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Abstract

Network visualization plays a crucial role in understanding complex relationships across
different domains, from social interactions to biological systems. However, as networks
grow in size and complexity, traditional visualization approaches struggle to support the
simultaneous analysis of multiple measures and temporal evolution. This thesis addresses
these challenges by reimplementing and extending ViNCent, a specialized tool for central-
ity focused network analysis, as a modern web-based system built on a client-server archi-
tecture with a TypeScript/React/D3.js frontend and Python/FastAPI1/NetworkX backend,
supporting multivariate and temporal network exploration and analysis.

ViNCent 2.0 preserves the original system’s core analytical capabilities while intro-
ducing significant extensions. The circular diagram view extends the original centrality
focused encoding to support arbitrary node attributes alongside centrality measures, en-
abling simultaneous comparison of multiple centrality metrics and domain-specific meta-
data within a unified visual representation. For temporal networks, the system implements
a discrete snapshot model with foresighted layouts, chronological node ordering and ex-
plicit change indicators to support temporal exploration while maintaining spatial consis-
tency to reduce cognitive load during navigation.

Evaluation through a formative user study and structured use case scenario demon-
strates that ViNCent 2.0 supports exploratory analysis of multivariate and temporal net-
works. The user study identified concrete usability improvements that informed design
refinements, while the Delhi Metro network use case illustrates how the system enables
analysts to track network evolution, identify structural hubs, and relate topological im-
portance to domain specific metadata through coordinated views and interactive filtering.
However, to what extent the system supports effective analysis for domain experts remains
an open question left for future work.

The work contributes a functional web-based platform for network visualization that
addresses the specific challenges of comparing multiple measures simultaneously and ex-
ploring temporal dynamics. By modernizing ViNCent'’s centrality focused approach and
extending it to support broader analytical requirements, this thesis demonstrates how spe-
cialized visualization techniques can be adapted to contemporary web technologies while
expanding their applicability to increasingly complex network analysis tasks.
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Chapter 1
Introduction

This chapter introduces the topic, motivation, objectives and scope of this thesis. It outlines
the research questions, approach and limitations associated with developing an updated sys-
tem for visual analysis.

1.1 Motivation

Network visualization is a technique that emerged alongside the growth of complex, con-
nected data in the digital age. It allows humans to understand relationships not through raw
numbers or tables, but through intuitive visual structures that transform abstract connections
into visual forms, revealing patterns and hidden structures. A network is typically modeled

as a graph consisting of nodes and edges, representing entities and their relationships, respec-
tively. These networks can represent a wide range of systems, from social interactions and
biological pathways to computer networks and scene graphs. However, as networks grow in
size and complexity, so does the challenge of analyzing them.

One powerful approach used across domains like biology and sociology is the application
of centrality measures. These are mathematical metrics that assign a score to each node based
on its position in the overall network structure, with the aim of quantifying different notions
of importance. Common centrality measures, such as degree, closeness, betweenness, and
Eigenvector centrality, each capture different aspects and perspectives on how a node con-
tributes to connectivity and ow within the network [1]. For instance, degree centrality looks
at how many direct connections a node has, while betweenness centrality captures how often
a node acts as a bridge along the shortest paths between others. In practice, no single cen-
trality measure can fully re ect the role of a node in complex networks. As a result, central-
ity analysis often deals with multivariate data, where each node is associated with multiple
centrality scores. Comparing these scores and understanding the interplay between them
becomes increasingly dif cult in large-scale networks. As more measures are added and as
networks continue to grow in size and density, these analytical challenges increase signif-
icantly, resulting in traditional node-link diagrams alone becoming insuf cient for making
sense of these complex relationships.

To address these challenges, VINCent [2] was developed as an interactive visual analytics
tool for centrality-based network analysis. It allows users to reorder nodes, apply dynamic
clustering, and visually explore relationships between various centrality dimensions [3]. Fea-
tures such as histogram-based Itering and a radial network layout support the discovery
of patterns and structures that would otherwise remain hidden. Despite its usefulness and
importance, ViINCent is now outdated, with its original implementation built in Java using
the now deprecated Prefuse library. This has severely limited its usability in modern environ-
ments, especially in web-based work ows. Furthermore, ViINCent lacks support for temporal
networks, where the network structure evolves over time, nor does it support multivariate
data visualization beyond centrality, both of which are increasingly important in real-world
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applications. These limitations restrict its exibility and make it harder to adapt the tool for
broader use in research or applied contexts.

1.2 Aim

The aim of this Master's thesis is to reimplement and extend ViNCent as a modern, web-
based visualization tool that supports interactive analysis of both multivariate and temporal
networks while preserving and building upon its original core functionality.

1.3 Research questions

This thesis addresses the following questions:

RQ1: How can ViNCent's centrality analysis capabilities be modernized as a web-based vi-
sualization system?

RQ2: How can ViNCent be extended to support the visualization and analysis of multivariate
node attributes beyond centrality?

RQ3: How can ViNCent be extended to represent temporal networks, enabling the explo-
ration of structural and attribute-level changes across different time steps?

RQ4: How effective is the modernized ViNCent in visualizing and analyzing multivariate
and temporal networks?

1.4 Delimitations

This thesis focuses on the design, implementation and evaluation of a visualization tool
which is limited to the domain of network analysis and does not attempt to generalize nd-
ings to other types of data visualization. The evaluation is conducted without the involve-
ment of external domain experts and instead relies on a formative user study and prede ned
use case scenarios. As such, the focus is on analytical support and usability within a research
context rather than practical deployment. The system architecture is limited to a single server
deployment designed to support a few users at a time. Scalability in the sense of handling
larger and more complex network datasets is addressed analytically through the design of the
visualization, but issues related to technical scalability, including multi-user load, authenti-
cation, distributed infrastructure, and data storage are outside the scope of this work. Ad-
ditionally, the datasets used in the evaluation are limited to publicly available or previously
studied network datasets, which may not represent the full range of real-world applications.

1.5 Approach

This thesis follows a design-implementation-evaluation work ow grounded in information
visualization research. The new system called ViNCent 2.0 was developed iteratively, with
design decisions informed by theory, prior work and formative feedback.

The evaluation adopts a qualitative approach, combining a use case scenario with a for-
mative user study. The use case scenario is used to demonstrate how ViNCent 2.0 supports
centrality-based, multivariate and temporal network analysis tasks. This scenario showcases
a typical analytical work ow and illustrates how the proposed visual encodings and interac-
tion features can be used in practice.

In addition, a small user study was conducted on a near nal version of the system. The
purpose of this study was not to provide a nal validation of the tool, but rather to gain
formative insights into usability, interaction design and analytical support. The ndings from
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this study were used to identify strengths and weaknesses of the initial design and directly
informed subsequent revisions and improvements to the system.

No separate summative user evaluation was conducted on the nal version of the tool.
While such an evaluation was considered, it was not feasible within the scope of this the-
sis. Instead, the nal system re ects an iterative re nement process based on user feedback
and design re ection, which aligns with established design study and iterative evaluation
practices in visualization research [4, 5]. The evaluation therefore focuses on demonstrating

analytical capabilities and design effectiveness rather than measuring performance against
prede ned benchmarks.



Chapter 2
Background and Related Work

This chapter establishes the theoretical and practical foundation for the reimplementation
and extension of ViINCent. It begins by introducing fundamental concepts in network analy-
sis that motivate the need for specialized visualization tools. Building on these foundations,
it reviews common network analysis tasks that inform system requirements. The original
ViNCent system is then examined in detail, highlighting both its contributions to centrality
focused analysis and its limitations that motivate this work. Subsequently, the chapter ex-
plores theoretical concepts underlying multivariate and temporal networks, which form the
basis for the extensions. Finally, related web-based visualization platforms are surveyed, and
evaluation methodologies appropriate for exploratory visualization systems are discussed.

2.1 Network Fundamentals

Networks provide a powerful abstraction for representing relationships between entities
across diverse domains. From social interactions and biological pathways to transporta-
tion systems and communication networks, the graph structure, which consists of nhodes and
edges, enables analysis of connectivity, in uence and structural patterns.

2.1.1 Graph Representation

A network is formally modeled as a graph G = (V, E) where V represents the set of nodes
and E represents the set of edges connecting them [1]. Edges may be directional, indicating
asymmetric relationships or undirected, representing bidirectional connections. Networks
may also include weights on edges, representing the strength or capacity of relationships, and
attributes on both nodes and edges, encoding additional metadata such as labels, categories
or numerical properties.

This mathematical abstraction enables computational analysis but introduces signi cant
challenges for human interpretation. As networks grow in size and complexity, traditional
tabular or textual representations become inadequate for revealing structural patterns, iden-
tifying anomalies or understanding the roles of individual nodes within the larger system.

2.1.2 Centrality Measures

One of the most fundamental questions in network analysis is: which nodes are most impor-
tant? Answering this question requires de ning what importance means in a given context,

and different centrality measures capture different notions of structural signi cance [6]. Some
of the most common are as follows:

» Degree centrality measures the number of direct connections a node has. Nodes with
high degree are locally well-connected and often serve as hubs. In a social network,
high degree individuals have many direct contacts; in a transportation network, high
degree stations connect to many routes.
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» Betweenness centrality quanti es how often a node lies on the shortest paths between
other pairs of nodes. High betweenness indicates that a node acts as a bridge or bottle-
neck in the network's information or resource ow. Removing such nodes can signi -
cantly fragment the network.

« Closeness centrality measures how close a node is to all other nodes in the network based
on the sum of the shortest path distances. Nodes with high closeness can reach others
quickly, making them ef cient broadcasters or coordinators.

 Eigenvector centrality assigns importance based on the quality of a node's connections
rather than just their quantity. A node connected to other important nodes receives a
higher score, capturing the notion of in uence through association.

Importantly, these measures often disagree. A node may rank highly in degree but poorly in
betweenness or vice versa. This divergence re ects the complex nature of network structures
and highlights the necessity of evaluating multiple centrality dimensions rather than relying
on any single metric [1].

2.1.3 Community Detection

Beyond individual node importance, many real-world networks exhibit community struc-
ture, where some groups of nodes are more densely connected internally than to the rest
of the network [7]. Community structure appears across domains such as friend groups in
social networks, functional modules in biological systems, thematic clusters in citation net-
works, and geographic regions in transportation systems.

Identifying communities serves several purposes, as it simpli es large networks by re-
vealing organizational structure and enabling comparative analysis across networks or time
periods [7]. A node's community membership also provides important context for interpret-
ing its centrality. A node with moderate degree might still be highly important if it bridges
multiple communities.

Numerous algorithms exist to detect communities, each with different de nitions of opti-
mal partitioning [8]. Modularity-based methods, such as the Louvain algorithm [9], optimize
for the fraction of edges falling within communities versus those expected by chance. La-
bel propagation [10] offers a fast alternative where nodes iteratively adopt the majority label
of their neighbors. Spectral clustering uses Eigenvector analysis of the graph structure [11],
while hierarchical methods reveal nested community structure at multiple scales [12].

The choice of algorithm depends on network properties, analytical goals and computa-
tional constraints. It can also be bene cial in network analysis to apply and compare multiple
decomposition methods, as different approaches may highlight distinct structural features of
the same network.

While these fundamental concepts provide the mathematical and algorithmic foundation
for network analysis, understanding what analysts actually do with networks, the tasks they
perform and questions they ask, is equally important for designing effective visualization
tools. The following section examines the analytical tasks that motivate system requirements.

2.2 Network Analysis Tasks

Understanding what analysts seek to accomplish when exploring network data is important
for designing effective visualization tools. Network analysis tasks vary widely depending
on the domain and analytical goals, but several fundamental task categories recur across
applications. This section reviews common network analysis tasks that inform the design
requirements of ViNCent 2.0.
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2.2.1 Task Taxonomies

Munzner's [5] task abstraction framework provides a foundational vocabulary for under-
standing what analysts do when exploring network data. Her model distinguishes high level
actions, such as identify, compare, summarize, and locate, from targets those actions operate on,
separating the why of a task from the what. Targets themselves span multiple levels of speci-

city: at the data level they include features such as trends, distributions and outliers while

at the network level they encompass individual nodes, edges, and clusters. This gives rise

to meaningful action-target pairings, such as discover distribution, compare trends, or identify
outliers, that capture analytical intent more precisely than either component alone.

Building on this, Lee et al. [13] offer a more domain speci ¢ taxonomy that distinguishes
between topology-based tasks, which focus on structural properties of the network, and
attribute-based tasks, which examine the data associated with nodes and edges. Topology-
based tasks include identifying connectivity patterns, nding paths, detecting clusters and
analyzing overall network structure. Attribute-based tasks involve comparing attribute val-
ues, nding correlations between attributes and structure and identifying outliers based on
attribute distributions. Together, these frameworks suggest that effective network visualiza-
tion must support a range of actions operating across both structural and semantic dimen-
sions of the data.

2.2.2 Centrality Focused Tasks

For centrality analysis speci cally, several recurring analytical goals emerge from the litera-
ture. Analysts frequently need to identify the most important nodes according to different
notions of importance [14]. This involves not only ranking nodes by individual centrality
measures but also comparing rankings across multiple measures to understand where they
agree or diverge. As Freeman [6] notes, different centrality measures capture fundamen-
tally different aspects of structural importance, making multi-measure comparison essential,
rather than optional.

Another common task involves detecting nodes with con icting centrality pro les, those
that rank highly on some measures but poorly on others [15]. Such nodes often reveal inter-
esting features. For example, a node with high degree but low betweenness might be well
connected locally but not essential to global information ow. Identifying these cases requires
simultaneous examination of multiple centrality dimensions, which traditional node-link di-
agrams struggle to support effectively (see Section 2.4.1.1).

2.2.3 Multivariate & Temporal Analysis Tasks

Pretorius et al. [16] identify a comprehensive set of tasks for multivariate network analy-
sis, building on the framework proposed by Lee et al. [13]. Their taxonomy recognizes that
multivariate networks involve both structural properties and multiple attributes associated
with nodes and edges, requiring tasks that can examine these dimensions individually and
in combination.

The framework distinguishes four main categories of tasks. Structure-based tasks focus on
topological relationships and include adjacency tasks for nding directly connected entities,
accessibility tasks for identifying entities reachable through paths of varying lengths, com-
mon connection tasks for nding entities that share connections with multiple other entities,
and connectivity tasks for analyzing clusters, bridges and connected components. Attribute-
based tasks examine the data values associated with network elements, involving queries
to nd nodes or edges with speci c attribute values, compute derived properties over sets
of entities and identify extreme values within attribute distributions. Browsing tasks sup-
port exploratory navigation through the network by following speci ¢ paths and revisiting
previously examined entities.



2.3. The Original VINCent System

A key insight from Pretorius et al. is that these network speci c tasks can be decomposed
into lower level analytical operations: identify, determine, relocate and compare. For exam-
ple, nding the node with the maximum number of adjacent entities requires identifying an
entity with speci ¢ properties, identifying adjacent entities, determining a derived property,
and comparing this property across entities. This decomposition reveals how complex net-
work analysis goals emerge from combinations of simpler analytical primitives.

The framework also identi es estimation tasks, which differ fundamentally from the pre-
cise analytical tasks described above. Estimation tasks involve forming approximate charac-
terizations of network properties through visual inspection rather than algorithmic computa-
tion. These tasks acknowledge that analysts often seek qualitative understanding rather than
exact answers, especially when exploring large or complex networks.

Understanding estimation tasks aims to gain more complete knowledge of the network
and include identifying clusters of highly connected nodes, characterizing groups of nodes
that share common attribute values, characterizing groups based on link attributes, and de-
termining the overall domain of attributes and their values across the network. Analysts
form approximate judgments by scanning visual representations, and these judgments may
include nodes that should be excluded or omit nodes that should be included. Compari-
son estimation tasks focus on understanding changes in networks over time, involving the
identi cation of trends across different network snapshots and the formulation of causal ex-
planations for observed differences. These tasks often require external domain knowledge
beyond what is represented in the network itself.

Recognizing these analytical needs, particularly the challenge of comparing multiple mea-
sures simultaneously and supporting exploratory estimation tasks, the original ViNCent sys-
tem was developed speci cally to address centrality focused exploration through coordi-
nated visual representations. The following section examines that system in detail.

2.3 The Original VINCent System

To establish the foundation for the modernized system, this section provides an overview
of the original ViNCent tool initially developed by Késtinger [2] and later extended by
Kdstinger, Kerren, Zimmer and Jusu [3]. Understanding ViNCent's design philosophy, core
features and limitations is essential for understanding what should be preserved in the reim-
plementation and what needs to be extended. Figure 2.1 shows an overview of the original
system.

2.3.1 Design Philosophy and Core Concept

ViINCent was developed to address a speci ¢ gap in network visualization: the need to com-
pare and analyze multiple centrality measures simultaneously within a single visual frame-
work [2]. While many network analysis tools compute centrality metrics, few provide ded-
icated visual support for understanding how these measures relate to one another across
the full node set. The central insight behind ViNCent is that different centrality measures
reveal different aspects of node importance and these perspectives should be seen side by
side rather than examined in isolation. To enable this comparison, ViNCent introduced a
centrality view with a circular layout in which nodes are arranged around a circle and each
node is represented not as a simple point but as a composite visual element encoding multi-
ple centrality values simultaneously through stacked bars. This layout is what distinguishes
ViNCent from general purpose network visualization tools that make use of the traditional
node-link topology.
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Figure 2.1: Overview of the original version of VINCent taken by the author as a screenshot.

2.3.2 Centrality Diagram View

The centrality diagram view is the de ning feature of VINCent. In this view, nodes are po-
sitioned evenly along the circumference of a circle and each node is visualized as a radial
bar extending outward from the circle’'s edge. Each bar is subdivided into segments, with
each segment representing a different centrality measure. ViNCent supports two primary
encoding modes for the bar segments. In one mode, the length of each bar segment is pro-
portional to the value of its corresponding centrality measure, enabling direct visual com-
parison of magnitudes across nodes. In the alternative mode, bar segments are of uniform
length, and variations in centrality magnitude are represented by the lled fraction of each
segment rather than by segment length. This mode is particularly useful when the range of
values varies dramatically across measures, preventing one measure from dominating the
visual space.

At the center of the circular layout, network edges are drawn as curved lines connecting
related nodes. This design preserves topological relationships and exploits otherwise unused
interior space, while ensuring that the radial bars remain unobstructed and visually promi-
nent. To reduce visual clutter in dense networks, the original ViINCent implemented several
edge bundling modes that group related edges together. These modes use node degree and
neighborhood information to determine control points for Bézier curves. The highest neigh-
bor degree mode considers the maximum degree within each node's neighborhood, drawing
edges between low-connected nodes toward the perimeter while bundling edges involving
high-degree nodes toward the center. The both degrees mode uses the degrees of both con-
nected nodes to scale control points, while the higher degree mode applies only the higher of
the two degrees. Finally, the no rating mode applies uniform bundling without considering
connectivity, placing all control points at xed distances from the circle's edge.

2.3.3 Node-Link Diagram View

To complement the centrality diagram view, ViNCent includes a traditional node-link di-
agram that provides an intuitive representation of the network's topological structure. In
this view, nodes are positioned using a force-directed layout algorithm that seeks to balance
attractive and repulsive forces between nodes. Each node appears as a text label with a back-
ground, with edges drawn as straight lines between connected nodes.
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2.3.4 Interactivity Analysis Features

ViNCent's interactivity is designed to support exploratory analysis. Key interactive features
include the following:

» Hover and selection: Hovering over a node displays detailed centrality values in a tooltip
and highlights the node's immediate neighbors in both views. Selection persists the
highlight, allowing users to build up a focus set for comparison.

» Zoom and pan: Both views support standard navigation controls, enabling detailed in-
spection of local structures or individual nodes while maintaining the ability to return
to the global overview.

» Histogram-based ltering: Each centrality measure is represented by a histogram showing
the distribution of values across all nodes. Users can apply range lters directly on these
histograms through brushing, dynamically highlighting or isolating nodes with speci ¢
centrality pro les. This allows users to dynamically focus on subsets of the network that
show interesting or extreme values, making the exploration process more targeted and
ef cient.

« Clustering: VINCent supports grouping nodes into clusters based on their centrality pro-
les, treating each node's set of centrality measures as a feature vector. Users can apply
hierarchical or k-means clustering and visualize the resulting groups in the centrality
diagram, with cluster boundaries marked visually.

« Dynamic reordering: Nodes in the centrality diagram can be reordered based on any cen-
trality measure, bringing nodes with similar values into proximity. This reordering can
reveal patterns such as whether high degree nodes also tend to have high Eigenvector
centrality or whether betweenness and closeness rankings diverge.

Together, these features support Shneiderman's visual information seeking mantra:
"overview rst, zoom and lter, then details-on-demand" [17]. Users begin with a global
view of all nodes and their centrality distributions, apply Iters and reordering to focus on
interesting subsets, and then examine individual nodes and values in detail.

2.3.5 Coordinated & Multiple Views

Coordinated & multiple views [18] form a core design principle of ViNCent, enabling users
to analyze network structure and node centrality from complementary perspectives. ViN-
Cent employs coordinated views in which the centrality and node-link diagrams are linked
through interaction: hovering over or selecting a node in one view highlights the correspond-
ing node and its connections in the other. This coordination allows users to leverage the
strengths of both representations, the centrality focus of the centrality diagram and the topo-
logical layout of the node-link diagram, within a uni ed analytical work ow. Although only

one view is fully visible at a time, a compact overview of the secondary view is always dis-
played to help users retain context when switching between representations.

Coordination also extends to the histogram-based Iters. Histogram views are synchro-
nized with the currently visible and Itered set of nodes, updating to re ect changes in hover
state, Itering and view state. When a node is hovered over in either visualization, its corre-
sponding position is highlighted within the histograms, reinforcing the relationship between
individual nodes, their centrality values and the overall distribution.

2.3.6 Con guration and Customization

To accommodate different analytical needs and network characteristics, ViNCent provides
a few con guration options accessible through a settings panel. Users can adjust both the
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inner and outer radii of the circular layout to balance space allocation between centrality
bars and screen space. The number of histogram bins is con gurable from 2-100, allowing
users to adjust the granularity of distribution visualizations based on data characteristics
and analytical goals. Visual elements including degree markings and node labels can be
toggled to optimize either visual clarity or performance. These settings allow users to adapt
the visualization to different network sizes and display resolutions. The tool also provides
options to control edge bundling behavior and select between different bundling algorithms,
as described in the original work.

2.3.7 Data Import and Export

ViINCent was designed to support two data format options. The system accepts standard
GraphML les [19], an open XML-based format for representing graph structures. When
loading a standard GraphML le, VINCent prompts users to select which node attributes to
use for labels and which centrality measures to compute. The tool then calculates the selected
measures and incorporates them into the network data accordingly.

To avoid redundant computations when reopening previously analyzed networks, ViN-
Centintroduced a custom ViNCent GraphML format. This extended format stores computed
centrality values directly as node attributes within the GraphML structure. When loading
ViNCent GraphML les, users select which precomputed measures to visualize rather than
triggering new calculations, signi cantly reducing load times for large networks with expen-
sive centrality computations. The export functionality allows users to save their analyzed
networks in ViINCent GraphML format, preserving all computed metrics for future sessions
or sharing with collaborators. Additionally, visualizations can be exported as static images in
various formats.

2.4 Multivariate and Temporal Networks

Many network analysis problems involve richer data than what static, single attribute models
can represent. In particular, two important dimensions, temporal dynamics and multivariate
attributes, create challenges for both modeling and visualization. This section introduces the
theoretical foundation of temporal and multivariate networks and surveys existing network
visualization tools with a focus on how they handle temporal and multivariate complexity.
The goal is to highlight common strategies and identify limitations to guide the proposed
system extensions.

2.4.1 Multivariate Networks

Following Kerren et al. [20], a multivariate network consists of a graph G = (V, E) aug-
mented with a set of attributes A = tA 1, Ay, ..., Ayhu. For nodes, this is often expressed as a ma-
trix A = [a j;] where eachrow j = 1, 2,..., |V| represents a node and each columni=1,2,...,n
an attribute. The attribute vector for a given node u is thus a y = (ay1, a2, ..., an) where a
similar representation applies to edge attributes. These attributes can be:

» Categorical: Node type, community membership, geographic region
* Numerical: Age, weight, capacity, transaction volume
 Ordinal: Ranking, severity level, priority

The challenge is not merely to display these attributes, but to enable users to explore relation-
ships between attributes and network structure, to identify patterns such as similar nodes
connecting preferentially, to detect outliers and to understand how attributes correlate with
structural roles.
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2.4.1.1 Visualization Approaches for Multivariate Networks

When addressing multivariate network visualization, existing strategies tend to extend clas-
sical visualizations with techniques to encode additional attribute data. Node-link diagrams
often incorporate visual variables such as color, size or shape to convey node and edge at-
tributes [20]. However, this is typically limited to encoding only a small number of attributes
before running into dimensionality issues [20]. Glyphs have also been used to represent
multiple attributes, as demonstrated by Pearlman and Rheingans [21], who used compound
glyphs to support security analysts in exploring multivariate data from a service-oriented
perspective. However, these are useful in sparse networks but can lead to occlusion and
interpretation issues in dense ones.

Matrix-based approaches represent networks as adjacency matrices, where rows and
columns denote nodes and cell values indicate the presence or strength of connections. This
layout avoids visual clutter and scales better than node-link diagrams in dense graphs [22].
To support multivariate analysis, matrices can be extended with heatmaps or juxtaposed at-
tribute tables that encode node and edge attributes. For instance, systems like NodeTrix
[23] integrate matrix and node-link views, while TaMax [24] overlays edge attributes directly
within cells and node attributes in a juxtaposed table. These approaches reveal structural
patterns and attribute correlations but often obscure topological paths, making them less ef-
fective for ow-based tasks [22]. Small multiples extend this further by presenting separate
matrix or node-link views for each attribute or time period side by side, improving compara-
bility at the cost of increased screen space [25].

More exible and powerful are coordinated & multiple view systems, which present at-
tributes across linked visualizations such as node-link diagrams or scatter plots, enabling
complex querying and interactive Itering [18]. Systems like GraphDice presented by Beze-
rianos et al. [26], exemplify this approach. However, they come with drawbacks in terms of
screen space consumption and increased cognitive load when coordinating between views.
Additionally, while GraphDice excels at exploring attribute correlations through scatterplots,
it offers limited support for analyzing the topological structure as it does not support differ-
ent centrality measures nor different clustering approaches, limiting its usefulness for users
more focused on the topological aspects of the network.

Ultimately, the choice of multivariate network visualization technique depends heavily
on the analytical task, data complexity and user expertise. Balancing visual clarity, scalability
and interactivity remain a central challenge across all approaches.

2.4.2 Temporal Networks

Temporal networks account for the evolution of relationships over time, where edges and
nodes may appear, disappear or change attributes. As Holme and Saramaki [27] emphasize,
understanding not just who interacts with whom, but also when those interactions occur is
important for analyzing processes such as information propagation and in uence. Unlike
static networks, temporal networks model the sequence and timing of events. There are mul-
tiple ways to represent temporal networks depending on the level of detail required. Holme
[28] distinguishes between lossless representations, which retain all information about the
timing and structure of interactions, and lossy representations, which aggregate or simplify
the data, often discarding temporal order. Common lossless representations include contact
sequences, which are timestamped lists of interactions and, graph snapshots at discrete time
intervals G1, Gy, ...Gr where each G represents the state of the network at time t. As Holme
notes, these are theoretically equivalent in the sense that they preserve the full temporal in-
formation.

In contrast, lossy representations, such as static aggregated graphs or weighted networks,
offer simpler analyses but at the cost of losing information about the order and timing of
events. For example, in an email communication network, each message forms a temporal
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edge between sender and receiver, and the timestamp is essential for reconstructing commu-
nication patterns. Representing such a network as a contact sequence retains complete timing
of events, whereas aggregating all emails into a static graph discards the dynamics inherent
in the data.

The choice between lossless and lossy representations directly impacts what can be visu-
alized and analyzed. In a contact sequence representation, each timestamped edge can be
shown on a timeline, enabling analysts to observe the exact order of interactions. The email
communication network example illustrates this: if employee A emails employee B at 9:00
AM and B emails employee C at 9:15 AM, the sequence matters for understanding informa-
tion ow. Aggregating these into a static graph would retain the A to B to C relationship
but lose the temporal ordering that reveals B as a potential information broker in this speci ¢
cascade.

2.4.2.1 Visualization Approaches for Temporal Networks

A wide range of strategies have been proposed to support temporal network visualization
and analysis, including space-time cubes [29], circular representations [30] [31] and hybrid
methods that combine structural and temporal layouts [32] [33]. Among these, most can
broadly be categorized into two commonly used approaches: animation-based and timeline-
based [34].

Animation-based techniques, such as the one presented by Moody and McFarland [35],
typically visualize change by animating node-link diagrams frame by frame, with each frame
representing a different timestep. This approach is intuitive for observing gradual changes
but suffers from occlusion and layout instability in dense graphs. Additionally, frequent or
large layout changes across frames can disrupt users' mental maps, increasing cognitive load
[36]. Techniques such as foresighted layouts [37] and edge bundling [38] mitigate some of
these issues, but preserving a coherent mental map remains a challenge [36].

In contrast, timeline-based techniques provide a more stable view of temporal progression
by explicitly mapping time along one axis, typically the horizontal, and organizing nodes,
groups or network structures along the other. This spatial encoding supports the analysis
of change across the entire time span and helps preserve users mental maps, facilitating
the detection of long-term trends and temporal patterns. Examples of such approaches in-
clude Alluvial diagrams [39], which visualize group transitions over time using owing rib-
bons, and Massive Sequence Views [40], which emphasize temporal activity patterns across
large number of nodes. While effective for highlighting high-level structural evolution, these
techniques often abstract away low-level, node to node interactions in favor of summarizing
OWS Or aggregate patterns.

To overcome the limitations of both approaches, many modern systems adopt hybrid tech-
nigues. Systems like DyNetVis [32] and LargeNetVis [33] make use of multiple & coordinated
views, where users can switch between or simultaneously view temporal and structural rep-
resentations. These systems typically allow for user interaction such as brushing, Itering
and zooming for exploring the networks different dimensions. However, challenges remain
around maintaining visual scalability, supporting real-time exploration and preserving users
mental models during transitions or Itering operations.

2.5 Existing Web-based Platforms

Beyond academic prototypes and systems, several established tools support network analysis
and visualization in practice. This section reviews web-based platforms that share similar
goals with VINCent 2.0: enabling interactive exploration of network data without requiring
local installation. Each tool is examined in detail to understand its strengths, limitations and
how it addresses the challenges of network analysis and visualization.
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2.5.1 Gephi Lite

Gephi Lite is a web-based adaptation of Gephi [41], one of the most widely used open source
network analysis and visualization platforms in the research community. It provides a com-
plete pipeline for network exploration, from data import through layout computation to vi-
sual styling and export. Users can load network data in common formats such as GEXF,
GraphML and CSV edge lists directly into the browser. The tool automatically computes
basic network statistics including node degree, connected components and graph density,
providing immediate quantitative feedback about the networks structure.

The layout engine supports several force-directed algorithms, with ForceAtlas2 being the
most prominent. This algorithm positions nodes in 2D space such that connected nodes at-
tract each other while all nodes repel, creating layouts where dense clusters emerge visually.
The implementation uses WebGL for GPU acceleration, enabling interactive frame rates for
networks with thousands of nodes. Users can adjust layout parameters in real-time such
as gravity strength, edge weight in uence and repulsion force, allowing users to tune the
visualization to emphasize different structural aspects.

Beyond layout, Gephi Lite computes a small selection of centrality measures including
degree, betweenness, PageRank and HITS, as well as modular community detection. These
are stored as node attributes alongside any user provided data, and the same visual map-
ping system applies to all of them uniformly. Numeric attributes can be mapped to node or
edge size and color, while categorical attributes support color mapping only. This means a
small number of attributes can be visualized simultaneously across these channels, but the
approach is fundamentally limited by the number of available visual channels and there is
no dedicated interface or specialized encoding for multi-measure comparison.

Gephi Lite also supports multivariate attribute exploration through a Itering panel
where users can add and remove Iters on nodes or edges. For numeric attributes, the panel
displays a histogram of the value distribution, allowing users to de ne range-based lters
visually. For categorical attributes, no distribution is shown, but users can select which cat-
egories to include or exclude via a dropdown. Custom JavaScript ltering scripts are also
supported for more complex Itering needs. Additionally, users can add new elds or mod-
ify existing ones directly within the tool, allowing lightweight data editing without leaving
the environment.

Despite these strengths, Gephi Lite does not support temporal network analysis. Net-
works are treated as static snapshots, and comparing network states across time requires
loading separate les and mentally integrating the differences. This, combined with its lim-
ited visual channel approach to multi-measure comparison, represents a fundamental differ-
ence from VINCent 2.0's approach of supporting simultaneous multi-measure comparison
and temporal navigation within a single interface.

2.5.2 Cytoscape Web

Cytoscape Web powers web-based network analysis through the JavaScript library Cy-
toscape.js, which emphasizes biological networks and hierarchical data [42]. The platform
originated in systems biology and has evolved into a large ecosystem supporting both molec-
ular interaction networks and general graph visualization.

Cytoscape Web implements a diverse set of layout algorithms beyond simple force-
directed approaches, including hierarchical layouts for directed acyclic graphs, circular lay-
outs, grid layouts and specialized biological pathway layouts. Users can select layouts from a
dropdown menu and apply them to the entire network or selected subgraphs, with adjustable
parameters through side panels.

The platform includes a more expansive visual mapping system than Gephi Lite, allowing
attributes to be mapped not only to node and edge size and color, but also to border styles,
node forms such as stars or rectangles, line types such as dashed or dotted edges, and other
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rendering properties. This is achieved through three mapping types: passthrough mappings
that directly connect values to properties such as node labels, discrete mappings for categori-
cal attributes, such as mapping protein type to color, and continuous mappings that associate
numerical values with visual properties along a gradient. Users can de ne complex style
rules where multiple attributes are encoded simultaneously across different visual channels,
though the approach remains limited by the number of available channels and still requires
manual coordination when comparing multiple measures.

Network analysis capabilities in terms of centrality measures or community detection are
not included in the platform by default. These measures must be computed through separate
external scripts and then imported as node or edge attributes. The platform provides a search
functionality for locating speci c nodes or edges by ID, but does not support ltering by
attribute or values or distributions, making multivariate exploration more constrained than
in Gephi Lite despite the broader visual mapping options.

Cytoscape Web does not support temporal network analysis. Dynamic networks can be
handled by loading separate network les for each time point sequentially. However, main-
taining visual continuity across timesteps is left to the user to manage manually.

Cytoscape Web excels at biological network analysis with strengths in layout diversity
and visual customization. However, it is not optimized for centrality focused exploratory
analysis. For analysts whose primary goal is comparing how different centrality measures
rank, Cytoscapes interface requires a fragmented work ow: compute measures separately,
load them into the platform, map them to visual channels, and mentally integrate the results.
The platform offers no dedicated support for simultaneous multi-measure comparison or
temporal navigation.

2.5.3 Polinode

Polinode is a commercial platform focused speci cally on organizational network analysis
and social network analysis in business and institutional contexts [43]. It targets HR profes-
sionals, organizational consultants and managers seeking to understand informal networks,
collaboration patterns and in uence structures within organizations.

Polinode differentiates itself from the others through integrated survey-based data col-
lection. Users can create custom surveys asking employees questions like "Who do you go
to for technical advice?" and Polinode automatically converts responses into network data.
The platform also supports importing data from CSV les, HR systems and communication
platforms like Slack and Microsoft Teams, allowing it to construct networks from actual com-
munication patterns.

Once a network is loaded, users can choose to import and compute a wide range of net-
work measures. These include basic descriptive statistics such as network size or density,
centrality measures, community detection and clustering metrics. Each measure is accom-
panied by plain language explanations which helps non-expert users interpret what each
measure implies.

In terms of visual mapping, Polinode sits between Gephi Lite and Cytoscape Web in terms
of exibility. Colors and sizes can be mapped to nodes and edges, and node shapes provide
an additional visual channel for distinguishing categories, offering slightly more customiza-
tion than Gephi Lite. However, it does not support the broader rendering options available
in Cytoscape Web such as border styles or line types. Filtering operations are supported al-
lowing users to highlight speci ¢ subsets of the network by attribute, but no distributions are
shown and custom ltering scripts are not supported.

Polinode also provides tabular views in the form of collaboration and membership matri-
ces, which can be displayed side by side with the node-link diagram. While this allows users
to inspect attribute data alongside the network structure, the views are not coordinated, se-
lections or lters applied in one view are not re ected in the other, limiting the analytical
value of having both representations simultaneously.
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Like Gephi Lite and Cytoscape Web, Polinode treats networks as static snapshots. Com-
paring network states across time requires loading separate les and manually integrating
the differences with no support for interactive temporal analysis or dynamic network visual-
ization.

Polinode is optimized for organizational stakeholders who require actionable insights
quickly and with minimal technical overhead. Its structured metric import, basic mapping
options, and plain language explanations make it suitable for business audiences. For re-
searchers or analysts who want interactive network exploration, highly customizable visual-
izations or detailed temporal analysis, Polinode is more restrictive, presenting network met-
rics as outputs to consume rather than as dynamic dimensions to explore. Like the other
platforms reviewed, it offers no dedicated support for simultaneous multi-measure compar-
ison nor dedicated support for temporal networks.

2.6 Evaluation Methods in Visualization

Evaluating visualization systems requires methods that differ from traditional software test-
ing or quantitative performance evaluation. Visualization tools often support exploratory,
open-ended analytical tasks, where success is measured not only by ef ciency or accuracy but
also by how well the system supports insight generation and user understanding. Munzner's
nested model of visualization design and validation provides a framework for approaching
evaluation across multiple levels of abstraction and for the general work ow of the develop-
ment of the system [44]. The model distinguishes four levels:

1. Domain problem characterization: This level examines whether the system addresses the
correct real-world problem. Evaluation at this stage involves understanding domain
goals, user needs and analytical questions. Methods include expert interviews, task
analysis and surveys, which help verify that the visualization addresses meaningful
problems for its intended audience.

2. Data and task abstraction: At this level, the focus shifts to whether domain problems
have been accurately translated into abstract visualization tasks. Evaluation may in-
volve mapping domain concepts to data structures and task models, ensuring that the
abstraction correctly translates user intent. Methods include task analysis, domain ex-
pert interviews, and validation of data transformations against domain requirements.

3. Visual encoding and interaction design: At this level, the concern is whether the chosen
visual representations and interaction techniques effectively support the intended tasks.
This includes evaluating the clarity, interpretability and ef ciency of visual encodings,
as well as the usability of the interactive components. Methods may involve controlled
experiments measuring task accuracy and completion time, observational studies of
users interacting with the system, and use case scenarios showcasing how effective it
is.

4. Algorithm implementation: The lowest level focuses on the correctness and computational
performance of the underlying system. Evaluation ensures that algorithms produce
correct results, handle data ef ciently and maintain responsiveness. Methods include
unit testing, performance pro ling and stress testing with large or edge case datasets.

The nested model emphasizes that evaluation at higher levels cannot compensate for issues
at lower levels [44]. For example, even if a visual encoding is theoretically effective, it cannot
support insight if the underlying data abstraction is awed. Conversely, a perfectly imple-
mented algorithm offers little value if it does not align with domain tasks or support mean-
ingful user interaction.

Building on this perspective, visualization evaluation encompasses a broad range of meth-
ods, each suited to different evaluation goals. Quantitative performance based evaluations
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such as controlled experiments measuring task completion time or accuracy, are appropriate
for assessing speci ¢, well de ned tasks. However, many visualization systems are designed

to support exploratory analysis, where tasks are not always well de ned and evolve during
interaction. For such systems, qualitative evaluation methods play a central role. These in-
clude case studies, use case scenarios, observational studies and user studies which focus on
usability, analytical work ows and design re ections. Lam et al. [45] provide a comprehen-
sive taxonomy of visualization evaluation scenarios, highlighting that qualitative approaches
are particularly common and appropriate when evaluating visualization systems that sup-
port open-ended analytical processes.

In the case of user studies, Lewis [46] concludes that think aloud protocols are commonly
employed to gain insight into users reasoning, expectations and decision making. By asking
participants to verbalize their thoughts during task execution, researchers can observe how
features are discovered, how visual encodings are interpreted and where confusion arises.
Furthermore, user studies that focus on usability are shown by Virzi [47] to work well with
small numbers of participants, as even a limited sample can reveal a substantial proportion
of usability issues. The goal is not statistical generalization, but the identi cation of recurring
patterns, breakdowns and design insights that inform further system development.
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Chapter 3
Method

This chapter outlines the methodological approach used to design, implement and evaluate
ViNCent 2.0. The methodology follows an iterative design-implementation-evaluation work-
ow organized into three distinct phases: Design, Development and Evaluation. Together,
these three phases address the research questions regarding the improved analysis work-
ow (RQ1), multivariate attribute support (RQ2), temporal network representation (RQ3),
and overall system effectiveness (RQ4). Figure 3.1 provides an overview of the development
timeline showing the progression from literature review through design, three-stage devel-
opment, formative user study, post study re nements and a nal evaluation through a use
case scenario.

Figure 3.1: Overview of the VINCent 2.0 development timeline

3.1 Design

This phase establishes the foundation for the entire project by identifying what the system
must accomplish and how it should be structured. Building on the literature review and
analysis of the original VINCent and related tools presented in Chapter 2, this phase consists
of two main activities: task analysis with system requirements and architectural approach
design.

3.1.1 Task Analysis

The task analysis translates theoretical foundations established in Chapter 2 into concrete
analytical requirements that guide system design. This analysis operates at the domain prob-
lem characterization and data/task abstraction levels of Munzner's nested model (Section
2.6), ensuring that implementation decisions address well de ned analytical needs rather
than arbitrary feature sets.

Building on the task taxonomies reviewed in Section 2.2, particularly the frameworks
proposed by Munzner [5], Lee et al. [13], and Pretorius et al. [16], this analysis identi es
speci ¢ analytical requirements for centrality focused, multivariate and temporal network
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exploration. Rather than designing in isolation, we ground these requirements in limitations
of existing tools and theoretical insights about multivariate and temporal networks.

3.1.1.1 Domain-Level Analytical Goals

From the literature review and examination of existing network visualization tools, we iden-
tify two primary analytical goals that ViNCent 2.0 must support:

Goal 1: Compare structural importance across multiple dimensions

As discussed in Section 2.2.2, network analysts frequently need to assess node importance
according to different centrality measures as they capture distinct structural properties. Fur-
thermore, real-world networks contain domain speci ¢ metadata beyond structural mea-
sures. As discussed in Section 2.4.1, analysts need to examine relationships between struc-
tural importance and these attributes. This creates a domain-level challenge: analysts must
compare multiple measures simultaneously to understand the complete importance pro le

of nodes. As discussed in Section 2.5, existing web-based tools support attribute data but
inadequately support multi-measure comparison, as the visual mapping systems only sup-
port one or just a few measures at a time through manual channel assignment. On the other
side, the original VINCent focuses exclusively on multi-centrality comparison, as it does not
support arbitrary attribute data like categorical labels.

Goal 2: Track how importance and attributes evolve over time

As discussed in Section 2.4.2, many real world networks are temporal, with relationships ap-
pearing, disappearing, or changing strength over time. Analysts must track how individual
nodes gain or lose importance, identify periods of signi cant structural change, and under-
stand how topological evolution relates to attribute changes. This creates a domain-level
challenge: temporal network analysis requires both understanding trends across snapshots
and formulating explanations for observed differences [16]. As discussed in Section 2.5 and
Section 2.3, neither existing web-based tools like Gephi Lite and Cytoscape Web nor the origi-
nal VINCent provide temporal support. Instead, the tools treat temporal networks as separate
static snapshots without integrated navigation, change tracking features or mechanisms for
preserving spatial consistency across time periods.

3.1.1.2 Analytical Tasks

These domain-level goals turn into speci ¢ analytical tasks that the system must support. We
organize tasks by goal and identify which research questions they address.

T1: Compare and rank nodes across multiple measures simultaneously (RQ2)

Analysts must see how nodes rank according to different centrality measures and attributes,
identify where rankings agree or diverge and locate nodes with con icting importance pro-

les. This task combines Lee et al.'s attribute-based comparison tasks [13] with Pretorius et al.
compare operation [16], applied across both structural and domain speci ¢ dimensions.

T2: Filter and focus on node subsets based on attribute criteria (RQ2)

Analysts need to dynamically constrain the visible network to nodes meeting speci c criteria

and understand how attribute values are distributed across the network. This corresponds to
Pretorius et al.'s identify entities with speci c properties operation [16] and their understanding
estimation tasks where analysts form approximate characterizations of distributions through
visual inspection.
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T3: Compare network states and track changes across timesteps (RQ3)

Analysts must understand how node importance, connectivity patterns and attribute distri-
butions evolve over time. This is a core comparison estimation task identi ed by Pretorius et al.
for temporal networks [16].

T4: Identify patterns and trends across the network timeline (RQ3)

Analysts must identify trends in how the network evolves over time, detecting gradual de-
velopments such as increasing centralization, shifting community structures or growing con-
nectivity, as well as abrupt transitions like sudden expansion phases or the emergence of new
hubs. This combines Pretorius et al.'s understanding estimation task applied temporally with
their formulating causal explanations task [16], requiring pattern recognition and hypothesis
formation about change drivers through the network timeline.

3.1.1.3 System Requirements

These analytical tasks, together with the original VINCent speci cation and functionality
identi ed in Section 2.3, directly inform speci ¢ system requirements identi ed during the
design phase. While the speci c implementation solutions emerged iteratively during de-
velopment, the functional requirements themselves guided design decisions from the start.
The following mappings connect tasks to requirements and indicate where corresponding
implementations are described in Chapter 4.

Requirements for simultaneous multi-measure comparison (T1)

To enable simultaneous comparison of multiple measures per node, the system must pro-
vide visual encodings that display all values together rather than requiring users to switch
between separate views or visual mappings. Users must be able to immediately see the
complete importance pro le of any node and visually compare pro les across all nodes.
The visual encoding must accommodate both centrality measures and arbitrary node at-
tributes within a uni ed framework, using consistent visual mappings regardless of attribute
type. This unied treatment is essential for examining correlations between all attribute
dimensions. For instance, determining whether certain categorical groups tend to have high
centrality values, or whether numerical attributes represent structural importance.

These requirements are addressed through the radial bar encoding presented in Section
4.3.1.2 and the type-based color encoding approach described in Section 4.2.

Requirements for supported pattern recognition through reordering (T1)

To reveal patterns and correlations in multi-measure comparison, the system must al-
low users to dynamically reorganize the network view based on any selected measure or
attribute. When users reorder by a centrality measure, nodes with similar structural im-

portance should appear in proximity; when users reorder by a categorical attribute, nodes
sharing the same category should group together. This reordering capability must update
interactively, allowing users to cycle through different orderings to test hypotheses about

correlations or identify divergences where different measures rank nodes differently.

This requirement is addressed through the dynamic node reordering feature presented
in Section 4.4.3.

Requirements for attribute type-based Itering (T2)

The system must provide Itering mechanisms tailored to attribute type. For numerical
attributes, users must be able to specify value ranges and exclude speci c intervals. For
categorical attributes, users must be able to select speci ¢ categories to include or exclude.
These ltering features must provide visual feedback about the underlying data distribution,
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showing whether values are uniformly distributed, skewed or clustered, to supportinformed
Itering decisions and understanding estimation tasks. Filters must apply consistently across
all coordinated views, ensuring that when a lter is activated, all visualizations update to
re ect the constrained node set.

These requirements are addressed through histogram-based lItering for numerical attributes
and bar chart ltering for categorical attributes, which is further described in Section 4.4.2.

Requirements for supporting temporal network representations (T3)

The system must represent temporal networks as discrete snapshots where each timestep
captures a complete network state, supporting both sequential navigation and direct compar-
ison between distant steps. However, simply storing complete network snapshots for each
timestep is inef cient for large networks with many time periods. The representation must
therefore balance completeness with ef ciency, allowing reconstruction of any timestep state
without redundant storage of unchanged elements. This representation must preserve full
temporal information, enabling accurate comparison of network states separated by multiple
timesteps.

This requirement is addressed through the delta-based representation described in Section
4.1.2.

Requirements for mental map preservation (T3, T4)

To enable reliable tracking of individual nodes across time and support longitudinal analysis
of importance changes, the system must maintain spatial consistency during temporal navi-
gation. When users navigate between timesteps, nodes should occupy predictable, consistent
positions rather than jumping unpredictably across the display. This spatial stability must
be achieved in both diagram views despite their different layout strategies. Additionally,
the system should allow users to anticipate where nodes will appear or track where they
disappeared, supporting the construction of mental models about network evolution. The
layout strategy should ideally encode temporal information visually, for instance, grouping
nodes that appeared at similar times, to provide additional analytical value beyond spatial
consistency.

These requirements are addressed through foresighted layouts and chronological node
ordering which is described in Section 4.5.1.

Requirements for explicit change visualization (T3, T4)

The system must make temporal changes explicit rather than requiring users to mentally
compare successive states through memory, to reduce cognitive load. When navigating to a
new timestep, users must immediately perceive which nodes are new additions, which nodes
have changed attribute values, and which nodes have been removed from the network. This
information must be visually encoded directly on the affected elements rather than presented
in separate summary statistics. For removals especially, the system must preview which el-
ements will disappear before actually removing them, preventing abrupt visual disruptions
that break spatial continuity. Users should be able to observe what is being removed, assess
its structural role, and con rm the transition before the removal occurs. This two-stage
removal process maintains mental map continuity while supporting the identi cation of
structural change patterns.

These requirements are addressed through visual change indicators and the change pre-
view mode, both of which are described in Section 4.5.2.
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3.1.2 Architectural Approach

With the task analysis complete, the design phase transitions naturally into the architec-
tural approach, where requirements are translated into a concrete system structure. To sup-
port a web-based system accessible without installation, ViINCent 2.0 adopts a client-server
(frontend-backend) architecture separating visualization concerns from computation tasks.
This separation of concerns provides several advantages. The frontend can focus on respon-
sive interaction and visual encoding without being burdened by computationally expensive
graph algorithms. The backend can leverage scienti c computing ecosystems and perform
parallel processing when needed. The API-based communication allows the system to scale,
as the backend could be deployed on more powerful infrastructure if larger networks require

it. The detailed implementation of this architecture, including component interactions and
data ow, is presented in Chapter 4, while the following sections motivate the use of frame-
works.

3.1.2.1 Frontend Technologies

The frontend is developed using React [48] and TypeScript [49]. React was selected for
its component-based architecture, which enables modular and maintainable development.
TypeScript was chosen for its static typing to improve code reliability and for reducing run-
time errors, which is particularly important when handling complex network data structures.

For visualization, D3.js [50, 51] was chosen for its support of data-driven transformations,
scale computations and geometric layout algorithms. D3 provides the mathematical foun-
dations for positioning nodes, computing arc geometries and generating visual scales, while
rendering is handled through a combination of SVG and HTML5 Canvas to balance interac-
tivity with performance.

Zustand [52] manages global application state, ensuring that user interactions, lItering
operations and temporal navigation remain synchronized across all coordinated views. Zu-
stand was chosen over larger state management libraries like Redux [53] because of its sim-
plicity and smaller scale. The lighter footprint and more straightforward API reduced boiler-
plate code while still providing the reactive state management needs for coordinated views
and data states.

For the user interface, Shadcn [54] components combined with Tailwind CSS [55] provide
a consistent and responsive interface. Shadcn was chosen over larger component libraries like
Material-Ul [56] because of its smaller scale and approach to component ownership. Unlike
traditional component libraries that are installed as dependencies, Shadcn copies component
code directly into the project codebase. This gives developers direct access to modify the
components, allowing for ne-tuned adjustments when a component works almost perfectly
but needs small modi cations, rather than requiring complete reimplementation or complex
overrides.

3.1.2.2 Backend Technologies

The backend is implemented in Python, which was chosen for its large ecosystem of scienti ¢
computing libraries, strong community support and suitability for data-driven applications.
FastAPI [57] is used as the backend framework due to its high performance and native sup-
port for asynchronous request handling, enabling ef cient processing of multiple concurrent
API requests.

Graph analysis functionality is implemented using the NetworkX library [58, 59] was cho-
sen for its comprehensive collection of graph algorithms and network analysis methods. Net-
workX provides built-in implementations for a wide range of centrality measures and com-
munity detection algorithms, allowing the system to compute structural properties of graphs
without requiring custom algorithmic implementations.
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3.1. Design

The system supports a broad set of node-level and edge-level centrality measures, includ-
ing degree-based, eigenvector-based, ow-based and spectral centralities. These measures

enable analysis of node importance, information ow, connectivity and in uence across both
directed and undirected graphs. The supported centrality measures, along with their graph
requirements and complexity is summarized in Table 3.1 [60].

Table 3.1: Centrality measures with graph requirements and computational complexity.

Name Requirement Time Complexity
Degree centrality None O(|V] + |E])
In-degree centrality Directed graphs only O(|V| +|E])
Out-degree centrality Directed graphs only O(|V] +|E])
Eigenvector centrality Connected graphs O(k(]V] +|E]))
Katz centrality None O(k(JV] +|E]))
PageRank None Oo(k(IV| + |E]))
Closeness centrality None O(|VIIE])
Harmonic centrality None O(IVIIE])
Betweenness centrality None O(IVIIED
Load centrality None O(|VIIE])
Information centrality Connected undirected graphs only  O(|V| 3)
Current- ow betweenness Connected undirected graphs only  O(|V| 3)
Communicability betweenness ~ Connected undirected graphs only  O(|V| 3)
Subgraph centrality Undirected graphs only o(lv| 3
Laplacian centrality None o(lv] 3
Second-order centrality Connected undirected graphs only  O(|V| 2)
Percolation centrality None O(|VIIE])
VoteRank None O(|V] + |E])
Local reaching centrality Directed graphs only Oo(|V| + |E|)
Trophic level Directed acyclic graphs only O(|V| +|E])
Edge betweenness None O(IVIIEI
Edge load None O(JVIIE])
Edge current- ow betweenness Connected undirected graphs only  O(|V| 2)

Edge dispersion None o(|V|?)

Edge trophic differences Directed acyclic graphs only o(|V| + |E])

In addition, the system supports multiple community detection algorithms, enabling
identi cation of substructures within networks. These algorithms are based on modularity
optimization, label propagation, ow-based methods and edge removal strategies. The sup-
ported community detection algorithms, their graph requirements and computational com-
plexity is summarized in Table 3.2 [61].

Table 3.2: Community detection algorithms with requirements and computational complex-
ity.

Name Requirement Time Complexity
Louvain None O(|V]log V)
Leiden None O(|V] +|E])
Greedy modularity None o(v| ?

Label propagation None o(|V| + |E])
Asynchronous LPA None Oo(|V| +|E|)
Girvan—-Newman None O(IVIIE| )
Asynchronous FluidC Connected graphs only Oo(|V| + |E])
Kernighan—Lin None o(lv| ?)
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3.2. Development

3.2 Development

The development phase focused on the iterative implementation of VINCent 2.0. Develop-
ment progressed in three stages, where each stage introduced new capabilities while main-
taining consistency with the original ViNCent's interaction model. The three stages are de-
scribed in the following sections and provide a high level overview of the implementation
process.

The system version produced at the end of Stage 3 served as the basis for the formative
user study described in Section 3.3.1. This version included all core analytical features but
lacked two supplementary components that were added afterward: the data loading interface
which is presented in Section 4.6 and community visualization which is presented in Section
4.7. These re nements, motivated by study ndings, are described in detail in Section 5.1.4.

Design decisions were not de ned strictly in advance. Rather, while high level require-
ments were established through task analysis, speci ¢ choices regarding visual encodings,
interaction mechanisms and interface layout were made during implementation based on in-
ternal testing and the formative study. These evaluations guided re nements as the system
evolved.

3.2.1 Stage 1: Core System Recreation

The rst stage focused on recreating the original ViNCent's core functionality within a new
web-based architecture. The goal of this stage was to establish a stable technical and in-
teractional foundation that closely mirrored the behavior of the original system, ensuring
continuity with its design principles. Key developments during this stage included:

« Implementing the backend for calculating centrality measures

» Implementing the circular diagram view with radial bar encoding for centrality mea-
sures

» Implementing the node-link diagram with force-directed layout
 Implementing the coordinated multiple views framework

» Implementing basic interaction features (hover, selection, zoom, pan)
 Implementing histogram-based Itering for centrality measures

This stage established the foundational user interface layout and interaction model that was
preserved through following development. By rst recreating the original system, the devel-
opment ensured that later extensions could be introduced incrementally without disrupting
core interactions. Design decisions made during this stage primarily concerned architectural
structure and interaction consistency and are described in detail in Chapter 4.

3.2.2 Stage 2: Multivariate Extension

The second stage extended the system to support arbitrary node and edge attributes beyond
centrality measures. This stage focused on enabling multivariate analysis while maintain-
ing visual and interactional consistency with the existing views and coordination features
established in Stage 1. Key developments included:

» Extending the radial bar encoding to accommodate both centrality measures and node
attributes

» Implementing categorical attribute support with a discrete color palette

» Developing bar chart Itering components for categorical data
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During this stage, several design decisions emerged from practical implementation chal-
lenges, particularly regarding attribute type classi cation, visual encoding strategies and the
coordination of Itering across different attribute types. These decisions were informed by
analytical requirements and technical constraints encountered during development and inter-
nal testing. The resulting design choices and their rationales are consolidated and discussed
in Chapter 4.

3.2.3 Stage 3: Temporal Extension

The third stage introduced support for temporal networks, requiring both new functionality
and adaptations of existing components. The primary goal of this stage was to enable explo-
ration of network evolution over time while preserving users' mental models across temporal
transitions. Key developments included:

» Updating the backend to support temporal networks

» Implementing discrete timestep navigation with temporal slider controls.
» Developing chronological node ordering and foresighted layouts.

» Adding visual change indicators for both temporal transitions and Itering
 Implementing the change preview feature for removals.

Through this stage, design decisions regarding temporal representation, change tracking and
mental map preservation were made in response to analytical goals identi ed in the task anal-
ysis. Rather than being prede ned, these decisions emerged as the implications of temporal
interaction became apparent through development and testing. The nal design solutions are
described and motivated in Chapter 4.

3.3 Evaluation

The evaluation phase combines two complementary components conducted at different
stages of development. First, a formative user study was conducted near the end of the devel-
opment phase, after all three development stages (Sections 3.2.1-3.2.3) were complete. This
study evaluated a near nal version of the system with all core analytical features present.
However, it predated two components: the data loading interface (Section 4.6) and commu-
nity visualization (Section 4.7).

Based on study ndings, these major re nements were implemented along with several
smaller modi cations to existing features. Second, after these re nements were complete,
a use case scenario was conducted on the nal system to demonstrate analytical capabilities
with multivariate and temporal networks using the Delhi Metro dataset. The formative study
informed design decisions, which are presented in Section 5.1, while the scenario showcases
the re ned system's effectiveness in supporting real-world analytical tasks.

3.3.1 Formative User Study

Following the evaluation principles presented in Section 2.6, a qualitative user study was con-
ducted to assess how well the system supports exploratory network analysis tasks. As the
visualization is intended to facilitate open-ended analysis and insight rather than optimized
task performance, a qualitative approach was chosen over controlled performance-based ex-
periments. In particular, the study focuses on evaluating the data and task abstraction as well
as the visual encoding and interaction design levels of Munzner's nested model.
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3.3.1.1 Participants

Four participants were recruited, representing similar levels of expertise in network visu-
alization and analysis. Two participants had prior exposure to graph-based visualization
through academic coursework but lacked practical experience with network analysis tools.
The remaining two participants had minimal to no familiarity with network representations
outside of node-link diagrams from online exposure. All participants were computer savvy
and possessed at least moderate familiarity with the Star Wars universe, which was used as
the domain context for the study dataset.

3.3.1.2 Dataset

The study used the Star Wars character interaction network dataset [62], which represents
character relationships across seven episodes. This dataset was selected for several reasons.
First, it represents a familiar domain that does not require specialized knowledge, allow-

ing participants to focus on tool usability rather than domain understanding. Second, the
dataset exhibits a temporal structure across episodes, enabling evaluation of temporal navi-
gation features. Third, the network is of small size, making it suitable for exploratory analysis
without overwhelming participants. Fourth, the characters' relationships create natural an-
alytical questions about protagonists, supporting characters and their importance across the
episodes.

3.3.1.3 Procedure

Each session lasted approximately 40-50 minutes and followed a semi-structured interview
format based on the think-aloud protocol. The complete interview template is provided in
Appendix A. The protocol consisted of:

1. Introduction (2—3 minutes): Brief overview of the study purpose and session structure
with emphasis on thinking aloud during exploration.

2. Background questions (5 minutes): Assessment of participants' experience with net-
work visualization, knowledge of centrality measures, and familiarity with the domain
(Star Wars).

3. Basic interaction discovery (5 minutes): Participants loaded the Star Wars character net-
work and explored fundamental features including zooming, panning, view switching,
node selection, hovering and temporal navigation. This phase served to familiarize par-
ticipants while allowing observation of which interactions were discovered intuitively.

4. Analytical discovery tasks (15-20 minutes): Participants attempted six open-ended
analysis questions designed to assess support for common network analysis tasks, in-
cluding identifying characters across episodes, nding highly connected characters, de-
tecting bridge characters, observing centrality changes over time and exploring patterns
through node reordering.

5. General usability discussion (5—-10 minutes): Open-ended feedback on overall experi-
ence, most helpful and frustrating features, clarity of visual encodings and suggestions
for improvement. Participants also provided usability ratings on a 1-10 scale.

6. Closing (5 minutes): Participants got the chance to ask questions and give closing
thoughts on the system.

During each session, interaction with the system was examined and any dif culties encoun-
tered were documented. Think-aloud comments were noted to capture how participants
discovered and interpreted features, along with the strategies and approaches they used to
complete tasks. Moments of confusion and unexpected behavior were also documented and

25



3.3. Evaluation

structured feedback was collected on both speci c features and overall usability. The feed-
back was analyzed qualitatively to identify patterns across participants. The analysis focused
on recurring usability issues, features that supported analysis effectively compared to those
that caused confusion and concrete suggestions for improving the design.

3.3.2 Use Case Scenario

Following the formative study and subsequent design iterations, the re ned system was eval-
uated through a structured use case scenario using the Delhi Metro network dataset [63].
Scenario-based evaluation is particularly appropriate for exploratory visualization systems
like VINCent 2.0 because it demonstrates analytical capabilities in realistic contexts rather
than testing isolated features. The use case scenario adopts an analytical narrative struc-
ture in which a representative domain actor, analytical goals and sequential tasks are artic-
ulated to demonstrate how system features support exploratory analysis, following estab-
lished scenario-based design [64] and task abstraction practices in visualization research [5].

3.3.2.1 Dataset Selection

The Delhi Metro network was selected as the evaluation dataset for several reasons. First,
it represents a real-world temporal network with clear structural evolution from 2002 (6 sta-
tions, 5 connections) to 2019 (260 stations, 269 connections), providing a realistic context for
demonstrating temporal analysis capabilities. Second, it contains multivariate metadata that
enables demonstration of both centrality-based and attribute-based analysis work ows:

» Opening date (humeric): When each station began operation
* Line membership (categorical, 13 values): Which transit line the station belongs to

 Layout type (categorical, 3 values): Whether the station is elevated, underground or at
ground level.

« Interchange status (boolean): Whether the station connects multiple transit lines

Third, the domain is accessible to general audiences without requiring specialized transporta-
tion planning knowledge, while still supporting meaningful analytical questions about net-
work growth, hub identi cation and structural changes over time. Finally, the network size
is manageable for detailed exploration within a single evaluation scenario.

3.3.2.2 Scenario Structure

The use case scenario adopts an analytical narrative approach, presenting a realistic analyti-
cal work ow from the perspective of a transit network analyst examining the Delhi Metro's
evolution. Rather than testing prede ned hypotheses or measuring task completion times,
the scenario demonstrates how ViNCent 2.0 features support exploratory analysis through
connected sequences of analytical tasks.

The scenario is structured around a concrete analytical goal: understanding how the
metro network evolved and identifying key stations that serve as major connectivity hubs.
This goal motivates a series of representative analysis tasks that illustrate the system's capa-
bilities.

The analyst begins by examining the complete 2019 network state visually prominent sta-
tions with high centrality values and observe structural patterns through edge bundling. This
overview is followed by investigating categorical attributes like layout type and interchange
status, and relating structural properties to domain speci ¢ metadata.

The analyst then shifts to temporal navigation, identifying major expansion phases by
stepping between timesteps, using change indicators and labels to see when new lines were
introduced, and Itering to focus on speci ¢ node subsets. To understand how individual
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stations evolved, the analyst examines how their structural importance changed across time
by combining the circular diagram's centrality encoding with the node-link diagram's topo-
logical context. Finally, the analyst tracks station importance across the full temporal extent
through dynamic reordering and Itering to identify persistent hubs and stations whose im-
portance increased when new connections formed.

Each analytical step in the scenario demonstrates speci ¢ system capabilities while build-
ing toward insights about the network's evolution. The work ow shows how users can move
between different analytical perspectives using coordinated views, temporal navigation, |-
tering and interactive features.

The evaluation in Chapter 5 presents the complete analytical work ow including gures
showing the system state at key points, descriptions of which features were used and how
they supported analysis and the insights derived at each stage. This approach demonstrates
not only that the system provides certain capabilities, but how those capabilities combine to
support meaningful analysis in practice. The conclusions drawn from this scenario are then
summarized in Section 6.3, re ecting on what the demonstration reveals about the system's
ability to support exploratory network analysis.
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Chapter 4
System Implementation

This chapter describes the complete nal design, architecture and implementation of ViN-
Cent 2.0, including re nements made after the formative user study. The system architecture
and most core features were present in the version evaluated during the user study. Two fea-
tures, the data loading interface and community visualizations were added afterward based
on study ndings, as described in Section 5.1.4. This chapter presents the nal system, detail-
ing how rendering and interaction features are realized, and how multivariate and temporal
networks are handled. Figure 4.1 demonstrates the full interface, in which the left bar is the
settings bar, the center contains the three views, and the right bar contains the Iters and a
tooltip.

Figure 4.1: Overview of the VINCent 2.0 interface

4.1 System Architecture

This section describes the complete architecture of ViNCent 2.0 and how data ows through
the system during typical usage. Figure 4.2 provides an overview of the system components
and their interactions.

4.1.1 Frontend Architecture

The frontend is organized into three distinct layers: state management, data processing and
visualization. The rst layer is the state management layer. Rather than using a single store,
the application employs multiple specialized Zustand stores to better separate concerns. The
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Figure 4.2: Overview of the ViINCent 2.0 system architecture showing frontend and backend
components and their interactions.

view settings store manages system wide settings and preferences that control how visu-
alizations are displayed. The visualization store maintains color encoding information and
visual mapping con gurations. The metrics store stores the network, all metric data and lter
states, tracking which measures are active and what ltering constraints have been applied.
And nally, the network store maintains visualization speci c states including node ordering,
hover state, selection state and which nodes are currently hidden. This multi store approach
provides clearer separation of responsibility while maintaining the bene ts of reactive state
management. Each store handles a distinct aspect of the application state, reducing coupling
and making the codebase more maintainable.

The second layer is the data processing layer. This layer contains a two-step processing
ow in which the data is made ready for visualization. The rst step involves applying all the
Iters to the network data and tracking what changes occur as a result of ltering operations.

The second step assigns visual states to data elements, determining which nodes and edges
are hidden, removed or pending removal based on settings and user interactions. This is done
in two steps to allow for certain settings to not cause recalculations of Iters and network
changes. This two step process ensures that the visualization layer always receives correctly
processed data.

The visualization layer is organized into three primary panels. The left panel contains
the data loading component for loading network data and the settings controls that allow
users to con gure how visualizations are displayed and how interactions behave. The center
panel contains the three main visualization views, the temporal slider for navigating through
timesteps and the context menu component for additional right-click interactions. The right
panel contains the Itering interface including histograms, bar charts and the tooltip that
shows detailed information about elements that are hovered. User interactions within these
panels, such as selecting nodes, applying lters, or navigating between timesteps, update the
relevant Zustand stores, which trigger re-renders that propagate changes through the inter-
face. This unidirectional data ow ensures consistent synchronization across all coordinated
views.

4.1.2 Backend Architecture

The backend exposes three primary API endpoints, each serving a distinct purpose in the
data loading and processing work ow. The dataset fetching endpoint returns precomputed
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example datasets with user-selected metrics. Three example datasets are available: the Les
Misérables character network, the Star Wars character interaction network across episodes,
and a large synthetic network containing ve distinct clusters with attributes. These datasets
allow users to immediately explore the system's capabilities without preparing their own
data.

The get-options endpoint returns information about all available algorithms and central-
ity measures. This endpoint provides descriptions, computational complexity estimates, and
graph requirement information such as "directed graphs only". This metadata is used for
the data loading interface, helping users make informed decisions about which metrics to
compute for their network.

The network processing endpoint accepts user uploaded network les and computes re-
guested metrics. This endpoint handles the most complex backend operations, involving
multiple processing stages. The rst processing stage involves processing and validating the
information in the le. The system supports multiple common graph le formats to accom-
modate the many ways networks can be represented. Supported formats include:

» Edge list representations (TXT, CSV): Source, target, optional weight, optional timestep
» Adjacency list representations (TXT, CSV): Node id followed by connected node ids

« Adjacency matrix representations (TXT, CSV): Full matrix of connections

Matrix Market format (MTX) [65]: Sparse matrix representation

GraphML les (GRAPHML) [19]: XML-based graph format

» Custom JSON format: {nodes: [{id, label, timestep, attributes:{...}}, ...], edges: [{source,
target, weight, timestep, attributes:{...}}, ...] }

Only edge list, GraphML and the custom JSON format support temporal data. For edge
lists, temporal information is edge-based; a node is considered active only when it has at
least one active edge. GraphML and JSON formats support explicit node and edge timesteps,
allowing ner control over when elements appear and disappear. The backend automatically
detects which format an uploaded le uses based on le extension and content analysis, then
converts all formats into the internal JSON representation. This normalization step ensures
that subsequent processing stages work with a consistent data structure regardless of the
original format.

After the rst processing step, the system constructs a delta-based representation of tem-
poral networks. Rather than storing complete snapshots at each timestep, the system tracks
only the changes that occur between consecutive timesteps. The delta representation consists
of a base state that is either empty or contains nodes and edges that do not have timesteps,
and a series of delta steps, each encoding only elements added, removed or modi ed since
the previous timestep. This approach signi cantly reduces the payload size returned by the
backend, particularly when networks have many attributes per node but which experience
few changes over time, or when most nodes and edges persist across timesteps with only a
small number of additions or removals.

The nal processing step involves calculating centrality measures and community mem-
berships per timestep, and the nal attribute metadata. However, unlike the structural
changes, centrality values typically require full recomputation even when only a single edge
or node is added or removed, as many centrality measures depend on global graph proper-
ties. Therefore, centrality and community data are stored as complete snapshots, full sets of
values for each timestep, rather than deltas. This avoids having to deal with precision issues
when comparing if changes occur, but at the cost of payload size and memory. The compu-
tation modules for centrality and community detection are organized separately, making it
straightforward to add new algorithms by implementing them in their respective modules
without modifying the core processing pipeline.
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After all computations complete, the backend analyzes the full network across all
timesteps and constructs the attribute metadata. This metadata remains consistent across
all timesteps, ensuring that visual encodings and ltering behaviors do not change unexpect-
edly as users navigate through time. For each computed measure, the backend determines:

« isCategory: True if the attribute has no more than 15 unique values across all timesteps.

 isBoolean: True if values are restricted to binary representations (1/0, yes/no,
true/false).

« isNumeric: True if the values can be interpreted as numbers.

* isCentrality: True if the measure is a centrality metric.

« isCommunity: True if the measure is a community metric.

» Unique values set: All distinct values that appear across the temporal network.
» Range: Minimum and maximum values for numeric attributes.

The boolean ags are not mutually exclusive; an attribute may carry multiple ags simulta-
neously. A boolean attribute, for instance, is also categorical, while a numeric attribute with
a few distinct values may qualify as categorical as well. The frontend uses these ag com-
binations to determine the most appropriate visual encoding and Itering interface for each
attribute, which is further discussed in Section 4.2. The choice of only allowing categorical
data up to 15 values might seem arbitrary, but this value was decided upon based on internal
testing and constraints in terms of distinct color palettes available.

The backend then nally returns a structured JSON response containing the delta network
representation as a base state and delta steps. The centrality and community snapshot mea-
sures. The attribute metadata for all attributes and all computed measures. And nally, the
timesteps in chronological order.

4.1.3 Complete Data Flow
Typical system usage follows this sequence:

1. Data Loading: The user selects a dataset or uploads a le and speci es which metrics to
compute. The frontend sends this con guration to the appropriate backend endpoint.

2. Backend processing: The backend detects the le format, converts it to the internal rep-
resentation, constructs the delta network, computes requested metrics, builds attribute
metadata and returns the complete response as JSON.

3. Frontend initialization: The data is distributed across Zustand stores. Processing hooks
activate, D3 generates scales and layout computations execute for both diagram types.

4. Rendering: React components render visualizations. The circular diagram draws to Can-
vas and SVG. The node-link diagram draws to SVG using the force simulation. The data
table populates and Iter components are rendered and display distributions.

5. Interaction Loop: User interactions such as hover, selection, data Itering, node reorder-
ing, setting changes, temporal navigation, etc., update stores, triggering re-renders and
causing the visualizations to update.
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4.2 Color Encoding for Multivariate Attributes

The system applies different color encoding strategies based on attribute type, with all at-
tribute assignments determined by the backend and provided through the attribute metadata.
Since ags are not mutually exclusive, an attribute may qualify under multiple types simul-
taneously. The system therefore follows a priority order when determining color encoding:
centrality and community ags take highest priority, followed by boolean, then categorical
and nally numeric. This means that an attribute with values such as 1, 2, 3,4, 5 that qual-
i es as both numeric and categorical will be treated as categorical for encoding purposes,
receiving a discrete color palette rather than a single color.

For categorical attributes with 10 or fewer unique values, the system assigns discrete color
palettes from ColorBrewer [66], ensuring clear visual distinction between categories. When
categorical attributes contain between 10 and 15 unique values, the system generates colors
by distributing hues evenly across the color wheel using HSL color space (70% saturation,
50% lightness), providing visually distinct colors for the larger number of categories. Boolean
attributes, which are categorical, get special treatment. They receive a dedicated two-color
palette using light green and pink. While red and green are conventional for true/false, this
combination is avoided to account for red-green color blindness.

Numerical attributes are mapped to the sequential interpolateCool color scheme from D3.
Although this is not optimal since different numerical attributes are independent. However,
internal testing showed it is suf cient for a smaller number of numerical attributes.

Centrality metrics, which are numerical, receive special treatment as the number of them
is prede ned by the backend. They are assigned custom colors inspired by ColorBrewer and
the Color Alphabet [67], a set of maximally distinguishable colors. This ensures that centrality
measures remain visually distinct from each other and other node attributes.

Community detection algorithms share the interpolateSpectral color scale from D3 rather
than receiving individual palettes. While this reduces distinguishability when multiple com-
munity detection results are displayed simultaneously, it re ects the intended usage pattern
where community structures are typically examined one algorithm at a time rather than com-
pared side by side.

Because color assignments are computed over the full temporal extent of the network, the
visual encoding remains stable as users navigate through time, allowing reliable interpreta-
tion of colors throughout their exploration.

4.3 Central Views

The system provides three primary visualization modes that occupy the central display area,
the circular diagram, the node-link diagram and the data table. These views share the same
screen space and users can toggle between them based on their analytical needs. Each view
offers a distinct perspective on the network data. The circular diagram emphasizes multi-
attribute comparison through its radial bar encoding, enabling simultaneous inspection of
multiple node attributes. The node-link diagram focuses on the network topology and struc-
tural patterns. The data table provides a detailed overview of the full network data in a
traditional tabular format. All three views remain synchronized with the global application
state, ensuring that ltering, selection and other interactions are consistently re ected across
the interface regardless of which view is currently active.

4.3.1 Circular Diagram View

The circular diagram extends the original ViNCent's design to support both centrality mea-
sures and arbitrary node attributes within a uni ed visual representation. This design de-
cision addresses the node measure comparison tasks by enabling analysts to examine both
structural metrics and attribute data simultaneously. Following ViINCent's design, each node
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is represented as a radial bar positioned along a circular layout. The layout aims to dis-
tribute the nodes evenly around the center while making the most of the available space. An
overview of the diagram in its base state is presented in Figure 4.3. The following sections
describe how the circular layout is computed, how the radial bars encode various measures
for each node, and how the edges between nodes are visualized.

Figure 4.3: Overview of the circular diagram showing nodes represented as stacked radial
bars.

4.3.1.1 Circular Arrangement of Nodes

The positioning of nodes is dynamically computed through an angular scale that assigns each
node a unigue angular position g ; within the range [0, 2p]. For a network containing n nodes,
each node is positioned according to:

g = p7k+ @,i Pt0,1,...,n 1lu (4.2)

n n

where k P [0, 1] represents the gap proportion, controlling the angular spacing between adja-
cent nodes. This formula divides the circle into n segments, with each segment consisting of
a node's angular width M followed by a gap of size 2%"

The gap proportion adapts to the network size: it is larger for small networks to im-
prove visual separation and decreases progressively as the network grows, allowing larger
networks to utilize the available space more ef ciently. For networks exceeding 1, 000nodes,
gaps are eliminated entirely (k = 0), and nodes occupy the full circumference of the circle.

These angular positions are then converted into Cartesian coordinates for rendering using
the standard trigonometric relations:

Xi = Cx rcos(q;) (4.2)
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yi = cy +rsin(q;) 4.3)

where r is the radius, and (cx, ¢,) de nes the center of the diagram. The result is a circular
arrangement in which each node occupies an evenly spaced segment, forming the structural
basis for the stacked radial bars.

4.3.1.2 Radial Bars

Each node in the circular diagram is visualized as a stacked radial bar, representing multiple
measures simultaneously. The bars extend outward from the inner circle, encoding the rela-
tive magnitude or category of each metric through color and relative size. The space between
the inner and outer radii, denoted as r jhner @and router, de nNes the available region for drawing
the stacked bars. The inner and outer radii are dynamically computed when a network is rst
loaded, based on both the number of nodes and the number of measures. This ensures that
the visualization remains visually balanced and readable across varying data sizes.

The inner radius primarily depends on the number of nodes, ensuring suf cient spacing
between node bars around the central circle. For smaller networks, the bars are rendered
wider to enhance visibility, while for larger networks, the bar width scales down propor-
tionally to prevent overlaps and maintain clarity. The outer radius is in uenced by the total
number of measures, with the overall height of each stacked bar adjusting smoothly so that
as more measures are introduced, the chart retains a balanced and proportional appearance
while trying to retain as much of the layout as possible in view.

Each stacked bar is subdivided into one segment per measure. The position of each seg-
ment along the radial axis is determined by a linear scale:

y = f(k) = scaleLinear([0, |C|], [finner, Fouter]) (4.4)

where |C| denotes the total number of measures currently visible. The linear scale ensures
equal spacing between bar segments and automatically recon gures when metrics are tog-
gled on or off. When both centrality measures and attributes are displayed, an optional visual
gap can be introduced between the two groups to make them distinguishable and to improve
visual clarity.

For numeric non-categorical data, the bar segments encode the relative magnitude of its
corresponding value as a proportion of the full segment height:

m(i,c) min ¢

h(i =
(i.c) max. min ¢

(risr 1 4) (4.5)

where m(i, c) denotes the value of the measure ¢ for node i and mine, max are the global

extrema of that measure. This normalized measure ensures consistent scaling and enables
direct visual comparison across all nodes for a given measure. In all other cases, the full

segment height is used.

4.3.1.3 Edge Representation and Bundling

Edges in the circular diagram can be rendered using one of two selectable modes: simple
Bézier curves or Force-Directed Edge Bundling (FDEB) [68]. FDEB was chosen over the orig-
inal VINCent bundling approach due to its stronger bundling effect. The original system
relied on degree-based control points to create curved edges, but this method produced lim-
ited visual groupings. By contrast, FDEB uses an iterative force-based simulation that groups
edges with similar trajectories, creating tighter and more coherent bundles that reduce visual
clutter while preserving the ability to trace individual connections, at the cost of increased
computational complexity.

Users can switch between these modes interactively, with the visualization pipeline re-
computing the underlying edge geometry accordingly. In both cases, edges originate from
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pairs of angular node positions that are projected into Cartesian coordinates, which serve as
the xed endpoints for all following computations.

In the Bézier mode, edges are represented as quadratic Bézier curves. The control point is
computed by contracting the midpoint of the straight line between the two nodes toward the
center of the circular layout. This ensures that even edges connecting nodes positioned very
close to one another exhibit a curvature rather than collapsing into short and straight line
segments. The curvature is independent of the raw edge length and is introduced through
radial scaling applied to the midpoint, resulting in consistent and visually coherent curves
across all node con gurations. An example of the resulting Bézier representation is shown in
Figure 4.4,

Figure 4.4: Edges visualized as quadratic Bézier curves.

When the FDEB bundling mode is enabled, edges are processed using the FDEB algorithm
provided by Holten et al. [68]. In this approach, each edge is subdivided into a polyline of
control points that are iteratively updated through multiple cycles of attraction and smooth-
ing forces. During these iterations, angle, scale, position and visibility compatibility measures
are computed to determine which edges attract one another. The algorithm rst produces a
rough bundling using a small number of subdivision points and relatively large update steps,
and then progressively re nes the result by increasing subdivision density and reducing the
step size in later iterations. Figure 4.5 illustrates the resulting bundled structure.

The system allows users to con gure key parameters of the FDEB algorithm in order to
adapt the bundling behavior to different graph sizes and densities. While several parameters
in uence the iterative process, two are particularly important. The rst is the comparability
threshold, which speci es the minimum comparability score required for pairs of edges to
exert attractive forces on one another. The second parameter is the initial step size used to
displace subdivision points after force computation. This value strongly affects the resulting
structure, with small step sizes producing weak or no bundling and large values leading to in-
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Figure 4.5: Edges visualized with FDEB bundling enabled.

creasingly distorted trajectories. Together, these parameters allow users to balance bundling
strength and visual stability within the circular layout.

A small modi cation is made to the classical FDEB formulation described above because
it was originally designed for node-link diagrams. A center-directed force is applied to the
rst subdivision point of each edge. This force draws the polyline slightly towards the cen-
ter of the circular layout, ensuring a consistent baseline curvature similar to that found in
the Bézier representation but to a smaller degree. The effect of the center-directed force is
illustrated in Figure 4.6. The Sub gure 4.6a shows how the added force produces a smooth
baseline curvature even for short edges, thus ensuring all edges remain visible. In contrast,
Sub gure 4.6b shows the unmodi ed FDEB behavior where edges connecting adjacent or
nearly adjacent nodes tend toward straight local paths, resulting in them being obscured by
the border. The center force mitigates this issue while preserving the natural convergence
behavior of the remaining subdivision points.
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(a) With center-directed force. (b) Without center-directed force.

Figure 4.6: Comparison of the modi ed FDEB implementation. (a) Applying a center-
directed force to the rst subdivision point ensures a smooth baseline curvature. (b) Without
this force, edges between adjacent nodes converge to straight trajectories, resulting in them
being obscured.

Throughout all bundling cycles, subdivision points are resampled to maintain uniform
segment lengths before proceeding to the next re nement stage. After the nal iteration,
polylines are converted into smooth line paths using D3's curveBundle interpolation. For
performance, all FDEB computations are executed in a Web Worker, isolating the iterative
bundling process from the main rendering thread and ensuring that the interface remains
responsive even during rendering for large networks.

4.3.2 Node-Link Diagram View

The node-link diagram uses D3's force-directed layout simulation, which iteratively applies
repulsive forces between nodes and attractive forces along links. The simulation gradually
reduces movement as the system cools, automatically stopping when the layout reaches a
practically stable state. This results in an automatically generated layout in which clusters,
gaps and structural patterns become visible. An overview of the base state of the node-link
diagram is shown in Figure 4.7.

The node-link diagram supports direct interaction. Nodes can be repositioned by drag-
ging them, which temporarily overrides the simulation forces in order to allow the user to
explore alternative layouts or isolate speci c parts of the graph. Several force-related param-
eters can be adjusted, including node repulsion strength and link distance. Modifying these
values changes the spread, density and the overall appearance of the layout. Visual proper-
ties of nodes and links can also be customized. Node size can be mapped to numeric node
attributes. Link thickness can represent edge weights or numeric edge attributes. To reduce
visual clutter, labels can be toggled on or off. When active, labels display the corresponding
node names directly in the diagram above the node itself.
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Figure 4.7: Overview of the Node-Link Diagram

4.3.3 Data Table View

To complement the graphical representations of the network, the system includes a tabular
data view that lists all nodes and edges together with their associated attributes. In this view,
each row represents a single element, while the columns display the different attributes for
the given dataset. An overview of the base state of the data table is shown in Figure 4.8.

The data table supports sorting for every column. By clicking a column header, the entries
reorder in ascending or descending order, allowing the user to quickly identify nodes with
high or low values. The sorting in this view also updates the layout of the circular diagram.
A search eld enables ltering the table entries that match the given text query. This search
affects only the table and does not directly modify the visualizations. To maintain respon-
siveness for large datasets, the table makes use of pagination and row virtualization. Only
a subset of rows is rendered at a time, with additional entries loaded as the user navigates
pages or scrolls within the current view. This approach prevents performance issues and en-
sures smooth interaction, regardless of dataset size. It also contains an attribute table, which
shows each attribute as a row, and metadata about them.
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