number of edge crossings, remove it, locate the embedding
locations of said vertex’s two split copies, and determine each copy’s unique adjacency.
We conducted a user study with 52 participants to evaluate whether vertex splitting
affects users’ abilities to conduct a set of graph analytical tasks on graphs 12 nodes in
size. Users were tasked with identifying a vertex’s adjacency, determining the shared
neighbors of two vertices, and checking the validity of a set of paths. We ultimately
conclude that within the context of small, dense graphs, systematic vertex splitting is
preferred by participants and even positively impacts user performance, though at the
cost of the time taken per task.

3.2 Introduction
From social media to multi-omics interaction analyses, modern network visualization
deals with increasingly large and dense (sub-)networks [KKPEP20]. Visual analysis
efforts of such networks focus on understanding not only the importance of individual
entities, such as genes or persons, but also their in-between relationships, such as
biochemical interaction types or social relationship statuses. These networks are most
commonly visualized as straight-line node-link diagrams, which illustrate entities as
points of potentially different shapes or colors, and edges as straight lines connecting
them (Figure 3.1 (a)). If not drawn by hand, such graphs are commonly laid out
using force-directed layout algorithms, owing to their implementations’ availability
and computational tractability, such as (extensions of) Eades [Ead84], Fruchterman-
Reingold [FR91], or Kamada-Kawai [KK89]. These techniques optimize the graph’s
drawing in terms of physically modeled stress or cost functions. While some research effort
has been made to incorporate one [BFG+21, SOGB10] or multiple [HEHL13, ADLD+20]
graph aesthetic metrics into force-directed algorithms, the majority do not. Subsequently,
most readily available force-directed algorithm implementations do not scale well visually
to dense and/or larger graphs, producing hard-to-read, or even completely unintelligible,
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(a) No Splits (b) 1 Split (c) 2 Splits (d) 3 Splits (e) 4 Splits

Figure 3.1: A k = 7 complete graph, initially laid out using Kamada-Kawai (a), is
iteratively split by hand, one vertex at a time, to resolve edge crossings (b-d) until all are
resolved (e). To do so, four nodes are split. Before being split, these nodes are visualized
as grey circles with a colored border around them. After splitting, they are shown as a
correspondingly colored circle. It should be noted that, while the initial embedding (a)
may be difficult to read, so is the final embedding (e). In (e) specifically, while no edge
crossings remain, the number of split vertices complicates the reading of the graph’s and
individual node’s topologies.

drawings [Kob12]; so-called “hairballs” [PSM+11, SHW+20]. Ultimately, such drawings
do not allow for the effective and/or efficient visual analysis of the underlying graph data
[YDK+18]. To handle “hairball” effects in larger graphs, existing work has focused
largely on interactive graph summarization [LSDK18], i.e., presenting graphs at different
levels of detail. By introducing such level-of-detail hierarchies, summarization unavoidably
manipulates graph topology, thereby altering the perceived relationships within the graph
and potentially confusing the mental map created by the user [MELS95, AP13]. For
completeness’ sake, it should be mentioned that recent efforts have been made to create
such level-of-detail hierarchies without altering the graph’s topology [GLA+23].

3.2.1 The Relevance of Small, Dense Graphs
While graph data have become larger, the analysis and visualization of small, dense
graphs remain important challenges, as domain experts are not only interested in a
graph’s topology on a global but on a local level. Hence, many interactive techniques and
tools, in line with Shneiderman’s “Overview first, details on demand” mantra [Shn96],
aim to provide a summarized view of a network’s topology from which a subgraph of
interest can then be investigated in more detail.
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For example, the Kyoto Encyclopedia of Genes and Genomes (KEGG), currently has over
40, 000, 000 genes recorded [KFS+22, Kan19, KG00]. Research has so far not attempted
to understand or navigate an organism’s complete network of genes, metabolites, and
chemicals. Instead, work focuses largely on visualizing and analyzing subgraphs, i.e.,
pathways, or collections of such subgraphs [MLM+17, AKY+05b]. Outside of the context
of KEGG pathways, similar Focus+Context visualizations of small subgraphs can be
found in, for example, general systems biological network [WZC+15, JSWD09] or social
network visualization [JGH11], just to name a few. Thus, as visualization and visual
analysis of small, dense graphs remain relevant to domain experts, so does the search for
aesthetically optimized embeddings of such graphs.

3.2.2 Existing Methods to Edge Crossings Resolution
Within the context of smaller graphs (10 ≤ n ≤ 15), Purchase et al. [PCA02, Pur00,
Pur02] extensively studied the importance of edge crossings on user preference and
performance. These findings were corroborated more recently by Kouburov et al. [KPS14],
who found that larger numbers of edge crossings indeed (statistically significantly)
negatively impact the accuracy and efficiency of user performance in smaller graphs
(n = 40). Unfortunately, finding some optimal embedding that produces the minimum
(edge) crossing number k [CMS11] is, even for highly restricted graph classes [GJ83],
NP-complete [KPS14, Hli06]. Thus, beyond “simply” determining whether a planar
k-crossing graph exists or what a graph’s minimal crossing number k may be, extensive
work has focused on finding means of eliminating edge-crossings from non-planar graphs
[OT81, TJS86]. One such example involves computing the minimal sets of edges [GT94]
or vertices [JLS13, JdKW21] that must be deleted to resolve all edge crossings. While
this elimination of edge crossing through the removal of some minimal set of edges or
vertices may be an interesting solution from a graph-theoretic perspective, it is not a
useful paradigm for domain experts. In many biological and biochemical application
domains, understanding the relationships between, as well as the attributes of, all entities
of interest is crucial, making the outright removal of entities or their relationships not
practical.

3.2.3 Approach and Contribution
In this chapter, we propose an approach to reduce graph complexity to improve the
readability of graphs without removing relationship or entity information that is agnostic
of the graph drawing method chosen. Our approach is centered on splitting “problematic”
vertices, i.e., vertices whose edges are involved in large numbers of edge crossings, in
a graph’s drawing. As noted by Henry et al. [HBF08], a set of terms have been used
interchangeably to describe such approaches, such as duplicating, cloning, aliasing, or
mirroring. Here, we keep to the term vertex splitting, common to the graph drawing
community. Vertex splitting involves identifying a vertex v, removing it from the drawing,
and replacing it with two non-adjacent copies of v1 and v2, while the original edges of
vertex v are distributed across the two split copies [NST+22]. As shown in Figure 3.1,
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the orange-circled vertex in (a) is selected, split in two, and each copy visualized as an
orange-colored vertex (b). Importantly, the adjacency of the original vertex is now shared
across both copies.

Given some initial graph embedding, this splitting could be achieved in a principled
manner to optimize graph aesthetic criteria [EMW86]. As discussed previously, while
many different aesthetic criteria influence a graph’s readability [Pur02], overwhelmingly,
the number of edge crossings has been shown to negatively affect user performance and
preference. This is especially true for smaller graphs, ranging in size from 10 to 20 vertices,
[Pur00, PCA02, Pur97]. However, vertex splitting approaches featured in literature are
not directly driven by graph aesthetic metrics, but an a-priori selection of “problematic”
vertices [ERG02, LPP+06a], or the simple complete splitting of selected vertices based on
groups/clusters featured within the data [HBF08, RD10, WNSV19]. To the best of our
knowledge, there exists no principled approach to vertex splitting that aims to improve
graph aesthetic criteria.

The contribution of our work is the development, assessment, and discussion of a novel,
iterative approach to vertex splitting for static, straight-line graph drawings. Specifically,
our approach i) minimizes the total number of edge crossings in the embedding, given
a selection of embedding faces, which ii) maximizes the number of edge-crossing-free
connections, while iii) splitting the minimal number of vertices necessary. We achieve this
by discretizing the graph drawing into edge-crossing-equivalent polygons, i.e., polygons
within which all points induce the same number of edge-crossings when connected to any
vertex in some graph drawing, thereby simplifying the search for a split vertex copy’s
placement within this embedding. To investigate the effect of our vertex splitting on the
readability of small graphs — here, 12 nodes in size — for which the importance of edge
crossings has been thoroughly documented [Pur00, PCA02, Pur97]), we conduct a user
study with 52 participants. The outcomes indicate that our approach has the potential
to improve readability and aesthetic quality in static, straight-line graphs.

3.3 Related Work
Many aesthetic criteria affect a user’s ability to effectively navigate and analyze a graph
drawing [Pur02]. A criterion of particular importance is the number of edge crossings,
which has been found to especially affect readability in small- and intermediate-sized
graphs [Pur00]. In addition to drawing criteria, the size, density, and topological structure
of a graph will also influence the layout quality [YAD+18]. In this section, we summarize
previous works related to our proposed approach.

Graph Drawing and Graph Aesthetics Heuristic-based graph drawing, such as force
or energy-based approaches, often produces difficult-to-read embeddings with poor graph
aesthetic criteria, as they optimize these criteria only indirectly [KPS14]. However, work
has also been done on rendering more readable graphs by drawing them directly as a
function of these aesthetic metrics. As these graph aesthetics often conflict with each other
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[WYHS21], most such approaches aim at satisfying either a single or a balance of multiple
such criteria [DLR11]. Indeed, the inclusion of one [DH96, BFG+21, SOGB10, DLR11] or
multiple [HEHL13, ADLD+20, KDT14] such aesthetic criteria for classical graph drawing
approaches has been discussed for a while. Additionally, multi-objective neural-network-
based approaches to graph embedding have also found popularity [TCG24, WYHS21].
However, owing to their complexity and novelty, most approaches are simply not readily
available.

Reducing Graph Complexity for Visualization As the graph density increases,
theoretical graph drawing techniques can only handle limited graph classes [DLM19],
which still cannot cover all types of real-world graphs. To solve the hairball problem
for practical analysis purposes, several approaches have been developed. One common
strategy called summarization aims to abstract a graph through vertex or subgraph
aggregation, as summarized in the survey by Liu et al. [LSDK18]. This strategy includes
vertex aggregation, where clustering that produces a data hierarchy is often performed for
interactive data navigation [EF10]. Another technique, edge aggregation, such as edge
compression [DHRMM13], edge concentration [OKSK16], and edge bundling [EHP+11,
BRH+17] manipulate edge topology and geometry for better visual quality. The two
ideas can also be adapted simultaneously. Dwyer et al. optimized power graphs to
achieve lossless vertex and edge aggregation, which facilitates following paths in the
graphs [DMM+14]. However, the problem has been proven to be NP-hard, and no
scalable technique is readily available. Simplification is another type of summarization,
which deletes edges [GT94] or vertices [JLS13, JdKW21]. In addition to deleting vertices,
OntoVis [ZKER06] simplifies graph topology by also removing duplicated paths. More
recently, graph sampling has been proposed to approximate large graphs for visualization
purposes [NHEM17, HCH+21]. The aforementioned approaches either remove data or
require interaction [YAD+18], which is sometimes not preferred for specific user tasks.
Other techniques that use spanning trees and graphs as backbones [VHW08, LHLW19]
provided a partial solution, yet the complexity of edge rendering persists. Toroidal
wrappings allow for vertices, and thereby their edges, to be spread across a (2D) torus
topology. This allows for links to wrap across the rectangular view boundary, thereby
reducing the number of edge crossings had the network been embedded on a 2D surface
[CDMB20]. Such embeddings not only improved the network’s aesthetic metrics but also
were shown to assist in user understanding [CDBM21]. However, this comes at the cost
of both time taken and accuracy, especially for path tracing tasks [CDBM21, CDMB20].

Vertex Splitting in Applications Vertex splitting is not a brand new idea: several
overview maps of pathway databases (ReconMap [NDG+17] and KEGG map [KFS+22])
incorporate vertex splitting to reduce the visual complexity of pathway diagrams. However,
these diagrams are often designed and curated manually by illustrators. Due to this
common usage of vertex splitting, the idea has been investigated in several applied papers.
For example, to produce a fully planar drawing, the ontology tool OntoRama [ERG02]
and the gene ontology tool TreePlus [LPP+06a] allowed for vertices to be cloned. Cross-
linked vertices present in multiple branches are simply fully duplicated to produce a
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more readable, tree-style layout. Beyond tree graphs, Wu et al. [WNSV19] incorporate
different duplication schemes based on vertex properties and extend the idea on multi-level
clustered graphs [WNV22]. Lastly, Nielsen et al. [NOM+21] developed a learning-based
approach to determine which vertices should be duplicated based on human-curated
graph drawings featuring (iteratively) split vertices. However, these approaches do not
necessarily tackle the challenge of readability. Complete splitting [LPP+06a, ERG02]
may produce too many copies of the same vertex, thereby hindering readability in and
of itself; as discussed by Henry et al. [HBF08]. On the other hand, splitting a vertex
once per group assignment [WNSV19] does not necessarily ensure the readability of each
group individually. Such split vertices may still be responsible for large numbers of
edge crossings or be overly connected to other vertices within the group. Splitting these
vertices again could further improve selected graph aesthetic criteria. Nonetheless, these
approaches are strongly bound with specific applications and cannot be easily extended
to more generic cases.

Vertex Splitting in Graph Drawing and Visualization Beyond the examples
learned from application domains, previous research also tackled more general solutions.
The spring-based layout algorithm of Eades and Mendoça [EdMN96] aims to split vertices
based on the "tension" of adjacent edges, to relax edge springs in the embedding. They
demonstrate that even their heuristic approach allows for the resolution of edge crossings
through vertex splitting. Henry et al. investigated NodeTrix [HBF08], a hybrid visualiza-
tion integrating node-link diagrams and matrix representations. This work researches the
users’ abilities on analytical tasks pertaining to relationships, and our project is primarily
inspired by the positive findings of these two publications. Additionally, Lambert et
al. [LDB11] and Rohrschneider et al. [RHR+10] propose approaches to duplicating ver-
tices within and across metabolic pathways. Additionally, vertex duplication has not only
been used for graph visualization but is also applied to improve the legibility of Euler
diagrams [RD10]. Lastly, Nöllenburg et al. [NST+22] study the vertex splitting problem
from a theoretical perspective; given some input drawing, they find that determining the
smallest set of splits to produce a planar drawing is NP-complete.

In summary, to the best of our knowledge, the effectiveness of vertex splitting has not
yet been fully investigated in common visualization scenarios, although it has been used
in some practical applications. In this chapter, we aim to develop and propose a vertex-
splitting approach to iteratively resolve edge crossings with the purpose of improving the
readability of graph drawings. Our approach can be applied to network visual analytics
by assisting users to navigate and read graphs, while also retaining local algorithmic
guarantees.
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3.4 Desiderata
Many different quantitative aesthetic metrics can negatively impact the readability of
a graph drawing [Pur02]. As we are interested in improving these metrics in a given
embedding, any one or multiple metric(s) could form the basis of our vertex-splitting
approach. However, as the edge crossing criterion [GJ83] forms arguably the most
important metric, especially for smaller graphs, we opt to focus on resolving edge
crossings [NST+22] specifically. Moreover, Eades and Mendoça’s heuristic approach to
tension reduction showed that splitting can indeed reduce the number of edge crossings
[MSX+02]. However, as highlighted by Henry et al. [HBF08], splitting a vertex too
often or splitting too many vertices can itself have an undesirable impact on readability
(Figure 3.1 (e)). Ultimately, we wish to resolve as many edge crossings as possible, while
splitting as few vertices as necessary. To describe our goals more concretely, we define
three desiderata which our approach aims to locally guarantee, namely:

(D1) Minimize the Number of Vertices Split As discussed by Henry et al. [HBF08,
HFM07], too many split vertices, or a vertex split too often, can negatively impact a
user’s ability to parse a graph’s drawing. Thus, we aim to resolve as many edge crossings
as possible, while locally minimizing the number of vertices to split. That is to say, we
only ever split a vertex in two, i.e., the smallest split possible. Looking at Figure 3.2 (D1),
the orange embedding shows how edge crossings can be resolved by simply splitting a
target vertex completely, i.e., splitting it once for every one of its edges. Such approaches
result in a set of split copies of degree d(v) = 1 and add unnecessary visual clutter.
Instead, we thus opt to only ever split a vertex in two, as seen in red, to ensure that
splits minimally affect readability.

(D2) Maximize the number of edge-crossing-free connections Embedding a
vertex in a graph drawing that minimizes the overall number of edge crossings can be
done in polynomial time. However, currently available methods are not practical for
real-world applications owing to the amount of time needed [SAHB11]. Thus, we first
employ a straightforward heuristic for the subsequent, and more general, desideratum
D3: identifying an embedding location that minimizes the vertex’s number of edge-
crossing-free edges to its neighbors. In essence, we must first identify the face which is
incident to the maximal number of neighbors of our vertex. For example, in Figure 3.2
(D2), the red embedding is chosen over any of the orange ones, as the former allows for 3
edge-crossing-free connections, compared to any of the latter’s 2.

(D3) Minimize the Drawing’s Total Edge CrossingsWhile D2 allows us to identify
a face f within which to embed a vertex v, the vertices incident to f will most likely
not encompass all of v’s neighbors. Connecting to the remaining neighbors of v not
incident to f will thus induce edge crossings, which will negatively impact readability
[KPS14, Pur00, PCA02, Pur97]. Thus, within f , we must identify where to place this
vertex, such that the number of induced edge crossings is minimized. In Figure 3.2 (D3),
the red embedding is selected, as it only indicates 1 edge crossings, compared to the 2
induced by the orange drawing.
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(D1) (D2) (D3)

Figure 3.2: A visual example of the three desiderata. (D1) visualized the minimization
of split vertices desideratum. Instead of resolving all edge crossings possible by simply
splitting a vertex completely (as shown in orange), we instead only ever split a vertex
in two, as this is the smallest split possible. (D2) showcases the maximization of edge
crossing free connections desideratum. Assume we aim to insert a single vertex into an
existing embedding, adjacent to a set of given set of neighbors (shown in dark grey).
Instead of embedding said vertex in any of the orange positions, which all only allow for
2 edge-crossing-free connections, we embed this vertex as shown in red, where 3 adjacent
vertices can be reached edge-crossing-free. Lastly, (D3) illustrates the minimization of
edge crossings desideratum. Given two split copies of a vertex embedded within two faces
that fulfill D1, we now must find the adjacencies of each copy that minimize the total
number of induced edge crossings. Here, the orange set of vertices and edges is discarded,
in favor of the red one, as the former induces 2 edge crossings, compared to the latter’s 1.

3.5 Vertex Splitting Algorithm
Here, we first provide a high-level description of our algorithm, visualized in Figures 3.3-3.6
(a). Let G = (V,E) be our input graph where V = {v1, v2, ..., vn} and E = {e1, e2, ..., em}.
We additionally consider a two-dimensional, straight-line drawing D of G as input. Our
algorithm functions in three steps:
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(a) Count Edge Crossings (b) Select Target Vertex

Figure 3.3: Step 1: Target Vertex Selection. In order to ultimately detect the vertex
to split, we first count all edge crossings present in the provided graph embedding (a),
where edge crossings are circled in red. For each edge crossing, the two involved edges’
incident sets of vertices have their crossing numbers incremented. In order to resolve as
many edge crossings as possible, the vertex with the highest crossing number is selected
as the target to be split (b), here vertex 2 . The canvas border is shown in blue ( ).

Step 1: Target Vertex Selection First, the target vertex to be split must be identified.
To do so, all edge crossings in the given embedding are counted, each mapped to the
edges’ incident vertices (Figure 3.3 (a)). The vertex whose incident edges are involved in
the largest number of edge crossings is selected for splitting (Figure 3.3 (b)).

Step 2: Face Decomposition and Selection After removing the selected target
vertex from the embedding, in line with desideratum D1, we select only a pair of faces
to embed each of the two copies of the removed vertex. Moreover, we must also select
a subset of the copies’ neighborhoods, namely the neighbors who will not induce any
crossings in the input drawing Figure 3.4 (b), as discussed in desideratum D2. Note that
we only split a vertex into two at each iterative step. To do so, we start by computing
a planarization of D to identify a set of faces F = {f1, f2, . . . , fk} (Figure 3.4 (a)) that
partition the canvas disjointly. When placing a vertex v in a non-convex face f , there is
no guarantee that we will be able to draw crossing-free edges between v and the vertices
incident to f . Thus, we compute a set of sight cells S = {s1, s2, ..., sr}, which are convex
polygons that partition non-convex faces (Figure 3.4 (b)). Note that an already convex
face is its own sight cell.

Step 3: Subface Decomposition and Selection Given two selected sight cells, we
must now decide where within them to place each split copy of the selected vertex, such
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(a) Target Vertex Removal and Face Detection(b) Sight Cell Decomposition and Selection

Figure 3.4: Step 2: Face Decomposition and Selection. The selected target vertex, as
well as its incident edges, are removed from the embedding, and the remaining graph is
planarized (a) using Planarization vertices, illustrated as smaller, unlabeled, dark grey
circles ( ). All faces in the embedding can now be identified. Given desideratum D2,
we aim to maximize the number of edge-crossing-free connections when selecting the
embedding faces. However, as not all inner faces (as well as the outer face) are convex,
they must be decomposed into convex sight-cells polygons (b). This is achieved through
line projection and the placement of tiling vertices and tiling edges within and until
the canvas border, both shown in blue ( ). The selected sight cells are indicated as
turquoise-color surfaces. As we are trying to achieve this with minimal numbers of split
vertices (D1), only two faces, i.e., splits, are selected.

that the number of induced edge crossings is minimized. To achieve this, sight cells
are further decomposed into subfaces; convex polygons that each form an equivalence
class with regard to crossings (Figure 3.5 (a)). More precisely, for a region b ∈ B, any
embedding of a vertex v within b will induce the same amount of crossings. Instead of
infinitely many possible embedding locations with a selected sight cell, we can consider
only a discrete set of subfaces within it. Now, in line with desideratum D3, we can select
a region for each of the selected sight cells such that the smallest number of additional
edge crossings are induced when connecting them to vertices non-incident to the selected
(sub-)face (Figure 3.5 (b)).

Step 4: Embedding of the Split Vertex Copies With two subfaces selected and
the edge-crossing-minimizing adjacency of each subface determined, the final step is
the simple embedding of the two split vertices and the drawing of the edges between
their neighbors. Again, only two split copies are created to adhere to desideratum D1
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(a) Line Segmentation of Embedding (b) Subface Decomposition and Selection

Figure 3.5: Step 3: Subface Decomposition and Selection. In line with desideratum D2,
given a minimization of the number of edge-crossing-free connections, we aim to minimize
the total number of edge crossings. To identify regions within the embedding that are
equivalent in terms of their number of induced edge crossings, a complete line arrangement
drawing of all pairs of real vertices is drawn, bounded by user-defined embedding limits
(a). As we are interested only in placing vertices within the two selected target faces
(Figure 3.4), we use these line segments to tile only them into sight cells in order to
identify the pair of sight cells which induce the fewest number of edge crossings possible
when connected to the original target vertex’s neighbors (b). The newly placed tiling
vertices and tiling edges are drawn in brown ( ), as are the highlighted selected subfaces.
The canvas border is shown in blue ( ).

(Figure 3.6 (a)). Similar to Riche and Dwyer [RD10], in the interest of preserving the
user’s Gestalt-theoretic [Kof35] mental map of the original graph embedding (Figure 3.6
(b)) as much as possible, the graph is not redrawn using spring embedding.

3.5.1 Step 1: Target Vertex Selection
The first step of the algorithm involves the identification of the vertex to be split, based
on the number of edge crossings in the embedding (Figure 3.3 (a)) The vertex involved
in the largest number of edge crossings must be identified (Figure 3.3 (b)). By selecting
the vertex with the largest number of edge crossings, we aim to thereby also resolve the
largest number of edge crossings associated with other vertices, in line with desideratum
D3. Specifically, for each e ∈ E, let cr(e) denote the number of edges that cross e. For
v ∈ V , let crn(v) denote the sum of cr(ev) where ev ⊆ E are edges incident to v, i.e.,
crn(v) =

∑︁
cr(ev). All vertices are then ranked by their number of edge crossings, i.e.,
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(a) Embed Split Vertices (b) Original Unsplit Graph

Figure 3.6: Step 4: Embedding of the Split Vertex Copies. We now place the two split
copies at the centroids of the selected sight cells and connect them to all neighbors vertices
incident to their selected face (Figure 3.3), as well as all other neighbors in accordance
with their selected sight cell (Figure 3.4 (a). Note the “suboptimal” placement caused
by separating out desiderata D2 and D3; placing it to the left of the edge connecting
vertices 4 and 6 would have resolved an additional edge crossing. The original,
unsplit graph is presented for the sake of comparison (b). The canvas border is shown in
blue ( ).

crn(v). The vertex with the largest crossing number is selected as the target vertex to
be split, its adjacency is recorded, and subsequently removed from the drawing D. Ties
in the vertices’ edge crossing numbers are resolved based on their degree. To illustrate,
consider the example graph G(V,E) of size |V | = 8 shown in Figure 3.3; (a) highlights
all edge crossings which ultimately leads to the selection of vertex 2 , as its crossing
number, cr(v2) = 18, is the largest.

3.5.2 Step 2: Face Decomposition and Selection
Desideratum D2 states that we aim to not only minimize the number of edge crossings
in the embedding but also maximize the number of edge crossing-free connections. Thus,
when selecting a potential embedding location for a copy, we first identify a face whose
incident vertices are part of the split vertex’s neighborhood. The aim of the second step
of our algorithm is to select two convex regions that jointly maximize the number of
edge-crossing-free connections to the split vertex’s neighborhood. First, we consider DP ,
a planarization of D, where each line crossing induces a vertex in the graph. We obtain it
by placing a vertex called a planarization vertex on each crossing and replacing the crossed
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edges by paths through that new vertex (Figure 3.4 (a)). Since DP is a planar graph we
can find its faces: F = {f1, f2, . . . , fk}. However, as there is no guarantee that the faces
obtained after the planarization are all convex, we must further decompose the faces
into convex polygons to ensure incident vertices can indeed be reached edge-crossing-free
(Figure 3.4(b) ). Let FC ⊆ F denote the set of faces which are convex, and FNC ⊆ F the
set of faces which are not convex, such that FC ∩FNC = ∅ and FC ∪FNC = F . Returning
to the previous example, Figure 3.4 (a) showcases the planarization of the original graph
with the selected target vertex removed, and (b) illustrates both the decomposition of
the outer face into sight cells and the selection of two subfaces which jointly maximize
the number of edge-crossing-free connections.

Face Detection and Selection To compute F , we adapt the graph minimum cycle
basis algorithm by Kavitha et al. [KMMP08]. For a Graph G with non-negative edge
weights, they define a cycle basis as a maximal set of linearly independent cycles.
Correspondingly, the minimum cycle basis is the cycle basis whose sum of edge weights is
minimal. However, the minimum cycle basis only extracts cycles topologically and does

(a) (b)

Figure 3.7: Given in (a) is a graph with vertices {A,B,C,D,E}. Cycle vertices, shown as
smaller, unlabeled circles, are placed at the center of all edges. The minimum cycle basis
is identified; here (A,E,D,B,A) and (C,D,B). Cycle (C,D,B) is a valid face. Cycle
(A,E,D,B,A) is not, as it contains vertex C. Thus, the cycles’ subgraph is extracted.
Edge EBD is mapped to one valid face (C,D,B) and is also part of the graph’s outer
face, so it is removed from the subgraph. The minimum cycle basis is again identified
for the pruned subgraph (b). The only identified cycle, (A,E,D,C,B,A), is now also a
valid face.
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not necessarily correspond to a graph’s set of faces geometrically. Thus, two additional
steps have been incorporated to identify drawing DP ’s faces (Figure 3.7).

First, we must ensure that not just all vertices, but all edges are traversed as well. To do
so, we place a cycle vertex (shown as in Figure 3.7 (a)) at the center of each edge in
DP , and replace this edge with a path through the newly placed vertex. Second, we must
ensure that all identified cycles are indeed faces, i.e., that each cycle does not contain
any vertices or edges within it. If an identified cycle does not contain any vertices within
itself, it is deemed a valid face. Otherwise, its subgraph, defined by the cycle in question
as well as all vertices and edges within it, needs to be extracted as shown in Figure 3.7
(b). From this subgraph, edges are removed that can be mapped to two valid faces, or if
it is part of the cycle in question and already mapped to one valid face. The minimum
cycle basis is now again identified within this subgraph, and the face-check is recursively
repeated.

Lastly, to fulfill desiderata D1 and D2, we need to select the two faces whose set of
incident vertices, which are part of the target vertex’s adjacency, is the largest. Ties are
resolved using each edge’s absolute Euclidean difference from its Kamada-Kawai’s graph-
theoretic optimal length. Figure 3.4 (b) showcases the selection of target embedding faces.
The selected target vertex 2 ’s neighbors were vertices v1, v4, v5, v6, v7. By selecting
the blue highlighted faces, namely { 1 , 7 , } and { 4 , 6 , }, 4 or the 5 target
neighbors can be reached edge-crossing free.

Decomposing Non-Convex Faces In accordance with desideratum D2, we aim to
connect our copies to a face’s incident vertices without inducing edge crossings. For convex
faces, this can be straightforwardly achieved. For non-convex-shaped faces, however,
this is not necessarily possible. Here, to ensure that a non-convex face’s incidence can
be realized as edge-crossing-free connections, the connections must be decomposed into
convex polygons, which we call sight cells. We denote our sight cells as S = {s1, s2, ..., sr}.
For a non-convex face fk ∈ FNC , let its sight cells be denoted as Sk ⊆ S. These sight
cells are created by placing additional tiling vertices Vt and tiling edges Et to DP (Figure
3.8). Note that a convex face is its own sight cell.

First, given a non-convex face f ∈ FNC , we identify at least one vertex v incident on
f whose incident edges form an inner angle greater than 180◦. For each edge pair euv
and evw, two rays are projected from u and w respectively, through v (thus, inside f).
We compute the intersection of each ray and the boundary of f . At the location of the
intersection, a new tiling vertex t ∈ VT is placed, and the edge intersected is replaced
by a path through t. An additional tiling edge connecting vertex v and t is added. For
example, in Figure 3.8, a hypothetical, non-convex face {A,B,C,D} is decomposed along
the rays projected from edges eAB and eCB as they form an angle greater than 180◦

around vertex B , resulting in sight cells (B,C,X,B), (A,B, Y,A), and (B,X,D, Y,B).
These newly placed edges define the bounds of a vertex’s “line of sight”, i.e., a vertex
can be connected edge-crossing-free from one side of this edge, but not the other. This
is repeated for the second edge incident to v, as well as all other vertices incident to
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f whose incident edges form angles greater than 180◦. The subgraph defined by the
vertices incident to f and its tiling vertices and tiling edges undergoes planarization, and
all of its faces are identified as in Section 3.5.2. Finally, the incidence of a sight cell s is
defined as the set of neighbors of the split vertex which can be reached from the centroid
of s without crossing any non-tiling edges. Convex faces may be considered their own
sight cells.

At this stage, the outer face e.g., (A, Y,D,X,C,B,A) in Figure 3.8, can be considered a
special case of a non-convex face, as unlike inner faces, the outer face is not bounded.
Thus, a rectangular bound, the size of the drawing bounds, is added within which we
identify the outer face’s sight cells (Figure 3.4 (b)). The decomposition process is, however,
largely the same, with the exception that intersections with the bounding rectangles
must also be considered. Thus, we obtain the drawing Dt. For an example of non-convex
face decomposition, consider the outer face’s decomposition in Figure 3.4 (b) indicated
in blue ( ).

Selecting Sight Cells With all the incidences of the sight cells computed, we must
select a pair of sight cells in which we will embed each copy. In line with desideratum
D2, we aim to select two faces that jointly maximize the number of unique incidence
vertices. Moreover, in line with desideratum D1, we only select two faces as we only
split the selected target vertex into two. Ties are resolved by considering the absolute
Euclidean difference between each edge and its Kamada-Kawai optimal graph theoretic
length; the smaller the difference, the better.

We model each problem using an Integer Linear Programming (ILP) formulation, where
we have only integers as variables in the linear system. We are given a set S of cells
and the set N of neighbors of the split vertex, and look for the pair of sight cells that
maximizes the incidence of crossing free edges to the copies of the split vertex. We denote
by si the i-th sight cell, vj the j-th neighbor of the split vertex, and ei,j the edge between
a copy embedded in cell si connected to vertex vj . We set si = 1 if a copy is embedded
into cell si, and set the value to 0 otherwise. Similarly, if vertex vj has its incident edge
to the split vertex assigned to a copy embedded in cell si, then ei,j = 1. We maximize
the realized edges as: ∑︂

i s.t. si∈S

∑︂
j s.t. vj∈N

ei,j (3.1)

under the following constraints: At most two cells can be selected: if ∑︁
si ≤ 2, a neighbor

can only be assigned to one cell (meaning the copy to be embedded in that cell): if∑︁
i ei,j ≤ 1 for each neighbor vertex. Additionally, a neighbor cannot be assigned to a

cell that has not been selected: si ≥ ei,j . Lastly, if there is no direct visibility between
the neighbor and the sight cell, no crossing free edge can be drawn to a copy embedded
in that sight cell. We consider ai,j the binary variable that denotes with ai,j = 1 the
direct visibility of neighbor j to cell si. Thus, our last constraint is ei,j ≤ ai,j .

Figure 3.5 (b) shows the selected sight cells as blue-shaded areas. These particular sight
cells happen to correspond to the previously selected faces, as discussed in Section 3.5.2.
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Figure 3.8: Illustration of the decomposition of some non-convex inner face (A,B,C,D,A).
Incident vertices A and D are adjacent to the target vertex to be split. Here, the
angle formed by the edges incident to vertex B , (EAB) and (EBC) forms an angle
greater than 180◦. Ray (AB) is projected until it intersects the closest edge, ECD, where
a new tiling vertex X is placed. The intersected edge, ECD, is replaced by paths
through that new vertex, i.e., ECX and EXD. A tiling edge is created between the
newly placed tiling vertex X and vertex B. This process is repeated for ray (CB),
creating tiling vertex Y . The identified sight cells are, (A,B, Y,A), (Y,B,X,D, Y ),
and (B,C,X,B). To illustrate the calculation of sight cell incidence, consider sight cells
(B,C,X,B). Lines, in blue, are drawn between the sight cells’ centroid ( ) and the two
vertices adjacent to the split target. Vertex D can be reached without crossing any
edges. Vertex A , however, cannot, as the project line crosses the edge EBC . Thus, its
incidence is only {A}. The incidence of the two remaining sight cells is {A,B}.

3.5.3 Step 3: Subface Decomposition and Selection

With two sight cells selected, we must now determine where within each face to embed the
split copy of the target vertex. More specifically, in line with desideratum D3, we must
find the locations which jointly minimize the number of remaining edge crossings, when
connecting to the split vertex’s two copies to neighbors not incident to either selected
face.
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Line Segmentation Given DT , the drawing in which each face is a sight cell, we
create a drawing DR by drawing lines between vertex pairs (Figure 3.5 (a)). Note that,
unlike the version presented by Sanatnama et al. [SAHB11], we are not considering
an arrangement of lines, but rather of segments as we end the line segments on their
intersection with the outer bounding rectangle. This allows us to skip area candidates
located outside of the drawing canvas. Similar to the previous planarization steps, we
replace crossing lines with non-crossing paths of segments, and we identify a set of cells
in the resulting drawing. These cells are called subfaces B = {b1, b2, ..., bg} (Figure 3.5
(b)). Note that there is a unique mapping of each subface to the face in F it belongs to.

Sanatnama et al. [SAHB11] proved that for such a decomposition of the space, all points
within a particular subface are equivalent to one another in terms of the number of edge
crossings induced when connecting to other vertices in the graph drawing. However,
in line with desideratum D2, we do not consider all subfaces, but only those within
the two selected sight cells (see Figure 3.5 (b)). Lastly, we compute the centroids of
all the subfaces within the two selected faces. For each centroid c and each neighbor
u, we store the number of crossings induced by the edge ec,u in an array. Using this
array, we solve the problem by selecting one subface in each of the sight cells previously
selected. Figure 3.5 (a) showcases the line decomposition of the previous example graph.
The project lines are drawn in yellow ( ), terminating just beyond the user-defined
canvas bounds shown in blue ( ). Once planarized, like the graph of Figure 3.4 (a),
the line-segmented graph’s faces can be identified, highlighted as yellow-shaded areas in
Figure 3.5 (b).

Subface Selection We use a similar process as for the sight cell selection step, but
rather than having as input the visibility between the neighbors of the split vertex and
the candidate sight cells, we have as input the number of crossings xi,j that would be
induced by an edge between a vertex vj and a copy of the split vertex embedded in
subface bi. We minimize the number of crossings using the following objective function:∑︂

is.t.bi∈B

∑︂
js.t.vj∈N

xi,j (3.2)

For each sight cell we only want to select one sight cell, ∑︁
bA(i) ≤ 1 where bA corresponds

to the subfaces of one of the previously selected sight cells, and bB the others. We use the
same constraint for the bB. Similarly to previously, we define a constraint that limits a
neighbor to be assigned to only one subcell, and additionally to a sight cell that has been
chosen. This ILP returns the two subfaces that induce the least amount of crossings, as
well as the assignments of the neighborhoods to the subfaces. Figure 3.5 (b) highlights the
selected subfaces as yellow-shaded areas. Here, the subface incident to vertex 4 allows
for the connection to target neighbor 5 by only inducing two additional edge-crossings.
Admittedly, in this case, that would have held for all subfaces within the selection sight
cell in question.
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3.5.4 Step 4: Embedding of the Split Vertex Copies

With two subfaces selected based on the induced number of edge crossings to non-sight
cell-incident vertices, the process of embedding the two split copies is straightforward.
While more complex embedding rules based on other graph aesthetics could have been
chosen, we simply put each copy on the coordinates of the centroids of the selected
subfaces. Alternatives include basing the exact embedding location on the best edge-
angle ratio or edge-angle ratio. Edges are subsequently drawn according to the assignment
we just obtained (see Figure 3.6 (a)). Comparing this new embedding to the original
graph drawing of Figure 3.6 (b), it has indeed successfully resolved 16 of the 18 edge
crossings that vertex 2 ’s incident edges were involved in.

3.5.5 Implementation

The algorithm was implemented in Python around the NetworkX [HSS08] package.
Specifically, we used its implementation of the Kamada-Kawai [KK89] and Kavitha et
al.’s [KMMP08] algorithms. The implementation will be made publicly available on
GitHub.

3.6 User Study Design
Lastly, we are interested in evaluating how this approach to vertex duplication affects
a user’s ability to perform a set of commonly encountered graph analysis tasks. These
tasks and the data analyzed are representative of actual types of analyses a user could
expect to face when visually analyzing or reading graph drawings. For the purpose of
aesthetic simplicity, split vertex embeddings were limited to inner faces only.

3.6.1 Tasks

Within the context of the work of Lam et al. [LBI+11] on proposing a high-level taxonomy
of information visualization tasks, we are interested in obtaining subjective user feedback
on perceived effectiveness and preferences, i.e., user experience, and an objective measure
of how well and quickly users performed select tasks, i.e., user performance. For the latter,
we can further couch our objective evaluation goals within the mid-level typology of task
types by Brehmer et al. [BM13]. Specifically, we are primarily interested in evaluating
how effectively a user can locate or extract information in a split graph, as compared to a
non-split graph. Depending on whether the target entity is clear or its location known,
the tasks performed fall within the Search category and its four subcategories of Lookup,
Browse, Locate, or Explore [BM13]. Lastly, we define the three actual (or low-level) tasks
for users to perform based on Lee et al. [LPP+06b] taxonomy of graph analysis tasks.
Here, we focus primarily on topological and browsing tasks, as we suspect these to be
most affected by splitting operations [HBF08], but also lend themselves more readily
to objective measurement. Within the category of topological tasks, we define two task
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types of interest, T1 and T2, and within the browsing tasks category, we define a final
task T3. Thus, our study comprises the following three tasks:

T1 Vertex adjacency, i.e., identifying which vertices are adjacent to some given
vertex;

T2 Common connections, i.e., identifying the set of vertices adjacent to two
given vertices; and

T3 Path tracing, i.e., identifying which of a set of paths is indeed possible in the
given graph drawing.

Each of these three tasks was presented to each participant twice; once for the normal
Kamada-Kawai [KK89] embedded drawing, and once for that graph’s split drawing, with
randomized vertex labels.

3.6.2 Data
Normal Drawings To produce graphs with small-world properties, we simulate three
networks using the Watts-Strogatz graph model and embed them using Python’s Net-
workX ’s [HSS08] implementation of the Kamada-Kawai algorithm [KK89]. To ensure that
the drawings had sufficient crossings for splitting while remaining readable for non-graph
experts, we specifically simulated these graphs with a number of vertices n = 10, a mean
degree m = 6, and a rewiring probability p = 0.5. The non-split graph cases, as selected
for the study, are depicted in the upper row of Figure 3.9, i.e., graphs Anormal, Bnormal,
and Cnormal.

The small number of vertices n = 10 was selected for three key reasons. First, the
(statistical) importance of edge crossings for graphs of such small sizes has been thoroughly
documented [PCA02, KPS14], thus presenting a compelling argument for vertex splitting
to be applied to graphs of this size. Second, as the participant list includes non-graph-
experts and to ensure enough participants could be gathered, a smaller number of vertices
was selected to ensure the study would not take longer than 20-30 minutes in total to
complete. And lastly, our approach was able to consistently produce aesthetically sensible
and pleasing results for graphs of such sizes. The combination of mean degree parameter
m = 6 and rewiring probability p = 0.5 was selected to ensure that at least 2 split vertices
were needed to resolve 50% of the edge crossings in the embedding.

Split Drawings Comparable to the study performed by Kobourov et al. [KPS14],
each of these three graphs was iteratively split until 50% of the original embedding’s
edge crossings were resolved. As identifying the aesthetically optimal number of splits
is beyond the scope of this chapter, we opted to resolve 50% of edge crossings as, in
informal previous testing, we found it provided enough challenge for users without being
completely overwhelming. Specifically, to ensure participants would actually complete the
study, we aimed for a completion time no longer than 30 minutes. In order to ensure split
vertices were recognizable in non-interactive visualization, split vertices were color-coded
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Anormal Bnormal Cnormal

Asplit Bsplit Csplit

Figure 3.9: Three Watts-Strogratz-simulated graphs, (A), (B), and (C), presented to
participants during the conducted user study. All graphs were simulated using the same
parameters of n = 10, m = 6, and p = 0.5. Each graph was laid out using Python’s
NetworkX library’s Kamada-Kawai spring embedding (normal) and then split until
50% of the original drawing’s edge crossings were resolved (split). Please note that, for
illustration purposes, the graphs presented here neither have their labels randomized nor
their positions inverted. Split vertices share the same label and are color coded (e.g., 8
or 9 ) to communicate that they have been split. These graphs’ vertices and labels
have been enlarged threefold for the sake of readability in print.

using a color-blind-friendly palette [HB03]. Lastly, to avoid any learning effect, each
graph has its labels randomized, and the original drawing had each vertex’s positions
inverted. The split graph cases, as selected for the study, are depicted in the lower row
of Figure 3.9, i.e Asplit, Bsplit, and Csplit. These are the split counterparts of the upper
row of the figure.
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3.6.3 Hypotheses
User Performance Before beginning the study, participants were instructed on what
graph drawings are, what split vertices are, and how the three tasks were to be performed.
Users were made aware of the fact that the accuracy and time taken were being evaluated.
Over the course of the anonymous evaluation, each participant was presented with each
of the three simulated graphs. Such a within-subject experimental design was chosen to
ensure we had each user’s performance across all tasks and preference for both unsplit
and split graphs. For each graph, once for the split and once for the non-split drawing,
participants were tasked with answering one of the three aforementioned tasks (T1–3),
as accurately and quickly as possible. Each task had a multiple-choice list from which to
select the set of correct answers, which were known to us. Each participant was randomly
assigned to one of the six unique assignments of tasks to graphs. The randomization
ensured that no participant saw the same graph twice, be it split or unsplit. Additionally,
the order in which graphs, tasks, and multiple-choice answers were presented was also
randomized to ensure no potential learning effect. Thus, each participant was presented
with six questions in total, i.e., vertex-adjacency for a normal and split graph, common-
neighborhood for a normal and split graph, and path validity for a normal and split
graph. For each question, we recorded the time taken by the participant, as well as the
accuracy of the answer, measured as the percentage of choices correctly selected. For
this performance evaluation, we posit the following hypotheses:

H1 The accuracy of determining a vertex’s adjacency is positively affected by
splitting operations, because each individual vertex drawing’s degree is lower
and, thus, its neighbors are easier to identify.

H2 The accuracy of determining the common neighbors of two given (split) vertices
will be positively affected, as the connectivity of individual vertices is clearer.

H3 The accuracy of determining whether a path exists is negatively affected by
splitting operations, as a path passing through a split vertex necessitates scanning
all copies of the vertex to determine whether the next connection exists.

H4 The time necessary to answer all of these questions will be negatively affected
by splitting operations, as more vertices are present in a drawing.

User Preference Additionally, we are interested in evaluating user preferences. As
outlined by Lam et al. [LBI+11], we aim to evaluate each participant’s perceived effective-
ness and preference, i.e., user experience. Specifically, at the end of the study, for each
task, each participant was asked i) whether they believed split embeddings allowed them
to answer questions more accurately, and ii) whether split embeddings allowed them to
answer questions more quickly. Additionally, to evaluate usefulness and preference, we
probe whether split graphs are easy to learn and easy to use. We also probe whether they
are aesthetically preferable over non-split graphs [GKO18]. All answers were given in the
form of a 5-level Likert scale: (1) strongly disagree, (2) disagree, (3) neutral, (4) agree,
and (5) strongly agree. For this preference evaluation, we posit the following hypotheses:
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H5 Users will aesthetically prefer split over non-split drawings of graphs, as these
feature fewer edge crossings.

H6 Users will find split graphs difficult to learn, as certain tasks, such as path
identification and common neighborhoods, involve some initially counter-intuitive
thinking.

H7 Users will find split graphs more difficult to use, for reasons similar to those in
H6.

3.7 User Study Results

(Original Embedding) (Split Embedding)

Figure 3.10: Vertex Splitting applied to a Watts-Strogratz simulated graphs with numbers
of vertices n = 15, mean degree of m = 6, and rewiring probability of p = 0.5: (Original
Embedding) shows the initial Kamada-Kawai spring embedded drawing, and (Split
Embedding) the drawing produced by splitting vertex 4 .

52 participants took part in this anonymized, crowd-sourced, online user study. Users
were encouraged to use large monitors when performing the study. In this setting,
cheating was technically not preventable or controlled. The study was not pre-registered.
Participants were invited by snowballing, i.e., reaching out to university and academic
contacts who were also encouraged to forward the study invitation to their contacts. As
all submissions were anonymous, we do not know exactly who participated in this study.
Most participants fell within the 21–25, 26–30 and 31–35 year old age brackets with 9,
21, and 15 people respectively. Moreover, of the 52 participants, 18 self-reported being
experienced with graphs, 18 as very familiar, and 6 as expert. Only 1 self-reported as
being completely unfamiliar, and 9 as not very familiar. Most participants had completed
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either a Master’s degree (28) or a Ph.D. (13), though 8 reported having completed a
Bachelor’s degree. Lastly, 16 participants identified as female, 25 as male, and 1 as
non-binary. All participants had normal (potentially corrected) vision. As assumptions
of normality could not be made or validated for the data at hand, answer accuracy and
time taken per task were analyzed using a two-sided, paired Wilcoxon Signed Rank
test (Figure 3.11 and Figure 3.12). Preferences were analyzed using a two-sided, one-
way Wilcoxon Signed Rank test (Figure 3.13) [Wil92]. When probed using Wobbrock
et al.’s [WFGH11] Aligned Rank Transformed ANOVA, no statistically significant or
substantively notable association between the expertise of users and their performance
or preference was found.

3.7.1 User Performance

Task accuracy P-values for a study such as this should be viewed with skepticism.
However, it is interesting to note that the differences in answer accuracy were statistically
significant for both the Vertex Adjacency and Path Tracing tasks, in favor of split graphs
(Figure 3.11). However, likely a product of the small graphs used in this study, the actual
differences in answer accuracy observed are fairly small, i.e., ∆V ertexAdjacency = 0.091,
∆CommonNeighbors = 0.043, and ∆PathTracing = 0.101 These findings are in agreement with
hypotheses H1, i.e., that splitting would positively affect the user’s ability to determine
the adjacency of given vertices, and H2, i.e., that splitting would positively affect the
user’s ability to determine the common neighbors of two given vertices. Interestingly,
while we hypothesized that vertex splitting would negatively impact the accuracy of path
tracing in H3, the opposite appears to be found. The results of this analysis are shown
in Figure 3.11.

Task completion time In agreement with H4, the time needed to complete tasks was
negatively impacted by vertex splitting, though, again, the mean differences were very
small, ∆V ertexAdjacency = 1 second, ∆CommonNeighbors = 5 seconds, and ∆PathTracing = 10
seconds. Differences were statistically significant for both the Common Neighbors and
Path Tracing tasks, where more time was required to complete the tasks with the split
graphs. The results of this analysis are shown in Figure 3.12.

3.7.2 User Preference

Interestingly, participants showed a fairly strong preference for split over non-split graphs
(Figure 3.13), with an average Likert scale agreement of 3.89 with the statement “I found
split graphs more aesthetically pleasing”, agreeing with our hypothesis H5. Participants
also reported split graphs as being both easy to learn and understand, disagreeing with
our posited hypotheses H6 and H7. Lastly, on average, users perceived correctly that
split graphs allow them to answer all questions more accurately, though no definitive
conclusions regarding perceived completion time could be made. The results of this
analysis are shown in Figure 3.13.
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3.7.3 Results Summary
In summary, we find that vertex splitting does not meaningfully affect the users’ ability to
identify shared neighbors given two vertices. Vertex splitting even improves the accuracy
in identifying the adjacency of a given vertex or checking the validity of a set of given
paths. However, it also negatively affected the time taken to perform the three tasks — in
particular, the identification of valid paths. Furthermore, participants reported notable
aesthetic preference for split over non-split drawings of the graphs shown. Participants
also found split graphs easy to learn and understand. All in all, these results showcase
that vertex splitting, and our approach to vertex splitting, could be useful in improving
the readability and aesthetic quality of small graph drawings.

3.8 Discussion and Future Outlook
While we hope to have demonstrated that vertex splitting, and our approach in particular,
can be useful in assisting users for small graph drawings, a number of issues, both
conceptual and computational, remain to be addressed in future work.

3.8.1 Algorithm and Implementation
Computational Scalability To ensure such an approach could find application to
larger and denser graph drawings, a more computationally scalable approach to the face
identification problem is needed, as our current approach is centered around Kavitha
et al.’s [KMMP08] O(m2n) minimum cycle basis detection algorithm as implemented in
Networkx for m edges and n vertices. This implementation forms the key bottleneck
at three steps, namely the detection of sight cells, the detection of subfaces, and, most
severely, the detection and (recursive) checking of faces (Figure 3.14). Here, moving
the implementation out of Networkx would allow for the planar graphs to be stored
as a rotation system, i.e., circular, doubly-connected edge lists, with pointers to faces.
Additionally, moving the entire implementation to a more efficient, low-level programming
language, or potentially parallelizing the face identification on the GPU, could be useful
in making this approach applicable to larger systems.

Beyond Edge Crossings While this approach produces more aesthetically pleasing
results for smaller graphs, it fails to do so consistently for increasing numbers of vertices.
For example, consider in Figure 3.10 the edges placed between the top-most split copy
of vertex 4 and vertices 9 and 10 , which are difficult to distinguish from one
another. Here, a more sophisticated cost function incorporating not only the number
of edge crossings but also other quantitative graph aesthetic criteria would allow for a
better selection of target vertices, sight cells, and subfaces. Additionally, such criteria
could assist in choosing better embedding locations within selected subfaces. Here,
some aesthetic criteria of interest could include, for example, edge crossing angles, edge
length ratios, edge angle ratios, vertex density, or edge/vertex occlusion [Pur02]. For the
example given above, the edges e(9,4) and e(10,4) would produce a poor edge angle ratio,
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Figure 3.11: Box plot of performed paired Wilcoxon signed rank test [Bau72] for answer
accuracy across the three task types (T1–3). P-values are calculated using a null
hypothesized difference of µ0 = 0. At an a-priori specified significance level of α = 0.05,
accuracies are statistically significantly different. More specifically, for T1 and T3,
users were more accurate when using split graphs, with a median difference of 11.1%
and 20.0%, and p-values of pT1 = 0.000003 and pT2 = 0.0144, respectively. Task T2
was not statistically significant between groups with a median difference of 12.5% and
pT1 = 0.1104.

guiding the algorithm away from that particular embedding location. Additionally, this
could allow for a more sophisticated approach to tie resolution. Currently, selected target
vertex (Figure 3.3), sight cell (Figure 3.4), and subface (Figure 3.5) ties are resolved quite
naively, such as vertex degree to select an ultimate target vertex to split from a set of
vertices with identical crossings numbers. In general, the application of vertex splitting
to improve aesthetic criteria beyond edge crossings would be interesting. Of course, the
inclusion of such additional criteria would also bring with it additional computational
cost as well.

Beyond Local Optimality Given a more computationally tractable implementation,
one could consider relaxing desideratum D2, the minimization of edge-crossing-free
connections, and focus instead only on desideratum D3, the minimization of the total
edge-crossing number. The unfortunate side effect of first satisfying desideratum D2
and then D3 can be seen in Figure 3.6 (a), where the lower of the two split vertices is
suboptimally placed. Had it been placed to the left of the edge connecting vertices 4
and 6 , instead of the right, one additional edge crossing could have been resolved.
However, as the embedding face was selected before the subface within it, these two
faces were tied in the number of incident adjacent vertices during the face-selection step.
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Figure 3.12: Box plot of performed paired Wilcoxon signed rank test [Bau72] for the
time taken to answer the three task types (T1–3). P-values are calculated using a null
hypothesized difference of µ0 = 0. At an a-priori specified significance level of α = 0.05,
the differences in time taken are statistically significantly different for T2 and T3. More
specifically, users were slower using split graphs, with a median difference of 6.17 seconds
(∼ 13.9% slower) and 8.61 seconds (∼ 14% slower), and p-values of pT2 = 0.036 and
pT3 = 4.967E−05, respectively. Task T1 was not statistically significant between groups
with a median difference of 0.306 seconds and pT1 = 0.866.

Here, instead of selecting a face and then a subface within it, this would allow for the
straightforward selection of 2 (or k) subfaces from the line-segment-tiled embedding
(Figure 3.5 (a)). While the tiling of the entire embedding would be more computationally
expensive, it would also allow for the identification of a vertex split configuration that
minimizes the number of crossings for this graph embedding.

Beyond Single Splits In line with desideratum D3, i.e., minimizing the number of split
vertices, we only split a selected vertex in two. However, beyond identifying where to
embed split copies, it would be interesting to also identify how many splits are necessary to
minimize the selected graph aesthetic cost function. On the one hand, extending the ILP
selection of sight cells and subfaces to allow for a selection of an arbitrary number of splits
would be conceptually straightforward. On the other hand, it would also necessitate tiling
more sight cells into subfaces, thereby introducing additional computational overhead.

Combining a priori, Interactive, and Algorithmic Splitting: It would be interest-
ing to combine this technique with existing approaches to vertex splitting, such as a priori
specification of vertices to split completely. Such a priori split vertices would probably
resolve many aesthetic issues from the beginning, making the subsequent algorithmic
splitting operations easier and faster. Alternatively, an interactive, human-in-the-loop
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Figure 3.13: Box plot of performed paired Wilcoxon signed rank tests [Bau72] on Likert-
scale user responses. Answers range from 1 (Strongly Disagree) to 5 (Strongly Agree).
P-values calculated with a null hypothesized value of µ0 = 3. At an a priori specified
significance level of α = 0.05, T1, T2, and T3 were all statistically significant with
median differences of ∼ 4.5, and p-values of 4.436E − 08, 2.656E − 07, and 6.665E − 05,
respectively.

approach to graph drawing could allow users to select vertices to split and/or embedding
locations, which could side-step some of the computational and conceptual complexity
discussed. This would, of course, also require additional features, such as interactive
highlighting of split copies [HBF08].

Compromising the Mental Map Motivated by the preservation of a user’s mental
map, graph drawings were not re-embedded after each vertex split. For graphs of this
size (10 ≤ n ≤ 15 and density, this approach still functions. However, even for graphs of
size |V | = 20, we encounter several limitations. First, as the number of vertices increases,
so does the complexity of the line segmentation (Figure 3.5 (a)), resulting in smaller
and smaller subfaces. Embedding a split vertex copy within such a subface can cause
considerable occlusion of both incident and nearby edges, as well as nearby vertices.
Moreover, for graphs of high edge density, a single split will often not resolve many edge
crossings, and necessitate either splitting said vertex not twice, but k times, or splitting
additional vertices. Here, allowing for a split graph drawing to be re-embedded using,
for example, Kamada-Kawai, would allow for better graph aesthetic criteria in the final
drawing, as well as additional edge crossings to be resolved “passively”.
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Figure 3.14: Cumulative empirical (logarithmic) runtimes of the vertex splitting method
evaluated on k-complete graphs of increasing size, from k = 6, 8, 10, 12 and 14. Time was
collected for the 6 steps of the algorithm, namely Select Vertex (Figure 3.3 (a) and (b)),
Decompose Faces (Figure 3.4 (a)), Subface Selection (Figure 3.4 (b)), Line Segmentation
(Figure 3.5 (a)), Sight Cell Selection (Figure 3.5 (b)), and Embed Split Vertex (Figure 3.6
(a)). For each scenario, 100 graphs were simulated and the time taken to perform these
steps was recorded, shown as light grey lines and points. For each k graph, the smoothed
average run time and 95% confidence interval of its 100 runs is calculated and overlaid in
color. As expected, the face decomposition step, reliant on Kavitha et al.’s [KMMP08]
O(m2n) algorithm, where m and n denote the number of edges and vertices, respectively,
forms the computational bottleneck of our implementation.

3.8.2 User Performance and Graph Aesthetics

Extending the User Study While the results of this user study are promising and
corroborate the findings of Henry et al. [HBF08], they are, of course, limited by the
size and complexity of the graphs chosen. Here, a larger user study featuring larger
and denser graphs [KPS14], more varied graph analysis tasks [LPP+06b], and graphs
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simulated using various graphs models [WS98, BB03, Alb05, BA99, Bol01], would provide
the opportunity to more completely investigate the effect of vertex splitting on both
performance and preference. Of course, this would also necessitate a much larger number
of participants and then require the use of a crowd-sourced or Amazon Mechanical Turk
approach to data acquisition. However, such a study would be instrumental in uncovering
both how and when to split, in order to most effectively assist users.

A Quantitative Evaluation Beyond studying user performance and preference, it
would be valuable to study the effectiveness of such an approach to vertex splitting
quantitatively. More specifically, it would be interesting to calculate graph aesthetic
metrics, beyond simply the number of edge crossings, for multiple graphs simulated using
different random graph models, vertex sizes, and fixed split numbers, to observe how
these metrics change across iterations, i.e., splits. Combining such empirical results with
an additional user study could help us understand when vertex splitting is useful and
most appropriate. This could be as simple as understanding what graph sizes and edge
densities users prefer, split over non-split graphs, or to what degree they do so. This
could subsequently lay the groundwork for developing a graph-aesthetic-based stopping
criterion for vertex splitting. Beyond the number of edge crossings resolved, such a
stopping criterion could be based on, for example, edge angle ratios, edge length ratios,
or (remaining) edge crossing angles.

Application to Real-World Networks Our results showcase the potential for vertex
splitting as a means of improving readability. However, owing to the computational
complexity of our approach, we are currently limited to smaller, but also in-silico results.
Subsequently, beyond extending our method along the lines discussed here, studying
their utility to actual biological pathways, social networks, or transportation networks
would be interesting. Adapting our approach for such real-world networks would present
additional domain-specific challenges, such as canonical and potentially non-straight line
representations, such as transportation maps or hand-drawn embeddings, and analytical
tasks that may be negatively affected by vertex splitting.
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3.9 Conclusion
We presented a novel, systematic approach to vertex splitting for static, straight-line graph
drawings, agnostic of how their embedding was produced. We showed its applicability
to small-scale graphs. A conducted user study demonstrated that (this particular
approach to) vertex splitting allowed the users to answer three graph analysis tasks more
accurately, at the cost of requiring additional time to do so. Additionally, these split
graphs were aesthetically preferred over non-split graphs, while still being considered
easy to understand and learn. These results, as well as the pragmatic use of vertex
splitting in the field, indicate to us that vertex splitting could be a useful approach to
making dense graphs more readable. We note a sizeable gap between graph theory and
visualization applications when it comes to the study of vertex splitting; a gap hopefully
closed with future research. Beyond making this approach more computationally scalable,
its immediate application to small-scale domain networks, such as metabolic pathways,
would be an interesting next step.
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CHAPTER 4
Think Globally, Act Locally: A

Comparison of Ego Network
Visualization Approaches

A key challenge underlying biological network visualization endeavors is the massive size
of modern graph datasets, with an exploding number of nodes and edges depending on
the particular biological subdomain. Straightforward visualization of such networks is
often no longer possible or desirable, producing so-called “hairballs”. While improving
the graph aesthetic criteria of such hairballs, e.g., through vertex splitting, is one possible
approach to improving such graphs’ readability, another is to side-step visualizing the
entirety of the total network altogether, focusing, instead, on local substructures only.
One possible approach is to only visualize the immediate neighborhood of some selected
node of interest, i.e., visualizing its so-called ego network. However, while ego networks
are a popular approach in (dynamic) social network visualization, little systematic work
has been published on the topic, at least at the time of writing. Moreover, outside of the
social sciences, they remain a highly underexplored technique. Thus, we set out to:

1. characterize the current state-of-the-art of ego network visualization, i.e., understand
what kind of visualization strategies are used across various domains

2. study the effect of different ego network representations on user performance and
preference, and

3. develop a first set of guidelines on how and when to utilize certain ego network
representations over others.

The contents of this chapter are based on the full paper “Me! Me! Me! Me! A Study
and Comparison of Ego Network Representations” [EPF+24], published in the journal
Computer & Graphics with myself as first author, in collaboration with Daniel Pahr,
Velitchko Filipov, Hsiang-Yun Wu, and Renata Raidou.
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4.1 Overview
From social networks to brain connectivity, ego networks are a simple yet powerful
approach to visualizing parts of a larger graph, i.e., those related to a selected focal
node — the so-called “ego”. While surveys and comparisons of general graph visualization
approaches exist in the literature, we note i) the many conflicting results of comparisons
of adjacency matrices and node-link diagrams, thus motivating further study, as well
as ii) the absence of such systematic comparisons for ego networks specifically. In this
chapter, we propose the development of empirical recommendations for ego network
visualization strategies. First, we survey the literature across application domains and
collect examples of network visualizations to identify the most common visual encodings,
namely straight-line, radial, and layered node-link diagrams, as well as adjacency matrices.
These representations are then applied to a representative, intermediate-sized network and
subsequently compared in a large-scale, crowd-sourced user study in a mixed-methods
analysis setup to investigate their impact on both user experience and performance.
Within the limits of this study, and contrary to previous comparative investigations
of adjacency matrices and node-link diagrams (outside of ego networks specifically),
participants performed systematically worse when using adjacency matrices than those
using node-link diagrammatic representations. Similar to previous comparisons of different
node-link diagrams, we do not detect any notable differences in participant performance
between the three node-link diagrams. Lastly, our quantitative and qualitative results
indicate that participants found adjacency matrices harder to learn, use, and understand
than node-link diagrams. We conclude that in terms of both participant experience and
performance, a layered node-link diagrammatic representation appears to be the most
preferable for ego network visualization purposes.

4.2 Introduction
Ego networks, sometimes also called egocentric or personal networks [WPZ+16], are
node-relative subgraph depictions of a larger graph’s topology (Figure 4.1). That is to
say, instead of drawing a graph in its entirety, one only draws those nodes and edges
relevant to some selected focal node. This focal node is commonly referred to as the
“ego”, and its neighbors as “alters”. More specifically, the ego’s immediate neighbors,
i.e., nodes of a 1-hop distance from the ego, are called 1-alters. The ego’s neighbors’
neighbors, i.e., nodes a 2-hop distance from the ego, are called 2-alters, and so on. This
subgraph of a selected ego node and its k-alters is called an ego network.

Ego network visualizations, especially widespread in the social sciences [EHAE16, LHG+20],
are a conceptually simple yet powerful approach for interactively reducing the visual
complexity of larger networks. Consider here a number of such examples: Pu et al.
[PZS+20] go beyond traditional supervised and unsupervised methods and employ ego
network visualizations to enhance anomaly detection for fraud identification. Liu et al.
[LGD+17] used split ego network representations to enable social scientists to tackle the
challenging task of comparing two ego networks simultaneously. However, ego network
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Figure 4.1: Construction of a 2-alter ego network representation (b) from some given
input graph (a). The selected ego, i.e., node a, is highlighted in orange in both the
network’s global topological representation as well as its own ego network. The alters of
the ego are shown in a tree-like structure, i.e., all its 1-alters are depicted on the tree’s
first layer, and all its 2-alters on the second.

representations of graphs have found (admittedly sparse) application outside of social
network analysis as well. For one, Al-Awami et al. [AABS+14]’s NeuroLines framework
visualizes nanoscale neuronal connectivity as node-relative networks. Alternatively, Sayers
et al. [Say04] proposed a node-centric visualization of Resource Description Framework
(RDF) graph topology.

In many applications, relationships within an ego network carry nuanced meaning that
depends heavily on their importance. For instance, in social networks, the importance of
relationships is represented as a weight (i.e., strength or frequency of interactions), allowing
for analysis of close versus casual associations [EHAE16]. Similarly, in neuroscientific
studies, weighted connections capture the intensity or frequency of neural interactions
for identifying dominant pathways [AABS+14]. Weighted ego networks support tasks
to reveal specific association patterns, i.e., identifying the most influential or strongest
connections.

Depending on the particular application domain and graph data at hand, different types
of network embeddings are employed—from conventional straight-line node-link diagrams
[EHAE16] to dynamic adjacency matrices [ZGC+16]. However, no systematic work has
yet been conducted to study ego networks, their representations, or their applications.
Looking at general network visualization, there are several, still very much conflicting, user
performance and preference studies comparing different types of network representations.
For instance, node-link diagrams have been compared to adjacency matrices [GFC04,
NWHL20] or different types of node-link diagrams to each other [HHE06, MS15], in order
to determine what types of tasks and data are best served by which representations.
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Ego networks are graphs centered around some particular node of interest, the ego,
and are typically smaller-scale networks compared to conventional non-ego networks.
Moreover, ego networks, typically, are employed for very different reasons than non-ego
networks. Thus, while certain findings of such general network visualization comparisons
transfer partially to ego networks and their visualization, their particular analytical goals,
analytical tasks, and challenges warrant isolated and focused investigation. Here, we
anticipate conventional straight-line node-link diagrams to be outperformed by more
complex and structured visualizations that can better represent the layered nature of ego
networks, even if such visualizations prove more difficult to learn and understand. To the
best of our knowledge, these issues have caused visualization researchers to lack guidelines
and best practices on when and how to use ego network visualizations effectively; a gap
we aim to start filling with this chapter.

More specifically, we aim to highlight ego networks, commonly pigeonholed as a social net-
work analysis-specific approach, as a potentially effective network visualization technique
across domains that deserves greater attention. We make a first step in this direction by
identifying which representations are common in the field and understanding how effective
they are for particular graph analysis tasks. To do so, we provide an overview of various
(weighted and) undirected ego-network applications, tools, and examples across different
domains through an extensive survey of the literature of 50 papers. With the survey’s
results in hand, we identify four common approaches to visualizing ego networks, namely
(i) straight-line node-link diagrams ( ), (ii) layered (tree-like) node-link diagrams ( ),
(iii) radial node-link diagrams ( ), and (iv) adjacency matrices ( ). To identify when a
specific representation is preferred over another, we conduct a large-scale crowd-sourced
user study of 120 participants to empirically investigate the effect the layouts have on user
performance and experience across six ego network-specific low-level graph analysis tasks.
Additionally, we probe perception and preference in order to gauge which representations
are easiest to learn and use. Finally, to go beyond a purely quantitative evaluation of user
performance or preference, we collect written user feedback throughout the conducted
study, whose qualitative analysis is used to contextualize and understand more deeply
our statistical results.

In summary, the contributions of this chapter are:

1. an overview of ego network representations across application domains (Section
4.4),

2. a large-scale user study to investigate, both quantitatively and qualitatively, the
effect of these representations on user performance and preference (Section 4.5),
and

3. a discussion of the (conceptual) (dis)advantages of the four selected ego network
representations to provide recommendations on their usage (Section 4.7).
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4.3 Related Work
As we are interested in studying and comparing different layout approaches to ego network
visualization, we deem it important to understand what systematic evaluations have
been conducted both outside of and within the context of ego networks. Specifically, in
this section, we discuss comparison studies between adjacency matrices and node-link
diagrams, user performance and graph aesthetics of different node-link diagrammatic
layouts, and various evaluations conducted within the context of ego network visualization.

4.3.1 Comparisons of Matrices and Node-Link Diagrams

In their seminal study, Ghoniem et al. [GFC04, GFC05] compare the “readability” of
node-link diagrams and adjacency matrix representations: the more readable the graph,
the faster and more accurately a participant can complete a series of low-level graph
tasks. With the results of a completed user study, the authors conclude that node-link
diagrammatic representations are more suited for smaller and sparser graphs, whereas
matrix representations should be preferred for larger and denser ones, with the possible
exception of path-tracing tasks, which proved difficult in both representations. Several
follow-up works have further studied the differences between node-link diagrams and
adjacency matrices across graph analysis tasks [LPP+06b, BHW+21], as references
against some third novel hybrid representation [HF07, DGDMT21, GDL+24], and across
application domains, from brain connectivity networks [ABHR+13] to terror networks
[BSC13]. Here, we discuss the results of those follow-up studies for different graph tasks.

Adjacency tasks deal with the identification of a given node’s immediate neighborhood,
i.e., listing or counting its neighbors. Results differ depending on the size of the network
under study. For larger networks, node-link diagrams appear to be favorable [OJK18,
OJK19], whereas for smaller and medium-sized graphs results are less conclusive, with
some finding adjacency matrices to be favorable [HF07, CBDM17], other finding node-
link diagrams to be preferable [NWHL20, DKMT18], while others find no difference
between the two representations at all [RMO+19, KEC06]. Accessibility tasks, closely
related to adjacency tasks, concern themselves with the identification of incident edges
between given nodes, e.g., checking whether two given nodes are indeed adjacent to each
other. Contrary to Ghoniem et al.’s [GFC04, GFC05] (non-statistically significant) initial
findings, subsequent work, across graph sizes, appears to point towards the superiority of
node-link diagrams over matrices [OJ15a, OJK18, RMO+19, HBW14, DKMT18]. Indeed,
only one paper, a replication of Ghoniem et al.’s original study, showcases the statistical
superiority of adjacency matrices [OJ15b]. Common connection tasks deal with the
identification of nodes adjacent to not just one, but two or more given nodes, e.g.,
locating the common neighbors of a set of given nodes. In their original work, Ghoniem
et al. [GFC04, GFC05] were unable to showcase any statistical differences between
the two representations. Here, results tentatively favor node-link diagrams: several
works have shown the superiority of node-link diagrams for the identification of common
connections [HF07, KEC06, OJ15a, RMO+19, DKMT18], while others have shown the
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opposite [ABHR+13, OJK18]. Many were unable to find any statistically significant
results [MOB+12, NWHL20, OJK19]. (Shortest) path-finding tasks challenge the
user with tracing multiple possible paths between two given nodes and reporting the
shortest one. Here, Ghoniem et al.’s [GFC04, GFC05] initial findings, i.e., the superiority
of node-link diagrams over adjacency matrices, have been confirmed by effectively all
follow-up studies [NWHL20, OJK18, OJK19, DKMT18]. Relatedly, path-following
tasks have also been systematically shown to be more accurate using node-link diagrams
[NWHL20, OJK18, OJK19]. Lastly, overview tasks deal, very generally, with gaining a
big-picture understanding of a graph, such as identifying a graph’s class [YDK+18] or
estimating the graph’s density [ASA+23]. In this case, while Ghoniem et al. [GFC04,
GFC05] found adjacency matrices to be superior across all overview tasks, subsequent
results have been mixed, with some finding node-link diagrams to be superior [ASA+23],
others adjacency matrices [YDK+18].

In general, looking at the last twenty years of comparisons, not all of Ghoniem et al.’s
[GFC04, GFC05] initial findings can be taken as fact. The collected 21 comparisons
certainly highlight the superiority of node-link diagrams over matrix representations
for path-finding, path-tracing, and accessibility tasks, both in terms of task accuracy
and completion time. For topology or attribute-related tasks, it is difficult to draw any
similarly sweeping conclusion. Still, for increasingly large and dense graphs, performance
in node-link diagrams does appear to be more heavily affected than in matrices [OJK18,
ASA+23].

4.3.2 Comparisons of Node-Link Diagram Layouts
Node-link diagrams can take many different shapes and forms depending on the particular
layout approach. Classical node-link diagrams can be drawn using a wide variety of
force-directed algorithms and spring embedders. Groups within these graphs can be
highlighted by embedding them using group-based layout techniques or laid out radially
or hierarchically to highlight other structures within the data. However, it is unclear for
which situations certain graph layouts are to be preferred.

Early evaluations, such as the work of Blythe et al. [BMK96] and Purchase et al. [Pur98]
went beyond comparing classical layout algorithms in terms of their produced graph
aesthetic criteria and focused their efforts on studying their effect on human performance.
More recently, Meulemans and Schulz [MS15] studied the effect of three different graph
layout algorithms within the context of social networks on human perception. In general,
while (statistically significant) differences between layouts can be detected, no meaningful
differences between individual pairwise layouts can be identified (despite these layouts
differing substantially in terms of their graph aesthetic metrics). Beyond comparisons
of classical node-link diagram layout algorithms, research has focused on comparing, for
example, different approaches to “sociogram” layouts, i.e., radial, hierarchical, group, and
free layouts [HHE06], or tree representations to classical node-link diagrams [LPP+06a].
Once again, no meaningful conclusion regarding the impact of graph layout on performance
can be drawn. Lastly, Didimo et al. [DKMT18] compared four different approaches to the
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directed graph layout problem, namely, hierarchical, orthogonal, overloaded orthogonal
layouts, and matrix representations. The results, however, indicated that, in terms of
error rates (for the particular data studied), overloaded orthogonal drawings outperformed
all other layout approaches.

In general, depending on the particular dataset presented, node-link diagram layouts
indeed seem to have an impact on human perception, i.e., different layouts result in
different task accuracies and completion times. However, it is unclear whether a single
“best” layout can be identified, as pairwise statistical differences between layouts are often
inconclusive. It is safe to conclude that any differences between such layouts are either
fairly minimal or highly task/data-dependent.

4.3.3 Ego-Network Evaluations

Most commonly, ego network visualization evaluations have been conducted either as
usage scenarios [LWB18, HMPI+16], or as case studies [FMW+21, AABS+14, TCG+22].
In some instances, additional early [EHAE16] or final user feedback [TCG+22, LSM+17,
BHP+24] was also collected. However, task-based evaluations are featured in several
papers. For example, within the context of dynamic ego network visualization, e.g.,
visualizing the evolution of such networks over time, several task-based evaluations have
been conducted [SWW+15, LHS+15]. These evaluations naturally deal predominantly
with time-dependent tasks, such as summarizing the evolutionary trend of clusters for
a particular ego [LHG+20], identifying topological changes in the ego’s connectivity
[HZL+16], or determining whether the 1-alter subgraph increased or decreased in size
over time [ZGC+16]. Alternatively, within the context of (dynamic) comparative
ego network visualization approaches, such as Liu et al.’s EgoComp [LGD+17] or
Wu et al.’s EgoSlider [WPZ+16], similar task-based evaluations can be found. In such
cases, tasks focus on evaluating differences between egos, such as identifying which ego
has the largest number of 1-alters with certain properties, characterizing the overall
similarity between two selected egos, or inspecting whether a particular alter of one
ego exists in the network of another. Most importantly, non-dynamic task-based
evaluations focusing on a single ego can also be found in Shikora et al.’s InfluViz
[SI17] and Sorger et al. [SAK+21]’s virtual reality ego network visualization. In such cases,
participants completed multiple topological tasks derived from Lee et al.’s [LPP+06b]
graph analysis taxonomy, such as finding common neighbors of two alter nodes, estimating
the degree of a particular given node, or finding a (shortest) path between two given nodes.
Unlike previous studies that have primarily focused on either quantitative or qualitative
evaluations of ego networks, our study introduces a novel mixed-methods approach
that integrates both methodologies. This allows us to provide a more comprehensive
examination of differences between various ego network visualization techniques and a
more nuanced understanding of how different representations impact the interpretation
of ego network structures, compared to prior research.
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4.4 Ego Network Representations
To better understand the current state of ego network visualization, we perform a
literature survey, collecting 50 papers, comprising visualization techniques, systems, and
application papers that feature ego network visualization approaches. A complication to
this search is the lack of consensus on terminology to describe such networks. Examples
include ego networks, egocentric networks, node-relative networks, or subject-relative
networks. In other cases, such networks are not explicitly identified as ego networks
at all [AABS+14]. Owing to these difficulties, the literature survey was conducted
manually, driven by keyword searches across multiple academic search engines, and, in a
snowballing method, combing through their bibliographies exhaustively. These collected
works were then manually read and filtered to ensure relevance to the project. Each of
the thus collected 50 references is categorized based on the visual representation featured
as well as the domain’s application area (see Figure 4.2). Ultimately, five common
graph representations are identified, namely i) straight-line node-link diagrams ( ), ii)
radial node-link diagrams ( ), iii) trees / layered node-link diagrams ( ), iv) adjacency
matrix representations ( ), and v) latent variable space embeddings. However, as latent
variable embeddings commonly omit drawing edges altogether, they are unsuitable for
topology-based tasks that we investigate (Section 4.5.2). Therefore, we omit them from
both this section as well as our user study. Given the large prevalence of weighted ego
networks in literature, particularly in applications requiring precise association analysis,
we focus on weighted representations for this study. Weighted networks offer critical
insights into the strength and frequency of connections, which are pivotal in real-world
tasks across diverse domains (see Section 4.3).

In this section, we briefly discuss the four remaining archetypal ego network represen-
tations that are commonly used as well as how they were designed and implemented.
The implementation, as well as our classification of the collected papers, has been made
available on the Open Science Framework1.

4.4.1 The Straight-Line Node-Link Diagram
Straight-line node-link diagrams ( ) are arguably the most well-known graph represen-
tation for networks. For some given graph G = (V,E), its nodes V are represented as
points, circles, or rectangles placed freely in 2D space connected by straight line segments,
representing its edges E [BETT98] (see Figure 4.3a). Such diagrams also proved to be
the most popular form of ego network visualization, featured in 28 unique papers. In
its simplest form, such ego-centric node-link diagrammatic representations lay out the
graph’s global topology and then (interactively) highlight egos and their 1-alters, as
presented in Fisher et al.’s [Fis05] visualization of communication networks. In other
cases, the ego and its incident edges are not explicitly visualized at all, and, instead,
only the ego’s 1-alters and their intra-1-alter connectivity are visualized, as discussed
in the work of Ezaiza et al. [EHAE16], which focuses on various friendship clusters in

1https://osf.io/qzd9x/?view_only=20e4ffa7fedb4f9d897e3144b29d9f97
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Figure 4.2: Mapping of the 50 collected ego network papers to both the application area
and ego network representation. The number of papers that map to a combination of
categories is encoded in its circle’s size, color intensity, and numerical label. Papers could
map to multiple representations and application areas.

personal social networks. However, we note that such representations naturally do not
allow users to investigate an ego-alter’s edge weight. Here, edge weights were encoded
in each edge’s line segment’s opacity, i.e., the greater the edge weight, the more opaque
the edge. This ensures that edges, much like their node counterparts, remain the same
size/thickness both within and across node-link diagrammatic representations. Lastly,
opacity is also chosen to ensure comparability to the to-be-discussed layered adjacency
matrix representation.

4.4.2 The Radial Node-Link Diagram
A radial node-link diagrammatic representation ( ) is a more constrained form of the
previously discussed straight-line node-link diagrams. Instead of allowing nodes to be
drawn freely in 2D space, their placement is restricted to a given circle. Edges are then
drawn either as straight line segments or smooth arcs, mostly within the confines of the
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(a) Straight-Line Node-Link Diagram (b) Radial Node-Link Diagram

(c) Layered Node-Link Diagram (d) Layered Adjacency Matrix

Figure 4.3: Illustrative visualizations of the implemented ego network representations.
Nodes and intra-alter edges are color-coded according to their alter-level using an
appropriate color palette. More specifically, 1-alters are colored green, 2-alters orange,
3-alters blue, and 4-alters purple. Inter-alter edges, as well as the ego, are colored dark
grey.

given circle. With 19 papers, radial node-link diagrams form the second most common
representation of ego networks. In their simplest form, such radial representations display
the ego at the center of the circle and its 1-alters radially around it, with both ego-alter
and alter-alter edges displayed within the formed circle’s area (see Figure 4.3b) [LWB18].
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As discussed previously, ego-alter edges are sometimes omitted and only intra-1-alter
connectivity is visualized [EHAE16]. Multiple alter-levels can also be visualized as
multiple concentric circles, i.e., 1-alters placed along the first ring, 2-alters along the
second ring, and so on. In such representations, intra-alter edges are commonly omitted
and only inter-alter edges are rendered [LHG+20, LHS+15]. However, these concentric
circles need not only denote different alter levels. For example, in the context of dynamic
ego network visualization, each ring can indicate a particular time slice instead. An ego’s
various 1-alters’ presences/absences are then indicated for each such time slice [FHQ11].
Lastly, for the sake of completeness, radial layouts are also utilized for the comparison
of egos’ 1-alters by, for example, juxtaposing their concentric alter rings and rendering
ego-alter edges not only within each circle but also between them [CHWO13]. Again,
edge weights are encoded using each edge’s line segment’s opacity.

4.4.3 The Layered Node-Link Diagram

Similar to radial node-link diagrams, layered node-link diagrams ( ) opt to restrict
node placement instead of allowing them to be drawn freely in 2D space. Unlike radial
diagrams, such representations arrange nodes not along the circumference of concentric
circles, but instead along equidistant lines called layers. Edges are commonly represented
as straight-line segments between them. For ego networks specifically, layered node-link
diagrams are tree-like representations of ego networks, which are notably less popular
than straight-line or radial node-link diagrams, with only 3 papers mapping to this
particular category. Here, the aforementioned layers in layered ego network node-link
diagrams encode the specific alter level, and nodes are placed along it accordingly (see
Figure 4.3c). Consider Sayers et al.’s [Say04] RDF graph visualization, which provides a
very representative example hereof. While in all examples found, only inter-alter edges
were rendered, we opt to render all edges of the ego network to investigate their utility
for both inter and intra-alter connectivity analysis. Edge weights are again encoded using
each edge’s line segment’s opacity.

4.4.4 The Layered Adjacency Matrix

Unlike the previously discussed node-link diagrams, an adjacency matrix representation
( ) takes the form of a data table, in which nodes are represented both as rows and
columns. An undirected edge connecting two particular nodes is then represented by
“filling” the two corresponding matrix cells of the symmetric table with a 1 (0 otherwise).
For example, should nodes vi, vj ∈ V be connected by some undirected edge {vi, vj} ∈ E,
the matrix cells (i, j) and (j, i) are correspondingly “filled in”. Here, in line with
the conclusions of previous surveys of network visualization outside of the context of
ego network visualization, only very few approaches make use of (adjacency) matrix
representations [NMSL19, EMWR24]. Across the 50 collected ego network visualization
papers, only one uses an adjacency matrix representation, namely Zhao et al.’s dynamic
egocentric network representation EgoLines [ZGC+16].
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In order to meaningfully exploit and visually display an ego network’s topological
connectivity as well as its various alter levels, and ensure it is comparable to both radial
and layered node-link diagrams, we visualize these networks as layered adjacency matrices
(see Figure 4.3d), akin to a centered matrix representation [SM07] or a quilt [BW11,
BHR17]. In such representations, nodes are grouped by some layer structure (here their
k-alter level). This ensures that all intra-k-alter connectivity is displayed only within
a block of k-alter nodes. Additionally, because a k-alter can, by definition, only be
connected to (k−1) or (k+1) alters, all inter-alter connectivity is displayed within blocks
adjacent to their corresponding intra-alter blocks. This, in turn, results in larger portions
of the off-diagonal elements remaining empty, resulting in overall less visual clutter. To
provide a meaningful one-dimensional ordering of the nodes (an important consideration
when evaluating adjacency matrix representations [RMO+19, OJK19, DKMT18]), nodes
are sorted according to their graph-theoretic distance to the ego within each alter level.
Hop-distance ties within a block of k-alters were broken using their weighted distance to
the ego, i.e., the closer their graph-theoretic distance, the closer their visual distance to the
ego within their corresponding k-alter block. In line with the previously discussed node-
link diagrammatic representations’ visualization of edge weight, we opt to encode edge
weight using opacity. More specifically, the greater the edge weight of some undirected
edge between nodes vi and vj , the more opaque the corresponding matrix cells (i, j) and
(j, i).

4.4.5 Implementation
For our implementations, many different spring-embedded and force-directed approaches
to laying networks as node-link diagrams present themselves [Kob12]. For the straight-line,
radial, and layered node-link representations, we make use of D3js’s [BOH11] particle-
based force-directed algorithm to lay out the networks, as it produces consistently visually
pleasing results while remaining computationally tractable for the kinds of undirected,
weighted graphs we consider here. It is important to note that while the four node-link
diagrammatic representations may, in certain circumstances, share visual similarities, they
should never look identical to each other, thereby distinguishing themselves from each
other both conceptually and visually. The layered adjacency matrix was also implemented
in D3js. Additionally, across all representations, in order to visually communicate the alter
levels, nodes, and intra-alter edges are color-coded using an appropriate Color Brewer
[HB03] palette (see Figure 4.3). Specifically, 1-alters are colored green, 2-alters orange,
3-alters blue, and 4-alters purple. Inter-alter edges, as well as the ego, are colored dark
grey. Similar to previous (ego) network visualization evaluations, we also implemented
basic interactivity [RMO+19, NWHL20, OJK19]. Interactions include highlighting (in
red) incident edges and adjacent nodes when hovering over a node for all node-link
representations. For the adjacency matrix, when hovering over a cell (edge) at location
(i, j), row i, column j, and nodes vi, vj ∈ V are also highlighted in red. Additionally, basic
navigation, i.e., panning and zooming, is provided. We refer the reader to the previously
mentioned OSF repository for visual examples of the implementation as presented to
study participants.
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4.5 Study
We aim to evaluate the ego network representation’s effect on user performance and
experience in a mixed methods approach in order to better understand and contextualize
our quantitative results. Given that ego networks are highly specialized tools, a group of
expert users would be optimal to test these effects, such as network scientists or domain
experts, e.g., social scientists or biologists. However, to achieve adequate statistical
power and sufficient numbers of qualitative feedback, we instead opt to conduct an online,
crowd-sourced user study.

First, we wish to quantitatively evaluate the effect of ego network representation on
participants’ performance, i.e., their ability to complete a series of low-level graph analysis
tasks as quickly (response times) and correctly (accuracy) as possible. To do so, we
employ a between-subjects study design, in which each participant completes six low-
level graph analysis tasks for one randomly assigned archetypal representation. Here, a
between-subjects study design was selected to ensure the study could be completed in
less than 30 minutes in an online setting, which (based on our prior experiences with
online studies) should be considered the upper limit for such online studies. Requiring
each participant to complete all six tasks for all four representations would have i)
introduced a possible learning effect, and ii) taken too long, thereby affecting participant
concentration. To curb any further systematic learning effects in our results, the order in
which participants are asked to complete these six tasks is randomized, and the presented
graph’s nodes’ labels are randomized for each task, mitigating memorization.

Second, we aim to quantitatively evaluate the effect of these representations on user
experience. To assess this aspect, each participant is presented with five rankable
statements, relating to the ease of use and learning, participants’ perceived accuracy and
efficiency, as well as the aesthetic appeal of the presented visualization, which they are
required to answer on a 5-point Likert scale.

Third, we aim to enrich these quantitative analyses with additional qualitative data. So,
after each of the tasks given to a user, we present the task’s description again and ask
the users to provide a short comment on how the assigned ego network representation
assisted or hindered them in the task performed. Finally, at the end of the survey, we
collect participant feedback pertaining to their final thoughts about the assigned ego
network representation.

4.5.1 Graph Data

Similar to the evaluation conducted by Okoe et al. [OJK18], we opt to investigate a
single network; more specifically, the real-world network representing the “Les Misérables”
character interaction graph, consisting of |V | = 77 nodes and a total of |E| = 254
undirected edges, in which edge weights encode the number of times two particular
characters co-occurred [Knu93]. To simulate the process of creating an ego network
from a larger network, with “Valjean” as the selected ego, an ego network is constructed
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from this graph by computing the shortest hop-distance paths from the ego to each
other node. Ties in path length are broken by their weighted distances. Labels were
randomly generated integers to ensure that, even though a user was investigating the same
network, the network’s labels were never the same across the various tasks investigated
(Section 4.5.2). Here, this particular network was chosen for six key reasons. First, by
utilizing a real-world network, we avoid non-representativeness often associated with
simulated (scale-free) graph data [BC19]. Second, by focusing on a single network, we
are able to statistically investigate a larger number of tasks relevant to ego networks
without sacrificing statistical power. Third, depending on the particular ego chosen, here
“Valjean”, said dataset features a larger number of alter levels than most investigated data
while remaining overall representative: while most (31) ego networks focused on either
1 or 2-alters, several (7) also studied ego networks of 3-alters and higher. Fourth, by
evaluating the size of ego networks investigated in previous approaches and applications,
we determined this particular dataset’s size to be slightly larger than the median graph
size studied in ego network literature while remaining representative (see Figure 4.4).
Moreover, a graph of this size and density was deemed appropriate for the non-expert
user group that would be tasked with analyzing it. Fifth, in order to build on work
done previously, this network has already found use as a benchmark in both ego network
[LGD+17] as well as more general network visualization evaluations [DKMT18]. Lastly,
with |V | = 77 nodes and a total of |E| = 254 undirected edges, this particular network
falls nicely within the most commonly explored/visualized sizes of graphs [YAD+18],
thereby further ensuring it is representative in terms of its numbers of nodes and edges.

Figure 4.4: Studied network sizes of 53 ego-networks from our gathered 50 papers. For
several papers, no specific sizes were specified, nor could they have been estimated from
the figures. Network size is displayed on the log scale for readability. The overall median
network size, |V | = 45, is illustrated by the dashed black line, and the chosen “Les
Misérables” character interaction graph, |V | = 77, by the dashed black line [Knu93].
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Figure 4.5: Counting of the k-alter levels admitted or demonstrated in 37 of the 50
collected ego network visualization papers. Our chosen “Les Misérables” character
interaction graph’s alter-level of k = 3 is illustrated by the dashed black line, chosen as it
offered a balance between the relative simplicity of the many k = 1 or k = 2 networks
and the still fairly common larger networks of k ≥ 4.

4.5.2 Procedure
To conduct our mixed methods analysis of user experience and performance, we must
ensure that participants are properly instructed and trained before they commence a
series of graph analysis tasks and a final user experience evaluation.

Training In line with other comparative network visualization studies, we employ pre-
study training to familiarize participants with the upcoming representations and tasks.
Following the definitions of Nobre et al. [NWHL20], we use a mixture of active and passive
training. Each participant was presented with both i) a written tutorial explaining the
details of ego networks and the assigned network representation to familiarize them with
concepts and terminology, as well as ii) an interactive visualization of a simple network
using the network representation they could expect during the evaluation to familiarize
themselves with the modes of interaction we provide. Key definitions remained available
to participants in a small glossary throughout the study to avoid terminology-related
errors.

User Performance: Tasks Following existing quantitative (ego) network evaluations
(Section 4.3.3), we are interested in statistically comparing how quickly and accurately
participants were able to complete a series of low-level graph analysis tasks using the
different representations we provide (see Section 4.4). However, a key challenge here lies
in the selection of a set of tasks: they must remain general enough for their results to
transfer to other network types, yet be specific enough to be meaningful for ego networks
specifically. We derive our set of tasks from existing ego network evaluations. Of the 50
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Figure 4.6: Categorization of (non-dynamic and attribute-related) graph analysis tasks
according to nine previous works that featured a task-based evaluation of ego networks (i.e.,
[LHS+15, LGD+17, LGD+17, SI17, SWW+15, SAK+21, WPZ+16, ZGC+16, ZGC+16,
ZSZ+17]. i.e., i) Liu et al. [LHS+15]’s study of their EgoNetCloud system for dynamic ego
network analysis, ii) Liu et al.’s [LGD+17] visualization approach for the comparison of two
ego networks, iii) Shikora et al.’s [SI17] egocentric visualization of artists’ relationships to
each other, iv) Shi et al.’s [SWW+15] 1.5D visualization of dynamic ego networks, v) Sorger
et al.’s [SAK+21] visualization of egocentric networks in VR, vi) Wu et al.’s [WPZ+16]
EgoSlider approach to visualizing egocentric network evolution, vii) Zhao et al.’s [ZGC+16]
investigation of their matrix-based visualization of dynamic ego networks, viii) Zhao et
al.’s [ZGC+16] evaluation of their dynamic adjacency matrix-based technique EgoLines,
and ix) Zhao et al.’s [ZSZ+17] evaluation of EgoSlider [WPZ+16] on mobile devices.
Additionally, the twelve tasks are categorized, faceted, and color-coded according to
Lee et al.’s [LPP+06b] graph task taxonomy, i.e., Browsing Tasks, Overview-based
Tasks, and Topology-based Tasks.

collected papers, nine featured a quantitative, task-based evaluation of their proposed
techniques.

From these evaluations, we identify twelve common tasks when placed within Lee et
al.’s [LPP+06b] low-level graph task taxonomy: one browsing task, two overview tasks,
and nine topological tasks (Figure 4.6). More specifically, these twelve tasks include:

1. following the path between a series of nodes,
2. estimating the number of (k-) alters,
3. estimating the number of unique edges among alters or between 1-alters and ego,
4. identifying the alter closest to the ego,
5. identifying the node (ego or alter) with the highest adjacency,
6. identifying the shortest path between two nodes,
7. identifying the alter closest to some other alter,
8. identifying the common neighbors of two given nodes,
9. counting the neighbors of a given alter,
10. identifying the neighbors of a given alter,
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11. determining whether an edge between two nodes exists, and
12. finding bridges between clusters.

It should also be noted that several of these dynamic egocentric network visualization
system evaluations [HZL+16, LZH+17, WPZ+16, LHG+20] also featured extensive time-
dependent tasks, such as estimating changes of alter numbers between time steps [HZL+16]
or estimating the number of relationships that lasted for a certain number of time steps
[ZGC+16]. However, as the scope of this chapter is explicitly related to investigating
differences in the perception and execution of topological ego-centric tasks across different
ego network representations, we exclude tasks that focus on either the temporal or
attribute-based nature of data. We argue that before one investigates tasks related to more
complex multivariate or dynamic graph data, potentially requiring more sophisticated
interaction techniques and training, it is necessary to first understand the effect of ego
network representation in the context of relatively simpler and mostly static graphs.
Therefore, from the thirteen common tasks, we selected the six most common to investigate
in our user performance study [LBI+11], i.e., two overview tasks, two topological adjacency
tasks, one topological common neighbor task, and one topological association task.

Overview tasks [LPP+06b] can take many different shapes and forms, such as the iden-
tification of a network’s graph class [ASA+23, YDK+18], the counting or approximation
of a network’s nodes and/or edges [GFC04, GFC05], or the estimation of a network edge
density [ASA+23]. Based on the ego network-specific overview tasks we identified in the
literature, we investigated two such tasks:

Tedges Count the intra-alter edges between all 1-alters.
Talters Count the number of 2-alters in the graph drawing.

Adjacency tasks focus on the immediate adjacency of a node, i.e., its neighbors, and
can take several forms, such as counting a given/highlighted node’s neighbors [OJ15b] or
edges [KEC06], counting incoming and outgoing edges separately [ASA+23], or finding
the most connected node [GFC04, GFC05], the highest degree node [CBDM17], or the
node with the highest number of edges [HF07]. Based on our literature review, we
investigated tasks:

Tneighbors Count the neighbors of a given alter.
Tdegree Which 2-alter has the highest degree of all 2-alters?

Common neighbor tasks involve the identification of two (or more) nodes’ common
neighbors and subsequently listing them by their identifier [HF07, RMO+19] or counting
them [KEC06]. Here, we specifically investigated the former:

Tcommon Which neighbors do two alters have in common?

Finally, accessibility tasks [LPP+06b] involve the identification of incident edges between
nodes, such as finding the edge between two given nodes [GFC04, GFC05], determining
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whether a node is connected to another in two hops or fewer [RMO+19], or determining
whether two given nodes are connected or not [OJK18]. Based on our literature review,
we specifically tasked participants with:

Tassociation Which 1-alter’s edge to the ego has the largest weight?

Note that for tasks Tdegree and Talters, k = 2 was chosen to ensure there was a layer
of alters, i.e., k = 1 and k = 3, surrounding it to better capture the visual complexity
of arbitrary-sized ego networks. Moreover, it should be noted that despite its frequent
occurrence in ego network evaluations (Figure 4.6), we opted to ignore shortest path
identification tasks owing to the by now well-documented superiority of node-link diagrams
over adjacency matrix representations [NWHL20, OJK18, OJK19, DKMT18] which may
bias our results. Additionally, as there always exists a path between two nodes through
the ego, therefore, the (shortest) path lookup becomes a trivial task.

User Experience: A Likert Scale In order to probe each participant’s perceived
and subjective effectiveness and preferences [LBI+11], at the end of the study, similar
to existing ego network evaluations [ZGC+16, LHG+20], each participant is required to
answer five statements on a 5-point Likert scale:

Slearn I found the ego network’s visual representation easy to learn.
Suse I found the ego network’s visual representation easy to use.
Spleasing I found the ego network’s visual representation aesthetically

pleasing.
Saccurately I found the ego network’s visual representation allowed me to

answer questions accurately.
Squickly I found the ego network’s visual representation allowed me to

answer questions quickly.

Qualitative Feedback: Participant Comments Finally, to go beyond a purely
quantitative evaluation, we additionally probe both user performance and experience
qualitatively. To do so, participants were required to provide written feedback after each
completed task as well as at the very end of the survey, together with their Likert-scale-
ranked experience. Specifically, we asked for feedback on how the representation was
helping with or hindering each task’s completion and the participant’s general experience
with the representation.

4.5.3 Analysis
The collected data must be evaluated both statistically and qualitatively. To do so, we
formulate a series of hypotheses regarding our quantitatively evaluated metrics, i.e., task
accuracy, task completion time, and user preference. Subsequently, we outline how the
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statistical analysis is conducted. Finally, we outline how the coding of the qualitative
analysis is performed.

Hypotheses Based on comparisons of node-link diagrams and adjacency matrices
(Section 4.3.1), as well as previous comparisons of ego networks (Section 4.3.3), we
formulate four hypotheses regarding user performance and experience.

H1: Counting on Matrices The overall findings in the literature seem to tentatively
point towards the superiority of adjacency matrix representations over node-link diagrams
for non-path-tracing/finding and accessibility tasks, especially for larger and denser
graphs [ASA+23, GFC05]. Subsequently, though we do not study the densest and
largest graphs possible to not overwhelm non-expert users, we hypothesize that our
layered adjacency matrix representation should result in higher accuracy than the three
node-link diagrammatic representations for such tasks, i.e., i) counting the number of
edges (Tedges) and 2-alters (Talters), ii) estimating the 2-alter with the highest degree
(Tdegree), as well as iii) counting the number of neighbors of a given alter (Tneighbors).
However, given past results comparing node-link diagrams and adjacency matrices
[NWHL20, RMO+19, JJHS+22], we also hypothesize that this increased accuracy will
require additional time.

H2: Node-Link Nuance While past evaluations comparing different types of node-
link diagrams have not shown meaningful differences [BMK96, PCJ96, MS15], we expect
the inherently layered structure of ego networks to tease out differences between the
three node-link diagrammatic representations for the investigated overview and adjacency
tasks. Specifically, given the 1D arrangement of nodes in both radial and layered node-
link diagrams, we anticipate said representations to outperform the classical node-link
diagram for the 2-alter-counting task (Talters). For layered node-link diagrams, especially,
the clarity of this 1D arrangement of nodes comes at the cost of effectively visualizing
intra-alter edges. Subsequently, we anticipate the layered node-link diagram to perform
worse than the radial or classical node-link diagrams for the intra-alter edge counting task
(Tedges). Lastly, while disadvantageous for node/edge counting tasks, the unbounded
embedding of the classical node-link diagram should communicate the neighborhood of
individual nodes more effectively. As a result, we anticipate this representation to lead
to more accurate results than the radial or layered node-link diagrams for the two tasks
related to node neighborhood, i.e., Tdegree and Tneighbors.

H3: Topologically Topsy-Turvy Given the findings of individual papers pointing
tentatively towards the superiority of node-link diagrams for certain topological tasks
[GFC05, RMO+19], we anticipate the three node-link diagrammatic representations to
outperform the layered adjacency matrix for the two topological tasks under study, i.e.,
locating the ego’s most closely associated alter (Tassociation) and identifying the common
neighbors of two given alters (Tcommon). Given this difficulty, we additionally hypothesize
that the matrix representation will require participants to spend more time answering
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these tasks. Within these three node-link diagrammatic representations, however, we
anticipate the straight-line node-link diagram to outperform the other two for task
Tassociation in particular, as closely associated nodes can be placed closer to each other in
2D space, whereas layered and radial representation limit node placement along layered
lines or concentric circles, respectively.

H4: Where the Instruction Booklet at Looking at past studies comparing node-link
diagrams and adjacency matrix representations, it would appear as though i) node-link
diagrams are easier to learn than adjacency matrices [NWHL20, RMO+19], and ii)
participants might be more familiar with node-link diagrammatic representations a priori
[NWHL20, ASA+23]. Subsequently, we hypothesize that participants will find the three
different types of node-link diagrams easier to learn (SLearn and SUse) than the adjacency
matrix representation. Additionally, owing to the additional layers of complexity they
presented, radial and layered node-link diagrams are hypothesized to be more difficult to
learn compared to the straight-line layout. However, as these additional layers should
allow for certain tasks to be answered more easily, we anticipate them to be easier to use.

Quantitative Evaluation We collect each participant’s task answer, task completion
times, and user experience questionnaire results. Specifically, for each task, participants’
performance was measured using the number of errors made based on their given answers.
For example, for Talters or Tedges, the error is defined as the difference between the
true number of such nodes/edges and the participant’s answer. Alternatively, for task
Tassociation, i.e., identifying the most strongly associated 1-alter with the ego, the error
is defined as the difference in edge weights between the participant’s answer and the
ego, and the ego and the actually closest node. To statistically analyze the impact
of ego network representation on these three quantities, we employ Wobbrock et al.’s
[WFGH11] non-parametric aligned rank-transformed ANOVA, as standard assumptions
of normality could neither be made nor validated when probed with Shapiro-Wilk tests.
The overall statistical significance of ego network representations on these quantities
is first probed with an omnibus F -test, which, if significant, is followed by a series
of pairwise t-tests between individual representations using the computed estimated
marginal means [EKHW21], both at an a priori, Bonferroni-adjusted family-wise type-I
error rate of α = 0.05 [Bon36].

Qualitative Evaluation We collect qualitative feedback from participants in the form
of open questions after every task and summarily at the end of the session. Given the
120 participants, six task-related questions, and one summary question, 840 qualitative
comments are to be collected. These comments are then broken up further into individual
utterances. We analyze these utterances in inductive and deductive coding sessions [Chi97],
with three independent coders. In the first inductive coding session, each coder assigns
a single concept to each utterance. These are ultimately unified into a single set of
unique codes. In a second, deductive coding session, every coder assigns one of the thus
agreed-upon codes to each utterance. Coders also assign a positive or negative qualifier
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to every utterance. In a final discussion, each utterance’s coding is discussed until 100%
consensus is reached.

4.6 Results
In this section, we enumerate the quantitative and qualitative results collected on user
performance and experience.

4.6.1 Participants
In order to evaluate the impact of ego network representation on both graph analysis
task completion time and accuracy, as well as user experience, a large-scale, interactive
online user study was conducted on the user recruitment platform Prolific [noa14]. Each
participant was randomly assigned to one of the four representations, provided said
representation had not already received its total number of participants, guaranteeing a
balanced number of participants per representation. In total 120 participants, i.e., 30 per
representation, were recruited, of which 60 identified as “female”, 59 as “male”, and 1 as
“other”. Each participant was paid 10£per hour, slightly above Prolific’s recommended
hourly rate of 9£per hour. In terms of age, 38 participants were between the ages of
21− 25, 42 between 26− 30, 21 between 31− 35, 7 between 36− 40, 3 between 41− 45,
2 between 46− 50, and 6 older than 50. Given the academic bent of both the conducted
literature survey as well as the selected tasks, we opted to (insofar possible) target a
non-layperson participant group, i.e., people who had already completed or were in the
process of completing some form of higher education. As such, 8 participants were in
the process of completing their bachelor’s degree, 75 participants had completed their
bachelor’s degree, and 37 had completed their master’s degree. Finally, in terms of
self-described previous experience with graph visualizations and analysis, 34 participants
reported “no experience”, 36 “little experience”, 34 “some experience”, and 16 “good
experience”. When probed statistically using Wobbrock et al.’s previously discussed
ART-ANOVA [WFGH11], no significant association between the expertise of users and
their performance was found.

4.6.2 User Performance
Accuracy For each task, participants’ performance was measured using the number
of errors made, depending on the user’s answers and the particular task. Six answers
in total had to be manually removed, such as lists of nodes when the question only
asked for one, or long textual descriptions that did not actually provide an answer. The
calculated error rates are depicted in Figure 4.7. Here, of the six tasks analyzed, we found
the impact of ego network representation on performance to be statistically significant
for four of them, namely Tcommon, Tneighbors, Tedges, and Talters. For these statistically
significant tasks, representations were then compared pairwise. Here, for Tcommon, we
observe adjacency matrices (median( ) = 0.35) to produce statistically significantly
worse performance than both straight-line ( = 0.0) and radial node-link ( = 0.06)

131

https://www.prolific.com/


4. Think Globally, Act Locally: A Comparison of Ego Network Visualization
Approaches

representations. For Tneighbors, the adjacency matrix ( = 0.06) was also statistically
significantly less accurate compared to all other representations ( = = = 0.0). For
Tedges, participants using adjacency matrices ( = 0.7) were statistically significantly
less accurate than those using straight-line ( = 0.33) and layered node-link diagrams
( = 0.2). Finally, despite notable differences observable visually in Figure 4.7 for Talters,
the only statistically significant pairwise differences observed were between adjacency
matrices ( = 0.1) and layered node-link diagrams ( = 0.0).

Figure 4.7: Participants’ task error rates are visualized per task and represented as a
box-and-whisker plot. The center of each boxplot corresponds to the median, and its
lower and upper hinges to the first and third quartiles, i.e., the 25th and 75th percentiles,
respectively. Finally, the “whiskers” correspond to 1.5× IQR from the hinge, where IQR
denotes the inter-quartile range, i.e., the distance between the first and third quartiles.

Figure 4.8: Participants’ time taken per task is visualized per task and represented as a
box-and-whisker plot. The center of each boxplot corresponds to the median, and its
lower and upper hinges to the first and third quartiles, i.e., the 25th and 75th percentiles,
respectively. Finally, the “whiskers” correspond to 1.5× IQR from the hinge, where IQR
denotes the inter-quartile range, i.e., the distance between the first and third quartiles.
For added visual clarity, the y-axis scale was limited to a maximum of 15 minutes,
resulting in nine outlying data points not being visualized here.

Time Taken The time needed to complete the survey varied between participants. At
the extremes, the fastest participant completed the entire tutorial and survey in 9 minutes,
whereas the slowest took 90 minutes. Most participants, i.e., 50%, however, took between
20 and 35 minutes, with a median time taken of 25 minutes. More importantly, we also
track the time taken for each participant to complete each task, excluding instructions
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and training. Here, differences in time taken per task are fairly small Figure 4.8. The only
task for which the ego network representation proved to have a statistically significant
impact was TAlters. In the subsequently performed pairwise comparisons, only matrices
were statistically significantly slower than the layered node-link diagram.

4.6.3 User Experience
As discussed previously, at the end of the study, each participant was required to answer
five statements on a five-point Likert scale. The results can be seen in Figure 4.9. Here,
the effect of ego network representation was only found to be statistically significant
for two of these five statements, namely Slearn, i.e., the ease of learning a particular ego
network representation, and Suse, i.e., the ease of using an ego network representation. For
these two statements, the marginal means of each representation are pairwise compared.
For Slearn participants rated matrices statistically significantly lower than all three node-
link diagrammatic representations. For Suse, adjacency matrices were rated statistically
significantly lower than both layered and straight-line node-link diagrams. Please note
that, as Spleasing, Saccurately, and Slearn were not found to be statistically or substantively
significant, they will not be further discussed in the results.

Figure 4.9: 5-Point Likert Scale results visualized as a normalized stacked bar chart. Each
statement corresponds to a particular row, across the individual subplots corresponding
to the four archetypal ego network representations investigated. Likert scale answers are
color-coded, i.e., strongly disagree, disagree, neutral, agree, and strongly agree.

4.6.4 User Feedback
We collected user feedback per task and summarily after all tasks were completed,
resulting in a total of 840 comments, which were ultimately broken down into a total
of 1031 utterances. In the first inductive coding round, the three coders independently
identified 30, 75, and 73 separate concepts. These emergent concepts were subsequently
unified into 17 unique codes, and categorized into five broader classes, namely i) layout,
ii) task load, iii) interactivity, iv) comprehension, and v) graph tasks. In the subsequent
deductive coding step, the coders individually assigned one of the 17 agreed-upon codes
to each of the utterances, ignoring utterances that held no value or were incomprehensible.
Additionally, each utterance was also labeled as either positive or negative, denoted here
as (pos, –neg). Ultimately, in a final meeting, the three coders discussed their choices
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for each utterance until a consensus for every one of the 837 remaining utterances was
reached, the results of which are presented in Figure 4.10.

Layout, the largest class of codes with 299 total utterances, contains sentiments related
to the four visual embeddings, i.e., the use of “Color” for nodes and edges, the chosen
“Edge Weight Encoding”, node “Labels” and “Layers”, as well as the representations’
“Edge Placement” and “Node Placement”. “Colors” (105, −5) and “Edge Weight Encoding”
(56, −7) used in the graphs were regarded generally positive. “Node Placement” (7, −19),
“Edge Placement” (8, −47), and “Labels” (3, −5) were often mentioned in connection
with visual clutter. Representations using “Layers” to separate alter levels were often
mentioned in a positive manner (27, −1). Interestingly, the “Visual Appeal” of individual
representations was sparsely mentioned (8, −1).
Task Load was broken down into three codes derived from the well-known NASA TLX
questionnaire [HS88]. Notably, however, “Physical Demand”, “Effort”, and “Performance”
were omitted as utterances related to them could not be identified. In total, 215 utterances
related to task load were identified. The largest portion of these utterances describes
the “Cognitive Demand” that the participants perceived (104, −78) when performing
the six low-level graph tasks. The remaining comments in this category describe the
participants’ subjective “Time Demand” (3, −16), or general “Frustration” with the task
and representation (3, −11).
The Comprehension class consists of codes relating to the participants’ general experi-
ence in the study. In total, 126 utterances are mapped to this class. Several utterances
highlighted participants’ (lack of) “Understanding” as a result of the representation (47,
−50). Several participants lamented problems with the clarity of the “Instructions” (6,
−15), as well as the insufficiency of the “Training” (−8) that was provided.
The Graph Tasks class comprised codes referring to challenges with specific low-level
graph tasks, totaling a sum of 62 utterances. Several participants had problems with the
“Comparison” of two nodes’ adjacencies (6, −33), the “Localization” of specific nodes in
the graph drawing (−12), or the “Counting” of nodes and edges (5, −6).
Finally, the Interaction class was made up of solely a single code, namely the interactive
“Highlighting” of nodes and, in the case of the adjacency matrix, edges. In total, 135
utterances are mapped to this particular class. In general, comments were overwhelmingly
positive (124), with only a few comments left complaining about the implementation of
interaction (−11).

4.7 Discussion

In the following section, we discuss the quantitative and qualitative differences between
straight-line node-link diagrams ( ), radial node-link diagrams ( ), layered node-link
diagrams ( ), and adjacency matrices ( ) within the broader context of related literature.
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Figure 4.10: The number of negative and positive statements made by participants
relating to i) comprehension, labeled as “Comp.”, ii) nodes of interaction, labeled as “I.”,
iii) the layout, iv) participants’ perceived task load, and v) particular graph tasks, labeled
as “Tasks”, organized by each of the four ego network visualizations. Comment counts
by statement type are color-coded based on whether they are negative or positive.

4.7.1 The Layered Adjacency Matrix
As previously discussed, (conflicting) results of previous quantitative comparisons of
participants’ performance between adjacency matrices and node-link diagrams indicate
that i) observed differences are highly task-dependent, and ii) for many tasks, no clear
“winner” can be determined. Here, we discuss this study’s observed differences in
participant performance across the six tasks investigated. Additionally, we also discuss
the differences in understanding that participants exhibited between adjacency matrices
and node-link diagrams.

Adjacency and Location Tasks The tabular nature of adjacency matrices, i.e., its
linear arrangement of nodes and non-obscured display of edges, has been speculated
(and partially shown) to make certain tasks easier, namely the localizing of nodes, based
on identifier and degree, as well as the general estimation of a node’s degree and the
counting of edges, respectively [GFC04, GFC05]. It is subsequently surprising that our
results do not agree with the results of related work on adjacency matrices. Specifically,
for the overview (Tedges and Talters) and adjacency (Tdegree and Tneighbors) tasks, we
hypothesized that the tabular nature and layered grouping of alter-levels in the adjacency
matrix representations would be advantageous. Participants using layered adjacency
matrices either performed equivalently to those using node-link diagrams (Talters) or
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systematically statistically significantly worse (Tedges, Tdegree, and Tneighbors). These
quantitative results indicate that we are unable to produce the evidence necessary to
confirm (parts of) our performance-oriented hypotheses stated in H1.

Looking at the feedback provided by participants (see Figure 4.10), we note some
interesting differences that provide insights into these quantitative results. For example,
as hypothesized by Ghoniem et al. [GFC05] and categorized here under “Understanding”,
we noted several (11) participants explicitly voice their confusion when (double) counting
(intra/inter-layer) edges in the layered adjacency matrix representation during task
Tedges, possibly explaining the observed poor participant performance for this specific
task. Additionally, despite the differences in user performance (see Figure 4.7) across
tasks, it is interesting that participants were critical of all three node-link diagrammatic
representations, specifically their “Edge Placement” ( : −19, : −12, : −15), and to
a lesser extent “Node Placement” ( : −6, : −4, : −7). This was not the case for
the adjacency matrix, i.e., ( : −1) and ( : −2), respectively (Figure 4.10). This gives
credence to the notion that matrices are possibly preferable for larger and denser graphs
owing to the absence of edge and node occlusions [GFC05, OJK19, ABHR+13]. Similarly,
the adjacency matrix participants were also less critical of both node “Localization”
( : 0) and neighbor “Counting” ( : 0) tasks (Figure 4.10) compared to those using
node-link diagrams, i.e., ( : −3, : −4, : −5) and ( : −2, : −1, : −3)
respectively. This further highlights the previously theorized advantages of adjacency
matrices [GFC04, GFC05]. Nonetheless, at least for the chosen graph data, provided
training, and user group, these conceptual advantages of adjacency matrices were not
beneficial enough to positively impact participant performance for the overview and
adjacency tasks. A possible explanation, based on the self-reported user experience (see
Figure 4.9), could be the fact that adjacency matrices were statistically significantly
harder to learn and use, i.e., SLearn and SUse respectively, compared to their node-link
diagrammatic counterparts. This, coupled with the disproportionate number of comments
illustrating the poor “Understanding” of participants using adjacency matrices ( : −29),
compared to the three node-link diagrams ( : −4, : −10, : −6), indicates that
participants were not fully equipped to utilize adjacency matrices, despite their having
received equivalent training.

Pathfinding and Common Neighbors While the tabular nature of adjacency ma-
trices can make certain tasks conceptually simpler, it can also make others more difficult,
such as the investigated common neighbor (Tcommon) and accessibility (Tassociation) tasks.
In our study, in line with inconclusive related literature [MOB+12, KEC06, ABHR+13],
we demonstrate i) the statistical inferiority of adjacency matrices to straight-line and
radial node-link diagrams for Tcommon, and ii) the statistical inferiority of adjacency
matrices to layered node-link diagrams for Tassociation. This, in turn, provides partial
evidence for our hypotheses stated in H3.

Looking at the results of Tassociation more closely (see Figure 4.7), it is notable how
many participants, especially those using adjacency matrices, failed to select a 1-alter
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node, thereby incurring a maximal error. On the one hand, participants found adjacency
matrices statistically significantly more difficult to learn and use. On the other hand,
many participants positively and correctly described the representation’s “Edge Weight
Encoding” ( : 11) and its utility, thereby clearly demonstrating an understanding of the
task and representation. Perhaps these observations highlight the divide between those
participants demonstrating a good and bad “Understanding” of the representation, i.e.,
( : 15) and ( : −29), respectively. It is also possible that the “Cognitive Demand” ( :
−21) was high for the participants using adjacency matrices, especially for the complex
Tcommon task for which five adjacency matrix users explicitly voiced the high cognitive
demand.

User Experience Looking at user experience (see Figure 4.9), participants found
adjacency matrices both statistically significantly more difficult to learn (compared to all
three node-link diagrammatic representations) and use (compared to layered and straight-
line node-link diagrams). Looking at the provided user comments (see Figure 4.10), the
most striking difference between adjacency matrices and all three node-link diagrams
across all tasks investigated, is the many negative comments left regarding participant
“Understanding”, i.e., ( : −29) and ( : −4, : −10, : −6) respectively. Here, previous
comparisons of straight-line node-link diagrams and adjacency matrices have speculated
that differences in performance may be, at least partially, attributable to participants’
lack of a priori familiarity and experience with adjacency matrix representations of
graphs [CBDM17, BSC13]. Moreover, past studies have shown that extensive training
[NWHL20] as well as gaining familiarity over the course of a longer study [RMO+19]
positively impacted participant performance using adjacency matrices. In line with
these previous studies, participants using adjacency matrices did respond more critically
regarding the provided “Training” ( : −5) and “Instructions” ( : −11) compared to
those using the three node-link diagrams, i.e., ( : −1, : −1, : −1) and ( : 0, :
−1, : −3) respectively. This could indicate that longer and more in-depth pre-study
training could have assisted participants in better understanding the presented layered
adjacency matrix representation. This, in turn, could have assisted them in overcoming
the hypothesized a priori unfamiliarity with the representation, thereby allowing them
also to perform better.

4.7.2 Node-Link Diagrams
Here, given the previously enumerated quantitative and qualitative results, we discuss
the differences between the investigated node-link diagrams.

Task-based Performance In line with previous studies conducted comparing different
node-link diagram representations and layouts [MS15, HHE06], we observe a statistically
significant effect of network representation on user performance generally, namely for
Tcommon, Tneighbors, Tedges, and Talters, but ultimately cannot detect any statistically
significant differences between individual node-link diagrammatic representations. Addi-
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tionally, differences in the time taken per task proved to be fairly small. Specifically, for
the ego network representation, only one task had a significant impact on the time taken,
namely for Talters, and, again, no significant pairwise differences between the three node-
link diagrammatic representations could be found. Beyond statistical evaluations, visual
inspection of participant performance (see Figure 4.7) does not reveal any meaningful
trends in the differences between these three node-link representations either. Ultimately,
it would appear as though we must concur with past evaluations [MS15, HHE06], i.e.,
differences between different node-link diagrams are present, though very small and are
not statistically detectable. This also means we cannot find evidence for our hypotheses
of H2 and H3. Similarly, it is interesting how, for most categories (Figure 4.10), all
three node-link diagrams proved fairly comparable, with some particular exceptions to
be discussed below.

The Value of Structure Looking at participants’ comments across the six tasks
(Figure 4.10), it is notable how, for both the radial and layered representations, “Layers”
were mentioned exclusively positively, i.e., ( : 11) and ( : 9) respectively. This
indicates that the partitioning of nodes, in addition to their “Color”-coding ( : 25,
: 26, : 33), by alter-level was indeed helpful to participants. Relatedly, negative

comments regarding the three representations’ “Edge Placement” were slightly more
frequent for the straight-line node-link diagram ( : −19) than either the radial ( :
−12) or layered node-link diagram ( : −15), potentially further highlighting the utility
of a more structured representation. Here, we speculate that the more structured
and straightforward representation of the layered node-link diagram could explain the
difference in negative “Cognitive Demand” comments left ( : −10), compared to node-
link ( : −24) and radial ( : −23) representations.

User Experience Looking at differences in user experience, it is interesting that the
ego network representation only had a statistically significant impact on participants’
self-reported ease of use, Suse, and ease of learning, Slearn. However, for those two
statements, there were no statistically significant pairwise differences between node-
link diagrams, which, in turn, means that we are unable to provide evidence for our
hypothesis H4. Looking at the qualitative feedback provided by participants, we note
some interesting visual observations. As discussed previously, while participants were
positive regarding the use of “Color” across node-link representations, it is notable
how frequently participants commented positively about radial and layered node-link
diagrams’ “Layers”. Specifically, these comments often described how helpful these layers
were in distinguishing alter levels or inter- and intra-alter edges from each other. This
could explain the minor visual differences between layered and the other two node-link
diagrammatic representations across statements (see Figure 4.9). For Slearn, this could
indicate that layers assisted participants in understanding the fundamentally layered
structure of ego-networks. This, to a lesser extent, could also explain the visual differences
observed in Squickly and Saccuracy. At least for the data presented, these hypothesized
benefits did not translate to statistically significant differences in user experience.
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4.7.3 Interaction
While not directly related to the representations investigated, many participants left
positive comments on the “Interactive Highlighting” that each visual representation
featured, i.e., 124 in total. These comments were especially numerous across the three
node-link diagrammatic representations ( : 39, : 30, : 39) compared to the adjacency
matrix ( : 16), pointing out that certain tasks would have been much more difficult or
even impossible without such interaction.

We note several negative comments regarding user interaction, often regarding the
specific graph tasks, i.e., “Localization” (total = −12), “Counting” (total = −6), and
“Comparison” (total = −33). Again, such comments were more numerous for the three
node-link diagrammatic representations, with no single negative utterance across these
categories from users of the adjacency matrix. Participants often voiced their desire for
some form of automation to make such tasks less complex or arduous. They often wished
for certain features such as the ability to filter nodes and edges, a node-lookup feature, the
automatic counting of a node’s neighbors, or the ability to select and compare multiple
nodes at once. Coupled with some of the previously discussed difficulties participants
had answering certain questions and the subsequently increased “Cognitive Demand”
required, these results further point towards the need for meaningful interaction and
automated analysis tools in (seemingly especially in node-link diagrammatic) ego network
visualizations designed for application and production [WEF+14, YKSJ07, Fig15].

4.7.4 Validating Our Hypotheses
Based on previous work, particularly non-ego-network comparisons of adjacency matrices
and various node-link diagrams (Section 4.3.1), we formulated a series of hypotheses
regarding the performance and preferences of users (Section 4.5.3). However, we were
unable to find evidence for all posited hypotheses. Most notably, we expected adjacency
matrices to perform better than the three node-link diagrammatic representations for
all tasks (H1) but Tassociation and Tcommon (H3). We found our layered adjacency
matrices to perform (statistically significantly) worse across all six tasks (Section 4.7).
We posit that, in addition to the usual difficulties of learning and understanding adjacency
matrices (Section 4.7.1), the complexity introduced by an ego network’s alter layers
exacerbates these issues. While the layered structure of the implemented layered ego
network adjacency matrix should have made certain tasks easier, it was even more
complex to understand than conventional, non-ego-network adjacency matrices. Given
the limited work on centered/layered adjacency matrices, it is difficult to relate these
findings to previous work. However, in Bae et al.’s [BW11] comparison of centered
adjacency matrices, quilts, and node-link diagrams, adjacency matrices consistently
required more time from participants to complete the low-level graph tasks presented. As
also speculated by Bae et al. [BW11], this could indicate that certain tasks are indeed
harder to complete with a layered adjacency matrix than other embedding types. The
layered structure of ego networks appears to have been understood much better in both
radial and layered node-link diagrams. This indicates that more research in this direction
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is necessary to fully understand how an ego network’s layered structure can be most
effectively communicated in adjacency matrices, specifically, and what lessons can be
learned from node-link diagrams.

4.8 Limitations and Future Work
Using Additional Visual Channels In this study, in the interest of comparability
across the three node-link diagrammatic representations and (layered) adjacency matrix,
we have focused on one particular set of visual mappings implemented in D3.js (Section
4.4). Given its preattentive properties, we selected color as the visual variable to encode
alter levels, i.e., embedded node attributes [EMWR24], and (where possible) node position,
as well as edge weight using line segment opacity. However, several visual channels were
not utilized at all, such as node size, node shape, or edge thickness, which could have
additionally been utilized to further communicate topological properties. For example,
the alter/ego degree could have been communicated using node size. Alternatively, the
alter level could have been redundantly encoded in the nodes’ shapes. Here, in both the
interest of simplicity and comparability to adjacency matrices, such additional mappings
were not considered. As our design choices would have impacted a user’s interpretation of
the data and identification of patterns, we opted to keep these visual attributes constant
across all representations.

Future work, as well as application-driven implementations of the network representations
featured here, should make appropriate use of the visual channels to communicate as
effectively as possible the necessary topological information. For example, redundantly
encoding the alter level with node color and shape could allow for greater accessibil-
ity for color-blind users. Additionally, layout approaches outside of D3.js’ force-based
layout should be considered, such as Sugiyama-based algorithms [STT81] for layered
node-link diagrams, or frameworks akin to Circos [KSB+09] for radial node-link dia-
grams. We opted to utilize D3.js for all representations to ensure aesthetic and run-time
comparability across all representations. Future research endeavors and application-
driven implementations should consider and investigate further these alternative layout
approaches.

More Complex Data Given the hypothesized and shown poor scalability of node-
link diagrams (compared to adjacency matrices) [KPS14, EVRW23, GFC04, ASA+23,
ABHR+13] and the many negative comments left regarding node-link diagrams but
not adjacency matrices, it is interesting that i) participants using adjacency matrices
performed systematically worse and that ii) no statistical differences between node-
link diagrammatic representations could be detected. We speculate that the selected
network size and density may have played a role in this. Increased numbers of nodes and
edges could render straight-line node-link diagrams increasingly unreadable, complicating
counting, adjacency, and look-up tasks. On the other hand, the orderly arrangements
of nodes in radial and layered node-link diagrams, as well as adjacency matrices, could
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mitigate these effects. We, therefore, recommend that future works investigate the
differences in participant performance and experience, taking also into account graphs
of greater sizes and complexities with different selected egos in an even larger follow-up
user study.

Better Training Participants appear to have had less of an “Understanding” of
the representation and tasks when using adjacent matrices (Figure 4.10); an obser-
vation underscored by their systematically poor performance. It is worth asking to
what extent this observation is owed to the representation itself, the training and in-
structions participants received, or, as hypothesized in previously conducted studies
[CBDM17, BSC13, ABZD13, GFC05], participants’ a priori lack of familiarity with
adjacency matrices. Given previous studies highlighting the benefits of more extensive
training [RMO+19, NWHL20] as well as the participants’ negative comments on using
the adjacency matrices related to “Training” and “Instructions”, we wonder whether our
results would have painted a more favorable picture, had we employed longer and more
in-depth training. We argue that, despite participants’ poor performance using adjacency
matrices, the previously discussed conceptual advantages of adjacency matrices over
node-link diagrams still hold and are a direction worth pursuing. Future research efforts
should continue to investigate this representation as a potentially powerful alternative to
node-link diagrams. To make such adjacency representations more useful, it would be
interesting to thoroughly investigate the measurable effect of different types of training on
participant performance when using adjacency matrices. Such results would be invaluable
in guiding researchers and engineers alike in selecting their ego network representation
and choosing appropriate methods of training.

More Complex Graph Types In this chapter, we focus exclusively on an undirected,
weighted ego network. While the majority of the findings presented here should hold for
unweighted graphs as well, not all do. Most notably, the tie-breaking mechanism of the
layered adjacency matrix requires weights to determine the order of the ego network’s
nodes within each k-alter block (Section 4.4.4). Future work should certainly make an
effort to study the impact these visual representations could have on different types
of networks, which feature directed or unweighted edges, multiple node or edge types,
(hierarchical) group structures, or multivariate attributes that need to be displayed.

Furhter Testing While great care was taken in selecting a representative dataset
(Section 4.5.1), it must naturally be acknowledged that a single dataset cannot fully
capture the complexities of all possible ego networks. For example, one could have
selected multiple different egos to investigate within the investigated “Les Misérables”
dataset, resulting in different maximum values of k, different topologies, and subsequently
different network visualizations. Alternatively, multiple different datasets of different
node sizes |N | and edge numbers |E| could be investigated, each with its own set of ego,
k, and visualizations. However, within the context of the labor-intensive mixed methods
analysis conducted here, such larger-scale studies were beyond the capabilities of this
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first systematic look at different layout approaches to ego networks. Future work should
investigate such scenarios (perhaps purely quantitatively) to paint a fuller picture of
when these different visualizations are to be put to best use.

4.9 Conclusion
In this chapter, we compile a list of 50 ego network visualizations in order to identify the
most common approaches, i.e., straight-line, radial, and layered node-link diagrams, as
well as adjacency matrices. We then study these approaches’ quantitative and qualitative
impact across six different ego network-specific graph analysis tasks on user performance
and user experience in a large-scale, crowd-sourced user study of 120 participants on a
single, intermediate-sized, representative graph dataset. Our results indicate that:

1. Participants using adjacency matrices performed systematically worse than those
using node-link representations, despite the former’s conceptual advantages high-
lighted both in the literature and in the participants’ comments.

2. In line with previous studies, all three node-link diagrams performed very similarly
to each other, despite the many positive comments highlighting the conceptual
benefits of alter layers on both user performance and learning.

3. The representation had hardly any impact on the time participants needed to
complete the six tasks investigated.

4. There is a need for better training and appropriate instructions in order to overcome
participants’ lack of familiarity with adjacency matrix representations in particular.

Ultimately, unless an ego network’s user group is already familiar with or receives
extensive training on a particular representation, we recommend the use of a layered
node-link diagram, as these proved statistically comparable to other node-link diagrams
and superior to adjacency matrices in terms of both user performance and experience.
Notable differences in user experience and comments left by our study participants hint
at the value of the layered node-link diagram’s more structured and straightforward
representation of the ego, its alters, and their inter- and intra-alter relationships, compared
to radial and straight-line node-link diagrams.
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CHAPTER 5
Are You Sure? Node-Attribute

Uncertainty in Network
Visualization

Biological graphs are rarely purely topological in nature but can feature a variety of
multivariate attributes attached to nodes, edges, or both. These attributes can represent
different aspects of the data, such as gene expression levels in gene-gene interaction
networks or protein abundances in protein-protein interaction networks. Visualizing such
multivariate networks is challenging as interest simultaneously lies in both the network’s
topology as well as its attributes. Complicating matters even further, these attributes
may be uncertain, e.g., measurement errors, analysis errors, or irreducible uncertainty
inherent in the process. Here, it may be valuable to visualize these uncertainties alongside
the network’s multivariate attributes in order to enhance user decision-making, e.g.,
selecting a particular biological entity for experimental follow-up study. However, many
different visual channels for the visualization of these uncertainties present themselves,
each with conceptual advantages and disadvantages. One particular approach remains
relatively underexplored and controversial, despite its conceptual usefulness: animation.

Here, we investigate animation (in the form of node “wiggliness”) as a means of encoding
node attribute uncertainty, and compare this novel approach to a set of carefully selected
alternatives: node enclosure, node saturation, and node sharpness/fuzziness. The contents
of this chapter are based on the full paper “Wiggle! Wiggle! Wiggle! Visualizing
Uncertainty in Node Attributes in Straight-Line Node-Link Diagrams Using Animated
Wiggliness” [EPdB+25a], published in the journal Computer & Graphics, with myself as
first author, in collaboration with Daniel Pahr, Sara di Bartolomeo, Velitchko Filipov,
Hsiang-Yun Wu, and Renata Raidou.
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5.1 Overview
Uncertainty is common to most types of data, from meteorology to the biomedical
sciences. Here, we are particularly interested in the visualization of uncertainty within
the context of multivariate graphs, specifically the visualization of uncertainty attached
to node attributes. Many visual channels offer themselves up for the visualization of
node attributes and their uncertainty. One channel, however, that has remained under-
explored, and has actually been criticized in the past, is animation, despite its conceptual
advantages. In this chapter, we thus investigate node “wiggliness”, i.e., uncertainty-
dependent pseudo-random motion of nodes, as a potential new visual channel with which
to communicate node attribute uncertainty. In order to study wiggliness’ effectiveness,
we compare it with three other visual channels identified from a thorough review of
uncertainty visualization literature — namely node enclosure, node fuzziness, and node
color saturation. We compare these four uncertainty encodings in a larger-scale, mixed-
method, Prolific-crowd-sourced, online user study of 160 participants. In this study, we
quantitatively and qualitatively compare these four uncertainty encodings across eight
low-level graph analysis tasks that probe participants’ abilities to parse the presented
networks both on an attribute and topological level. We ultimately conclude that all
four uncertainty encodings appear comparably useful—as opposed to previous findings.
Wiggliness may be a suitable and effective visual channel with which to communicate
node attribute uncertainty, at least for the kinds of data and tasks considered in our
study.

5.2 Introduction
Uncertainty is common to most types of data and can affect the visualization pipeline at
any stage, from data acquisition, through data transformation, to rendering [PWL97].
Effective visual communication of uncertainty in data is essential for a user’s accurate
interpretation and informed decision-making [PKH20, CCP07]. While common in some
fields, such as meteorology [CHL13], climatology [HVCM17], and biomedical sciences
[HMT+17], the visualization of uncertainty remains underutilized across many other
fields [Hul20], such as network visualization.

In this work, we thus focus on the field of network visualization, in which uncertainty is
often discussed, but rarely visualized [CGH+24]. Uncertainty in network visualization can
take many different forms, such as geometrical (embedding) uncertainty [YC17], topologi-
cal (edge and node) uncertainty [SNG+17], edge attribute [SSSE16, SS18] uncertainty, or
node attribute uncertainty [VHK+12]. We are particularly interested in the visualization
of node attribute uncertainty, as it remains understudied despite node attributes being
(the most) commonly included in many multivariate networks [NMSL19].

For the visualization of node attributes and their uncertainty, several visual channels
present themselves, as outlined by Conroy et al. [CGH+24] and summarized in Figure
5.1. The actual effectiveness of these visual channels’ abilities to draw user attention to
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(a) (b) (c) (d) (e) (f) (g) (h) (i)

Figure 5.1: Various visual channels with which to communicate node attributes, and
uncertainty more specifically, according to Conroy et al. [CGH+24]. Nine possible
channels are identified, namely a) node size, b) node color hue, c) node shape, d)
saturation, e) node sharpness or fuzziness, f) node texture, g) node enclosure, h) node
gradient, and i) node splatting.

areas of uncertainty remains unexplored [CGH+24]. In this work, we highlight an often-
overlooked uncertainty visualization method—animation—which remains uncommon
even beyond network visualization [CGH+24]. We additionally compare it against other
visual channels in terms of effectiveness.

We argue that animation holds significant potential for uncertainty visualization. While
not universally applicable, common guidelines suggest emphasizing regions of high un-
certainty [BHJ+14, CGH+24]. Movement effectively draws attention without increasing
cognitive load [BWC01], and animation may help explain complex concepts like uncer-
tainty while engaging users [TLLS20]. It also “frees up” other visual channels, which
may already be in use for representing different data dimensions. While animation
has been criticized in dynamic network contexts for being too complex for accurate
interpretation [TMB02], such concerns may be less relevant for uncertainty visualization,
where conveying relative rather than exact values is often sufficient [CCP07].

We hypothesize that animation, while controversial, could be highly effective at visualizing
uncertainty in node attributes and warrants further investigation. In contexts where
uncertainty is critical, animation could be a valuable alternative to existing visual
channels, as it could draw strong attention to regions of high uncertainty. However,
whether animation can form an effective alternative to commonly employed visual
encodings, both in terms of user preference and performance, remains largely unexplored.
Similarly, the relative utility of standard uncertainty encodings in network visualization
is still not well understood [CGH+24]. This work investigates the impact of different
visual channels for uncertainty visualization on both user experience and performance.

In this chapter, inspired by previous biomedical work [LLPY07, Bro04, BTM+19], we
thus present a novel approach to visualizing uncertainty in networks’ node attributes
using “wiggliness” (W ), i.e., animated pseudo-random motion. To compare this novel
network uncertainty visualization approach to meaningful alternatives, we perform
a thorough survey of uncertainty visualization literature. This corpus of literature
is then categorized by application domain and uncertainty visualization approach to
better understand the current landscape of the field (outside of the context of network
visualization). From the thus identified approaches, we select three representative and
effective uncertainty visualization techniques that can be applied to network visualization
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[CGH+24]: saturation ( S ), enclosure ( E ), and fuzziness ( F ). To determine whether
wiggliness holds value as an uncertainty visualization technique, we then conduct a
large-scale, online, crowd-sourced user study in which we probe user performance and
preference both quantitatively and qualitatively in a mixed-method setup.

In summary, we introduce animated node "wiggliness", a novel technique with which
to represent attribute uncertainty in node-link visualizations, and compare it to enclo-
sure, fuzziness, and saturation. A user study of 160 participants shows that all four
methods offer comparable performance and perceived learnability, intuitiveness, and
understandability.

5.3 Related Work
5.3.1 Visualizing Uncertainty in Networks
While uncertainty visualization has received notable attention in fields such as biomedi-
cal or meteorological visualization, the same cannot be said for network visualization
[CGH+24]. Here, we outline what has been done in regard to uncertainty visualization in
networks, specifically uncertainty in graph layouts, uncertainty in edges, and uncertainty
in nodes.

Uncertain Layouts Unless nodes have some intrinsic 2D/3D positional information,
the network’s embedding is merely a function of the selected automatic layout algorithm.
There is, thus, ambiguity in these layouts, depending on which layout algorithm is chosen
or what hyperparameters are chosen for a specific layout algorithm. To address this
ambiguity, Yan and Cui [YC17] opted to visualize the resulting embeddings side-by-side
as an ensemble in order to allow users to investigate differences in the produced clustering
of nodes. Similarly, Wang et al. [WSA+16] also visualize multiple such produced layouts,
but instead of visualizing them side-by-side, they visualized them overlayed atop each
other.

Uncertain Edges Beyond the entire layout being uncertain, a graph’s edges may
have uncertainty attached to them and their weights. For an application-driven example
hereof, Vehlow et al. [VHK+12], within the context of biochemical reaction network
analysis, visualized the uncertainty in an edge using color saturation, i.e., the more certain
an edge, the more saturated it is. Within the context of flow diagram visualization,
Vosough et al. [VKKG17, VKKG19] investigated multiple different encodings of edge
uncertainty, i.e., color saturation, edge gradient (fuzziness), and color hue. With the
results of their conducted user study in hand, the authors ultimately conclude that color
saturation works best for their purposes. More abstractly, some have also investigated
different approaches to edge uncertainty visualization outside of any particular application
domain. Here, Schwank et al. [SS18, SSSE16] investigated four possible edge encodings,
namely edge dashes, waves, stripes, and blurring. They ultimately concluded that
dashed edges communicated uncertainty most effectively. Finally, Guo et al. [GHL15]
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investigated multiple pairs of visual encodings to communicate edge uncertainty, i.e.,
lightness+saturation, fuzziness+saturation, lightness+width, and fuzziness+width.

Uncertain Nodes and Node Attributes Finally, and least common, a network’s
nodes and their attributes may also be uncertain. Cesario et al.’s [CPS11] opted to encode
the (un)certainty in a network’s node attributes using the nodes’ positions in 2D space.
Returning to Vehlow et al.’s [VHK+12] biochemical reaction visualization, uncertainty
in nodes’ attribute uncertainty is visualized using color saturation; the more saturated,
the more certain. Lastly, within the context of lattices, Collins et al. [CCP07] visualized
node uncertainty using transparency, border fuzziness, and position. Animation has,
to the best of our knowledge, never been used to visually communicate node or edge
attribute uncertainty.

5.3.2 Animation
Within the context of medical visualization, animation has been used for a variety of
reasons, such as viewpoint selection, camera path planning, and focus+context visualiza-
tions [PM20b]. Here, we aim to highlight the work done using animation for the purposes
of uncertainty and network visualization.

Uncertainty Visualization Using Animation Examples of animation to visually
communicate uncertainty (relevant to our own proposed approach) include i) Blenkin-
sop et al.’s [BFBW00] random animations to communicate the results of fuzzy satellite
classification data, ii) Lundstrom et al.’s [LLPY07] probabilistic animation for medical
volume visualization , iii) Brown et al.’s [Bro04] animated oscillation between two states
to indicate uncertainty between them, iv) Akiba et al.’s [AWM10] animated transfer
functions in medical volume visualization, iv) Kale et al.’s [KNKH19] animated Hypo-
thetical Outcome Plots, Ma et al.’s [MCC+20] dynamic visualization of uncertainty in
medical features of interest, or Hermosilla et al.’s [HBVV12] visualization of uncertainty
visualization of brain fibers.

Animation and Network Visualization While an example of animation for un-
certainty visualization in network visualization can be found [ZQL+18], the majority of
applications of animation center around dynamic, i.e., time-dependent, network visual-
ization [MMB05]. Very simply, such approaches map the time dimension of a network
to time, i.e., animation frames [BBDW14]. Many examples of animated dynamic net-
work visualization approaches exist, all of which aim to preserve a user’s mental map
between time steps while still highlighting changes between steps meaningfully, as seen
in GraphAEL [FKN+05, EHK+04] or Visione [BS08]. As a complete discussion of such
animated dynamic graph visualization approaches is beyond the scope of this chapter,
we refer the interested reader to Beck et al.’s review of the topic [BBDW14]. How-
ever, while animation has found frequent use, empirical comparisons of animated with
static/non-animated visualizations do not always paint a favorable picture of animation.
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For example, Robertson et al. [RFF+08] and Archambault et al. [APP11] both found (for
certain tasks) small multiples to outperform animations in their evaluations. Similarly,
Farrugia et al. [FQ11] found static visualizations to generally outperform animation.
However, these evaluations are seldom clear-cut. For example, Saraiya et al. [SLN05]
found animation to outperform interactive timeline visualizations, at least when the
number of time points was few. Boyandin et al. [BBL12] showed that animation led to
more findings on adjacent time steps than small multiples. Finally, animation has also
been shown to be useful for highly specific tasks, such as highlighting short transitions,
detecting small changes in large data, and highlighting nodes [WB05]. In general,
the question of whether animation is beneficial to users in dynamic (and subsequently
uncertain) network visualizations is, in our estimation, still far from settled.

5.4 Study
In this study, we aim to quantitatively and qualitatively evaluate the effect of node
attributes’ uncertainty representation on user performance, user experience, and the
overall “value” of the visualization. In order to ensure sufficient statistical power and
qualitative feedback, we conduct a large-scale, between-subjects, online, crowd-sourced
study. A between-subjects study design was chosen to ensure the study would take no
longer than 30 minutes. Based on our prior experience with such online studies, this
is the upper limit for online crowd-sourced studies, as longer studies negatively impact
participant concentration, user performance, and the quality of qualitative comments
received. Note that participants were required to complete the survey on a desktop or
laptop computer with a display resolution of at least 1080p.

First, we quantitatively evaluate the impact of four selected node attribute uncertainty
representations on user performance. Specifically, we study the accuracy with which
participants are able to answer a series of low-level graph analysis tasks and the time
necessary to do so. Second, we also quantitatively evaluate the impact of these rep-
resentations on user experience. Each participant is required to answer five questions
regarding their experience on a 7-Point Likert scale at the end of the study, probing each
participant’s i) perceived accuracy and efficiency, ii) the ease with which participants
used and learned the uncertainty representation, and iii) the aesthetic appeal of the visu-
alization. Finally, to go beyond a purely quantitative evaluation, we enrich said analysis
with an additional qualitative analysis. To do so, after each completed task, participants
were presented with optional feedback regarding the uncertainty visualization, as well as
required feedback summarily at the end of the study.

In this section, we outline and motivate i) the selection of uncertainty representations,
ii) the study’s research questions, iii) the data utilized for the study, iv) the selection of
low-level graph analysis tasks we investigate, and v) the mixed-methods analysis of the
produced data. The implementation, as well as our classification of the collected papers,
has been made available on the Open Science Framework1.

1https://osf.io/e8927/?view_only=6295953d19ef439a8e9c11d5469f9310
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5.4.1 Uncertainty Visualizations
In this section, we describe how we selected and implemented our four uncertainty
visualization channels: saturation ( S ), fuzziness ( F ), enclosure ( E ), and wiggliness (W ).

Design Rationale

Limited work has been done on uncertainty visualization in networks (Section 5.3.1).
Thus, to select popular, representative, and effective visual channels for comparison, we
characterize the landscape of uncertainty visualization outside of the context of networks.
To use as representative a sample of papers as possible, we collected all references from
Jena et al. [JED+20], who compiled a total of 286 papers from two previously published
surveys [Pot13, HQC+19] and through their own systematic search of the literature.
We excluded papers that were not focused on visualization specifically (e.g., theoretical
discussions of uncertainty), or not relevant to our survey of literature (e.g., review papers),
resulting in a total of 191 papers. These papers were manually categorized by their
application domain as well as their chosen visual encoding of uncertainty. We drew
upon Jena et al.’s [JED+20] already existing categorization of application domains, and
supplemented our own categories where needed. For our categorization of chosen visual
encodings, we drew upon work by Weiskopf [Wei22], as it encapsulates many previously
published taxonomies [PWL97, GS06, PRJ12, MRO+12, BHJ+14, PKH20, KDJ+21].
Here, Weiskopf categorizes visual approaches into three broad categories: Hybrids
and Systems, Display of Distribution, Summary Statistics. Because Weiskopf’s
taxonomy is non-exhaustive, we, where necessary, added visual encodings from previous
work, e.g., Padilla et al. [PKH20], yielding a total of 31 unique approaches to uncertainty
visualization. Figure 5.2 shows the results of the categorization, as well as the total
number of papers that featured each visual encoding. The categorization of these papers
5.2 has been made available through the Open Science Framework.

Some of these encodings have been argued to map more naturally and intuitively to
uncertainty than others [PKH20], such as fuzziness/fogginess [RLBS03, MRH+05], out-of-
focus blur [JOK95], transparency [GR04], location [MRO+12], color saturation [Hen03],
sketchiness [BBIF12], and noise textures [HM96]. Some of these visualization approaches
(e.g., positional blur [MHBG16] or value-suppressing color-palettes [CMH18]) literally
obfuscate the value in question: the more uncertain it is, the harder to read it becomes.
In our selection of visual encodings, we aim to use those that map the most naturally to
uncertainty.

Here, not all of the identified 31 approaches to uncertainty visualization (Figure 5.2)
are (straightforwardly) applicable to the visualization of node attribute uncertainty. We,
therefore, applied our findings to the nine methods identified by Conroy et al. [CGH+24]
(Figure 5.1) and settled on three intuitive and popular visualization approaches to compare
to animated wiggliness (W ): i) saturation ( S ), ii) fuzziness ( F ), and iii) enclosure ( E ).
In summary, these three uncertainty encodings were selected as they are i) applicable
to node attribute uncertainty visualization [CGH+24], ii) commonly utilized outside of
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Figure 5.2: Categorization of collected uncertainty visualization papers, visualized as a
dot plot. The number of papers that mapped to a particular combination of application
domain and visual encoding is visualized as a dot, whose surface area encodes the number
of papers. Our classification of application domains was, where available, based on the
work of Jena et al. [JED+20]. Our classification of visual encodings is based on the
taxonomy of Weiskopf [Wei22]: All possible visual encodings fall within one of three
categories, namely Hybrids and Systems, Display of Distribution, and Summary
Statistics. Each of these categories is further broken down into subcategories, which
in turn encapsulate individual visual encodings. Rows, i.e., application domains, are
sorted in descending order of the number of papers that mapped to said application
domain. Within each subcategory facet, columns, i.e., visual encodings, are also sorted
in descending order of the number of papers that mapped to said visual encoding. The
total number of papers that mapped to a particular visual encoding across application
domains is visualized in the corresponding bar in the bar chart atop the dot plot. Papers
could map to multiple application domains and visual encodings.
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the context of network visualization (Figure 5.2), and iii) deemed intuitive or effective
in the context of uncertainty visualization [PKH20]. Their selection ensures a fair and
meaningful comparison, focusing on the most compelling alternatives currently available.

Selected Approaches

In this section, we discuss the four selected approaches to uncertainty visualization that
we use in this study. Additional (dis)advantages as discussed in the literature are further
elaborated in Section 5.6.1.

Saturation ( S ) With 24 occurrences across 14 different application domains (Figure
5.2), such as medical volume visualization [Kni08] and spatial data analysis [LCBD11],
saturation is one of the most commonly utilized Summary Statistics approaches to
uncertainty visualization. Relatedly, brightness, sometimes called “lightness”, is also
frequently employed, with 28 occurrences across 10 application domains. Saturation is
implemented through either a continuous [ZA11, GHL15, HMT+17] or ordinal [PHR+15,
GBFM16, VKKG17] color scale, respectively indicating continuous or discretized levels
of (un)certainty. Compared empirically to encodings within and outside of the context of
uncertainty visualization, saturation i) shows potential as an effective encoding [GHL15,
PHR+15, Mun14, GF09], ii) is liked by users [SL14], and iii) deemed easily understandable
[BBIF12]. We opt for a continuous saturation color scale, which denotes entities of low
uncertainty with low saturation, and entities of high uncertainty with high saturation
(Figure 5.3a) [SZB+09, BVPtHR09].

Fuzziness ( F ) With 25 papers across 13 different application domains (Figure 5.2),
such as volume rendering [FM12], flow diagrams [VKKG17] and lattice graphs [CCP07],
fuzziness is also a widespread Summary Statistics approach to uncertainty visualization.
In empirical and qualitative comparisons of fuzziness against other visual encodings of
uncertainty, fuzziness is generally recommended [PHR+15, TTvE14, GBFM16], described
as intuitive and easily associated with uncertainty [BBIF12], and explicitly shown to
be superior to other encodings in certain settings [CG14, GES+22]. As described by
Bonneau et al. [BHJ+14], increased fuzziness intuitively communicates lower confidence,
i.e., higher uncertainty. Here, we thus map increasing levels of uncertainty to increasing
levels of fuzziness (Figure 5.3b).

151



5. Are You Sure? Node-Attribute Uncertainty in Network Visualization

(a) Saturation

(b) Fuzziness

Less�Uncertain More�Uncertain(c) Enclosure

(d) Wiggliness

Less�Uncertain More�Uncertain

Figure 5.3: Illustrative examples of a) saturation, b) fuzziness, c) enclosure, and d)
wiggliness encoding uncertainty in a synthetic network of size |V | = 9 and |E| = 11. Note
that, for illustration purposes, all nodes share the same degree of uncertainty for their
attributes.
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Enclosure ( E ) Node enclosure describes the style of the line border enclosing the
surface of the (circular) node (Figure 5.1g). Here, we define node enclosure as the
thickness of this enclosing border. More specifically, akin to various types of generalized
box and interval plots (Figure 5.2), we map uncertainty to this thickness: the more
uncertain a node’s attribute, the thicker its border, in the same way, that an interval
or boxplot becomes wider/larger for less certain data. Such (generalized) interval and
box plots (Summary Statistics) also form a very popular approach to uncertainty
visualization outside of the context of networks (Figure 5.3c), with 76 papers across 16
application domains mapping to the category as whole, and, more specifically, box plots,
interval plots, and generalized box plots featured in 13, 33, and 30 papers, respectively.
These types of range plots have found application/study across domains [BKC+12],
such as information visualization [RRT99], (non-expert) communications [GOHS15], and
meteorology and climatology [SZD+10].

Wiggliness (W ) Finally, animation, with only 12 occurrences across 7 application
domains (Figure 5.2), remains one of the least popular Display of Distribution visual
encodings for uncertainty visualization. As discussed previously (Section 5.3.2), animation
has found some use, particularly in the visualization of time-dependent phenomena
in medical [PM20b] and spatial data [ESG97] visualization. Even in the context of
uncertainty visualization, animation has found some, if limited, use, both within the
context of network visualization [ZAH22] and outside of it [KNKH19]. Here, inspired
specifically by promising previous works on random [BFBW00], procedural [LLPY07],
and looping [Bro04] animation, we propose wiggliness as a new channel for uncertainty
visualization in networks. Intuitively, wiggliness maps uncertainty to animated motion:
the less certain the attribute of a node, the more that node moves randomly in (2D)
space, drawing user attention to it (Figure 5.3d). Wiggliness visually conveys uncertainty
by adding dynamic motion to uncertain nodes, conceptually making it easier for users to
detect regions of high uncertainty at a glance. This approach leverages the human ability
to notice movement, thereby minimizing cognitive effort while maximizing awareness
of uncertainty. More specifically, each node v ∈ V is initially located at some layout-
algorithm-derived mid-point pv = (xv, yv). Per frame, this node is allowed to move
randomly around said mid-point to some new position p′

v = (x′
v, y

′
v), as a function of its

uncertainty-defined radius r; the greater the uncertainty, the greater the radius. This
then requires the redrawing of both the node v as well as all edges connected to it,
i.e., {{v, w} : ∀w ∈ V,w ̸= v} ∩ E. Prior testing showed that sampling x′

v and y′
v from

uniform random distributions (independent of previous node locations) resulted in the
clearest form of wiggliness. In contrast, position-dependent sampling (e.g., Gaussian noise
or random walks) introduced apparent spatial patterns, which misleadingly suggested
structure in the uncertainty. We also found that animating at 20 frames per second
(fps) offered a smooth visual experience and consistent performance across systems. The
combination of a uniform random node movement at 20 fps most effectively conveyed
random, structureless uncertainty through visual jitter.
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Implementation

All four uncertainty representations and network visualizations were implemented in
D3.js [BOH11]. More specifically, all graphs were laid out using D3.js’ particle-based
force-directed simulation algorithm, as it produced consistently visually appealing results
very quickly. All four representations were implemented monochromatically. All four
representations did not feature any interactivity, in order to ensure we were only studying
the effects of the uncertainty visualization, instead of inadvertently their interactions
with certain modes of user interactivity [LLPY07]. Moreover, interaction has been noted
to increase the cognitive demand on users, especially non-expert ones [SR05, SBL93].
Again, as we wish to avoid such cognitive load differences, or, more precisely, avoid their
effect on our results, we implement static visualization in this study. Examples of the
produced network visualizations, as they were presented to user study participants, can
be found in Figure 3 of the supplement.

5.4.2 Research Questions
Here, based on both previous research (see Section 5.3) as well as our own expectations,
we formulate two research questions to be answered both quantitatively and qualitatively.

Q1: Differences in Performance Which low-level graph analytical tasks are best
supported by which uncertainty visualization? As pointed out by Conroy et al. [CGH+24],
little work has been done to compare different uncertainty visualization strategies in
networks. It is hence difficult to a priori hypothesize how the four selected uncertainty
visualization strategies will fare in terms of user performance. Moreover, studies comparing
animated solutions to uncertainty visualization to static approaches are also rare (Section
5.3.2). We thus ask ourselves which uncertainty visualization approach will prove most
effective for certain low-level graph analysis tasks.

Q2: Differences in Preferences Which representation is preferred by users? It has
been argued that certain visual channels, such as fuzziness, transparency, or location,
map more intuitively to uncertainty than others [PKH20, BHJ+14]. Here, while all four
uncertainty visualization approaches were selected for their intuitiveness, we ask ourselves
which representation will be preferred by users.

5.4.3 Data
In the following section, we briefly describe the graph data used in our study. Specifically,
we discuss the process of generating graph topologies, node attributes, and node attribute
uncertainties.

Topology Similar to past comparative graph studies [EPF+24], we perform our
user study using real graph topologies instead of simulated ones to avoid the non-
representativeness often associated with simulated graphs [BC19]. As we aim to investi-
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gate eight topology and attribute-based tasks (see Section 5.4.5), a selected graph must
have multiple realizations, i.e., one per task, to curb any learning effect across tasks.
Additionally, to investigate the effect of the number of vertices on user performance and
experience, we aim to investigate two sets of graphs: one small and one medium in size
[YAD+18]. We select two sets of animal social networks of (roughly) two different sizes
and densities, both collected from the Network Repository [RN15] that fulfill the selection
criteria stated above.

First, we investigate a set of raccoon proximity networks. Each node represents a
particular raccoon, and each undirected, weighted edge represents the number of times
two raccoons were close to each other over the course of a day [MCK13]. This dataset
consists originally of 52 networks, each representing one day of a 52-day experiment.
From these 52 graphs, eight were selected for their overall similarity (in terms of their
number of edges and nodes), i.e., one per graph task. The number of vertices of the
thus selected eight graphs ranges from 21 ≤ |V | ≤ 23 and the number of edges from
50 ≤ |E| ≤ 82, resulting in densities [KKPEP20] ranging from 0.198 ≤ d ≤ 0.355 (Figure
5.4a).

Second, we investigate a set of ant interaction networks. Each node represents an ant
of a particular colony, and each undirected, weighted edge is the number of mandible-
to-mandible contacts between two ants over the course of a day [Que15]. This dataset
consists of 8 graphs, each representing one day of an eight-day experiment. The number
of vertices ranges from 24 ≤ |V | ≤ 31 and the number of edges from 30 ≤ |E| ≤ 52,
resulting in densities [KKPEP20] ranging from 0.073 ≤ d ≤ 0.137 (Figure 5.4a).

Node Attributes In our study setup, each node is to have one attribute attached to it:
a single positive, continuous variable. Such a variable could, in a real dataset, represent a
person’s height in a social network or a gene’s expression level in a gene-gene interaction
network. In this study, however, this quantity is a purely abstract and theoretical one
in order to avoid familiarizing users with a real dataset. Thus, for each node, we draw
a single value, y, from a standard half-normal distribution (i.e., y ∼ |N(µ, σ2)|, where
mean µ = 0 and standard deviation σ2 = 1) (Figure 5.4c). To visually communicate the
node attribute’s magnitude to the user, it is mapped to each node’s surface area, i.e., the
larger the node’s attribute’s magnitude, the larger its surface area.

Node Attribute Uncertainty For each such drawn attribute magnitude, we must
now simulate an uncertainty around its value. In a real-world dataset, such uncertainties
could represent anything from measurement error to inherent variation in the data [GS06].
Here, it is, again, a purely abstract measure to avoid confusing users with a real dataset.
Thus, for each node, we simulate a single positive value, s, between zero and one using
a random uniform distribution, i.e., s ∼ U(a, b), where bound a = 0 and bound b = 1
(Figure 5.4d). While a uniform distribution may not necessarily be representative of
real-world uncertainties, it does ensure a sufficient amount of variation in uncertainty
within each dataset to make each task sufficiently challenging and sufficiently different.
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(a) Data Dimensions (b) Node Degrees

(c) Simulated Node Attribute Magnitude (d) Simulated Node Attribute Uncertainty

Figure 5.4: Chosen/Simulated graph datasets’ properties, specifically their a) number of
nodes and density, b) nodes’ degrees, c) half-normally simulated node attribute magnitude,
and d) uniform-randomly simulated node attribute uncertainty. Data properties are
color-coded depending on the dataset, i.e., raccoons and ants.

5.4.4 Training
To prepare participants for the study, we employ pre-study training. Following the
terminology laid out by Nobre et al. [NWHL20], we make use of Passive Training, i.e.,
text-based tutorials. Specifically, in these tutorials, we i) lay out how to read straight-
line node-link diagrammatic network visualizations, and ii) define node attributes and
their uncertainty, as well as iii) how these attributes and their uncertainties are visually
represented to the user.

5.4.5 Study Procedure
In this section, we outline the various aspects of user performance and experience that
were measured.

User Performance and Tasks Following the taxonomy of Lam et al. [LBI+11], we
aim to evaluate user performance, i.e., study the speed and accuracy with which users are
able to answer a series of low-level graph analysis tasks using a particular node attribute
uncertainty visualization. Ultimately, we aim to quantitatively compare these speeds and
accuracies between the four previously discussed uncertainty encodings (Section 5.4.1):
The faster and more accurately participants are able to answer tasks with a particular
visual encoding, the more “readable” that particular encoding is [GFC04, GFC05] A
key challenge lies in the selection of appropriate tasks for participants to complete. We
investigate eight tasks in total, four attribute tasks relating to attribute magnitude and
their uncertainty, and four tasks relating to the topology of the provided graphs.
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First, we aim to investigate the user’s ability to visually identify and locate nodes of
extreme uncertainty and attribute magnitude. Following the taxonomy of Lee
et al. [LPP+06b], we investigate four “Attribute Tasks” “On the Nodes”. Following the
taxonomy of Amar et al. [AES05], we are particularly interested in tasking users with
“Finding Extrema” in the data. Specifically, we aim to investigate four key tasks, namely

Amax Locate the node with the largest attribute magnitude.
Amin Locate the node with the smallest attribute magnitude.
Umax Locate the node whose attribute is the most uncertain.
Umin Locate the node whose attribute is the least uncertain.

As we anticipate nodes of greater attribute magnitude to be more readable than those
of smaller magnitude, owing to their greater surface area, we deliberately control the
assignment of attribute magnitude to attribute uncertainty. Additionally, we also antici-
pate the identification of particular nodes with higher attribute uncertainties to be more
difficult, as these will be blurrier or wigglier. To control for these anticipated differences,
a participant (for a particular uncertainty visualization approach) is assigned to either
a “large” or “small” study run. In a “large” study run, the answers to Amax and Amin
are those nodes with the largest attribute uncertainty. Similarly, for Umax and Umin, the
answers are those nodes with the largest attribute magnitude. Conversely, in a “small”
run, the answers to Amax/Amin and Umax/Umin are the nodes with the smallest attribute
uncertainty and node attributes, respectively. In this way, all possible combinations of
small and large attribute magnitudes and attribute uncertainties are controlled for and
investigated.

Beyond communicating attribute uncertainty, an effective uncertainty encoding should
not interfere with a user’s ability to make sense of a graph’s topology. Hence, second,
we investigate the user’s ability to visually parse the topology of the presented
graph for a given uncertainty visualization encoding. Specifically, following the topology
of Lee et al. [LPP+06b], we investigate two “Overview” and two “Topology” tasks:

Onodes Estimate the number of nodes in the graph.
Oedges Estimate the number of edges in the graph.
Tmax Identify the node with the most neighbors in the graph.
Tmin Identify the node with the fewest neighbors in the graph.

The answers to the previously discussed “Attribute-based Tasks” should have no bearing
on users’ abilities to make sense of the graph’s topology. Thus, for each task Onodes,
Oedges, Tmax, and Tmin, users are randomly assigned on of the previously discussed “large”
or “small” study runs. For the exact phrasing of these questions, i.e., as they were
presented to users, please refer to Table 4 in the supplement.
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User Experience Following Lam et al.’s [LBI+11] seven scenarios, we also aim to
investigate user experience, i.e., perceived effectiveness and preferences. To do so, at the
end of the study, users are presented with five statements to be answered on a 7-point
Likert Scale:

Slearn The uncertainty visualization was easy to learn.
Suse The uncertainty visualization was easy to use.
Spleas. The uncertainty visualization was aesthetically pleasing.
Squick The uncertainty visualization allowed me to answer questions

quickly.
Sacc. The uncertainty visualization allowed me to answer questions

accurately.

Participants were presented with exactly these statements.

Qualitative Feedback Finally, we investigate user performance and experience qualita-
tively to understand why we observe certain quantitative trends. After each task (Section
5.4.5), users were able to optionally explain how the assigned uncertainty visualization
either assisted or hindered them in answering the task. At the end of the study, users
provide two points of feedback either in favor or against the uncertainty visualization,
explaining how it either assisted or hindered them.

5.4.6 Analysis
Quantitative Evaluation For each task, we record the participant’s answer as well as
the time taken to submit said answer. Based on the thus collected answers, the accuracy
can be calculated for each task. For example, for task Amax, the accuracy is defined
as the submitted answer’s attribute magnitude divided by the actual (ground truth’s)
attribute magnitude. Alternatively, for task Tmin, the accuracy is defined as the ground
truth node’s degree divided by the submitted node’s degree.

Here, as assumptions of normality could neither be made nor (as will be discussed in
Section 5.5) validated when probed with Shapiro-Wilk tests, we cannot make use of
a conventional ANOVA for our statistical analysis. Instead, we turn to Wobbrock et
al.’s non-parametric aligned rank-transformed ANOVA for our analysis [WFGH11]. The
overall statistical impact of the uncertainty visualization approach on the time taken per
task, task accuracy, and user experience is then assessed using an omnibus F -test. If
significant, said F -test is followed by a series of pairwise comparisons of all uncertainty
visualizations’ estimated marginal means [EKHW21]. All tests were performed with a
standard a priori Bonferroni-adjusted family-wise type-I error rate of α = 0.05 [Bon36].

Qualitative Evaluation For each participant, we collect up to nine pieces of qualitative
feedback, i.e., comments. These collected comments are then broken up into individual
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utterances. Note that some comments may also consist of only a single utterance. These
utterances are then analyzed initially individually and then jointly by three coders in
iterative coding sessions [Chi97]. During the first individual coding session, each coder
assigns a single code to each utterance as well as a positive or negative qualifier. These
individual utterances and qualifiers are iteratively unified across coders until all coders
reach 100% consensus.

5.5 Results

Here, we describe the quantitative and qualitative results obtained from the previously
described user study.

5.5.1 Participants

In order to study the quantitative and qualitative effects of uncertainty encoding on
user performance and experience, we conducted a large-scale, online user study. More
specifically, we recruited 160 paid participants using the Prolific platform [noa14]: 20 per
representation and dataset, i.e., 40 per uncertainty encoding total. Each participant was
paid 11£per hour for about 15− 20 minutes of work. Of the 160 recruited participants,
83 self-identified as “male”, 77 as “female”. The average participant’s age was 33. The
youngest recruit was 18 years old, and the eldest was 72 years old. In terms of the highest
completed academic degree, 38 had completed high school, 76 had obtained a Bachelor’s
degree, 44 had finished a Master’s program, and 3 had completed a PhD. Finally, 29
participants report “No Experience” with networks or graphs, 44 “Little Experience”, 43
“Some Experience”, 37 “Good Experience”, and 8 “Extensive Experience”. When probed
statistically, no significant association between experience level and task accuracy or time
could be established.

5.5.2 User Performance

For each of the eight investigated tasks (Section 5.4.5), each participant’s time as well as
task accuracy was recorded, as visualized in 5.6 and 5.5, respectively. When statistically
probed (Section 5.4.6), no statistically significant effects of uncertainty representation on
either time or task accuracy could be detected.

5.5.3 User Experience

As discussed previously (Section 5.4.5), participants were required to answer five questions
regarding their experience on a 7-point Likert scale. When probed statistically (Section
5.4.6), no statistically significant effect of uncertainty representation on user experience
could be detected. The reader is directed to Figure 5.7 for more details.
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Figure 5.5: Participants’ task accuracies visualized per task and per uncertainty encoding,
represented as a box-and-whisker plot. The box’s center represents the values’ median, and
its hinges the first and third quartiles. The whiskers represent 1.5 times the interquartile
range.

5.5.4 User Feedback

As described previously (Section 5.4.5), we collected qualitative user feedback per task
(optional) and summarily at the end of the study (mandatory). In total, 726 comments
were collected from the 160 participants throughout the study. These comments were
then broken down further into 893 utterances. During the first round of inductive coding,
the three coders individually came up with 35, 99, and 27 different codes for the identified
893 utterances. These codes were discussed and unified until coders agreed upon 15
unique codes, grouped in 4 broader categories, namely layout, effort, engagement, and
usability (Figure 5.8). During said discussion, utterances of no or little value were also
removed (majority vote), leaving a total of 512 utterances. In the final deductive coding
step, each coder assigned one of the 15 agreed-upon codes to each of the remaining 512
utterances. Moreover, each utterance was also labeled as either positive or negative
(−negative, +positive). During a final meeting, the three coders discussed each of their
deductively coded utterances until, for each of the remaining utterances, consensus was
achieved. The results of this coding are presented in Figure 5.8.

160



5.5. Results

Figure 5.6: Participants’ task time taken visualized per task and per uncertainty encoding,
represented as a box-and-whisker plot, in which the box’s center represents the values’
median and its hinges the first and third quartiles. The whiskers represent 1.5 times the
interquartile range.

Figure 5.7: 7-point Likert scale results per question and per uncertainty encoding,
visualized as a box-and-whisker plot, in which the box’s center represents the values’
median and its hinges the first and third quartiles. The whiskers represent 1.5 times the
interquartile range.
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Layout Layout (38 utterances) describes how negatively or positively the topological
properties were perceived by users. This consists of the node placement (−11, +1)
and edge placement (−25, +1). Examples hereof included comments such as “[The
visualization] hindered me just because there were a lot [of nodes]” or “[Edges] all look
the same and sometimes almost overlap, I wasn’t able to accurately count them”.

Effort Effort (69 utterances) describes how much effort a participant had to invest to
answer questions using the presented uncertainty encoding. This includes the cognitive
load (−47, +11), the temporal effort (−2, +5) required, and the physical effort (−4,
+0) needed, e.g., “[...] Negative: one has to give a maximum concentration to avoid
mistakes.”, “[...] it [took] time to find the correct answer”, and, “[...] Negative: Some
parts were straining on the eyes.” respectively.

Engagement Engagement, the smallest category with only 35 utterances, describes
utterances relating to active participation, commitment, or involvement. This comprises
how intellectually engaging (−0, +13) and affectively engaging (−0, +9) it was, as well
as how aesthetically pleasing (−1, +12) the uncertainty encoding was. Examples include,
respectively, “It was a very stimulating study [...]”, “I really enjoyed this! [...]”, and “I
found the uncertainty visualization aesthetically pleasing [...]”.

Usability Finally, usability, the largest category with 214 utterances total, contains
utterances related to how usable a particular uncertainty encoding is. This includes
how confident (−26, +2) users were in their given answers, e.g., “[the visualization]
enabled me to provide accurate answers [...]”. It also included how easy or difficult users
found comparing (−35, +8) different attribute levels or certainty, e.g., “it was difficult to
compare the [enclosure’s] thicknesses”. Additionally, usability included how intuitive (−4,
+8) the uncertainty encoding was, e.g., “[...] Having never seen this before it was easy to
pick up”. Moreover, it included how understandable (−18, +9) the encoding was, e.g.,
“[The visualization led to] confusion or misinterpretation.”. Penultimately, it included
how readable (−23, +45) the encoding was, e.g., “The uncertainty visualization effectively
communicated the uncertainty levels, making it easy to identify nodes with high or low
certainty.”. Finally, it also included how easy or difficult it was to gain an overview (−2,
+16) of the data, e.g., “[...] it was easy to access the information with a quick look.”.

5.6 Discussion
In this section, we discuss the results, both quantitative and qualitative, of our crowd-
sourced user study.

5.6.1 Quantitative Results
Surprisingly, the four investigated uncertainty encodings (Section 5.4.1) fared equivalently
in terms of their produced user performance (Section 5.5.2). Indeed, no statistically
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Figure 5.8: The number of negative and positive statements made by participants
relating to i) effort, ii) engagement, iii) layout, and iv) usability (rows) for each of the
four representations (columns). Comment counts by statement type are color-coded
based on whether they are negative or positive.

significant effects of uncertainty encoding on either time taken or task accuracy, and
subsequently no statistically notable pairwise differences, could be detected. These
findings are corroborated by a visual inspection of the results (Figures 5.5 and 5.6).
These results are interesting, as past investigations and evaluations have been rather
critical of animation of a visual channel, especially within the context of uncertainty
visualization. One possible explanation is that noted limitations, not only of animation,
but also of saturation and fuzziness, ultimately balance each other out. Here, we
briefly discuss the discussed disadvantages of these techniques in the literature in order
to explain our observed results.

Limitations of Fuzziness First, fuzziness makes precise quantification difficult both
from a mapping and cognitive perspective, i.e., the exact level of uncertainty may not be
clear [GR04, CR00]. This is corroborated by utterances left by participants regarding the
comparability of levels of uncertainty, e.g., “There is not enough contrast to be accurate
[when comparing relative levels of uncertainty.” or “[...] nodes can confuse you [as they
look] same”. Second, fuzziness does not always work well in conjunction with other visual
variables, e.g., shape or transparency: While intuitively communicating the presence
of uncertainty, fuzziness may interfere with other visual channels and obfuscate their
meaning and mapping [BKC+12]. Indeed, one participant explicitly mentioned that “It’s
hard to tell apart the same uncertain level of attribute when [attribute] values are very
much different”, highlighting the negative interaction between the uncertainty’s fuzziness
and the attribute level’s node size. Finally, small differences may be hard to visualize
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and detect by users of the visualization [GR04]. In line herewith, it would indeed appear
as though detecting the least uncertain, i.e., the least fuzzy, node (Umin) proved difficult
for participants (Figure 5.5), though this particular task proved difficult across all four
uncertainty encodings.

Limitations of Saturation First, human perception of brightness/saturation is not
linear, i.e., small changes are not perceived equally along the spectrum, which can lead
to misinterpretation of uncertainty [War21]. Moreover, the number of meaningfully
distinguishable levels of brightness/saturation is relatively small and thus not advisable
for larger ranges [War21]. Looking at the quantitative results of our study (Figure 5.5),
it is noticeable how, for all four visual encodings, participants struggled to identify
the least uncertain node (Umin). For saturation specifically, this could be explained
by this aforementioned non-linear perception as well as the poor distinguishability of
different levels. Indeed, it is striking how many utterances were left lamenting the poor
comparability of different saturation levels, e.g., “Minor differences in [saturation are]
not be visible to the naked eye” or “[...] it was hard to identify the saturation of some
shades when it came to the nodes with least certainty [...]”. Third, brightness/saturation
may also be easily confused with other variables, such as intensity, and may also interfere
with chosen (background) colors [War21], though we noted no results, either quantitative
or qualitative, in this regard. Fourth, brightness/saturation, when combined with other
visual channels may be overwhelming to the user, i.e., it does not necessarily match
well with other encodings [War21]. Again, looking at the aforementioned numbers of
utterances left regarding comparability, it is interesting that a number of them complained
specifically about this effect, e.g., “[...] bigger nodes may appear more saturated than
smaller nodes of the same saturation.” or “The more saturated, the larger the appearance.”.

Limitations of Animation First, animation has been argued to increase the cognitive
load a user experiences, especially when multiple moving elements are present, i.e., as is
the case with wiggliness [LLPY07]. With multiple nodes all wiggling simultaneously, a
user could have had trouble comparing uncertainty levels across/between them. Looking
at the qualitatively coded utterances left by participants (Figure 5.8), wiggliness proved
to not be any more cognitively challenging than any of the other uncertainty encodings,
though some participants did explicitly mention the added effort required, e.g., “[...]
Excessive wiggliness can become visually distracting or overwhelming, especially in dense
or complex networks [...]”. Second, similar to fuzziness, the mapping of uncertainty to
wiggliness may make quantifying exact levels of uncertainty difficult [LLPY07]. Here,
in line herewith, it is interesting to note that a number of participants did indeed
leave comments such as “There wasn’t much of a difference in wiggliness between a
few nodes, so it was hard to determine which was moving the most”. Third, animation
is fundamentally limited by its temporal resolution with regard to a user’s cognitive
limits. If the speed of the animation does not match a user’s viewing speed or attention,
the user may miss critical details [HR07, TMB02]. However, we could not identify
any particular qualitatively coded utterances that would support a claim for additional
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temporal demand. Fourth, motion and animation, more generally, are strongly associated
with changes over time. This may cause some confusion in users with such preconceived
associations [HR07, TMB02], though we did not observe any comments corroborating
this claim. Finally, animation has been found to induce visual fatigue over time, which
may negatively impact the accuracy and speed with which users are able to navigate
and parse the visualization [LLPY07]. While one participant did explicitly describe the
experience of working with wiggliness as “[...] straining on the eyes.”, we were unable to
identify any additional cognitive demand, physical effect, or cognitive load.

5.6.2 Qualitative Commentary
Here, we enumerate several interesting observations regarding the qualitative feedback
received from users. Where possible, we use these qualitative results to inform or explain
our observed quantitative results.

Learnability and Intuitivity A key question underlying any (novel) uncertainty
encoding is how easily it is to comprehend and whether it is truthful to the data it should
actually represent. Here, we look to users’ responses regarding an encoding’s learnability
and intuitivity. Interestingly, wiggliness was viewed exclusively positively in terms of its
learnability (W : +3) and intuitivity (W : +4), described by two participants as “[...] easy
to figure out” or “[...] easy [to] interpret”. Comments left regarding enclosure, fuzziness,
and enclosure, on the other hand, were not always positive regarding their learnability
( E : [−1, +5], S : −2, F : [−1, +6]) and intuivity ( E : −3, S : [−1, +1], F : +3). Given
these small differences, however, we argue that the four uncertainty representations are
ultimately comparable in terms of both their learnability and intuitivity. Unless the
target user group is strongly familiar with a particular representation of uncertainty, we
argue that animated wiggliness could form an equally learnable/intuitive representation
as conventional alternatives, at least for the kinds of data and tasks presented here, i.e.,
relatively simple, low-level tasks [LPP+06b] applied to small to intermediate-sized graphs
[YAD+18]. It remains to be seen whether wiggliness (and animation more generally) is a
suitable representation of uncertainty for more complex datasets and tasks.

Understanding and Readability Related to intuitivity and learnability, understand-
ing and readability describe how well participants were able to utilize the presented
uncertainty encoding. Regarding understanding, the four representations are fairly com-
parable ( E : [−3, +1], F : [−4, +6], S : −7, W : [−4, +2]). However, when looking at
readability, we note that those using wiggliness were more critical (W : [−11, +12]) than
those using the other three encodings ( E : [−6, +13], F : [−3, +9], S : [−3, +11]). Com-
ments left regarding wiggliness’ poorer readability included “certain movements/wobbles
can create an optical illusion almost [...]” or “[...] the visualization did not clearly show
the uncertainty or variability in the data [...]” However, for the smaller to medium-sized
graphs presented here, this difference in perceived readability had no impact on users’
quantitative results (Figure 5.5). However, it is worth asking whether, with larger and
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denser graphs, wiggliness could lead to a statistically notable decrease in either user per-
formance or experience. We argue that this is broady in line with the work of Lundström
et al. [LLPY07] who concluded that “animation methods [were an] effective approach for
uncertainty visualization”. We thus argue that experimental follow-up work is needed to
study the impact of wiggliness on user understanding and performance for more complex
datasets and tasks.

Overview Overview describes how easily a participant was able to quickly navigate the
visualization in order to identify core aspects of the data. Here, we note that wiggliness (W :
+7) was noted exclusively positively and more often than the other uncertainty encodings
investigated ( E : [−2, +5], F : +2, S : +2). Comments left by users of wiggliness noted
the ease with which they were able to quickly identify regions of high and low uncertainty,
e.g., “[...] at a quick glance large differences in uncertainty can be easy and obvious
to spot due to differences in wiggling [...]” or “[...] The movement draws attention to
uncertain nodes, helping prioritize focus during analysis.”. Such utterances are in line
with the speculation of Ehlschlager et al. [ESG97], who posited that audiences may find
animation useful for “quick qualitative impressions of the magnitude of uncertainty”. As
noted previously, (smaller) differences were more difficult to detect using wiggliness. This
could point towards wiggliness being useful for big-picture, qualitative impressions of
uncertainty instead of fine-grained comparisons of smaller differences, i.e., allowing users
to quickly identify (groups of) nodes with high or low uncertainty.

Confidence and Comparability Confidence and Comparability describe the degree to
which study participants were sure of their answers, particularly when comparing nodes’
attribute levels and attribute uncertainties. In general, users expressed low confidence in
their given answers across uncertainty encodings ( E : [−9, +1], F : −4, S : −9, W : [−4,
+1]). Across representations, participants also expressed difficulty in comparing attribute
levels and uncertainties ( E : [−11, +2], F : −5, S : [−11, +4], W : [−8, +2]). This
low confidence and difficulties in comparing node attribute levels and uncertainty may
explain the generally poor results of participants for identifying the smallest attribute
node (Amin) and the least certain node (Umin) (Figure 5.5). As visual representations of
uncertainty often aim to communicate relative levels of uncertainty [CCP07], these poor
results are somewhat disconcerting. The visualization shown to users was static, limiting
the ease of comparison. An interactive system, e.g., with hover or click-based details,
could aid comparison of uncertainty levels and boost user confidence.

Effort As observed by Lundström et al. [LLPY07], animation (for the purposes of
uncertainty animation) caused more visual fatigue owing to the “movement and flickering
of the image”. However, when looking at the number of comments left by users regarding
the cognitive load, wiggliness (W : [−11, +1]) fared equivalently to the other three
representations ( E : [−13, +3], F : [−8, +2], S : [−15, +5]). Regarding wiggliness’
cognitive load, one participant did write that “[wiggliness was an] information overload.”,
while another commented that “There was a lot going on to focus on which can make
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decision making difficult [...]”. Interestingly, negatively coded utterances regarding the
cognitive load for the other three uncertainty encodings were less specific, describing their
experiences generally as “hard”, “tough”, or “difficult”. We also noted no meaningful
differences in the perceived physical effect ( E : −1, F : −0, S : −1, W : −2). However,
one participant, in line with Lundström et al.’s [LLPY07] observations, did explicitly
mention that wiggliness proved to be “[...] straining on the eyes.”. Here, we speculate,
based on other qualitatively coded utterances, that participants (unfamiliar with network
visualizations) were already overwhelmed by the complexity of the graph’s topology
(discussed next), meaning the uncertainty encoding itself did not add any notable
additional cognitive load or physical effort. Here, it is worth asking whether a larger and
more complex network, with more complex patterns of node attribute uncertainty, could
have revealed differences in the effort required as well as the physical effect on users. A
graph of hundreds of nodes, each wiggling at different rates, could indeed prove taxing to
parse visually.

Topology Utterances related to node placement and edge placement described the ease
or difficulty with which users were able to parse the topology of the presented graph.
Comments were mostly negative across all four representations, for both node ( E : −9,
S : [−2, +1]) and edge placement( E : −8, F : −5, S : [−7, +1], W : −5). Interestingly,
enclosure was the only uncertainty encoding with many negative comments relating
to node placement. However, making sense of the edges in the drawing was generally
regarded as challenging, i.e., negative. In the case of wiggliness specifically, one participant
expressed the difficulty they experienced given the constant movement of the edges. In
the case of fuzziness, one participant remarked that the fuzzy border made it difficult to
determine whether an edge was or was not incident to a particular node. A denser graph,
i.e., a graph with more edges, and subsequently more edge movement per frame, would
probably make parsing the graph’s topology even more challenging. It is thus worth
asking whether, in the context of topological analyses of networks, animated wiggliness
would be best suited for either smaller graphs or subgraph views only.

5.7 Limitations and Future Work
Alternative Encodings In this chapter, based on the findings of our literature
survey (Section 5.4.1), we focused explicitly on three non-animated visual encodings of
uncertainty: saturation ( S ), enclosure ( E ), and fuzziness ( F ) However, as made clear in
Figure 5.2, many other possible (static) representations of uncertainty present themselves,
such as color hue, direct text labels, or opacity. It is hence important to note that our
evaluation of wiggliness is by no means exhaustive. Follow-up studies should additionally
investigate and compare such visual channels in order to more completely gauge the
effectiveness of these representations for uncertainty visualization in networks.

Interactions between Encodings In this chapter, we focused on the visualization of
one node attribute and its attached uncertainty in isolation. However, in real (domain-
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specific) applications, a visualization may need to visually map not simply one but
multiple node attributes to various visual channels. Additionally, each of these attributes
may bring with it its own uncertainty. Alternatively, a single attribute may have multiple
(types of) uncertainties attached to it. In such cases, the interaction between these
selected visual channels becomes important. For example, the use of node fuzziness may
make understanding node shape difficult. Alternatively, the use of node brightness may
complicate a user’s understanding of node color. Future investigations of node attribute
uncertainty visualization should include such interactions for the sake of completeness.
Here, it is worth asking whether and how wiggliness interacts with other common visual
channels.

Investigating Cognitive Task Load In this chapter, we made an effort to thoroughly
investigate both user performance and experience from a quantitative and qualitative per-
spective. However, one aspect that has not been explicitly investigated was the cognitive
task load of these individual uncertainty visualizations. According to past studies, though
not our own qualitative results, animated wiggliness should have conceptually resulted in a
greater cognitive load compared to static representations. Future work should investigate
the effect of representation on (cognitive) task load using, for example, NASA’s TLX
[HS88], to better understand when and how to use them. Additionally, future work could
combine task-based user studies with eye-tracking in order to understand where a user
focuses their attention.

Task and Data Complexity In this chapter, we deliberately focused on simple,
low-level graph analysis tasks and small, abstract networks to evaluate the baseline
effectiveness of wiggliness as an uncertainty encoding. While our results suggest that
wiggliness can be a conceptually useful approach in these controlled settings, future work
must explore its applicability under greater complexity—both in task demands and data
scale. For example, domain-specific tasks such as identifying the most certain paths
or clusters may reveal different strengths or limitations of wiggliness. Likewise, larger
and denser graphs introduce new challenges: as visual complexity increases, wiggliness
may either become imperceptible or introduce excessive node occlusion due to increased
spatial demands. Understanding how uncertainty visualizations scale with data and task
complexity is essential to their broader adoption in real-world applications.

5.8 Conclusion
In this paper, we studied the impact of animated wiggliness for node attribute uncertainty
visualization on user performance and experience in a mixed methods setup in a large-
scale, crowd-sourced user study of 160 participants. Despite animation’s infrequent use
and recommendation in literature, we find animated wiggliness to perform equivalently to
saturation, enclosure, and fuzziness. Interestingly, when investigating qualitative feedback
received from participants, we find that, at least for the comparably simple datasets
and tasks presented here, wiggliness is as learnable, intuitive, and understandable as
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all other investigated representations. We do, however, note several comments by users
that hint at wiggliness’ possible shortcomings, such as inducing visual fatigue and being
poorly readable in certain situations. These shortcomings may limit wiggliness’ utility
for larger and more complex graphs and tasks. Nonetheless, the results of this study
point towards the potential utility of wiggliness for uncertainty visualization in networks.
In future work, we aim to investigate the efficacy of animated wiggliness in larger and
denser networks in order to evaluate the approach’s scalability and utility in practice.
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CHAPTER 6
Beyond the Individual: The
Current State of Compound

Graph Visualization

In multivariate biological networks, node attributes frequently take the form of group
structures. In addition to topological relationships, nodes share group-level relationships.
Examples of such group structures may include so-called “Single Nucleotide Polymor-
phisms” (or SNPs) that fall within genes, or genes and metabolites that fall within
metabolic pathways. The key challenge here lies in clearly communicating group-level
associations and relationships, such as inclusions, exclusions, and intersections, while also
effectively visualizing topological relationships.

In order to characterize the current state-of-the-art we conduct a thorough survey of
the literature, consisting of both newly collected papers as well as papers collected by
past reviews, and categorize them within a newly developed taxonomy which explicitly
differentiates between i) the visual relationship between graph topology and group struc-
ture, and ii) the visual encoding chosen for the group structure. With the results of
this survey, we hope to locate notable gaps, also relevant to the domain of biological
network visualization, ultimately to assist the development of novel (application-driven)
techniques. The contents of this chapter are based on the position paper “Visualizing
Group Structure in Compound Graphs: the Current State, Lessons Learned, and Out-
standing Opportunities” [EMWR24], published in the conference proceedings of the 2024
VISIGRAPP conference, with myself as first author, in collaboration with Diana Marin,
Hsiang-Yun Wu, and Renata G. Raidou.
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6.1 Overview
Compound graphs are common across domains, from social science to biochemical
pathway studies, and their visualization is important to both their exploration and
analysis. However, effectively visualizing a compound graph’s topology and group
structure requires careful consideration, as evident by the many different approaches to
this particular problem. To better understand the current advancements in compound
graph visualization, we have consolidated and streamlined the existing surveys’ taxonomies.
More specifically, we aim to disentangle the visual relationship between graph topology
and group structure from the visual encoding used to visualize its group structure in
order to identify interesting gaps in the literature. In so doing, we are able to enumerate
a number of lessons learned and gain a better understanding of the outstanding research
opportunities and practical implications across domains.

6.2 Introduction
Compound graph data, their visualization, and analysis are common across many different
fields: from social networks [FAM+11], to biochemical pathways [PLS+13], to business
analytics [AB08] and transportation logistics [MAU15]. In social network analysis, for
example, researchers are interested in understanding a person’s role across social groups.
Here, compound graphs can be used to model individuals as nodes and their relationships
as edges, as well as their place in various types of groups, such as circles of friends,
roles within a workplace, or associations with organizations. For another example, in
the context of biological pathways, domain experts are interested in understanding the
mechanistic relationships between individual genes and groups of genes and metabolites,
in order to understand the biochemical underpinnings of disease or cell function. No
matter their application area, compound graphs are a useful framework for probing and
understanding networks whose nodes also share group-level relationships.

However, compound graphs are challenging to visualize, as researchers are interested in
understanding such graphs on both a topological and a group level for increasingly large
datasets. Thus, any visualization of compound graphs must tackle the challenge born of
trying to balance the visual communication of both entity topology and group structure.
Various visualization approaches and systems have been put forth in the literature, each
tackling this challenge differently: Some forgo interactivity in the interest of scalability
[DDPA15], others aim to combine the two using summarization or linked views [DS13],
while others yet build upon domain-specific visual conventions to better serve a particular
user group [LSKS10].
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While existing reviews have taxonomically summarized these various visualization ap-
proaches for compound [VBW15], multivariate [NMSL19], multilayered [MGM+19], and
dynamic [BBDW14] graphs, we note that none had classified compound graph visual-
ization strategies along the more abstract axes of general (comparative) visualization
[KCK17]. We argue that doing so allows for a more general understanding of literature
gaps and the identification of new, interesting research opportunities.

In this chapter, we identify and discuss lessons learned and novel research opportunities
within the context of group structure visualization in compound graphs. To better
understand the current state-of-the-art, we draw upon existing taxonomies developed
in recent surveys, namely i) Vehlow et al.’s [VBW15], Beck et al.’s [BBDW14],Nobre et
al.’s [NMSL19], and McGee et al.’s [MGM+19] reports on (particular types of) compound
graphs, ii) Alsallakh et al.’s [AMA+16] survey on set-typed data, and finally iii) in order
to position compound graph visualization within a comparison-oriented framework, Kim
et al.’s [KCK17] report on comparative strategies. These reviews were selected as, based
on their impact on the field, we believe them to be authoritative and representative.
These state-of-the-art reports and their taxonomies share notable overlap, and all shed
light on various facets of the group structure visualization challenge in compound graphs.
We argue, however, that none, by themselves, provide a complete view of the current
opportunities. Instead of providing a meta-review, here, we consolidate and extend
these taxonomies to provide a comprehensive overview of the topic. This is to aid us
in identifying both major lessons learned from past research in the field as well as open
challenges across compound graph visualization domains not yet discussed by these
aforementioned reports.

Specifically, we identify three core axes along which to categorize literature, namely

1. the visual relationship between group and topological information, inspired by Kim
et al. [KCK17],

2. the visual encoding chosen for the graph’s group structure, inspired by Alsallakh et
al. [AMA+16],

3. the kind of group-level relationships admitted by the approach in question, as
investigated by Vehlow et al. [VBW15].

We collect 167 references, partially based on the bibliographies of existing reviews, and
place them within our taxonomy. Based on our findings, we identify gaps in the literature,
outstanding challenges, and lessons that can be useful for domain researchers. We also
identify several novel research opportunities.

6.3 Related Work
6.3.1 Compound Graph Visualization
Dynamic Graphs Dynamic graphs describe the evolution of entities and their rela-
tionships over time. Beck et al. [BBDW14] survey and taxonomically classify current
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approaches to the visualization of such graphs. They identify three families of approaches,
namely i) animation, i.e., the mapping of time to time, as seen in the work of Ma et
al. [MKF+15], ii) timelines, i.e., the mapping of time to space, exemplified by Ma-
trixFlow [PS12], and iii) hybrid approaches that combine the two, such as Small Multiples
[BHRD+15]. While these families of approaches can indeed be utilized for general com-
pound graph visualization, their work naturally does not discuss this in much detail.
Nonetheless, they identify a large set of relevant techniques, approaches, and applications
of dynamic graph visualization, and a number of their findings are mirrored in more
general surveys [VBW15, MGM+19].

Multilayer Graphs Multilayer networks are a general framework describing various
group-level relationships of both edges and nodes [KAB+14]. McGee et al. [MGM+19]
survey the state-of-the-art of visualizing such networks. They classify papers collected
based on the visualization method: i) 1D representations, e.g., circular [BSH13] or axis-
based [KBJM12] approaches, ii) 2, 2.5, and 3D node-link diagrams which often use color
[AMA07b] or linked views [RMM15] to communicate group structure, iii) matrix-based
visualizations, such as Termite [CMH12] or MuxVis [DDPA15], iv) hybrid approaches,
such as the matrix/node-link diagram NodeTrix [HFM07], and v) summary approaches,
such as Graph Thumbnails [YDK+18].

Multivariate Graphs Multivariate graphs are collections of nodes and edges with
additional data attached to them, such as group-level associations. Here, Nobre et
al. [NMSL19] classify existing multivariate graph techniques along their view-, layout-,
data-operations, and layouts. While they do not specifically address the visualization
of group-level information, a number of their taxonomy categories are mirrored by
other surveys discussed here. Most notably, they discuss three types of view operations:
juxtaposed, integrated, and overloaded. Nonetheless, their recent publication contains a
number of papers featured in other state-of-the-art reports that are worth classifying in
our own taxonomy.

Compound Graphs Finally, Vehlow et al. [VBW15] survey approaches to the visual
communication of the group structure of compound graphs. They ultimately identify
four meta-categories to describe different approaches with which to visualize such group
structures, namely i) visual node attributes, i.e., the encoding of group structure in the form
of glyphs or color in the compound graph’s embedding, exemplified by TopicPanorama
[WLL+16] and NetworkAnalyst [XGH15], respectively, ii) juxtaposition, i.e., the separate
visualizing group structure in either a linked view or attached to the graph’s embedding,
as seen in the works of Burch et al. [BSW13] and Zhou et al. [ZXQ15], respectively, iii)
superimposition, i.e., the overlaying of group structure atop the graph’s embedding using
regions or lines, such as Kelp Diagrams [DvKSW12] and LineSets [PF15], respectively,
iv) embedding, i.e., the drawing of a separate graph with which to communicate group
structure relations, using, for example, hypernode summarization [CDA+14] or hybrid
graph embeddings [HFM07, ADM+19].
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Summary All four of these categorizations, while useful, are complementary to each
other, and all, to some extent or another, conflate i) the visual relationship between
topological and group-level information, i.e., how a graph’s group structure is visualized
relative to the topology’s visualization, and ii) the group structure’s chosen visual encoding,
i.e., how a graph’s group structure, not its topology, is visually represented. Subsequently,
we aim to build upon, unify, and extend them to produce a novel perspective on the
current state of compound graph visualization.

6.3.2 Visualizing Group Structure

Alsallakh et al. [AMA+16] study different strategies for visualizing group-level information
for sets and their elements. While this taxonomy was not developed with compound
graphs in mind, there is notable overlap with, and opportunities for extending, the
aforementioned compound graph visualization taxonomies (Section 6.3.1). They identify
six types of visualization strategies with which to encode group structure, namely i)
Euler/Venn diagrams that represent each set as a closed curve and intersections as the
overlap between them, ii) Overlays, which, given some embedding of each element as
a point in 2D (or 3D) space, overlay set-membership using (colored) glyphs, lines, or
region overlays, iii) node-link diagrams that represent each set and element as a node
and draw bipartite edges between them to communicate set-element-membership, iv)
matrices which place either elements and sets along rows and columns to communicate
identity, or place sets/elements along both rows and columns to communicate similarity,
v) aggregation-based representations that do not visualize all elements, but instead only
show the number of elements per set in order to provide an effective overview of larger
datasets, vi) scatter plots, a special type of aggregation, which embeds each set as a single
point in 2D or 3D space as a function of some similarity metric or data attribute.

6.3.3 Comparative Visualization

Lastly, Kim et al. [KCK17] describe four different approaches to comparative visualization
of 3D and 4D spatial data. While not complete on their own, we argue that these abstract
classes of comparative visualization can be meaningfully mapped to group-structure
visualization approaches in compound graphs. More specifically, we argue that the
compound graph visualization problem can be understood as a comparison of graph
topology on the one hand and group structure on the other. Four classes of approaches
to comparative visualization are identified. Juxtaposition describes the side-by-side
visualization of objects to be compared. Superimposition describes overlaying the objects
to be compared. Interchangeability describes the interactive or animated scrubbing
through objects. Finally, explicit visualization is the visualization of some derived
(summary) quantity instead of the objects directly.
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6.4 Paper Collection
In order to obtain a representative set of papers and applications, key references se-
lected from the bibliographies of four relevant state-of-the-art reports, i.e., Nobre et al.
[NMSL19], McGee et al. [MGM+19], Vehlow et al. [VBW15], and Beck et al. [BBDW14]
were consolidated. Interestingly, despite the relatedness of the topics, we note little
overlap in general between these four reviews, with the possible exception of Beck et
al. [BBDW14] and Vehlow et al. [VBW15] (Figure 6.1). It should, however, be noted
that the inclusion of references from existing works may introduce a certain bias to our
literature review. Thus, in order to include more recent papers not present in these
aforementioned works, we additionally manually curated an additional set of references
from relevant venues, such as IEEE TVCG, Computer Graphics Forum, PacificVis, Graph
Drawing and Network Visualization, and Information Visualization. In total, 167 papers
were collected and subsequently manually categorized based on their visual relationship
(Section 6.5.1), visual encoding (Section 6.5.2), group structure (Section 6.5.3), as well as
their application area. The final set of papers and their categorization have been made
publicly available on GitHub.

Figure 6.1: Sources and overlap of the selected papers, collected from Beck et al.
[BBDW14], Nobre et al. [NMSL19], Vehlow et al. [VBW15], and McGee et al. [MGM+19],
illustrated as an area-proportional Euler diagram. Among other goals, we aim to unify
their collected references in addition to extending this collection of literature.

176

https://github.com/henry-ehlers/Visualizing-Group-Structure-in-Compound-Graphs-Literature-Repository.git


6.5. The Current State

6.5 The Current State
Drawing upon these taxonomies, we propose to categorize papers along three main
“axes”, namely i) the chosen visual relationship between groups and their elements, ii) the
selected visual encoding with which to communicate the graph’s group structure itself,
and iii) the group structure of the data.

6.5.1 Visual Relationships

(a) Separate (b) Juxtaposed (c) Embedded

(d) Interchangeable (e) Explicit

Figure 6.2: Examples showcasing the five identified visual relationships between group-
level and topological encodings. (a) Separate relationships describe the visualization of
group structure independently of any (topological) embedding of the compound graph.
(b) Juxtaposed relationships place each group’s subgraph side-by-side, allowing for
straightforward comparisons between them. (c) Embedded relationships embed group-
level information within/atop a compound graph’s drawing. If a particular node forms an
intersection between two groups, its glyph is accordingly colored. (d) Interchangeable
relationships only visualize one group’s subgraph’s topology at a time, but allow for a
user to scrub through them linearly. (e) Explicit relationships, rather than displaying
all topological and group-level relationships, visualize only a composite of the two.
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A compound graph’s visual relationship describes how a graph’s group structure is
visualized relative to its topology (Figure 6.2). Here, combining Kim et al.’s [KCK17]
and Vehlow et al.’s [VBW15] taxonomies, we identify five possible visual relationships.

Separate Defined by Vehlow et al. [VBW15] as “Partitioned”, a separate visual
relationship describes the visualization of group structure in a separate (possibly linked)
view, such that the graph’s global topology and group structure can be investigated
independently. Such representations are especially useful if the graph’s group structure is
too complex to visualize atop or within its topological embedding. Consider, for example,
the tree attached to a node-link diagram seen in ASK-GraphView [AvHK06].

Juxtaposed Equivalently found in Vehlow et al.’s [VBW15] taxonomy under “Superim-
posed / Partitioned”, a juxtaposed visual relationship [KCK17] describes the side-by-side
visualization of each group’s subgraph’s embedding in separate, possibly linked, views.
Such representations are beneficial when a set of topologically similar graphs is to be
compared side-by-side. For example, Entourage [LPK+13] opts to visualize different
pathways side-by-side in a juxtaposed manner.

Embedded Defined as “Superimposed” by Kim et al. [KCK17] and “Visual Node
Attribute” as well as “Superimposed / Overlay” by Vehlow et al. [VBW15], an embedded
visual relationship defines the simultaneous visualization of graph topology and group
structure in a single view, be it through color or region overlays or an explicit axis. Such
representations can be useful, especially in explorative analysis endeavors, where one must
first locate areas of simultaneous topological or group-structural interest. TopicPanorama
[WLL+16], for example, visualizes group assignments as embedded glyphs.

Interchangeable Not explicitly found in Vehlow et al. [VBW15], an interchangeable
visual relationship [KCK17] describes the visualization of each group’s subgraph as
a separate “slice” in a pile of linearly arranged slices that are traversed interactively,
or automatically, using animation. Similar to juxtaposed representations, such visual
relationships lend themselves well to immediate comparisons of pairs of subgraphs,
especially when a compound graph’s group structure can be linearly arranged, e.g., time
slices in dynamic graphs. Consider, for example, the small multiples of adjacency matrices
presented in the work of Bach et al. [BHRD+15].

Explicit Defined by Vehlow et al. [VBW15] as “Embedded”, an explicit visual relation-
ship Kim et al. [KCK17] describes the visualization of some computed characteristic,
such as differences or averages, or similarity, in order to provide a simpler summary
visualization. These representations are especially useful for highly complex or large
compound graphs, where the simultaneous visualization of group structure and topology
(in a single view) is not feasible or useful. For example, Sallaberry et al. [SZPM10] opt to
visualize each group and their intersections as hypernodes and regular nodes, respectively.
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6.5.2 Visual Encoding
The visual encoding describes here how a graph’s group structure—not its topology—is
visually represented, i.e., how set membership, intersections, and exclusions are visually
communicated to the user, as seen in Figure 6.3. Drawing primarily from Vehlow et al.
[VBW15] and [AMA+16], we identify and define eight approaches with which to visually
communicate nodes’ group associations.

(a) Node Attribute (b) Overlay (c) Bipartite N.L.D. (d) Multiples

(e) Trees (f) Matrix (g) Abstraction (h) Hybrid

Figure 6.3: Examples of the eight identified visual encodings of group structure. (a)
Node-Attribute encodings simply visualize nodes’ group memberships using those
nodes’ color and/or shape. (b) Overlay encodings visualize group membership as
regions or lines atop the nodes in the graph embedding. (c) Bipartite node-link
diagram encodings visualize groups as additional nodes within the graph’s embedding.
Group membership is communicated using bipartite edges connecting group nodes to
topological nodes. (d) Multiples encodings visualize each group’s subgraph separately
in its own “tile”. (e) Tree encodings communicate (hierarchical) group structure between
entities, visualized as leaf nodes, as hierarchical nodes whose edges indicate super/sub-set
relationship between them. (f) Identity matrix encodings communicate set membership
tabularly, where if a node (row) pertains to a group (column), the respective cell is
filled. (g) Abstraction encodings provide an overview of groups’ cardinalities and
their relationships by abstracting away the individual elements that make up said group.
Intersections are communicated through angular overlap between lines. Finally, (h)
hybrid encodings combine any of the above encoding types, e.g., a combination of
multiples with node-link diagrams.

Node Attribute Described as “Overlays” by Alsallakh et al. [AMA+16], node at-
tributes [VBW15] are characteristics, here group membership(s), of a compound graph’s
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elements, which can be utilized to alter the visual attributes of each node during the
embedding of the graph. Color is arguably the most common such node attribute with
which to communicate group/set/cluster membership, as it is simple to implement and
understand. Similarly, shapes can also be used. Lastly, glyphs are useful for more com-
plex element-set memberships and relationships, as they can, for example, express such
relationships as pie charts instead of simple shapes or colors, as seen in TopicPanorama
[WLL+16]. In general, node attributes are a non-invasive, if limited, approach to visually
communicating group memberships and relations without affecting the graph’s topological
embedding.

Overlay Given some embedding of elements in 2D, overlays, described by Vehlow et al.
[VBW15] as “Line/Region-based overlays”, add visual information atop elements/nodes to
communicate set membership. This commonly takes the form of a hulls/regions overlaid
atop grouped vertices [AMA+16], as seen in [PLS+13]’s enRoute. A key disadvantage
of region-based overlays is the ambiguity that can arise from overlapping, but non-
intersecting, contiguous regions [ARRC11]. Line overlays avoid such ambiguity by
encoding group membership to line-node-intersections, as seen in LineSets [ARRC11].
Lines, however, can require a lot of “ink" when connecting vertices close to each other,
resulting in more visual clutter than a simple region. In an effort to leverage the
advantages of both, hybrid overlays combine both regions and lines, as exemplified by
KelpFusion [MRS+13]. In general, overlays can be an effective means of communicating
(disjoint) vertex-group membership, though they struggle to effectively communicate
denser or more complex group-level relationships.

Bipartite Node-Link Diagram Thus far, group-level relationships have not affected
the topological embedding, thereby communicating topological relationships clearly at
the potential cost of group-level clarity. Here, (bipartite) node-link diagrams [AMA+16,
VBW15] represent both groups and their elements as different vertices in the same
embedding, and visualize their associations as bipartite edges connecting them. The
produced node-link diagram thus has two types of edges: topological edges connecting
element vertices to each other, and bipartite edges connecting group and element edges.
This can allow group-level clustering to be more apparent as the group structure now
directly affects the embeddings seen in Origraph [BNML19].

Multiple Instead of visualizing group information within, atop, or next to a graph’s
embedding, multiples, described as “Partitioning” by Vehlow et al. [VBW15], visualize
each group’s topology separately. Here, each such subgraph is displayed in its own “tile”,
arranged most commonly either in a juxtaposed or interchangeable manner. Juxtaposed
multiples, such as Small MultiPiles [BHRD+15], allow for a straightforward side-by-side
comparison of subgraphs. Interchangeable multiples require (animated) transitions from
one tile to the next, as seen in Graph Diaries [BPF14a]. On the one hand, multiples
allow for a clear visualization of each group’s subgraph’s topology and its element-group
memberships. On the other hand, however, the visual communication of group-level
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intersections in non-disjoint graphs is complicated, as vertices that map to multiple
groups must be duplicated; once per tile.

Tree Trees are prevalent in the visualization of disjoint, hierarchical group structures.
Elements are represented as the tree’s leaves, and the various levels of the tree represent
the various (hierarchically related) sets. Edges encode set-element membership as well as
set-set hierarchies. Most commonly, trees are visualized in separate views, e.g., ASK-
Graph [AvHK06]. as visualizing topological edges between the tree’s leaf nodes can be
visually difficult. For example, CodeFlows [TA08] addresses this challenge by visualizing
topological relationships as a bipartite graph and duplicating the group’s hierarchical
tree structure along each bipartition.

Matrix Matrices [AMA+16] can communicate set membership and relationships tabu-
larly in one of two ways. On the one hand, an identity matrix arranges elements and
sets along its rows and columns, respectively, and “fills” a corresponding matrix cell if an
element maps to that particular set. Intersections are communicated by a specific row
(element) mapping to multiple columns (sets), e.g., Chuang et al.’s [CMH12] Termite.
On the other hand, a similarity matrix places either sets or elements along both rows
and columns and fills each cell with some measure of similarity, thereby communicating
set or element relationships, but being unable to communicate element-set-membership
on its own.

Abstraction Abstraction-based techniques, described by Alsallakh et al. [AMA+16] as
“Aggregation”, opt to visualize not all sets, elements, and their relationships, but instead
provide an overview of one, at the expense of the others. Here, given the scope of this
chapter, we define abstraction-based techniques as techniques that abstract away element
information in favor of more clearly communicating group-level information. Quite
naturally, this fairly broad category can encompass many different approaches; from the
relatively simple Linear Diagram [RSC15], through the interactive TugGraphs [AMA11]
or Grouse(Flocks) [AMA07a, AMA08], to the much more complex Graph Thumbnail
[YDK+18].

Hybrid Finally, hybrid approaches [VBW15] combine the aforenoted representations
in unique ways, exemplified by Henry et al.’s [HFM07] fusion of node-link diagrams and
matrices, NodeTrix, or Angori et al.’s [ADM+19] combination of chord and node-link
diagrams, ChordLink.

6.5.3 Group Structure
Lastly, continuing the work of Vehlow et al. [VBW15], we categorize collected techniques
based on the type of group structure they are designed to visualize. While they focused
on distinguishing not only hierarchical from flat and disjoint from overlapping group
structures, these authors additionally noted crisp from fuzzy groupings. Given the scope
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of our work, we omit the latter from our own categorization of literature. Thus, for each
combination of visual encoding and visual relationship, we count the total number of
approaches that apply to each considered type of data in order to identify potential gaps
(Figure 6.4).

6.6 Lessons Learned
Following our taxonomy of visual encoding and visual relationships described in Sections
6.5.2 and 6.5.1, we classify the collected corpus accordingly, the results of which are
presented in Figure 6.5.

Foregone Conclusions Somewhat unsurprisingly, many combinations of visual en-
codings pair (almost) exclusively with certain visual relationships (Figure 6.5). Most
notably, overlays and node attributes, by definition, are embedded encodings, visualized
within the graph’s topological embedding. Thus, the 39 overlay and 22 node-attribute
techniques map exclusively to the embedded relationship category. Similarly, multiples,
if presented in 2D, would most commonly only be visualized either interchangeably or
juxtaposed to each other, or separately from some other topological representation.

Figure 6.4: Group structures compatible with the visualization approaches collected from
the selected papers. Circle area and color intensity encode the number of papers and
techniques that map to a particular combination of group structure and “overlappedness”.
The exact number of papers is displayed at the center of each circle in black. Papers
could map to more than one such combination of categories.

Embedded Relationships Of the 167 papers collected, the majority (98 references)
featured an embedded relationship between graph topology and group structure (Fig-
ure 6.5). Most commonly, these papers represented their graphs’ group structure using
overlay, node-attribute, or hybrid techniques. Overlays and node attributes appear to
be especially popular when the graph’s topology is of greater importance than its group
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Figure 6.5: Co-occurrence of visual encodings and visual relationships of the selected
papers. Circle area and color intensity encode the number of papers and techniques that
map to a particular combination of encoding and relationship. The exact number of papers
is displayed at the center of each circle in black. Some papers featured multiple visual
encodings and/or relationships and were thus mapped to more than one combination of
such categories.

structure, as they do not alter the topology representation. For completeness, however,
it should be noted that several region-based overlays specifically, such as Polyptychon
[DWS+14] and H-BLOB [SBG00], are algorithmically incorporated during the (spring-
)embedding of the graph and thus do affect the graph’s visualization. Their popularity
seems to also be connected to their conceptual simplicity and ease of implementation.

Embedded relationships were used for all group structures, though primarily for flat
ones. 37 papers were applied to disjoint/flat group structures, such as the region-based
overlay MapSets [EHKP14] or the hybrid technique ChordLink [ADM+19], and 36 papers
mapped to overlapping/flat group structures, as seen in hybrid tool eXamine [DEKB+14]
or node-attribute approach [VHTW13].
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This combination of embedded encoding and flat groupings is perhaps unsurprising, as the
use of node attributes or overlays — the two most common embedded encoding techniques
— do not straightforwardly allow for the encoding of hierarchical relationships on their
own. Additionally, as discussed in Section 6.5.2, embedded approaches’ ability to visually
communicate overlap between more complex groups is also somewhat limited. Thus,
most combinations of embedded encoding and overlapping groupings limit themselves to
fairly simple cases, i.e., either few groups or few intersections.

However, embedded approaches were also utilized for hierarchical relationships, though
primarily disjoint ones, with 24 instances of disjoint/hierarchical and 4 overlapping/
hierarchical. Disjoint/hierarchical relationships mostly focus on visualizing a single
layer of the hierarchy within the compound graph’s embedding while visualizing the full
hierarchy in a separate (linked) view, as seen in OntoTrix [BPL13], HybridVis [BPL13],
or TreeMatrix [RMF12].

Lastly, for the few overlapping-hierarchical embedded visualizations, [WLL+16] and
[NIST12] opted to visualize one layer at a time and communicate overlap using colored
glyphs while the complete hierarchy was visualized separately, while [JKZ13] opted to
visualize group-entity associations as a node-link diagram.

Trees Tree-style encodings were applied predominantly to disjoint/hierarchical group
structures with 21 instances thereof, while all other group structures featured 2 instances
each. Here, tree representations of group structure are most commonly visualized
separately from the graph’s topology: of these 21 disjoint/hierarchical group structures,
20 were visualized separately (Figure 6.5). This can be attributed to the visual complexity
that such trees introduce on their own, i.e., a whole set of nodes and edges representing
set relationships between groups in addition to topological ones between entities. By
visualizing topology and group structure separately, equal weight can be given to both
without one affecting the other, which allows for such complex, hierarchical relationships
to be visualized more easily.

Indeed, looking at techniques intended for larger networks, such as ASK-GraphView
[AvHK06] or Abello et al.’s [AKY05a] combination of fisheye views and treemaps, the
graph’s hierarchical group structure becomes complex enough to require a separate view.
For simpler hierarchies and smaller graphs, a separate tree representation has been
combined with abstracted graph embeddings, such as Archambault et al.’s [AMA07a]
Grouse framework. Combining topological and group node-link diagrams in a single
integrated view is possible as well [PVW06]. However, even in the examples given,
understanding the graph’s topology and group structure is challenging.

Mutliples Multiples are a reasonably popular approach for representing group struc-
tures, as they allow for each group’s subgraph to be embedded (partially) independently of
other groups’ topologies. With 37 counts, they are primarily used for the visualization of
overlapping/flat group structure, though they are also applied to 6 disjoint/flat groupings.
Of these 37 overlapping/flat applications, 14 visualized these multiples interchangeably,

184



6.7. Outstanding Opportunities

such as Erten et al.’s [EHK+04] GraphAEL, and 19 juxtaposed [FAM+11] (Figure 6.5).
Especially for dynamic graphs, the use of interchangeable multiples, akin to the mapping
of time to time [BBDW14], is a popular choice, with 12 of the 14 interchangeable papers
using the visualization of dynamic graphs [MKF+15, RM14].

If the comparison of two or more graphs is of interest, the juxtaposition of subgraphs as
multiples allows for a clear and uncluttered view of their differences, as seen in the works
of Yoghourdjian et al. [YDK+18], Bach et al. [BHRD+15], and Behrisch et al. [BDF+14].
However, multiples can also be valuable in providing users with a small “thumbnail”
representation of a subgraph to aid in exploration [AABS+14, BMGK08].

Lastly, beyond such 2D arrangements, 3 papers opted to present multiples in embedded
relationships. Here, multiples are presented in 3D “cubes”, formed by arranging them
independently as seen in MatrixCubes [BPF14b], or arranging them in a juxtaposed
manner as seen in Caleydo [LSKS10].

6.7 Outstanding Opportunities
Matrix Representations Adjacency matrices are used to visually communicate graph
topology, which is expected given their advantages over common node-link diagrams
[GFC04]. Surprisingly, matrices, despite being a straightforward and scalable method
for the visualization of group structure, are hardly used (Figure 6.5). Though it should
also be mentioned that some hybrid techniques, most notably NodeTrix [HFM07] and
Anchord+Matrix Diagrams [MZ11], combine topological adjacency matrices and node-link
diagrams to communicate topology and structure simultaneously. This has also been
noted by Nobre et al. [NMSL19] within the context of multivariate graphs, Beck et al.
[BBDW14] within the context of dynamic graphs, as well as Alsallakh et al. [AMA+16]
within the context of set-typed data visualization. We also see ample opportunity to reap
the benefits of (interactive) matrix visualization for the communication of compound
graph group structures, as they are simple to implement and understand.

Node-Link Diagrams Somewhat surprisingly, bipartite node-link diagrams are infre-
quently used to communicate group structure, be it embedded or separately (Figure 6.5).
Similar to trees (Section 6.6), it is possible that the additional complexity introduced
by a second set of nodes for groups and edges, representing group memberships, simply
makes them unsuitable for graphs with more complex topologies. Indeed, as seen in the
works of Bigelow et al. [BNML19], Ahmed et al. [ABF+07], and Pienta et al. [PHE+18],
the graphs studied are relatively small and simple. Moreover, color and/or shape are
necessary to distinguish between topological and group nodes, further adding visual com-
plexity. Nonetheless, this particular gap strikes us as worth investigating with scalable,
and presumably interactive, bipartite node-link diagrams that combine topology and
group structure in a single embedding. Specifically, for more clustered group structures,
this could potentially allow for very clear visual distinctions between nodes that map to
exclusively one group and those that map to multiple.
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Figure 6.6: Cumulative number of the selected papers mapped to application area across
time. Papers could map to multiple such application areas.

Represented Group Structures Mirroring the findings of Vehlow et al. [VBW15]
disjoint/flat and disjoint/hierarchical are well represented with 48 and 58 papers, re-
spectively, and the overlapping/flat category is the most represented with 79 entries.
Interestingly, only 7 of the collected papers were applied to overlapping/hierarchical
group structure (Figure 6.4). Most such papers opted to visualize only two or three group
hierarchies at a time, usually separately, and link these to the graph’s topology using
either color [WLL+16] or edges [DWS+14]. Since overlapping, hierarchical groupings are
common in ontologies and clusterings [VBW15], we see a great opportunity to tackle the
challenges that such group structures present in the context of compound graphs, such
as how to concurrently visualize different levels of the overlapping hierarchies, or how to
best visualize each node’s mapping to multiple categories of different hierarchies.

Hybrid Representations 16 hybrid visualization techniques (defined as any com-
bination of visual encodings) were found in our paper set (Figure 6.5). Interestingly,
however, all collected hybrid techniques combine specifically node-link diagrams with
other visualization encodings, such as i) matrices [HFM07, MZ11, BPL13], ii) treemaps
[BD05], iii) bounded node-link diagram embeddings [VHTW13, CDA+14], and iv) chord
diagrams [ADM+22]. However, node-link diagrams are known to suffer from certain
visual aesthetic limitations that can make them difficult to read when applied naively to
larger and complex graphs, such as node/node occlusions, heterogeneous node density,
edge crossings, or incident edge angles. Here, we see an opportunity for interesting and
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novel hybrid visualization strategies with which to communicate the group structure of
compound graphs that go beyond node-link diagrams, thereby potentially opening the
door for more visually scalable approaches.

Underexplored Application Domains Certain application domains are notably
more represented than others in the paper set collected (Figure 6.6). More specifically,
domain-agnostic techniques and dynamic graphs appear to far outnumber all others.
Application areas, such as authorship and citation networks, appear not to have been
studied as extensively or recently. Often, as seen in biochemical application areas, a
particular application area is constrained by the visual conventions of the domain and/or
the (perceived) visual literacy of its users [LSKS10, PLS+13]. This, at least in our
estimation, points to an opportunity to revisit such domains, to identify potentially
unanswered challenges.

6.8 Conclusion & Future Work
We have surveyed literature based on both an independent collection of references and the
existing works of Nobre et al. [NMSL19], McGee et al. [MGM+19], Beck et al. [BBDW14],
and Vehlow et al. [VBW15]. The collected corpus of application and technique papers
were then categorized within a comprehensive taxonomy that, inspired by the works of
Kim et al. [KCK17] and Alsallakh et al. [AMA+16], disentangles the visual relationship
between the graph’s topology and group structure, as well as the chosen visual encoding
of the graph’s group structure, respectively. Based on this classification of literature,
several lessons and outstanding research opportunities were identified:

1. the under-utilization of identity and similarity matrices,
2. the under-representation of bipartite node-link diagrams,
3. the under-studied visualization of overlapping/hierarchical data sources,
4. the over-representation of node-link diagram-based hybrid visualization approaches,
5. the understudied nature of certain application domains.

A future elaboration of this chapter in the shape of a formal state-of-the-art report
should aim for a completely independent, large-scale collection of literature, and/or the
collection of additional authoritative reviews to avoid any possible bias in the collected
corpus of literature, to, in turn, draw potentially broader and more general conclusions.
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CHAPTER 7
Putting it All Together: Penta

Throughout this dissertation, we have aimed to lay the foundations for several outstanding
challenges that complicate the visualization of complex biological networks. Here, we
aim to bring two key topics, the visualization of compound graphs (Chapter 6) and
ego networks (Chapter 4), together by developing a novel prototypical dashboard for
the visualization of compound graphs, including biological networks. Inspired by set
visualization efforts, the dashboard Penta aims to decompose the compound graph
visualization problem into separate but linked components. We ultimately demonstrate
the utility of this dashboard using three case studies, including the visualization of
biochemical KEGG pathway network data [KG00]. While still a prototype, Penta could
form the basis of a more complete and fully-featured tool with which to visualize compound
graphs. Future work should focus on improving visual scalability, incorporating more
forms of interactivity, and allowing for the (visual) analysis of the kinds of multivariate
networks common to biological usage scenarios.

The contents of this chapter are based on the short paper “Penta: Towards Visualizing
Compound Graphs as Set-Typed Data” [EKR25], published in the conference proceedings
of the 2025 VISIGRAPP conference, with myself as first author, in collaboration with
Mario Kerndler and Renata Raidou.
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7.1 Overview
Compound graphs are graphs whose nodes, in addition to topological connections, share
group-level relationships. The need to incorporate both topological and group-level
relationships makes them inherently challenging to visualize, especially for large datasets.
We present Penta, a prototypical dashboard that, by combining elements of compound
graph and set visualization, provides a complete view of both types of relationships. To
this end, we employ five linked views that provide insight into a compound graph’s i)
global and set-local topology using both hypernode and traditional node-link diagrams,
respectively, ii) set and entity-level relationship and identity using similarity matrices
linked by a bipartite node-link diagram, as well as iii) node-centric topology across sets
visualized as a layered node-link diagram. We demonstrate the workflow and advantages
of Penta in three small-scale case studies, using character co-occurrence networks as well
as biochemical pathway data. While still a prototype, the proposed dashboard shows
promise in facilitating a complete visual exploration of the topology and group-level
relationships present in compound graphs, simultaneously.

7.2 Introduction
A clustered or compound graph is a graph whose nodes, in addition to topological
connections, share group-level relationships [VBW15]. In the context of social networks,
for example, nodes may represent individual people, edges (different types of) relationships
between them, and groups, circles of friends. Given their general utility and applicability,
compound graphs, their visualization, and their analysis are common across many different
domains: from social sciences [HEAE16], through biochemistry [PF15] and neurology
[AABS+14], to transportation logistics [Duc17]. Subsequently, various visualization
approaches and systems have been put forth to tackle the visualization of compound graphs
differently: Some of these forgo interactivity in the interest of scalability [XGH15], others
combine the two using summarization techniques [PF15] or linked views [AABS+14], while
others yet build upon domain-specific visual conventions to better serve a particular user
group [HEAE16]. Ultimately, all these approaches address the challenge of simultaneously
visualizing graph topology and group structure.

A compound graph’s group structure can be conceptualized as a collection of sets; their
elements formed by the graph’s nodes, and their intersections by nodes present in two
or more groups [PFH+18]. When visualizing or analyzing sets, we are interested in
understanding their relations, such as containment, exclusions, or intersections, to better
understand the role or importance of their elements [AMA+16]. However, even when the
underlying data is not a graph, such set-typed data can become challenging to visualize.
Depending on the complexity and size of the data, such visualizations often require the
use of abstraction [RSC15] or summarization [LT20] to remain legible. Domain-specific
applications may additionally require the interactive visualization of metadata attached
to sets’ and their elements [LG14]. Many different families of techniques and tools have
been developed to tackle these challenges, both for generic set-typed and application-area-
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specific data [AMA+16]. However, few — if any — of these techniques can be applied to
compound graphs, and fewer still scale to large datasets, common in modern biochemical
and social network analysis.

In this chapter, we present Penta, a prototype dashboard for the visualization of non-
hierarchical, non-disjoint compound graphs as set-typed data. With this prototypical
implementation, we aim to address several outstanding gaps in the fields of both set
visualization [AMA+16] and compound graph visualization [VBW15, EMWR24], by
combining multiple linked views, (similarity) matrix visualizations, and ego network
representations. More specifically, the contribution of Penta’s linked views is that they
provide insight into i) the group’s global and local topology using both hypernode and
traditional node-link diagrams, respectively, ii) set and vertex-centric relationship and
identity using similarity matrices linked by a bipartite node-link diagram, as well as iii)
node-centric topology across sets visualized as a layered node-link diagram.

7.3 Related Work

As Penta’s five linked views draw from conventions of compound graph visualizations,
matrix-based set-visualization, as well as ego-network visualization, we here discuss the
state-of-the-art of each.

Compound Graph Visualization Compound graphs have been visualized in a mul-
titude of ways [EMWR24, VBW15], using node attributes, overlays, bipartite node-link
diagrams, multiples, trees, matrices, abstractions, and hybrid techniques. The most com-
mon way of visualizing group-level memberships in compound graphs, node attributes take
the form of, for example, colors [VBAW15] or glyphs [WLL+16]. Overlay techniques add
group-level associations atop a graph’s embedding, using, for example, regions [PLS+13],
lines [ARRC11], or combinations of the two [MRS+13]. Less common than either overlays
or node attributes, bipartite node-link diagrams represent both nodes and groups as
(different types) of vertices with topological and group-level-association edges connecting
them [BNML19]. Multiples opt to visualize each group’s subgraph separately, as seen in
Bach et al.’s Small Multiples [BHRD+15] or Graph Diaries [BPF14a]. Trees, commonly
visualized alongside a compound graph’s topology, visualize elements, i.e., vertices, as the
leaves of the tree and their (hierarchical) set-element relationships as edges [AvHK06].
(Biadjacency) matrices, also visualized separately from a compound graph’s topology,
depict vertex-group memberships tabularly where each row corresponds to a vertex and
each group to a column [CMH12]. Abstractions do not visualize all sets, elements, and
their relationships but provide a view into one by abstracting away the others. This broad
category can unsurprisingly include many different types of approaches [RSC15, YDK+18]
Finally, hybrid techniques combine any of these aforementioned techniques to visualize
group membership and topology simultaneously [ADM+19, HFM07].
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Matrices for Set-Typed Data While several examples of set visualization and their
elements as biadjacency-based matrices can be found in the literature [SMDS14, LGS+14],
similarity-based matrix representations are less common. We could only identify two
examples for the explicit purpose of similarity-matrix-based set visualization. First, Liu
et. al’s Similarity Lattice [XMB05] represents sets’ pairwise Completeness and Intensity
similarity as a non-symmetric similarity matrix. Second, Intervene [KM17] features
similarity-based matrix representations alongside more conventional biadjacency-based
ones. As also discussed in reviews of both compound graph visualization [VBW15,
EMWR24] and set visualization [AMA+16], the use of (similarity) matrices is a novel
avenue with which to communicate group and entity-level relationships in both sets and
compound graphs.

Ego Network Visualizations Ego network representations visualize graph topology
relative to some selected node of interest—the so-called “ego” [EPF+24]. Ego networks
may be used to simplify the visualization of a graph’s topology by only visualizing those
nodes and edges of immediate importance to the selected ego. Examples of node-centric
visualizations of larger graphs can be found across several domains [EPF+24]. Here,
we are particularly interested in the use of layered (tree-like) node-link diagrammatic
representations, as they promise an intuitive and orderly view into the intrinsically
layered topology of ego networks. Such layered representations align nodes along “layers”
representing the distance from the selected ego [Say04]. While not related to ego networks
directly, similar ideas of edge scaling and distance-based node embedding can be found
in the visualization of phylogenetic trees [SWKP18], evolutionary graphs [MMTM11],
or synaptic/brain graphs [AABS+14]. To the best of our knowledge, such ego network
visualizations have not yet found application in compound graph visualization.

7.4 The Five Facets of Penta
Visualizing compound graphs is challenging, as one needs to visually communicate both
graph topology and group-level relationships simultaneously. Specifically, supporting the
following aspects is necessary:

1. viewing all groups’ global topology,
2. investigating the particular set-relative topology of selected groups,
3. understanding the similarities of all groups and nodes relative to each other,
4. viewing all selected set-element mappings, and
5. investigating the node-relative topology of the graph, i.e., topology relative to a
selected ego.

To integrate the aforementioned channels of information, we propose the prototypical
web-based Penta dashboard, which aims to visualize different facets of a compound
graph’s group structure and topology in five linked views. Users are expected to upload
their compound graph’s topology and group-level associations they wish to investigate to
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Penta, within which they then interactively filter and explore their dataset. This may
entail selecting entities or sets within its multiple linked views or looking them up based
on their unique identifiers. More specifically, in accordance with Shneiderman’s [Shn96]
mantra of “Overview First, [...] filter, then details on demand”, the dashboard aims to
funnel users from a global view of topology, through the topology and similarity of selected
sets, to the immediate topology of a particular node. Interactive selections of vertices
and sets in any of these five views are reflected in all other views through brushing and
linking [BMMS91]. Penta, available on GitHub, was developed in Svelte using D3.js
[BOH11].

Global Topology For some compound graph G(V,E, S), let V denote its total set of
elements/nodes, E its total set of edges, and S its elements’ non-hierarchical, non-disjoint
group structure. For a set s ∈ S, node-set pairs (va, s) and (vb, s) in VG are connected by
edges EG ⊆ VG × VG, where VG ⊆ V ×S. Here, the input graph’s global topology can be
either represented as a force-directed or (as presented here) a radial node-link diagram
(Figure 7.1b). As straight-line node-link diagrams do not tend to produce aesthetically
pleasing or readable results for graphs of larger sizes and greater complexity [EVRW23],
we do not visualize nodes v ∈ V and their edges e ∈ E directly. Instead, each set of
nodes VG is visualized as its own circular hypernode [TBNV10]. Hovering over such
hypernodes reveals their labels. To communicate which groups of nodes are present
across sets, groups of nodes that form intersections between sets of nodes are represented
by separate, square hypernodes (Figure 7.1b). Hypernodes’ sizes encode the cardinality
of their sets or intersections, i.e., the more elements a set contains, the larger the set’s
corresponding hypernode.

In the particular example shown in Figure 7.1b, seven groups, representing seven Mus
musculus KEGG pathways, are depicted—one circular node per group. The size of each
node represents the number of genes (nodes) in each pathway. Between these seven groups,
there are five unique intersections, represented by five square nodes. One particular
intersection, consisting only of a single node with identifier 58810, is highlighted. The
said node is the intersection between the three selected, i.e., colored, groups, indicated by
the edges connecting the intersection’s square node to the three groups’ circular nodes.

Set-Relative Topology From the aforementioned global topological view, hypernodes
can be selected, thereby adding their elements, i.e., vertices, to the set-relative topological
view. This is represented as a straight-line node-link diagram (Figure 7.1a), laid out using
D3.js’s particle-based force-directed algorithm [BOH11]. Each added group of nodes is
color-coded, using an appropriate ColorBrewer color palette [HB03] used consistently
across all views. To ensure colors remain visually distinct from each other [Hea96], users
can only select up to ten such groups simultaneously. We highlight intersections between
two or more groups by color-coding them in black. Hovering over any individual node
reveals its label and highlights its corresponding hypernode in the global topological view,
as well as its location in the (to-be-discussed) element-similarity matrix in a similar way.
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In the example shown in Figure 7.1a, three of the seven aforementioned Mus musculus
KEGG pathways have been selected, one colored green, the other blue, and the final one
orange. Nodes that form an intersection between any two of the three selected pathways
are colored dark grey. The selected node 58810, which forms an intersection between all
three selected pathways, is colored black.

(a) (b)

Figure 7.1: The (a) set-relative topology of a selection of three sets from the global
topological view, colored in blue, orange, and green in both views. The (b) global
topology view for seven KEGG mouse (MMU ) pathways (groups) and their intersections.
A notable intersection between these three selected is the entity (vertex) with identifier
58810 which is highlighted in black on the (a).

Set and Vertex Similarity To navigate both sets and elements, we propose the
use of two interactive similarity matrices—one depicting set similarity and the other
representing vertex similarity (Figure 7.2c). Unlike identity matrix representations, which
may necessitate panning and scrolling to navigate owing to potential asymmetries, a
square, symmetric similarity matrix offers a clearer overview of all sets or elements
simultaneously. Moreover, matrix representations offer overall greater visual clarity
and flexibility over many other approaches for set and element visualization [AMA+16].
This conceptual flexibility includes the straightforward use of different similarity
measures with which to understand groups and elements relationships [VK16]. Here,
for any two sets A,B ∈ S, their similarities are computed using the Jaccard distance
J(A,B) = (|A ∩ B|)/(|A ∪ B|), chosen for its conceptual simplicity and its applicability
to both set and topological node similarity. To quantify element similarity, the same
conceptual approach based on the Jaccard distance is used: for any two vertices/elements
a, b ∈ V , we can define their “sets” as A = q(a) and B = q(b), where q(x), for an
element x ∈ V , can take different forms. We make use of a topological set definition:
q(x) = {v : ∀v ∈ V, {x, v} ∈ E}, i.e., we simply define a node’s set as its immediate
neighborhood. In both cases, the similarity is encoded using a luminance colormap,
i.e., white indicating low and black high similarity. Moreover, a selected set’s rows and
columns are indicated using colored lines. Additionally, matrices can be flexibly
reordered based on selected criteria to facilitate the detection of novel or unexpected
relationships between entities [MML07]. Here, as a proof of concept, we allow the user to
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reorder both set and element similarity matrices by either i) a random ordering for the
identification of unexpected relationships, or ii) an attribute-based ordering that organizes
entities by their lexicographic order, or iii) an agglomerative, hierarchical clustering-based
order to identify clusters of interest [KR90].

In the example shown in Figure 7.2c, the set-similarity matrix represents the character
similarities among the first four books of the Harry Potter series [Rav24]. Each set,
i.e., book, is represented by one of the four rows and columns of the matrix, ordered
lexicographically. Each cell represents the Jaccard distance between two sets. The darker
a cell, the more similar the two sets are. Instead of space-consuming conventional labels,
colored lines indicate the identity of each row and column. Here, books two and three
have been selected from the global topological view (Figure 7.2a). The vertex-similarity
matrix (Figure 7.2c) shows the similarity between nodes (characters) as a function of their
immediate neighborhood, i.e., the more neighbors two nodes have in common, the more
similar they are. Each row and column corresponds to a particular character, and each
cell to the similarity between two nodes. Again, similarity is mapped to cell brightness.

Set-Node Connection Graph The previously discussed similarity matrix representa-
tions allow for an in-depth exploration of within-set and within-element relationships.
However, they do not visualize the set membership of elements or the mapping of sets
to elements [PFH+18]. To link the aforementioned similarity views, we visually exploit
the bipartite relationship between them and visualize said relationship as a “Connection
Graph” (Figure 7.2c). For matrices, drawing (curved) edges between their rows (or
columns) is conceptually fairly straightforward, as they already form a one-dimensional
projection of their elements [MZ11]. More specifically, given a single selected set S, its
projection point is connected to all its elements’ (x ∈ S) projection points by curved
edges. Alternatively, given a single selected element x, its projection point is connected
to all sets of which it is a member, i.e., {s : ∀s ∈ S, x ∈ s}. Edge and label colors utilize
the same color palette as in the global and set topology views.

In this particular example (Figure 7.2c), the connection graph shows the mapping of
Harry Potter books (sets) to the characters of the series (nodes), and vice-versa. For each
book’s character, curved edges are drawn between the book’s and the character’s row in
their respective similarity matrices. The color of the curved line corresponds to the color
of the set, as depicted in both the global and set-relative topological views (Figures 7.2a
and 7.2b). If a node, i.e., character, maps to multiple sets (books), multiple such lines
will be drawn, connecting the one node to multiple sets.

Node Relative Topology While the global and set-local topological views of the
graph provide a good starting point for exploring particular sets and their elements,
they are insufficient in understanding a node’s connectivity across all sets. To amend
this, we employ a vertex-centric representation of topology for a particular selected
entity, i.e., an ego network where the selected vertex forms the “ego” [EPF+24]. This
ego network is generated from the graph’s global topology based on a selected ego node
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(a) (b)

(c)

Figure 7.2: Visualizing Character Interactions Across Harry Potter Books. (a) Global
Topology View: Overview of character interactions across the first four books, highlight-
ing recurring characters. (b) Local Topology View: Dense inter-character connections
between books two and three. (c) Set and Vertex-Similarity Analysis: Consistent
level of recurring characters and interactions between books.

of interest and a user-specified maximum exploration depth. More specifically, Penta
employs a breadth-first search algorithm to traverse the graph from the ego node, through
its neighbors, its neighbors’ neighbors, and so on, up to the specified depth, thereby
constructing a tree(-like) data structure that encapsulates the shortest possible paths to
all reachable nodes. This tree is visualized as a layered node-link diagram (Figure 7.3c).
Its layers, i.e., nodes, are sorted by their inverse weighted edge distance to the ego, i.e.,
the greater the edge weight between any two nodes, the closer they will be visualized in
the tree. This also allows for Penta to sort a node’s neighbors based on this edge weight,
i.e., the closest neighbor appears at the top of its branch, and the furthest at the bottom.
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In the example of Figure 7.3, a co-occurrence network of Star Wars characters across the
first six movies is shown. The depicted ego network displays the node-relative topology
of one selected character, namely R2-D2, depicted in the top left of Figure 7.3c. The
layered node-link diagram shows a character’s connections across all sets in the dataset.
The more a character interacted with R2-D2, i.e., the larger their co-occurrence edge
weight, the higher up in the layered node-link diagram it appears, i.e., Anakin interacted
more with R2-D2 than Qui-Gon, who interacted more than Luke. The same ordering
system applies to each layer of this layered node-link diagram. The ordering is reinforced
by scaling each edge’s horizontal length based on edge weight, i.e the more two characters
interact, the larger their edge weight, and the closer they appear in the horizontal space.

7.5 Use Cases
In order to demonstrate the potential utility of Penta, three small-scale usage scenarios
are presented. These three usage scenarios are demonstrated using three different datasets:
a KEGG Mus musculus example dataset [KG00], a Harry Potter character co-occurrence
network [Rav24], and a Star Wars character co-occurrence network [Gab24]. These
datasets were selected, as they are publicly available, and, in the case of the Harry Potter
and Star Wars data, hopefully familiar to many readers.

Scenario 1: Noticing Notable Nodes In order to demonstrate the utility of both
the global and set-local topological view, consider a Mus musculus example dataset,
in which each node represents a gene, each edge a gene-gene interaction, and groups
of genes represent KEGG pathways in mice [KG00]. For seven such pathways, their
global topology is visualized as a hypernode-link diagram (Figure 7.1b). Here, three
pathways of particular interest, mmu0010, mmu00053 and mmu00040, colored in blue,
green, and orange, respectively, are selected in the global topological view, their vertices
visualized in the corresponding set-local topology view (Figure 7.1a). From the global
topology view, we can immediately discern the relative sizes of these three sets, i.e.,
mmu0010 (blue) is larger than any other pathway in the dataset, indicated by the area
encoding of the nodes. Moreover, we can immediately see how all our datasets intersect
and the cardinalities of these intersections. More specifically, a particular intersection
between the three pathways of interest is revealed to be a single node, namely 58810. The
importance of this particular node across the selected pathways is also made immediately
apparent in the set-relative local topological view (Figure 7.1a), where said node not
only forms an intersection between these three pathways but also a bridge between two
large clusters of nodes. Among those, one forms an intersection of its own between two
selected pathways (colored in grey). The combined use of these two views—hypernode
and traditional node-link diagrams—has enabled an intuitive and speedy overview of the
pathway’s global and local topology and facilitated the identification of a notable node.

Scenario 2: Such Similarity, Much Wow In order to demonstrate the utility of
set and node-similarity matrix views, consider a Harry Potter character co-occurrence
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(a) (b)

(c)

Figure 7.3: Analyzing the Star Wars Character Network. (a) Global Topology View:
Comprehensive visual map of the Star Wars character network, highlighting key characters
across all movies. (b) Local Topology View: View into the dense interrelationships of
characters across the first six movies. (c) Ego-Network of R2-D2: Central role and
extensive connections of R2-D2 within the Star Wars narrative.

network [Rav24], in which each node represents a character, each weighted edge the
number of interactions two characters shared, and each group one of the first four books
of the series. In order to determine the similarities between books two and three, colored
orange and red respectively, the two groups’ hypernodes have been selected from the
global topological view (Figure 7.2a) and their nodes and connections added to the
local topological view (Figure 7.2b), as discussed previously. This view already sheds
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some light on the strong overlap in characters between the two books, given the many
(black) nodes that form intersections between the two books. However, viewing the set-
similarity matrix (Figure 7.2c), the darker gray color of books two and three’s similarity
immediately communicates that these two books share the greatest set of characters
across the first four published books. Following the connection graph and viewing the
vertex similarity matrix, one can immediately note three interesting blocks of characters,
namely i) those that strongly co-occur across books two and three, ii) those that primarily
co-occur in book two, and iii) those that primarily co-occur in book three Figure 7.2c).
The interactive dashboard now allows for individual inspection of character-character
similarity scores. The set and vertex similarity matrices allow us to quickly identify
subsets of nodes of potential interest for follow-up study.

Scenario 3: Me! Me! Me! Me! Here, to explore the utility of the ego network,
consider a co-occurrence network of Star Wars characters across the first six movies,
in which each node represents a character, each weighted edge represents the number
of interactions two characters shared, and each group represents one of the six movies
[Gab24]. Here, given some prior exploration of groups and their connectivity, a user
has identified a particular node of interest, namely R2-D2, as this particular character
forms an intersection across all six groups (Figure 7.3a). As the local topological view
(Figure 7.3b) is too dense to make out said character’s immediate neighborhood, a user
can utilize the vertex-relative ego network view (Figure 7.3c. Here, the selected ego, here
R2-D2, forms the root node of the layered tree representation in the top left. From a
simple cursory look, a user can immediately identify the ego’s closest neighbors, here
Anakin, Qui-Gon, and Luke, thanks to the vertical ordering of the ego’s neighbors by
edge weight, i.e., R2-D2 ’s closest neighbors are located at the top of the tree. Moreover,
thanks to the horizontal ordering of nodes based on cumulative proximity to the ego,
one can additionally notice that, while Piett and Ozzel are both a hop-distance of three
away from R2-D2, Piett is closer once edge weights are factored in. This node-relative
topological view facilitated by the ego network allows for an in-depth look at the selected
ego’s (immediate) neighborhood in an intuitive and fast manner.

7.6 Summary and Take-away

The prototypical Penta dashboard offers a holistic approach to visualizing compound
graph data, enabling users to analyze both topological and group-level relationships
across multiple datasets. Through our three case studies, Penta demonstrates its ability
to highlight both global and local graph structures effectively. For example, in the first
scenario, Penta allows users to quickly identify key intersections and pathways, such as
important genes within biological networks. The second scenario showcases Penta’s utility
in visualizing co-occurrence networks, revealing shared character groups across Harry
Potter books. Lastly, the third scenario focuses on individual nodes within a Star Wars
network, where users can explore character relationships based on interaction frequency.
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Overall, Penta’s prototypical implementation already promises to be a valuable tool for
researchers looking to interpret compound graph relationships in larger datasets.

7.7 Conclusion and Future Work
In this chapter, we have presented the prototypical implementation of Penta, a novel
approach to the holistic visualization of compound graph data. We further demonstrated
the use and effectiveness of our tool on three use case scenarios, which indicate Penta’s
utility in making sense of a compound graph’s topology, both on a local and global level,
as well as group structure. In future work, we hope to i) implement additional similarity
measures with which to view set and vertex relationships[VK16], ii) implement additional
clustering algorithms with which to sort similarity matrices [KKPEP20], iii) allow for
the integration of node and edge attribute data to go beyond purely topological analyses,
and iv) improve the scalability of multiple views through, for example, latent variable
space scatter plots [PFH+18].
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CHAPTER 8
Discussion and Conclusion

In Section 2, we identified several outstanding challenges and opportunities within the
context of biological network visualization. We, however, opted to focus on three key
questions, which we deemed particularly interesting:

Research Question 1 How to improve the visualization of the kinds of complex
networks common in biological network endeavors?

Research Question 2 What kind of uncertainty is prevalent in biological networks,
and how should said uncertainty be best visualized?

Research Question 3 How to effectively visualize the kind of compound graph group
structure common to biological network visualization?

In the previous five chapters of this dissertation (Sections 3 - 7), we characterized,
contextualized, and tackled these three research questions. In this section, we finally aim
to provide i) a summary of how, as well as how successfully, these research questions
were tackled, ii) an overview of concrete outstanding work with which to better position
our contributions in the field of biological network visualization, iii) a discussion on
broader future research directions within the context of biological network visualization,
as well as, finally, iv) a few concluding remarks with which to tie the contributions of
this dissertation together.
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8.1 Summary
Here, we aim to provide a small summary of how and how well we tackled the three
identified research questions across the corresponding five chapters of this dissertation.

8.1.1 Research Question 1: The Hairball Problem
Conventionally available heuristic (stress and force-directed) graph drawing algorithms
for straight-line node-link diagram visualizations, commonly relied upon in biological
network visualization efforts (Section 2), do not scale well visually with increasingly large
and dense networks, producing less and less readable “hairballs”. In the introduction
to this dissertation (Section 1), we identified three conceptual solutions to this broad
challenge.

Improving Graph Drawing Algorithms First, one possible solution hereto would
be the development of novel graph drawing algorithms that, for example, embrace more
constrained, and thereby possibly more legible, node layouts, such as schematic ortho-
linear/octolinear, radial, or layered layouts. Alternatively, such novel layout algorithms
could aim to optimize carefully selected and weighted graph readability criteria directly.
However, this lies more so in the realm of algorithm development and graph drawing.

Cleaning up the Drawing Second, one could build upon existing graph drawing
algorithms by improving the network visualizations they produce, i.e., improving network
visualization after they have been laid out algorithmically. It is this second approach
we embraced when proposing a principled approach to vertex splitting for iterative
edge crossing resolution (Chapter 3). Several conceptual approaches have been (graph
theoretically) investigated, such as node/edge deletions or partial edge drawings.

We investigate vertex splitting, i.e., the duplication and repositioning of a graph aestheti-
cally “problematic” vertex, followed by the redistribution of its incident edges across the
thus created copies, thereby improving certain readability criteria in the presented graph
drawing. Vertex splitting already finds some, though limited and simple, use in practice,
both in social and biological networks, highlighting its conceptual usefulness. We opted
to specifically focus on edge crossing resolution as they are one of the most important
quantitative graph aesthetic metrics to optimize, both in small and (to a lesser extent)
larger graphs. To resolve these crossings, thereby improving the drawing’s overall (graph
aesthetic) readability, we proposed a novel algorithmic approach (with local guarantees)
to vertex selection, split vertex location selection, and incident edge redistribution. Care
must, however, be taken when splitting vertices, as we hypothesize the number of split
nodes may itself be a readability criterion: the more of them there are, the more difficult
the split graph drawing becomes to read.

Thus, we subsequently studied the impact of vertex splitting on small graphs in a crowd-
sourced user study. The results hereof indicate that vertex splitting does not hinder
user performance or affect user preference, at least for the smaller graphs presented
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during our user study. Vertex splitting did, however, increase study participants’ task
completion times, indicating, to us, that either split graph drawings i) require addi-
tional/deeper user training, or ii) indeed make certain tasks, such as path tracing or
adjacency determination, more demanding. We note that, for biological networks, the
studied smaller and intermediate-sized graph visualizations remain relevant within the
context of, for example, knowledge subgraph visualization, e.g., KEGG or Reactome
pathways. This, to us, indicates that vertex splitting, if developed and studied further,
could be a valuable approach in improving the readability of such small and intermediate
biological networks. However, as many domains struggle with dense and complex graph
drawings of poor readability, we argue that vertex splitting is a conceptually useful
approach across application domains.

Sidestepping the Problem A third approach to solving hairballs still presents itself:
instead of attempting to make sense of an entire network at once, Focus+Context
techniques could simplify the visualization problem by focusing on smaller, and more
manageable, sub-parts. Here, we study ego networks (Chapter 4) as a (within the context
of biological networks) novel Focus technique.

Ego networks opt to restrict the visualization of a larger network to only those nodes and
edges that are (up to a certain search depth) adjacent and incident, respectively, to some
selected node of interest. Given the little systematic work done on characterizing ego
networks, we first survey the current state-of-the-art of ego network visualization across
domains. From this literature review, we identify the four most common approaches, i.e.,
straight-line node-link diagrams, radial node-link diagrams, layered node-link diagrams,
and (centered) adjacency matrices, in order to compare them in a subsequent large-scale,
crowd-sourced, mixed methods user study.

Our results indicate that adjacency matrices, despite their conceptual advantages, require
substantially more initial effort and training to use effectively, as they systematically
underperformed compared to the three studied node-link diagrams. Between the three
node-link diagrammatic representations, little quantitative or qualitative differences could
be detected. Some comments left by users do hint at the potential superiority of layered
node-link diagrams, specifically, owing to the ease with which participants were able to
learn and use them. However, given the wide variety of ego network sizes and densities,
different approaches may prove more or less useful, depending on the particular application:
While adjacency matrices proved themselves worse for the “Les Misérables” undirected
graph data presented (|V | = 77 and |E| = 254), a larger and/or denser graph could
have rendered the node-link diagrams comparatively ineffective. Given the heterogeneity
of biological networks, we note the need for future studies investigating more diverse
network types. Nonetheless, given their frequent use in the social sciences, we argue
that, if implemented within an interactive system for biological network visualization,
ego networks could form the Focus component of novel Focus+Context techniques.
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8.1.2 Research Question 2: Incorporating Uncertainty

Uncertainty is present in almost all data throughout the visualization pipeline, regardless
of the domain. Subsequently, it is unsurprising that biological networks also “suffer”
from uncertainty in their visualization efforts, be it during data collection, data cleaning,
data analysis, or rendering. For network visualizations, in particular, uncertainty can
express itself in three key ways: i) probabilistic graph uncertainty, i.e., the probabilistic
presence and absence of edges, ii) layout uncertainty, i.e., the uncertainty induced by
graph drawing itself, and finally, iii) node and edge attribute uncertainty. It is this last
category that we focused on when tackling uncertainty visualization in networks (Chapter
5), owing to their prevalence in and importance to biological network visualization efforts:
Many biological and biochemical networks are actually multivariate networks, comprised
of experimental data attached to biological entities, as well as knowledge-graph-derived
topology describing the relationships between these entities. This experimental data, be
it the differences in gene expression values between two clinical conditions or average
protein abundances in a sample, brings with it uncertainty and variance often ignored in
the final visualization of these multivariate networks.

Here, we aim to study different approaches to visualizing such node attribute uncertainties
in commonly employed straight-line node-link diagrams. Given the lack of systematic
work done on such uncertainty visualization in networks, we first review, in a large-scale
survey of literature, existing approaches to uncertainty visualization outside of the context
of network visualization. From this survey, we select three commonly utilized, intuitive,
and powerful approaches, upon which we base our implementation of three uncertainty
encodings: node enclosure, node fuzziness, and node saturation.

We compare these three chosen encodings to a novel, fourth encoding, i.e., animated
node wiggliness, in a larger-scale, crowd-sourced, mixed methods user study. Ultimately,
despite its controversial standing in the literature, animation proved to be just as useful
as its three competitors. Specifically, we found no (statistically) notable quantitative
or qualitative evidence suggesting the inferiority of animated wiggliness. This, in our
estimation, is a solid first step in showcasing the possible utility of animated wiggliness
within the context of graphs’ node attribute uncertainty visualization. For uncertain
multivariate biological network visualization efforts, we note the need for follow-up studies
in larger and denser networks. Such studies may highlight perceptual issues, i.e., too
many moving nodes to keep track of, or limitations of the method, i.e., node occlusions
induced by wiggliness given a denser graph. Moreover, we stress the need to investigate
more complex (domain-specific) tasks, such as path-tracing or cluster identification in
highly uncertain settings. Nonetheless, we argue that wiggliness shows promise for node
attribute uncertainty visualization in biological networks and beyond, by i) effectively
and intuitively drawing attention to uncertain nodes in the network visualization, and
ii) visualizing uncertainty without necessitating the use of visual channels commonly
reserved across various biological domains, such as node color or size.
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8.1.3 Research Question 3: Visualizing Compound Graphs
Multivariate graphs, i.e., graphs whose nodes and edges carry (meta)data in addition
to their topological adjacency and incidence, are common across domains, including
biological networks. One common attribute is group structure. These so-called compound
graphs are comprised of nodes and edges that share (hierarchical) set relationships in
addition to their topological ones. In biological networks, such group structures are
highly common and complicate their visualization. Consider, for example, so-called Single
Nucleotide Polymorphisms (SNPs) which fall within genes, which fall within haplotypes
(or vice versa), which fall within chromosomes. Alternatively, consider genes which
fall within pathways, which themselves are often grouped in a hierarchical ontology of
function. Here, although some systematic work had been done to characterize compound,
dynamic, multilevel, and multivariate graphs, these efforts were, at the time of writing,
several years old. Moreover, despite their conceptual similarities, these graphs are often
studied separately.

Thus, we set out to unify the bibliographies of these past surveys and reviews as well as
add to them. Additionally, we propose a novel taxonomy that distinguishes explicitly
between i) the visual relationship between graph topology and group structure, as well
as i i) the visual encoding chosen to visualize the group structure itself (Chapter 6).
From this survey and taxonomic classification of literature, we are able to identify several
outstanding challenges.

Inspired by the findings of this survey, we put forward the prototypical dashboard Penta
(Chapter 7), which aims to tackle (non-hierarchical) compound graph visualization as a set
visualization problem. Instead of visualizing graph topology and group-level relationships
in a single complex view, Penta decomposes the compound graph visualization problem
into five separate, linked views, i.e., global set topology, set-local topology, set similarity,
entity similarity, and node-relative topology. We argue that this decomposition ensures
that each of these five individual views into the graph is as visually clear and uncluttered
as possible. We demonstrate the utility of Penta in three small-scale use cases, including
the visualization of biological KEGG pathway data. Here, we showcase the advantage
of the global set topological view as it immediately highlights important intersections
between sets, i.e., nodes that map to multiple groups. Through a subsequent investigation
of the linked set-local topological view, one of these intersections is revealed to also
be of topological importance, as it forms a bridge between two large groups of nodes.
Ultimately, while still a prototype, we argue that the conceptual approach of Penta, if
extended and refined, could be highly useful to biological domain experts.

8.2 Outstanding Work
Hands-Off Vertex Splitting In Chapter 3, we lay the foundations for a systematic
approach to iterative edge crossing resolution through vertex splitting. However, several
challenges were not tackled in said chapter, which ultimately limits the application of
vertex splitting in its current state, especially to larger and more complex (biological)
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networks. Here, we identify several interesting outstanding research challenges underlying
algorithmic vertex splitting in (straight-line) node-link diagrams. First, we investigated
only 2-split vertex splitting, i.e., an algorithm that only ever creates two duplicates of a
selected vertex. Here, we see an opportunity to investigate generalized k-split vertex
splitting, i.e., a splitting algorithm that is able to split a selected vertex k times, should
such a split better optimize the graph drawing’s overall readability criteria. Such a
generalized approach might be able to improve the readability of a given graph drawing
more efficiently and effectively. Second, we note the lack of human-readability-based
stopping criteria and guidelines for splitting: how many vertices can be split, and
how many split copies can be present before a graph drawing becomes unintelligible to a
human user? In graph theoretical circles, complete planarization, i.e., the removal of
all edge crossings, is often the goal. While graph theoretically interesting, such a graph
drawing is not necessarily optimized for actual human use. Thus, we see the need for
multiple large-scale and in-depth user studies to develop guidelines and stopping criteria
for vertex splitting to be actually useful to users. Third, across the limited work done
on vertex splitting, efforts have always concentrated on resolving edge crossings. While
edge crossings are indeed a crucial graph aesthetic criterion, we argue that optimizing
multiple criteria may yield overall more readable graphs. Careful consideration and
study would need to be given to the selection of certain graph aesthetics over others, and
their relative weights in the optimization. This may require further study into the relative
importance of graph aesthetic criteria in general. Fourth, beyond automatic edge-crossing,
i.e., the algorithmic selection, duplication, placing, and connecting of problematic vertices,
we see value in a semi-automatic, human-in-the-loop approach to vertex splitting.
Different users may find different vertices more or less problematic, and thus may wish
to see certain vertices split or not. Interactive selection of these vertices, coupled
with algorithmic placing and connecting of these vertices, may yield a personalized
graph drawing, optimized to each user. Finally, given the current interest in artificial
intelligence, we wonder whether such tools could split vertices optimally at a data level,
i.e before the graph has been rendered. Conceptually, this could be more efficient than the
currently studied approaches to vertex splitting at the drawing level. Overall, we believe
that vertex splitting holds substantial, unexplored value as a general tool with which to
improve the readability of network visualizations, agnostic of the layout algorithm chosen.
Given the prevalence of complex and dense graphs in biological network visualization
efforts, we thus argue that vertex splitting holds particular value here.

Application-Oriented Wiggliness In Chapter 5, we lay the foundations to justify
the future investigation of animated node wiggliness for node attribute uncertainty
visualization. This is an important first step in studying and illustrating the value of
wiggliness for uncertainty visualization efforts in biological networks. However, we see
the need for two key follow-up studies to investigate its actual usefulness to the field.
First, the effectiveness of animated wiggliness as a visual channel must be studied on
larger networks, i.e., the kind of sizes that one would expect in modern biological network
visualization applications. It is possible that the added visual fatigue caused by the nodes’
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movement may disqualify animated wiggliness for such large networks. Alternatively,
it may indicate that animated wiggliness should only be employed as a Focus+Context
technique for smaller subsets of a larger graph (e.g., when combined with semantic
zooming), instead of the graph as a whole. Second, we must gauge how to best implement
animated wiggliness “in the wild”, i.e., characterize the additional constraints the domain
of biological network visualization brings with it. Here, we see value in collaborations
with domain experts who may reveal some of these constraints and assist in fine-tuning
wiggliness for domain-specific applications.

A Fully-Fledged Penta Dashboard In Chapter 7, we propose the prototype of the
Penta dashboard for the visualization of compound graphs and demonstrate its potential
for biological network visualization using an example of KEGG pathway visualization. In
summary, Penta aims to decompose the compound-graph-visualization problem into five
separate, but linked, views. However, the implementation of Penta is far from finalized
and production-ready. For this dashboard to be truly useful to biological network
visualization domain experts, we see the need for an application-oriented follow-up study
in collaboration with relevant experts in order to ensure Penta’s usefulness to the field.
First, in order to make Penta useful within the context of experimental data analysis
and exploration, such as gene expression analyses or protein abundance studies, we see
value in allowing the visual integration of node and edge-specific (meta)data. For
example, within the context of gene expression studies, experts might aim to encode gene
expression differences in a (circular) node’s surface area, the direction of the difference in
a diverging color scale, and the statistical significance of a difference in a node’s shape or
opacity. Second, for the tool to be useful “out of the box”, it should be integrated into
existing and commonly utilized knowledge graph repositories, such as KEGG
or Reactome. Conceptually, users would need only to upload their experimental data to
the tool and then select the pathways they wish to visually explore, from their preferred
repository. Third, we see value in investigating domain-specific visual idioms and
language when visualizing networks, nodes, and edges. Some biological (sub)domains
may reserve certain visual channels, such as node color or shape, for particular
data or topological properties. More broadly, certain domains may also employ certain
graph drawing styles for certain data types, e.g., schematic node-link diagrammatic
visualizations for KEGG pathways or radial node-link diagrams for gene variation graphs.
Finally, we may need to facilitate particular (topological) analyses for particular
biological (sub)domains, such as edge predictions within the context of metabolomic
networks, motif identification in the context of gene regulatory networks, or comparative
visualization for gene co-expression analyses.

8.3 Future Research Directions
Uncertainty in Biological Network Visualization As discussed in Chapter 5,
uncertainty in networks emerges in three key ways: i) edge uncertainty in so-called
probabilistic graphs, ii) layout uncertainty caused by differences in layout algorithms,
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and iii) attribute uncertainty in nodes and edges. As also described in this chapter,
uncertainty itself comes in different forms, i.e., aleatoric, epistemic, and ontological.
While the uncertainty in general biological data has been characterized, we wonder
whether biological networks, biological experimental data, and the combination thereof,
bring with them still unknown and unaddressed challenges:

1. What biological visual idioms and languages constrain uncertain biological network
visualization efforts?

2. What particular network analysis tasks must be supported by certain uncertain
biological network visualizations?

3. How should the simultaneous visualization of multiple (different types of) uncer-
tainties in biological networks be handled?

Here, we argue that future research should focus on surveying and characterizing the
different types of uncertainty and their importance in biological network visualization, in
order to subsequently tackle their visualization more completely and meaningfully.

Beyond Simple Compound Graphs As discussed in Chapter 6, the majority of
compound graph visualization tools and approaches deal with either some form of
disjoint group structure or specifically non-disjoint but non-hierarchical group structures.
This means that there exist few techniques for the visualization of overlapping and
hierarchical data specifically. Given the breadth of biological networks, from protein-
protein interaction networks through gene variation graphs to phylogenetic trees, it is
perhaps unsurprising that such overlapping and hierarchical structures can also be found
in biological network visualization endeavors. Thus, we see ample opportunity to develop
novel approaches and domain-specific tools that aim to fill this gap. Such approaches
should allow for the meaningful visual analysis and exploration of the graph’s group
structure across the various levels of its hierarchy. Additionally, intersections (at various
levels of the hierarchical group structure) should be visually communicated to the user
effectively. Finally, care would need to be taken not to impede the visual exploration
and analysis of the compound’s graph’s topology itself. Such an approach would be
interesting not only to biological network visualization efforts, but general compound
graph visualization endeavors as well. Within the context of, for example, (dynamic)
social networks, individual people, i.e., nodes, may fall within (hierarchical) overlapping
group structures. Here, Penta could facilitate the effective visualization of such data
both on a group and topological level.

Automated Schematic Representations Within the context of visual pathway
analyses, domain experts frequently rely on the (hand-drawn) pathway visualization
provided by their knowledge graph repository of choice, such as KEGG or Reactome.
These visualizations adhere to particular visualization conventions, rendering nodes and
edges in particular ways. Indeed, domain experts often become so familiar with the
subgraphs and their visual language that (sub)graph and visualization become inextricably
linked. Introducing novel approaches to pathway visualization is, hence, often met with
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skepticism and resistance. Here, we see an opportunity to develop automated, schematic
network visualization techniques that adhere to the visual language(s) of these repositories.
This could allow for the reproduction of existing pathway visualization, thereby providing
domain experts with a familiar visual language, but with additional interactivity and
analysis tools necessitated by modern biological network analyses. Additionally, this
could allow for the visualization of pathways not yet featured in these repositories in a
manner familiar to domain experts.

Statistically Augmented Network Visualization As noted in Chapter 2, the
majority of biological network visualizations and available tools were designed for the
purposes of exploratory network analysis and hypothesis generation. Within this context,
we note that few interactive visual systems featured analysis techniques or descriptive
metrics to assist or guide users. Even comparatively simple centrality and graph density
measures were surprisingly uncommon. Here, we wonder whether (especially in the
context of more complex analysis efforts such as graph comparisons or edge predictions)
the inclusion of more sophisticated analysis techniques could allow domain experts to
better explore their data and generate novel hypotheses. Depending on the biological
(sub)domain, different techniques could more effectively and efficiently guide them to
areas of topological interest, which may subsequently be of substantive interest as well.
For example, topologically identified or data-informed clusters could be ranked based
on their densities, allowing users to quickly assess which clusters are the most/least
connected and thus where to start their visual exploration. Nodes could be ranked and
highlighted based on a selection of centrality measures, thereby guiding users to nodes of
possible interest, which could then be further explored using an appropriate ego network
visualization. In general, such descriptive statistics of nodes, edges, and clusters could
provide users with topologically meaningful approaches to filtering and sifting through
(especially) large biological network visualizations.

8.4 Conclusion
In this dissertation, we identified several outstanding challenges in the field of biological
network visualization (Section 2) and focused on three particular research questions that
we deemed particularly relevant and interesting. While we may have tackled these three
research questions in the context of abstract network visualization, we argue that our
findings are still highly relevant to the biological domain. For example, within the context
of metabolic pathway visualization, domain experts might benefit from understanding
novel approaches for the visualization of pathway group structure (Chapters 6 and 7).
Depending on the particular visual task at hand, a domain expert might tackle their
exploration of such pathway data not using conventional (interchangeable and juxtaposed)
multiples, but using, for example, matrices to more quickly understand which entities
map to multiple pathways. Alternatively, if retaining an overview of pathway topologies
is relevant, a domain expert might use (line, region, or hybrid) overlays to simultaneously
explore pathway topologies and intersections. Within the context of gene regulatory
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networks, visual analysts might benefit from simplifying the network’s visualization to
only those biological entities relevant to some select gene using an k-hop ego network
(Chapter 4). This might enable researchers to quickly explore the regulation of just a
particular gene of interest, without needing to consider the added complexity added by
the larger network surrounding it. Within the context of gene expression data analyses,
domain experts might benefit from visualizing the deviation of gene expression levels in
their biological network visualizations (Chapter 5) alongside expression levels themselves,
whether this be done using animated wiggliness or more conventional approaches. This
could allow researchers to make more informed decisions about what genes to select for
follow-up studies, i.e., using a combination of not only a gene’s topological and statistical
information but its uncertainty as well. Finally, within the context of multi-omics
networks, we see (a more mature version of) iterative vertex splitting (Chapter 3) as
an ultimately useful approach to improving the readability of such dense and complex
graph drawings. For example, a node involved in many reactions across multiple omics
levels might, owing to its large number of incident edges, induce many edge crossings in
the drawing. Splitting such a node (multiple times) might notably simplify each omics
level’s visual representation, and thereby improve a domain expert’s ability to visually
explore and analyze the network.

We also argue that the more fundamental nature of the research presented in this
dissertation makes it useful beyond just biological network visualization, as the challenges
presented by complex networks rear their heads in a great many domains. For example,
an approach such as readability-improving vertex splitting (Chapter 3) might, in the
context of social network visualization, assist in breaking apart highly connected hub
nodes, whose many incident edges (and subsequently many induced edge crossings) can
make graph topology hard to read. Such nodes could be split multiple times, perhaps
based on their group memberships, thereby making the graph drawing more visually
understandable, both locally and globally. Alternatively, a Focus+Context approach,
such as ego network visualization (Chapter 4), might, after being highlighted by our
work, find more common applications outside of primarily the (dynamic) social network
visualization. For example, within the context of metropolitan transportation networks,
layered node-link diagrammatic ego network representations might allow passengers
to more easily identify which connections are within their immediate reach. Finally,
algorithmically identifying clusters of nodes in a network is common across a variety of
domains. These clusters form a group structure that must be visualized alongside the
graph’s topology (Section 6). Here, we see the opportunity for a more mature version of
Penta (Section 7) to be of possible use in allowing users across domains to effectively
visually explore the node clusters of their network.

All in all, in this dissertation, we first characterized the current state of biological
network visualization and identified several outstanding challenges. Inspired by these
(uniquely biological) problems, we tackled three key challenges, i.e., the visualization
of large and dense biological networks, the visualization of uncertainty in biological
networks, and the visualization of group structures in biological networks. To tackle the
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three challenges, we study i) improving the visualization of commonly utilized straight-
line node-link diagrams through iterative vertex splitting, ii) visualizing node-relative
topology as an underexplored Focus+Context technique, iii) the visualization of node
attribute uncertainties using animation as well as common alternatives, and, finally, iv)
the visualization of compound graphs in order to subsequently propose a prototypical
dashboard for the visualization thereof. While much work remains to be done, we believe
the work presented here has laid some important groundwork, both in the context of
abstract and biological network visualization.
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Overview of Generative AI Tools
Used

No generative artificial intelligence (AI) tools were utilized in the conceptualization,
analysis, or writing of any of the here presented content.
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bar chart and form the basis of subsequent statistical analyses. Statistically
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together with the classes of our taxonomy. This pipeline consists of six el-
ements, namely raw data, which are processed to form data tables, which
in turn are processed to form visual structures, which produce actual visual
views. All these individual pipeline elements are connected by Task-driven
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pipeline elements into 6 classes, namely i) Graph Models, which describe
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modes of Interaction, with which to achieve the analysis’s goals, and, finally,
vi) Applications, which motivate and inform every aspect of the pipeline.
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by the numbers next to their section’s title. Four of these sections form the
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are highlighted in dark grey circles. Each challenge’s arrows indicate which
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betweenness, and eigenvector centrality displayed as turquoise, red and blue
square nodes respectively. C) displays two graphs to be compared, a reference
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2.20 The Reveal tool derives gene association graphs from eQTL data and visualizes
them as node-link diagrams [JBN12]. Reprinted from “Reveal—visual eQTL
analytics”, by G. Günter et al., 2012, Bioinformatics, 18 (28), i542-i548.
Copyright: Open Access - Creative Commons CC BY 3.0. Reprinted with
attribution. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

2.21 Screenshot of the comparative phylogenetic tree visualization offered by
MEGAN [HBF+16]. Reprinted from “MEGAN Community Edition - Interac-
tive Exploration and Analysis of Large-Scale Microbiome Sequencing Data”,
by D. H. Huson et al., 2016, PLOS Computational Biology, 6 (12), e1004957.
Copyright: Open Access - Creative Commons CC BY 4.0. Reprinted with
attribution. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
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2.22 (a) Screenshot of the MultiPiles application by Bach et al. [BHRD+15].
Reprinted from “Small MultiPiles: Piling Time to Explore Temporal Patterns
in Dynamic Networks”, by B. Bach et al., 2015, Computer Graphics Forum,
3 (34), 31-40. Copyright: The Eurographics Association and John Wiley &
Sons Ltd. Published by John Wiley & Sons Ltd.. Reprinted with permission.
(b) NodeTrix visualization of the brain network by Yang et al. [YSD+17].
Reprinted from “Blockwise Human Brain Network Visual Comparison Using
NodeTrix Representation”, by X. Yang et al., 2017, IEEE transactions on
visualization and computer graphics, 1 (23), 181-190. Copyright: The Institute
of Electrical and Electronics Engineers (IEEE). Reprinted with permission. 72

3.1 A k = 7 complete graph, initially laid out using Kamada-Kawai (a), is
iteratively split by hand, one vertex at a time, to resolve edge crossings (b-d)
until all are resolved (e). To do so, four nodes are split. Before being split,
these nodes are visualized as grey circles with a colored border around them.
After splitting, they are shown as a correspondingly colored circle. It should
be noted that, while the initial embedding (a) may be difficult to read, so is
the final embedding (e). In (e) specifically, while no edge crossings remain, the
number of split vertices complicates the reading of the graph’s and individual
node’s topologies. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

3.2 A visual example of the three desiderata. (D1) visualized the minimization
of split vertices desideratum. Instead of resolving all edge crossings possible
by simply splitting a vertex completely (as shown in orange), we instead only
ever split a vertex in two, as this is the smallest split possible. (D2) showcases
the maximization of edge crossing free connections desideratum. Assume we
aim to insert a single vertex into an existing embedding, adjacent to a set of
given set of neighbors (shown in dark grey). Instead of embedding said vertex
in any of the orange positions, which all only allow for 2 edge-crossing-free
connections, we embed this vertex as shown in red, where 3 adjacent vertices
can be reached edge-crossing-free. Lastly, (D3) illustrates the minimization
of edge crossings desideratum. Given two split copies of a vertex embedded
within two faces that fulfill D1, we now must find the adjacencies of each copy
that minimize the total number of induced edge crossings. Here, the orange
set of vertices and edges is discarded, in favor of the red one, as the former
induces 2 edge crossings, compared to the latter’s 1. . . . . . . . . . . . . 87

3.3 Step 1: Target Vertex Selection. In order to ultimately detect the vertex
to split, we first count all edge crossings present in the provided graph
embedding (a), where edge crossings are circled in red. For each edge crossing,
the two involved edges’ incident sets of vertices have their crossing numbers
incremented. In order to resolve as many edge crossings as possible, the vertex
with the highest crossing number is selected as the target to be split (b), here
vertex 2 . The canvas border is shown in blue ( ). . . . . . . . . . . . 88
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3.4 Step 2: Face Decomposition and Selection. The selected target vertex, as well
as its incident edges, are removed from the embedding, and the remaining
graph is planarized (a) using Planarization vertices, illustrated as smaller,
unlabeled, dark grey circles ( ). All faces in the embedding can now be
identified. Given desideratum D2, we aim to maximize the number of edge-
crossing-free connections when selecting the embedding faces. However, as not
all inner faces (as well as the outer face) are convex, they must be decomposed
into convex sight-cells polygons (b). This is achieved through line projection
and the placement of tiling vertices and tiling edges within and until the
canvas border, both shown in blue ( ). The selected sight cells are indicated
as turquoise-color surfaces. As we are trying to achieve this with minimal
numbers of split vertices (D1), only two faces, i.e., splits, are selected. . . 89

3.5 Step 3: Subface Decomposition and Selection. In line with desideratum D2,
given a minimization of the number of edge-crossing-free connections, we aim
to minimize the total number of edge crossings. To identify regions within
the embedding that are equivalent in terms of their number of induced edge
crossings, a complete line arrangement drawing of all pairs of real vertices is
drawn, bounded by user-defined embedding limits (a). As we are interested
only in placing vertices within the two selected target faces (Figure 3.4), we
use these line segments to tile only them into sight cells in order to identify the
pair of sight cells which induce the fewest number of edge crossings possible
when connected to the original target vertex’s neighbors (b). The newly
placed tiling vertices and tiling edges are drawn in brown ( ), as are the
highlighted selected subfaces. The canvas border is shown in blue ( ). . 90

3.6 Step 4: Embedding of the Split Vertex Copies. We now place the two split
copies at the centroids of the selected sight cells and connect them to all
neighbors vertices incident to their selected face (Figure 3.3), as well as all
other neighbors in accordance with their selected sight cell (Figure 3.4 (a).
Note the “suboptimal” placement caused by separating out desiderata D2
and D3; placing it to the left of the edge connecting vertices 4 and 6
would have resolved an additional edge crossing. The original, unsplit graph
is presented for the sake of comparison (b). The canvas border is shown in
blue ( ). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

3.7 Given in (a) is a graph with vertices {A,B,C,D,E}. Cycle vertices, shown as
smaller, unlabeled circles, are placed at the center of all edges. The minimum
cycle basis is identified; here (A,E,D,B,A) and (C,D,B). Cycle (C,D,B)
is a valid face. Cycle (A,E,D,B,A) is not, as it contains vertex C. Thus, the
cycles’ subgraph is extracted. Edge EBD is mapped to one valid face (C,D,B)
and is also part of the graph’s outer face, so it is removed from the subgraph.
The minimum cycle basis is again identified for the pruned subgraph (b). The
only identified cycle, (A,E,D,C,B,A), is now also a valid face. . . . . . 92
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3.8 Illustration of the decomposition of some non-convex inner face (A,B,C,D,A).
Incident vertices A and D are adjacent to the target vertex to be split.
Here, the angle formed by the edges incident to vertex B , (EAB) and
(EBC) forms an angle greater than 180◦. Ray (AB) is projected until it
intersects the closest edge, ECD, where a new tiling vertex X is placed.
The intersected edge, ECD, is replaced by paths through that new vertex,
i.e., ECX and EXD. A tiling edge is created between the newly placed tiling
vertex X and vertex B. This process is repeated for ray (CB), creating
tiling vertex Y . The identified sight cells are, (A,B, Y,A), (Y,B,X,D, Y ),
and (B,C,X,B). To illustrate the calculation of sight cell incidence, consider
sight cells (B,C,X,B). Lines, in blue, are drawn between the sight cells’
centroid ( ) and the two vertices adjacent to the split target. Vertex D
can be reached without crossing any edges. Vertex A , however, cannot, as
the project line crosses the edge EBC . Thus, its incidence is only {A}. The
incidence of the two remaining sight cells is {A,B}. . . . . . . . . . . . . 95

3.9 Three Watts-Strogratz-simulated graphs, (A), (B), and (C), presented to
participants during the conducted user study. All graphs were simulated
using the same parameters of n = 10, m = 6, and p = 0.5. Each graph was
laid out using Python’s NetworkX library’s Kamada-Kawai spring embedding
(normal) and then split until 50% of the original drawing’s edge crossings
were resolved (split). Please note that, for illustration purposes, the graphs
presented here neither have their labels randomized nor their positions inverted.
Split vertices share the same label and are color coded (e.g., 8 or 9 ) to
communicate that they have been split. These graphs’ vertices and labels
have been enlarged threefold for the sake of readability in print. . . . . . 99

3.10 Vertex Splitting applied to a Watts-Strogratz simulated graphs with numbers
of vertices n = 15, mean degree of m = 6, and rewiring probability of p = 0.5:
(Original Embedding) shows the initial Kamada-Kawai spring embedded
drawing, and (Split Embedding) the drawing produced by splitting vertex 4
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

3.11 Box plot of performed paired Wilcoxon signed rank test [Bau72] for answer
accuracy across the three task types (T1–3). P-values are calculated using a
null hypothesized difference of µ0 = 0. At an a-priori specified significance
level of α = 0.05, accuracies are statistically significantly different. More
specifically, for T1 and T3, users were more accurate when using split graphs,
with a median difference of 11.1% and 20.0%, and p-values of pT1 = 0.000003
and pT2 = 0.0144, respectively. Task T2 was not statistically significant
between groups with a median difference of 12.5% and pT1 = 0.1104. . . 104
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3.12 Box plot of performed paired Wilcoxon signed rank test [Bau72] for the time
taken to answer the three task types (T1–3). P-values are calculated using a
null hypothesized difference of µ0 = 0. At an a-priori specified significance
level of α = 0.05, the differences in time taken are statistically significantly
different for T2 and T3. More specifically, users were slower using split
graphs, with a median difference of 6.17 seconds (∼ 13.9% slower) and 8.61
seconds (∼ 14% slower), and p-values of pT2 = 0.036 and pT3 = 4.967E−05,
respectively. Task T1 was not statistically significant between groups with a
median difference of 0.306 seconds and pT1 = 0.866. . . . . . . . . . . . . 105

3.13 Box plot of performed paired Wilcoxon signed rank tests [Bau72] on Likert-
scale user responses. Answers range from 1 (Strongly Disagree) to 5 (Strongly
Agree). P-values calculated with a null hypothesized value of µ0 = 3. At
an a priori specified significance level of α = 0.05, T1, T2, and T3 were
all statistically significant with median differences of ∼ 4.5, and p-values of
4.436E − 08, 2.656E − 07, and 6.665E − 05, respectively. . . . . . . . . . 106

3.14 Cumulative empirical (logarithmic) runtimes of the vertex splitting method
evaluated on k-complete graphs of increasing size, from k = 6, 8, 10, 12 and
14. Time was collected for the 6 steps of the algorithm, namely Select Vertex
(Figure 3.3 (a) and (b)), Decompose Faces (Figure 3.4 (a)), Subface Selection
(Figure 3.4 (b)), Line Segmentation (Figure 3.5 (a)), Sight Cell Selection
(Figure 3.5 (b)), and Embed Split Vertex (Figure 3.6 (a)). For each scenario,
100 graphs were simulated and the time taken to perform these steps was
recorded, shown as light grey lines and points. For each k graph, the smoothed
average run time and 95% confidence interval of its 100 runs is calculated and
overlaid in color. As expected, the face decomposition step, reliant on Kavitha
et al.’s [KMMP08] O(m2n) algorithm, where m and n denote the number of
edges and vertices, respectively, forms the computational bottleneck of our
implementation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

4.1 Construction of a 2-alter ego network representation (b) from some given
input graph (a). The selected ego, i.e., node a, is highlighted in orange in
both the network’s global topological representation as well as its own ego
network. The alters of the ego are shown in a tree-like structure, i.e., all its
1-alters are depicted on the tree’s first layer, and all its 2-alters on the second.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

4.2 Mapping of the 50 collected ego network papers to both the application
area and ego network representation. The number of papers that map to a
combination of categories is encoded in its circle’s size, color intensity, and
numerical label. Papers could map to multiple representations and application
areas. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
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4.3 Illustrative visualizations of the implemented ego network representations.
Nodes and intra-alter edges are color-coded according to their alter-level using
an appropriate color palette. More specifically, 1-alters are colored green,
2-alters orange, 3-alters blue, and 4-alters purple. Inter-alter edges, as well
as the ego, are colored dark grey. . . . . . . . . . . . . . . . . . . . . . . 120

4.4 Studied network sizes of 53 ego-networks from our gathered 50 papers. For
several papers, no specific sizes were specified, nor could they have been
estimated from the figures. Network size is displayed on the log scale for
readability. The overall median network size, |V | = 45, is illustrated by the
dashed black line, and the chosen “Les Misérables” character interaction graph,
|V | = 77, by the dashed black line [Knu93]. . . . . . . . . . . . . . . . . . 124

4.5 Counting of the k-alter levels admitted or demonstrated in 37 of the 50
collected ego network visualization papers. Our chosen “Les Misérables”
character interaction graph’s alter-level of k = 3 is illustrated by the dashed
black line, chosen as it offered a balance between the relative simplicity of the
many k = 1 or k = 2 networks and the still fairly common larger networks of
k ≥ 4. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

4.6 Categorization of (non-dynamic and attribute-related) graph analysis tasks
according to nine previous works that featured a task-based evaluation of
ego networks (i.e., [LHS+15, LGD+17, LGD+17, SI17, SWW+15, SAK+21,
WPZ+16, ZGC+16, ZGC+16, ZSZ+17]. i.e., i) Liu et al. [LHS+15]’s study
of their EgoNetCloud system for dynamic ego network analysis, ii) Liu et
al.’s [LGD+17] visualization approach for the comparison of two ego networks,
iii) Shikora et al.’s [SI17] egocentric visualization of artists’ relationships to
each other, iv) Shi et al.’s [SWW+15] 1.5D visualization of dynamic ego
networks, v) Sorger et al.’s [SAK+21] visualization of egocentric networks in
VR, vi) Wu et al.’s [WPZ+16] EgoSlider approach to visualizing egocentric
network evolution, vii) Zhao et al.’s [ZGC+16] investigation of their matrix-
based visualization of dynamic ego networks, viii) Zhao et al.’s [ZGC+16]
evaluation of their dynamic adjacency matrix-based technique EgoLines,
and ix) Zhao et al.’s [ZSZ+17] evaluation of EgoSlider [WPZ+16] on mobile
devices. Additionally, the twelve tasks are categorized, faceted, and color-
coded according to Lee et al.’s [LPP+06b] graph task taxonomy, i.e., Browsing
Tasks, Overview-based Tasks, and Topology-based Tasks. . . . . . 126

4.7 Participants’ task error rates are visualized per task and represented as a
box-and-whisker plot. The center of each boxplot corresponds to the median,
and its lower and upper hinges to the first and third quartiles, i.e., the 25th
and 75th percentiles, respectively. Finally, the “whiskers” correspond to
1.5× IQR from the hinge, where IQR denotes the inter-quartile range, i.e.,
the distance between the first and third quartiles. . . . . . . . . . . . . . 132
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4.8 Participants’ time taken per task is visualized per task and represented as a
box-and-whisker plot. The center of each boxplot corresponds to the median,
and its lower and upper hinges to the first and third quartiles, i.e., the 25th
and 75th percentiles, respectively. Finally, the “whiskers” correspond to
1.5× IQR from the hinge, where IQR denotes the inter-quartile range, i.e.,
the distance between the first and third quartiles. For added visual clarity,
the y-axis scale was limited to a maximum of 15 minutes, resulting in nine
outlying data points not being visualized here. . . . . . . . . . . . . . . . 132

4.9 5-Point Likert Scale results visualized as a normalized stacked bar chart. Each
statement corresponds to a particular row, across the individual subplots
corresponding to the four archetypal ego network representations investigated.
Likert scale answers are color-coded, i.e., strongly disagree, disagree,
neutral, agree, and strongly agree. . . . . . . . . . . . . . . . . . . . 133

4.10 The number of negative and positive statements made by participants relating
to i) comprehension, labeled as “Comp.”, ii) nodes of interaction, labeled as
“I.”, iii) the layout, iv) participants’ perceived task load, and v) particular
graph tasks, labeled as “Tasks”, organized by each of the four ego network
visualizations. Comment counts by statement type are color-coded based on
whether they are negative or positive. . . . . . . . . . . . . . . . . . . 135

5.1 Various visual channels with which to communicate node attributes, and
uncertainty more specifically, according to Conroy et al. [CGH+24]. Nine
possible channels are identified, namely a) node size, b) node color hue, c)
node shape, d) saturation, e) node sharpness or fuzziness, f) node texture, g)
node enclosure, h) node gradient, and i) node splatting. . . . . . . . . . 145

5.2 Categorization of collected uncertainty visualization papers, visualized as a
dot plot. The number of papers that mapped to a particular combination
of application domain and visual encoding is visualized as a dot, whose
surface area encodes the number of papers. Our classification of application
domains was, where available, based on the work of Jena et al. [JED+20].
Our classification of visual encodings is based on the taxonomy of Weiskopf
[Wei22]: All possible visual encodings fall within one of three categories,
namely Hybrids and Systems, Display of Distribution, and Summary
Statistics. Each of these categories is further broken down into subcategories,
which in turn encapsulate individual visual encodings. Rows, i.e., application
domains, are sorted in descending order of the number of papers that mapped
to said application domain. Within each subcategory facet, columns, i.e.,
visual encodings, are also sorted in descending order of the number of papers
that mapped to said visual encoding. The total number of papers that mapped
to a particular visual encoding across application domains is visualized in the
corresponding bar in the bar chart atop the dot plot. Papers could map to
multiple application domains and visual encodings. . . . . . . . . . . . . 150
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5.3 Illustrative examples of a) saturation, b) fuzziness, c) enclosure, and d)
wiggliness encoding uncertainty in a synthetic network of size |V | = 9 and
|E| = 11. Note that, for illustration purposes, all nodes share the same degree
of uncertainty for their attributes. . . . . . . . . . . . . . . . . . . . . . . 152

5.4 Chosen/Simulated graph datasets’ properties, specifically their a) number of
nodes and density, b) nodes’ degrees, c) half-normally simulated node attribute
magnitude, and d) uniform-randomly simulated node attribute uncertainty.
Data properties are color-coded depending on the dataset, i.e., raccoons and
ants. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

5.5 Participants’ task accuracies visualized per task and per uncertainty encoding,
represented as a box-and-whisker plot. The box’s center represents the values’
median, and its hinges the first and third quartiles. The whiskers represent
1.5 times the interquartile range. . . . . . . . . . . . . . . . . . . . . . . . 160

5.6 Participants’ task time taken visualized per task and per uncertainty encoding,
represented as a box-and-whisker plot, in which the box’s center represents
the values’ median and its hinges the first and third quartiles. The whiskers
represent 1.5 times the interquartile range. . . . . . . . . . . . . . . . . . 161

5.7 7-point Likert scale results per question and per uncertainty encoding, visual-
ized as a box-and-whisker plot, in which the box’s center represents the values’
median and its hinges the first and third quartiles. The whiskers represent
1.5 times the interquartile range. . . . . . . . . . . . . . . . . . . . . . . . 161

5.8 The number of negative and positive statements made by participants relating
to i) effort, ii) engagement, iii) layout, and iv) usability (rows) for each of
the four representations (columns). Comment counts by statement type are
color-coded based on whether they are negative or positive. . . . . . . . 163

6.1 Sources and overlap of the selected papers, collected from Beck et al. [BBDW14],
Nobre et al. [NMSL19], Vehlow et al. [VBW15], and McGee et al. [MGM+19],
illustrated as an area-proportional Euler diagram. Among other goals, we
aim to unify their collected references in addition to extending this collection
of literature. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

6.2 Examples showcasing the five identified visual relationships between group-
level and topological encodings. (a) Separate relationships describe the
visualization of group structure independently of any (topological) embedding
of the compound graph. (b) Juxtaposed relationships place each group’s
subgraph side-by-side, allowing for straightforward comparisons between them.
(c) Embedded relationships embed group-level information within/atop
a compound graph’s drawing. If a particular node forms an intersection
between two groups, its glyph is accordingly colored. (d) Interchangeable
relationships only visualize one group’s subgraph’s topology at a time, but
allow for a user to scrub through them linearly. (e) Explicit relationships,
rather than displaying all topological and group-level relationships, visualize
only a composite of the two. . . . . . . . . . . . . . . . . . . . . . . . . . 177
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6.3 Examples of the eight identified visual encodings of group structure. (a)
Node-Attribute encodings simply visualize nodes’ group memberships using
those nodes’ color and/or shape. (b) Overlay encodings visualize group
membership as regions or lines atop the nodes in the graph embedding. (c)
Bipartite node-link diagram encodings visualize groups as additional nodes
within the graph’s embedding. Group membership is communicated using
bipartite edges connecting group nodes to topological nodes. (d) Multiples
encodings visualize each group’s subgraph separately in its own “tile”. (e)
Tree encodings communicate (hierarchical) group structure between entities,
visualized as leaf nodes, as hierarchical nodes whose edges indicate super/sub-
set relationship between them. (f) Identity matrix encodings communicate
set membership tabularly, where if a node (row) pertains to a group (column),
the respective cell is filled. (g) Abstraction encodings provide an overview of
groups’ cardinalities and their relationships by abstracting away the individual
elements that make up said group. Intersections are communicated through
angular overlap between lines. Finally, (h) hybrid encodings combine any
of the above encoding types, e.g., a combination of multiples with node-link
diagrams. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 179

6.4 Group structures compatible with the visualization approaches collected from
the selected papers. Circle area and color intensity encode the number of
papers and techniques that map to a particular combination of group structure
and “overlappedness”. The exact number of papers is displayed at the center
of each circle in black. Papers could map to more than one such combination
of categories. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182

6.5 Co-occurrence of visual encodings and visual relationships of the selected
papers. Circle area and color intensity encode the number of papers and
techniques that map to a particular combination of encoding and relationship.
The exact number of papers is displayed at the center of each circle in black.
Some papers featured multiple visual encodings and/or relationships and were
thus mapped to more than one combination of such categories. . . . . . . 183

6.6 Cumulative number of the selected papers mapped to application area across
time. Papers could map to multiple such application areas. . . . . . . . . 186

7.1 The (a) set-relative topology of a selection of three sets from the global
topological view, colored in blue, orange, and green in both views. The (b)
global topology view for seven KEGG mouse (MMU ) pathways (groups)
and their intersections. A notable intersection between these three selected is
the entity (vertex) with identifier 58810 which is highlighted in black on the
(a). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 194
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7.2 Visualizing Character Interactions Across Harry Potter Books. (a) Global
Topology View: Overview of character interactions across the first four
books, highlighting recurring characters. (b) Local Topology View: Dense
inter-character connections between books two and three. (c) Set and
Vertex-Similarity Analysis: Consistent level of recurring characters and
interactions between books. . . . . . . . . . . . . . . . . . . . . . . . . . 196

7.3 Analyzing the Star Wars Character Network. (a) Global Topology View:
Comprehensive visual map of the Star Wars character network, highlighting
key characters across all movies. (b) Local Topology View: View into
the dense interrelationships of characters across the first six movies. (c)
Ego-Network of R2-D2: Central role and extensive connections of R2-D2
within the Star Wars narrative. . . . . . . . . . . . . . . . . . . . . . . . 198
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