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Abstract

As Tufte emphasizes, “above all else, show the data” [131]. Consistently highlighting key

aspects of the data in visualizations ensures a more reliable, quick, and insightful understand-

ing of data, particularly when interpreting various aspects of the data. This is particularly

applicable for hierarchical data, which have many facets of relational information. A hier-

archy is a system that organizes entities by rank, order, or importance, using parent-child

relationships at its foundation. These relationships often result in derivation of various other

kinds of relationships within the hierarchy, some of which are widely applicable and consid-

ered of primary importance across domains, while others are domain-specific and of special

importance. Examples of these relationships include siblings, levels and paths. The nodes

and edges that comprise these relationships are often collectively referred to as topologies by

the visualization community [80, 92]. In our research, we further distinguish the topologies

of single node and edge elements, referred to as basic topologies and those formed by sets

of nodes and edges, which we term composite topologies. Having the ability to explicitly

represent composite topologies and provide support for interactive operations on them is

useful for revealing patterns, facilitating analysis, and drawing meaningful conclusions from

hierarchical data.

Tree visualizations are a subclass of hierarchical visualizations designed to represent data

with strict parent-child relationships in a tree structure. These techniques emphasize visual

clarity in conveying hierarchical depth and structural relationships. Existing tree visualiza-

tion techniques and systems primarily focus on representing node entities and parent-child

relationships between node entities, and to some extent supporting operations on nodes

and edges. These visualizations often reveal various other composite topologies inciden-

tally through their design. Some relationships, like parent-child relationships, are easier to

xvi



interpret in these visualizations than composite topologies because they are explicitly repre-

sented. Other relationships represented by composite topologies require deliberate effort by

users to interpret their structure from what they see. Explicit representation of composite

topologies can allow users to see those topologies directly rather than discerning them from

their constituent node and edge representations, opening new avenues for interactive data

exploration and analysis of hierarchies.

This research explores how existing tree visualizations represent information and how

these visualizations can be extended to support representation of composite topologies and

interactive operations on them. We examine the concept of topologies: the structures in

a hierarchy, comprising nodes and edges, that constitute various relations. We develop a

software architecture and a data pipeline to support tree visualization design, along with an

implemented tree visualization system called Hieros. We conduct a user evaluation to study

the usability and utility of representing various relations and interacting with them in tree

visualizations.

This dissertation makes five main research contributions. The first contribution is

C4D3 [31], a JavaScript-based coordination library for building coordinated multiple view

visualizations using the D3 [24] library for web-based visualizations. It is based on the Live

Properties architecture of the Improvise visualization system [138]. C4D3 aims to adapt and

implement the coordination architecture of Improvise as an independent library that can be

used with web-based visualization libraries such as D3, and eventually make it possible to

build and coordinate tree visualizations via their topologies.

The second contribution is a conceptual model of representative suitability, which is used

to assess the capability and suitability of tree visualizations to represent the structures and

their attributes in hierarchical data. The model aims to help in predicting how likely tree

visualizations are to effectively visually represent specific topologies and the information

associated with them.

The third contribution is the design of Hieros, a tree visualization library with a modular

xvii



software architecture and a hierarchical data pipeline. The architecture supports explicit

representation of topologies and interactive operations on them at various stages of the

visualization pipeline.

The fourth contribution is a reference implementation of Hieros, a tree visualization

library implemented in the Improvise visualization environment to support construction of

topology-augmented tree visualizations.

The fifth contribution is a user evaluation to assess the utility and usability of tree

visualizations in explicitly representing topologies.

Overall, this dissertation contributes to the systematic understanding of tree visualiza-

tions in terms of topological structures that form the building blocks of hierarchies, the

building of a visualization system and data processing pipeline to support topology-centric

tree visualizations, and demonstration of their application to a variety of knowledge domains.
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Chapter 1

Introduction

1.1 Overview

A hierarchy is a way of organizing entities based on their rank, order, or importance. Hierar-

chies have many applications in various human-designed systems such as evolutionary trees,

file systems, tournament brackets, and organizational charts. The semantics of entities and

their relationships in hierarchies differ across applications, depending on what qualifies as an

entity and what defines a relationship between entities. For example, in a dendrogram, an

entity is a cluster formed by its constituent items, and the relationship indicates which items

belong to which cluster. In contrast, in a decision tree, an entity is a decision or choice, and

the relationship is the path leading to potential outcomes, which may themselves be further

decisions. Tree visualization techniques are flexible in the many ways to visually encode such

variations in the data and also offer many ways to interact with hierarchies in applications.

1.2 Motivation

Hierarchical data consists of information about entities (nodes) and their relationships (edges).

These entities and relationships often combine into composite topologies that represent more

complex parent-child relationships. For instance, siblings are all child nodes of a given parent
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Figure 1.1: Left: Node-link tree visualization explicitly encoding only nodes and edges.
Right: Node-link tree visualization explicitly encoding node, edge, level, siblings, path, and
branch topologies.

node, a level consists of all nodes at a given distance from the root node, a branch consists

of a given node and all its descendants, and a path consists of all the edges between an

ancestor node and a descendant node in the tree. More specialized topologies correspond to

domain-specific relations. Basic and specialized topologies are typically well-studied in their

respective domains, but have received little attention in research on visual representation

techniques. Figure 1.1 shows an example of a basic node-link hierarchical visualization that

depicts only nodes and edges, as compared to a node-link hierarchical visualization that also

explicitly shows level, siblings, branch, and path topologies.

Existing tree visualization designs [113] primarily focus on representing the nodes and

edges of hierarchies. In many cases, they also implicitly depict composite structures by

highlighting the specific nodes and edges that constitute them. Consequently, tasks involving

composite topologies in tree visualizations [92] typically require interpreting information

indirectly from their constituent nodes and edges. This presents an opportunity to augment

tree visualizations by explicitly representing topologies and supporting new exploratory and
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analytical tasks through interaction with these representations. This opportunity raises

several challenges:

• Systematically understand the relative strengths and weaknesses of existing tree visu-

alizations in terms of their ability to represent information associated with composite

topologies.

• Provide support for representing composite topologies as well as data associated with

them.

• Enable users to perform tasks on composite topologies by supporting interactions such

as selection, navigation, data editing, and structure manipulation.

• Provide support for coordinating multiple tree visualizations through interaction with

the topologies in them.

Existing tree visualization systems and software architectures offer limited support for

topologies beyond basic node and edge structures. They generally lack first-class capabili-

ties for representing, querying, and interacting with composite topologies. In visualizations

that do have such capabilities, representations and operations are custom designed for spe-

cific domains, leaving open opportunities for more systematic understanding and broader

generalized application of new representation and interaction techniques.

1.3 Research Path

This dissertation documents research to systematically develop understanding of how to

augment tree visualization techniques with explicit representation of commonly occurring

composite topologies. The research proceeded in four main stages:

• Stage One explored the various commonly occurring topologies in tree visualizations,

the kinds of operations one can perform on those topologies, and the different kinds
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of information that can be associated with them. We developed a conceptual model

of representational suitability to assess how well tree visualizations can depict the

structure of topologies and information associated with them. Use cases demonstrate

how the model helps in selecting tree visualizations more likely to be effective for

particular kinds of tasks. (See Chapter 3.)

• Stage Two developed a coordination library, C4D3 [31], to support the develop-

ment of coordinated multiple view (CMV) visualizations for client-side web applica-

tions. The goal was to enable coordination of visualizations more generally on the

web, supporting coordination patterns across various types of both hierarchical and

non-hierarchical views. The C4D3 library also provides a view abstraction and a co-

ordination mechanism for views built using the popular D3.js JavaScript visualization

library [24]. We implemented a gallery of example CMV visualizations to demonstrate

the library’s utility. (See Chapter 4.)

• Stage Three designed and implemented a tree visualization library, Hieros, that sup-

ports explicit representation of, and operations on, both basic and composite topologies

in tree visualizations. We used Hieros to design and implement augmented versions of

seven well-known tree visualization techniques that demonstrate a variety of ways to

represent and interact with nodes, edges, and composite topologies. (See Chapter 5.)

• Stage Four evaluated topology-augmented tree visualizations built using Hieros to

assess their usability and utility in explicitly representing topologies and supporting

operations on them, offering recommendations for improvement and ideas for future

research on tree visualizations. (See Chapter 6.)
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1.4 Details of the Research Path

This dissertation systematically studies how to visualize tree data effectively by examining

the current and potential role of composite topologies in hierarchical visualizations. It seeks

to build understanding of how topologies are currently represented in tree visualizations, the

ways in which tree visualizations can visually represent structural and attribute information

of topologies explicitly, the interactive operations on tree data that could be performed

through those visual representations, how tree visualizations can be coordinated through

their topology representations, and develop a visualization system that supports the design

and implementation of topology-augmented tree visualizations. Therefore, this research

primarily lies at the intersection of visualization theory, design, and system development. We

began by grounding our work in visualization theory, followed by the design of visualizations

and the development of a visualization system, and concluded with an evaluation of the

implemented designs.

The tree visualization design space is huge. Schulz documents over 340 tree visualization

techniques [113] to represent hierarchical data. Tree visualization techniques have been

organized in many ways [151, 111, 113]. One common way of organization is based on

the Gestalt principles of connection, containment, and alignment [111]. Within each Gestalt

principle, we can further organize based on the node alignment [113]. We sampled commonly

used tree visualization techniques from these two organizations of Gestalt principles and

node alignment and study them in terms of providing support for representing topological

information. We develop a model of representational suitability that helps assess and compare

the strengths and weaknesses of the sampled techniques. We examine the base ability and

overall suitability of the sampled tree visualizations to effectively represent different kinds of

topological structures and their attribute values. The model serves as a guide to designers

to choose a suitable visualization for targeted topological tasks.

Complex visualization designs, particularly those with advanced CMV capabilities [140]

commonly desired in exploration and analytical applications, are relatively rare in web-based
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visualization tasks. Such tools typically connect views directly to implement simple coor-

dination patterns like shared selection. It remains challenging to implement more complex

coordination patterns desirable for data exploration in these tools. We re-implemented the

Live Properties coordination architecture of Improvise [138], originally implemented in Java,

as a JavaScript library to support coordination of visualizations built with D3.js [24]. The

resulting C4D3 library provides view abstractions to make D3.js views modular and com-

patible with the coordination architecture, thereby supporting implementation of complex

CMV web-based visualization tools.

Existing techniques for visualizing hierarchical data focus almost entirely on representing

and interacting with nodes and edges themselves. Much less attention has been paid to

visualizing composite topologies like levels, siblings, paths, and branches. We develop system

extensions and view modules in the Improvise visualization environment [138] to support

representation and interaction with such composite topologies as first-class objects in tree

visualizations. We name the library Hieros after the root word for hierarchy. In Hieros, an

extended information visualization pipeline [111] maps node and edge data into composite

structure information for subsequent visual encoding and layout along with the nodes and

edges themselves. We develop support for common operations that occur at various stages of

the pipeline to interactively create, select, navigate, and manipulate the composite topologies

during data exploration and analysis. Further extension of the pipeline supports coordination

of topologies across tree visualizations via the underlying Live Properties [138] architecture in

Improvise. We develop seven variations of common tree visualization techniques, augmented

with composite topology representations and interaction, as Improvise view modules. We

include support for shared selection, and shared navigation coordination patterns [140] to

build coordinated tree visualizations for demonstration and evaluation purposes.

We conduct a user study to assess the usability and utility of the topology-augmented

visualizations developed using Hieros. Quantitative measures confirm that participants are

able to perform tasks on topologies with reasonable accuracy and speed. Qualitative feed-
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back indicates that participants find visualization of the composite topologies themselves

to be helpful for understanding those structures and their attribute information, as well

as useful for performing tasks on them. They express confidence in interacting with the

structures and find the visualizations appealing. We also identify several shortcomings of

the topology-augmented visualization designs using Hieros. Participants find it challenging

to perform complex tree manipulation tasks, especially involving multiple steps. With so

many ways to interact with the tree, participants express that additional visual cues are

needed to help understand the interactive state of the visualization between and during task

performance. Participants also express difficulty interpreting quantitative information about

topologies encoded using color visual channels. This last shortcoming is fundamental to the

limited number of visual channels available to encode quantitative information in some tree

visualization techniques, as well as the limited effectiveness of color for encoding quanti-

tative information [77]. These results suggest that augmenting visualizations with explicit

representations of composite topologies makes interactive exploration and analysis of those

topologies in hierarchical data faster and more straightforward overall.

1.5 Thesis Statement and Research Contributions

1.5.1 Thesis Statement

Tree visualization techniques can be augmented to explicitly represent composite topological

structures and enable direct interaction with those structures. Explicit representation and

interaction with composite topologies visually emphasizes their intrinsic structure and rela-

tionships, thereby supporting faster and more effective exploration and analysis of hierarchical

data than by visualizing and interacting with those structures solely through their constituent

node and edge representations.
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1.5.2 Key Contributions

This dissertation describes four primary contributions to the field of information visualiza-

tion. The first contribution is C4D3 [31], a JavaScript-based coordination library for views

built using D3.js based on the Live Properties architecture in Improvise [138]. Interactive

dependencies between views can be specified in a declarative manner, allowing for simple,

flexible mixing and matching of different coordinations and creation of coordination patterns.

The second contribution is a conceptual model of representative suitability, which is used

to assess the capability and suitability of tree visualizations to represent topological struc-

tures and their attributes in hierarchical data. The model predicts visualization techniques

likely to effectively represent topological structures and the information associated with

them.

The third contribution is the design of Hieros, a tree visualization architecture to support

design and implementation of topology-augmented tree visualizations including their layout

algorithms and visual encoding options. Hieros utilizes a hierarchical data pipeline to support

interactive operations on topologies along the various stages of an information visualization

pipeline [111] specialized for tree visualization. Additionally, Hieros offers a mechanism to

coordinate topologies across different tree visualizations.

The fourth contribution is a reference implementation of Hieros in the Improvise visu-

alization environment. The implementation includes a representative set of commonly used

tree visualization techniques, augmented with composite topology features as Improvise view

modules.

The fifth contribution is a user evaluation to assess the utility and usability of representing

tree topologies explicitly in hierarchical visualizations.

1.6 Research Questions and Scope

The research presented in this dissertation must answer several questions raised by the thesis.
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First, existing web-based visualization libraries currently rely on either low-level coor-

dination abstraction libraries or natural language template-based high-level coordination

abstractions for building coordinated multiple views. This either requires the views to be

aware of the internal implementation details of other views or restricts the example set of

coordination patterns provided through templates. Although simple coordination can be

implemented easily in existing libraries using these approaches, it is challenging to imple-

ment more complex ways of coordinating views including to support common coordination

patterns [140]. How can we design a view-level abstraction for D3.js [24] that offers view

modularity and simple, yet flexible composition of coordinated multiple views (CMV) while

preserving the expressiveness of individual D3 components?

Second, analysis in different domains may involve topologies in different ways. What

kinds of topologies interest users in different domains? What kinds of operations are per-

formed on tree data in different domains? In what ways do users interact with different kinds

of topologies, and what kind of data is being modified when performing tree exploration and

analysis tasks? In genealogy, for instance, a user might be interested in the number of sib-

lings of a person in a family, or how two distinctly related people are connected. These

queries involve operations on siblings and path topologies, respectively.

Third, there are many variations of tree visualization techniques for representing hierar-

chical data [113]. Broadly, they can be organized based on how parent-child relationships

are depicted in terms of the the Gestalt principles of connection, containment, and align-

ment [111, 151]. The choice of visual encoding of nodes and edges affects how users perceive

them differently in different techniques; some choices of visual encoding are more favorable

for certain kinds of data [77]. What are the strengths and weaknesses of tree visualiza-

tion techniques in visually encoding the structural and attribute information of composite

topologies?

Fourth, current tree visualization systems use a tree visualization pipeline [111] that ex-

poses only nodes and edges as first-class objects. Extending the existing pipeline could offer
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support for explicit composite topology visual representation and interactive operations on

those topologies along the pipeline in a first-class manner. What levels of visual representa-

tions and interactive operations need to be supported? What are the necessary components

of such a visualization pipeline and how can they be integrated into a software architecture

for efficient and effective design and use?

Fifth, studying the designs of existing tree visualization techniques would help us under-

stand the possibilities for augmenting them with explicit visual representations and interac-

tions on composite topologies. What are the different ways that topologies can be explicitly

represented in tree visualizations? What kinds of interactions can be performed on those

representations to support operations on their topological structures and attributes? How

can those representations also depict interactive state during and between topology-related

tasks?

Sixth, what are the benefits and drawbacks to designers of having an architecture and

implemented library for creating tree visualizations? How well can such an architecture

support design and use of operations on tree data? What are the practical impacts of

treating topologies as objects of primary importance in the data analysis process, particularly

as targets of visual representation and interaction? How are different tree visualization

techniques amenable to topological augmentation, or not?

Seventh, we would like to understand the utility and usability of topology-augmented

tree visualizations built using the Hieros library. How efficiently and accurately can users

perform operations on topologies in those visualizations? What challenges do they face?

How might Hieros be improved to overcome those challenges?

1.7 Organization of the Dissertation

The remaining chapters in the dissertation are organized as follows.

Chapter 2 provides an overview of prior work in coordinated multiple views, representation
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of topologies in tree visualizations, tasks performed on tree topologies, and the structural

and attribute information associated with topologies. It discusses how existing tree visu-

alization techniques represent topologies and support different kinds of interactive tasks

on them.

Chapter 3 presents a model of representative suitability for assessing the capability of a

given technique to represent topological structure, its characteristics, and associated at-

tribute information. It describes a general method for applying the model to technique-

topology pairings. The method is used to populate a representative sample space of

well-known tree visualization types and both common and specialized topologies. The

results identify important patterns across techniques and structures, validating past de-

sign choices and suggesting future opportunities. These findings are then used to assess

the criteria and overall method for determining suitability. Finally, the chapter offers

strategies to select tree visualizations that are well-suited to different mixes of hierarchi-

cal topologies and tasks.

Chapter 4 presents a coordination library based on the Live Properties architecture for

creating coordinated multiple views (CMV) [138]. It describes the architecture of view

modules in C4D3, provides guidance on how to create view abstractions to make the views

modular and work with the C4D3 coordination layer, presents example applications, and

assesses C4D3’s applicability to web-based visualization development.

Chapter 5 describes the software architecture of Hieros, its components, and their integra-

tion in an implemented library for building topology-augmented tree visualizations. It

details extension of the standard information visualization pipeline of Hieros to support

visual representation and interactive operations on composite topologies, a variety of

visual representations and interactive operations for those different topologies, and key

topology coordination patterns supported by Hieros. It presents design variants of seven

well-known tree visualization techniques augmented with explicit composite topology
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representations and interactions. Finally, it describes the design considerations involved

in the development of Hieros and makes an overall assessment of its design capabilities

and limitations.

Chapter 6 presents a user study evaluating the usability and utility of topology-augmented

tree visualizations implemented using Hieros, discusses the operational limitations of

Hieros designs and summarizes directions for improvement and ongoing development.

Chapter 7 concludes with a discussion of the benefits and limitations of the topology-

augmented approach in terms of Hieros, its data pipeline, and the example augmented

tree visualization designs; an outline of possible extensions and future work; and a sum-

mary of the contributions of the dissertation.
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Chapter 2

Background and Related Work

This chapter reviews prior work that lays the foundation for this thesis by focusing on

tree visualization centered around topologies. It examines how existing tree visualizations

integrate information about composite topologies, especially in their visual representation

and corresponding support for interactive operations on topologies. It then outlines how

existing visualization pipelines for tree visualizations are designed to work with topologies for

their visual representation and to support more complex data transformation and querying

operations on those topologies. This chapter reviews literature on the visual representation of

tree topologies, tasks involving topological data, the data transformation and query support

provided by tree visualization systems, and support for coordination of topologies in tree

visualizations. It also reviews prior work on coordination architectures and visualization

systems that support the development of coordinated multiple views more generally.

2.1 Tree Visualizations

The visualization community continues to show a substantial interest in developing tech-

niques for visualizing hierarchical data [113]. Historically, people have used figurative rep-

resentations of trees [72] to depict hierarchical data through organic traits of a biological

tree such as trunks, branches, shoots, fruits, and leaves. Also referred to as symbolic rep-
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resentations, they continue to find practical use, such as for the depiction of phylogenetic

trees [102]. Figurative representations continue to inspire research and development of hier-

archical visualization techniques with diverse layouts and styling. These techniques utilize

visual channels like area, shape, and length to show information more abstractly than in

historical forms, allowing them to generalize well across domains and applications.

Many taxonomies of tree representations have been proposed. Schulz [113] categorizes

tree visualization techniques as implicit hierarchies that use non-drawn metaphors to rep-

resent parent-child relationships, explicit hierarchies that draw metaphors such as edges to

represent parent-child relationships, and hybrid representations that do both. Schulz, et

al. [115] further classify the implicit, explicit, and hybrid representations as root-centric,

parent-centric, and hybrid based on whether layout operations are determined with respect

to the tree’s root node and/or with respect to each node’s parent. Techniques are further

categorized on their dimensionality (2D, 3D, hybrid) and how nodes are aligned with the root

node (horizontal, vertical, radial, free). Scheibel, et al. [111] categorize treemap visualization

techniques as space-filling treemap, containment treemap, implicit edge representation, and

mapped tree based on the is-a relationship between nodes. Other categorizations [152, 92]

are based on Gestalt principles or structural characteristics such as connection, containment,

alignment, adjacency, indented outline, symbolic, and hybrid. Fung, et al. [49] uses matrix

based representation of trees. Some taxonomies sub-categorize techniques in terms of levels

and enclosure [135] or forms of implicit connectivity [114]. In Chapter 3, we use a similar

categorization to organize common tree visualization techniques for modeling their represen-

tational suitability. Later on, this organization helps in sampling the tree visualization space

and studying it in terms of how topology information can be represented in the sampled vari-

ety of tree visualization techniques. In Chapter 5, we use the same categorization to develop

variations of the common tree visualization techniques to explicitly represent topologies.
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2.2 Representation of Topologies in Tree Visualizations

Hierarchical visualizations depict topologies either explicitly or implicitly. For instance,

linear and radial variants of node-link views [22, 116] represent nodes and edges explic-

itly; squarified treemaps [117], sunburst charts [122], and icicle plots [147], and circular

treemaps [145] represent edges implicitly; and nodes in dendrograms [153] and leaf nodes in

rings [128] are represented implicitly. The implicit representations of topologies rely on the

Gestalt principles of connection, containment, alignment, etc. in most cases and the partic-

ularities of layout in others. Some visualization techniques that represent tree structures go

beyond traditional node-edge depictions to visually represent some composite structure by

virtue of their layout. Nested pietrees [115] and circular treemaps [145] use buffer space to

represent siblings. Other’s rely on using an available visual channel of the basic topologies

to surface a composite topology, such as by highlighting the nodes of a given level with the

same color [66]. Still others utilize coordinated views to show topologies like paths [10].

Some approaches use augmented node-link diagrams to emphasize topological attribute

information, as seen in Hierarchical Bundling [61] and TreeVersity [55], which visually en-

code attributes not only in nodes and along edges, but also within branches to reflect mul-

tifaceted hierarchical relationships. Containment-based visualizations, such as rectangular

treemaps [118], and their improved variants, including squarified treemaps [27] and Voronoi

treemaps [14], represent sets of siblings as regions enclosing constituent items. Alignment-

based methods, notably icicle plots and sunburst charts [10], further delineate hierarchical

levels and sibling groupings through linear or radial arrangements, while polar treemaps [64]

merge treemap principles with polar coordinates to achieve radial space-filling layouts. Ad-

jacency matrix representations, such as matrix-based tree visualizations [51] and hybrid

systems like NodeTrix [59], offer alternative views that can be particularly advantageous for

large hierarchies by highlighting structural connections in a compact form.

More recent research has integrated focus+context and distortion techniques, exemplified

by adaptations of Table Lens [98] and Local Edge Lenses [129], to support dynamic explo-
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ration and drill-down of specific tree topologies while preserving overall context. TreeJuxta-

poser [81] demonstrates that implicitly visually encoding branches and paths by highlighting

their constituent nodes and edges facilitates comparative analyses and detailed exploration

of complex hierarchies. Paisley, et al. [91] uses implicit representation of paths for topic

modeling. Some domain-specific tree visualization techniques [94] draw a horizontal plane

in 3D to represent levels. Bubble Sets [39] use isocontours to highlight sub-trees in a parse

tree. Balzer and Deussen [13] use semi-spheres to represent siblings in 3D representation

of trees. These various explicit representations are applied in an an ad-hoc or in domain-

specific manner, leaving open the opportunity to apply and study explicit representation of

composite topologies in tree visualization techniques more generally.

The layout algorithms used to generate the visual representations of tree visualizations

often take into consideration particular aspects of tree structure. Reingold and Tilford [99]

describe an algorithm for tidier drawing of trees that are aesthetically pleasing and use

minimal space. Misue [79] describe a tree layout algorithm that adopts to different aspect

ratios of display. He and Zhu [57] describe a level-based tree algorithm that preserves the

order of leaf nodes. The algorithms focus mainly on maintaining the aesthetics of the tree

and making better utilization of available space. Other algorithms for tree layout try to

preserve the characteristics of composite topologies; for instance, Bederson, et al. [19] de-

scribe ordered and quantum treemaps that preserve the order of siblings in a space-filling

layout. Existing tree visualization techniques generally put emphasis on efficient space uti-

lization or highlighting particular aspects of composite topologies. In Chapter 5, we modified

the layout algorithms of common tree visualization techniques to incorporate explicit visual

representation of composite topologies.
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2.3 Tasks on Topologies in Tree Visualization

Tree visualizations aim to facilitate exploration and analysis tasks on hierarchical data driven

by user needs. Brehmer and Munzner’s multi-level typology [26] characterizes visualiza-

tion use by differentiating the why and how of tasks and providing abstractions for both.

Pandey, et al. [92] extended the why aspect specifically for tree visualizations, categorizing

tasks by abstraction level: analyze (high-level, consuming topological information), search

(mid-level, finding specific topologies), and query (low-level, identifying, comparing, or sum-

marizing topologies) to abstract visualization tasks and add specificity when characteriz-

ing target topologies on which the visualization tasks occur. The how aspect of Brehmer

and Munzner’s typology [26], which encompasses data manipulation, encoding, and data

generation in visualizations, is generally applicable to tree visualizations. Together, these

typologies [26, 92] provide a framework for organizing tasks on tree topologies and develop-

ing visual representations and interactions for those tasks. Munzner, et al. [81] introduced

TreeJuxtaposer, which enables encoding, navigating, selecting, and arranging operations on

topologies, especially branches, to support mid-level tasks of search and low-level tasks of

comparison. Graham and Kennedy [52] use a directed acyclic graph visualization to support

low-level comparison tasks on multiple trees. It allows for comparison of implicit repre-

sentations of composite topologies such as paths, and siblings. TreVis [4] uses a context

tree visualization to support comparison of trees based on the attributes of nodes. It uses

distance-based metrics to compare the trees and the visual encoding of nodes to represent

similarities and differences. Radial Clustergrams [5] support tasks involving browsing a tree

and selecting subsets of nodes using selection and navigation interactions. It also uses a

fisheye distortion technique [107] to browse parts of the tree without losing global context.

InfoSky Visual Explorer [12] supports level-based exploration of document collections. It

supports operations on attributes of a document, such as size or age, and maps them to

the visual encoding of the nodes, such as color and luminance. These various visualization

systems use visual encoding of nodes and edges to implicitly represent composite topologies,
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with topology interactions performed on the explicit representation of nodes. Explicitly rep-

resenting composite topologies could provide ways to compare topologies directly; enable

direct select, filter, and navigation interactions on composite topologies; and thus support

analyze, search, and query tasks directly on tree topologies. This directness could increase

usability by making structural and attribute analysis tasks more efficient and learnable.

Visualization tools like SpaceTree [96] combine data pipelines with interactive querying,

allowing users to modify visual representations through filtering, selection, and drill-down

based on node attributes and hierarchical levels. Tools such as Treemap 4.0 [37] and Se-

quoiaView [67] provide different filtering methods. Treemap 4.0 primarily employs attribute

filters (on e.g., size, age) to visually gray out nodes, alongside structural filters controlled by

a dynamic query interface to filter out particular composite tree structures. SequoiaView of-

fers ways to filter files based on attributes such as name, size as well as creation, modification

or last access date or any combination of these in addition to sorting and highlighting of files.

These developments underscore the significant potential of tree visualization systems that

utilize a visualization pipeline to explicitly represent topologies and support a wide array of

topology tasks [92] beyond simple node-edge interactions. In Chapter 5, we describe the im-

plementation of a visualization pipeline to support operations on trees through interactions

to create, filter, select, navigate, and generally manipulate composite topologies as well as

nodes and edges.

2.4 Visualization Pipeline for Topology Support

Generation of a tree visualization typically happens in three phases along a visualization

pipeline [111]: pre-processing that is responsible for delivering suitable data describing the

tree’s structure and attributes, visual mapping for converting the data into visual struc-

tures and details, and rendering that converts the visual structures into displayed graphics.

Existing tree visualization systems mainly focus on supporting node and edge structures in
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these stages. Different systems implement data transformations on these basic structures in

different ways. GoTree [71] is a visualization system that describes a computational pipeline

for visualization of node and edge data. User interactions create operations that direct the

generation of views by modifying the three stages of the pipeline to determine layout spec-

ification, node and edge visual encoding specification, and coordinate system specification.

Schulz, et al. [115] explore the layout generation process in the visual mapping phase and

propose a generative layout approach that follows a six-step layout process to generate rooted

tree drawings.

The Data State Reference Model [36] describes a taxonomy for classifying techniques

that apply data operators at various stages of the visualization pipeline, and identifies var-

ious visualization techniques used by tree visualizations [101, 69, 35, 16] involving different

stages of the pipeline. Chapter 5 describes how Hieros extends the information visualization

pipeline to map node and edge data into composite structure information for subsequent

visual encoding and layout with the nodes and edges themselves. Hieros supports operations

at various stages of the pipeline to interactively create, select, navigate, and manipulate

these structures during data exploration and analysis.

2.5 Coordination in Tree Visualizations

Coordinated multiple views are often used for exploring and analyzing different facets of

the same data or for comparing distinct datasets using multiple visual representations [140].

Coordinated multiple views can be employed for the exploration of hierarchical data in a

variety of ways. Common techniques include edge drawing [126], which connects nodes be-

tween different trees with edges; coloring [81, 31], in which color highlights identical items

across trees; and animation [144], which tracks changes in a tree over time. Another strat-

egy involves comparing topologies across representations by coordinating constituent nodes

through selection [31] or by coordinating the constituent nodes of composite topologies, such
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as branches [114]. Tree-Panels [127] utilizes a combination of tree representations to display

complementary information about the nodes and edges within a hierarchy, although it does

not otherwise coordinate them. In Chapter 5, we describe extension of the tree visualization

pipeline to enable the coordination of explicit representations of composite topologies across

tree visualizations, specifically using selection and navigation coordination patterns [140] to

create coordinated multiple views.

2.6 Coordination in Visualizations

Interactive systems, as surveyed by Grammel, et al. [54] and Mei, et al. [78], have emerged

to assist in constructing CMV’s without requiring programming expertise. For example,

Snap [90] enables users to coordinate views by joining data tables based on relational data

models and coupling primary- and foreign-key actions. Despite their expressiveness, these

systems have a steep learning curve and require verbose operations, making the creation

of coordinations tedious for users. Other systems like Tableau (formerly Polaris) [123],

simplify coordination by allowing users to create common coordinations based on prede-

fined templates. MyBrush [68] and Lyra2 [154] support customization and rapid creation of

interactions in multiple views. Dataflow systems such as VisFlow [150], provide dataflow op-

erators that can establish coordination along the dataflow, in which interactions in upstream

views can change the visual representation of downstream views. The construction can be

further simplified with the assistance of natural language interfaces like FlowSense [149], and

Gosling [76]. Despite their capability to reduce technical burdens, these methods suffer from

limited expressiveness; i.e., they only supporting limited types of coordination and a limited

range and variety of coordination patterns.

On the other hand, programming-based tools provide users with the capability to au-

thor custom coordination constructions. Visualization programming toolkits and libraries,

such as ProtoVis [23] and D3 [24], offer high expressiveness but demand considerable pro-
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gramming expertise. To mitigate this, declarative grammars grounded in The Grammar of

Graphics [146] have been introduced, enabling the rapid generation of visualizations through

concise JSON syntax. However, these grammars often lack specific coordination support,

requiring users to switch context between individual visualization elements and coordina-

tion specifications, hindering coordination construction. Improvise [138], addresses this need

by employing a direct shared-object coordination mechanism (Live Properties) along with

an indirect coordination mechanism (Coordinated Queries) with CMV specified through a

visual abstraction language.

Coordination capabilities are directly integrated into the majority of desktop and web-

based visualization systems. More recently, Nebula [34] provides an abstraction layer for

constructing coordinated visualizations using macros to abstract coordination specifications.

It offers efficient CMV design through textual specification of supported coordination pat-

terns. Use-Coordination [65] is a reactive library for coordinating views, built using the

ReactJS framework. Use-Coordination and Nebula offer low-level coordination abstraction

and natural language template-based coordination patterns respectively, limiting flexibility

to specify coordination patterns and thus making it hard to compose complex CMV’s. Chap-

ter 4 describes C4D3 [31], a shared-object coordination library based on the Live Properties

architecture [138] of Improvise visualization system. C4D3 provides a mid-level abstraction

to implement complex coordination patterns [140] flexibly and easily in web-based visualiza-

tions.

2.7 Summary and Gaps in the Literature

The survey above hints at the substantial utility of hierarchical visualizations that can rep-

resent information about topologies explicitly, beyond the usual nodes and edges. Existing

visualizations do effectively represent the basic hierarchical elements of nodes and edges.

They also heavily rely on these elements to represent composite topologies such as levels,

21



paths, and siblings implicitly. Due to the limited visual encoding channels available for

representing nodes and edges, re-purposing these channels for composite topologies presents

challenges. These challenges may include losing the ability to represent information about

nodes and edges simultaneously, or may create ambiguity, as a given node or edge can be part

of multiple composite topologies at the same time, making it unclear which topology is being

depicted by the current visual encoding of the node or edge. While hybrid and multiple view

approaches can partially address these issues, they typically rely heavily on implicit rep-

resentations (often domain-specific) rather than offering generalized, first-class support for

diverse topological structures. Moreover, user interactions in tree visualizations are generally

limited to simpler operations such as panning, zooming, and basic filtering. More advanced

interactions that leverage detailed topological structures, such as to highlight siblings across

multiple levels, remain ad-hoc and are rarely generalized. These shortcomings highlight the

need for a more systematic approach to representing and interacting with composite topolo-

gies that benefit from explicitly representing them within tree visualizations. In addition

to informing the design of new and augmented tree visualization techniques, the develop-

ment of software architectures to treat these topologies as first-class visualization objects

would enable operations on trees involving complex querying of data at different stages of

the visualization pipeline including through coordinated interaction.
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Chapter 3

Representational Suitability Model

for Tree Visualizations

3.1 Overview

Hierarchical information is of interest in many domains. Researchers and practitioners have

developed a variety of visualization techniques to represent and interact with hierarchical

data. While many of these techniques have been studied in terms of their effectiveness for

performing tasks on such data, the results have been generally inconsistent and difficult to

generalize. We present a general model of the suitability of tree visualizations to visually

represent both simple and more complex topological structures in hierarchical data and

the data attributes associated with them. Our primary goals are to inform researchers

about which visualization techniques are well-suited (or not) to represent different aspects of

hierarchical information and guide designers in the selection of suitable techniques to support

particular domain analysis tasks. The model applies a combination of five heuristic criteria—

encoding capability, channel accuracy, layout capability, side effects, and scalability—to

assess the suitability of a given technique to represent topological forms, characteristics,

and associated attributes. We describe a general method to apply the model to technique-
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topology pairings, systematically apply the method to populate a large representative sample

space for well-known tree visualization types and common and more specialized topologies,

identify important patterns across techniques and structures to validate past design choices

and suggest future opportunities, use the results to assess the criteria and overall method

for determining suitability, and offer strategies to select tree visualizations that are likely to

be well-suited to different mixes of hierarchical topologies and tasks on them.

3.2 Introduction

Consider a user who wants to use a tree visualization to represent the hierarchical organi-

zation of a university. The hierarchical data consists of information such as the different

colleges in the university and the multiple departments they oversee, the size of various

departments, the levels of supervision for various employees, the funds allocated to vari-

ous departments, etc. There are many varieties of tree visualizations from which the user

can choose. Each of these visualizations varies in its design considerations and has its own

strengths and weaknesses for representing different aspects of hierarchical information. For

instance, squarified treemaps are well-suited for comparing properties of leaf nodes, whereas

node-link treemaps are well-suited for understanding the connectivity of all nodes in a tree.

Given a variety of tree visualizations and analysis goals, how might a university employee

go about making a choice of visualization to represent their organizational data?

Many user studies [121, 15, 67, 136, 74] have been conducted to find and compare the

strengths and weaknesses of particular techniques. Many of these user studies rely on pro-

viding a curated list of tasks to be performed by participants and make conclusions based

on the analysis of measures such as the speed and accuracy with which the participants per-

formed these tasks. Fiedler, et al. [45] survey 69 such studies and argue that these studies,

while useful, failed to produce knowledge that can be reliably derived and generalized. A

user intending to select a tree representation based on these user studies must synthesize
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localized insights from small sets of compared tree representations and the often simple range

of visual interpretation tasks considered. More comprehensive coverage of the design space

of visual representations and the tasks a user can perform in them is needed.

Visualization design builds on both theoretical foundations and long-standing practical

knowledge of how visual perceptual channels can effectively represent data attributes in visu-

alizations [20, 38, 77]. However, there is much less knowledge about how those channels are

(or are not) effective for representing aspects of data structure, particularly for non-tabular

data structures, including hierarchical data. Hierarchical data varies across domains in terms

of both structural relationships and data attribute characteristics. Effective perception of

this data is highly influenced by the choice of tree visualization technique as well as the

variation in visual encoding mappings employed within the technique to represent structures

and attributes.

The primary contribution of the research described in this chapter is to provide a model

of representational suitability that helps assess and compare the strengths and weaknesses of

commonly used tree representation techniques. We do this by organizing the tree visualiza-

tion design space into categories of techniques based on their general characteristics of con-

nection, containment, and alignment, much like in related applications and surveys [152, 114].

We then examine their base ability and overall suitability to effectively represent different

kinds of topological structures and their attribute values.

The model is centered around the topological structures of trees likely to be essential for

analysis. Users from different domains can abstract their domain-specific tasks in terms of

the topological elements of interest, helping the model to generalize across domains. The

model also identifies examples of common types of data that these topological structures

represent and organizes them into structural attributes and data attributes under each topo-

logical structure. This helps visualization designers assess the suitability of candidate tree

visualization techniques in ways that consider structures and attributes both individually

and in combination. The goal is to facilitate a more effective and efficient selection of vi-
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sualization designs for both general and domain-specific applications to hierarchical data

analysis.

We start with a background on hierarchy visualizations, focusing on the evolution of their

utilization of visual channels to support data exploration and analysis tasks, and argue for

the need for a more systematic understanding of tree representations in terms of their ability

to visually encode data. We then discuss the need to center topology in considerations of the

tree data to better understand the kinds of tasks domain users want to perform on trees. We

introduce the aspects of the tree representation model in terms of its general structure includ-

ing an organization of tree representations, an organization of common topological elements

in tree data, common types of structural and data attributes, and the kinds of information

in need of visual representation. We then discuss heuristics to determine the effectiveness

of tree representations. We present a method by which visualization designers can utilize

our model to assess the visual representation capabilities of particular tree representations

and describe how we applied the method ourselves. We summarize our results in terms of

observations of patterns for a sample set of common visualization techniques (Figure 3.1)

and topologies. We then analyze the practical application of the method and the model itself

in terms of its strengths, limitations, overall applicability, and future research directions.

3.3 Related Work

Hierarchical data consists of information about the entities in a hierarchy, the characteristics

associated with them, and the relationships between them. The parent-child nature of

hierarchical relationships gives rise to a variety of topological structures (“topologies”) defined

by subsets of entities and parent-child relationships. Beyond the elemental topologies of nodes

(for each entity) and edges (for each relationship), commonly encountered topologies include

levels, paths, sub-trees, and siblings [44, 92]. Other topologies, including more complex

and specialized ones, are important in particular domains, such as cousins in genealogy.
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A: top-down node-link [22] B: radial tree [116] C: cluster dendrogram [153]

D: rings [128] E: indented outline [62] F: squarified treemap [117]

G: ArcTree [84] H: circular treemap [145] I: icicle plot [147]

J: sunburst chart [120]

Figure 3.1: Examples of the ten tree visualization techniques sampled in the representational
suitability model.
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These structures are typically well-studied in their respective domains, but overlooked in

visualization taxonomies. Evaluations of tree visualization techniques typically focus on

only a few of the simpler topologies as task targets. Our model centers on topology as the

focal point in determining representational suitability. It includes basic, common, and a few

unusual topologies to provide enough coverage of the design space to be useful for general

visualization design.

Earlier studies of effectiveness of tree visualizations, especially those involving the com-

parison of tree visualization techniques [121, 15], provide a sense of the suitability of tree

representations for the tasks considered. However, these studies rarely consider more than a

few specific tree representations and provide limited understanding of why particular visual

representations are suitable for a task, either individually or collectively. Moreover, cover-

age typically includes only a small sample of desirable (let alone sensible) tasks that could

be performed on trees. It is difficult to sample the space of tasks performed on trees, and

to generalize the results, without more comprehensive coverage. Consequently, a systematic

understanding of tasks performed on tree representations and a detailed analysis of strengths

and weaknesses of those representations is needed to understand and select suitable trees for

the tasks and data one wants to support in visualization designs.

In the visualization research community, the evolving understanding (mostly ad hoc) of

the relative strengths of various tree representations, for instance the ability of connection-

based node-link techniques to represent structures effectively, or the ability of containment-

based representations such as treemaps to use space efficiently, motivated the development

of hybrid tree visualizations [152, 56] and multiple tree visualizations [127, 53, 50]. Mul-

tiple tree visualizations split data across multiple different views based on their ability to

show particular characteristics. Hybrid tree visualizations integrate multiple representation

techniques to better represent particular structural relationships. Some hybrid techniques

transition parts of the tree from one representation to another [152]. Despite the availability

of many ways to visually represent trees, it remains challenging to find a visualization to
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suit situation-specific analysis needs in an informed manner. We argue that this is due not

to a lack of techniques, but rather to a lack of systematic understanding of representational

capabilities. In developing the model, we follow a bottom-up information-centric approach

to analyze how well visualized tree topologies can represent characteristics of information, in

contrast with top-down task-centric approaches that analyze performance of tasks on those

topologies.

Fiedler, et al. make a similar argument in their survey of user studies [45]. The results of

those studies offer observations on which visual representations work best for particular tasks

in specific domains, but provide neither a theory-backed explanation of how and why those

representations are suitable, nor insights on their generalizability to other tasks. The results

of evaluation methods [30] can be difficult to extrapolate beyond the particular techniques

considered. For instance, many studies [121, 67, 74] observe that treemaps (Figure 3.1F)

are well-suited to show node attributes. Müller, et al. later argue from Gestalt principles

that node-link and treemap representations outperform icicle plots for the perception of

quantitative node attributes in simple settings, and the reverse in complex settings [83].

More such work is needed to ground evaluation studies in theory, such as to account for

attribute type differences like categorical versus ordinal or discrete versus continuous.

Heuristic based evaluations [46, 85, 87] has often been used as a method for assessing visu-

alizations, offering an alternative to longitudinal evaluation, which is logistically challenging,

very time consuming, and difficult to implement. While its origins lie in Human-Computer

Interaction, notably with frameworks like Nielsen’s usability heuristics [86], the information

visualization community has increasingly recognized the necessity of specialized heuristics

that address the unique challenges of visual data representation and the amplification of

cognition [156, 29]. Generic usability heuristics, though relevant, often fall short in identi-

fying problems specific to how visual encodings and layouts impact a user’s ability to gain

insight and understanding [156]. This recognition has spurred the development of numerous

visualization-specific heuristic sets [40, 47, 41, 112, 125]. These frequently draw from estab-
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lished theories in perception, cognitive psychology, and graphic design, as reflected in the

influential work of Bertin, Tufte, and Ware [20, 131, 137]. Such specialized heuristics aim

to systematically evaluate aspects like visual clarity, the effectiveness of data mapping to vi-

sual channels, and the avoidance of misleading visual patterns, thereby providing a discount

evaluation method [156] that can be applied early in the design process to identify potential

issues before they become deeply embedded.

We populate a model of representation capabilities grounded in theories of visual encod-

ing [77], visual grouping of objects in space [93, 143], and general applications of Gestalt

principles in visualization design [155, 80, 137]. Despite its incomplete grounding in em-

pirical evidence, this theory-driven approach offers coverage of existing techniques, ready

expansion to new techniques, and predictions from observed patterns to motivate further

empirical studies.

Figure 3.2: The organization of the representational suitability model.

3.4 A Model of Representational Suitability

In this section, we present a model of the suitability of tree visualization techniques to

represent topologies in hierarchical data and the information associated with them. The

main premise of the model is that visual interactions between a layout of topological elements

and the visual channels used to encode information about them constrain the effectiveness of
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the overall visual representation for conveying topological structure and details. The model

is designed to be progressively and cumulatively applied to new techniques and topologies.

We apply the model to analyze the suitability of well-known types of tree visualization

techniques for visually representing both commonplace and specialized kinds of topological

information.

The structure of the model is shown in Figure 3.2. The first dimension of the model (blue

horizontal column headers) organizes tree visualization types into perceptual categories. The

second dimension (yellow vertical row leaders) organizes the topological information repre-

sented into a four-level classification scheme based on the structure and attributes of topolo-

gies in hierarchical data. The cross-product of the dimensions (green matrix) characterizes

the suitability of each visualization type to represent each kind of topological information.

3.4.1 Visualization Types

The model is not inherently limited to particular tree visualization types or how they are

categorized. For the purposes of presenting and assessing the model, we focus on ten visual-

ization types (see Figure 3.1) that are representative of the variety of commonly encountered

techniques and how they visually represent parent-child relationships. The visualization

types are categorized by the Gestalt principles of connection, containment, and align-

ment. These categories correspond to the three most common ways to encode a parent-child

relationship:(1) as an explicit edge between the parent node and the child node, (2) with the

child node enclosed in the parent node, and (3) through alignment of the child node with

the parent node.

The connection category consists of visualization types (Figure 3.1A-E) that represent

each parent-child relationship as an explicit edge connecting the child node to its parent node,

including axial and radial node-link diagrams. Wang, et al. [135] use a similar category to

organize such tree visualization types. We lump several other techniques that are sometimes

categorized differently but that utilize explicit edges—dendrograms (Figure 3.1C), rings (Fig-
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ure 3.1D), and indented outline (Figure 3.1E)—into the connection category. Dendrograms

and rings represent nodes implicitly as a point where cluster edges meet, except for leaf nodes

which show additional detail. Indented outlines encode relationships between children and

their parents using a mix of connection, containment, and alignment; because connection

offers more ways than containment or alignment to represent topological information, we

chose to put indented outlines in the connection category.

The containment category consists of visualization types that represent parent-child

relationships by enclosing child nodes inside parent nodes. Wang, et al. [135] use an enclosure

category for tree visualizations that enclose children in a parent with 100% utilization of

the parent area, such as squarified treemaps (Figure 3.1F) and ArcTrees (Figure 3.1G).

(Note that the connecting lines drawn in ArcTrees do not denote parent-child relationships.)

Scheibel, et al. [111] organize a taxonomy of tree visualizations based on the characteristics

of the spatialization process and how parent-child relationships are encoded, including a

category to distinguish space-filling from other containment techniques. We include circular

treemaps (Figure 3.1H) as an example of a non-space filling containment technique.

The alignment category consists of views that represent parent-child relationships as

implicit edges by aligning child nodes around parent nodes either axially or radially. Schulz,

et al. [114] discuss this category of visualizations as implicit representation by alignment.

Icicle plots (Figure 3.1I) and sunbursts (Figure 3.1J) lay out nodes using radial and vertical

alignment, respectively. An important characteristic of the alignment category is explicit use

of rectangular strips or ring segments to represent nodes. These regions offer many ways to

encode topological information including embedding of details within strip/segment areas.

The visualization types included in each category are selected to capture variety within

each category as well as overall. The types vary in their overall axis-parallel versus radial

character of layout [113] and in how explicitly they visually represent nodes and edges.

All categories (not just alignment) include at least one visualization type in which node

alignment influences interpretation of topological information.
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We do not currently include hybrid visualization types like those in organizations that aim

to cover the entire hierarchical visualization design space [135, 92]. Hybrid techniques often

have idiosyncratic designs that integrate primarily connection and containment approaches

to represent topological structure and attributes in complementary ways. While hybrid tech-

niques could serve as additional examples of the approaches individually, assessing suitability

of approaches in combination calls for an additional level of modeling (much as models of

interaction inside views differ from models of coordination between them). We also do not

include visualization types considered to be general [135], including symbolic diagrams [92]

like phylogenetic trees [102], or specialized containment techniques like Voronoi treemaps [14]

and map-like visualizations [21] that would add little to explication of the model here. Other

categorization schemes could also be applied to the tree visualization space [113] to study

how different organizations reveal patterns of representational suitability under the model.

3.4.2 Information Represented

Hierarchical data is rich in topological structure and attribute information. The diversity

of tasks that one might want to perform to explore and analyze such information visually

is huge. This makes it challenging to choose which information and tasks to include when

evaluating tree visualizations. Plaisant [97] argues that data and task selection is an ad hoc

process in part because there are so many worthwhile combinations to focus upon. Our model

recognizes the need for a systematic way to organize and sample topologies and techniques

for empirical study, especially to assess the capability of different techniques to effectively

represent particular structures and attributes visually.

The model breaks down the information represented in hierarchical visualizations into

four levels, as shown in Figure 3.2. The first level distinguishes the various topologies one

can encounter working with hierarchical data. The second level subdivides each topology

into information categories that capture the different kinds of structure and attribute infor-

mation that might be associated with it. The third level further subdivides each information
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category into information types of those structures and attributes. Finally, the fourth level

of information values describes specific data values (of the information types) that one would

like to visually represent effectively in a tree visualization.

Topologies

We define a topology as a structure within a hierarchy consisting of subsets of entities and

parent-child relationships that have a meaningful relationship among them.

Elemental Topologies are the basic topological components of trees. A node represents

an entity, such as a person in a family or a file in a file system. An edge represents a parent-

child relationship, such as between a mother and son or between a directory and a file in it.

Nodes and edges are the blocks used to build more complex topologies.

Composite Topologies are formed by grouping nodes and edges in structurally mean-

ingful ways, either directly (as nodes and edges) or indirectly (as constituents of other com-

posite topologies). Several composite topologies are all but universal in hierarchical data

analysis. A tree is the entire hierarchical structure as a whole, consisting of all nodes and

edges. A path is a series of nodes connecting an ancestor to a descendant with the edges

connecting them. A level is a set of nodes that are equally distanced from the root along their

respective paths. A branch (also known as a subtree) consists of an ancestor node and all of

its descendant nodes and edges. Other composite topologies are encountered across domains

but are not commonly considered in visualization techniques. For example, siblings are all

child nodes of a common parent. Bi-paths capture the relationship between two descendant

nodes through a common ancestor node. There are also topologies that are more frequently

encountered in particular domains. For example, cousins are the non-sibling nodes of a com-

mon grandparent, as in genealogy. Similarly, leaves is the set of all nodes without children,

such as the non-directory files in a file system. Such topologies are covered by the model,

and we include two as examples in our sample set (see Figure 3.3, leftmost column). The set

can be extended readily to add general-purpose and domain-specific topologies as desired.
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Information Categories

The information that describes a hierarchy can generally be classified as topological or at-

tribute information according to the tasks performed on it [44, 67, 70]. Topological informa-

tion describes the structure of hierarchical phenomena; attribute information describes the

data associated with those phenomena. Pandey, et al. [92] identify data attributes as infor-

mation associated with nodes and edges and structural attributes as information associated

with the tree topology itself. Our model encompasses both “siblings” as a coincidence of a

parent’s childrens’ data attributes and siblings as a topology in its own right.

Our model centers on topology as the primary focus of visual representation suitability.

Tree visualization techniques may be suitable for representing some elemental and composite

topologies but not others. The model includes both basic and common composite topologies

from other models, and expands the notion of topology beyond basic forms to encompass

more complex composite topologies of interest in specialized domains. It expands upon

the structure-attribute dichotomy to distinguish attributes inherent to a structure from at-

tributes associated with it. It also recognizes that structures have inherent relationships

with other structures, and that all of these various kinds of information can be intermixed

in complex ways for visual data analysis. We refer to these respective abstractions of form,

feature, attribute, and blended attribute collectively as information categories.

A topological form is a structural description of the topology itself. This information is

in a sense “built-in” to the data representation and the resulting visual layout of constituent

parts. The choice of visual representation affects how one perceives a topology in terms of

those parts (elemental topologies and any subsumed composite topologies) and how they are

visually laid out and encoded relative to each other.

A topological feature is a characteristic of a topological form. It is information that

can be calculated from how the topology is composed and situated in its tree as a whole.

For instance, a path has a length, a siblings has a count, and a node has a level. A level

(form) also has a level (feature). (It is important to distinguish forms from the features often
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used to refer to them.) The choice of visual representation affects how well a feature can be

observed in the visual layout and the visual encoding of the topology and its parts.

A topological attribute is a data value associated with a topology. For instance, a gender

might be associated with a node that represents a person in a family tree, and a count of

page accesses might be associated with a path that represents a URL. The choice of visual

representation affects how well attributes can be visually encoded with their topology.

A topological blended attribute is information that combines form, feature, and/or

attribute information from a topology or its constituents. For instance, the average size of

files in a folder (recursively) takes the leaves (form) of the branch (form) under the folder’s

node, sums the file size (attribute) of each node in the leaves and divides by the count

(feature) of the leaves. One must consider the potentially very complicated visual interplay

between the forms, features, and attributes that contribute to a blended attribute when

determining representational suitability. We include two examples in our sample set.

Information Types and Values

Visualization types differ in their suitability for visually representing information from the

four categories. We include an assortment of examples from each category with each topology.

For a given topology and information category, an information type is a type of data in

that category that characterizes or derives from the topology. Information types are data

types in the usual sense—nominal, ordinal, quantitative, composite objects, data structures,

etc.—but are thought of in terms of how well that data is conveyed through the visual

representation of the topology in any given visualization type. (For the examples that follow,

refer to the third column and corresponding rows in Figure 3.3.)

An information type of a form captures how well a topology conveys its topological role

or relatedness to other topologies. For example, association is how well an edge conveys the

parent-child relationship between its parent and child nodes. Ancestor is how well a bi-path

conveys its relatedness to its ancestor node.
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An information type of a feature captures how well a topology conveys some aspect of

its topological character. For example, diverging is how well a tree conveys that it should

be interpreted as diverging from root to leaves. Level (the type) is how well a level (the

topology) conveys its distance to the root node. Order is how well a siblings conveys the

order of the sibling nodes as stored in the tree data.

An information type of an attribute captures how well a topology conveys a type of

data associated with it. For example, item is how well a node conveys its entity’s identity.

Category is how well a siblings conveys some classification of its sibling nodes as a set.

Quantitative is how well a topology (node, edge, etc.) conveys a quantitative data attribute,

similar to how well quantities are visually encoded in visualizations generally, but accounting

for contextual effects of the topology being visually situated in its tree’s layout.

An information type of a blended attribute captures how well a topology conveys the

necessary form, feature, and attribute information that make up the blend. For example,

part-whole is how well an edge conveys a child node as a part of its parent along with its

sibling nodes. Time is how well absolute or relative chronological data associated with the

tree is conveyed through positioning or ordering in the tree’s layout.

In Figure 3.3, each information type is accompanied by a description (fourth column)

and the specific information value (fifth column) that is to be visually represented in any

given visualization type. For example, the level topology has a feature of information type

size with a value defined as the count of items in the level. This means that size as the

count of items in the level (the information value) is visually encoded as part of the visual

representation of the level topology itself. This is in contrast to reading the size by visually

scanning and counting the level topology’s constituent nodes, which would be a more complex

task involving how well the form of the level conveys the form of its node topologies. It is

also in contrast to encoding an associated count attribute in the visual representation of the

level itself, which might look the same but have meaning unrelated to the level’s nodes.
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3.4.3 Representational Suitability

Visualization studies have considered a wide range of criteria when evaluating the suitability

of visualizations. Numerous heuristics have been proposed, typically organized into higher-

level categories such as perception, cognition, interaction, tasks, and usability [47, 134, 41,

112, 125]. Our model narrows this focus to criteria essential for the effective perception

of topological detail in static visual representations of hierarchical data, particularly at the

scales targeted by most visualization techniques. Following Nielsen, et al. [88] recommen-

dation to use three to five heuristics for evaluation, we identify five key criteria to model

representational suitability: layout capability, encoding capability, channel accuracy, channel

scalability, and visual side effects.

This selection is strongly grounded in information visualization literature, especially

through perceptual and cognitive lenses. As Zuk, et al. [156] emphasize, visualization-specific

heuristics are vital for uncovering issues that extend beyond general usability concerns, par-

ticularly when the goal is to amplify cognition. Each of our selected heuristics contributes

to this objective by addressing different aspects of how structure and meaning are conveyed

visually. While our set may not be exhaustive, it offers a theoretically grounded and practi-

cally useful framework for evaluating visual effectiveness, moving beyond generic assessments

to meet the nuanced demands of hierarchical data representation.

Layout capability is a combination of layout support and layout flexibility. Layout

support considers the spatial organization of topologies in a hierarchical visualization tech-

nique and how that organization imposes constraints on effective perception of topological

information folded into that organization. Layout flexibility considers how much variation

is possible for representing topological information, when those constraints are not absolute,

and without breaking the design contract that gives the layout its character. For instance,

the window size of a node-link diagram (Figure 3.1A) limits the amount of text and other

detail that can be shown horizontally in nodes across a level, as well as the number of levels

that can be shown. Nevertheless, the ability to adjust node width, height, and spacing—
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up to a point—to suit many different labeling designs gives this visualization type layout

flexibility and thus high layout capability overall.

Encoding capability is the ability of a tree representation to visually encode an in-

formation type effectively. Tree representations show topological structures implicitly or

explicitly, which affects the kinds of data they can encode in those structures. For instance,

squarified treemaps (Figure 3.1F) and circular treemaps (Figure 3.1H) implicitly encode

edges (through containment), which severely limits the ability to encode attributes of edges.

Similarly, dendrograms (Figure 3.1C) subtly encode nodes as vertical lines, with similar limi-

tations. Representations of topological structure often have limited access to visual channels,

which in turn limits the kind and amount of information that can be encoded in them, espe-

cially in ways that do not interfere with seeing the topological structure itself. For instance,

an indented outline (Figure 3.1E) cannot encode quantitative information in the horizontal

position of nodes (beyond perhaps small perturbations) because that channel is already used

for indentation to convey level in the tree.

Channel accuracy is the accuracy with which a user can perceive the value of an in-

formation type through the visual channel(s) used to encode it. Much like in visualization

design practice, assessment of accuracy draws from Mackinlay’s perceptual ranking of visual

channels [77], Gestalt principles as described by Wertheimer [143] and Pashler and Yan-

tis [93], and one’s own experience with the visualization types, their layouts, the topologies

they emphasize, the graphical character of available marks, and the types of data to encode.

Channel scalability is the number of distinct data values that can be distinguished

in the visual channel(s) used to encode that data. It is limited by how the visual encoding

is situated in the layout as well as by the visual channels used in the encoding itself. For

example, a node-link diagram (Figure 3.1A) might use color hue to differentiate at most 7–11

categories of sibling nodes, while laying out those nodes into hundreds of distinguishable

horizontal positions. Encoding any information about topologies more than a few levels

deep is effectively impossible in most treemaps (Figure 3.1F,H).
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Visual side effects are unintended patterns in the layout and visual encoding of topolo-

gies and their constituents. Side effects can be useful in some cases to reinforce desirable

visual patterns. In other cases, they can negatively impact perception of patterns, or even

introduce artifacts. For instance, the arrangements of sibling nodes from left to right in

a node-link diagram (Figure 3.1A) and from top to bottom in an indented outline (Fig-

ure 3.1E) emphasize orderings that may or may not exist. The same arrangement in a radial

tree (Figure 3.1E) suggests a cyclic relationship without a strongly indicated start or end.

The burst style of siblings in rings (Figure 3.1D) strengthens the sense of cycle in them, but

weakens it for the other composite topologies, including the tree itself.

3.5 Applying the Model

The previous section describes how the model organizes tree visualization types and topolog-

ical information, and proposes five criteria to assess the suitability of each visualization type

for representing each kind of topological information. This section describes a method to

apply the model by progressively incorporating the five criteria into an overall determination

of the suitability of each potential pairing. The results are shown in Figure 3.3. To apply the

results, a visualization designer should first identify which kinds of topological information

are of interest to visualization users, then select suitable visualization types to include in the

visualization design; see Section 3.6.5 for more.

Given the model and a set of suitability criteria, there are a number of ways one could go

about determining an overall suitability. For instance, one could calculate a weighted average

of suitability values determined for each criterion individually. Zuk, et al. [156] argue that

“the process of heuristic evaluation may evolve just as the heuristics can evolve over time.”

Heuristics can be factored into an evaluation to account for their relative importance. To

populate the model with suitability values for the sampled visualization types and kinds

of topological information included in the research described in this chapter, we chose to
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Figure 3.3: The suitability of common tree visualization types to visually represent topology
information.
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prioritize encoding capability as the primary criterion and successively factor in the other

criteria as a diminishing series of moderating influences.

For each potential pairing of visualization type and information to represent, we first

determined whether or not it is possible to visually represent the topological information value

through available and topologically appropriate visual channels in the visualization type. We

then assessed the suitability of those visual channels for that purpose. In Figure 3.3, a pair of

columns under each visualization type show the corresponding results. The possible column

simply states whether or not (‘yes’ or ‘no’) the tree structures in the visual representation

are capable of encoding the given information value. The suitability column summarizes

how effective those visual channels are—as determined by the method—for representing the

information value. We used a decision tree-based model with multiple levels to determine

suitability, with one level per criterion. We ordered the levels on the presumed relative

importance of the five suitability criteria.

The first level of the decision tree applies the encoding capability criterion to assess

if a technique supports encoding of the information value. The second level applies the

channel accuracy criterion to assign a value of very low, low, medium, high, or very high,

then progresses to the next level. In both levels, for cases with a value of medium, high,

and very high, the method progresses to the next level, and for other cases, the method

terminates with a value of very low, low or none. In the following three levels, whenever

application of the corresponding criterion—visual side effects, layout capability, then chan-

nel scalability—produces a value of low, it assigns that value to the overall suitability and

proceeds to the next level, otherwise it adjusts the running value to medium, high, and very

high, factoring in the criterion applied. There are two exceptions. In the fourth level, the

layout capability criterion terminates with an overall suitability value of none if the layout

does not support visual encoding of the considered topology. In the fifth level, the channel

scalability criterion produces a range of suitability values in some instances. The method

also terminates whenever the value of suitability after any level is low, very low, or none,
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because the remaining criteria are of decreasing importance and will have minimal additional

impact.

3.6 Discussion

Our motivation to develop a model of representational suitability grew in part from our

own experiences working with tree visualization techniques. It is difficult to assess the

capabilities of any given technique against the many available ones [113] in the absence

of more established theoretical understanding of the tree visualization design space [45].

Moreover, significantly comprehensive coverage through empirical studies of the practical

effectiveness of tree visualization techniques for representing different kinds of topological

information may be slow in coming. In contrast, the sampling of both visualization types

and topological information in the populated model is indicative of significantly many use

cases across a variety of domains.

The populated model also serves a broader purpose of piecing together existing under-

standing of the capabilities of tree visualization techniques, and by serving that purpose

may facilitate systematic study of the tree visual design space. The model also calls for a

wider range of general evaluation methods centered on visual representations of topology.

The rest of this section analyzes the results, method, and model, and discusses outcomes

and implications for ongoing work.

3.6.1 Observations and Overall Patterns

After we finished applying the model of representational suitability to arrive at values for

possible and suitability for the tree representation techniques shown in Figure 3.3, we started

looking for patterns in the columns for each tree visualization type and in groups of columns

categorized under our tree organization principles of connection, containment, and alignment.

We also looked for patterns in individual rows, and in groups of rows corresponding to each
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topological structure. The kinds of patterns that we are more interested in are outliers,

distributions, and commonalities and differences between columns and rows. Several key

observations that we made by referencing values of possible and suitability follow.

Individual Tree Variance — The suitability columns in Figure 3.3 suggest that there

is quite a bit of variation across visualization types in terms of their ability to encode some

kinds of topological information at all. For instance, the possibility to show almost all kinds

of information is yes in top-down node-link techniques, but no for many kinds of information

in circular treemap techniques. The other techniques provide support in between these

extremes. Much of the variation is concentrated in particular topologies, particularly to

show parent-child and sibling relationships in edges, trees, and siblings topologies.

Inter-Category Tree Variance — Looking at cell values across all columns in Fig-

ure 3.3 reveals that the visualization types in the alignment category generally have more

instances of high suitability compared to connection and containment techniques. Between

those two categories, the connection category shows a stronger pattern of high suitability

than containment. These observations confirm that visualization types can be meaningfully

grouped into categories defined by Gestalt principles like in our model, and hint that there

may be other meaningful ways to group them. Comparison of patterns between visualization

types may also help in formulating and assessing alternative categorizations. Our observa-

tions are consistent with the results obtained by Barlow, et al. [15]. Turo and Johnson [132]

discuss similar issues with how aspect ratios impact comparison of nodes, especially siblings,

in treemaps. The superior overall suitability of alignment techniques might be due to their

ability to show both structure and attributes with reasonably stable aspect ratio in which

leaf nodes can utilize visual channels effectively.

Intra-Category Tree Variance — Within the observed patterns of inter-group vari-

ance among the visualization categories, there are also noticeable differences in suitability

of visualization types within each category resulting from variation in their layout and en-

coding capabilities. For instance, the axial layout techniques generally perform better than
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the radial layout techniques within each category. There is also variation among radial lay-

outs and among axial layouts. For example, radial trees (Figure 3.1B) perform better than

rings (Figure 3.1D), and ArcTrees (Figure 3.1G) perform better than squarified treemaps

(Figure 3.1F), both of which are in keeping with decreased stability of node positions and

sizes.

General-Purpose versus Specialized Trees — Looking across the row in Figure 3.3

for any given information value, the possible columns suggest that some information, like the

length of a path or the number of items in a level, can be encoded in most of the techniques

we considered, but other information like a category or magnitude associated with a node are

possible in only some techniques. The suitability columns indicate that while some techniques

like top-down node-link (Figure 3.1A) can encode most kinds of information, suitability

is very high or high only for some of them. This pattern suggests that some techniques

are more general-purpose and can be used in many circumstances with at least reasonable

suitability, but other techniques like ArcTrees (Figure 3.1G) are more special-purpose, with

many extreme values of very high or none suggesting which purposes a technique is likely to

support.

Topological Complexity — Scanning the rows for topologies node, edge, path and

comparing them to the rows for level, tree, and siblings, we can see that there are more

suitability values of very low and none as the topologies grow in structural complexity. This

indicates that the ability to effectively encode information about a complex topology as a

whole (e.g., by coloring an entire level rather than its constituent nodes) is more challenging

for some techniques than others. For instance, connection techniques that represent parent-

child relationships explicitly are generally much more suitable for encoding information about

composite topologies than containment techniques that represent parent-child relationships

implicitly.

Intra-Topology Variance — Looking at the rows for a given topological structure, for

instance node or siblings, we can see quite a bit of variation in possible and suitability values
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among the rows themselves. This suggests that considering individual kinds of information

may be insufficient to determine the overall suitability of a technique to represent different

kinds of information about a given topology. One should consider all of the topological

information types that one needs to represent, especially for topologies that exhibit high

intra-topology variance over many visualization types (as siblings does) or in particular

categories of visualization (as node does in the connection category). The populated model

reveals significant patterns of variation in how suitable different tree visualization types are

for representing different kinds of topological information. Despite sampling only common

tree visualization types and a small subset of possible kinds of topological information, the

populated model clearly surfaces patterns that comport with practical understanding and

focused studies of the capabilities of tree visualization techniques. This hints at both the

descriptive and predictive power of the model. The results also suggest that the model

successfully surfaces not only overall suitability but also nuanced understanding of how

well different techniques represent diverse hierarchical structures and attributes. Both are

needed to inform visualization design choices. In the next section, we tease apart some of

these nuances by analyzing the method that led to the results in the populated model.

3.6.2 Assessing the Method

The results in the populated model are heavily influenced by the method we chose to assess

the five criteria individually and in combination. The method applies a decision tree in which

each level of the tree considers one criterion to answer a particular question about suitability.

The application of the criteria at the top of the decision tree draws from more established

theory and practical understanding than levels farther down, in which the criteria have less

such understanding to draw from. The criteria become harder to assess and produce less

definitive conclusions, resulting in increasing uncertainty in the running suitability value. In

some cases, this uncertainly calls for passing down a range of suitability values. Tolerating

uncertainty in this way relaxes the difficulty of interpreting the criteria and reduces the
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complexity of applying the model overall, while still leading to informative conclusions. It

also allows for modification of the method to add or remove criteria (especially at lower

levels to avoid disrupting better understood criteria at higher levels), strengthen or weaken

the influences of individual criteria, or change their order of consideration. This separation

of method from model makes the model and its application both extensible and flexible.

In the method, we first assess encoding capability and visual channel accuracy to establish

a base determination of suitability. The successive assessments of the other three criteria can

restrict that determination, but not expand it. This prioritization of the first two criteria over

the other three acknowledges both the theoretical, empirical, and practical understanding

of visual encoding and visual channels and the relative lack of such understanding about

tree layouts, their impact on scalability, and the visual side effects they can induce. We also

prioritize last the criteria that are the most uncertain to assess, and thus are the most likely

to produce suitability values between the five allowed values. This approach mitigates the

propagation of increasingly ambiguous determinations as criteria are successively assessed in

subsequent levels.

Some visual representations encode a topology differently in different parts of the layout,

possibly resulting in multiple values of suitability for the same topology information. For

instance, in a squarified treemap (Figure 3.1F), leaf nodes have an area to encode quantitative

attributes, but non-leaf nodes are occupied by their descendent leaf nodes and cannot encode

data in a similar way, producing two different values of suitability for the same kind of node

topology information. Similarly, criteria like channel scalability can produce a range of the

five allowed values, in keeping with how a technique might be suitable, but differently so, at

different channel scales. As with criteria that produce ambiguous determinations, criteria

that produce multiple and/or ranged determinations should be positioned later (preferably

last) in the decision tree.

The method prioritizes criteria in the levels of the decision tree according to our best

estimation of their relative importance in visual representation and thus their likely influ-
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ence on suitability. It also prioritizes them on their likelihood to produce a definitive result,

multiple results, or a range of results. A different or extended set of criteria would call for

modification of the method to prioritize and/or weight them accordingly. Regardless, apply-

ing the method produces umbrella results that account for many representational factors,

and does so on techniques that are exemplars of their visualization types. The results should

be interpreted holistically.

The descriptive and predictive power of the model is limited by the discrimination be-

tween suitability values supported by a five-level scale (very low to very high). When we first

applied the method with a two-level scale of low and high, we were unable to discern patterns

of variation. Expanding the scale to five levels revealed much stronger patterns of variability.

Even so, we observed that the method could tolerate a three-level scale (with medium) or

even the two-level scale for some criteria without much loss of detail in suitability results.

Using a less precise scale was helpful when criteria were particularly hard to assess due to

complexity or variety in the visualization type or kind of topological information under con-

sideration. The ultimate choice of five levels matches our ability to qualitatively assess both

individual criteria and overall suitability without imposing too little or too much precision

on the determination and interpretation of suitability values.

3.6.3 Assessing the Criteria

The model prescribes five criteria for assessing the suitability of visualization techniques to

represent information. Each of the five criteria focuses on a specific aspect of how well a

technique can layout and encode particular kinds of structure or attribute information, if at

all. Although they were developed for the purpose of assessing visual representation of tree

structures in tree visualizations, the criteria themselves are agnostic to data structure and

visualization type, and could be applied equally well to visualizations of tabular data, time

data, graph data, etc. Nonetheless, we focus here on how well the criteria work for tree data

and visualizations.
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The criterion of encoding capability expresses the requirement of a technique to effec-

tively convey structure and attribute information about a topology. The form of a topology

can be represented through explicit or implicit encoding of its constituent elements and

compositional structure, but the representation of a feature or attribute must build upon

the representation of its form, and thus requires a way to explicitly encode its information

type and value. For instance, one can encode the form association of an edge topology in a

treemap implicitly (through containment), but cannot encode an attribute of the edge due

to the implicit encoding of its form (at least not in the edge topology itself; one could en-

code the attribute in the representation of the form of the edge’s parent node). Some visual

channels for explicit encoding are intrinsic to a technique’s design, like the area of nodes in

a squarified treemap (Figure 3.1F), and may or may not be available to encode data. Other

visual channels not intrinsic to the design can be utilized flexibly to represent feature and

attributes, like color saturation, hue, and texture in the treemap’s nodes. Even if a visual

channel supports explicit encoding, such that the model predicts high representational suit-

ability, one needs to make sure not to overload the channel with multiple information values

(whether from the same or different topologies).

The criterion of channel accuracy for a feature or attribute is applied by considering

how it can be visually encoded as quantitative, categorical, or nominal data in the visual

channels of marks [77, 80] in the usual way. However, one must also account for how the data

is encoded as a part of the representation of an elemental or composite topology, including

whether it can be perceived unambiguously within both its immediate topological context

and in the visual representation as a whole. For a form, channel accuracy is assessed by how

well one can identify it within its tree and distinguish its structure (through its constituent

elements or otherwise) from those of other topologies. It is similar to assessment of encoding

capability but can also account for additional encoding beyond a technique’s usual layout of

the structure, such as by drawing a bubble around an entire level, path, or branch.

The criterion of layout capability is applied by considering how visual channels are
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used to represent the constituent elements of a topology within a layout, how consistent

those uses are for the elements, and the extent to which those uses can vary while preserving

the perceived structure of the topology. Layout capability for any given topology can be

difficult to assess because the layout of the topology is embedded in the layout of the tree

as a whole. One can observe how the topology’s constituents are laid out relative to each

other, and how the topology affects the appearance of other topologies (and vice versa).

For instance, the radial positioning of nodes in a radial tree (Figure 3.1B) has high layout

capability for levels and siblings because their nodes are consistently located at the same

radius, but lower layout capability for paths and branches due to angular splaying of edges

from parent node to child nodes, especially in wide branchings.

The criterion of visual side effects is difficult to apply because it is something of an

abstract catch-all for different phenomena that can reinforce or disrupt perception of struc-

ture or attributes, and the number and character of those phenomena are largely unexplored.

In practice, the visual side effects criterion overlaps heavily with the channel accuracy and

layout capability criteria. While those two do partially factor in effectiveness of visual en-

codings individually and relative to each other, they do not directly consider reinforcement

or disruption phenomena as such. Sometimes, visual side effects are artifacts that suggest

non-existent topological information. A particularly common side effect is the perceived

ordering of nodes in level and siblings topologies. This side effect is very strong in top-down

node-links (Figure 3.1A) but weak to absent in squarified treemaps (Figure 3.1F). In apply-

ing the criterion, we considered only side effects that create such perceptual anti-patterns

among sets of elemental topologies or composite topologies relative to each other.

In applying the method to populate the table, the criterion of channel scalability was

rarely a significant factor in determining overall suitability. Most visualization types readily

support encoding the different data values in the kinds of data sets they are designed to

support. However, there were conspicuous exceptions. Some visualization types would do

well on the first four criteria only to show weakness or fail at lower than expected scalability.
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For example, the squarified treemap (Figure 3.1F) and the icicle plot (Figure 3.1I) can

represent many siblings topologies without difficulty, but indented outlines (Figure 3.1E)

scale very poorly in this regard due to limited vertical space to show siblings’ nodes. Despite

being the last factor to consider, scalability can be critical and should not be overlooked,

especially when assessing the suitability of a less studied visualization type to represent a

complex topology.

Even when criteria are well understood, they can be difficult to apply well. All of the

criteria likely require substantial expertise in practical visualization design to apply. Com-

prehensiveness, consistency, and correctness are needed to produce results that can serve

as reasonable and meaningfully accurate predictions of suitability. Inadequate factoring of

poorly understood criteria at the early stage of the method can produce ambiguous or incon-

clusive results. It is advisable to start with well-understood and easily applicable criteria as

in the method used. A weighted approach might help by making application of the criteria

more independent, but would require determination of weights to use in lieu of the cascading

weighting baked into our method’s decision tree. Nevertheless, we expected application of

the criteria and the method to generalize well over the sample set of visualizations, and

found that to be the case in collecting the results shown in Figure 3.3.

3.6.4 Assessing the Model

Well-known collections of tree visualization techniques [113, 72] attest to their rich history

and diversity. There are many useful ways to organize them into categories and taxonomies.

The categorization in our model is not new or even particularly interesting in this regard, nor

is it meant to be; we chose it as a simple example for purposes of demonstrating and assess-

ing the model as a whole. It could be readily extended to facilitate exploration of suitability

patterns within and between other groupings of techniques. For example, the connection cat-

egory can be further classified into level-based and non-level-based techniques. The contain-

ment category could be further broken down by layout type [135] or space utilization [111].
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Other surveys and taxonomies have general [111] or hybrid [113] categories that could extend

the model’s categorization and sample set of visualization types. In this way, the model is

not so much a producer of a categorization scheme as a consumer of existing and new ones.

There is ample opportunity for future work to explore application of the model to more di-

verse collections of visualizations and their various categorizations. Importantly, the model

hints at ways to extend the tree visualization design space by visualizing information not

only in the visual representations of nodes and edges, but also in the visual representations

of composite topologies themselves, turning all topologies into first-class visual citizens.

There is a similarly diverse space of potentially interesting and useful topological struc-

tures to explore. The small set of common composite topologies sampled in the populated

model is just a starting point. The set can be readily extended to include additional topolo-

gies from particular domains and from analyses of hierarchical data in general. Increased

capacity to design suitable visualizations to explore and analyze specialized and even idiosyn-

cratic topologies might even facilitate new thinking about complex structures in hierarchical

phenomena. Adding an assortment of blended attributes and even compositions of composi-

tions are important directions to extend the model and inform ongoing development of the

space of tree visualization techniques. Visualization designers could choose from a range of

visualization types and topological forms to meet general and domain-specific analysis needs.

Beaudouin-Lafon [17] suggests that models of interaction can be evaluated based on their

descriptive power, evaluative power, and generative power. Our model’s descriptive power

is in its ability to suggest suitable ways to visualize information about topological forms,

features, and attributes both individually and in combination. Its evaluative power comes

from its ability to assess different visualization types and categories in terms of their ability

to show specific topological information and to provide recommendations of alternatives for

particular hierarchical data types and tasks. Its generative power comes from its ability

to extend to new visualization types and topological structures. The model can apply to new

views of known topological structures and to new topological structures in existing views.
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For each topological structure, the model can readily extend to new features, attributes,

and a potentially extremely rich space of blended attributes that surfaces inter-topological

relationships as targets for visual representation.

3.6.5 Putting the Model into Practice

Tree visualization revolves around topologies. Any given visualization technique may sup-

port a variety of tasks, each focusing on particular topological information. Visualization

designers need to select techniques that suitably represent that information to support ex-

ploration and analysis tasks. The main purpose of our model is to inform that selection.

However, selecting suitable techniques can be challenging. Needs can range from a simple

task on one common, basic topology to a complex suite of tasks spanning many unusual,

complex topologies. In this section, we present a series of increasingly complex scenarios to

suggest how the model can be put into practice, and extrapolate to future opportunities for

development and application.

One Task, One Topology — A historian works with genealogical data, and often

wants to see the number of generations separating a living person from a noted ancestor.

The designer looks up Path, Feature, Path Length in the populated model, scans the row

for suitable visualizations, sees several options with very high suitability, selects icicle plot,

and proceeds to find/implement one for the historian to use. In this scenario, the designer

simply needs to find a suitable visualization for only one kind of topological information.

Multiple Tasks, One Topology — A software maintainer wants to track the number

of files three levels deep in a source code tree and the number of files at that level in their

respective parent directories. The designer looks up Level, Feature, Size and Level, Feature,

Sibling Set Count in the populated model, scans the two rows for suitable visualizations, sees

four options with very high suitability to represent the first number and high for the second,

selects sunburst, and proceeds to find/implement one for the maintainer to use. In this

scenario, the designer needs to weigh different suitability values for two kinds of information
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to find one visualization that is most suitable overall.

One Task, Multiple Topologies — The historian wants a new feature to see the

living person, the noted ancestor, and the separation in generations between them. This

task involves information about node and path topologies. The designer starts by looking

up Node, Attribute, Item and Path, Feature, Direction in addition to Path, Feature, Path

Length. The designer looks at their suitability values in the column for each visualization

type, considers the visualizations with very high suitability, decides to switch to a radial tree,

and proceeds to find/implement one for the historian to use. In this scenario, the designer

needs guidance on selecting one visualization that can show all of the information for the

task simultaneously. In general, a designer would aim to support as many tasks as possible

in as few views as possible, preferably one. Because tree views often exhibit significant

variation in suitability for different topological information, finding a single view that works

for multiple kinds of information may be difficult or impossible in practice. The designer

could use multiple tree visualizations that are collectively suitable to support the task. The

designer would need to carefully consider the additional difficulty of performing tasks across

multiple views. Modeling suitability to account for such difficulties is an important topic for

future work.

Multiple Tasks, Multiple Topologies — The maintainer wants to switch between

seeing the size of all files, the kind of edits last made in each package, and the modification

times of all files in the source tree. These three tasks involve information about node, siblings,

and tree topologies, respectively. The designer looks up Node, Attribute, Quantitative for the

first task, Siblings, Attribute, Category for the second, and Tree, Blended Attribute, Time

for the third. Scanning the three rows, the designer sees that several visualizations have

no suitability for at least one task, and the rest have mixes of suitability. Good candidates

appear to be node-link, radial tree, and either icicle plot or sunburst, but each is most

suitable for a different task. The designer compromises and selects node-link and icicle plot

as two complementary visualizations that together support all three tasks sufficiently. In
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this scenario, the designer could choose the most suitable view for each task, fewer views

that cover the tasks less well, or a single view that covers some tasks well but others poorly.

Strategies to minimize the number of views while supporting as many tasks as possible and

maximizing collective suitability is another topic for future work.

The model works well as a predictor of the effectiveness of static visual representations for

seeing topological information. However, the above scenarios challenge the predictive capa-

bilities of the model and emphasize the need to develop strategies to support multiple tasks

on multiple topologies across multiple views. Looking forward, a clear next step is to develop

ways to interact with that topological information. Interaction designs are needed to spec-

ify which topological information to show and to navigate within and between topological

structures inside each visual representation. Interactions could support direct manipulation

editing of attributes directly within the visualizations [105] and possibly even extend to

general editing of the topological structures themselves. Given the frequent need to utilize

multiple views to represent multiple aspects of hierarchical data, another key direction of

future work is to develop models and methods of coordination [100, 140] to connect interac-

tions with topologies across multiple views. Finally, the interactions and coordinations will

also need models of suitability to describe and predict which interactions and coordinations

to use for exploration and analysis with different kinds of topological information in different

types of tree visualizations.

3.7 Summary

We developed and applied a model to assess the suitability of visualization techniques for

visually representing structures and attributes in hierarchical data. The main contribution

and strength of the model is its ability to predict how likely visualization techniques are

to effectively represent specific topological structures and the information associated with

them. The model helps to understand the representational capabilities of tree visualization
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techniques for both basic and composite topological structures, and offers guidance for se-

lecting specific techniques well-suited to particular information seeking tasks. The model is

also extensible in its ability to encompass new tree visualization techniques and new kinds of

topological structures encountered in different domains, and flexible in its ability to accom-

modate alternative criteria for assessing suitability. We populated the model with common

visualization techniques and topologies, revealing strong patterns of similarities and differ-

ences in the suitability of the techniques, suggesting opportunities to apply the techniques

individually and collectively to support diverse exploration and analysis needs. Moving for-

ward, we plan to build on the model to develop interactive support for editing topological

structures directly inside visualizations and use the results to inform task design for user

studies of tree visualization techniques.
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Chapter 4

C4D3: A View-level Abstraction and

Coordination Library for Building

Coordinated Multiple Views

4.1 Overview

D3 [24] is a popular and effective library for the development and deployment of visualiza-

tions in web pages. Numerous applications testify to its accessibility and expressiveness for

representing and manipulating page content. By eschewing toolkit-specific abstraction, D3

gains representational transparency, but at a cost of modularity. Relatively few D3 appli-

cations compose multiple views or support coordinated interaction beyond basic navigation

and brushing. Rather than relegate view composition to custom integration code, we over-

lay D3 with a view-level abstraction that utilizes a general parameter sharing model to offer

simple yet flexible composition of coordinated multiple views (CMV) while preserving the ex-

pressiveness of individual D3 components. Coupling of event handling to shared parameters

recasts modeling of interactive state and simplifies the declarative specification of interactive

dependencies between views. We present an example of an extensively coordinated visualiza-

57



tion, illustrative code to show CMV construction in C4D3, and demonstrate how view-level

abstraction can reduce the code needed to compose complex D3 visualizations.

4.2 Introduction

Web-based interactive visualizations are increasingly used for data exploration and analy-

sis. While a single interactive view is often sufficient to present one perspective on a data

set, coordinated multiple views (CMV) with interactive capabilities are usually required to

support multifaceted perspectives for comprehensive analysis. Yet, it remains challenging

to build CMV in popular low-level web-based libraries due to their lack of coordination ab-

stractions [34]. Higher-level design tools like Tableau and Power BI are conversely limited

to predefined sets of relatively simple coordination templates.

Data-Driven Documents (D3) has emerged as a widely adopted library for embedding

visualizations within web pages [24]. D3 offers an accessible, expressive, declarative language

for representing and transforming data in the Document Object Model (DOM) of a web

page. Furthermore, it enables manipulation of that data by associating interaction events

with transformations, thereby supporting a wide variety of interaction visualization designs.

The tendency in web-based visualization design is to favor simpler designs suited for

communication and explanation. Composite designs, like those with CMV constructions

commonly utilized in exploration and analytical applications, are relatively rare. This is

not exclusive to visualizations built using D3. Visualizations built using other libraries and

toolkits [42, 23, 110, 108] exhibit the same tendency. This scarcity can generally be attributed

to limitations in language and feature support, as well as to the inherently more complex

nature of designs comprising multiple views.

The scarcity of complex CMV constructions using D3 may arise from its goal to avoid

imposing a toolkit-specific abstraction of visual representation. Unlike many visualization

libraries, D3 does not explicitly define the concept of a “view”; rather, it leaves the defini-
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tion of a view largely to developer discretion. This flexibility allows D3 to transform page

structure and styling in ways that may not align with commonly recognized view types.

However, D3’s constraints on interaction handling and encapsulation of event processing

make it challenging to combine different interaction channels that rely on the same events,

especially when conflicting events occur [108] (such as how D3 relies on mouse click and drag

for both brushing and panning). Composite visualizations typically involve not only multi-

ple views, but also multiple coordinated interactions between those views to support diverse

manipulations of data and how it appears. As the number of views and the complexity of

interactions increase, so does the challenge of managing dependencies between D3 fragments

corresponding to each “view” and its associated portion of the DOM. Vega-lite [108] and the

interaction semantics introduced in Reactive Vega [110, 109] seek to address these concerns,

but do not directly address the issue of composability of CMV in visualization designs. Se-

lection parameters in Vega-Lite convert user interactions into data queries that share state

between views. However, these selection interactions are restricted to point and intervals,

limiting expressiveness when trying to design custom selection interactions, such as selection

of arbitrary data points in views, or when implementing non-selection-based complex data

queries that depend on navigation.

C4D3 contributes a view encapsulation and interaction abstraction library implemented

on top of D3. It aims to support expressive design and elegant specification of coordinated

multiple views by adopting the three main design principles of the Live Properties archi-

tecture in the Improvise visualization system [138]. First, modular view implementation

facilitates the design and reuse of common and custom view types in CMV constructions.

Second, clean separation of view implementation and coordination design makes building

and modifying complex CMV constructions simpler and easier than with monolithic ap-

proaches. Third, lifting the storage and management of interaction state from view-local to

visualization-global, while keeping the interpretation of state and changes to it view-centric,

facilitates flexible and meaningful sharing of state to implement expressive and understand-
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able coordination designs. We followed these principles to develop C4D3 with the objectives

of increasing transparency, extensibility, modularity, composability, consistency, and conso-

nance of web-based CMV visualization design.

In this chapter, we present C4D3’s coordination architecture based on Live Properties,

a JavaScript implementation of that architecture, the design and implementation of a view

wrapper to adapt D3 rendering and interaction handling code for coordination, and several

common view types implemented as D3 code within the wrapper. We demonstrate C4D3’s

capabilities via a reproduction of a classic CMV visualization with extensive navigation and

selection coordinations, illustrate the process of implementing a simple CMV design with

C4D3, and assess our progress toward achieving our objectives for C4D3. We conclude that

C4D3 can support an incrementally expanding collection of D3 components as view modules

that can be quickly and easily instantiated and interconnected to implement expressive CMV

patterns. While implementing particular views for use in a multiple view visualization design

in C4D3 does usually require writing at least some custom D3 code for each view, the effort

is similar to writing different components in D3 without C4D3, and the modularity of the

C4D3 view wrapper amortizes the effort needed by allowing substantial code reuse between

similar views, much like how D3 designers often modify existing D3 examples rather than

start from scratch.

In the remainder of this chapter, we begin by discussion of the most relevant work

in this area followed by presenting an example Ions visualization (Figure 4.1) built using

C4D3 to demonstrate the kinds of applications possible. Next, we list the development

objectives considered during the creation of C4D3 and provide an explanation of its archi-

tecture, as well as the various steps involved in the design and implementation of CMV

examples using a simplified food visualization CMV example (see Figure 4.4). We then

describe the various stakeholders of visualization and how they make and use different

parts of the library. We then provide another illustrative Covid-19 visualization example

(see Figure 4.9) describing the design process with regard to the developmental objectives
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considered. Finally, we discuss our findings and developmental objectives. The interactive

examples and code for the Ions Visualization and Covid-19 visualization can be found online

at https://omkarchekuri.github.io/c4d3.

4.3 Related Work

C4D3 introduces a view abstraction and a general purpose coordination layer adapted from

the Improvise architecture [138] for specifying and building coordinated visualizations as

data flow graphs. As an implemented library, C4D3 provides coordination capabilities that

build on the existing visual representation capabilities of D3, thus applying a separation of

concerns between D3’s visualization rendering code and C4D3’s coordination management.

This separation allows for swapping out D3 code with other libraries or combining visual

representations from multiple libraries to compose a CMV visualization.

Research on coupled interaction have been pivotal in the evolution of information visual-

ization. Constraint-based UIs like Garnet [82] and Rendezvous [60], and seminal visualiza-

tion systems such as Tioga-2 [9], Visage [104], Spotfire [6], and XGobi [28] heavily influenced

work on CMV systems including IVEE [8], DEVise [73], Snap-Together Visualization [90],

GeoVISTA Studio [124], CViews [25], and Improvise [138]. This long history underscores

the persistent challenge of balancing design accessibility and expressiveness and bridging

capabilities of visualization systems [43].

More recently, Nebula [34] provides an abstraction layer for constructing coordinated

visualizations using macros to abstract coordination specifications. It offers efficient CMV

design through textual specification of supported coordination patterns. The extensibility

of coordinations and implementation of complex coordination patterns becomes challenging

when users are restricted to the existing natural language patterns backed by higher-level

language parsers. Text specification allows one-way binding from the source visualization

that accepts the interaction to the destination that shows the result. This makes specification
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accessible and more natural, but limits design expressiveness. The architecture is also limited

to interactions that trigger updates only upon completion. Nebula is similar to C4D3 in how

it separates coordination from visual representation, despite their substantial differences in

coordination specification and expressiveness.

User interface frameworks like React offer a component-based architecture in which UI

elements are treated as self-contained components organized in a hierarchy. React uses a

combination of strategies to coordinate view components in the component hierarchy. It uses

props, callbacks, and context to coordinate the parent component with the child component.

Additionally, libraries like Redux offer a pattern for organizing global state and ensuring

predictable state management for JavaScript applications built on React. Although these

libraries together support state management for building views (as UI components) that can

be coordinated using shared state, they do not provide an abstraction layer for specifying

coordination between views. They rely on developers to implement custom logic to manage

complex view interactions and state changes across coordinated views.

CViews [25] offers a coordination model in which objects in a coordination space are

directly linked to views through translation functions. Use-Coordination [65] provides a re-

active library based on this coordination model, implemented in the ReactJS library. One

shortcoming of the coordination abstraction layer in this model is that views are directly

dependent on coordination objects; the translation functions tightly couple coordination

objects to view implementations. In contrast, Live Properties [138] provides a level of in-

direction such that coordination objects are not directly coupled to views but instead are

linked to properties of the views. Coordination objects can provide information of any type

for views to share and translate for individual use. This indirection expands coordination to

allow sharing not only of interaction characteristics, but also of behavior and appearance,

thereby providing an abstraction layer that is flexible enough to express a wide variety of

view couplings far beyond those usually encountered.

C4D3 builds on D3’s capabilities to make coordination capabilities accessible to the wide
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community of D3 users with implementation cost at or below that of D3 on its own. It

provides flexible coordination between views by abstracting the coordination from the visual

representation and interaction with it, while still maintaining the flexibility and expressive-

ness to author open-ended coordination patterns. It also optimizes view updates in response

to interaction by only updating the affected parts of the DOM, thereby allowing interme-

diate updates during protracted interactions and with it a sense of interactive immediacy

(depending on the latency of the updates themselves).

4.4 Example: Cubic Ion Trap Visualization

Figure 4.1: Reproduction of various coordinations in the Improvise cubic ion trap visualiza-
tion [138] with 12 C4D3 views: (A) three time series plots synchronize scrolling horizontally;
(B) independent vertical scrolling in those plots; (C) shared selection between scatter plots
and the table; (D) overview SPLOM showing three sides of the cube; (E) detail SPLOM
zoomed to ranges selected in the overview; (F) a selected range in a color slider filters items
in a parallel coordinate plot.

Figure 4.1 shows a reproduction of the Improvise cubic ion trap visualization comprising

12 coordinated views created with C4D3. The C4D3 library provides a variety of view

modules, each tailored to exhibit distinct behaviors and appearances using D3 internally for

visual representation and interaction handling. The example employs two types of scatter

plot module: one to provide an overview, and the other to present a detailed view. It also
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employs a parallel coordinate plot module, a table view module, and a gradient plot module.

A significant portion of a view module consists of D3 code for constructing and updating

the view, while other code sections pertain to methods for updating the view’s internal state

stored in the view wrapper. To create new types of views as view modules in C4D3, one

makes a copy of the wrapper template and customizes it to include the desired D3 code for

each view. Each of the individual views are appended to the DOM and positioned based on

the view parameters that are provided when creating the views.

To construct the CMV for the cubic ion trap data, we first need to identify the data

relationships to explore. First, how does the behavior of ion cloud change over time in the

three cube dimensions? For that we need to be able to view the behavior of the ion cloud

in three different axis across time and also have the ability to select points of interest to

see how they relate to each other spatially. We create three different scatter plots shown on

the left most column of views in Figure 4.1, that display the position of ion cloud in each

dimension over time and also provide the ability to select points in any of the plots to be

highlighted in other plots. Second, what are the patterns of ion cloud motion in the spatial

dimensions taken pairwise? For that we create three scatter plots that show the x-y, y-z,

and x-z orthogonal projections of the cube onto its 2D faces. These views are laid out in the

columns 2 and 3 of Figure 4.1. To see the details of a volume of interest within the cube,

we create three more corresponding scatter plots of x-y, y-z and x-z to show the selected

zoomed volume. These views appear in columns 4 and 5 in Figure 4.1. We also create a

parallel coordinate plot, spanning columns 3 and 4 to see correlations between time and

the individual spatial dimensions. Third, a gradient plot in column 6 maps time to color

and allows filtering on time by selecting a range of color. Fourth, we coordinate time in

the gradient plot with the time axis in the parallel coordinate plot to give us the ability to

coordinate them on a selected range of time. Finally, we create a table view to show the raw

data and select items to highlight at particular times. The table view (shown in column 6)

is coordinated with the gradient plot to highlight rows in the table for times selected in the
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gradient plot.

In C4D3, the code for CMVs is written in a declarative manner by supplying input

data and view-specific parameters to the view modules and binding coordination objects

between them. Arbitrary subsets of views can share appearances and behaviors by binding

different objects that store and manage the desired appearance and behavior states of the

visualization as a whole. For instance, it is possible to select a subset of views with similar

or dissimilar appearances, such as scatter plots and a table view, to highlight the same data

point when hovered over with a mouse in any of these views. In another scenario, the same

or different subsets of views can be selected and coordinated by having selected items in one

view highlighted in other views. A more complex example, shown in Figure 4.1, coordinates

a range selection in the gradient view with an item highlighting filter applied in the parallel

coordinate plot. Views can also be instantiated from the same view module to be coordinated

through common design elements. For example, scatter plots that share the same data can

yoke their individual axes to the visual extent of the data as each one displays it. Mixing

and matching coordination strategies allows for versatile and open-ended ways to coordinate

views, offering designers ample flexibility in achieving their desired outcomes.

4.5 View Abstraction and Coordination in C4D3

Visualization designers create and use many different kinds of interactive data views. Al-

though the introduction of fundamentally new view types is less and less frequent, the vi-

sualization community continues to study known views, their variations, how to implement

them, and how to compose them into larger structures including coordinated multiple views.

There is particular interest in helping users create CMV designs themselves. Balancing

expressiveness and accessibility of specification is a key challenge in this effort.

With C4D3, we approach this challenge by adopting a level of view abstraction based on

the parameter set model of visual exploration [63]. This model treats visualization state as a
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collection of parameters, some or all of which can be modified through interaction. The Live

Properties architecture in the Improvise visualization system [138] builds on the parameter

set model by adding a model for defining views in terms of properties (slots), binding those

properties to variables (parameters), and broadcasting update notifications between views

whenever any of them changes a variable interactively. Instead of coordinating views through

low-level interactions (too mechanical) or high-level semantics (too abstract), Live Properties

coordinates views through a middle-level of concrete, meaningful state objects. Navigation

interactions translate into ranges, angles, and distances. Selection interactions are captured

as an array of brushing hits indexed to data items. Inside view implementations, translating

common visualization interactions into such state objects is straightforward, as is parame-

terizing the visual encoding of data as a function of the state objects. Coordination in Live

Properties is accessible because the state object data types, and how they relate in a view,

are easy to understand. It is expressive because views can be interactively coupled with each

other in a myriad of ways well suited to both standard and custom coordination design.

C4D3 combines a re-implementation of the Live Property architecture in JavaScript with

a wrapper for encapsulating the JavaScript code of D3 visualizations as a Live Property view

type. To implement a new view type, a visualization developer makes a copy of the wrapper.

They then insert code to create the properties of a view when it is instantiated. Next, they

insert the D3 code fragments that perform event handling and visual encoding appropriate

to that view type. Finally, they modify the fragments to translate interaction events into

property changes and calculate visual encodings from property values. Designers can adapt

existing C4D3 views or create view variations by adding relevant Live Properties to support

coordination in the widely available rich set of D3 examples.

The view wrapper also provides the functionality needed to propagate interaction events

and property updates to keep the view updated. Figure 4.2 shows the internal components of

C4D3 views and how they are connected through variables for coordination. Each view has

event listeners attached to the DOM corresponding to various mouse, keyboard, and touch
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Figure 4.2: The internal structure of C4D3 views and their external coordination through
variables. Interaction events propagate via properties to change variable values. Changed
variables broadcast update notifications though all connected properties to trigger view up-
dates.

events. Each property of a view registers with relevant listeners to receive notification of

events. When it receives an event notification, it modifies the value of its bound variable (if

it has one). The variable broadcasts the value change to all bound properties, including the

originating view itself. Each property that receives a variable change notification triggers

a draw event to update its parent view. When a view updates itself, it accesses current

property values as needed. The originating view does not necessarily trigger a draw event

directly in response to the interaction, but this can be done to draw a visual side-effect of

interaction, such as to show the brushing shape itself. This approach allows clean decoupling

of event handling code from property update code inside views. This approach also allows

variables to be initialized (and even updated by other means) in a way that keeps all views

up to date at all times, including upon first display. A property can also be tagged as active

or passive to indicate whether interaction in its parent view can affect it or not.

This approach to view abstraction and coordination in C4D3 has several advantages.

67



First, it makes the implementation of individual views entirely independent of each other.

Views communicate only indirectly through variables, and have no direct connection to or

even knowledge of each other. Second, it eliminates the need to write custom code inside

views to implement the coordinations themselves. Third, as a consequence of the previous

two, it substantially increases the scalability of coordination constructions in terms of the

number of views, the number of shared state objects, and the overall amount of interactive

interdependence that can be implemented with little code. The specification of the structure

of coordination between views is effectively externalized from the views themselves. If one

can implement a view type in C4D3, then any number of instances of that view type can

be created and coordinated. One can create new interactive designs in D3 and wrap each in

the C4D3 wrapper in a way that effectively separates the concerns of visual representation

design and coordination specification.

C4D3 provides a variety of data types to define interactive state values, such as plot ranges

and item selections. Views create, interpret, and utilize property values based on their type.

For instance, if a view uses a bit array property to brush and highlight selected items, the

visualization designer can create a variable of that type to bind to that view’s property, then

bind it to other properties of any views to coordinate them through that typed value. Types

helpfully communicate each view as a property-based API to designers, and constrain how

property values can be expected to effect visual representation and interaction handling in

different views. Views can use their property values for representation and/or interaction as

they need to, including to parameterize an internal data transformation pipeline. As a result,

C4D3 supports flexible coordination well beyond basic navigation and selection, through the

addition of view variants that define and utilize their properties in sophisticated ways.
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Figure 4.3: Code organization in C4D3: (a)–(d) view modules; (e)–(f) view wrappers; (g)–(j)
CMV applications. See the main text for descriptions of the code for labels (a)–(j).

4.6 Implementing CMV in C4D3

C4D3 is implemented as a JavaScript library that consists of six distinct software layers to

build CMVs: (1) the D3 library handles DOM specification and interaction handling of views;

(2) modules built on D3 set up a view, render and update it, and update its properties upon

a change in state of the view; (3) view wrappers interface view modules to the coordination

library; (4) a coordination library manages coordinations between the views; (5) an API

layer provides abstraction for interacting with individual view controls to support creation
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Figure 4.4: A CMV visualization with three views: a treemap, a radial tree, and a bar chart.
The views are coordinated to highlight the item hovered over in any of the views.

of views and specification of coordinations; and (6) CMV applications build on the API layer.

Figure 4.3 summarizes the general structure of the code one needs to write to implement

an application using these layers. First, implement view modules (Figure 4.3a–d). Next,

implement the corresponding view wrappers (Figure 4.3e–f). Finally, set up and initialize

the application itself (Figure 4.3g–j).

Figure 4.4 shows a simple example that visualizes a taxonomy of food with three views: a

treemap, a radial tree, and a bar chart. Each view has an indication property that determines

which item to highlight when that item is hovered over by the mouse in any of the views. The

properties are bound to a common variable to establish the coordination. In the rest of this

section, we present the complete code to specify the example and explain its construction.

4.6.1 Coding View Modules

A CMV application can be built using existing view modules, including several common

examples provided by the C4D3 library, and by writing any needed additional view modules

and their corresponding view wrappers. View modules are responsible for setting up the

initial view representation (Figure 4.3a–b), updating the views (Figure 4.3c), and translating

interactions in views into property changes (Figure 4.3d). The majority of code that needs

to be written when creating a new view module is the D3 code (Figure 4.3b–c).
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Figure 4.5: Module code for the example bar chart, showing: (a) initialization of properties,
(b) a utility method to enable interactive positioning of the view, (c) a method to update
the view upon property changes, (d) code to position the view in the layout, (e) D3 code to
render the view, and (f) callback functions to update the property upon interaction in the
view.
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Figure 4.5 shows the module code for the bar chart view in Figure 4.4. The code in

Figure 4.5a creates an empty boolean array, initialized with false values, and sized to match

the input data, for storing the values of an indication property to track the mouse hover.

Figure 4.5d shows the code to create the initial bar chart view using the vanilla D3 code

for a bar chart shown in Figure 4.5e (hidden for brevity). The code shown in Figure 4.5f

updates the value of the property when mouse interactions (onMouseOver and onMouseOut)

occur, changing the property value by altering the bit values of appropriate DOM elements

to true or false. The property change also notifies the view wrapper and triggers any needed

updates to the view, as shown in Figure 4.5c. View modules must separate the code for each

of their property types into distinct update methods. The module code for the treemap and

radial tree views is structured the same way and was implemented by copying the bar chart

module code then modifying the property update code as in Figure 4.5c and the D3-specific

code as in Figure 4.5e.

4.6.2 Coding View Wrappers

Each view module has a corresponding view wrapper (also referred to in the API as a view

control). Creating a wrapper for a new view module focuses on determining which properties

a view needs to have for coordination with other views. The wrapper defines and maintains

the properties that encapsulate the appearance and behavior of the view (Figure 4.3e) and

acts as an interface between the view module and the coordination layer by updating the

view when a change is detected in any of its properties, either by the result of interaction

with the view itself or by the result of coordination with other views (Figure 4.3f).

Figure 4.6 shows the wrapper code for the example bar chart view in Figure 4.4. The

code in Figures 4.6a–c creates the indication property (called “live_property_indication”),

instantiates the view for that property, and notifies the view of incoming changes to that

property from outside the view, respectively. In Figure 4.6a, the property is tagged as an

active property (“true” on the third line) that can be changed by the view itself, as opposed
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Figure 4.6: Wrapper (control) code for the example bar chart, showing: (a) initialization of
properties, (b) initialization of the view, and (c) notifying the view of property changes.

to a passive property (which would be “false” on that line) to indicate that the property can

change due to coordination with other views but is not affected by interaction in its own

view. The wrapper code for the treemap and radial tree views is structured the same way

and was implemented by copying the bar chart wrapper code then modifying the code in

Figure 4.6b to instantiate each respective view with its needed parameters.
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*** Continued on next column ***

*** Continued from previous column ***

Create 

controls for

bargraph, 

treemap, 

radial –

node link 

views
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variable to 

“Indication” 
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of view 

controls 
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the JSON data

Create 

hierarchical 
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JSON data

property Create a 

variable to

 store the state 
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a
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Figure 4.7: Application code for the example in Figure 4.4, showing: (a)–(c) loading and
preparing data, (d) instantiating views, (e) instantiating variables for the hover coordination,
(f) binding the variable to the properties of views to establish the coordination.

4.6.3 Coding CMV Applications

Creating a CMV application involves initializing the constituent views and specifying coor-

dination using the C4D3 API layer, broken down into the four steps shown in Figure 4.3g–j.

First, load the data and create parameters that define the size and position of the views,

such as width, height, and position. Second, instantiate the view controls with this data and

the parameters. (Alternatively, the layout of the CMV can be managed using a CSS library

like Bootstrap to support a responsive grid system for arranging individual views, further

simplifying the code for individual view setup.) Third, create variables to store the state of

the views as property values. Fourth, bind the variables to the appropriate properties of the

74



view controls to specify coordination.

For the example shown in Figure 4.4, we first load and prepare the data (Figure 4.7a–c),

then create layout parameters and instantiate the view wrappers for the bar chart, treemap,

and radial tree views (Figure 4.7d). Next, we create a variable called Indication to store

the coordinated interaction state of hovering shared by the views (Figure 4.7e). We use a

simple array as the property type to represent the shared hover interaction state, with True

and False in the array to represent whether a given data item is being hovered over. Finally,

we coordinate the views by binding the Indication variable to the Indication property of all

three view wrappers (Figure 4.7f).

Evolving a CMV application to include additional views and/or coordinations is a straight-

forward matter of instantiating more view wrappers (adding blocks to Figure 4.7d), creating

more variables (adding blocks to Figure 4.7e), and/or binding variables to more view proper-

ties (adding blocks to Figure 4.7e). A coordination design can be rapidly and incrementally

revised by mixing and matching variables to views through their properties. Incremental

creation of new view types or modification of existing ones can be performed by copying and

editing view module and wrapper code before returning to the application code to incorpo-

rate those view types and coordinate them.

Figure 4.8: A software layer diagram of C4D3 showing how different stakeholders make and
use the four different layers.
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4.6.4 C4D3 in Visualization Design and Use

We designed C4D3 to support three main groups of stakeholders .

• Visualization Developers use the D3 [24] library to develop View Modules & Wrap-

pers. They can extend the existing view modules and view wrappers provided by C4D3

or create their own custom view types.

• Visualization Designers make use of the View Modules & Wrappers and the Coordi-

nation API to develop CMV applications. Their role lies in translating the the needs

of end users into view and coordination choices. They can also work with visualization

developers to create new view modules or modify existing view modules as needed to

realize their CMV application designs.

• Visualization End Users are the consumers of developed CMV applications like the

ones shown in Figures 4.1 and 4.9. They communicate their needs to the visualization

designers who ultimately create CMV applications for them.

4.7 Coordination Patterns

With multiple views in a visualization, users can see and interact with data from multiple

perspectives simultaneously. Coordination allows users to combine the interactions of differ-

ent views to compose more complex queries than would be possible in any single view. To

support common data exploration strategies [119], many visualizations employ basic nav-

igation and selection coordinations [89], such as brushing [18]. Techniques like compound

brushing [33] and cross-filtering [141, 142] employ coordination constructions that interplay

with data processing and querying in more complex ways.

While our current view abstraction focuses on supporting basic forms of coordination, it

is sufficient to realize many common coordination patterns [140], and visualization designers

can vary and synthesize them to suit specific application needs. Transparency of D3 code in
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views also leaves the door open for designers to implement direct view dependencies if they so

desire. Here we describe a few of the general coordination patterns that were readily designed

into the above C4D3 examples of ion motion (Figure 4.1) and food types (Figure 4.4).

• Synchronized scrolling in Figure 4.1A coordinates the horizontal range of time visible

in three time series plots. Each plot has a pair of live properties to represent its visible

horizontal and vertical ranges, each corresponding to a translated axis value in D3.

Changes to either range are applied to the corresponding axis and the points in the

plot are repositioned accordingly.

• A scatterplot matrix (SPLOM) shown in Figure 4.1D is a more complex construction

of range bindings. Three data dimensions are laid out in a traditional stair-step ar-

rangement of plots. X, Y, and Z range variables are bound to the range properties

of the plots so as to create the expected synchronization of scrolling across all three

views.

• A perceptual slider shown in Figure 4.1F coordinates a color slider and a parallel

coordinate plot. The two views share a range variable for a selected range of color

in a color gradient. The two views also share a color gradient for sake of visual

consistency. In this case, we implemented both as general-purpose views but tweaked

their respective D3 code to use the same gradient by coincidence.

• Shared selection shown in Figure 4.1 supports brushing between the three time series

plots and the table view. The three plots in the SPLOM are similarly coordinated,

but via a second selection variable.

• Shared indication shown in Figure 4.4 similarly coordinates hover interactions across

several views, in this case of a food item. As in shared selection, data items hovered

over in any of the coordinated views is highlighted in all views.
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4.8 Example: COVID-19 Visualization

Figure 4.9: Visualization of COVID-19 data [148] with six views (A–F): two scatterplots, a
table view, a choropleth map, a bubble chart, and a parallel coordinate plot. Views encode
different attributes of countries using a common color scheme for continents. Coordina-
tion between views includes range navigation (AB), selection (AD, BCF), and indication
(ABCDE).

Figure 4.9 shows a novel visualization with six different coordinated views of COVID-19 data

built using C4D3. The data consists of case and fatality statistics on July 8th, 2020 from

the Worldometer website [148]. This section describes in detail the implementation of the

views, interactions, and coordinations of the visualization and assesses how C4D3 supported

its development.

The visualization consists of 6 views of five different types.

• Scatter Plot: The visualization includes two instances of a scatter plot module. The

top scatter plot (Figure 4.9A) displays the tests per million variable (horizontal axis)

versus the cases per million variable (vertical axis) while the bottom scatter plot (Fig-

ure 4.9B) shows the deaths per million variable (horizontal axis) versus tests per million

variable (vertical axis). Both scatter plots support selection of items by brushing a

rectangular region. Items within the brushed regions of the recently interacted scatter

plot are selected and highlighted with a black stroke.

• Table View: Figure 4.9C shows a table view of the entire dataset. Continents are

color-coded based on the categorical colors assigned to each continent, matching the

78



legend in the choropleth map and the bubble chart. Selection in the table view is

performed by double-clicking a row to select a single element. Clicking on a row and

dragging the mouse slowly upward or downward selects multiple items. If the items

are previously selected, they will become un-selected and vice-versa. Selected rows are

displayed with red text. Hovering over a row (indication) changes its background to a

teal color.

• Choropleth Map: Figure 4.9D shows a choropleth map of the world using a Mercator

projection. A legend shows how countries are color coded by continent. The map

supports selection and indication interactions. Double-clicking a country selects it and

highlights in gray. Hovering over a country indicates it with a blue border and reduced

opacity.

• Bubble Chart: Figure 4.9E shows a bubble chart with a selection menu. A legend

shows how countries are color coded by continent. The bubbles represent countries,

and their radius is drawn corresponding to the selected menu option: cases per million

population, tests reported per million population, or deaths per million of population in

each country. Double-clicking on a bubble selects it and highlights it in gray. Hovering

over a bubble highlights it with a white border and reduced opacity.

• Parallel Coordinate Plot: Figure 4.9F shows a parallel coordinate plot of countries

by continent, cases per million, and deaths per million of population. Each line repre-

senting a country is colored according to the categorical color assigned to its continent.

This view does not allow direct selection or hovering. The plot highlights items se-

lected via its coordinated views, but does not support selection or indication itself (as

an example of using passive properties for one-way selection).

The visualization coordinates the six views in several ways, creating coordination pat-

terns.
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• The two scatter plots are coordinated through a range variable. The horizontal range

of the top scatter plot is synchronized with the vertical range of the bottom scatter

plot. This coordination demonstrates synchronized scrolling.

• The top scatter plot (Figure 4.9A) and the choropleth map (Figure 4.9D) are coordi-

nated on their item selections. Any selection made in either of the views is reflected

in the other view, demonstrating a shared selection coordination pattern.

• The bottom scatter plot (Figure 4.9B), table view (Figure 4.9C), and parallel coordi-

nate plot (Figure 4.9F) are coordinated on their item selections. Any selection made

in either the table view or the scatter plot is reflected in all three views, demonstrating

a second, independent shared selection coordination pattern.

• The Scatter plots, table view, choropleth map, and bubble chart are coordinated by

indication. Any item indicated by hovering the mouse over it in any of the views

is highlighted in all of the views. This coordination is a multi-way shared indication

coordination pattern.

The development of the CMV example shown in Figure 4.9 benefits from the capabilities

of both D3 and C4D3. D3 [24] supports the development of six views in a transparent manner

by exposing both the visual encoding specification and the interaction mechanism. Each view

transparently associates properties with their roles in visual encoding and interaction. The

visualization exploits C4D3’s extensibility by first developing a view module and wrapper for

the scatter plot with range, selection and indication properties, and then extending the same

view wrapper by removing the range property for the remaining views. C4D3’s modularity

aided in view development by starting with scatter plot views, then incrementally adding

more view types and integrating them into the coordination patterns. While the designs of

the view types in the example vary widely by extracting the similar behaviors of selection

and hovering across the views into sensible value types, the small number of properties could

be coordinated across them to achieve high composability. All views respond to selection,
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indication, and hovering interactions through live property updates rather than local view

updates, ensuring full consistency in all coordinations of the interactions.

4.9 Discussion

We developed a specialized coordination library that integrates well with the popular data

and visual representation capabilities of D3, enabling flexible combination of views and coor-

dination to build simple or complex CMV visualizations. In the following section, we discuss

the design choices we made for C4D3 and assess achievement of development objectives.

4.9.1 Modular View Support

Building CMVs using C4D3 can take advantage of substantial code reuse. A large fraction of

the code in view wrappers is shared between views with a small portion needed to add new

properties for coordination. Implementation of new views nevertheless requires structuring

D3 code in a different, modular way to support coordination, as discussed in Section 4.6.1.

The complexity of code in a view depends mainly on how expressive we want the view to

be to present itself as a collection of properties available for coordination with other views.

New C4D3 designers should start with CMV examples that support simple coordination

patterns, such as shared selection and shared navigation, and incrementally develop support

for more complex coordination patterns.

Despite its name and concentration on D3, the implementation of C4D3 does not inher-

ently restrict designers from substituting an alternative charting library for D3. However,

the alternatives would likely vary widely in how they can be used to manipulate the DOM to

express interaction state and visual appearance as a function of coordinated property values.

CMV view initialization in C4D3 is abstracted from the low-level details of view creation,

giving designers the ability to build complex CMVs in a declarative manner without getting

embroiled by the low-level implementation details of views. The separation of concerns and
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abstraction offered by properties and shared interaction state appears to provide a strong

correspondence between what users want for visual data querying and how designers can

specify suitable view inter-dependencies in CMV constructions.

A major challenge in developing support for complex coordination on top of visualization

libraries like D3 is their limited range of interactions available to modify DOM elements

(brush, drag, zoom, pan, lasso) and the ways they can conflict. This limitation makes it

much harder to implement multiple interactions in D3 to support multiple properties in a

C4D3 view, either by supporting a coordination pattern by spreading out needed interactions

across extra views, or forcing developers to write custom code to process low-level mouse and

keyboard events to sufficiently distinguish interaction forms and map them into particular

facets of coordinated interaction state.

4.9.2 Modular View Update Mechanism

In general, D3 views are constructed such that mouse events trigger callbacks that update

the DOM, making code look clean and simple. This is true for simple and direct interactions.

However, when changes are complex and indirectly triggered by coordinated views, updating

in this manner makes the code monolithic and adds complexity to the already lengthy code

for some D3 views. To manage this complexity, C4D3 decouples the code responsible for

re-rendering views into separate callback functions, simplifying the D3 code and making it

more modular. This delegates the responsibility of mouse events to only update properties,

allowing each view to interpret changes to properties and modify themselves accordingly.

This approach also allows views to support coordinations that span multiple properties

in an easily understandable manner. For example, if a view receives shared selection state in

its properties from multiple views via multiple variables, it can adjust its appearance based

on the combined values of any or all variables. Achieving this level of coordination without

C4D3 would be highly complex in D3 alone.

C4D3 can also support sharing data as a coordination parameter, allowing it to be loaded
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once instead of multiple times across views. This approach not only improves data handling,

but also enables the development of views that support data annotations through interactions

and share the same modified data across views, ensuring consistency of annotated data across

coordinated views.

4.9.3 Assessment of Objectives

Our first objective is to preserve transparency of D3 code in view implementations. Pa-

rameterizing views via minimal sets of properties needed to share coordination state provides

accessibility. Giving each view responsibility over how to use property values to determine

appearance and behavior provides expressiveness. A visualization designer can choose a vi-

sual encoding appropriate to the data and application, and implement interaction as needed

to accomplish many common visual querying tasks. Item selection in a view can involve

clicks, rubber bands, lassos, or other selection gestures. Indication by drawing or hovering

is similarly flexible. In both cases the view simply performs the usual hit tests on data to

populate a bit array to share via a selection variable.

Specifying views without connecting them directly offers both extensibility and modu-

larity in view development. D3 practitioners can take advantage of the view abstraction to

create new view types, view variants, and coordinate them incrementally as needed to realize

their designs. Design variations can be explored by quickly changing the set of available vari-

ables and their bindings to views being considered, often with little or no modification to the

D3 code itself. Doing so depends on how well the aspects of appearance and behavior needed

for variation are exposed as properties in available view types. Overall, C4D3 provides a

sharp separation of concerns for view design. Starting from available view types, new view

types can readily exploit redundancy in C4D3 code, and often in D3 code as well. The view

types in the examples all share code that is essentially the same except for D3 fragments that

handle visual encoding specifics. Event handling code, such as for panning, can be reused in

the same way as in the world of D3 examples. View variants can offer custom combinations
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of interactions for use in special design cases. Curating collections of view types is likely to

be an integral activity of C4D3 designers, much like in the D3 community.

View designers specify how live property values affect a view’s appearance and behavior,

and how interactions in a view affect live property values. The choice of live properties

to design into a view type is flexible, yet often calls for only a small set of quite obvious

and sensible value types. Live properties tend to be compatible (and often identical) across

views, even quite different ones. Consequently, the composability of views is high.

When an interaction occurs in a view, it could update itself by responding directly to

the interaction, indirectly to a live property notification, or both. In C4D3, views trans-

late most interactions into one or more live property changes. Updates happen indirectly

via propagation of variable changes, including in the view in which an interaction origi-

nated. By updating themselves independent of where interactive modifications originate,

views effectively track the current coordination state of the visualization, and thus maintain

visual consistency within themselves and between each other. Asynchronous propagation

of events in C4D3 makes visual consistency between views eventual, but on current systems

updates appear immediate for data sizes and view counts like in the examples.

The main objective of C4D3 is consonance in CMV design; that is, to support har-

monious mixing and matching of multiple coordinations between diverse views. The three

examples represent different C4D3 design cases. The first (Figure 4.1) recreates an existing

CMV visualization with many, but basic views. The second (Figure 4.4) and third (Fig-

ure 4.4) creates new CMV visualizations with fewer, but mixed, views. Together, they show

off a variety of navigation and selection coordination patterns. To build a C4D3 visualiza-

tion, the designer creates variables to model interactive state, creates views to access and

modify that state, then binds variables to views to coordinate them. These steps are simple,

flexible, and easy to write as C4D3 code. The number of variables and views, and more

importantly the number of bindings, is typically quite small—tens of each—even in complex

CMV constructions like the ions example. Even so, there is still much practical work to be
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done, particularly to expand beyond the small set of essential view and property value types

currently included in the library. It also remains unclear how to adapt certain D3 event

handling, notably for drag interactions, to the properties model.

Overall, C4D3 lets designers focus on expressing the state, behavior, and appearance of

views as shareable parameters at an abstraction level that provides a closeness of mapping

between desired view interdependencies and the code needed to express them, leaving most

of the complexity of handling coordination proper to the library itself.

4.10 Summary

We present a working prototype of a view-level abstraction for coordinating multiple views.

We adapted the Live Properties architecture as a thin coordination layer for use with the

D3 web-based visualization library, and applied it to create examples that demonstrate its

effectiveness to create complex CMV visualizations. Thinking about views as collections of

abstract shareable properties, rather than directly shareable values, may encourage general

thinking of coordination on a more abstract level. This middle-level abstraction appears to

allow designers to think about coordination at a higher level of abstraction like with Neb-

ula [34], while keeping the flexibility benefits of a lower level of mechanism [65]. Moving

forward, we will explore migration of the view abstraction to serve as a CMV abstraction

layer for other visualization libraries such as Vega-Lite [108] and Plotly.js. More broadly,

we aim to support access to the full visualization data processing pipeline, starting with

dynamic queries [7] and extending C4D3 capabilities to include a functional reactive lan-

guage for visualization pipelines like in Improvise [138]. Another possibility is to extend

C4D3 into a client-server architecture for desktop, mobile, and web clients using the coor-

dination architecture as the basis for remote interaction including collaborative interaction

via coordination [139].
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Chapter 5

Software Architecture and

Implementation of Hieros

5.1 Overview

Tree visualization systems [37, 96, 71] and toolkits [42] benefit from utilizing the visualization

pipeline [29, 111] to support operations on trees at various stages. Visualization pipelines

provide a structured framework for understanding how raw data is transformed into inter-

active visual representations that support human cognition and decision-making. However,

the underlying pipelines in most tree visualization systems rely heavily on node and edge in-

formation, and primarily expose operations on the attributes associated with these elements.

While some systems offer limited support for structural and attribute-based operations on

topologies such as paths, levels, and branches, they do not treat these structures as first-

class entities. Furthermore, the architectures and data pipelines of these systems are often

not described in detail, making the underlying implementation ambiguous in many cases.

A visualization pipeline that treats composite topologies as first-class objects, along with

nodes and edges, would make it more straightforward to implement operations on them at

different stages of the pipeline.
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In this chapter, we present Hieros, a software architecture and implemented library that

supports the representation of topologies and interaction with them as first-class objects in

tree visualizations. Development of Hieros represents a punctuation point in our work to

develop a tree visualization system to test our hypothesis: Having the ability to represent

composite topologies in trees in a first-class manner improves the utility of tree visualizations

by providing ways to represent information associated with them and also support various

operations on them in a more straightforward manner.

Hieros extends the information visualization pipeline to include composite topologies

mapped from the nodes and edges and supports representing aspects of attribute and struc-

tural information about those topologies. The Hieros architecture also supports operations

on topologies along the pipeline to interactively create, select, navigate, and manipulate

the topologies. We make the following contributions from our research on developing the

Hieros library: a tree visualization library that enables the creation of tree visualizations

and supports interactive operations on them; a pipeline for hierarchical data processing that

treats tree topologies as first-class objects and provides support for designing operations

to be applied along the pipeline; and seven variations of a representative sample of existing

tree visualization techniques—linear node-link tree, radial node-link tree, squarified treemap,

circular treemap, sunburst chart, icicle plot, rings that can represent various topologies to

differing extents, as well as support interaction with them in different ways. This work con-

fronts critical challenges in order to test our hypothesis. We pursue four main research goals

(R1–R4) to address them.

• R1 - Hierarchical Data Pipeline: Understand how to design a visualization pipeline

that supports the creation, layout, and visual encoding of composite topologies in tree

visualizations, as well as support operations on these topologies at suitable stages

of the pipeline. This includes designing the software architecture and developing its

components to support the pipeline.

• R2 - Designing Operations on Tree Topologies: Understand the various kinds
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of operations that can be performed on tree visualizations to support tasks at different

stages of the pipeline.

• R3 - Designing Tree Visualizations: Design visualizations to represent nodes,

edges, and composite topologies along with their associated structural and attribute

information, including to develop layout algorithms that incorporate composite topol-

ogy representations. This also includes assessing support for composite topologies

across a representative set of seven visualizations.

• R4 - Designing Interactions: Design interactions on topologies to demonstrate sup-

port for various operations. This includes designing the visual encoding of topologies

to reflect both the interactive state of the visualization and the progress of multi-step

interactions.

By achieving the above goals, the Hieros library enables designers to flexibly represent

various types of tree topologies from hierarchical domains and provides interactive support for

performing operations on these topologies, ultimately facilitating analytical and exploratory

tasks on tree visualizations.

We make the following contributions from our research by developing the Hieros library:

• A software architecture that supports the representation of and interaction with

composite topologies as first-class objects in tree visualizations, along with a visualiza-

tion pipeline that enables operations at various stages to interactively create, select,

navigate, and manipulate topologies.

• An implemented library called Hieros that supports the creation of topology-

augmented tree visualizations.

• Seven variations of existing tree visualization designs linear node-link view,

radial node-link view, squarified treemap, circular treemap, sunburst chart, icicle plot,

rings—that represent topologies and support interactive operations on them.
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In this chapter, we begin with an illustrative example of a tree visualization developed

using Hieros to demonstrate various composite topologies. We then describe the overall

architecture and the visualization pipeline of Hieros. Next, we outline key components of

the software architecture, followed by a discussion of the design of several tree visualization

techniques, the interactive operations they support, and several key ways of coordinating tree

visualizations on topologies. Finally, we discuss design and implementation considerations

involved in creating Hieros and the implemented tree visualizations.

Figure 5.1: An example of a node-link visualization capable of showing different combinations
of topologies explicitly. Clockwise from top left. (A) nodes; (B) edges; (C) siblings; (D)
levels; (E) nodes and siblings; (F) siblings and levels; (G) nodes, edges, siblings, levels; (H)
nodes, edges, siblings, levels, paths.
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5.2 Hieros Visualization Example

Figure 5.1 illustrates a visualization of a hierarchy, composed of eight views that explicitly

represent different combinations of topologies: nodes, edges, siblings, levels, and paths. The

layout algorithm for the node-link view is modified so that node positions are first calculated

and then used as anchor points to determine the positions of other topologies within the

visualization. Views then make use of the visual encoding specification of the topologies to

map the structural and attribute information of the topologies to visual encoding channels

such as color, shape, etc. This example is only used to illustrate how common topologies

can be drawn as first-class objects independent of the others. Even so, some topologies are

only meaningful when shown in combination with others. For instance, nodes are the basis

for all other topologies in the visualization; it is difficult to interpret the other topologies

without visible nodes for reference.

Figure 5.1A displays the nodes as rectangles. Figure 5.1B uses the positional information

of the nodes to render the edges. Figure 5.1C draws siblings topology using node positions

as anchor points. Figure 5.1D illustrates level topologies within the hierarchy. Figures 5.1E–

G depict various combinations of nodes, edges, siblings, and levels. Finally, Figure 5.1H

incorporates all four of those topologies, along with a path topology, which represents a

sequence of edges connecting any two nodes.

In this example, users can interact directly with the visual representations of nodes, edges,

siblings, and levels. For path and branch topologies, users use modifier keys and interact

with the underlying nodes to show them. By treating topologies as first-class objects in

our node-link tree, both structural and attribute information can be encoded using their

respective visual channels. Categorical node data is represented by node color. The mean

of a numerical attribute of a siblings group determines the color of the siblings topology.

The directionality of edges, i.e., from parent to child, is encoded with arrowheads. The level

number is represented by color in the rectangle for each level topology. The path topology

is visually distinguished using a squiggly line along the edges it traces from end to end.
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Figure 5.2: Mapping of various stages between the (A) information visualization pipeline
as described by Card, et al. [29] and (B) visualization pipeline of Hieros. Backward paths
represent how interactions on the topologies affect operations in the Hieros pipeline.

5.3 Software Architecture of Hieros

Figure 5.2A illustrates the information visualization pipeline [29], showing the stages involved

in transforming raw data into visualizations. The three stages are Data Transformation,

which converts raw data into data tables; Visual Mapping, which transforms data tables into

visual structures; and View Transformation, which renders the visual structures to the screen

as view. Variations of the pipeline [111] have been created for tree visualizations to account

for Node and Edge topologies. We extended the pipeline [111] to support representation of

composite topologies and operations on them.

Figure 5.2B shows the visualization pipeline of Hieros showing the corresponding stages

involved in transforming raw tabular data into tree visualizations in Hieros. The three stages

are Data Transformation, which converts raw node and edge tabular data into tree-structured

data. The tree-structured data consists of a hierarchical data structure with additional

data structures for the composite topologies; Visual Mapping, which transforms the tree

data into Topology Glyphs and generates Topology Positions for each topology; and View

Transformation, which renders the Topology Glyphs at their respective Topology Positions.

Interactions performed on the topologies in a view trigger interactive operations at prior
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stages of the pipeline, enabling manipulation of hierarchical data through the creation and

transformation of topologies, layout modifications, and selection/highlighting of the rendered

topologies.

The overall architecture of the Hieros library is shown in Figure 5.3. Hieros consists of

modular components designed to support the representation of tree topologies and opera-

tions on them. The library is built within the Improvise visualization environment [138]. It

currently leverages the Improvise user interface for loading Node and Edge Data, specifying

visual encodings of topologies, configuring layout parameters, and providing a coordination

model for constructing coordinated multiple views. The architecture includes various compo-

nents aligned with the stages of the information visualization pipeline. The following section

describes the key components of the Hieros library in detail, with reference to Figures 5.2

and 5.3.

5.3.1 Key Components of the Architecture

Hierarchy Manager

The Node and Edge tables are initially loaded using the Improvise visualization environment

and serve as the entry point to the visualization pipeline of Hieros. In the next stage, Data

Transformation, filter (f) and sort (s) operations are applied to the Node and Edge tables

to exclude or reorder nodes based on attribute information. The transformed data is then

passed to the Hierarchy Manager module, as shown in Figures 5.2 and 5.3. This module

validates the input and removes any nodes not connected to the root of the hierarchy. It

then converts the transformed node and edge tables into a tree data structure, generating

additional data structures for the necessary topologies for downstream visualization and

interaction.

The Hierarchy Manager module also provides functionality to support structural and

navigation operations on the tree data structure, such as reordering nodes within a sibling

topology, creating topologies (e.g., paths and branches), calculating derived attributes (e.g.,
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Figure 5.3: Architecture of Hieros
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computing the average value of node attributes within a topology), and computing structural

attributes (e.g., determining the length of a path or the number of nodes in a level).

5.3.2 Layout Generator

The Layout Generator module is part of the Visual Mapping stage of the visualization

pipeline and is responsible for generating the positional information used to display topolo-

gies in views on the screen. It includes a collection of layout algorithms for various tree

visualization techniques. The tree data structure generated by the Hierarchy Module, along

with any user-specified Layout Parameters, serves as input to the layout algorithms of the

Layout Generator module. The layout algorithm computes the screen coordinates to deter-

mine the positions of base and composite topologies, i.e., the spatial location at which each

topology should be rendered in views. The layout algorithm used in a given view can be

selected from a set of available alternatives. For example, the Squarified Layout of a rect-

angular treemap can be replaced with a Slice-and-Dice Layout, offering flexibility to choose

among different layout variations to support diverse analytical tasks.

The Layout Generator also supports interactive Layout Operations that modify the pa-

rameters supplied to the layout algorithm. Examples of layout operations include rotating a

radial tree, adjusting margins, rotating labels, and applying zoom and pan transformations.

5.3.3 Glyph Generator

The Glyph Generator module is also part of the Visual Mapping stage of the visualization

pipeline. It is responsible for creating the Visual Structures, also referred to as Glyphs,

for the various topologies displayed, using information about these topologies from the Tree

Data and their corresponding visual encoding specifications (Glyph Specification). The Glyph

Specification is used to map the visual channels of a glyph from a specific topology and its

structural and attribute information. Visual transformations such as filters can be inte-

grated into the glyph specification to conditionally apply visual encoding based on attribute
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Figure 5.4: Internal structure of the Glyph Generator module in Hieros.

or structural properties of the topologies. To facilitate this mapping, the Glyph Genera-

tor maintains a schema that defines the possible set of attributes and their values for each

topology-specific glyph. For instance, to map the color of a siblings glyph from the number

of nodes it contains, the schema for the siblings topology includes a corresponding integer

column representing the node count, which the glyph specification then uses as the source for

the color encoding. The Glyph Generator generates a table with this schema and populates

the relevant columns using information obtained from the Hierarchy Manager. Figure 5.4

shows how the glyphs for node, edge, and siblings topologies are generated using their spec-

ifications and the structural and attribute information about them from the tree data.

A current limitation of the implementation is a lack of designer-level support for spec-

ifying operators on structural and attribute data for use in custom visualizations. These
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operations are currently implemented at the Hieros developer level and are made available

for designers to use. Extending the pipeline to allow designers to define such operators

directly would significantly improve the immediacy and flexibility of specifying the visual

encodings of topologies based on arbitrarily derivations of their structures and attributes.

5.3.4 Topology Renderer

The Topology Renderer module is part of the Visual Transformation stage of the visualization

pipeline. It is responsible for rendering the Visual Structures of topologies into views on the

screen to generate the overall visualization. It uses the Topology Position information to

determine the exact coordinates at which each topology should be rendered.

Figure 5.5: Augmented versions of common tree visualizations provided by the Hieros library.
Clockwise from top left (A) Squarified Treemap, (B) Circular Treemap, (C) Sunburst view,
(D) Linear node-link view, (E) Rings Layout, (F) Radial node-link, and (G) Icicle Plot.
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Figure 5.6: The Linear Node-Link View explicitly represents node, edge, sibling, level, bi-
path, and branch topologies.

5.3.5 View Designs

The Hieros library provides a representative set of modified versions of seven commonly

used tree visualization designs for representing hierarchical data. These visualizations are

capable of representing various topologies to differing extents, as shown in Figure 5.5. The

visualizations are described in detail next, grouped by the categorizations from Chapter 3.

Connection-Based Visualizations use explicit lines to represent parent-child relationship

between nodes.

The Linear Node-Link View is a connection-based tree representation, shown in Fig-

ure 5.6. Nodes are drawn horizontally in their levels from top to bottom, starting with

the root node at the top. The current implementation of the view is designed to explicitly

represent nodes, edges, siblings, levels, paths, bi-paths, and branches topologies.

In Figure 5.6, nodes are visually encoded as rectangles with node identifier numbers shown

in them. Edges are drawn as connecting lines between their parent and child nodes. Siblings

are each represented by a rounded rectangle enclosing all the child nodes under a common

parent node. Levels are each represented by a horizontal rounded rectangle enclosing all
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Figure 5.7: The Radial Node-Link View explicitly represents node, edge, sibling, and level
topologies.

nodes and siblings that are equally distant from the root node. Paths and bi-paths are each

represented by a squiggly line overlaid on its constituent edges. Figure 5.6 shows a bi-path

between the first node at the third level from the top and second node at the second level

from the top. Branches are each represented by a convex hull enclosing all the nodes in a

branch. Figure 5.6 shows a branch with the third node in the second level as the root.

The topologies are drawn in the following order: levels, siblings, edges, paths, bi-paths,

branch, and nodes. This ordering is chosen to minimize visual occlusion and ensure that

each topology remains clearly visible. This order may vary depending on the specific tree

visualization design. The shapes of nodes and edges can be replaced by various alternative

glyph objects such as circles and arrows. Views can be specified such that selecting a sibling

or a level highlights the corresponding topology as well as highlighting its constituent nodes.

In Figure 5.6, the fourth level from the root node is shown as selected by highlighting both

the level topology and its constituent node topologies.

The Radial Node-Link View is a connection-based tree visualization shown in Figure 5.7.
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Figure 5.8: The Squarified Treemap explicitly represents node and siblings topologies.

Nodes are drawn radially outward in their levels starting with the root node at the center.

The current implementation of the view is designed to explicitly represent nodes, edges,

siblings, and levels. Edges are drawn as cubic curves connecting parent nodes to their child

nodes. Siblings are represented by arc segments enclosing the child nodes under the same

parent. Levels are represented by concentric rings. The shapes of edges can be replaced by

straight lines, and those of nodes can be replaced by circles or any polygons. Alternative

glyph choices for the topologies can be specified from the Improvise user interface.

The visual encodings of paths and branches can be implemented as waves and convex

hulls in the radial node-link view, respectively much like in the Linear Node-Link View.

Selecting a sibling or a level will highlight the corresponding topology as specified in its

glyph design. Figure 5.7 shows the outermost level selected and highlighted with a solid

black outline.

Containment-Based Visualizations use explicit groupings to represent parent-child re-

lationships by enclosing child nodes within their parent node.

The Squarified Treemap is a containment-based tree visualization, as shown in Figure 5.8.

Nodes are represented using rectangular glyph objects. Child nodes are enclosed within their
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Figure 5.9: The Circular Treemap explicitly represents nodes and siblings topologies.

parent node by nesting rectangles. Siblings are represented explicitly by using a dashed out-

line drawn on the outer edge of the parent rectangle. Levels have no apparent representation

in this technique but can be implicitly represented by highlighting nodes as proxies for their

levels. Similarly, the view does not explicitly represent paths. Like siblings, branches can be

explicitly shown using an outline on the outer edge of the root node of the branch. However

the view can be visually ambiguous if it uses the border of nodes to represent both branch

and siblings topologies. The lack of empty space surrounding node topologies and the tight

packing of their rectangles makes it difficult to represent composite topologies on top of the

nodes themselves. A small buffer area around each node can help, but leaves less space for

nesting and hence limits the number of levels in the tree than can be drawn at all. Conse-

quently it is challenging to interact with topologies other than nodes and edges (the latter

through each edge’s child node).

The Circular Treemap is a containment-based tree visualization, shown in Figure 5.9.

Nodes are represented using circles. The child nodes of a parent node are enclosed within

their parent circle. Siblings are represented by using a outline drawn on the outer edge of the
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Figure 5.10: The Sunburst Chart explicitly represents node, siblings, and level topologies.

parent node of the siblings. Levels have no apparent explicit representation in this technique,

but can be implicitly represented by highlighting the nodes which serve as proxies for their

levels. Similarly, the view does not explicitly represent paths but can do so by implicitly

highlighting the nodes along the path. Like siblings, branches can also be explicitly shown

using a dashed outline on the inner edge of the root node of the branch.

The Circular Treemap suffer similar drawbacks as the Squarified Treemap; despite the

ample free space within a parent circle not occupied by its children, it is not clear how to

convey composite topologies other than representing them implicitly by drawing in their

constituent nodes.

Alignment-Based Visualizations align one of the edges of the parent node.

The Sunburst Chart is an alignment-based tree visualization, shown in Figure 5.10. The

root node is represented by a circular glyph, and all descendant child nodes are represented

by arcs of various angular extent. The angle is proportional to some quantitative attribute of

each parent’s child node as shown in the figure, possibly including a simple count of the child
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Figure 5.11: The Icicle Plot explicitly represents node, sibling, and level topologies.

nodes. The Root node is located at the center with child nodes progressively located along

the arcs of their parents outward to each leaf node. Siblings can be explicitly represented

using a dashed outline drawn along the outer edges of the nodes areas. Levels are explicitly

represented using a thin 360◦ ring glyph that is drawn over the radial center of the areas of

for all the nodes in each level. The view is not currently implemented with glyphs for paths,

but one could do so by drawing a thin bar connecting the centers of starting and ending

nodes. Branches could be represented explicitly by drawing a cone that extends outward

from a given node and encompasses its descendants radially outward.

The Sunburst Chart suffers from challenges of overplotting when representing siblings,

branches, and paths as their representation require drawing glyph on top of nodes also

making it challenging to interact with them. Levels however are sufficiently distinct as both

visual elements and interaction targets thanks to their low and uniform coverage of all nodes

in concentric rings.

The Icicle Plot is an alignment-based tree visualization, as shown in Figure 5.11. All

nodes of the icicle plot are represented using rectangular glyphs. Nodes in successive levels
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Figure 5.12: The Rings View explicitly represents node, edge, and siblings topologies.

are drawn from top to bottom, starting with the root node. Alternatively, nodes can be

laid out from left to right instead of from top to bottom. The current implementation of

the Icicle Plot does not explicitly show edges, but this could be done by allocating space

above each child node to visually encode its incoming edge. Siblings are represented using a

dashed outline drawn on the inner edge of the constituent nodes of the siblings topology, as

shown in the Figure 5.11. Like the sunburst chart, this view is not implemented with explicit

glyphs for paths, but one could do so with bars in much the same way, or implicitly represent

paths by highlighting nodes along the paths. The view is also not currently implemented

to explicitly represent branches, but this could be done with a rectangular envelop similar

to how ones could be used in the Sunburst Chart. Also like Sunburst Charts, Icicle Plots

face overplotting challenges in drawing levels, siblings, branches and paths that make these

topologies difficult to interact with other than through their constituent nodes.

Hybrid Visualizations use a combination of connection, containment, and/or alignment

to represent parent-child relationships.
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Figure 5.13: General capabilities of the seven example view types for representing different
topologies.

The Rings Visualization is a hybrid layout that uses a combination of connection, con-

tainment and alignment. We use a modified version of the Rings layout algorithm [128] that

we modified to provide more opportunities to explicitly represent composite topologies in a

hierarchy. The modified layout algorithm as shown in Figure 5.12 differs from the original

in multiple ways. All nodes are represented by circles. Instead of laying out children on

multiple concentric rings inside a parent, we lay out child nodes as a single concentric ring

just inside the parent’s circle. Our algorithm also uses explicit shape to represent the center

of each node’s circles, which offers additional visual encoding channels for the nodes. Similar

to The Circular Treemap, Rings uses circles to represent nodes; unlike Circular Treemap,

the area of node circles in Rings is not proportional to a chosen magnitude, but is rather a

subtle coincidence of nested siblings counts. Edges are represented explicitly using lines to

connect the small center circles of parent and child node. Siblings are represented explicitly

by drawing an outline along the inner perimeter of the parent node of the siblings. Branches

could be explicitly represented similarly. Levels and paths are not explicitly represented in

the current implementation, but could be using wavy lines as in the Linear Node-Link View.

Figure 5.13 summarizes the implemented composite topologies in the aforementioned

seven tree visualization techniques, along with their potential representational support. Cells

labeled “Explicit” indicate techniques that can readily represent topologies explicitly. Cells
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Figure 5.14: Capabilities of the view types for interacting with topologies.

labeled “Implicit” indicate techniques that likely require falling back to implicit representa-

tions through nodes and/or edges.

Overall connection-based techniques are the most suitable for explicit representation and

interaction with all kinds of topologies due to the advantages of the layout and spacing be-

tween nodes. However, all techniques have trade-offs. further study is needed to understand

the strengths and weakness of various tree visualizations for depicting topologies.

5.3.6 Interaction Operations

Detection of Interaction Type and Target

Direct interaction with explicitly represented composite topologies occurs via mouse events.

Indirect interaction with composite topologies are implicitly represented by nodes happens

via keyboard events. Interaction with paths and branches happens this way in the currently

implemented views. Predefined modifier keys serve to disambiguate interactions. For in-

teraction with the other topologies, a view selects the topmost rendered topology as the

interaction target. For example, if a sibling topology is drawn over a level topology and

a click occurs over both, the sibling, being the topmost topology, will be selected as the

interaction target.
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Creation

Some topologies, such as paths and branches, are designed to be created lazily through

interaction. These topologies are not generated from the node and edge data used to create

the initial view of the tree. Only the specifications of how these topologies should appear

are defined as glyphs using the Improvise expression language. Interactions that combine

keyboard and mouse actions can trigger the creation of these topologies, followed by their

selection. For instance, a path is created and selected when a starting node and ending node

are selected in succession while pressing the keys Ctrl + Z. Similarly, a branch is created

and selected by clicking on a node while pressing the keys Ctrl + B.

Alternatively, the path and branch topologies could be precomputed and rendered only

when the user interacts with the corresponding nodes. (Whether to precompute or lazily

generate topology objects is a practical issue that affects the time and space complexity of

pipeline cases, particularly for topologies that are super linear in the number of nodes, such

as the quadratic number of paths.)

Selection

Topologies can be explicitly selected by directly interacting with their explicit representa-

tions explicitly, or by indirectly interaction through their corresponding node and/or edge

representations. Topologies can also be implicitly selected by selecting their constituent

nodes whose highlighting then serves as a visual proxy for the topology. Selected items are

highlighted according to each topology’s glyph specification. Figure 5.14 summarizes the

ways that topologies can be selected in the currently implemented views. Topologies that

are implicitly represented and manipulated via nodes as proxies, can suffer visual ambiguity

when a node serves as a proxy for multiple topologies simultaneously. For instance, a node

could serve as a selection target as itself, as the parent of a siblings, as the root of a branch,

and as a member of a level. In such cases, interactions must be designed to distinguish se-

lection of multiple independent topologies though their shared node proxies. The glyphs for
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the nodes and topologies must be correspondingly designed to provide different highlighting

for the combinations of ways they might be selected, like in compound brushing [33].

Navigation

Navigation in tree visualizations broadly occurs in two ways to bring different portions of a

tree into perspective: screen-space navigation, in which users can zoom, pan, or rotate; and

structure-based navigation, which focuses on bringing portions of the tree into view based

on topological landmarks. For instance, in structure-based navigation, users can navigate

between levels in the linear and radial node-link views by moving up or down the hierarchy

to select a range of one or more levels to display. Structure-based navigation over branches

is also possible by moving into and out of branches down and up the tree. While these navi-

gation operations can occur without explicit topology representation, explicitly representing

topologies allows for direct interaction with the topologies themselves and visual encoding

to emphasize the navigated portion(s) of the tree.

Structure Manipulation

Structure manipulation can be performed by changing the data that represents a tree’s

structure through interaction with its topologies. Structural manipulation is reflected by

changes to the visual representation of the tree and the topologies in it. In connection

and alignment-based views, for instance, scrolling the mouse wheel while the mouse pointer

is positioned over a siblings topology could cycle through the siblings to reorder them, or

arrange them based on their attribute information. Users could order the nodes in a level,

branch, or entire tree by sequentially or recursively manipulating sets of siblings. As unitary

interaction targets, explicit topologies can support a wide variety of structure manipulation

designs. In general, structure manipulation could edit the entire structure of a tree by adding

and removing nodes individually or in topological chinks. Such pervasive editing capability

is left as future work.
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Attribute Manipulation

Attribute manipulation can be performed by interacting with a topology to change the

features and attributes represented by its visual encoding channels. For instance, a siblings

topology in the Linear Node-Link View might possess a categorical data attribute, such as the

collective character of the siblings as a group, and visually encode it as fill color. The ability

to explicitly encode attribute information in composite topologies themselves increases design

flexibility by providing a larger number of more specific targets to represent and manipulate

hierarchical data than with node and edge representations alone. Exploring the design space

of visually encoding topology attributes in explicit topological representations is a wide-open

direction for future work.

Visually Representing Interaction Progress

Interactions with multiple steps, such as selecting a path by specifying source and desti-

nation nodes, require users to track their progress. We visualize intermediate incomplete

interactions using additional glyphs: a text glyph to indicate the action and a circle glyph

to mark the target location. For example, clicking a source node highlights it with a small

circle and displays text identifying it as the source node. Figure 5.15 illustrates this example

of interaction progress, showing “path start” when the source node (here the root node) is

selected and “path end” when the destination node (here the third child node of the root

node in left to right order) is selected, with two red circles marking the mouse click areas

during path selection. In this case, the interaction would then be complete and the circles

and text would then disappear when the modifier keys for path selection are released.

Similar visual representation of interaction progress can be used for interactions involving

multiple steps such as selecting a siblings topology and then rotating the siblings to change

the order of the siblings.
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Coordinating Topologies across Tree Views

Hieros uses the Live Properties architecture of the Improvise [138] system to coordinate

multiple tree views. Live Properties relies on having unique identifiers for coordinated data

items, i.e., topologies. Applying data transformations such as filtering to node and edge data

prior to the generation of tree data in the Data Transformation Stage can result in distinct

tree structures with node, edge, and composite topologies whose identities do not align,

precluding their coordination particular through selection. To address this issue, Hieros first

Figure 5.15: Linear Node-Link View showing intermediate interaction progress while select-
ing the path topology connecting the root of the tree and its third child.
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constructs a reference tree data structure (containing all potential composite topologies)

from the entire node and edge data of the source tree before any prior transformations are

applied, and then maps the unique identifiers of the topologies from the reference tree to the

rendered topologies. This allows views to correctly identify corresponding topologies across

coordinated views for subsequent coordination. Figure 5.4 illustrates how unique identifiers

(ID) are generated from the tree data structure for each of the topologies before applying

any filter, sort or other data altering transformations.

Hierarchical views that use the same data and topology identifiers in this way can be

coordinated through straightforward extensions of selection and navigation coordination pat-

terns [140] to tree visualizations.

• Shared selection of explicit topologies: Views highlight the same topologies that

are selected in any of the views. For instance, selection of nodes across views.

• Shared selection via implicit topologies: Views highlight the same topologies

selected and highlighted through node and/or edge proxies in any of the views.

• Shared selection via mix of explicit and implicit topologies: Views coordinate

topologies by selecting composite topology in some views and the constituent base

topology in other views. For instance, selection of level topology in one view will

highlight the constituent nodes of the level in another view. This pattern is useful in

the common case of only some views being able to explicitly represent the topologies.

• Shared navigation: Views show the same part of the tree upon interaction with one

of the coordinated tree views, such as the same range of values. This coordination

pattern is achieved by sharing the parameter(s) involved in the screen space and/or

structure based navigation operations and applying the same transformation to the

Visual Mappings and View Transformations of the coordinated views.

• Other coordination patterns, such as selection dependent data and selection-

dependent encoding as discussed by Weaver [140], can be applied through the Data
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Transformation and Visual Mapping stages of the pipeline just like in non-tree Impro-

vise visualizations.

5.4 Design Considerations

Fixed Order of Rendering of Topologies. For a given tree representation, the order

in which topologies are rendered in a view is determined by taking the design of their

representations and interactions into consideration. First, they should be ordered to minimize

unwanted overplotting/occlusion. The way in which topologies are grouped together to form

more complex topologies influences the drawing order of topologies. For instance, groups

of nodes form siblings, and groups of siblings form levels. In the case of Linear Node-Link

Views, drawing the levels first, followed by the siblings, and finally the nodes helps to prevent

occlusion of the less complex topologies by their more complex ones. This approach also

allows the surrounding space of simple topologies to be used for encoding various attributes

of the more complex topologies. Occlusion can still happen through poor choices of visual

encodings (such as overly large marks) for topologies above others in the drawing order.

Second, they should be ordered to make them visible and reachable as interaction targets.

A defined drawing order simplifies the design of efficient algorithms for checking topological

containment, which is essential for operations involving them. Effective user learning and

performance of selection operations depends on the knowledge of how interaction events

(such as mouse clicks) will be successively hit tested against the topological layers in a view.

Closed Set of Glyph Choices for Topologies. For a given topology, each tree visual-

ization design supports a limited set of glyph designs. The space of potential glyph designs

is unlimited in principle. In practice, the layout algorithm of a view substantially limits the

glyph designs that can be utilized without causing occlusions or generally making inefficient

use of available space.
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5.5 Implementation Considerations

Modular Layout Algorithms. Hierarchical data is diverse in its structural complexity.

We implemented modular layout algorithms to allow designers to plug them into views flex-

ibly according to their design goals. Users can switch algorithms interactively. For instance,

designers can let users switch between squarified, slice and dice, and pivot layouts in the

Treemap View using a radio button in the user interface. Different types and amounts of

hierarchical data (such as biological taxonomies versus organizational charts) benefit from

applying different layout algorithms without a need to implement new view modules. By

modularizing layout, Hieros developers and designers can implement custom layouts to han-

dle different space allocation needs, such as to accommodate the special layout concerns of

text marks/labels or layout dynamics such as force-directed layout.

Rendering of Paths and Branches on Interaction. For a hierarchical tree with n nodes,

the tree will have O(n2) paths each with up to O(n) nodes and O(n) branches each with up to

O(n2) nodes, making for potentially cubic time and space complexity in both cases. Instead

of pre-computing all paths and branches during the first render, we compute them lazily in

response to relevant interactions with the constituent nodes. Interactions with a tree often

involves filtering out nodes, which can cause frequent recalculations of paths and branches.

Moreover, drawing all all possible paths or branches in a tree is not generally practical due

to occlusion. How calculating and drawing only small numbers of paths and/or branches on

demand trade off utility for usability is an important topic for future work.

Flexible Controls for Interaction. Through Live Properties, Hieros uses interactive pa-

rameters to drive alternative ways of performing operations in the visualization pipeline. User

interaction in Hieros visualizations can be performed both by directly interacting with tree vi-

sualizations and their topological representations or by interacting with other views/controls.

This is helpful for supporting operations on topologies that cannot be explicitly represented

in tree visualizations. These parameters can control screen space navigational aspects of the

layout, such as panning, zooming. They can also determine filtering of the tree data struc-
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ture such as to set an effective root or limit the number of levels for structural navigation.

These parameters can be coordinated with other views through their Live Properties, such

as to support shared navigation coordination patterns between multiple tree views.

5.5.1 Deployment Requirements

Hieros is provided as an integrated library in Improvise for building tree visualizations using

Improvise. As such, the deployment requirements of the Improvise carry over to the Hieros.

Some of the essential Improvise external libraries required for Hieros include:

• Java Swing (http://java.sun.com/products/jfc/tsc/index.html) for user interface com-

ponents,

• Apache Xerces (http://xerces.apache.org) for serializing visualization documents as

XML files, and

• Java Bindings for OpenGL (JOGL, https://jogl.dev.java.net/) for 3-D rendering.

Improvise is packaged as two Java jar files—the main application (improvise.jar) and its

supporting libraries (oblivion.jar along with jar files for its several dependencies). These files

are deployed in two ways:

• As a UNIX shell script for execution from a command line.

• As a double-clickable, self-executing, cross-platform jar application.

Improvise is free software, distributed under the GNU Affero General Public License

(AGPL).

5.6 Assessment of Hieros’s Design Capabilities

Hierarchical visualization tools [67, 81, 103] are applications that support a data pipeline for

operations such as filtering, sorting, and searching on tree visualization. Much of the tree
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visualization research community has focused on evaluating the performance of these tools

for particular tasks. Hieros is motivated by the potential to generate tree visualization data

processing pipelines and thereby pursue of a substantially expanded tree visualization design

space, and developing systems, libraries and tools for that space. In this section, we focus on

comparing the relative strengths and weaknesses of existing systems that rely primarily on

nodes and edges with those of the Hieros library and its data pipeline capable of handling

topologies beyond nodes and edges.

5.6.1 Assessment of Data Transformations

A basic feature of a tree visualization system is to support data transformation operations

such as filtering and sorting of items in the visualization. Existing tools like Treemap 4.0 [37]

and SequoiaView [67] offer various kinds of filters for hierarchical data. In Treemap 4.0,

filters based on node attributes (e.g., size, age) visually gray out nodes, while structural

filters controlled by dynamic query sliders and widgets filter topologies from the tree. In

contrast, SequoiaView applies structural filtering exclusively, effectively deleting items from

the hierarchy before rendering them.

Hieros provides support for data transformations both on individual nodes and on on

composite topologies. Filter and sort transformations can be performed on node data to

prune sections of the hierarchy or sort the order in which nodes are seen. Filter Data trans-

formations can also be applied on the tree data structure to filter out composite topologies.

For instance, one can filter the number of levels to show in the tree by filtering out the

nodes below that level in the hierarchy. Hieros also supports data transformations on the

visual encodings of topologies to support visual filtering of items rather than filtering them

from the data itself. In the current version of Hieros, views maintain data tables about the

structural and attribute information of nodes. Filters can be applied while mapping the data

in those tabled into the visual channels of topology glyphs.
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5.6.2 Assessment of Layout Creation

The tree visualization design space is large and diverse [114]. Over 340 tree visualizations

with different approaches to layout has been identified [113] with numerous applications to

specific use cases. The need for a more generic layout approach inspired the creation of a

generative layout approach for rooted tree drawings by Schulz, et al. [115]. This approach

involves a six step layout process for drawing trees with an operator at each step to control the

generation of the layout including to position the nodes and edges in the tree. It categorizes

the generation of tree layouts into two approaches: top-down, starting from the root node

or bottom-up, starting from the leaves. It emphasized the need for a minimal set of layout

parameters and operations that are agnostic to the shape of node glyphs.

Hieros views use a combination of top-down and bottom-up approaches to generate tree

layouts. Its layout algorithms are parameterized to take a minimal set of values that control

the overall layout. For instance, the Radial Node-Link view uses a top-down layout approach

that starts with the root node at the center and then extends each level outwards radially

to the leaf nodes. The parameters needed for the layout are the scale and rotation angle

of the view. The Linear Node-Link View on the other hand, uses a bottom-up approach

which calculates the layout starting with the lowest level of leaves and proceeds upward to

the root node. The parameters needed for this layout are the border margins and the scale

of the view. These parameters help in making minor adjustments to the layout to account

for different amounts of data and user preferences.

Hieros views make use of the window size to make sure the layout is drawn within the

view’s screen space. Each view process the tree data it displays to determine the items

to be layed out, then calculates the positions of the tree’s topologies in multiple passes

either bottom-up or top-down. The initial pass first calculates the position of nodes and

edges, followed by composite topologies in order of relative “containment”, e.g., siblings as

collections of nodes, followed by levels which are collections of siblings. This ensures that the

topologies are positioned in keeping with the positions of the constituent nodes and edges
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as well as any other topologies that they are dependent upon.

Each view’s layout attempts to fit the view’s available screen space according to the size

and shape of glyphs generated for the displayed topologies. This approach is a design choice

rather than a fundamental requirement of views in Hieros. It comes with both advantages

and challenges. The advantage of using fixed glyph size is that it can guarantees a minimal

size of glyphs for viewing and thus also to support interactive manipulation of the glyphs.

The disadvantage is that the available screen space for the view and its layout may not be

enough to draw all the glyph objects with the specified space and size without overplotting.

This disadvantage is prevalent in visualizations and not specific to Hieros. An alternate

approach is to layout the view in an unrestricted space relative to the specified shape and

size of the glyphs, and then scale everything to fit the available screen space of the view. This

approach lets the users see the entire tree in overview and pan and zoom to inspect desired

portions. The zoom level determines the absolute size of the glyphs from their specified

relative sizes. How tree layout algorithms can account for the geometric characteristics of

composite topology visual encodings is an important direction for future research.

5.6.3 Assessment of Topology Representation

Most existing tree representations visualize hierarchies using only node and edge topologies.

These nodes and edges are represented either implicitly or explicitly in different tree visu-

alization designs. Some tree visualizations [81, 92, 67] represent composite topologies such

as branches, paths, siblings, or levels by highlighting the constituent nodes and edges. For

example, Rings [128] colors nodes to represent levels. In cases where a tree has a single node

in a given level, for instance, highlighting the node is ambiguous because it may be intended

to represent node or level information. Even so, it may not be possible to effectively use

nodes to show information about multiple topologies simultaneously.

Composite topologies are distinct in structure and can have associated data attributes

of their own. Kleiberg, et al. [66] uses 3D botanical visualizations to visualize file systems.
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It uses a geometric model of a botanical tree to visualize a hierarchy highlighting structure

via analogous topologies such as branches, and leaves. The visualization represents siblings

as a sphere. Contact Trees [106] use botanical trees in a similar manner to visualize social

networks.

Explicit representation of topologies facilitates straightforward interactive operations on

these topologies, including to provide more relevant feedback during interaction. Tasks such

as comparing topologies across a hierarchy become more straightforward by inspecting an

entire visually encoded object rather than analyzing the composite structure through its

individual nodes. For instance, the count of siblings can be encoded as a color of an explicit

sibling topology instead of counting the sibling nodes themselves.

Other aggregate information about the constituent nodes of a sibling topology can be

similarly encoded. Some visualizations like Treemap 4.0 [37] use nodes to visually encode

aggregate information about hidden nodes in the branches beneath them using the root node

of the branch. Mapped tree [111] (Node-Link variants) representations, particularly those

that are axis parallel [113] have ample buffer space around nodes to explicitly represent

topologies using area to visually encode attribute and structural information. The explicit

edge representations in Node-Link views (see Figures 5.6, 5.7, and 5.12) are similarly suitable

to visually encode paths.

5.6.4 Assessment of Interactive Capabilities

Interaction in hierarchical visualizations allows users to navigate, explore, and analyze tree

structure. Navigation techniques fall into two broad categories. Global interactions such

as pan and zoom [29] and focus+context [130] allow users to change the overall perspective

and magnify regions of interest. In contrast, local interactions focus on specific parts of

a tree, using methods like Semantic Zooming [95] and Geometric Distortion in Hyperbolic

Browsers [69] to expand or collapse branches while maintaining context.

Selection techniques rely on visual cues like color, size, or animation to draw attention to
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specific nodes, paths, or levels, as seen in Hierarchical Edge Bundling [61] and the Grammar

of Graphics [146]. Filtering and querying further help reduce complexity by displaying only

the parts of the hierarchy that meet certain criteria. Layout and reconfiguration interactions

such as switching between different layouts, reordering siblings [75], or rotating a tree (van

Ham & van Wijk, 2003 [133]) allow users to adjust visual structure. Features like tool-tips

and linked detail views [81] provide details on demand. Structural manipulation techniques

support direct modifications to the tree itself by adding, deleting, or moving nodes. Finally,

comparison and juxtaposition techniques, for instance in TreeJuxtaposer [81], enable side-

by-side analysis of different portions of a hierarchy.

Despite such exceptions, most existing interactions focus on individual nodes or overall

tree structure, leaving a gap in supporting direct manipulation of intermediate topologies

such as levels, siblings, branches, and paths. Techniques like structure-based brushing [48]

can highlight clusters of similar items, but they do not fully address the need to treat these

topological constructs as distinct entities. Hieros fills this gap by extending interaction sup-

port beyond nodes and edges to include such topologies. It allows users to interact directly

with structures such as siblings and levels, enabling operations like structure-based selection

and navigation. For example, users can select a topological element, automatically highlight-

ing its entire structure, and navigate by progressively displaying or emphasizing elements

like levels, making it easier to traverse the tree. Although these interaction techniques are

currently implemented in Hieros example views as proofs of concept, this research opens the

door for modifying existing methods such as focus+context to incorporate topological fea-

tures. Interactions like collapsing or expanding branches can be extended to other topologies,

e.g., collapsing siblings or nodes within a level, or reducing a path to a single edge. Navi-

gation can be refined to allow movement between entire sibling sets or levels. By explicitly

representing topologies, Hieros enhances traditional interaction methods and paves the way

for substantially expanded research on techniques for exploration of hierarchical data.
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5.7 Challenges and Future Work

Hieros adds capabilities to existing tree visualization techniques by adding support for rep-

resenting composite topologies explicitly, performing interaction operations on those repre-

sentations and extending data transformation operations on the composite topologies them-

selves. This work exposes some of the challenges and opportunities for future research on

tree visualization design and systems. Most tree visualizations layouts and designs use a

fixed layout to represent nodes and edges. Adding composite topologies to these layouts

makes information denser. Fixed layouts constrain the choice of visual channels available to

represent additional topologies. In the example Hieros view designs, the node-link views only

utilize area and texture channel to encode information, and area is not ideal for representing

quantitative data [77]. Further research is needed to explore the tree visualization designs

and the flexibility of each of these topologies to represent various kinds of information in

them.

The visualization pipeline of Hieros supports a variety of data transformation operations

that involve the calculation of arbitrary information about the topologies. However the

current implementation does this in an ad hoc manner inside the individual view implemen-

tations. In future work, the visualization pipeline should be extended to support surfacing

these operations and make them accessible at a designer level outside view implementations,

i.e., in the three stages of the visualization pipeline prior to view rendering.

5.8 Summary

We present the Hieros library for building interactive tree visualizations with composite

topologies as first-class objects. Hieros introduces a hierarchical data pipeline that converts

raw node and edge data into structured tree representations, while supporting operations

at different stages of the data pipeline. Hieros uses the Improvise visualization system for

declarative specification of tree designs, including the visual encodings of nodes, edges, and
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composite topologies. Hieros also address performance concerns through lazy generation of

composite topology objects and support for fast rendering of views during interaction. Our

contributions are as follows:

• a tree visualization system that enables the interactive exploration of tree topolo-

gies, offering users a rich set of operations on these components;

• a data pipeline for hierarchical data that not only constructs the tree data structure

but also exposes key stages of the visualization pipeline to support extensible creation

and application of data transformation operators;

• a sample set of interactive operations that work at various stages of the tree visu-

alization pipeline from creation of topologies, to selection of topologies, to navigation

over topologies, to manipulation of topologies;

• seven variants of known tree visualization techniques—linear node-link view,

radial node-link view, squarified treemap, circular treemap, sunburst chart, icicle plot,

and rings—that are capable of representing common composite topologies to cater

to different types of hierarchical data and analytical tasks;

• guidance for designing glyphs for these topologies, ensuring that visual encod-

ings are both meaningful and compatible with interactive operations and visualization

designs; and

• an assessment of the various capabilities of Hieros in terms of its data pipeline, layout

algorithms, representation of topologies, support for interaction with topologies, and

support for coordination using topologies.

By integrating these components, Hieros assists designers in creating analytically rich

tree visualizations. The library’s modular architecture and interactive capabilities facilitate

efficient data exploration and support coordinated views, thereby opening new avenues for

analyzing complex hierarchical information across a wide range of domains.
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Chapter 6

Evaluation of Topology-Augmented

Tree Visualizations

6.1 Overview

Hierarchical visualizations typically focus on explicitly representing nodes and edges,

while composite topologies are visually represented implicitly (if at all) through the visual

encoding of nodes and edges [81]. In a hierarchy, topologies can convey information about

their structure or the attributes they store. For example, a file represented as a node in

a file hierarchy may include structural information, such as its depth relative to the root,

or attribute information, like file type and file size. Similarly, composite topologies can

possess both structural and attribute information. For example, the children of a parent in

a genealogy hierarchy comprise a sibling topology which can include structural information

such as the generation of the children or attribute information such as a property of the

siblings as a group. However, information about composite topologies is usually treated

as data associated with a node that serves as an anchor for the composite structure. For

instance, Pandey, et al. [92] do not represent siblings topologies explicitly; instead, the
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number of nodes in a siblings topology is described as the Degree property of the parent

node, rather than as a property of the sibling topology itself, effectively treating the sibling

topology as an attribute of the node topology.

We conducted a participant-based evaluation to assess the utility and usability of the

topology-augmented tree visualizations developed using the Hieros library. The visualiza-

tions show node, edge, siblings, level, path, and branch topologies. Operations on topologies

involve creation, selection, navigation, and modification of topologies. Qualitative results

indicate that participants found visualization of the composite topologies themselves to be

helpful for understanding those structures and their attribute information, as well as useful

for performing tasks on them. They expressed confidence in interacting with the structures

and found the visualizations appealing. Qualitative results confirm that participants were

able to perform tasks on structures accurately and quickly, with an average accuracy of 90%

across all tasks and an average mean completion time of well under two minutes for the most

complicated composite structure manipulation task tested. These findings suggest that aug-

menting tree visualizations with explicit representations of composite topologies increases

their interpretability, is found useful by participants for data exploration and analysis, sup-

ports more straightforward interactions with the topologies, and results in an overall more

satisfying user experience.

6.2 Method

6.2.1 Participants

A total of 17 undergraduate and graduate students over the age of 18 were recruited from

the School of Computer Science, the Data Science and Analytics Institute, and the School

of Electrical and Computer Engineering at the University of Oklahoma (OU). Participants

were recruited through advertisements posted on bulletin boards and via emails distributed

by administrators and faculty in Computer Science. Initially, three participants (P1 to P3)
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were assigned to a pilot study group, and fourteen participants (P4 to P17) were assigned

to the main study. The pilot study was conducted to refine observation protocols and data

collection methods and fix any issues with the apparatus setup. For the rest of this chapter,

“participants” refer to the participants of the main study (P4 to P17).

All participants were familiar with hierarchical data. Sixteen reported being knowledge-

able about file hierarchy data, 14 indicated familiarity with organizational hierarchies, nine

were familiar with genealogical hierarchies, and two were familiar with geospatial hierarchies.

Additionally, all participants had experience working with interactive data visualizations and

performing tasks such as selection, navigation, and highlighting items. While all participants

indicated familiarity with parent-child relationships, many were uncertain about other types

of relationships. Eight participants reported familiarity with composite topologies, including

ancestor-descendant relationships (paths), siblings, leaves, and cousins.

Among the 14 participants, six had completed a full-semester visualization course, three

attended a short course or workshop, two majored in the field, and three were self-taught

or had no formal training. In terms of experience using visualizations, ten participants

had less than one year, while four participants had one to five years. Regarding the types

of visualizations they had worked with previously, eleven participants indicated they had

used interactive visualizations that responded to mouse and keyboard input, whereas three

participants had worked with static visualizations.

All participants received training on identifying topologies in linear and radial node-link

tree views and performing interactions on them in the visualizations used for the experiment.

6.2.2 Experimental Setup

The experiment was conducted in a laboratory at the University of Oklahoma using a 16-

inch LCD laptop with an external mouse and keyboard. The stimuli consisted of three

visualization applications running in the Improvise [138] visualization environment on the

entire screen. Participants received written instructions explaining the visual encoding of
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Figure 6.1: The File Hierarchy Visualization as an example of a node-link view capable of
showing various topologies independently. The visualization includes a table view on the
left, a radial node-link view in the center and linear node-link view on the right. A circular
dial (top right) is provided to rotate the tree. Additional controls for radial node-link view
(center right), and linear node-link view (bottom right) are provided to perform widget-based
interactions on the respective tree views.

the various composite topologies and the methods for interacting with them. Data from the

experimental procedure was recorded through screen recordings of the laptop.

6.2.3 Usage Scenarios

For the experiment, we selected two commonly understood hierarchical data domains: (1) file

hierarchies and, (2) organizational hierarchies. We conducted the experiment in two phases.

The first phase involved two usage scenarios in which participants performed directed tasks.

The second phase involved a usage scenario in which participants performed open-ended

exploration of the data to answer a broader question. Below are the details of the usage

scenarios and the example visualizations used.
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Usage Scenario 1: File Hierarchy

This usage scenario involves participants performing directed tasks on topologies within a

file hierarchy visualization. The hierarchical data used for the visualization comes from a

software package called Flare from Prefuse [58] (Flare is a flash version of prefuse). The

Flare package comprises multiple sub-packages, many containing their own sub-packages,

which altogether form a hierarchical organization of the software library. Each package is

represented as a node in the hierarchy. The file hierarchy data contains a total of 252 nodes.

Each package has three attributes: The name of its parent package, its size, and its category.

The File Hierarchy Visualization is a coordinated multiple view visualization (Fig-

ure 6.1) with three main views as follows.

• A table view shows the list of nodes in the hierarchy along with their attributes in the

columns of the table.

• A radial tree is the main view where the participants performs the tasks. Is consists of

the file hierarchy data represented as a radial tree. The tree is capable of representing

nodes, edges, and two composite topologies: siblings and levels. Each kind of topology

has a checkbox to toggle its visibility. There are controls to filter the levels of the tree,

set the viewed root of the tree, rotate the tree, and adjust the outer margin (padding)

of the tree. A radial dial is also provided to rotate the tree. The color of each node

represents the categorical value representing the name of the ancestor of a node at

level one (second level from the root node). The color of each siblings is proportional

to the count of nodes in the siblings relative to other siblings. The color of each level

is proportional to the count of nodes in the level relative to the other levels.

• A linear node link view is capable of representing nodes, edges, and five composite

topologies: siblings, branches, levels, paths, and bi-paths. Each kind of topology has

a checkbox to toggle their visibility. The tree also has controls to adjust the margin

(outer padding), set the viewed root node, and adjust the number of levels to show
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Figure 6.2: The Organizational Hierarchy Visualization, as an example of a node-link visual-
ization capable of showing various topologies independently, showing six topologies explicitly
represented in combination.

below the root. The color of each siblings is proportional to the count of nodes in the

siblings relative to other siblings. The color of each level is proportional to the distance

of the level from the root node relative to the other levels.

The visualization also contains a drop-down menu listing all 8 tasks that need to be

performed on the visualization. Each participant selects a given task from the drop-down

menu prior to performing the task in the visualization’s views.

Usage Scenario 2: Organizational Hierarchy

This usage scenario involves participants performing simulated directed tasks on topologies

within an organizational hierarchy visualization. The hierarchical data comprises 32 em-

ployees organized by their supervisoremployee relationships. Each employee is represented

as a node in the hierarchy. Each employee node includes three attributes: the name of the

supervisor, the age of the employee, and the department of the employee.
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The Organizational Hierarchy Visualization is a coordinated multiple view visual-

ization (Figure 6.2) with two main views as follows.

• A table view shows the list of employees in the hierarchy along with their attributes

in the columns of the table.

• A linear node link tree representing the organizational hierarchy is capable of repre-

senting nodes, edges, and five composite topologies: siblings, paths, bi-paths, branches

and levels. Each kind of topology has a checkbox to toggle their visibility. The tree

also has controls to adjust the margin (outer padding), adjust the number of levels to

show below the root, and rotate the text labels of the nodes. The color of each siblings

is proportional to the average age of the nodes in the siblings relative to other siblings.

The color of each level is proportional to the distance of the level from the root relative

to the other levels. Paths are shown by selecting a source node and a destination node

with a dedicated key pressed. Similarly branches are shown by selecting the root node

of the branch while pressing a dedicated key.

The visualization also contains a drop-down menu listing all 13 tasks that need to be

performed on the visualization. Each participant selects a given task from the drop down

menu prior to performing the task in the visualization’s views.

Usage Scenario 3: Coordinated File Hierarchy Visualization

This usage scenario involves participants conducting open-ended exploration task on topolo-

gies using a coordinated multiple view visualization. For this usage scenario, we used the

same file hierarchy data as the Usage Scenario 1 to represent the software library.

The Coordinated File Hierarchy Visualization used in this usage scenario is a

modified version of visualization in Figure 6.1. The Coordinated File Hierarchy Visualization

is shown in Figure 6.3. The visualization is a of coordinated multiple view visualization with

two main views, as follows.
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Figure 6.3: The Coordinated File Hierarchy Visualization as an example of node-link visual-
ization capable of showing various topologies independently, showing six topologies explicitly
represented in combination with topology coordination between the views.

• A radial node-link view is the main view where participants perform tasks. Is consists

of the file hierarchy data represented as a radial tree. The tree is capable of representing

nodes, edges, and two composite topologies: siblings and levels. Each kind of topology

has a checkbox to toggle its visibility. There are controls to filter the levels of the tree,

set the viewed root of the tree, rotate the tree, and adjust the outer margin (padding)

of the tree. A radial dial is also provided to rotate the tree. The color of each node

represents the categorical value representing the name of the ancestor of a node at

level one (second level from the root node). The color of each siblings is proportional

to the count of nodes in the siblings relative to other siblings. The color of each level

is proportional to the count of nodes in the level relative to the other levels.

• A linear node link tree representing the organizational hierarchy is capable of repre-

senting nodes, edges, and five composite topologies: siblings, paths, bi-paths, branches

and levels. Each kind of topology has a checkbox to toggle their visibility. The tree
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also has controls to adjust the margin (outer padding), adjust the number of levels

to show below the root, and rotate the text labels of the nodes. The color of each

siblings topology is proportional to the average age of the nodes in the siblings relative

to other siblings. The color of each level is proportional to the distance of the level

from the root relative to the other levels. Paths are shown by selecting a source node

and a destination node with a dedicated key pressed. Similarly branches are shown by

selecting the root node of the branch while pressing a dedicated key.

Interactions performed on same topologies in one of the views are reflected in the corre-

sponding topology in the other view. Nodes are coordinated across the views such that node

selections performed in either view will highlight the nodes in both. Siblings and levels are

coordinated across the views such that selecting a sibling or a level topology in either view

will highlight the corresponding item in both views. Views are also coordinated through

their widget controls such that setting the viewed root of the tree, or changing the number

of levels to show below the root in either view adjusts those settings for both views.

6.2.4 Tasks and Procedure

Usage Scenario 1 & 2: Directed Tasks

The first phase of the experiment asked participants to perform tasks on the visualizations.

The study is a one group design with the tasks on topologies as independent variables, and

speed and accuracy of task performance as dependent variables. The tasks are split into

two groups by domain: participants performed tasks in the File Hierarchy Visualization

followed by tasks on the Organizational Hierarchy Visualization. The former involved tasks

on siblings, levels, and the entire tree. The latter involved tasks on nodes, edges, siblings,

levels, paths, bi-paths and branches. Participants were asked to select each task from the

drop down menu in each of the visualizations to prepare the visualization for performing

the tasks. We defined 21 tasks involving various topology queries across the two domains.
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Topology Type T# Description
Node A T3 Select a sibling group where the parent node is labeled "9-util".

Sibling S T1 Count the sibling groups at level 2 in the Flare hierarchy.
Sibling S T9 Reorder siblings to move “28 - Noah” to the first (leftmost) posi-

tion in level 2.
Sibling S T12 Select and highlight the edge between “1 - Bob” (level 1) and “6 -

Grace” (level 2), then move it to the far-right side.
Sibling S T13 Select and move “36 - Olivia” to the leftmost position in level 2.
Sibling A T2 Identify the parent node of the sibling group that contains the

most files.
Sibling A T6 Identify the parent module of the largest sibling group at level 2.
Sibling A T10 Identify the supervisor of the largest sibling group at level 3.
Path S T16 Highlight the path between “8 - Javed” (level 3) and the root node

“0 - Alice”.
Bi-Path S T14 Select and highlight the path between “5 - Frank” (level 2) and

“62 - Wendy” (level 3).
Bi-Path S T15 Determine the length of the selected path between “5 - Frank” and

“62 - Wendy”.
Bi-Path S T17 Identify the common supervisor (ancestor) of “13 - Anjali” and

“16 - Karen”.
Level S T4 Determine the total number of levels in the Flare hierarchy.
Level S T7 Limit the visible depth of the radial tree to a maximum of three

levels from the root.
Level S T11 Select and highlight the lowest level in the hierarchy (farthest from

the root).
Level A T5 Find the level with the most packages, considering level 0 as the

starting point.
Branch A T19 Count the number of levels the branch rooted at “15 - Jack” spans.
Branch S T18 Select and highlight the branch where “15 - Jack” is the parent

node.
Tree S T8 Rotate the tree to place the node labeled “72-variable” at the

topmost position.
Tree S T21 Set the parent (supervisor) of “26 - Liam” as the new root.
Tree A T20 Set “26 - Liam” as the root of the tree.

Table 6.1: Evaluation tasks grouped by topology and information type, (A: attribute infor-
mation; S: structural information).

The tasks are listed in Table 6.1. The user interface for selecting tasks looks similar to the

Hierarchical Visualization Testing Environment (HVTE) [11], the difference being that each

participant needs to restart the Hieros visualization environment for each session instead of

selecting the participant from the side navigation bar. The tasks in Table 6.1 can be further
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Task Usage Scenario Targeted Topology Target Action Type
T1 File Hierarchy Sibling Find Structure
T2 File Hierarchy Sibling Find Attribute
T3 File Hierarchy Node Select Attribute
T4 File Hierarchy Level Find Structure
T5 File Hierarchy Level Find Attribute
T6 File Hierarchy Sibling Find Attribute
T7 File Hierarchy Level Navigate Structure
T8 File Hierarchy Tree Find + Navigate Structure
T9 Organization Hierarchy Sibling Find + Navigate Structure
T10 Organization Hierarchy Sibling Find Attribute
T11 Organization Hierarchy Level Select Structure
T12 Organization Hierarchy Sibling Find+Navigate Structure
T13 Organization Hierarchy Sibling Find+Navigate Structure
T14 Organization Hierarchy Bi-path Select Structure
T15 Organization Hierarchy Bi-path Find Structure
T16 Organization Hierarchy Path Select Structure
T17 Organization Hierarchy Bi-path Find Structure
T18 Organization Hierarchy Branch Select Attribute
T19 Organization Hierarchy Branch Find Structure
T20 Organization Hierarchy Tree Find + Navigate Attribute
T21 Organization Hierarchy Tree Navigate Structure

Table 6.2: Usage scenario, targeted topology, target action, and information type of each
task.

classified into tasks by topology and the actions performed, as shown in Table 6.2.

Usage Scenario 2: Open-ended Exploration Task

Participants next performed open-ended exploration of the Coordinated File Hierarchy Vi-

sualization (Figure 6.3) using its two coordinated views. Participants were asked to explore

levels 2 and 3 in the Flare Package hierarchy and compare various various aspects of siblings,

levels, and nodes using the two views. They were given 10 minutes to perform the task and

were asked to answer the following questions after completing the task:

1. What insights did you discover while exploring the levels? Which features of the

visualization helped in your analysis? Please write a brief summary in a few lines.

2. What challenges did you encounter while exploring the data, if any, in using both

131



Scale Learnability Utility User Preference & Ease of Use
2 Very Confident Extremely Useful Strongly Agree
1 Somewhat Confident Very Useful Agree
0 Neutral Somewhat Useful Neutral
-1 Somewhat Unconfident Not Very Useful Disagree
-2 Very Unconfident Not Useful at All Strongly Disagree

Table 6.3: Likert-scale used for responses across different evaluation criteria

visualizations? Please write a brief summary in a few lines.

Post-Experiment Questionnaire

After completing both directed and open-ended tasks, participants were asked to fill out a

questionnaire consisting of 15 five-level Likert-scale questions, with allowed responses shown

in Table 6.3. These questions assess the utility, user preference, and learnability of the

visualizations for performing the tasks. (Note: In the questionnaire, we refer to topologies

as substructures.)

Learnable (Scale: Very Confident to Very Unconfident)

1. I can identify substructures in a hierarchical visualization technique.

2. I can interact with substructures of interest to perform selection and modify the layout

with little effort.

3. I can choose an appropriate hierarchical visualization that effectively shows substruc-

tures for my tasks.

4. I can quickly obtain an overall understanding of hierarchical data by looking at sub-

structure representations.

Useful (Scale: Extremely Useful to Not Useful at All)

5. Viewing multiple visualizations of the same hierarchical data simultaneously.
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6. Linking hierarchical visualizations via selection to highlight substructures across views.

7. Seeing alternative visual representations of substructures for a given visualization type.

8. Using different interaction methods to change the root of the hierarchy.

9. On-demand display of substructures like paths and branches via shortcuts to reduce

interface complexity.

Easy to Use (Scale: Strongly Agree to Strongly Disagree)

11. I found visualizations with substructures intuitive and easy to understand.

12. It is easy to recognize and interpret hierarchical relationships using substructures.

13. Cognitively, it is much easier to understand the hierarchy if substructures are repre-

sented.

Prefer to See Substructures (Scale: Strongly Agree to Strongly Disagree)

10. I prefer hierarchical visualizations that include substructures.

14. Displaying substructures (e.g., siblings and levels) does not reduce the aesthetic appeal

of the visualization.

6.2.5 Usability & Utility Measures

We assessed the usability and utility of representing composite topologies in tree visualiza-

tions through a combination of quantitative and qualitative measures.

We evaluated usability by measuring learnability, accuracy, ease of use, and user pref-

erence through the time and accuracy of participant performance on directed tasks, along

with corresponding qualitative feedback.
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1. Learnability: We estimated learnability by measuring the task completion times while

performing the tasks and from the assessment of the survey questions on learnability.

2. Accuracy: We evaluated the accuracy with which the participants were able to ac-

complish the tasks from the task correctness data.

3. Ease of Use: We analyzed the qualitative feedback obtained through the post-tasks

survey from the ease of use category of responses to estimate perceived ease of use of

the visualizations.

4. User preference: We analyzed the qualitative feedback obtained through the post-

tasks survey from the user preference category of responses to estimate the perceived

user preference of working with topology-augmented tree visualizations.

We evaluated utility by assessing the suitability and effectiveness of representing compos-

ite topologies in visualization through the correctness of participant performance on directed

tasks, along with corresponding qualitative feedback.

1. Suitability: We estimated suitability by measuring whether the participants were

able to complete the tasks correctly as well as assessing their feedback from the useful

category of responses in the survey.

2. Effectiveness: Effectiveness was assessed based on the participant feedback obtained

from the responses to the open-ended questions in Usage Scenario 3.

Table 6.4 shows the time taken (in seconds) by each participant for each task. Table 6.5

presents the correctness of each task per participant.

6.3 Quantitative Results

We analyzed task completion speed and correctness across tasks in both usage scenarios

mentioned in Section 6.2.3. Additionally, we examined individual participant performance
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T/P T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 T13 T14 T15 T16 T17 T18 T19 T20 T21
P4 98 156 20 12 31 12 32 125 89 13 121 33 76 19 63 75 32 15 45 23
P5 50 60 25 28 17 27 9 23 18 66 18 35 50 46 13 13 26 26 14 16 38
P6 61 32 40 11 14 26 6 32 35 55 22 71 33 75 17 25 61 21 19 26 19
P7 27 83 24 17 11 23 31 18 42 80 23 78 46 75 15 29 79 54 9 53 37
P8 82 104 59 18 24 41 58 40 152 64 36 84 28 34 17 29 51 59 9 71 13
P9 55 152 30 25 41 38 10 23 35 65 14 30 20 59 20 26 58 19 22 22 38
P10 69 42 36 15 26 54 14 46 55 112 40 37 17 87 22 45 70 34 35 27 22
P11 49 43 23 34 13 42 35 40 42 80 44 22 16 57 15 20 56 36 17 21 22
P12 66 109 50 24 19 40 42 58 187 176 11 61 47 95 57 53 79 42 15 43
P13 182 65 52 9 34 88 7 39 126 14 109 34 39 25 48 54 68 15 24 59
P14 75 69 50 18 31 45 35 63 169 212 42 305 57 140 29 62 83 99 34 29 25
P15 94 131 56 13 35 45 47 53 137 99 22 62 21 73 26 60 84 76 46 41 81
P16 79 152 34 16 15 48 27 76 116 60 12 65 19 65 54 112 70 10 25 35
P17 50 150 60 25 20 37 13 29 30 42 16 32 29 49 16 32 33 22 9 23 48

Table 6.4: Task completion time in seconds by participant and task. Empty cells indicate
non-responses to a task.

T/P T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 T13 T14 T15 T16 T17 T18 T19 T20 T21
P4 7 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3

P5 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 7 3 3

P6 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 7 3 3

P7 3 7 3 3 7 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3

P8 3 3 3 3 3 3 3 3 3 7 3 3 3 3 3 3 3 3 7 3 3

P9 3 3 3 3 3 3 3 3 3 7 3 3 3 3 3 7 3 3 3 3 3

P10 7 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3

P11 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3

P12 7 7 3 3 3 3 3 3 3 7 3 3 3 3 3 3 3 3 3 3

P13 3 3 3 3 3 3 3 3 3 3 7 3 3 3 3 3 3 7 3 3

P14 3 3 3 3 3 3 3 3 3 7 3 3 3 3 7 3 3 3 7 3 3

P15 7 3 3 7 3 3 3 3 3 7 3 3 3 3 3 3 3 3 3 3 3

P16 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3

P17 7 7 7 3 3 3 3 3 3 3 3 7 3 3 3 3 3 3 3 3 3

Sum
3 9 11 13 13 13 13 14 14 13 9 14 12 14 14 12 13 14 14 9 14 13
7 5 3 1 1 1 0 0 0 0 5 0 2 0 0 1 1 0 0 5 0 0

Table 6.5: Correctness of tasks for participants. Correct answers are indicated by a green
checkmark. Incorrect answers are indicated by a red cross. Non-responses are indicated by
an empty red cells. Totals of correct and incorrect answers for all participants are shown in
the bottom two rows.

to identify variations among participants. Rather than focusing on absolute values, we

analyzed general trends in task performance per topology, as each task within a topology

varies due to the usage scenario as well as the kind of data about the topology that the task

is based upon.
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6.3.1 Speed of Task Performance

Figure 6.4: Completion time for participants across tasks.

Figure 6.4 displays a line chart of completion times for tasks T1–T21 across participants

P4–P17. Tasks T1–T8 are from the first usage scenario and Tasks T9–T21 are from the

second usage scenario. Our analysis of the speed of task performance also includes the

completion times for incorrectly performed tasks. We observe that the trends in time taken

by participants for each of the tasks follow a similar pattern with respect to the preceding

and succeeding tasks, suggesting that the task completion times might not be random, and

instead are influenced by the topology involved. We also see outliers in the task completion

times, suggesting that some participants took comparatively longer time in completing some

tasks.
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Figure 6.5: Distribution of completion times for each task.

Task Count Mean Std Dev Min 25% 50% 75% Max
T1 14 74.07 36.52 27.00 51.25 67.50 81.25 182.00
T2 14 96.29 45.76 32.00 61.25 93.50 145.25 156.00
T3 14 39.93 14.37 20.00 26.25 38.00 51.50 60.00
T4 14 18.93 7.25 9.00 13.50 17.50 24.75 34.00
T5 14 23.64 9.49 11.00 15.50 22.00 31.00 41.00
T6 13 42.62 16.32 23.00 37.00 41.00 45.00 88.00
T7 14 24.71 16.87 6.00 10.50 20.50 35.00 58.00
T8 14 40.86 16.77 18.00 29.75 39.50 51.25 76.00
T9 13 87.92 60.70 18.00 35.00 55.00 137.00 187.00
T10 14 94.71 48.31 42.00 64.25 80.00 108.75 212.00
T11 14 23.36 11.97 11.00 14.00 20.00 32.75 44.00
T12 14 79.43 71.36 22.00 35.50 63.50 82.50 305.00
T13 14 32.14 13.35 16.00 20.25 31.00 43.00 57.00
T14 14 69.29 27.02 34.00 51.00 69.00 75.75 140.00
T15 13 22.38 11.46 13.00 16.00 19.00 25.00 57.00
T16 14 39.93 16.92 13.00 26.75 38.50 53.75 63.00
T17 14 65.79 22.21 26.00 54.50 65.50 79.00 112.00
T18 14 47.00 24.45 19.00 27.50 39.00 65.75 99.00
T19 14 19.21 11.36 9.00 11.00 15.00 21.25 46.00
T20 14 33.29 15.32 16.00 23.25 26.50 42.50 71.00
T21 13 35.38 18.72 13.00 22.00 35.00 38.00 81.00

Table 6.6: Descriptive statistics for task completion times across all participants
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Task Completion Time

Figure 6.5 shows the distribution of task completion times (T1–T21) using boxplots, where

each box captures how participants performed as a group on each task. The vertical axis

represents completion time in seconds, while the horizontal axis lists the tasks. Each task is

color-coded by its Target Topology for easy comparison. The height of each box represents

the interquartile range (IQR), showing how spread out the middle 50% of times are. The

bold horizontal line inside the box marks the median, indicating the typical completion time.

Whiskers extend to capture most values within 1.5 times of the IQR, while outliers (dots)

highlight cases where completion times were significantly different from the rest. Detailed

results are provided in Table 6.6.

The tasks in Figure 6.5 are ordered in the sequence in which they appear for each in-

dividual topology. For topologies involving multiple tasks, we see a mix of increasing and

decreasing trends, suggesting that there are no obvious learning effects. For instance, we

see that task completion times for T1 and T2 involving siblings topologies are increasing,

whereas task completion time for T12 to T13 involving siblings topology are decreasing.

We see a similar mix of increasing trend for tasks T4 to T5 and decreasing trend for tasks

T7 to T11 involving level topologies. We observe similar trends in tasks involving bi-Path

topologies. These observations surface no obvious pattern in task completion times for tasks

based on topology.

Some tasks on sibling topologies (T2, T9) exhibit relatively high median completion times

and wide interquartile ranges, indicating that these tasks required more time and showed

greater variability among participants. These tasks are based on inspecting the color channel

of siblings topologies as well as manipulating the order of siblings at multiple levels, and are

the beginning tasks in each usage scenario. Tasks involving inspecting the structure of a

topology, such as counting the number of levels and counting the length of a path (T4, T15,

and T19) have lower completion times with smaller interquartile ranges, suggesting that

these tasks are more direct and that most participants thus completed them more quickly
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Figure 6.6: Distribution of completion times per task, colored by topology, with participant
outliers labeled.

and with little variation. These tasks are based on inspecting the explicit representation of

the topology for siblings and levels.

The higher standard deviation for tasks involving comparing of sibling colors (T2 and

T10) and manipulating sibling structure (T9, T12) indicates that participants struggled for

these specific kinds of tasks more than the others. Conversely, the tasks with lower standard

deviation, as seen in tasks on levels (T4, T5, and T19), and on paths (T15) indicate that

completion times for tasks on these topologies is faster to perform and consistent across

participants. We also observe that the tasks with higher standard deviations are those tasks

that involve multiple steps. These composite tasks with multiple steps also have skewed

distributions, with some participants taking too long and other completing very quickly

showing the variability of the tasks.

Figure 6.6 shows box plots of task completion time distributions grouped by topology.

The mean completion times indicate a trend of decreasing completion time for some topolo-

gies. For example, a decreasing trend is observed from T14 to T15 and from T18 to T19.

There is also a similar relationship between T14 and T15, and between T18 and T19. This re-

lationship is not surprising as participant tend to perform a task that related to a previously
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performed task perform much faster than otherwise. Similarly, completion times decrease

from T2 to T6, and also decline from T12 to T13. Topology dependency is observed on tasks

involving the color of siblings (T2 to T6) on manipulating siblings (T12 to T13). Increasing

trends are also observed on tasks involving some topologies particularly paths (T15 to T17).

Outlier Analysis

Figure 6.6 shows outliers for each task. Outlier analysis indicates that among the seven

identified outliers in task completion time, participant P12 appeared twice, P14 three times,

P15 twice, P13 twice, and P7 once. This suggests that a few participants took significantly

longer than others. Often affected tasks, T1 involves counting siblings that are closely and

circularly spread, while T6 and T10 require distinguishing color differences. T12, T14, T15,

T19, and T21 involve searching for a specific node in the tree before performing the task. For

T1, participants often had to count siblings multiple times due to difficulty in keeping track

of the starting node in a circular layout. In tasks involving color differentiation, the use of

a linear color scale made it challenging to detect subtle variations in quantitative value. In

tasks requiring node searching, participants displayed high variability in search strategies,

often missing the target node on their first attempt. These challenges appear to stem from

tree visualization designs of specific view types and are not specific to explicit representation

of composite topologies. Further participant feedback is needed to assess learnability.

Correlation Analysis

Figure 6.7 presents the correlation matrix for task completion times after removing outliers.

A correlation value close to +1 (red) indicates that participants who took longer on one

task also tended to take longer on the other, while values near -1 (blue) suggest an inverse

relationship, in which more time spent on one task corresponds to less time spent on another.

Correlation values near 0 indicate no clear linear relationship between tasks. While some

strong positive correlations appear, such as between T1 and T9, T12, and T16, further
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inspection reveals many false positives, suggesting that these tasks are largely unrelated.

The same is true with negative correlations. Overall, the correlation analysis did not yield

meaningful insights.

Figure 6.7: Correlation matrix of task completion times, with outliers removed.
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Topology - Type Tasks Accuracy Error Rate

Node-attribute T3 13
14

= 0.929 1
14

= 0.071

Siblings-structure T1,T9,T12,T13 48
56

= 0.857 8
56

= 0.143

Siblings-attribute T2,T6,T10 33
42

= 0.786 9
42

= 0.214

Path-structure T16 13
14

= 0.929 1
14

= 0.071

Bi-path-structure T14,T15,T17 40
42

= 0.952 2
42

= 0.048

Levels-structure T4,T7,T11 41
42

= 0.976 1
42

= 0.024

Levels-attribute T5 13
14

= 0.929 1
14

= 0.071

Branch-structure T19 9
14

= 0.643 5
14

= 0.357

Branch-attribute T18 14
14

= 1.000 0
14

= 0.000

Tree-structure T8, T21 27
28

= 0.964 1
28

= 0.036

Tree-attribute T20 14
14

= 1.000 0
14

= 0.000

Table 6.7: Accuracy and error rate per topology and information type.

Figure 6.8: Responses per task, with correct (light), incorrect (dark) and non-responses
(white) colored by topology.
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6.3.2 Task Correctness

Correctness provides an estimate of how accurately participants perform different types of

tasks. Some tasks for a topology involve structure information, and others involve attribute

information. To assess correctness, we sub-categorize the topologies on these two information

types, as shown in Table 6.2 with the accuracy and error rate for each topology-data type

pair.

Figure 6.8 shows the count of correct responses, the count of incorrect responses, and

the count of non-responses for each task. Correctness scores are binary: a score of 1 is

assigned for each correct response, while both incorrect and non-responses receive a score of

0. Table 6.7 presents the accuracy and error rate of participants’ responses, categorized by

task topology and data type. The accuracy for each category is computed using a formula to

calculate the proportion of correctly answered tasks within each topology. A higher accuracy

value indicates that participants performed well in those task categories.

Accuracy =
Correct Responses

Total Responses (Correct + Incorrect + Non-Responses) (6.1)

Similarly, the error rate is calculated as:

Error Rate =
Incorrect Responses + Non-Responses

Total Responses (6.2)

This value reflects the proportion of responses that were either incorrect or left unanswered.

A higher error rate suggests that participants found tasks in that category more challenging.

In Table 6.7, we observe that the Branch-attribute category has the highest accuracy of

1.000, indicating that all responses were correct. Conversely, the Branch-structure category

exhibits a relatively low accuracy of 0.643 and the highest error rate of 0.357, suggesting

increased difficulty in these tasks. The task for that category, task 19 involves calculating

the number of levels in a branch. Qualitative feedback indicates that participants either

mistakenly counted the gaps between the levels rather than the levels themselves, or filtered
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Figure 6.9: Grouped bar chart of average task time and correctness for each task.

the tree and inadvertently hid the last level, leading them to miscalculate the levels.

For the Siblings-attribute category, the accuracy is relatively low at 0.786, while Siblings-

structure exhibits the third-lowest accuracy at 0.857. These attribute-related tasks relied

on encoding numerical attributes as color values. Specifically, sibling colors were assigned

based on either the number of siblings (T2) or the average age of siblings (T10). Participants

struggled to differentiate subtle variations in color, leading to errors. Regarding Siblings-

structure, most errors occurred in T1, which required counting the number of siblings within a

level in a radial node-link tree. Participant feedback indicates that errors primarily stemmed

from overlooking siblings whose visual representation was too narrow in terms of arc length,

making them difficult to identify. For all other tasks, participants achieved an average

accuracy of over 92%.

6.3.3 Task Completion Time versus Task Correctness

Figure 6.9 presents the average time taken by participants for both correct and incorrect

task attempts. The orange bars in the grouped bar chart represent the average time spent
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(in seconds) on correctly answered tasks across participants, while the adjacent blue bars

represent the time spent on incorrectly answered tasks. Missing blue bars for certain tasks

indicate that all participants answered those tasks correctly. Below are some key observations

regarding the relationship between task correctness and the average time spent for individual

tasks.

Longest Time-Consuming Tasks Figure 6.9 highlights that tasks T2 and T10 were the

most time-consuming when answered incorrectly. This suggests that participants not only

made more errors on these tasks, as indicated in Table 6.7, but also required significantly

more time to complete them. These findings indicate that using color to represent quan-

titative information may not be ideal, which aligns with Mackinlays [77] ranking of visual

channels, where color is considered less effective for encoding quantitative data. The re-

sults also suggest that the tasks were sufficiently challenging to cause participants to spend

considerably more time on them compared to tasks answered correctly.

Shortest Time-Consuming Tasks Figure 6.9 highlights that tasks T4 and T19 were

among the least time-consuming when answered incorrectly. Both tasks are associated with

the structure attribute of the topology level, requiring participants to evaluate how many

levels a particular branch or the entire tree spans. Although participants completed these

tasks quickly, a closer look at Figure 6.8 reveals an important distinction. Task T4, which

involved counting the levels of the entire tree, was performed with high accuracy (13 out of

14 participants, or 92.8%). In contrast, Task T19, which required calculating the levels of a

specific branch, was completed with a lower accuracy of 64.1%.

Analysis of screen recordings and participant feedback indicates that while participants

found it easy to count the levels, users often filtered the tree during exploration and unin-

tentionally hid the lower levels, resulting in inaccurate interpretation of the tree.
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Tasks Without Errors The figure highlights that participants were able to successfully

complete 11 out of 21 tasks (T6, T7, T8, T9, T11, T13, T14, T17, T18, T20, T21) without

any errors. Among these, the majority of tasks, i.e., 9 (T6, T7, T8, T9, T11, T13, T14,

T17, T21), are structure-related tasks, while T18 and T20 are attribute-related tasks on

topologies. These results suggest that participants made no errors for the answered questions

for more than 50% of the tasks overall, and within the correctly answered tasks, participants

were mostly able to answer structure-related tasks on composite structures more accurately

and consistently compared to attribute-related tasks on composite topologies. The task

completion times for these correctly answered tasks generally fall between the longest and

shortest duration observed across all tasks.

Average Response Completion Time vs Accuracy Table 6.5 shows the correct and

incorrect answers by the participants, while Table 6.6 shows the mean completion time of the

above tasks, both correctly and incorrectly. Our results showed that different tasks with the

same accuracy often had different mean completion times. For instance, tasks T1, T10, and

T19 all have an accuracy of 64.2%, with 9 participants answering correctly out of 14 for each

task, while having mean completion times of 74.07, 94.71, and 19.21 seconds, respectively.

Analysis of the tasks showed that T1, T10, and T19 are not tasks of the same type, as shown

in Table 6.7, and are varied in nature. T1 focuses on counting the siblings, T10 focuses on

identifying the attribute of the sibling, and T19 focuses on identifying the levels in a branch

structure. The steps involved in completing the tasks are different, resulting in varied mean

completion times, although they have the same accuracy.

The tasks that were answered correctly with an accuracy of 100% also exhibited different

mean completion times. Table 6.7 shows that even when tasks are of same type, and are

completed with same 100% accuracy, their mean completion times can vary significantly.

For example, in sibling-structure tasks, T9 and T13 both achieved 100% accuracy, yet their

mean completion times were 87 seconds and 32 seconds, respectively. Similarly, in Bi-path
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Figure 6.10: Mean score per category.

structure tasks, T15 and T17 had mean completion times of 22 seconds and 65 seconds,

despite identical accuracy. This indicates that task completion times can differ notably even

for tasks of the same nature and accuracy.

Overall, the above results suggest that the average completion time of tasks and accuracy

may not be directly related to each other. Tasks on tree vary in the number of steps involved

and may be influenced by many factors such as the scale of data in the domain as was seen

in two usage scenarios, and the task and specific topology in particular.

6.4 Qualitative Data Analysis

We administered a post-survey, asking participants to rate the experience of working with

composite topologies on three aspects, as shown in Table 6.3.

Average Likert ratings were high all around on a 5-point scale with ranging from -2 to

+2: easy to learn (mean = 1.51, s.d.= 0.39), useful (mean = 1.50, s.d.= 0.48), easy to use
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Figure 6.11: Mean score per question.

(1.54, s.d.= 0.40) and, user preference (mean = 1.42, 0.29). The feedback is encouraging and

suggests that users found the topology-augmented tree visualization to be easy to learn and

easy to use. They also found the visualizations useful in their data analysis and expressed a

preference for explicit representation of composite topologies.

Participants generally found the tree visualizations useful for understanding hierarchical

data. P16 noted, “Controls for filtering individual topologies to show only topologies of

interest is helpful in the data analysis. Also filtering the number of levels to show is also

helpful in understanding the data.” Similarly, P14 remarked, “I used the controls to hide the

nodes with which I was able to access the sibling sets better,” and P3 stated, “The controls

help with de-cluttering by hiding or showing the different levels, making the information

easier to read and understand.”

When differences in the sizes of sibling sets were high, participants appreciated the use of

color to help distinguish them. P11 commented, “Color of the siblings helped me the most

in discovering the difference in the number of nodes in the sibling.” Many participants were
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able to effectively identify composite topologies; P6 commented, “By using the color coded

siblings its easy to understand that L3 has less nodes.”

Some participants did find the visualizations challenging, particularly when using a less

effective color encoding channel [77] for displaying quantitative data. P17 mentioned, “When

the quantitative value for the siblings is low, it is hard to distinguish differences between

the siblings.” In addition, participants observed that overlapping visual channels sometimes

interfered with data interpretation; for instance, P16 said, “When multiple sibling sets of

similar color are very close to each other, they appeared as a single sibling set.” In the

case of the radial node-link tree, the spatial spread of nodes also affected perception. P15

noted, “Spread of nodes makes level 2 appear bigger compared to level 3 even though it

is not.” Learning the interface required some time. P14 remarked, “It took a while to

understand the controls and how to navigate the tool,” and P4 added, “It takes time for me

to learn the interface and keep it in my mind.” Additionally, participants provided valuable

feedback for improvement. P11 suggested that filtering sometimes obscures the context,

making it difficult to determine the current level, emphasizing a need for better contextual

cues. Overall, in the open-ended questions in Usage Scenario 3, participants indicated a mix

of positive and negative sentiment in their responses to questions about the effectiveness of

design choices for representing certain kinds of topological information.

6.5 Assessment of Results

Evaluation of the tree visualizations developed using Hieros provides valuable insights about

the usability and utility of representing topologies as first-class objects in tree visualizations.

In this section, we break down our findings on quantitative performance and qualitative

feedback, and identify challenges and areas for improvement. We also do an assessment of

the user evaluation approach and suggest future directions for empirical studies.
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6.5.1 Quantitative Performance

Task Accuracy and Completion Times

Participants achieved reasonably high accuracy and lower completion times on tasks while

assessing structure of the composite topologies, and lower accuracy and longer completion

times on tasks involving interpretation of quantitative information about topologies, espe-

cially with tasks that require distinguishing subtle quantitative differences. The challenge

of explicitly representing composite topologies in tree visualizations is due to the limited

available channels for encoding information, particularly quantities. The layout of some

tree visualization such as the node-link visualizations, limits the use of the more effective

channels [77] of length and area for encoding quantitative attributes. Designers may need

to resort to less effective channels for quantities such as such as color, texture, or density.

This reflects a general challenge in visualization, not one specific to representing quantitative

information about composite topologies. Participants also achieved longer completion times

on tasks on paths and siblings that involves finding a node as a first step in completing the

task. Our observations suggest that searching for a node in a tree by name is equivalent

to searching every node in a tree which likely contributes a correspondingly longer time

to complete such tasks. Manipulation tasks on siblings topologies involving multiple steps

also resulted in longer completion times, suggesting difficulty in task performance. Despite

moderate variability in task completion times, participants achieved an average accuracy of

90% across all tasks and an average mean completion time of well under two minutes for the

most complicated composite structure manipulation task tested.

6.5.2 Qualitative Feedback

Ease of Use and Learnability

Participants in general provided positive feedback regarding usability. Comments such as

“the controls for filtering individual topologies were helpful” and “I can see the relationships
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of each node and its siblings clearly” highlight the ability of participants to explicitly see

the composite topologies and control their appearance, indicating that they enhance clarity

of information. Participants also found the visualizations easy to use with a mean of 1.54,

between strongly agree and agree. Participants also found the visualizations learnable with

a mean of 1.51, between very confident and somewhat confident in identifying composite

topologies, interacting with them, and quickly getting an overview of the hierarchy by looking

at the composite topologies that make it up.

Suitability

Participants appreciated the ability to interact with hierarchical topologies directly. The

option to toggle the visibility of different topologies, such as branches and levels, allowed

them to focus on the information most relevant to the task at hand. This direct interaction

with topologies rather than relying solely on node level manipulation was seen as particularly

valuable for tasks involving comparative analysis of topologies as well as structural analysis

of topologies. The open-ended exploration phase further confirmed that participants could

derive meaningful insights by leveraging these explicit representations. The kinds of tasks

that we tested are representative of the varieties of tasks one could perform on topologies,

and are not exhaustive. For instance, some domains require representing arbitrary clusters of

nodes in a hierarchy, which is not currently supported by the Hieros library. However, being

able to represent common topologies provides the necessary path and direction towards

supporting new and specialized topologies in different domains. The qualitative feedback

on the utility had a mean value of 1.50 with standard deviation of 0.48, indicating that

participants characterized utility between Extremely Useful and Very Useful.

User Preference

Responses to the survey questions about appeal and user preference indicates that suggested

that participants prefer to see composite topologies in the tree visualizations during data
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analysis and they do not feel that explicitly representing composite topologies reduces the

appeal of the visualizations. The qualitative feedback on user preference and appeal sug-

gested a mean value of 1.42 with standard deviation of 0.29, indicating that participant’s

sentiment of these aspects of usability is between strongly agree and agree.

6.5.3 Overall Assessment of Usability and Utility

Feedback on usability from the participants indicates that participants found the topology-

augmented tree visualizations easy to use, and they preferred working with tree visualiza-

tions that explicitly represent topologies. The task performance metrics for accuracy and

task completion time showed that participants were able to complete tasks on composite

topologies with an average accuracy of 90% across all tasks and an average mean comple-

tion time of 96.29 seconds for the most complicated composite structure manipulation task

tested.

Feedback on utility indicates that participants found the explicit representation of com-

posite topologies and supporting interactive operations on them useful for data analysis and

exploration tasks. Responses to the survey questions indicate that participants had both

positive and negative sentiments about the effectiveness of performing tasks on some com-

posite topologies, suggesting a need to improve the visual representations of these topologies

and interactions to perform tasks on them.

6.6 Challenges and Areas for Improvement

6.6.1 Interface Complexity and Cognitive Load

While explicit representation of topologies might make it easier to perform tasks on compos-

ite topologies, the added complexity of interacting with multiple topologies might initially

overwhelm users. Participants, however, did not provide any such comments. More research

is needed to understand challenges involved in transitioning from simple node and edge based
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interactions to complex composite structural interactions.

6.6.2 Assessment of Scalability

Some participants preferred to use interactions like “zooming” and “panning” across the

visualization in screen space while performing the tasks on topologies, as opposed to filtering

the data and navigating the tree using topologies. There may be many reasons for this.

One reason might be familiarity with such features. Another reason might be the need to

remember new and added interactions to navigate the hierarchy. Overall, effectively using

filtering of composite topologies may need prior training. Approaches to learning topology

interactions are another area for future research.

6.6.3 Next Steps for User Evaluation

The evaluation indicated cross-talk influences for two tasks; there is a strong possibility of

learning effects when performing tasks on similar topologies. As users become more familiar

with topologies through task performance, refinement of the evaluation methodology, such

as by implementing counterbalancing techniques or providing extended training until task

performance speeds converge, could help mitigate these effects.

6.7 Summary

This chapter describes three usage scenarios for evaluating the utility and usability of ex-

ample visualizations created with the Hieros library. The evaluation demonstrated that

representing composite topologies explicitly enhances the exploration and analysis of hier-

archical data by supporting various kinds of tasks directly on those representations. We

also found evidence for the utility and usability of the topology-augmented hierarchical vi-

sualizations. Nevertheless, there are opportunities for improvement, particularly in usability

when performing complex operations involving multiple steps. This motivates exploration of
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alternative tree visualization designs to augment for ongoing development and study. Future

research involving direct comparison of quantitative metrics could offer evidence on com-

parative usability and utility to guide the selection of tree visualization techniques and how

they explicitly show topologies to support specific data analysis needs and goals.
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Chapter 7

Conclusion and Future Work

7.1 Overview

In this dissertation, we address the challenge of explicitly representing composite topologies

in tree visualization, motivated by the observation that current tree visualizations often

overlook such explicit representation and support for operations on them. Our goal was to

explore how topology-augmented tree visualizations can support operations on tree visualiza-

tions for the purposes of data analysis and exploration. This concluding chapter summarizes

our main findings, relates them back to the research questions posed in Chapter 1, high-

lights key contributions, discusses limitations, and suggests future directions for extending

the approach.

7.2 Contributions

This dissertation presents the following thesis: Tree visualization techniques can be aug-

mented to explicitly represent composite topological structures and enable direct interaction

with those structures. Explicit representation and interaction with composite topologies vi-

sually emphasizes their intrinsic structure and relationships, thereby supporting faster and

more effective exploration and analysis of hierarchical data than by visualizing and interact-
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ing with those structures solely through their constituent node and edge representations. The

research described in this dissertation makes the following contributions:

• a JavaScript coordination library for building coordinated multiple view using D3.js [24]

along with two fully implemented coordinated multiple view examples;

• a conceptual model of representational suitability to assess the suitability of various

tree representation techniques in their ability to represent various aspects of topologies;

• an implementation of a tree visualization library, Hieros, for the Improvise visualization

system, capable of representing various topologies in hierarchical visualizations as well

as supporting interactions on topologies;

• a software architecture and hierarchical data pipeline to support representing topolo-

gies in tree visualizations as well as supporting a variety of operations at various stages

of the visualization pipeline;

• seven variants of popular tree visualization techniques with layout algorithms capable

of representing composite topologies and interactions on those topologies; and

• an evaluation of the utility and usability of example visualizations created with the

Hieros visualization library and its architecture for creating topology-augmented tree

visualizations for tree analysis tasks involving topologies.

Topology-augmented tree visualization opens new avenues for systematically studying

hierarchical data visualization. The capabilities of the data pipeline and the example tree

visualization techniques are beneficial for studying a much expanded design space of tree

visualizations as well as developing new methodologies and evaluation methods for assessing

tree visualizations. This research could ultimately benefit designers in developing new kinds

of effective tree visualization techniques to support the data analysis tasks and processes of

end users.
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7.3 Publications

The following publications describe the research results of this dissertation:

• Chekuri, O. S. and Weaver, C. (2025). C4D3: A View-Level Abstraction and Coordi-

nation Library for Building Coordinated Multiple Views with D3. In Proceedings of

the 20th International Joint Conference on Computer Vision, Imaging and Computer

Graphics Theory and Applications - IVAPP [FullPaper - Published] [31]

• Chekuri, O. S. and Weaver, C. An Investigation into the Representational Suitabil-

ity of Tree Visualizations. IEEE Visualization Conference Poster, 2023. [Extended

Abstract and Poster - Published] [32]

• Chekuri, O. S. and Weaver, C. A Model of the Representational Suitability of Tree

Visualizations. [Full Paper In Revision]

• Chekuri, O. S. and Weaver, C. Towards Explicitly Representing Topologies in Tree

Visualizations. [Short Paper - Submitted to IEEE Vis 2025]

• Chekuri, O. S. and Weaver, C. Hieros: A Software Architecture for Topology-Augmented

Hierarchy Visualization. [Full Paper - In Preparation]

7.4 Revisiting the Research Questions

Suitability of Tree Representations for Representing Information about Topolo-

gies. We developed a conceptual model of representational suitability for assessing the

suitability and ability of tree visualizations for representing various kinds of information

about topologies. We also showed that different kinds of tree visualizations demonstrate

varying levels of support for representing various kinds of information across topologies.

(See Chapter 3.)
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Supporting Coordination in Client-Side Visualization Libraries. We demonstrated

that the C4D3 library provides a coordination abstraction and a view abstraction that to-

gether enable declarative specification of coordination between multiple views to support a

variety of coordination types and patterns [140]. These capabilities facilitate the development

of complex, multi-view visualization applications. (See Chapter 4.)

Topological Operations in Tree Visualizations. We have shown various kinds of infor-

mation that composite topologies can represent in tree visualizations to support perceptual

operations in the representational suitability model (Chapter 3), and discussed examples of

operations one can perform on tree topologies at various stages of the visualization pipeline.

(See Chapter 5.)

Software Architecture for Topology Support. We developed a data pipeline for hi-

erarchical data and a software architecture that treats topologies as first-class objects with

support for interactive operations on topologies at various stages of the information visual-

ization pipeline. These operations include generating the necessary topology objects such

as paths and branches, setting a node to view as the root of the tree, interacting with the

rendered topologies such as by selecting them, modifying the topologies (such as to change

the order of nodes in a siblings topology), and changing the layout. We also extended the

coordination architecture of Improvise [138] to support coordination of topologies across tree

visualizations. (See Chapter 5.)

Designing Visualizations and Interactions for Topologies. Seven prototype visual-

izations represent topologies explicitly. We selected a representative sample of tree visualiza-

tions and studied how the topology-augmented versions of those visualizations appear and

behave. We designed how widget-based and direct manipulation interactions work with the

composite topologies to perform various topological operations. We then designed how the

state of interaction appears for various operations, including how intermediate interaction
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states appear for complex operations involving multiple steps. (See Chapter 5.)

Benefits and Drawbacks of a Topology-Augmented Tree Visualizations. User

evaluation results showed that extending existing tree visualization techniques to support

explicit representation of composite topologies confers benefits for seeing and working with

the structural and attribute information of the elements in exploration and analysis. On-

going research challenges include studying the effectiveness of the explicit representation of

topologies for representing different kinds of information and the effectiveness of interactions

for acting upon that information through their topological representations. The evaluation

results also suggest directions for improving the user evaluation methodology for assessing

topology-augmented tree visualizations. (See Chapter 6.)

7.5 Future Work

The research described in this dissertation also opens up wide range of new research questions

and directions worth pursuing.

Interoperability of C4D3 with Other Visualization Libraries. C4D3’s view ab-

straction currently supports the D3.js [24] library and ecosystem for creating coordinated

multiple views. We plan to extend C4D3’s support to other libraries such as Vega-Lite [108]

and Plotly.js [3] to broaden adoption. Additionally, we aim to develop a bridging version of

C4D3 that works with front-end JavaScript libraries like React.js [1] and Vue.js [2].

Supporting the Visualization Data Processing Pipeline for C4D3. We aim to pro-

vide access to the full visualization data processing pipeline, starting with dynamic queries [7]

and progressing through re-implementation of the full Coordinated Queries architecture in

Improvise [138].
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Designer-Centric Evaluation of the Representative Suitability Model. Through

scenario-based assessment, we were able to demonstrate the utility of the representational

suitability model, for choosing appropriate tree visualizations. We would like to gain deeper

insight into how designers use the model in practice by conducting a designer-centric user

evaluation. We also plan to extend the model and assess how it works for topology-augmented

tree visualizations.

Interaction Model for Supporting Topological Operations. Moving forward, we

plan to develop an interaction suitability model for tree visualizations, similar to the rep-

resentational suitability model to assess the suitability of different interactions on explicit

topology representations for editing information directly within tree visualizations. The in-

sights gained could inform the design of user studies focused on advanced tree visualization

analysis tasks and processes.

Coordination Patterns in Tree Visualizations. We plan to further explore support

for existing coordination patterns [140], in addition to the ones developed in Chapter 5, that

make use of composite topologies in tree visualizations, investigate novel patterns, and study

their impact on tree visualization design and analysis.

Supporting a Wide Variety of Tasks and Operations on Trees. We have demon-

strated the ability of the Hieros library to support a variety of tasks at different stages of the

visualization pipeline. Moving forward, our goal is to expose the hierarchical data pipeline

at the designer level, allowing for declarative specification of operations.

Beyond Static Tree Visualizations for Hieros. We have implemented the Hieros data

pipeline and visualization techniques for statically sourced tree data. We plan to study

ways to modify the software architecture and data pipeline to handle dynamic data that

involves evolving hierarchies. We plan to assess the capabilities and limitations of existing

160



tree visualization techniques and interaction methods in dealing with dynamic data and

improve upon them to support such dynamics in data analysis processes.

7.6 Conclusions

The primary aim of this dissertation was to develop a systematic understanding of the de-

sign space of explicit composite topologies in tree visualizations, beyond the usual nodes and

edges, including options to represent and interact with topologies in support of exploration

and analysis of hierarchical data. Through a combination of conceptual models, implemented

visualization libraries, and a user evaluation, this work examined possibilities for composite

topologies, developed support for topology-augmented visualization design, gathered evi-

dence for the utility and usability of such topology-augmented visualizations in supporting

a variety of operations directly on topologies, assessed shortcomings, and described future

directions for ongoing research and development. We anticipate that this work will open up

numerous directions in hierarchical visualization research, including the development of tax-

onomies, user evaluation strategies, new visualization techniques, and ultimately improved

support for data analysis with tree visualizations.
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