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ABSTRACT

This dissertation contributes an in-depth treatment of multivariate network (MVN)

visualization techniques and their evaluation. A multivariate network is one in which

the nodes and/or edges are associated with attributes. This type of network is wide-

spread, with examples including social networks, physical networks such as power grids,

networks modeling cellular processes in biology, and trees describing evolutionary rela-

tionships between species. The need for visualizing MVNs arises when the structure (the

topology) of the network needs to be analyzed together with the node or edge attributes.

Such analysis presents a challenge when visualizing topology and attributes in the same

view, since choosing efficient encodings for one aspect often interferes with the ability to

effectively visualize the other.

Our work contributes to the space of multivariate network visualization by first orga-

nizing the design space of MVN visualization techniques into a typology and identifying

the limits of existing approaches. Given this landscape of techniques, we make two tech-

nique contributions: 1) an applied design study with domain experts that explores visual-

izing attributed genealogies; and 2) a general MVN visualization approach that addresses

the challenge of simultaneously visualizing topology and attributes. We also contribute an

empirical study that provides experimental evidence concerning the performance of the

two most commonly used MVN visualization techniques: node-link diagrams and adja-

cency matrices. This body of work will provide guidance for practitioners, visualization

researchers, and domain experts using MVNs for real world exploration.
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CHAPTER 1

INTRODUCTION

This dissertation provides an in-depth treatment of multivariate network (MVN) vi-

sualization techniques and their evaluation. This includes an overview of existing ap-

proaches to MVN visualization, two novel MVN visualization techniques, as well as a

user study comparing the two most common MVN visualization approaches: node-link

diagrams and adjacency matrices. Multivariate networks are those that contain informa-

tion about both the structure of the network — i.e, the topology — and attributes associated

with the nodes and edges. These attributes can be of several different data types, such as

numeric or descriptive.

Most real world networks are multivariate, with several examples in fields such as

biology, transportation, and software engineering. Biologists, for example, need to explore

canonical pathways in the context of experimental data, to judge whether a pathway

is valid for a given tissue or organisms. To this end, they analyze the structure of the

network, mapping how entities are connected to form pathways, and inspect the attribute

information along these paths, such as metabolite concentration.

Another common real world application of MVNs is social network analysis. In this

field, nodes represent social entities, such as people, and edges capture the relationships

between them. Additionally, some social networks can contain heterogeneous nodes and

edges, representing distinct entities with unique sets of attributes. Social scientists analyze

these networks to better understand the behavior of social entities and how they interact

with each other. For example, an analyst may be interested in whether a tight group of

friends are all in the same age group, and whether they often interact with people who

went to a neighboring school. Social networks are often large and topologically complex,

making them challenging to visualize. Additionally, both the nodes and links can be

associated with several attributes of different types.
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In software engineering, nodes represent software components such as classes and

functions, and edges represent the association between nodes. Attributes often include

computed metrics such as the number of lines in a function or how often a class is called.

Similar to MVNs in the fields of biology and social sciences, these networks can be very

large, with more node and edge attributes than can be easily visualized at once. Analysis

tasks can include finding bottlenecks in the code, or better understanding how network

components influence the output.

As the examples above show, analyzing multivariate networks often relies on under-

standing both the relationships in the network and the attributes of the nodes and edges.

This process of network analysis can be effectively supported by well-designed visual

representations. In this respect, network visualization research is aimed at generating

effective network layouts and visual mappings [5]. A closely related field is that of graph

drawing, which draws on methods from geometric graph theory and information visual-

ization to produce optimized placement of the nodes and edges in a graph layout. MVN

visualization builds on the field of graph drawing by also accounting for attributes and

how they can be visualized to best support MVN analysis tasks.

A common challenge with visualizing networks is the limited number of nodes and

edges that can be effectively visualized at once. Network visualizations can quickly be-

come overly cluttered and unreadable when the size of the network exceeds a few hun-

dred nodes. This lack of scalability is exacerbated for multivariate networks, where rich

attributes for the nodes and/or the links need to be considered as well.

The main challenge with visualizing multivariate networks, however, arises from two

conflicting goals that need to be reconciled: visualizing topology and visualizing node

and edge attributes. The visualization community has a good understanding of how to

visualize either the topology of a network or the multidimensional data that are associated

with the nodes and edges, yet addressing both topology and attributes at the same time

is still an open research problem. Given the limits of human perceptual and cognitive

abilities, MVN visualizations cannot simply display all the information at once. They

must carefully choose which aspects of the network to prioritize. Effective techniques

often take into account the specific analysis tasks, and provide interaction to dynamically

prioritize different aspects of the network. The challenges with visualizing MVNS can
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be further exacerbated when the network is particularly large or when the number of

attributes increases.

1.1 Contributions
In order to address the challenges above, this dissertation makes the following contri-

butions:

� Typology of MVN visualization techniques and taxonomy of MVN analysis tasks

In order to organize the design space of existing approaches to this challenge, we con-

ducted a survey of MVN visualization techniques, which resulted in a typology of

MVN visualization layouts as well as visual and data operations that are commonly

applied when visualizing MVNs [3]. From the corpus of papers in this survey, we

also gained a better understanding of MVN analysis tasks and created a taxonomy

of MVN tasks that builds on existing general network exploration tasks to account

for the presence and importance of attributes [3].

� Technique for visualizing attributed genealogies

Lineage [1] is a design study that resulted from a collaboration with psychiatrists

at the University of Utah. Lineage provides a solution that addresses their analysis

needs in a layout which juxtaposes a linear layout of the genealogy with a juxtaposed

table of node attributes. This configuration provides tight integration between the

topology of the network and the attributes of the nodes and edges, therefore sup-

porting both topology and attribute based tasks.

� Tree-based technique for visualizing general MVNs

In an effort to generalize the Lineage approach, which was designed for tree-like

networks, we also contribute a general network visualization approach with the

Juniper technique [2]. The core idea behind Juniper is to extract a spanning tree from

a network and visualize a linearized version of this tree alongside a juxtaposed table

of node and/or edge attributes. The Juniper technique expands the current design

space of visualizing MVNs, particularly for integrated layouts.

� User study comparing node-link diagrams and adjacency matrices

We carried out a formal user study comparing the two most prevalent forms of

MVN visualization: node-link diagrams and adjacency matrices [4]. This study
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generated the first empirical evidence on the performance of these techniques for

MVNs as well as a novel method for evaluating complex interactive visualization

with crowdsourcing.

1.2 Organization
This dissertation summarizes related work and then presents our work in the fol-

lowing order: theory, techniques, and evaluation. In Chapter 2, we provide definitions

for different types of networks, outline the major network visualization approaches and

their suitability to different network types, summarize how MVNs are used in different

application areas, and outline the most common forms of evaluating MVNs. In Chapter 3,

we discuss multivariate network exploration tasks, including both existing approaches

to MVN exploration and a novel taxonomy of tasks that explicitly accounts for both the

topology and the attribute components. Chapter 4 presents the typology of multivariate

network visualization techniques, derived from the analysis of publications for our state

of the art report on visualizing MVNs. In Chapter 5, we describe our design study with

psychiatrists and the resulting tool Lineage. Chapter 6 presents Juniper, a more general

technique we developed for visualizing MVNs. In Chapter 7, we report on our crowd-

sourced study comparing node-link diagrams and adjacency matrices, including a detailed

description of our validated design approach to conducting crowdsourced studies for

complex interactive visualizations. In Chapter 8, we conclude with a broader discussion

on the main contributions of this dissertation and identifying areas of future work.
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BACKGROUND AND RELATED WORK

In this chapter, we summarize the most prevalent approaches to network visualization

and their suitability to different network types. We discuss the main ways in which at-

tributes are encoded but leave a more detailed and formal analysis of the design space of

attribute encoding to our typology of MVN visualizations in Chapter 4. Then, we provide a

summary of the major application areas for multivariate networks in the real world. Lastly,

we provide an overview of the evaluation methods currently used in MVN visualization.

We preface this chapter with terminology and definitions for networks.

2.1 Definitions and Terminology
The term network is widely used, and can have different meanings depending on the

context. For the purpose of this dissertation, we define a network, or a graph, as G = (N, E)

with nodes n 2 N and edges e 2 E, which can be of different types t 2 T. A multivariate

network is one in which the nodes or edges, or both, have attributes associated with

them. We refer to the nodes and edges as the network’s topology. The topology of the

network captures its structure, or how the nodes are connected to each other. Attributes

on the nodes and edges can be of varying data types, such as textual, quantitative, ordinal,

nominal, or set data. Attributes can also be computed based on topological properties.

For example, the degree of a node, or its centrality, is a common derived attribute. Analo-

gously, topological structures can be derived from attributes. For example, two nodes can

be connected if they share an attribute.

Both nodes and edges can be of different types. We consider nodes and edges of a

type to be of a semantic unit that has a different set of attributes associated with it. For

example, a node type actor could have a name, current residence, age, etc. associated with

it. Another node type in the same network could be movies, with attributes such as movie

title, budget, revenue, genres, etc.
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We distinguish between the following network types:

� Complex networks, i.e., networks with nontrivial topological features, such as a di-

verse degree distribution (the distribution of the number of links per node), clusters,

hubs, etc. [6]. Among the complex networks are scale-free networks, with a degree

distribution that follows the power law distribution. These networks are character-

ized by a small number of nodes with a very high degree that exhibit preferential

attachment, i.e., that nodes added to the network are likely to attach to these central

hubs. An example is the world wide web, where major websites are linked to much

more frequently than others. Another type of complex network is a small world

network, with a degree distribution that peaks around the average value. These

networks exhibit significant clustering and are characterized by a short average path

distance, hence small world. Social networks are a typical example.

� Layered and K-partite networks are networks in which the nodes can be partitioned

into discrete sets and in which links are mostly (in the case of layered networks) or

exclusively (in the case of k-partite networks) between the different sets. Layered

networks are ordered (e.g., as in genealogies, where there is an order of generations

that is represented as layers) and have links only between successive layers, whereas

k-partite networks can have links between multiple partitions and are not necessarily

ordered.

� Trees are acyclic networks, commonly with a defined root, for which each node is

either a leaf or the root of a subtree. Trees have exactly one path between two nodes

and have a low average degree.

For complex networks, we also distinguish between sparse networks, with a low av-

erage degree, and dense networks, with a high average node degree. Layered networks,

k-partite networks, and trees are sparse by their nature.

2.2 Network Visualization
In the following sections, we outline the two main approaches to network visualiza-

tion: node-link diagrams and adjacency matrices, including how attributes are most com-

monly encoded with each technique. We also describe tree-specific approaches, since they

provide the background for both technical contributions in this dissertation (Chapters 5
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and 6). We provide a more detailed treatment of all approaches to multivariate network

visualization in Chapter 4, including reference implementations and guidelines for when

each approach is most appropriate.

2.2.1 Node-Link Diagrams

Unlike the origin of charts for tabular data — such as line charts and bar charts —

whose early use in the works of William Playfair are well documented, the exact origins

of network drawings are not well known. The earliest forms of network drawings are

gameboards in stone carvings that date back to the 13th century [7]. These drawings

predate the establishment of graph theory in 1735 by the Swiss mathematician Leonhard

Euler. Euler is credited with solving the first theorem in graph theory when he solved the

Knigsberg bridge problem, a puzzle concerting the possibility of finding a path over seven

bridges, without crossing any bridge twice. Even though Euler’s solution did not directly

reference the components of a graph, he did prove that no such path exists, and is thus

credited with originating graph theory.

The early drawings of gameboards from the 13th century were in the form of node-link

diagrams, where the nodes are drawn as point marks and the links as line/curve marks

connecting the nodes (Figure 2.1(a)). Aside from the game boards, the other common form

of ancient network drawings was in the form of family trees [8]. Figure 2.1(b) shows early

recorded genealogies that appeared in manuscripts from the Middle Ages [7]. A selection

of examples of these early family tree drawings can be found in Klapisch-Zuber [9]. A

more thorough history of how trees have been visualized with node-link diagrams over

the centuries can be found in The Book of Trees by Manuel Lima [10]. The advent of mod-

ern network drawing happened in the late 18th century and early 19th century, when

node-link representations began to appear more frequently in varied contexts, such as

mathematics, engineering, and chemistry [7]. For example, mathematicians started using

graph drawings for problems involving path tracing, and in chemistry graph drawings

were used to represent the structures of crystals [7].

Node-link diagrams are by far the most common graphical representation of networks.

They are the subject of their own field of study — graph drawing — and countless algo-

rithms for node-link layouts have been developed [11]. In order to quantify the aesthetics
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(a) Morris gameboards

(b) Ancient family trees

Figure 2.1. Historic examples of node-link diagrams: (a) Morris gameboards from the 13th
century. The nodes of the graph drawings are the positions that game counters can occupy
and edges indicate how game counters can move between nodes. (b) Family trees that
appear in manuscripts in the Middle Ages [7].

and usability of a graph drawing, different quality measures can be used, such as number

of edge crossing, symmetry, and area of the drawing, among others. For example, as a

general rule, an optimized graph drawing will minimize the number of edge crossings,

although avoiding them altogether is often impossible depending on the structure of the

graph. Also in regard to edges, shorter edge lengths are commonly viewed as easier to

follow and interpret than longer ones. Additionally, it may be preferable for the lengths of

edges to be uniform rather than highly varied. Ensuring uniform edge lengths becomes in-

creasingly challenging as the size of the network increases, a problem that is compounded

when attributes of the nodes and edges must also be visualized. Different graph layout
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strategies, such as force-directed or orthogonal, prioritize different metrics depending on

the goal of the visualization. Force-directed layouts, for example, favor a layout in which

edges are short, while keeping nodes distinct and well separated. Orthogonal layouts

allow the edges to run only horizontally or vertically to the coordinate axes of the layout.

HOLA is a type of orthogonal network layout method that leverages a human-centered

approach to produce layouts of comparable quality to that of a human. Layered layouts

place nodes into layers and thus clearly separate edges that connect adjacent layers.

Encoding attributes with node-link diagrams is most often done through on-node en-

coding (Figure 2.2), which refers to modifying the visual appearance of a node or embed-

ding marks in it. Color coding is a common choice to encode a single data value or a node

type; the latter is also often encoded using node shapes or icons. Gehlenborg et al. [14]

review techniques used in systems biology for visualizing multivariate networks, many

of which make use of on-node encoding using embedded charts, such as line charts, box

plots, etc. On-node encoding is also widely supported by common network visualization

tools such as Cytoscape [15] and Gephi [16]. Van den Elzen and van Wijk [17] use embed-

ded visualizations to show distributions of values aggregated in a super-node. On-node

encoding supports the integration of topology and attribute-based tasks well; however,

(a) (b)

Figure 2.2. On-node encoding. (a) Multiple attributes (metabolite concentrations) are
encoded directly on the nodes using color [12]. Figure licensed under CC BY 2.0. (b)
Photos and labels are encoded on the nodes of a social network [13].
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it comes with scalability trade-offs. Even for a modest number of nodes in a node-link

layout, node size has to be limited; hence little space is available to encode attributes.

When details about nodes are shown, as, for example, in MoireGraphs [18], the number of

nodes that can be displayed simultaneously is limited.

Complex networks, as defined in Section 2.1, are often visualized with node-link dia-

grams, particularly if they are sparse and have at most a few hundred nodes. Complex

networks that are larger or more dense quickly exceed the limitations of the node-link

representation and are better represented by adjacency matrices, which are described in the

following section. Sparse layered and k-partite networks can be visualized with node-link

diagrams where nodes are grouped by their layer and edges are drawn between adjacent

layers. Trees are also inherently well suited for node-link diagrams since they are sparse

by definition and can guarantee a layout with no edge crossings.

Although node-link diagrams are the oldest and most prevalent form of visualizing

networks, other approaches such as matrix based or tree-specific layouts have emerged as

alternatives, each providing optimized encodings for certain network types.

2.2.2 Adjacency Matrices

The concept of an adjacency matrix has its origin in graph theory, and is defined as

a matrix whose elements indicate whether pairs of vertices are connected in a network.

Adjacency matrices have several similarities to tabular structures since they are both com-

posed of rows and columns, which can then support nested visualizations within the cells.

The idea of encoding cell values visually dates back to the late 19th century, with shaded

matrices or heat maps used to encode values in tabular data (Figure 2.3(a)) [19].

A key component of heat maps, and by extension adjacency matrices, is the idea of

reordering rows and columns to reveal patterns. This practice also dates back to the late

19th century, when the English Egyptologist Flinders Petrie reordered strips of paper to

reconstruct the chronology of excavated graves [21]. The use of tabular visualizations was

popularized by Jacques Bertin [20]. Bertin also leveraged the use of matrix visualizations to

show the structure of an underlying network [20], as seen in Figure 2.3(b) from the seminal

book Semiology of Graphics [22]. Although adjacency matrices are used to represent network

structures, the technique leverages the same visualization techniques used for tabular data,




