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ABSTRACT

The exponential growth of digital information and scholarly output has increased
the need for intelligent systems that can identify relevant, interpretable, and equitable
connections among entities. Traditional content-based recommender systems focus on
item similarity but often overlook the relational structures that govern how knowledge
and expertise are organized. This dissertation advances content-based recommendation
by integrating topic modeling and social network analysis into a unified framework that
represents semantic similarity as a network. The framework models relationships among
entities through their topical proximity, enabling recommendations that are not only accurate
but also transparent and structurally grounded.

The research is organized around four interrelated questions. The first investigates how
topic modeling can be combined with network analysis to construct topic-based collaboration
graphs that reveal latent research communities. By transforming document-level topic
distributions into author-level profiles, this approach defines weighted network edges through
topical similarity, producing networks that balance cohesion and diversity. The second
question extends this representation to hierarchical community detection, introducing Nested
Hierarchical Louvain (NH-Louvain) and Spectral Hierarchical Agglomerative Clustering
(Spectral-HAC). These methods uncover multilevel community structures, allowing recom-
mendations to operate at different granularities, from tightly focused collaborators within a
subcommunity to broader interdisciplinary groups.

The third question addresses a broader data imbalance problem, demonstrated through
the case of publication imbalance, where prolific authors dominate the content space and
bias recommendation outcomes. A cloning-based strategy was developed to represent such
authors by multiple topical instances, each reflecting a distinct research direction. Clone-
LDA and Clone-BERT variants reduce dominance effects, improve thematic diversity, and
enhance background representation in the generated networks. The fourth question evaluates
the framework’s accuracy, stability, and its content-based explainability, assessed through
hold-out and perturbation experiments. Results show that topic-based similarity remains
stable under missing information and that hierarchical and cloned models yield balanced,
semantically coherent communities. To operationalize these findings, the ScholarNode
prototype system was developed, providing an interactive, explainable interface that links
recommendations to their underlying topical and community evidence.

Together, these contributions establish a principled foundation for topic-driven, network-
aware recommender systems. The integrated framework advances understanding of how
semantic and relational information interact, while the ScholarNode implementation shows
its practical feasibility. Beyond the scholarly domain, the same design principles, representing
content similarity as a network, detecting hierarchical communities, addressing imbalance,
and supporting content-based explanations, can generalize to other content-rich environ-
ments. This research thus lays the groundwork for recommender systems that emphasize
clarity, diversity, and balanced representation.
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CHAPTER ONE

INTRODUCTION

The rapid growth of digital platforms has transformed how individuals access, generate,
and share information. From e-commerce and entertainment to professional and educational
services, users now interact with immense volumes of digital content daily. Platforms such
as Amazon, YouTube, and LinkedIn continuously generate new data streams, which has
intensified the challenge of identifying information that aligns with individual needs and
preferences. This phenomenon, often referred to as the “information overload” problem [53],
underscores the importance of systems capable of filtering, prioritizing, and recommending
content efficiently.

Information Retrieval (IR) and recommender systems have become indispensable for
navigating this abundance of data. IR systems operate on an explicit query-response
paradigm, where users provide search terms and receive ranked results that best match
their intent [6]. In contrast, recommender systems function more implicitly by observing
user interactions, learning from patterns of preference, and predicting new items of potential
interest [100]. Today, recommender systems drive personalization across diverse applications,
including product suggestions in online marketplaces, playlist generation in music platforms,
and friend or connection suggestions in social networks.

Recommender systems are generally categorized into collaborative filtering, content-
based filtering, and hybrid approaches [2, 10]. Collaborative filtering (CF') techniques predict
a user’s interests by analyzing the behaviors of similar users, operating under the assumption
that individuals who agreed in the past will likely agree in the future [99]. Although CF

has demonstrated strong performance in domains with dense interaction data, it suffers from
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several limitations, notably the “cold-start” and “popularity bias” problems [47]. CF systems
rely heavily on historical user-item interactions, making them less effective when new users
or items lack sufficient interaction data, and tend to reinforce already popular items while
neglecting novel or niche options.

Content-based filtering (CBF) [91] offers an alternative paradigm by recommending
items that share similar features with those a user previously liked. Here, the system models
a user’s profile through the attributes of consumed items and recommends new items whose
content features exhibit high similarity. These attributes may include keywords, textual
descriptions, or latent representations extracted from unstructured data. For instance,
in text-based domains, CBF methods often employ Natural Language Processing (NLP)
to encode documents into feature-based representations, often expressed as vectors, that
support similarity computation [8]. In essence, a recommender system aims to predict the
utility of an item i for a user u, denoted by R(u,i), and recommend items with the highest
estimated utility R(u,z) In practice, this is operationalized by selecting the top-£ items
with the largest predicted scores for each user. This formalization provides a conceptual
foundation for comparing how different recommender models approximate the true utility
function.

Despite their advantages, CBF approaches face their own challenges. They require
sufficient and high-quality content data to derive meaningful item representations, a
limitation known as the “limited content analysis” problem [110]. Computing pairwise
similarities among large numbers of items or users can also become computationally intensive,
posing scalability concerns. Furthermore, CBF systems often treat users as independent
entities and ignore potential relationships among them, which restricts the system’s ability
to capture social or collaborative dimensions of relevance. As a result, recommendations can
appear accurate at the content level but less meaningful in terms of real-world context or

user connectivity.
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Social Network Analysis (SNA) offers a valuable perspective for addressing these
limitations by representing users and their interactions as vertices and edges within a
graph structure. SNA facilitates the discovery of communities, influence patterns, and
relational dynamics that underlie information flow [71]. Integrating SNA with recommender
systems adds a relational layer that can enhance personalization and interpretability [73].
By incorporating structural information such as communities, proximity, and influence,
recommender systems can move beyond isolated content similarity and consider how social
connections affect information relevance and trust. For example, users connected within the
same network cluster may share overlapping interests that pure content-based similarity fails
to capture.

While several hybrid approaches combine CF and CBF methods to exploit comple-
mentary strengths [13], few systems explicitly incorporate network structures into content-
based recommendation. This gap becomes particularly evident in domains where content
itself reflects complex relationships, such as research publications, patents, or educational
materials, where content similarity and relational structure jointly shape meaningful
connections. The intersection of SNA and content-based recommendation thus provides an
opportunity to design systems that are not only accurate but also explainable and socially
coherent.

The growing availability of structured and unstructured data, combined with advances
in machine learning and natural language understanding, has made such integration
increasingly feasible. Topic modeling and embedding-based representations have proven
effective for uncovering latent thematic patterns in large text corpora [98]. When combined
with SNA, these representations can form the basis of content-driven networks where vertices
represent entities and edges capture topical similarity. This dissertation builds upon that
intersection by developing a framework that leverages topic modeling and network analysis

to identify, evaluate, and explain potential connections among users or items. Although this
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framework is evaluated within scholarly networks, its principles generalize to any domain

where content serves as the primary basis for recommendation.

1.1 Motivation

The increasing heterogeneity of digital ecosystems requires recommendation mecha-
nisms that can adapt to diverse data structures, account for uneven content distribution,
and offer interpretable results. Traditional CF and CBF methods, while effective within
homogeneous datasets, encounter difficulties when applied to complex, content-rich domains.
For example, content sources may vary in length, quality, and thematic scope, and users
may engage with multiple domains simultaneously. Such conditions lead to representation
imbalance, reduced comparability, and diminished model explainability.

Network-based perspectives help mitigate these challenges by capturing how content
similarities aggregate into higher-order structures such as communities or clusters. These
structures provide contextual cues that can guide recommendations beyond mere pairwise
similarity. However, most existing hybrid recommender systems use networks as auxiliary
representations rather than as the primary analytical backbone. The motivation behind
this dissertation is to treat the network itself as a first-class object of analysis, where the
structure emerges directly from content similarity and topic relationships. By doing so,
the recommendation process can exploit both textual semantics and network topology in a
unified manner.

Another key motivation is the need for explanations in how recommendations are
formed. Modern recommender systems increasingly employ deep neural or embedding-based
representations that, while powerful, often operate as black boxes. In this dissertation,
interpretability refers specifically to the ability to understand the topical and structural
factors that drive similarity, rather than to broader notions of model interpretability in

machine learning. Likewise, explainability is used in a content-based sense, meaning
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that users can trace recommendations back to observable features such as shared topics,
overlapping word distributions, or community structure. Without explainability, users may
find it difficult to understand or trust the system’s recommendations [135].

Topic modeling, when integrated with network structures, provides a natural pathway to
explanation: both topics and communities can be visualized, interpreted, and traced back to
observable content features. This dual-level representation allows researchers, practitioners,
or end-users to comprehend why certain recommendations are made, bridging the gap
between algorithmic output and human interpretability.

Scalability also remains a pressing concern. As data grows exponentially, the ability
to maintain efficient and meaningful recommendations becomes increasingly challenging.
Network-based clustering and hierarchical community detection can help reduce computa-
tional complexity by summarizing large content graphs into interpretable structures, enabling
both localized and global analysis. These capabilities make the framework well suited for
institutions or organizations that handle large and evolving collections of textual artifacts.

Finally, this study aims to address representational imbalance, a common but often
overlooked issue in content-based systems. In scholarly or creative domains, certain entities,
such as prolific authors or highly active contributors, dominate content generation, leading
to skewed topic distributions. This imbalance can obscure secondary or interdisciplinary
themes that are critical for discovery and innovation. By developing mechanisms to balance
such representation, the framework seeks to ensure that recommendations remain equitable
and diverse.

Although the proposed approach is broadly applicable to any content-based recom-
mender system, this dissertation evaluates its performance within scholarly networks derived
from three institutions and a combined multi-institution dataset to assess scalability and
robustness. Scholarly data offers a rigorous and interpretable test environment, as it

encapsulates well-defined textual content (publications), identifiable users (researchers), and
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observable relationships (coauthorships). This setting provides both the complexity and
clarity required to evaluate the proposed framework, while maintaining generalizability to

other content-based recommendation contexts.

1.2 Research Question

This dissertation investigates how topic-based representations of scholarly output can
be integrated with social network analysis to improve the identification of potential research
collaborations. The study is guided by four research questions that address the construction,

refinement, and evaluation of topic-based collaboration networks.

« RQ1: How can topic modeling be integrated with social network analysis to promote
cross-domain collaboration recommendations?
Modern scholarly collaboration networks often rely on coauthorship or citation-based
relationships that overlook latent topical connections between researchers. This
question investigates how topic modeling techniques can be used to construct similarity
networks that reveal cross-domain research alignment and enable more inclusive

collaboration recommendations.

« RQ2: How does modeling hierarchical communities affect recommendations and
community quality?
Traditional community detection methods identify flat, non-overlapping structures that
fail to capture the nested nature of real scholarly groups. This question examines
whether hierarchical community modeling can uncover finer-grained and multi-level
research communities, thereby improving both the interpretability and precision of

collaboration recommendations.

« RQ3: How does accounting for data imbalance affect community detection, and how

can we mitigate its effect?
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Institutional research data are typically skewed, with a small group of prolific authors
contributing disproportionately to the publication corpus. This imbalance can distort
topic distributions and community assignments. This question explores how such
imbalance influences network structure and investigates mitigation strategies, such as
cloning prolific researchers across their distinct topical domains, to preserve balanced

and representative community structures.

« RQ4: How effective is the proposed collaboration recommendation framework, and
how can we provide interpretable explanations for recommended connections in
scholarly networks?

Beyond structural modeling, a practical framework must produce verifiable and
interpretable recommendations. This question evaluates the performance and stability
of the proposed models using historical coauthorship as a proxy for ground truth
and investigates how explanation mechanisms through topical overlap and community

context can help users understand and trust recommended collaborations.

1.3 Contribution

The following contributions summarize the primary outcomes of this dissertation and
how they address the research questions.

This dissertation makes five contributions. First, it introduces a topic-based framework
that integrates content modeling with social network analysis to construct collaboration
networks grounded in topical similarity. This framework provides a foundation for identifying
meaningful research themes and potential cross-domain connections beyond those visible in
coauthorship data.

Second, it develops hierarchical community modeling techniques that capture multi-

level structure within scholarly networks. These methods provide finer-grained insights into
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topical organization and support recommendations at multiple levels of abstraction.

Third, it examines the role of data imbalance in content-based networks, using
publication imbalance as a representative case, and proposes a cloning-based strategy that
improves representational balance and more accurately reflects the diverse topical profiles of
prolific researchers.

Fourth, it evaluates the accuracy and stability of the framework through experiments
based on historical coauthorship data. The findings show that topic-based similarity remains
robust under missing information and that the framework offers transparent, content-
grounded reasoning for recommended collaborations.

Finally, the dissertation presents ScholarNode, an interactive prototype that imple-
ments the proposed framework. ScholarNode integrates modeling, network construction,
community analysis, and visualization into a unified system, demonstrating the practical

feasibility of the methods developed in this research.

1.4 Dissertation Organization

The remainder of this dissertation is organized into eight chapters following this
introduction. Chapter 2 presents the theoretical and methodological background necessary
to situate the proposed framework. It introduces fundamental concepts of Social Network
Analysis, including graph construction, edge weighting, and community detection algorithms,
along with unsupervised evaluation measures such as modularity and conductance. The
chapter also summarizes essential Natural Language Processing techniques used for textual
preprocessing, representation, and topic extraction, including approaches for computing
coherence scores to assess topic quality.

Chapter 3 describes the data collection and preparation procedures used throughout
this study. It details the retrieval of publication metadata for three institutions, the

subsequent filtering and cleaning processes, and the compilation of descriptive statistics
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for each institutional corpus. The dataset chapter establishes the empirical foundation for
all subsequent analyses and experiments.

Chapters 4 through 7 correspond to the four central research questions that guide this
dissertation. Chapter 4 investigates how topic modeling can be integrated with network
analysis to construct topic-based collaboration graphs and promote cross-domain recom-
mendations. Chapter 5 explores hierarchical extensions of community detection to capture
nested and multi-level scholarly structures that better reflect real-world interdisciplinary
groupings. Chapter 6 examines the impact of publication imbalance on community detection
and proposes cloning-based strategies to mitigate its effects within topic models. Chapter 7
evaluates the performance, stability, and interpretability of the proposed recommendation
framework, analyzing its reliability under varying data conditions and cross-institution
scenarios.

Chapter 8 presents the “ScholarNode” web application, a functional prototype that
operationalizes the complete framework developed in this dissertation. The system integrates
topic modeling, network construction, and community visualization within an interactive web
environment. It provides researcher-level and community-level insights, offering interpretable
recommendations through visual and textual explanations that connect directly to the
underlying model components.

Finally, Chapter 9 concludes the dissertation by summarizing the major findings and
methodological contributions, highlighting limitations, and identifying directions for future
work. It also discusses the broader applicability of the proposed framework beyond scholarly
collaboration, emphasizing its potential for other content-based recommendation domains
such as organizational knowledge discovery, research—industry partnership identification, and

educational content matching.
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CHAPTER TWO

BACKGROUND

This chapter provides an overview of the foundational concepts underlying this
dissertation. It begins by introducing the principles of Social Network Analysis (SNA),
including graph representations, structural properties, and community structures. Next,
it reviews key community detection methods and evaluation metrics commonly used to
assess community quality. The latter part of the chapter focuses on text analytics and
topic modeling techniques, which serve as the basis for constructing content-based scholarly

networks in subsequent chapters.

2.1 Social Network Analysis

We can think of a social network as a set of entities and the social relationships (e.g.,
family, friendship, colleagues) between them. A convenient way to represent a social network
is as a graph, where vertices represent the entities and edges represent the interactions or
relationships. Formally, we define a social network as a graph G = (V| E), where G is the
entire network, V' is the set of vertices, and F is the set of edges.

Importantly, the entities in a social network are not limited to people. From a marketing
perspective, the entities could be products, and the relationships could represent how often
those products are purchased together. In transportation, the entities could be hubs such
as airports or bus stations, with relationships representing routes connecting them. Much
like online platforms such as Facebook and Twitter, social networks and their analysis have
become valuable tools in research, healthcare, business, environmental science, and many
other fields [126]. SNA allows researchers to uncover hidden patterns, predict outcomes, and

extract meaningful insights from these complex networks.
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In a social network, relationships between entities can be either undirected or directed.
A co-authorship network, where vertices represent researchers and edges represent joint
publications, is undirected since the relationship holds in both directions. A citation network,
on the other hand, is directed: if researcher A cites researcher B, the edge points from A to
B but not necessarily the other way around.

Relationships can also be unweighted or weighted. An unweighted relationship simply
indicates that a relationship exists between two entities. For example, in a friendship
network, two vertices may be connected if the individuals are friends, without specifying
the strength of the friendship. In contrast, a co-authorship network often uses weighted
edges, where the weight corresponds to the number of papers the two researchers have co-
authored.

Social networks can further be classified as homogeneous or heterogeneous [134]. In
homogeneous networks, all connections between entities are of the same type, whereas
heterogeneous networks contain multiple types of entities or relationships. For example,
a friendship network is homogeneous, while an academic scholar network can be heteroge-
neous when it incorporates multiple relationship types such as coauthorship, citation, or
institutional affiliation. An illustration of such a heterogeneous scholarly network is shown
in Figure 2.1.

Relationships in social networks can also be direct or indirect. Direct relationships can
be observed explicitly. Friendship, co-author, or citation links represent clear and immediate
interactions between entities. Indirect relationships, on the other hand, are not observed
directly but inferred through intermediate information. For instance, two researchers who
have never collaborated might still be connected if they work on similar topics. These inferred
links are critical in many SNA tasks, such as recommendation systems, content discovery,
and community analysis, because they reveal shared interests and hidden structures within

the network [128].
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Figure 2.1: Heterogeneous academic social network

Finally, many real-world social networks include attributes associated with entities and
their relationships. These attributes provide additional context and enable richer analysis.
For example, in a friendship network, attributes like age or hobbies can reveal whether
people with similar characteristics are more likely to connect. In an academic co-authorship
network, researchers may have attributes such as academic rank (e.g., professor, graduate
student), research area (e.g., Al, data mining), or institutional affiliation. Incorporating
such attributes allows deeper insights, for example by identifying influential researchers by
rank, clustering researchers with similar interests, or examining intra- and inter-institutional
collaboration patterns. As a result, attributed SNA is widely applied across sociology,

marketing, healthcare, and online social networks [16].

2.1.1 Structural Properties of Social Network

Understanding the structure of a social network often relies on fundamental concepts
from graph theory. These concepts provide a mathematical framework to represent networks,

quantify their characteristics, and analyze how entities interact. In this subsection, we
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review key structural properties and measures that are commonly used in Social Network
Analysis (SNA), including network representation, vertex degree, network density, and

several centrality measures.

« Network Representation. A graph G = (V| FE) is used to represent a network
structure, where V' = {1,2,...,n} represents the set of vertices (actors or entities in
the network) and E = {(i,j) | i,7 € V} represents the set of edges. A pair (i, )
belongs to F if there is an interaction between actor ¢ and actor 7, and the size of the
edge set is || = m. The mathematical representation for an attributed social network
is G = (V,E,X), where X indicates the set of vertex attribute vectors containing
additional information about each vertex (e.g., demographic details, professional roles,

or affiliations).

A graph is often represented by an adjacency matrix A € R™*" where

1 if (4,j) € E,
ij =

0 otherwise,
in the case of unweighted edges. For weighted graphs, A, ; takes the value of the
edge weight. Representing the network as a matrix is advantageous because it enables
analysis using tools from matrix theory and linear algebra, which are closely connected
to spectral graph analysis [17]. Figure 2.2 shows an example of a directed network with

its adjacency matrix representation.

o Degree. The degree of a vertex is the number of connections it has. For a directed
graph, it is further divided into in-degree and out-degree. In-degree represents the
number of incoming connections a vertex has, and out-degree represents the number of

outgoing connections of that vertex. In Figure 2.2, vertex 1 has an in-degree of 3 and
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Figure 2.2: Weighted directed network and adjacency matrix

an out-degree of 1. The vertices connected to a given vertex are called the neighbors

of that vertex.

For an unweighted graph, the degree of a vertex v;, denoted d;, can be computed using

the adjacency matrix A as:
n
di=) Ay
j=1
where A;; = 1 if there is an edge between vertex v; and vertex v;, and A;; = 0
otherwise.

For a weighted graph, the weighted degree of a vertex v;, denoted w;, is calculated as:

j=1
where W;; represents the weight of the edge between v; and v; (or 0 if there is no
edge).

Density. The density of a network quantifies the ratio of the number of actual

connections to the total possible connections, providing insight into how interconnected
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Figure 2.3: Example of different centrality measures

the network is. The network density D for an undirected graph without self-loops is:

2m

D:n(n—l)’

where m = |E| is the total number of edges and n = |V| is the total number of vertices
in the network. The range of D is between 0 and 1, where 0 indicates a completely

disconnected graph and 1 indicates a fully connected network with every possible edge.

Centrality Measures. Centrality measures quantify the importance of a vertex in
the network. These measures help identify the key actors that play critical roles in
information flow, influence, or connectivity. The notion of importance varies depending
on the network and the analysis goals, so several different centrality measures have been
proposed. Some of the most widely used measures are illustrated in Figure 2.3 and

described below.

— Degree Centrality [31]. Measures the importance of a vertex by counting
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its number of connections. A vertex with the highest degree centrality is often
considered influential or central. The equation for degree centrality for a vertex
v is Cp(v) = d,, where d, is the degree of vertex v. In Figure 2.3, vertex j has

the highest degree centrality.

Closeness Centrality [107]. Measures the inverse of the sum of shortest path
lengths from a vertex to all others. A vertex with high closeness centrality can
reach all others efficiently, making it important for fast information spread. The

equation for closeness centrality Ce(v) is:

1

Col) = S day

where d(v, u) is the shortest path distance between v and . In Figure 2.3, vertex

p has the highest closeness centrality.

Betweenness Centrality [30]. Measures the fraction of shortest paths between
all pairs of vertices that pass through a given vertex. A vertex with high
betweenness centrality acts as a bridge, facilitating information flow. The

equation for betweenness centrality Cg(v) is:

Cor) = Y 2,

g
SsFVFEL st

where oy is the total number of shortest paths between s and t, and o4 (v) is
the number of those paths that pass through v. In Figure 2.3, vertex h has the

highest betweenness centrality.

Eigenvector Centrality [11]. Assigns importance to a vertex based on the
importance of its neighbors. A vertex with high eigenvector centrality is connected

to other highly influential vertices, increasing its overall significance. The equation
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for eigenvector centrality Cg(v) is:

Cov) =5 3 Col),
)

uEN (v

where A is the largest eigenvalue of the adjacency matrix and N(v) is the set of
neighbors of v. This definition creates a recursive relationship, since the centrality
of v depends on the centralities of its neighbors. In practice, the centrality vector

is obtained by solving the eigenvalue equation
A Cg = )\Cg,

which yields a consistent set of centrality values corresponding to the dominant

eigenvector of A. In Figure 2.3, vertex d has the highest eigenvector centrality.

2.1.2 Communities in Social Networks

Identifying groups of entities that are similar or share common interests in a complex
network is a fundamental task in SNA, commonly known as community detection. The
concept of a community is somewhat subjective, and there is no universally accepted
definition in the literature. A widely used definition views a community as a dense subgraph,
where vertices within the community are more strongly connected to one another than to
the rest of the network.

From a graph-theoretic perspective, given an undirected network G = (V, F), a
community C' is a subgraph C' = (V_, E.) with V. C V and E. C E, such that the density
of edges among vertices in V, is higher than the density of edges between V. and V' \ V..
Community detection aims to find a set of communities C' = {Cy,Cs,...,Cy} such that
V=UL, Ve, 82].

Different types of community structures exist, shaped by entities’ characteristics and
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(a) Disjoint community (b) Overlapping community

Figure 2.4: Examples of disjoint and overlapping community structure

diverse relationships. Some of the most common structures are shown in Figure 2.4 and

Figure 2.5.

« Disjoint Communities [84]. These are communities in which each vertex belongs
to exactly one group, forming a partition or cluster of the network. In this context,
a cluster refers to a subset of vertices that are grouped together based on structural
similarity or connectivity patterns. A set of communities is disjoint when these clusters
do not share any vertices, meaning every vertex is assigned to one and only one
community. Figure 2.4a illustrates an example in which the network is divided into

non-overlapping clusters.

« Overlapping Communities [72]. Communities where a vertex may belong to
multiple groups simultaneously, reflecting the fact that entities in real-world networks
often participate in several relationships at once. Figure 2.4b shows vertices that

are members of multiple overlapping groups. For example, an individual may
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Figure 2.5: Hierarchical community structure

simultaneously be part of “Project Team 1,” “Project Team 2,” and a “Departmental

Team” within a professional network.

« Hierarchical Communities [9]. Communities organized in a nested, tree-like
fashion, where large communities consist of smaller sub-communities. In an academic
collaboration network, this could correspond to “Research Groups” at a high level
and “Project Teams” within each research group. Figure 2.5 illustrates a hierarchical

community structure.

Understanding these community structures is crucial for real-world network analysis.
The choice of which community definition to use often depends on the characteristics of the
network and the goals of the research. In the next section, we review community detection

approaches designed to capture these structures.
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2.1.3 Community Detection

Community detection aims to uncover the modular structure of a network by grouping
vertices that are more densely connected to one another than to the rest of the network.
Numerous approaches have been proposed, including graph partitioning, modularity opti-
mization, hierarchical clustering, and spectral methods [49]. The choice of method depends
on the network characteristics and the analysis objectives.

In this dissertation, we focus primarily on modularity-based and spectral approaches for
detecting communities. The Louvain algorithm, a greedy modularity optimization method,
and spectral clustering, based on the eigen-decomposition of the graph Laplacian, are used
as our main techniques for community detection. Detailed descriptions of these algorithms

are provided in Chapter 4, where they are applied in our methodology.

2.1.4 Community Evaluation Metrics

Detecting the suitable community structure in a large or complex network is an NP-
Hard problem, as proven under various formulations and constraints [28, 52, 54]. Assessing
the quality of discovered communities is further complicated in real-world networks where
ground-truth community labels are often unavailable. Consequently, researchers have
proposed various metrics to evaluate the quality of detected communities both in the presence

and absence of ground-truth labels.

Ground-Truth Based Metrics When a ground-truth partition is available, evaluation metrics

compare the detected communities with the true communities. Let G = (V, E) be a network
with detected community set C' = {¢1,¢a,...,¢x} and ground-truth community set C' =

{c},c,, ... ¢l }. Some commonly used metrics are:

o Adjusted Rand Index (ARI) [44]. ARI measures the agreement between two

partitions, adjusted for chance. For any similarity measure H, its chance-adjusted
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version is:
H — E(H )

Ho= 2
Hyox — E(H)

where H . is the maximum value of H and E(H ) is its expected value under a random

model. The ARI is then:

S [ (59 — (Y]

) S 00, () 2070

Y

where Nci,c; is the number of vertices shared between ¢; and . ARI ranges from —1

(completely dissimilar) to +1 (perfect match).

Normalized Mutual Information (NMI) [117]. NMI measures the mutual

information between two partitions:

NMI(C,C") =

where

]czﬂc | N x \ciﬁc;-| |ci ¢4
/ B 1l HC) = =S LGle (161
OC ZZ ’CzHCH ) (C> Z N 0og N )

and N = |V|. NMI ranges from 0 (no mutual information) to 1 (perfect agreement).

Jaccard Index (JI) [38]. JI compares the similarity between two sets of vertex pairs:

1SN
|[Sus|’

JI(C,C") =

where S is the set of vertex pairs that appear in the same community in partition C,
and S’ is the corresponding set of co-assigned vertex pairs in partition C’. JI ranges

from 0 to 1, with 1 indicating identical partitions.
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Unsupervised Metrics When no ground-truth communities are available, intrinsic metrics

are used to assess the quality of a partition based on network structure alone.

« Modularity [83]. The most widely used intrinsic metric, modularity compares the
density of intra-community edges with that expected under a random null model. For

an undirected graph, modularity () is defined as:

= %ZZ |:A:u — 277’Zj| (S(CZ',C]'),

i=1 j=1

where Aqj is the adjacency matrix, d; is the degree of vertex i, m = |E| is the number
of edges, and (¢;,¢;) = 1 if ¢ and j are in the same community, 0 otherwise.
ranges from —1 to 41, with higher values indicating stronger community structure.
Modularity has a well-known tendency to overlook small communities and merge them
into larger ones, a phenomenon referred to as the resolution limit [29], which reduces

sensitivity to fine-grained structures.

« Conductance [3]. Conductance measures the fraction of edges leaving a community

relative to its total edge volume:

Cut CZ7 C’L)
Conductance(C) =
onduc ance |C’ Z mln{vol Cz VOl(CZ)}7

where cut(c;, ¢;) counts edges between ¢; and the rest of the graph, and vol(¢;) is the
sum of degrees of vertices in ¢;. Lower conductance values indicate better-separated

communities.

« Silhouette Score [106]. The silhouette score measures cohesion and separation for

each vertex:
b(i) — a(i)
max{a(i), b(i)}’

S(ei) =
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where () is the average distance from vertex i to other vertices in its own community,
and b(¢) is the minimum average distance to vertices in any other community.
Distances are typically shortest-path distances. Scores close to 1 indicate well-defined

communities.

In this dissertation, we primarily use modularity as our unsupervised evaluation metric,
given its wide adoption in community detection. Although modularity has a resolution limit,
it provides a useful baseline for comparing different partitions and is well-suited for large-

scale networks where ground-truth labels are unavailable.

2.2 Text Analytics for Content-Based Network Analysis

The growth of online platforms such as X (formerly Twitter), Facebook, blogs, and
discussion forums has led to an abundance of digital content that reflects human interaction
and collective behavior. Content-based data can take many forms—text, images, videos—but
in this dissertation we focus on textual data. Integrating textual information into social
network analysis (SNA) enhances our ability to connect entities by shared content, improve
community detection, and enable more personalized recommendations.

For example, in a research collaboration network, vertices represent researchers and
edges represent collaborations. By incorporating textual content such as publications and
proposals, we can connect researchers with similar research interests, detect topical research

communities, and uncover emerging research trends.

2.2.1 Text Preprocessing

Text preprocessing is a crucial step to clean and standardize text prior to analysis. The

common steps include:

e Cleaning: Remove HTML tags, special characters, and convert to lowercase to ensure

consistent text.
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« Tokenization: Break down text into individual words or phrases (tokens). For
example, the sentence “The quick brown fox” becomes “[the, quick, brown, fox|” after

tokenization.

o Stop-word Removal: Remove high-frequency uninformative words such as “the,”

“and,” “is,” which helps reduce noise and dimensionality.

« Stemming/Lemmatization: Reduce words to their root or dictionary form. For
example, stemming would convert “running” and “runs” to “run,” while lemmatization

converts “ate” to its dictionary form “eat.”

Other optional steps include digit removal, named entity recognition, and part-of-speech

tagging, depending on the analysis task [51].

2.2.2 Text Representation

After preprocessing, text is transformed into a numerical representation suitable for

machine learning models. Several common approaches include:

« Bag-of-Words (BoW) [39]. Represents a document as a vector of word counts over
a vocabulary V. For a document d, let f; ; denote the frequency of term 7 in d. The

resulting document vector is:

X(d) = [fl,da f2,d7 R f|V|,d]7

where each entry counts how many times word ¢ appears in d. BoW is simple and

interpretable, but it ignores word order and context.

o Term Frequency—Inverse Document Frequency (TF-IDF) [115]. Adjusts

BoW by weighting words based on both their within-document frequency and their
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rarity across the corpus. For a word ¢ in document d:

Jfid
Zi’ed fi’,d 7

t(i, d) = idf(i, D) = log(

N
|{deD:z‘ed}|)’

where N = |D| is the number of documents in the corpus. The combined TF-IDF
weight is:

tf-idf(i, d, D) = (i, d) x idf(i, D).

This representation highlights words that are frequent in a document but rare in the

corpus, thus more informative.

« Sentence Embeddings. Modern language models such as SciBERT [7] encode
entire documents into dense vectors hy € R¥ that capture semantic similarity. Unlike
BoW or TF-IDF, embeddings capture contextual relationships between words rather
than relying solely on frequency counts, which can provide richer representations
for similarity-based tasks. However, this dense representation comes at the cost of
interpretability, since individual dimensions of h; do not correspond to human-readable

features such as specific words or topics.

In this dissertation, we use BoW (with topic modeling), TF-IDF, and SciBERT-based
sentence embeddings for document representation, depending on the experiment and baseline

comparison.

2.2.3 Topic Modeling

Topic modeling discovers latent themes in a document collection by grouping documents
that share similar content. Any topic modeling method that yields document—topic
probability distributions can be used to represent documents in a topic space. Among

the widely used methods, Latent Dirichlet Allocation (LDA) [8] provides a probabilistic
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framework that models each document as a mixture of topics, while modern approaches
such as BERTopic [35] leverage transformer-based embeddings with clustering to generate
topics from contextualized text representations.

In this dissertation, we use both LDA (as a probabilistic topic model) and BERTopic
(for embedding-based topic modeling). The detailed generative process of LDA and the

BERTopic modeling pipeline are presented in later chapters.

2.2.4 Topic Coherence Measures

Topic models require specifying the number of topics beforehand, and since they are
unsupervised, there is no direct ground-truth measure to evaluate topic quality. Topic
coherence measures are widely used to assess the interpretability of topics and to select
an appropriate number of topics. The key intuition is that a good topic should consist of

words that are semantically related and co-occur frequently in similar contexts.

e C_V Coherence [101]. The C_V measure combines a sliding-window co-occurrence
model, normalized pointwise mutual information (NPMI), and cosine similarity
between context vectors. For a topic ¢ with top M words W = {wy,we,...,wy},
let v(w;) denote the NPMI-based context vector for word w;, and let the topic vector
be the average of all context vectors:

| M
Viopic = M Zv(wz)

=1

The C_V coherence for topic t is then given by:

1 a-b

Cy(t) = i ; Cos(v(wi),vtopic), cos(a,b) = W.



27

Each component of the context vector v(w;)[j] is defined using normalized PMI:

P(w;,wj)
108 By Pray)

— log P(wz, U)j)7

v(w;)[j] = NPMI(w;, w;) =

where P(w;,w;) is the probability of observing w; and w, in the same sliding window
and P(w;), P(w;) are their marginal probabilities. Higher Cy values indicate more

coherent and interpretable topics.

« UMass Coherence [79]. The UMass measure is based on document co-occurrence

counts from the original corpus. For topic ¢t with M top words:
M i1
D(w;,w;) + 1

where D(w;, w;) is the number of documents containing both w; and w;, and D(wj) is
the number of documents containing w;. A higher score indicates that the top words

of the topic co-occur more frequently in the corpus, suggesting a more coherent topic.

Other coherence measures such as UCI and NPMI also exist. Following the findings
of Roder et al. [101] that C_V correlates strongly with human interpretability, we use C_V
coherence to select the optimal number of topics and also report UMass coherence as an

additional point of comparison.
2.3 Summary

In summary, this chapter outlined the theoretical foundations and analytical techniques
that inform our subsequent methodology. We reviewed core concepts of social network
analysis, including structural properties, community definitions, and evaluation metrics,

followed by text analytics methods essential for integrating content-based information into
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network models. Together, these components provide the conceptual and computational
basis for the topic-based community detection and recommendation framework developed in

the following chapters.
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CHAPTER THREE

DATASET

One of the primary goals of this dissertation is to leverage content-based resources to
construct scholarly social networks and generate collaboration recommendations based on
the constructed networks. To achieve this, we focus on scholarly data as the foundation for
validating our proposed approach of integrating content and social network information.

Our dataset is drawn from three institutions: Montana State University (MSU),
Washington State University (WSU), and Colorado State University (CSU). We began
by collecting data from our home institution, MSU, and later expanded the dataset to
include WSU and CSU, as these institutions are considered MSU’s closest peer universities
in terms of research profile and disciplinary breadth. This expansion allows us to evaluate
the generalizability of our methods across multiple but comparable academic settings.

The final dataset comprises over 1,600 researchers and more than 45,000 publications
across the three institutions, spanning the years 2004 to May 2025. Each record contains
metadata such as faculty name, department, academic rank, and associated publication titles
and abstracts. This collection represents a diverse set of disciplines, ranging from engineering
and natural sciences to social sciences and humanities, making it well-suited for studying
interdisciplinary collaboration opportunities.

In this chapter, we present (i) a detailed description of the data sources and collection
process, (ii) the cleaning and preprocessing steps applied to ensure high-quality and
consistent textual and network data, and (iii) descriptive statistics that characterize the
dataset. These statistics provide insight into the distribution of researchers, publications,
and research areas across the three institutions. The processed dataset described here serves

as the foundation for all subsequent experiments and analyses presented in the remainder of
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this dissertation.

3.1 Data Source

3.1.1 Institutional Data

To build our dataset, we collected current faculty information from three institutions:
MSU, WSU, and CSU.

For MSU, our home institution, we were able to obtain faculty data directly through
the university library in May 2025. This dataset includes a total of 606 faculty records with
fields such as first and last name, academic rank, college, department, and email address.
Based on this data, we identified approximately 7 major colleges and around 48 academic
departments, giving a reasonable representation of MSU’s disciplinary structure.

For WSU, no internal dataset was available, so we utilized the university’s public
academic catalog, available at https://catalog.wsu.edu/. The catalog was collected in
May 2025, and we restricted our data collection to the Pullman campus (the main WSU
campus), excluding other branches such as Tri-Cities and Vancouver to maintain consistency.
We parsed the catalog to extract current faculty records, including first and last name,
academic rank, and college affiliation. This process yielded 1,816 faculty entries across
approximately 11 major colleges.

For CSU, we relied on the public HTML-based faculty directory, available at https:
//catalog.colostate.edu/general-catalog/faculty/, which we collected in May 2025.
The directory provided first and last name and academic rank for each faculty member.
Unfortunately, the CSU directory did not contain college or department affiliation. Although
having this information would allow a clearer view of interdisciplinary collaboration potential,
the CSU data still provides a valuable opportunity to analyze collaboration patterns and

research topics using textual content. This dataset contains 1,942 faculty entries.


https://catalog.wsu.edu/
https://catalog.colostate.edu/general-catalog/faculty/
https://catalog.colostate.edu/general-catalog/faculty/

31

Across the three institutions, these datasets collectively provide a broad and diverse
set of researchers, enabling the construction of content-based networks that span multiple

disciplines and institutional contexts.

3.1.2 Publication Data

In this work, we primarily rely on publication metadata (i.e., titles and abstracts) from
researchers to power our content-based methods. The intuition behind using publication
content is that titles and abstracts can reveal latent relationships between researchers that
go beyond prior collaborations or citation links. By learning topic models to identify topical
similarity, we can capture both existing and potential collaborations, thus supporting the
discovery of interdisciplinary opportunities.

Our primary source of publication metadata is “OpenAlex” [93], a modern scholarly
catalog developed as a successor to the Microsoft Academic Graph (MAG). OpenAlex
aggregates data from multiple sources, such as CrossRef, PubMed, and publisher feeds,
to provide a comprehensive view of scholarly works. Using the OpenAlex API endpoint
https://api.openalex.org/works, we collected all works associated with MSU, WSU, and
CSU. Each institution is identified in OpenAlex with a unique institutional identifier: MSU
— 123732399, WSU — 172951846, and CSU — 192446798. Our data collection spanned
works published from 2004-01-01 to 2025-05-20, allowing us to focus on publications where
metadata (such as abstracts and affiliations) are more complete. This process yielded a total
of 22, 150 works for MSU, 72,961 works for WSU (Pullman campus only), and 70, 390 works
for CSU.

We implemented the data collection using the Python library Diophila !, which handles
API paging and filtering. The returned records, referred to as “works” in OpenAlex, are

structured as nested dictionaries containing detailed metadata fields. These include a unique

'https://github.com/smierz/diophila


https://api.openalex.org/works
https://github.com/smierz/diophila
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OpenAlex work 1D, title, abstract (when available), publication date, venue, publication type
(article, book, or conference paper), DOI, open access status, and a list of authors with their
affiliations and ORCID identifiers (if present). Given the relational nature of the data,
we stored the results in separate MySQL databases for each institution, enabling efficient
filtering and matching with faculty rosters in later steps.

Although OpenAlex provides the ability to query works at the individual author level,
initial experiments at MSU revealed issues with name ambiguity, leading to misattributed
works even when institutional filters were applied. To mitigate this, we chose to collect
works at the institutional level and then match them post-hoc to our cleaned faculty lists
by name. This conservative approach may exclude some legitimate works but ensures that
the publications we retain are reliably attributed to the correct faculty.

Finally, while OpenAlex returns a wide range of fields, for the purposes of this
dissertation we primarily focus on the “title” and “abstract” fields as the textual basis for
constructing the content-based scholarly networks. Additional metadata such as date, type,
and venue are retained for filtering and descriptive statistics but are not directly used in the

network construction process.

3.2 Data Cleaning and Preprocessing

3.2.1 Institutional and Publication Record

Preparing the raw institutional and publication data for analysis is a critical step to
ensure reliable alignment between faculty and their scholarly output. The goal of this
stage is to transform heterogeneous and noisy records into a consistent dataset that can
support our content-based modeling. Without careful cleaning, issues such as duplicate
names, mismatched affiliations, and incomplete abstracts would undermine the quality of
the networks we construct.

The MSU catalog obtained from our institutional library contained entries for both
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faculty and staff. To focus only on current research-active faculty, we filtered based on
academic rank, retaining positions such as professor, associate professor, assistant professor,
and research professor. For WSU and CSU, the catalogs did not include explicit academic
rank codes, so we initially retained all entries. This means some individuals may not have
active publication profiles in OpenAlex, but they were removed later when we align faculty
names with actual publications.

Duplicate names presented another issue. At MSU, we identified three researchers
with identical names. After manual inspection, we found that only one of them had a
valid OpenAlex profile, while the other two had minimal research output (fewer than five
publications). To remain consistent across institutions, we excluded those two entries. At
WSU and CSU, no duplicate faculty names were found. Ideally, such alignment would be
done with unique identifiers such as ORCID, but since this information was not available in
the catalogs, we relied on name matching.

The next step was to match institutional publication records with the faculty rosters.
We had first and last names for all three institutions, but matching these to OpenAlex author
records is challenging because publication names often differ slightly—for example, the
presence or absence of middle initials. To address this, we used wildcard queries in MySQL
(e.g., “first%last”) when matching against OpenAlex’s author tables. Fortunately, OpenAlex
includes an alternate_display_name field, which records common name variations, and a
last_known_institution field, which indicates the author’s current affiliation. By requiring
both a name match and a matching institution, we reduced the risk of false positives. This
approach may omit some legitimate works, but it ensures that the publications we retain are
reliably attributed to the correct faculty.

After aligning researchers with their works, we cleaned the publication records,
focusing on the title and abstract fields. Although OpenAlex provides metadata for each

work, abstracts are sometimes missing (especially in books) or incomplete—for example,
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Figure 3.1: Distribution of word counts per document before cleaning

truncated with “.”. To improve reliability for content-based analysis, we applied word-
count thresholds. Publications with fewer words than the threshold were excluded because
such short documents provide too little information to extract meaningful topics, and topic
modeling on very sparse text often fails to capture coherent themes. On the other hand,
some records contained extremely long text segments (often over 1,000 words), which in
practice represent full-text dumps rather than true abstracts. Including these overly long
entries risks introducing noise and distorting topical distributions. By setting both lower
and upper cutoffs, we retained abstracts of sufficient length to capture meaningful topical
signals while filtering out entries that were either too short or too long to be useful.

Following this step, we also excluded researchers with fewer than five valid publications.
Such low-volume profiles do not provide enough textual evidence for stable topic extraction,
and including them would likely result in noisy or unrepresentative topical assignments. This
additional filter ensured that each retained researcher contributed a sufficient body of work
to support meaningful content-based analysis.

Figure 3.1 shows the distribution of title and abstract word counts across all three
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Table 3.1: Faculty and publication counts across processing stages

Faculty Count Publication Count

Institution
Raw Matched Cleaned | Raw Matched Cleaned

MSU 606 404 276 22,150 10,062 6,372
WSU 1,816 1,004 613 72,961 27,037 15,931
CSU 1,942 1,105 745 70,390 34,848 23,072
Total 4,364 2,513 1,634 165,501 71,947 45,375

institutions along with the chosen cutoffs. Table 3.1 summarizes the corresponding filtering
steps. The “raw” stage reflects the full faculty rosters provided by the institutions together
with the complete set of publications retrieved from OpenAlex using institutional identifiers.
The “matched” stage reports the subset of faculty for whom OpenAlex author records could
be reliably identified through name and affiliation matching, along with the publications
attributed to those authors. The “cleaned” stage applies the final content-based filters,
retaining only faculty with at least five matched publications and limiting documents to
those with title and abstract lengths within the chosen word-count thresholds. These steps

collectively yield the final dataset used in this dissertation.

3.2.2 Text Preprocessing

After cleaning the faculty and publication records, we applied text preprocessing to
the titles and abstracts to prepare them for later stages of analysis. The purpose of this
step was to normalize text, remove noise, and retain words that carry meaningful semantic
information. To ensure each publication was treated as a coherent unit, we combined the
title and abstract of every work into a single document before applying preprocessing.

The motivation for preprocessing is twofold. First, traditional topic models such as



36

LDA, rely on bag-of-words representations, and without normalization and filtering, they are
easily dominated by noise and spurious tokens. In contrast, modern embedding-based models
such as BERTopic are less sensitive to preprocessing when it comes to discovering topics, since
embeddings can capture contextual meaning directly from raw text. However, consistent
preprocessing still plays a critical role in tasks such as word cloud visualizations, where
noisy tokens, symbols, or short fragments would otherwise obscure the main topical themes.
In this sense, preprocessing ensures that researcher-level visualizations remain cleaner and
more interpretable.

Our pipeline began by lowercasing all text and normalizing common symbols (e.g.,
middle dots converted to periods, various dash characters standardized to hyphens). We
then removed numerical and symbolic patterns that do not contribute to topical meaning,
including dosage expressions (e.g., bmg), numeric ranges (e.g., 123-456), temperature
markers (e.g., 40°C), and equations of the form variable = number (e.g., 5 = 0.5). URLs,
DOIs, and similar metadata were also stripped. These steps helped reduce vocabulary size
and eliminated noise unlikely to aid interpretability.

Next, we applied tokenization and lemmatization using the spaCy library?. Lemma-
tization reduced inflected forms to their base form (e.g., studies — study), and stopwords
were removed to retain only content-bearing terms. To further refine the text, we restricted
tokens to alphabetic words and excluded very short tokens, requiring a minimum word length
greater than two characters. The output was a cleaned, lemmatized, and normalized version
of each document, represented as a space-separated sequence of tokens.

By enforcing these preprocessing steps, we aimed to balance two goals: ensuring
compatibility with topic modeling techniques and producing clearer, noise-free visualizations
of topical content. This alignment ultimately helps the constructed content-based networks

more accurately reflect meaningful areas of expertise.

’https://spacy.io/
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Table 3.2: Summary statistics of researchers in the final dataset

Institution | #Researchers | #Publications | Mean | Median | Max | Std

MSU 276 6,372 27.86 18 168 | 27.13
WSU 613 15,931 31.05 18 237 | 34.53
CSuU 745 23,072 37.75 25 246 | 39.42

3.3 Data Statistics

To better understand the characteristics of the cleaned dataset, we begin by examining
the distribution of researchers and their publication records across the three institutions.
Although some of the original data were collected from institutional faculty catalogs, after
applying publication-based filters we refer to the remaining set as “researchers”; since they
represent the active research population used in our analysis. Table 3.2 provides an overview
of the dataset, including the number of researchers and publications per institution, along
with descriptive statistics of publication counts per researcher.

As shown in Table 3.2, MSU contributed the smallest number of researchers and pub-
lications overall, while WSU and CSU account for substantially larger totals. Nevertheless,
the median number of publications per researcher is broadly comparable across institutions,
with both MSU and WSU reporting a median of 18 and CSU slightly higher at 25. The higher
means relative to the medians indicate that publication counts are not evenly distributed,
but are instead skewed by a subset of highly prolific researchers. This skew is most evident
at CSU, where the maximum researcher publication count reaches 246, compared to 237 at
WSU and 168 at MSU.

To further illustrate this variation, Figure 3.2 presents violin plots of the publication

distributions per researcher. All three institutions display heavily right-skewed distributions:
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the majority of researchers have modest publication counts, while a smaller fraction exhibit
much higher outputs. We highlight these imbalances here for completeness, but a more
detailed examination of their implications is reserved for Chapter 6.

Figure 3.3 shows the number of publications per year for each institution between 2004
and 2025. All three institutions demonstrate overall upward growth in research output, with
publication activity peaking around 2020-2021. The slight dip in the final year is expected,
as the 2025 data only cover publications indexed up to May. Although the data are current
to that point, some publications may still not appear due to natural delays in the publishing
process as well as the time it takes for OpenAlex and its sources to incorporate newly released
works. While these temporal patterns help validate dataset coverage, temporal dynamics
are not the main focus of this dissertation and are not examined further.

Table 3.3 summarizes coauthorship patterns both within and across institutions. The

diagonal entries represent works with two or more authors from the same institution,
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Table 3.3: Publications coauthored within and across institutions

Institution | MSU | WSU | CSU
MSU 1,014 40 23
WSU 40 2,058 | 116
CSU 23 116 | 3,932

while the off-diagonal entries capture cross-institutional collaborations. As expected, most

collaborations occur within institutions, but a smaller number span multiple institutions,

providing useful context for the study of scholarly networks developed in later chapters.

3.4 Summary

In summary, this chapter detailed the institutional and publication data used through-

out this dissertation, along with the cleaning, preprocessing, and descriptive statistics that
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shaped the final dataset. By integrating faculty catalogs with publication metadata from
OpenAlex, we constructed a research-ready dataset capturing over 1,600 active researchers
and more than 45,000 publications across MSU, WSU, and CSU. The descriptive analyses
highlighted variation in researcher productivity, temporal growth in publication output, and
both intra- and cross-institutional collaboration patterns. Together, these characteristics
provide a foundation for the methodological developments and analyses presented in the

subsequent chapters.
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CHAPTER FOUR

COMMUNITY DETECTION FOR SCHOLARLY COLLABORATION

In this chapter, we address the first research question of this dissertation: “How
can topic modeling be integrated with social network analysis to promote interdisciplinary
collaboration recommendations?” We explore the limitations of traditional recommender
approaches in scholarly networks, particularly their tendency to reinforce existing disciplinary
boundaries. To overcome these challenges, we propose constructing a scholarly network based
on topic similarity derived from publication metadata and applying community detection
methods to reveal both disciplinary and interdisciplinary clusters. The chapter begins with
the motivation and problem statement, followed by a review of related works. We then
present the methodology, including topic modeling, network construction, and community

detection, before discussing the results and concluding with a summary.

4.1 Motivation and Problem Statement

Traditional recommender systems based on collaborative filtering rely on users’ past
interactions to generate new suggestions. While these methods are effective in many domains,
they often face the issue of overspecialization [1]. This problem occurs when a system
continues to recommend items that are too similar to what the user has already consumed,
limiting the diversity of options. In the scholarly setting, this translates into recommending
collaborators who are already part of the same disciplinary or co-authorship circles, rather
than exposing researchers to new or interdisciplinary opportunities. Content-based methods
are often better at introducing diversity in recommendations [102] because they focus on
the content of the items themselves. In academic networks, this means going beyond

historical collaboration data and using the actual topics of publications as the basis for
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Figure 4.1: Sample scholarly network based on direct relationships

making connections.

Scholarly networks can be constructed in many different ways depending on the data
source. For example, a co-authorship network connects two researchers if they have published
together, while a citation network connects publications or authors based on citation links.
Other variations include institutional networks, where affiliation data is used to form links,
or even social platforms where researchers follow or interact with each other online. Each
type of network answers different questions. A co-authorship network is useful for finding
frequent collaborators and established research groups, while a citation network is better
suited to identifying influential publications or authors and following research trends [41, 59].
These network types are valuable but they are often limited in terms of interdisciplinary
discovery. A co-authorship network, for instance, will mostly recommend people who are
already connected through direct collaborations, while a citation network may overemphasize
disciplinary influence.

Figure 4.1 illustrates this limitation. The dense subgraphs correspond to disciplinary

groups where researchers frequently co-author or cite each other. However, researchers
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outside these groups may share topical interests similarities not captured by these direct
connections. For example, a computer scientist developing machine learning models and an
agricultural scientist applying machine learning to crop efficiency are unlikely to appear in
the same co-authorship cluster, yet they share a common topical interest that could lead to

meaningful interdisciplinary collaboration.

Problem Statement: Given a collection of researchers’ publication metadata, specif-
ically titles and abstracts, how can we construct a scholarly network based on topic
similarity in order to detect communities that not only capture traditional disciplinary

clusters but also uncover potential interdisciplinary collaborations?

Hypothesis: We hypothesize that a scholarly network constructed using topic-based
relationships will reveal research communities grounded in similar topical interests, where
members may come from different departments or disciplines. Such communities can

identify interdisciplinary collaboration opportunities that would not be discovered through

networks built only on direct relationships such as co-authorship or citation.

To investigate this, we derive topic distributions for each researcher using Latent
Dirichlet Allocation (LDA). We calculate pairwise similarity between researchers with
Jensen—Shannon divergence, which produces a fully connected network where each researcher
is linked to every other. Since such a network is too dense for meaningful analysis, we apply
edge weakening to emphasize stronger connections. Finally, we employ community detection
algorithms such as Louvain and Spectral clustering to discover communities of researchers

that can serve as the basis for cross-domain collaboration recommendations.



44

4.2 Related Work

Several approaches have been proposed to recommend research collaborators using
scholarly data. Broadly, these can be grouped into three categories: methods based solely on
co-authorship relations, content-based approaches that rely on textual or topical similarity,
and hybrid methods that integrate multiple data sources. Below, we review representative
works from each of these categories.

Early work often focused on homogeneous scholarly networks, particularly co-authorship
relations. Nowell et al. [69] framed the link prediction problem, asking how new ties can
be inferred from existing network snapshots. Using a co-authorship network, they proposed
neighborhood- and path-based measures to predict future collaborations. Later, Backstrom
et al. [4] introduced a supervised random walks algorithm to solve the link prediction
problem in co-authorship networks, while Li et al. [63] incorporated academic metrics such
as authorship order and collaboration frequency into random walk models. These approaches
rely exclusively on topological features, and while useful for modeling future ties, they tend
to reinforce disciplinary boundaries rather than reveal interdisciplinary opportunities.

Other works have turned to content-based data, especially textual information from
academic publications, blogs, or microblogs. Velardi et al. [120] proposed a content-based
method for network evolution, detecting relevant concepts and emerging themes through
clustering of TF-IDF vectors. Liang et al. [67] proposed a time-aware topic recommendation
model for microblogs, using cosine similarity between user topics and candidate topics while
incorporating temporal dynamics. For research collaboration, Liang et al. [68] applied LDA
topic modeling to discover potential research fields, then measured similarity between author-
specific topic profiles to provide cross-disciplinary recommendations. Their approach focused
primarily on topical similarity between individuals and did not model the broader structural

relationships among researchers. In contrast, this dissertation integrates topic modeling
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with social network analysis, using similarity-derived edges to construct a scholarly network
whose community structure provides additional context for understanding research groups
and potential collaborations.

Kong et al. [56] later introduced the Beneficial Collaborator Recommendation model,
which incorporated both dynamic research interests and academic influence, weighting recent
topics more heavily. These content-based approaches highlight the role of topical similarity
in broadening collaboration opportunities, but most stop short of integrating network-level
structure or community detection.

Hybrid methods combine heterogeneous sources such as co-authorship, expertise, and
institutional data. Yang et al. [130] used a heterogeneous network incorporating expertise,
co-authorship, and affiliation features, with semantic similarity calculated via language
models and ranking performed with SVM-Rank. Kong et al. [55] employed Word2Vec
on publication titles to generate concept vectors, combining them with co-authorship links
and random walk methods to recommend collaborators. Zhou et al. [138] integrated multi-
source data from ResearchGate (co-author, co-project, citations, following), and introduced
a time-aware edge weighting strategy to capture the recency of collaborations. These hybrid
approaches leverage richer data, but often at the cost of complexity and data availability.

In summary, co-authorship-based approaches excel at predicting future links but tend to
reinforce disciplinary boundaries, while content-based methods highlight topical similarity
yet often overlook structural features of networks. Hybrid models combine multiple data
sources but may be difficult to generalize across institutions. Our approach is somewhat in
between content-based and hybrid methods. We use the topical content of publications to
build the network, but the analysis itself relies on social network techniques such as edge
weakening and community detection. This allows us to capture both topical alignment and

network structure without depending on direct ties like co-authorship or citation.
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4.3 Methodology

This study builds on the dataset introduced in Chapter 3, which contains publication
metadata (titles and abstracts) from researchers at MSU, WSU, and CSU. Accordingly,
four datasets are considered: three institution-specific subsets and one combined dataset
representing all institutions (denoted as MWC). These datasets serve as the foundation for
topic modeling and subsequent network construction. This section describes the procedures
used to derive latent topics, construct topic-based researcher networks, and apply community

detection algorithms to identify potential interdisciplinary research communities.

4.3.1 Latent Topic Discovery

To construct a scholarly social network that reflects researchers’ conceptual interests,
the first step was to uncover the latent topics embedded within their publications. Each
publication’s title and abstract were combined to form a single document, and all research

articles collected from OpenAlex constituted the full corpus for topic modeling.

Latent Dirichlet Allocation Latent Dirichlet Allocation (LDA), introduced by Blei et al. [8],

is a generative probabilistic model designed to discover hidden thematic structures in large
text corpora. The central idea is that documents can be represented as mixtures of latent
topics, while each topic itself is a probability distribution over words. This framework allows
researchers to infer abstract concepts from unstructured text without requiring labeled data,
making LDA particularly suitable for scholarly corpora.

LDA assumes a fixed number of latent topics T" and represents each document as a bag-
of-words (ignoring word order). Documents are modeled as probability distributions over
topics, governed by a Dirichlet prior «, while topics are modeled as probability distributions

over words, governed by a Dirichlet prior 7.
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Figure 4.2: Plate diagram depicting the LDA generative process

Figure 4.2 shows the plate diagram for LDA’s generative process. Here, D denotes the
number of documents, N the number of words per document, 6; the topic distribution for
document d, and B the word distribution for topic k. The latent variable z4 indicates the
topic assignment for the j-th word in document d, while wg; represents the observed word
itself.

Formally, the generative process for T" topics and word distributions 8 = {1, s, . .., O}

proceeds as follows:
o For each topic t = 1,...,T, draw a word distribution 3, ~ Dirichlet(n)
o For each document d, do:

— Draw topic proportions 84 ~ Dirichlet(a)
— For each word wg; in document d, do:

* Draw a topic assignment zg; ~ Multinomial(6y)

* Draw a word wgj ~ Multinomial(f3.,,)

In this framework, o and 7n are the hyperparameters for the Dirichlet priors, 6, is the
latent topic mixture for document d, and [; specifies the probability distribution of words

for topic t. Both 6; and B are unobserved and must be learned.
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Training an LDA model therefore involves estimating the latent distributions 8, and 3,
given the observed corpus. Since exact inference is intractable, approximate methods such as
Variational Bayes (VB) [50], Expectation-Maximization (EM) [21], or Gibbs sampling [33]
are commonly used. Among these, Gibbs sampling, based on Markov Chain Monte Carlo,
has proven effective and is the approach implemented in the version of LDA used in this

study.

Implementation Detail In practice, titles and abstracts were concatenated into single

documents and underwent a series of standardized preprocessing operations, including
tokenization, stopword and punctuation removal, and lemmatization. A detailed description
of these preprocessing procedures is provided in Section 3.2.2. Extremely frequent and rare
terms, those appearing in more than 70% of documents or fewer than two times overall, were
further excluded, resulting in vocabularies of size 9,093 for MSU, 15,118 for WSU, 18,468
for CSU, and 27,061 for the combined MWC dataset.

The topic modeling was performed using the MALLET implementation of LDA through
the Gensim library [96], which employs an optimized Gibbs sampling procedure to estimate
the LDA parameters. A key hyperparameter in LDA is the number of topics, which must
be specified in advance. We evaluated all four datasets with multiple number of topics: for
the institution-specific datasets (MSU, WSU, CSU), the number of topics ranged from 50 to
150 in increments of 10, and for the combined MWC dataset, the number of topics ranged
from 100 to 200 in increments of 10, reflecting its larger size. The final number of topics for
each dataset was chosen based on the highest C_V coherence score (Section 2.2.4).

Figure 4.3 shows the coherence scores for each dataset across the evaluated topic
numbers. The blue marker indicates the maximum coherence score, which was selected
as the best topic configuration for that dataset, corresponding to 80 topics for MSU and
WSU, 90 topics for CSU, and 160 topics for the combined MWC dataset.
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Figure 4.3: C_V coherence scores across topic numbers for the four datasets

To illustrate the quality and interpretability of the learned topics, Figure 4.4 presents
four representative topics selected randomly from the LDA model trained on the combined
MWC dataset. LDA produces a set of unsupervised topics in which every word in the
vocabulary has a probability of appearing within each topic. For visualization, the 50 words
with the highest probabilities are displayed as WordClouds, with larger words indicating
higher probability within the topic.

Based on the prominent terms, Topic 86 highlights molecular and gene expression
research, with terms such as transcription, RNA, and regulation. Topic 109 focuses on
genetics and trait identification, including words like marker, genome, and population.

Topic 143 centers on infectious disease research with terms such as virus, transmission,
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Figure 4.4: Example topics from the LDA model on the combined MWC dataset

and host. Topic 158 contains education-related terms such as student, learning, teacher, and
engineering. These examples illustrate that the combined LDA model captures distinct and
meaningful research themes relevant to different areas represented in the dataset, providing

a suitable foundation for constructing topic-based similarity networks.

4.3.2 Network Construction

A social network can be expressed as a graph G = (V, E), where V denotes the set
of vertices and E the set of edges. In this study, each vertex corresponds to a researcher,

and edges represent pairwise relationships based on topic similarity. Constructing a network
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in this way requires defining a similarity measure between researchers and then applying
edge-weakening strategies to avoid an overly dense graph that would obscure community

structures.

Defining Edge Relationships To construct the topic-based collaboration network, we first

derived topic probability distributions for each researcher. Using the trained LDA model,
topic distributions were initially inferred for individual publications and then aggregated
at the researcher level by concatenating all publications of a given scholar into a single
document. This approach was chosen deliberately: simply averaging or normalizing
document-level topic distributions can distort the underlying probability structure, since the
resulting vector may no longer represent a valid distribution over topics. In contrast, treating
each researcher’s combined publications as a single document allows the LDA inference
process to produce a consistent, normalized probability distribution that more accurately
reflects the researcher’s overall thematic focus. Querying the model on these aggregated
texts thus yielded topic distributions that capture the relative research emphasis of each
scholar across all discovered topics.

These researcher-level topic distributions serve as high-dimensional profiles that capture
the thematic composition of each scholar’s work. For instance, a researcher specializing
in machine learning may assign higher probability mass to topics related to algorithms,
prediction, and data analysis, whereas an ecology researcher will show stronger emphasis on
topics such as biodiversity and environmental modeling. Importantly, researchers from dif-
ferent disciplinary backgrounds can still exhibit similar topical signatures if their underlying
research themes overlap, forming the basis for potential cross-domain collaboration.

To translate these topic distributions into network edges, we measured pairwise
similarity between researchers. Although cosine similarity is one of the most widely used

measures for comparing vector representations in information retrieval and text mining
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applications [43, 108, 112], it is not ideally suited for probability distributions such as those
produced by LDA. Cosine similarity treats vectors geometrically and does not account for the
probabilistic nature of topic weights, potentially overstating similarity when two distributions
share sparse but non-overlapping mass.

Instead, metrics designed to compare probability distributions provide a more mean-
ingful notion of similarity in this context. The Kullback—Leibler (KL) divergence [58] is
a well-established measure for quantifying how one probability distribution diverges from

another. It is defined as
P
Dk (P||Q) = Zpilog (a)
However, KL divergence is asymmetric and unbounded, making it unsuitable for undirected
network construction where pairwise similarity must be reciprocal. To address these

limitations, we employed the Jensen—Shannon (JS) divergence [70], a symmetric and bounded

variant of KL divergence given by

Dys(PIIQ) = 5 (Dicp(PIIM) + D (QIIM))

where M = %(P + Q). Lower JS values indicate greater similarity between two topic
distributions. Finally, we defined the edge weight between researchers as 1 — Djg, such
that values closer to one represent stronger topical similarity. This formulation yields an
undirected, weighted network that reflects thematic alignment among researchers within

and across institutions.

Edge Weakening A direct consequence of using divergence-based similarity is that every

researcher pair receives a nonzero similarity score, producing a fully connected network
for each dataset. Across the four networks (MSU, WSU, CSU, and the combined MWC),

this results in extremely dense structures where each researcher connects to every other
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Figure 4.5: Distribution of edge weights in the combined MWC

researcher. For example, in the combined MWC dataset with 1,634 researchers, this yields
(16234) = 1,334,161 edges. Such density conceals the modular structure of the network,
as every vertex appears uniformly connected, making it difficult for community detection
algorithms such as Louvain or Spectral clustering to identify distinct subgroups. These
algorithms perform best on sparse graphs, where intra-community connections are relatively
strong compared to inter-community ones.

Figure 4.5 shows the empirical distribution of edge weights derived from the Jensen—Shan-
non similarity scores for the combined MWC network, which reflects the general trend
observed across all datasets. The distribution is heavily right-skewed, with most edges
concentrated between 0.10 and 0.20, and a mean similarity of 0.20. This indicates that the
majority of researcher pairs share only weak topical similarity, while only a small subset of
pairs exhibit strong thematic overlap.

To enhance interpretability and improve the effectiveness of community detection,
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we applied an “edge-weakening” process that incrementally prunes low-similarity edges.
Thresholding is a simple yet effective strategy for highlighting strong topical associations
while suppressing weak, noisy links. However, high thresholds can fragment the graph into
disconnected components, which is problematic for algorithms such as Spectral clustering
that assume a connected Laplacian matrix for valid eigen-decomposition [121]. Louvain
clustering, by contrast, can operate on disconnected components, but such fragmentation
complicates direct comparisons across thresholds and datasets.

To preserve network connectivity while still enforcing sparsity, we integrated a minimum
spanning tree (MST) structure [57, 94| into the thresholding process. The MST was first
extracted from the fully connected graph to ensure that all vertices remain reachable
through at least one minimal-weight path. As the similarity threshold increased, any
vertices or subgraphs that became disconnected were reconnected using the single MST
edge of smallest weight bridging the isolated component. This hybrid approach maintains
global connectivity required for spectral-based methods while preserving the interpretability
benefits of threshold-based sparsification.

We generated a total of eighty network variants by incrementally increasing the
similarity threshold from 0.00 to 0.80 in steps of 0.01, applying the MST-based reconnection
procedure at each step to preserve global connectivity. For interpretability, Table 4.1 reports
representative thresholds at 0.10 intervals. As the threshold rises, weaker links are pruned,
yielding progressively sparser but still connected networks that highlight only the most
topically aligned researcher pairs. The MST integration ensures that all vertices remain
reachable even at higher thresholds, maintaining the spectral clustering requirement of a

single connected component while preserving Louvain’s ability to reveal modular structure.
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Table 4.1: Number of edges retained at different threshold values for the combined MWC

Threshold 0.00 0.10 0.20 0.30 | 0.40 | 0.50

#Edges 1334161 | 1319579 | 481835 | 115802 | 25990 | 4339

4.3.3 Community Detection

After constructing the scholarly social network with topic-based similarity between re-
searchers, the next step was to detect communities sharing similar topics of interest. The goal
is to use these discovered communities to suggest potential collaboration recommendations.
Members within a community share topical interests, and the edge weights can be used to
rank potential collaborators. Moreover, the discovered communities may provide insights
into potential interdisciplinary research centers composed of members from different fields.

To perform community detection, we employed two well-established algorithms suitable
for weighted graphs: the Louvain algorithm and Spectral clustering. Both methods produce
discrete community assignments, where each vertex belongs to a single community. We used
the modularity metric to assess the quality of the discovered communities, measuring the

strength of intra-community connections relative to inter-community ones.

Louvain Algorithm The Louvain algorithm, introduced by Blondel et al. [9], is a greedy

optimization-based community detection method that partitions a network to maximize
modularity. The algorithm operates in two iterative phases: “local modularity optimization”
and “community aggregation”. Initially, each vertex is placed in its own community. Then,
for every vertex, the algorithm evaluates modularity gains by temporarily moving it into
the community of each neighbor. The vertex is permanently reassigned to the neighboring
community that yields the largest modularity increase. Once no further modularity gain is

possible, all vertices within each community are merged into a “super vertex”, forming a
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Modularity Optimization

1t pass

Figure 4.6: Steps followed by the Louvain algorithm

new, smaller network. These two phases repeat until the modularity no longer improves.
This hierarchical agglomerative process makes the Louvain algorithm both computationally
efficient and suitable for large-scale weighted networks such as ours. Figure 4.6 illustrates

the main steps, and Algorithm 4.1 provides the pseudocode.

The Louvain algorithm was particularly appealing for this study because it automati-
cally determines the number of communities that yield the highest modularity, eliminating
the need to specify this parameter a priori. This property also made it a convenient baseline

for comparison with spectral clustering.

Spectral Clustering Spectral clustering [85] is another widely used method for community

detection that leverages the eigenstructure of a graph Laplacian. Given a weighted adjacency

matrix A, the diagonal degree matrix D is defined such that D;; equals the degree of vertex ¢
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Algorithm 4.1 Louvain Algorithm
1: Initialization:
2: for each vertex ¢ do
3: Assign ¢ to its own community

4: while changes in modularity are significant do

5 for each vertex ¢ do

6 for each neighbor community ¢ of i do

7: Remove 7 from its current community and place it in ¢
8 Calculate change in modularity AQ

9 Move ¢ to community with maximum AQ)

10: Merge communities into super vertices

11: Output: Final community structure maximizing modularity

Algorithm 4.2 Spectral Clustering for Community Detection

Require: Graph G(V, E), number of communities &

Ensure: Community assignments

Compute the symmetric normalized Laplacian Lgyy, from G

Compute the k smallest non-zero eigenvectors of Ly, to form matrix U € R™**
Normalize the rows of U to unit length

Apply k-means to the rows of U

return Community assignments

and D;; = 0 for ¢ # j. The unnormalized graph Laplacian is then £ =D — A. A symmetric

normalized version is often preferred:
_1 _1
Loym =D 2 LD 2,

which prevents high-degree vertices from dominating the clustering outcome. The eigenvec-
tors corresponding to the k smallest non-zero eigenvalues of Ly, form a low-dimensional
embedding of the graph, and applying a clustering algorithm (such as k-means) to this
embedding partitions the vertices into k& communities. Algorithm 4.2 summarizes this

process.

Unlike the Louvain algorithm, spectral clustering requires the number of communities

k to be specified in advance. To maintain comparability, we used the number of communities
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discovered by the Louvain algorithm as the k value for spectral clustering. This ensured that

both methods operated on a consistent partitioning scale.

Comparison and Evaluation To evaluate the community detection results, we used the

modularity metric to assess intra-community cohesiveness and inter-community separation.
Additionally, we computed the Jaccard similarity score J(A,B) between corresponding
communities obtained from the two algorithms:

IANB

Here, A and B represent the vertex sets of two communities. A score of one indicates identical
membership, while zero denotes no overlap. We calculated pairwise community similarities
between Louvain and spectral results, aligned the most similar pairs, and averaged their
scores to obtain an overall community alignment measure. Identical partitions would yield

an average Jaccard similarity of one.

4.4 Result and Discussion

To evaluate the effects of the edge threshold across all four institutional networks, we
varied the threshold as described in Section 4.3.2 and applied the same community detection
pipeline to MSU, WSU, CSU, and MWC. For each dataset, Louvain clustering was run first
to obtain the number of communities and the corresponding modularity values, and this
community count was then used as the prespecified k for Spectral clustering so that the two
methods could be compared on the same number of partitions. Figure 4.7 summarizes the
modularity trends for all four institutions in a common 0.30-0.70 range of edge threshold.

Across all institutions, thresholds below 0.30 produced very dense graphs, which

resulted in only a few large communities and correspondingly low modularity values. This
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Figure 4.7: Modularity versus edge threshold for the four institutional networks

flat region in the curves indicates that removing only the weakest edges does not yet
expose meaningful community structure. Once the threshold entered the 0.30-0.60 range,
modularity rose steadily for every dataset, which shows that pruning lower similarity edges
helped separate topic-coherent groups. MSU, WSU, and CSU all reached their highest or
near-highest modularity values toward the upper part of this interval (around 0.60-0.65),
while MWC, being the largest and most topically diverse network, stabilized slightly earlier,
near 0.55-0.58. Beyond 0.70, modularity changes became small and in some cases declined,
indicating that further pruning would begin to fragment the networks. In all cases, Louvain
modularity remained equal to or higher than Spectral modularity, as expected given that
Louvain directly optimizes the modularity objective. As the edge threshold increased and the
networks became sparser, the difference between the two methods narrowed, with Spectral

producing modularity values closer to those of Louvain in the sparser graphs.
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Jaccard similarity and number of communities vs. threshold
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Figure 4.8: Louvain-Spectral Jaccard similarity and number of communities across edge
thresholds for the four institutional networks

Following the modularity comparison, we examined the agreement between Louvain
and Spectral clustering by measuring the average Jaccard similarity of their detected
communities across thresholds. Figure 4.8 presents the Jaccard similarity (left Y-axis)
and the corresponding number of communities (right Y-axis) for all four institutions. At
very low thresholds, the networks remain highly connected, resulting in only a few large
communities and near-perfect similarity (Jaccard =~ 1.0) between both algorithms. As the
threshold increases and weak edges are pruned, the number of detected communities rises
sharply, while Jaccard similarity temporarily drops, reflecting small partitioning differences
between the modularity-based and eigenstructure-based methods. Beyond the mid-range
(around 0.5-0.6), the Jaccard curves rise again as both algorithms converge on comparable

community boundaries in the sparser, more modular network structures.



61

To determine the most representative network configuration for each institution, we
jointly considered the modularity trends and the Jaccard similarity patterns. A suitable
threshold should preserve sufficient connectivity to maintain interpretable community struc-
tures while maximizing modularity and agreement between Louvain and Spectral clustering.
Extremely low thresholds yielded overly dense networks with few broad communities,
whereas very high thresholds fragmented the graphs and reduced interpretability. Therefore,
we selected the threshold region that balanced both criteria—where modularity values were
near their peak and Jaccard similarity began to rise again, indicating convergence between
the two methods. For most institutions, this range occurred between 0.6 and 0.65, reflecting
a stable and well-separated network structure. Accordingly, we next focus on the MSU
network as a representative case, using its optimal threshold to present detailed community
statistics and qualitative insights. Supplementary results for WSU, CSU, and the combined
MWC network are provided in Appendix A.

Table 4.2 summarizes how the MSU network structure changes as we increase the edge
threshold. Columns show the number of detected communities (Comm), average Jaccard
similarity (AvglJ), and the community size distribution: maximum (Max), minimum (Min),
median (Med), and standard deviation (Std) for Louvain (L) and Spectral (S) partitions.
At low thresholds (0.00 and 0.12) the network is almost fully connected, resulting in only
three very large communities and high agreement between Louvain and Spectral (AvgJ =
0.90), but these partitions are too coarse for recommendation. As the threshold increases to
0.24-0.48, the number of communities grows and the community sizes become more balanced,
although the Jaccard score temporarily drops because the two algorithms start splitting
the network differently. The configuration at 0.57 provides the best overall balance: both
algorithms agree almost perfectly (AvgJ = 0.94), the number of communities (21) is suitable
for qualitative inspection, and the median community size (11 members) is large enough

to be meaningful but not so large that topics are blended. Modularity at this level also
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Table 4.2: Louvain and Spectral community statistics on MSU across selected thresholds

Max(L) | Min(L) | Med(L) | Std(L)

TH | Comm | AvgJ
Max(S) | Min(S) | Med(S) | Std(S)
111 95 110 26.17

0.00 3 0.90
111 63 102 20.83
111 5Y) 110 26.17

0.12 3 0.90
111 63 102 20.83
108 61 107 21.92

0.24 3 0.77
126 60 90 | 26.98
91 3 51 30.99

0.36 7 0.44
106 21 26 28.68
54 3 25.5 16.38

0.48 12 0.44
110 7 14.5 27.08
36 3 11 9.07

0.57 21 0.94
36 3 11 9.86
50 2 3 11.98

0.63 25 0.78
50 3 7 11.12
76 2 3 17.45

0.70 21 0.94
76 2 3 17.52

remains high (0.81 for Louvain and 0.79 for Spectral), only slightly lower than the maximum
observed at 0.63 (0.88), but without the over-fragmentation seen at higher thresholds. Higher
thresholds such as 0.63 and 0.70 either fragment the network into smaller groups (median
= 5) or produce highly uneven community sizes, even if the Jaccard score remains high.

Therefore, we used the 0.57 configuration for the MSU community-level analysis presented
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Figure 4.9: Representative MSU Louvain communities at the selected threshold

financial

next. The same selection procedure was applied to the WSU, CSU, and MWC networks,
and their corresponding threshold statistics are included in Appendix A.

After identifying the optimal threshold, we examined the community-level structures
and their topical coherence. Each community was analyzed by aggregating all publications
from its members and querying the trained LDA model to extract the dominant themes.
Figure 4.9 illustrates four representative MSU communities at the 0.57 configuration, selected
to showcase the diversity of network structures and thematic focus. These four examples
were chosen simply to show a mix of community sizes and topic areas, starting with a larger
and more mixed group and then moving toward smaller communities that have a tighter
departmental focus.

Community 2 is the largest of the examples, comprising 29 members across thirteen

departments, including Education, Engineering, Political Science, and Health & Human
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Development. Its wordcloud reveals terms such as “student”, “teacher”, “program”, and
“engineering”, suggesting a multidisciplinary blend of STEM and social science researchers
focused on education, outreach, and research training. Community 10 includes 23 members
primarily from Health & Human Development, Psychology, and Nursing. Prominent words
like “sleep”, “patient”, “rural”, and “community” indicate a cohesive health-focused cluster
with strong interdisciplinary connections between clinical and behavioral research areas.

Community 7, with 12 members, centers on agricultural and environmental topics,
dominated by Land Resources & Environmental Sciences and Plant Sciences. Its key
terms—“soil”, “yield”, “weed”, and “rotation”—reflect applied agricultural research tied to
sustainable land management. Finally, Community 17, a compact group of six researchers
from Agricultural Economics, Business, and Sociology & Anthropology, exhibits a distinct
focus on economic and educational policy, as seen through terms like “united”; “states”,
“school”, and “program”. Together, these examples demonstrate that the 0.57 threshold not
only preserves meaningful community structure but also captures topical coherence aligned
with departmental expertise, confirming that the selected configuration yields interpretable
and functionally relevant research clusters within the MSU network.

The structural statistics in Table 4.3(a) provide a detailed view of how each community
is organized and how collaboration currently moves within it. The column labeled “Internal”
counts all topic-based similarity edges among members of a community, representing the
full set of topical relationships available within that group. We then use OpenAlex
coauthorship data to identify which of those internal edges correspond to actual prior
collaborations; these appear under the “Coauthored” column. Subtracting the coauthored
edges from the total internal edges yields the value reported as “Potential,” which reflects
pairs of researchers who are topically related but have not previously published together.
This distinction is important because it separates existing collaboration patterns from the

additional opportunities that the topic-based structure reveals.



Table 4.3: Community-level structural and departmental statistics for MSU
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Community | Size | Internal | Coauthored | Potential
2 29 112 16 96
10 23 50 10 40
7 12 21 19 2
17 6 11 3 8

(a) Structural statistics for selected MSU communities

Community | Dominant Departments (count)

2 Education (8), Mathematical Sciences (4), Political Science (3), Health
& Human Development (3), others

10 Health & Human Development (7), Psychology (5), Sociology & Anthro-
pology (4), Nursing (4), others

7 Land Resources & Environmental Sciences (9), Plant Sciences (2),
Animal & Range Sciences (1)

17 Agricultural Economics (4), Business (1), Sociology & Anthropology (1)

(b) Departmental composition of selected MSU communities

Across the four example communities, many internal connections do not correspond to
prior coauthorship, which suggests that several collaboration opportunities remain unrealized
even among researchers who work on closely related themes. The departmental composition
in Table 4.3(b) reinforces this point: many of the potential collaborations link researchers
from different academic units rather than within a single department. For instance,

Community 2 includes members from Education, Engineering, Political Science, and Health

& Human Development, meaning that most of its potential collaborations cross departmental
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boundaries. This pattern directly supports our hypothesis that topic-defined communities
capture cross-domain affinities that traditional coauthorship networks overlook. Even before
applying any ranking or recommendation algorithm, the community structure itself reveals
meaningful interdisciplinary opportunities that are embedded within the MSU research
landscape but not yet reflected in its publication record.

Overall, the MSU results show that a topic-based network, once thresholded appro-
priately, produces communities that reflect both the thematic structure of the institution
and the collaboration gaps that exist within it. The examples examined here illustrate
how researchers with shared topical interests often remain unconnected in the coauthorship
record, even when they span multiple departments or participate in related research areas.
These patterns suggest that topic-defined communities capture the underlying structure of
scholarly activity more fully than collaboration histories alone, providing a clearer picture
of where new connections could naturally emerge. Although MSU is used as the detailed
case study in this section, similar behaviors were observed in the WSU, CSU, and MWC
networks, indicating that this community detection framework reveals comparable structural
and topical relationships across institutions. These observations set the stage for the
more advanced analyses in the following chapters, where hierarchical structure, author

representation, and model stability are explored in greater depth.

4.5 Summary

This chapter presented a content-based approach to community detection in scholarly
networks for identifying potential interdisciplinary collaborations. We constructed a network
using topic-based similarity derived from publication metadata, hypothesizing that shared
topical interests could bridge disciplinary divides. The resulting communities validated this
hypothesis, revealing clusters containing researchers from diverse academic backgrounds.

Applying a threshold-based edge weakening strategy produced a more meaningful
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network structure with improved modularity and interpretability. Both Louvain and
Spectral clustering performed comparably, with Louvain consistently achieving slightly
higher modularity. Qualitative inspection confirmed that the discovered communities
reflected logical topical and departmental groupings, with several communities revealing
promising cross-disciplinary connections.

While this chapter focused on discrete community detection within a flattened network
structure, real-world scholars often contribute to multiple, nested research areas. Building on
these insights, subsequent chapters extend this framework to explore hierarchical community
organization, address publication imbalance through author representation strategies, and
evaluate the stability and interpretability of topic-based collaboration recommendations.
Together, these extensions advance the overall goal of developing a scalable and explainable
system for identifying interdisciplinary research opportunities across institutions.

In parallel, future extensions of this work will consider localized network construction
and incremental updates to improve scalability across larger, cross-institutional datasets,
preserving the ability to surface new interdisciplinary collaborations as the scholarly

landscape evolves.
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CHAPTER FIVE

HIERARCHICAL COMMUNITY MODELING

In this chapter, we address the second research question of this dissertation: “How can
hierarchical community detection capture multi-level structures in scholarly networks and im-
prove our understanding of topic-based collaboration patterns?” While the previous chapter
focused on discovering communities within a single layer of topic-based connections, real-
world scholarly networks often exhibit multiple levels of organization. Smaller, specialized
research groups may exist within broader disciplinary clusters, reflecting the nested nature
of academic domains and research themes. Understanding this hierarchy is important for
modeling how collaborations form and evolve at different levels of granularity—from tightly
connected research teams to higher-level disciplinary alignments.

The chapter begins with the motivation and problem statement, followed by a review
of related works on hierarchical community detection. We then describe the methodology,
including the hierarchical extensions of Spectral and Louvain algorithms, and introduce
the proposed Nested Hierarchical Louvain (NH-Louvain) model. Next, we present the
evaluation framework based on the Cophenetic Correlation Coefficient (CPCC) and outline
the experimental design conducted on both the topic-based scholarly network and several
synthetic networks. Finally, we discuss the results and conclude with observations and

directions for future work.

5.1 Motivation and Problem Statement

Community detection plays a central role in social network analysis by identifying
groups of vertices that are more densely connected to each other than to the rest of the

network. However, most conventional algorithms produce a single-layer partition of the
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network, assuming that each vertex belongs to one community. This assumption often fails
to capture the complex, multi-level organization seen in real-world systems. For instance,
in academic environments, researchers may belong to smaller research groups that share
specific topics, while these groups themselves belong to larger disciplinary or institutional
clusters. Such relationships naturally form a hierarchy that mirrors both specialization and
breadth within the scholarly landscape.

In Chapter 4, we constructed a scholarly social network based on topic similarity
derived from publication metadata to uncover potential interdisciplinary collaborations.
That approach emphasized distinct, non-overlapping communities using algorithms such
as Louvain and Spectral clustering. Yet, the topical structure underlying the network often
follows a hierarchy: “machine learning” and “computer vision” may both belong under the
broader theme of “artificial intelligence”, which in turn aligns with the larger discipline of
“computer science”. If topics are hierarchically organized, the researcher network constructed
from those topics is also likely to exhibit hierarchical community patterns.

Recognizing these multi-level relationships can provide a more comprehensive un-
derstanding of collaboration structures and improve the foundation for recommendation
models that operate across different topical scales. For example, identifying hierarchical
communities allows us to recommend not only direct peers within a subfield but also potential
collaborators who share higher-level research goals. Thus, our focus in this chapter is to
model and evaluate the hierarchical organization embedded in the topic-based network.

To explore this idea, we propose two approaches for hierarchical community detection.
First, we extend the traditional Louvain algorithm to a “Nested Hierarchical Louvain”
(NH-Louvain) framework that recursively partitions subgraphs to uncover deeper levels
of community structure. Modularity-based methods are known to favor larger partitions
and can therefore overlook small but meaningful groups, a limitation often referred to as

the resolution limit. This recursive process helps reduce the effect of this limitation by
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checking community structure again inside each group, which makes it easier for smaller
subcommunities to appear when they are present. Second, we develop a hierarchical variant
of Spectral clustering by integrating Hierarchical Agglomerative Clustering (HAC) on the
spectral embeddings of the network. While Spectral clustering is generally applied for flat
community detection, this adaptation enables it to identify communities at multiple levels
of granularity. To the best of our knowledge, prior studies have rarely combined HAC with
Spectral clustering for hierarchical community detection within social networks, making this
an additional methodological contribution of this work.

Furthermore, to evaluate the consistency and quality of the detected hierarchies, we
employ the Cophenetic Correlation Coefficient (CPCC), a metric traditionally used in
hierarchical clustering. We adapt CPCC for hierarchical community analysis to measure
how well each algorithm preserves the original pairwise relationships between researchers
across different hierarchical levels. Although CPCC is not commonly used in community
detection, we show that it can serve as a useful complementary measure to modularity,

providing quantitative insight into the depth and coherence of the resulting hierarchies.

Problem Statement: Given a topic-based scholarly network derived from researchers’
publication metadata, how can hierarchical community detection methods uncover multi-

level structures that reveal both fine-grained and higher-level collaborations?

Hypothesis: We hypothesize that applying a nested hierarchical community detection
framework, through both NH-Louvain and Spectral-HAC, will identify deeper and
more interpretable community structures compared to traditional flat approaches. Such
hierarchical modeling is expected to yield a more nuanced view of the scholarly landscape,

highlighting connections across multiple topical layers and providing a stronger analytical

foundation for future recommender system design.
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5.2 Related Work

Community detection has long been a central problem in social network analysis, aiming
to identify cohesive groups of vertices within complex systems. Traditional algorithms such
as the Louvain method [9] and Hierarchical InfoMap [105] have been used widely to detect
modular structures in large networks. However, these methods typically produce only a
single-layer partition and therefore miss finer subdivisions that may exist within broader
communities. Louvain uses a multilevel optimization process, but the intermediate levels
created during this procedure are not meaningful community layers and are discarded once
modularity is maximized. As a result, the method cannot represent nested community
structure. Moreover, Louvain is affected by the resolution limit, where smaller but
meaningful groups are merged into larger ones because their separation yields only a small
modularity gain [29]. This is problematic in topic-based scholarly networks, where such small
groups often correspond to emerging or specialized research themes. Similarly, InfoMap
recursively partitions a network based on information flow, but it can be sensitive to
parameter choices and often performs poorly on dense, weighted networks like our topical
similarity—based scholarly network, where flow patterns are not clearly separated.

Several extensions have been proposed to better capture hierarchical organization in
networks. Clauset et al. [18] developed one of the earliest modularity-based hierarchical
approaches for large networks. Li et al. [65] introduced a recursive partitioning framework
that formalizes hierarchical community detection with statistical guarantees, offering deeper
insight into multi-level network structures. Lancichinetti et al. [61] proposed a hierarchical
benchmark model that remains widely used for evaluating hierarchical community detection
algorithms. Peixoto et al. [92] presented the hierarchical stochastic block model (hSBM),
a probabilistic formulation that infers community hierarchies by fitting generative models

to network data. Although these model-based methods provide statistical rigor, their
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computational complexity increases rapidly with network size, making them less suitable
for large-scale scholarly networks constructed from content-based similarity:.

In the spectral domain, Wahl et al. [122] introduced a hierarchical fuzzy spectral
clustering framework that applies fuzzy c-means to spectral embeddings across multiple
values of k, linking the resulting partitions through Jaccard similarity to construct a
hierarchical structure. This approach produces soft, overlapping communities, which may
be advantageous in settings where researchers contribute to multiple topical areas. However,
running fuzzy c-means repeatedly over multiple cluster counts introduces substantial
computational cost, making the method less practical for large, dense networks such as
topical similarity—based scholarly graphs. Our Spectral-HAC approach avoids this overhead
by building a hard hierarchy through a single agglomerative process. Although we do not
address overlapping community detection here, fuzzy spectral methods highlight a promising
direction for future work.

Beyond modularity and model-based formulations, deep learning has recently been
adopted for hierarchical community detection. Ding et al. [24] introduced a self-evolving
hierarchical community detection framework using deep neural networks to learn latent
hierarchical representations. ~While these approaches can capture complex structures
automatically, they often require large training datasets, careful parameter tuning, and
labeled supervision, which are rarely available in scholarly settings. Moreover, the resulting
hierarchies are encoded within embedding spaces, making them less interpretable compared
to explicit, structure-based partitions.

In contrast, the approach presented in this dissertation focuses on transparent, unsuper-
vised algorithms that reveal interpretable hierarchies directly from network structure. The
proposed NH-Louvain algorithm recursively partitions detected communities to overcome
modularity’s resolution limit and expose finer layers of organization. Additionally, we extend

Spectral clustering into a hierarchical variant by applying HAC on spectral embeddings,
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enabling multi-level detection through eigenstructure analysis—a combination that, to
our knowledge, has not been previously applied in social network community detection.
Finally, we adopt the CPCC as a quantitative evaluation measure for hierarchical structures,
providing a novel metric for assessing how well community hierarchies preserve the original
pairwise relationships among vertices. Although CPCC is traditionally used in hierarchical
clustering, its adaptation here offers a meaningful and interpretable way to evaluate the

coherence and depth of network hierarchies.

5.3 Methodology

In this section, we describe the methodological framework used to identify hierarchical
community structures in the topic-based scholarly network. Our goal is to investigate how
different hierarchical community detection strategies can reveal the multi-level organization
of research communities that emerge from topic similarities among scholars. We employ
three algorithms: the standard Louvain algorithm, which serves as the baseline; the NH-
Louvain; and, finally, the Spectral-HAC. We then evaluate the hierarchical quality of each
algorithm using the CPCC, a structural measure that quantifies how closely the resulting
dendrogram reflects the pairwise similarities in the original network. The final part of this
section outlines the experimental design for both the scholarly and synthetic datasets used

in our analysis.

5.3.1 Louvain (Baseline)

The Louvain algorithm [9] serves as the foundation for our hierarchical analysis. As
discussed in Section 4.3.3, Louvain is a greedy modularity optimization algorithm that
iteratively merges vertices or communities to maximize modularity, a measure of the
density of edges within communities relative to a null model of random connections. This

optimization proceeds in two main phases: a local modularity optimization phase, where each
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vertex is reassigned to the community yielding the highest modularity gain, and a network
aggregation phase, where each community is treated as a single super-vertex, producing a
successively coarser representation of the network. Through this iterative process, Louvain
implicitly generates a hierarchy of communities, although in practice this hierarchy is often
shallow due to the resolution limit problem discussed later. The algorithm’s scalability
and unsupervised nature make it an ideal starting point for building a more expressive
hierarchical framework. We next describe how we extend this baseline into a divisive, multi-

level procedure.

5.3.2 Nested Hierarchical Louvain

While Louvain is capable of revealing hierarchical community structures, its depth
of hierarchy is often limited. This limitation stems from its reliance on modularity
maximization, which tends to favor larger communities. To overcome this bias and to reveal
finer substructures within the network, we introduce the NH-Louvain algorithm. NH-Louvain
follows a top-down strategy inspired by traditional divisive hierarchical clustering [46] and

can be summarized as follows:
o Initialization: Begin with all data points assigned to a single cluster.

« Divisive Step: The selected cluster is divided into two or more subclusters based on

a specific criterion.

e Recursion: The divisive process is applied recursively to each of the resulting

subclusters until a stopping criterion is met.

« Stopping Criteria: The algorithm terminates when a stopping criterion is satisfied.

This could be a predefined number of clusters or when further splitting is not feasible.

o Hierarchy Formation: Throughout the process, a hierarchical structure, often

represented as a dendrogram, is constructed.
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Algorithm 5.3 Nested Hierarchical Louvain
Require: Graph G = (V,E)
1: function NH-LOUVAIN(G)
P <+ LouvaIN(G)
if |P| <1 then
return leaf vertex labeled with P
else
create an internal vertex for P
for each community C' € P do
Geo « Glvertices in O]
attach NH-LOUVAIN(G¢) as a child

return internal vertex

._.
<@

The process starts by placing all vertices in the same community. For the divisive step,
we use the base Louvain algorithm to determine the first level of network partitions. We then
recursively apply the Louvain algorithm on the partitions obtained in the previous step until
reaching a stopping criterion. The stopping condition may occur when the partitions lead to
a single vertex or a single community that possibly forms a clique. The process ultimately

creates a dendrogram revealing the hierarchical structures present in the network.

Algorithm 5.3 shows the pseudocode of the NH-Louvain algorithm. The algorithm takes
the entire network G as input and runs the base Louvain to obtain the initial partitions at
line 2. Then, at line 3, it checks the stopping criterion for the recursive call, verifying whether
the partitions obtained from Louvain form a single partition or are empty. If this condition
is satisfied, the algorithm assigns it as a leaf vertex of the parent community and terminates
at line 4. Otherwise, for each community in the partition, it treats that community as a
child of the parent community and recursively calls the function with the subgraph induced
by the vertices in that community, effectively shrinking the size of the original network (lines
6-8). Finally, the algorithm returns a dendrogram that encodes the hierarchical relationships
among the partitions, where the leaves represent a single vertices or possibly a clique and

internal vertices represent higher-level aggregations.
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The main challenge with modularity-based approaches is the “resolution limit problem”,
which causes smaller communities to be merged into larger ones even when they are internally
well-defined [29]. This issue arises because modularity compares observed intra-community
edges to the expected number of such edges in a random network, scaling the comparison by
the total number of edges m in the graph. For an adjacency matrix A = [a;;] with degrees

d; and community labels ¢;, modularity is defined as

1 o d;d;
=5 (w5

i=1 j=1

) d(cis ¢,

where 0(c;, ¢j) equals 1 if vertices ¢ and j belong to the same community and 0 otherwise.
Maximizing () favors partitions that yield large modularity improvements, which often
correspond to merging smaller subgraphs whose contribution to the overall modularity is
negligible when m is large. Fortunato et al. [29] showed that Louvain fails to detect
communities smaller than approximately v/4m edges.

Several extensions of modularity introduce a resolution parameter v to adjust the scale

at which communities are detected [97]. The modified objective takes the form

1 e~ did;
Qy) = P ZZ (aij - Qm) d(ci, ¢j),

where higher values of v encourage smaller communities and lower values favor larger ones,
partially addressing the resolution limit. However, selecting an appropriate value of ~
requires domain knowledge because different settings can lead to substantially different
partitions. In addition, the resulting modularity scores are not directly comparable across
resolutions, which complicates the evaluation of partition quality. Instead of tuning v, we
adopt a hierarchical approach that examines community structure at multiple levels without

relying on scale parameters. This avoids the need to commit to a single resolution and aligns
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better with the layered topical organization present in scholarly networks.

In NH-Louvain, the recursive structure helps mitigate this bias. Each recursive call
operates on a smaller induced subgraph, effectively reducing the total number of edges m
considered during modularity optimization. This reduction tightens the resolution scale,
allowing Louvain to identify smaller, more meaningful communities that would otherwise be
absorbed into larger ones in a single global pass. Consequently, the resulting dendrogram
captures both coarse and fine-grained community structures, improving interpretability and

providing a more balanced view of the hierarchical organization of the scholarly network.

5.3.3 Spectral Clustering with Hierarchical Agglomerative Clustering

Spectral clustering is another widely used approach for community detection, particu-
larly suitable for identifying non-convex clusters through the spectral properties of the graph
Laplacian. The core idea is to represent the graph as a Laplacian matrix and project the
vertices into a lower-dimensional space using the eigenvectors associated with the smallest

eigenvalues. As described in Section 4.3.3, the normalized Laplacian is computed as
Lym =D 7(D—A)D 7,

where A is the adjacency matrix and D is the diagonal degree matrix. After computing the
k smallest eigenvectors, we form the spectral embedding matrix U € R™** where each row
corresponds to a vertex representation in the reduced space. These embeddings capture the
intrinsic structure of the network, and clustering them can reveal communities.

Unlike traditional spectral clustering that uses k-means to produce a flat partition, our
approach employs HAC [125] to uncover multi-level community structures. HAC successively
merges clusters based on a chosen linkage criterion, resulting in a dendrogram that captures
relationships between communities at different levels of granularity.

HAC begins with each vertex as its own cluster and iteratively merges the two clusters
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with the smallest inter-cluster distance until all vertices belong to a single cluster or a
stopping condition is reached. The distance between clusters can be computed in several

ways [116]:

« Single linkage: uses the minimum pairwise distance between elements of two clusters.

It can capture irregular shapes but tends to form long, chain-like structures.

o« Complete linkage: wuses the maximum pairwise distance between clusters. It
produces compact and well-separated clusters, which generally yield clearer hierarchical

structures.

« Average linkage: considers the mean pairwise distance between clusters, offering a

balance between the two extremes above.

o« Ward linkage: merges clusters that lead to the smallest increase in within-cluster

variance, making it effective when distances represent squared FEuclidean metrics.

The choice of linkage criterion influences the structure of the resulting hierarchy, since
each definition emphasizes different aspects of cluster separation. In this work, HAC is
presented in its general form, and the selection of a specific linkage function is addressed
later in the experimental design.

Algorithm 5.4 presents the pseudocode for applying HAC on spectral embeddings. The
algorithm requires the spectral embedding matrix as input, which is obtained from the
eigenvectors of the normalized graph Laplacian discussed earlier. At line 2, the pairwise
similarities between the embedding vectors are computed using a chosen distance metric.
Lines 3-8 describe the agglomerative process: the two closest clusters are identified and
merged based on the selected linkage criterion, and the distances are updated accordingly at
each iteration. Each merge operation is recorded to construct the dendrogram that captures

the complete sequence of hierarchical merges.
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Algorithm 5.4 Hierarchical Agglomerative Clustering on Spectral Embeddings

Require: Spectral embedding matrix U € R™** distance metric d(-, -), linkage ¢
1: Initialize clusters C «— {{1},{2},...,{n}}

2: Compute pairwise distances using d(-, -) on rows of U

3: while |C| > 1 do

4 (Cp, Cq> < arg minca7,gcb DiStg(Oa, Cb)

5: Merge C), and C; into Cp,

6 Update distances under linkage ¢

7 Record merge level for dendrogram construction

8

: return dendrogram 7 with hierarchical merges

By applying HAC to the spectral embeddings, we obtain a hierarchical partition that
can be examined alongside the hierarchy produced by NH-Louvain. Spectral-HAC provides
a complementary perspective by deriving its structure from the graph’s eigenvectors rather
than from modularity-based refinement. In the following section, we describe the evaluation

framework used to assess the resulting hierarchies.

5.3.4 Cophenetic Correlation Coefficient

The Cophenetic Correlation Coefficient (CPCC) is a popular metric for evaluating
hierarchical clustering in an unsupervised setting [113, 118]. It measures the goodness-of-fit of
a hierarchical clustering solution to the original data by quantifying the similarity between
the pairwise distances among data points and the distances in the dendrogram produced
by the hierarchical clustering algorithm. However, it has not received much attention for
evaluating hierarchical community structures in the context of community detection in social
networks.

To compute CPCC, we first obtain the cophenetic distance matrix from the dendrogram
produced by a hierarchical community detection algorithm. Each vertex in the dendrogram
represents a community at that level. The cophenetic distance between two vertices is the
distance or height of the lowest common ancestor vertex where the two vertices first merge

into a community. Formally, let h(u) denote the height associated with an internal vertex
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u in the dendrogram, and let LCA(v;,v;) denote the lowest common ancestor of the leaves
corresponding to vertices v; and v; in the original network. The cophenetic distance between
v; and v; is then

5ij = h(LCA(U“ ?)j)) .

The cophenetic distance matrix A = [§;;] then contains the cophenetic distances of all vertex
pairs in the network derived from the dendrogram.

Next, we compute the pairwise distance matrix for the original data points. As we
construct networks based on content data, we obtain an undirected weighted graph where
the weights represent the strength of the connection between two vertices. Therefore, for the
similarity matrix of the original data points, we use the adjacency matrix of the constructed
graph. Let A denote the adjacency matrix with a;; representing the edge weight between
vertices v; and v;. Let A denote the cophenetic distance matrix with d; ; representing the
cophenetic distance between vertices v; and v;. The CPCC between these two matrices is

computed as the Pearson correlation between their upper-triangular entries:

>icilai; — a)(di; = 9)

CPCC = )
’ Vil — ) /S, (65— 87

where @ and 0 are the corresponding means. Values range from —1 to 1, with 1 indicating a
perfect fit between the dendrogram and the original similarities, 0 indicating no correlation,

and —1 indicating perfect negative correlation.

5.3.5 Experimental Design

We evaluate the proposed methods on two types of networks: (1) synthetic networks
generated using hierarchical stochastic block models (SBMs) [42] to create controlled
hierarchical structures, and (2) a topic-based scholarly network constructed from publication

metadata across three universities. The details of each network and the corresponding design
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decisions are discussed below.

Synthetic Network To further evaluate the algorithms’ performance, we employ a hierarchical

SBM [42] to generate synthetic networks that capture nested community structures. This
model extends the classical SBM by introducing multiple levels of community organization,
where vertices are grouped into blocks at each hierarchical level. The parameters for the
hierarchical SBM include the number of vertices (N), the number of hierarchical levels (L),
a branching factor (B) where each block is divided into B child blocks, an intra-block edge
probability (Pia) to connect vertices within a block, and an inter-block edge probability
(Pinter) to connect vertices between blocks.

Initially, vertices are assigned to a single root block at the topmost level (Level 0). At
each subsequent level, each block is subdivided into child blocks according to the branching
factor B, and edges are added based on the specified probabilities P, and Pier, forming a
hierarchical dendrogram structure. Additionally, since the scholarly network is weighted and
its adjacency matrix represents topic-based similarity, we also assign weights to the edges in
the synthetic networks. For intra-block edges, weights are randomly sampled from the range
[0.5,1.0], and for inter-block edges, from the range [0.0,0.5].

The block sizes at each hierarchical level are determined by the total number of
vertices, the branching factor, and the hierarchy depth. For the synthetic networks, we used
N € {500,1000} and L € {3,4,5,6} with a branching factor B = 3, an intra-block edge
probability of P.. = 0.7, and an inter-block edge probability of P = 0.3. The reason
for choosing distinct intra- and inter-block probabilities is to ensure that the hierarchical
structure is primarily driven by edge weights, similar to the topic-based scholarly network.
As a result, we generated eight synthetic networks—four hierarchy levels for each network size
(500 and 1000 vertices), to evaluate how well each algorithm captures multilevel community

organization under controlled conditions.
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Scholarly Network We followed a similar approach to that described in Section 4.3.2 to

construct the initial networks, where LDA was used to compute topic-based similarity
between researchers. Each pair of researchers was connected with an edge weighted between
0 and 1, representing their topical similarity. Using this procedure, we constructed three
institutional networks for MSU, WSU, and CSU (see Chapter 3 for dataset details). In
addition, we combined all three into a single aggregated network to evaluate the proposed
methods on a larger, more diverse scholarly network.

As discussed in the previous chapter, connecting researchers purely based on topic
similarity results in a fully connected network since similarity values are strictly greater than
zero. To mitigate this, we applied edge-weight thresholds to prune weak connections and
retain only meaningful relationships that reflect stronger topical alignment. In the previous
chapter, these thresholds were tuned based on modularity optimization; however, higher
thresholds, while increasing modularity, also risked pruning interdisciplinary connections
that bridge distinct research areas. This trade-off motivated the need for hierarchical
community detection explored in this chapter. By introducing hierarchy, we can analyze
community structures at multiple levels of granularity and preserve potential interdisciplinary
connections that may exist at higher levels of abstraction.

Although a fully connected network captures all possible relationships, it introduces
significant noise and visual clutter, making it impractical for both visualization and structural
interpretation. Therefore, in this chapter, we adopted a less aggressive pruning strategy—re-
moving edges until the network reached a density of approximately 0.1. Prior work has shown
that moderate network sparsity (density between 0.05 and 0.15) often facilitates clearer
modular boundaries and improves the interpretability of detected communities [60, 83]. A
density near 0.1 provided a balance between structural clarity and sufficient connectivity for
meaningful community detection. We conducted experiments on both the fully connected

and reduced-density networks to evaluate the consistency of the detected hierarchies.
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The Spectral-HAC method for hierarchical community detection requires several
hyperparameters to be defined, including the similarity metric, the linkage criterion for
merging clusters, and the number of eigenvectors corresponding to the k smallest eigenvalues.
To determine these settings, we evaluated multiple distance metrics and linkage functions
using CPCC, which measures how well the resulting dendrogram preserves the pairwise
similarities in the original data. Among the distance metrics tested, “cosine” similarity
consistently yielded higher CPCC scores. Cosine similarity is appropriate in this setting
because spectral embeddings are real-valued vectors rather than probability distributions,
which is why we used Jensen—Shannon divergence earlier for topic-probability comparisons.
For the linkage criterion, we examined “single”, “complete”, “average”, and “Ward” linkage
and found that “complete” linkage achieved the highest CPCC values and produced the most
coherent hierarchical structures in practice.

Traditionally, in spectral clustering with k-means, the number of eigenvectors is selected
either from prior knowledge of the expected number of communities or by tuning £ using
an evaluation metric such as modularity. However, because modularity suffers from the
resolution limit problem, it is not ideal for evaluating partitions in the presence of hierarchical
structures. Therefore, we used the CPCC to determine the optimal number of spectral
components.

When computing CPCC for Spectral-HAC, we obtained two baseline similarity
matrices: one derived directly from the topic-based adjacency matrix and another from
the spectral embeddings obtained through the eigendecomposition of the normalized graph
Laplacian. Figure 5.1 shows the CPCC values for both representations across k& = 2 to
15 eigenvectors on the combined dataset. The two curves exhibit a similar overall shape,
which is expected because both representations originate from the same underlying spectral
structure of the graph. The Laplacian-based CPCC values are consistently higher, reflecting

the fact that the hierarchical structure in Spectral-HAC is built directly from the Laplacian
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Figure 5.1: CPCC vs. spectral components for Spectral-HAC on the combined dataset

embeddings, making the cophenetic distances more closely aligned with that space. To
maintain consistency with the Louvain-based approaches that operate directly on adjacency
weights, we selected the number of spectral components based on the adjacency-derived

CPCC values, choosing the k that achieved the highest correlation.

5.4 Result and Discussion

Table 5.1 reports the CPCC values and maximum dendrogram depths for the synthetic
hierarchical networks. In the table, the columns labeled Louvain, NH-Louvain, and Spectral
correspond to the base Louvain algorithm, the nested hierarchical Louvain algorithm, and
Spectral-HAC, respectively. Entries labeled “A_ (¢)” correspond to networks with 500
vertices and ¢ hierarchical levels, while “B_ (¢)” represent networks with 1000 vertices and ¢
levels. These datasets were generated to contain explicit multi-level community structures,

allowing a controlled comparison of how well each algorithm recovers the planted hierarchy.
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Table 5.1: CPCC and maximum dendrogram depth for synthetic hierarchical networks

Louvain NH-Louvain Spectral
Dataset
CPCC Depth | CPCC Depth | CPCC Depth
A 3 0.40 3 0.50 7 0.37 14
A 4 0.36 4 0.49 6 0.40 14
A5 0.36 3 0.47 6 0.36 18
A 6 0.37 4 0.50 6 0.33 16
B_3 0.40 3 0.50 7 0.40 16
B 4 0.40 4 0.52 7 0.39 18
B_5 0.37 4 0.50 7 0.37 18
B 6 0.34 4 0.45 7 0.33 18

As shown in the table, NH-Louvain achieves the highest CPCC values across most
configurations, confirming its robustness in hierarchically structured settings. Spectral-HAC
consistently produces the deepest trees, reflecting its agglomerative nature that merges a
single pair of clusters at each iteration. Louvain yields the shallowest trees and lower CPCC
values, reinforcing its tendency to identify broader, coarse partitions. Collectively, these
results show that NH-Louvain provides the most accurate reconstruction of hierarchical
structure, while Spectral-HAC offers the greatest depth and resolution, making both
methods complementary within the proposed framework.

For the synthetic networks, we also observed differences between the predefined
hierarchy levels and the tree depths discovered by the algorithms. Although each synthetic
network was generated with a known hierarchical structure, the addition of random edge
weights introduced small deviations between the constructed hierarchy and the one recovered

by each method. This deviation arises because randomized edge weights can relax the
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separation between hierarchical levels, making boundaries between communities less distinct.
Louvain produces maximum tree depths ranging from 3 to 4 levels, while NH-Louvain
yields depths of approximately 6 to 7 levels. Since NH-Louvain recursively applies the
Louvain algorithm to obtain subpartitions, it inherits a milder form of the resolution-
limit effect observed in Louvain, which can constrain the number of detectable hierarchical
layers. Although less pronounced than in Louvain, this limitation explains why NH-Louvain
hierarchies rarely exceed seven levels. In contrast, Spectral clustering exhibits a broader
range of depths, between 12 and 18 levels, owing to its pairwise merging of vertices at each
iteration in the spectral embedding space. This fine-grained merging process accounts for
the deeper dendrograms observed in Spectral-HAC. Together, the real and synthetic results
demonstrate that NH-Louvain captures hierarchical organization most faithfully in terms
of CPCC, while Spectral-HAC remains particularly effective for exploring multi-resolution
community structures through highly detailed hierarchical representations.

Table 5.2 reports the CPCC values and maximum dendrogram depths obtained by the
three algorithms on the real institutional networks. For each institution, we include results
for the full topic-based network (MSU, WSU, CSU, and the combined MWC network) and
for the pruned variant obtained by removing edges below the similarity threshold that yields
a density of approximately 0.1 (MSU-0.1, WSU-0.1, CSU-0.1, and MWC-0.1).

Several patterns emerge from these results. First, for the full institutional networks
(MSU, WSU, and CSU), NH-Louvain consistently achieves the highest CPCC values (0.630,
0.652, and 0.632, respectively), indicating that the recursive refinement of Louvain partitions
better preserves the pairwise similarity structure than the Louvain baseline or Spectral-HAC
at this level of sparsity. For the pruned networks, NH-Louvain again provides the highest
CPCC for WSU-0.1, CSU-0.1, and MWC-0.1, whereas Spectral-HAC attains the best
CPCC for MSU-0.1 (0.581 compared to 0.547 for NH-Louvain). This suggests that spectral

embeddings can be particularly effective when weaker edges are removed and the underlying
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Table 5.2: CPCC and maximum dendrogram depth for real institutional networks

Louvain NH-Louvain Spectral
Dataset
CPCC Depth | CPCC Depth | CPCC Depth

MSU 0.54 4 0.63 6 0.52 14
MSU-0.1 0.50 4 0.55 7 0.58 20

WSU 0.57 3 0.65 8 0.52 16
WSU-0.1 0.55 4 0.61 8 0.58 19

CSU 0.61 4 0.63 8 0.54 16
CSU-0.1 0.57 4 0.63 8 0.61 21

MWC 0.55 4 0.61 8 0.52 18
MWC-0.1 | 0.49 4 0.58 8 0.53 24

communities are more sharply defined. Across all real networks, the Louvain baseline yields
the lowest CPCC values, reinforcing the limitations of a single-level modularity optimization
approach for capturing hierarchical structure.

The depth values in Table 5.2 also highlight important differences in the structure of the
hierarchies produced by each method. Louvain consistently yields very shallow trees, with
depths between 3 and 4, reflecting coarse partitions with limited hierarchical refinement.
NH-Louvain produces moderately deeper trees (depths between 6 and 8), as expected from
its recursive application of Louvain within each community. Spectral-HAC, in contrast,
generates the deepest hierarchies, with depths ranging from 14 to 24 for the institutional
networks where it was run. This behavior is consistent with its agglomerative clustering
strategy, which merges only the closest pair of clusters at each step in the spectral space,
resulting in a finely resolved dendrogram.

For the remainder of this analysis, we illustrate the hierarchical structure and topical
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Figure 5.2: Dendrogram of the MSU network with NH-Louvain

composition using the MSU network as a representative example. The MSU network contains
college and department metadata, which helps interpret the hierarchical structure more
clearly than the other institutional networks. Dendrogram analyses for the WSU, CSU, and
combined MWC networks are included in Appendix B.

Figure 5.2 shows an example dendrogram for the MSU network generated using the NH-

Louvain algorithm. The vertex values indicate the size of communities at each hierarchical
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Figure 5.3: Dendrograms of the MSU-0.1 network

level. The dendrogram reveals six distinct levels, approximately three levels deeper than the

corresponding Louvain-based hierarchy. The overall structure is relatively full, though several
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Figure 5.4: Hierarchical WordCloud examples for the MSU-0.1 network

branches terminate earlier at four levels, illustrating that the hierarchical depth depends on
local network structure and the density of topical connections among subsets of researchers.
Further analysis of the dendrograms for the MSU-0.1 network is shown in Figure 5.3.
The base Louvain algorithm, shown in Figure 5.3a, rapidly converges to a shallow hierarchy,
where the largest communities emerge within the first iteration and only limited merging
occurs thereafter. This results in coarse partitions and a small number of hierarchical
levels. In contrast, the NH-Louvain dendrogram in Figure 5.3b displays a more detailed
and balanced structure, with recursive subdivisions producing finer community granularity.
The Spectral-HAC dendrogram, shown in Figure 5.3c, extends even deeper, reflecting its
agglomerative nature in the spectral space, where clusters are merged pairwise according
to minimal distance. This fine-grained merging process produces dendrograms that capture
subtle structural transitions between topical subcommunities. Together, these examples
highlight how the proposed hierarchical models reveal varying levels of structure within the
same network and enable interpretability through visualization of community hierarchies.
Figure 5.4 presents hierarchical community WordCloud examples across multiple levels
of the MSU-0.1 network hierarchy. To generate these WordClouds, we aggregated publication
metadata for each community and extracted representative topics using the trained topic

model. At hierarchy level 4 (Figure 5.4a), the WordCloud captures fine-grained communities
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primarily associated with algorithmic and machine learning topics. At higher levels, we
observe broader thematic generalization: level 2 (Figure 5.4b) integrates topics such as
optics and applied mathematics, while level 1 (Figure 5.4¢) captures cross-domain science-
related themes representing the most general layer of the hierarchy. These hierarchical
WordClouds indicate that the multi-level community structures identified by NH-Louvain
and Spectral-HAC correspond to semantically coherent topic groupings at different levels of

abstraction.

5.5 Summary

This chapter investigated hierarchical community detection strategies to uncover the
multi-level organization of scholarly collaboration networks. Building on the baseline
Louvain algorithm, which provides an implicit but shallow hierarchy through modularity
optimization, we developed two complementary approaches: the NH-Louvain algorithm
and the Spectral-HAC algorithm. NH-Louvain extends the traditional Louvain method
by recursively applying it on induced subgraphs to address the resolution limit problem
and capture finer community structures. Spectral-HAC, in contrast, leverages the graph’s
eigenstructure with hierarchical agglomerative clustering to derive a bottom-up hierarchy
grounded in the network’s latent geometry. To evaluate these hierarchies, we employed the
Cophenetic Correlation Coefficient (CPCC), which measures how faithfully the dendrogram
preserves the pairwise similarities of the original network.

Experimental analyses across institutional and synthetic datasets provided several
insights. NH-Louvain consistently demonstrated higher hierarchical fidelity than the
baseline Louvain algorithm, while Spectral-HAC produced comparably deep or deeper
hierarchies depending on the network’s density and edge-weight distribution. Moderate
edge pruning improved both interpretability and separability, indicating that retaining only

mid-strength connections helps reveal the underlying multi-level organization of research
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topics. Visual inspection of dendrograms and hierarchical WordClouds confirmed that
the proposed methods captured meaningful transitions from specialized research themes
to broader disciplinary areas across hierarchy levels.

While these findings validate the potential of hierarchical modeling for scholarly
networks, several limitations remain. The evaluation in this chapter focused on structural
coherence (through CPCC) without explicitly addressing semantic coherence, for example
how research themes evolve across hierarchy levels. Additionally, both algorithms assume
disjoint community membership, whereas real-world researchers often contribute to multiple,
overlapping topical areas. Extending NH-Louvain or Spectral-HAC to support overlapping
or fuzzy memberships, similar to Wahl’s [122] approach, would better capture the nuanced
structure of interdisciplinary collaboration.

Another key challenge concerns publication imbalance, where prolific authors dispro-
portionately shape community structures and obscure secondary research themes. The next
chapter addresses this issue by introducing strategies to balance representation and ensure

fairer modeling of scholarly hierarchies.
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CHAPTER SIX

HANDLING PUBLICATION IMBALANCE

In this chapter, we address the third research question of this dissertation: “How
does accounting for data imbalance improve community detection and enhance collaboration
recommendations in content-based social networks?” Many content-driven systems implicitly
assume that all entities contribute comparable amounts of information, but real-world data
rarely follow this assumption. Content can be unevenly distributed, where some entities
generate large and diverse collections of items, whereas others contribute only a small amount
or focus on narrow themes.

In scholarly networks, this general form of data imbalance appears specifically as
publication imbalance: some researchers produce large and diverse bodies of work across
multiple topics, while others publish less frequently or focus on narrower research areas. This
imbalance can distort topic-based similarity scores, allowing prolific researchers to dominate
the network and masking their less frequent but thematically distinct research interests.

To mitigate this issue, this chapter introduces a publication balancing strategy that
explicitly models author-level heterogeneity during network construction. We propose a
“cloning-based approach”, where a researcher’s publications are first grouped into topical
clusters, allowing each cluster to represent a distinct research focus. This grouping is achieved
through topic modeling using both LDA and BERTopic, where LDA offers a probabilistic
and interpretable representation of topics, while BERTopic, leveraging fine-tuned SciBERT
embeddings, captures contextual semantics through transformer-based representations. Each
resulting cluster is then treated as a separate node in the scholarly network, enabling a
single researcher to participate in multiple communities according to their different thematic

interests. This approach reduces bias arising from content-data imbalance and facilitates the
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discovery of more balanced and interdisciplinary collaborations.

The chapter begins with the motivation and problem statement, followed by a review of
related works addressing author-level imbalance and topical diversity in scholarly networks.
Next, we describe the proposed cloning methodology, detailing how topic modeling, network
construction, and edge weighting are adapted for the cloned representation. We then
evaluate the quality of the resulting communities empirically and demonstrate the benefits
of our approach for collaboration recommendations. Finally, we discuss the broader
implications of handling content-data imbalance for scholarly network analysis and conclude

with observations and potential future directions.

6.1 Motivation and Problem Statement

Research collaboration plays a central role in driving scientific advancement, yet
identifying meaningful new collaborations remains a complex task. While data imbalance
can arise in many content-based systems, this chapter focuses on its manifestation in
scholarly networks, where it appears as publication imbalance. FEarlier chapters of this
dissertation demonstrated that topic-based similarity can uncover connections beyond co-
authorship or citation networks, offering a more inclusive view of how scholars relate through
shared research interests. However, while topic-based networks provide a rich foundation for
analyzing collaboration potential, they also inherit biases from the underlying publication
data.

One critical source of bias arises from “publication imbalance”, where researchers vary
widely in their productivity. Highly prolific researchers often publish across several topics,
while others may specialize in a narrower domain. When topic models such as LDA or
BERTopic are used to aggregate publication content at the researcher level, this imbalance
can skew the representation. Frequent authors contribute more documents to certain topics,

which amplifies their influence in the similarity matrix and can overshadow their less frequent
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Figure 6.1: Percentile-based publication distributions across MSU, WSU, and CSU

but thematically distinct interests. Consequently, the resulting network structure tends
to overemphasize dominant themes for those researchers and underrepresent emerging or
secondary research areas.

This imbalance poses a problem for community detection and collaboration recommen-
dation, particularly for prolific researchers. Without addressing this issue, their dominant
theme often dictates community assignment, while secondary or diverse interests become
diluted within a single representation. This limits the detection of interdisciplinary connec-
tions, as those secondary topics may serve as important bridges linking researchers across
different domains. Addressing publication imbalance therefore requires a representation
that preserves each researcher’s diversity of interests without allowing publication volume to
dominate network formation.

To illustrate the overall publication imbalance, Figure 6.1 presents the percentile-based
publication distributions for MSU, WSU, and CSU. Since the total number of researchers
varies across institutions, the percentile representation provides a normalized view of the

publication trend. Each curve shows the number of publications per researcher against their
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percentile rank within the institution, allowing a direct comparison of skewness across the
three datasets. All three curves follow a similar right-skewed pattern, indicating that a small
proportion of researchers contribute a disproportionately large share of the total publications.
This consistent trend across institutions highlights a systemic publication imbalance within
the scholarly network.

Therefore, to address this imbalance challenge, this chapter introduces a cloning-
based approach that partitions each researcher’s publications into topic-specific clusters,
representing them as multiple nodes within the network. Each node corresponds to a distinct
research focus, allowing a more balanced and context-aware structure that supports accurate
community detection and diversified collaboration recommendations. This approach seeks
to uncover latent relationships that are often masked by traditional author-level aggregation,

providing a broader and more equitable view of scholarly collaboration potential.

Problem Statement: Given a topic-based scholarly network constructed from
publication metadata, how does publication imbalance affect the resulting community
structures, and how does it influence the diversity and relevance of collaboration

recommendations?

Hypothesis: We hypothesize that applying a cloning-based strategy will mitigate the
effects of publication imbalance by allowing prolific researchers to be represented through
multiple topic-specific clusters. By capturing both dominant and secondary research areas,

the cloned representation is expected to yield more balanced community structures and

support more diverse collaboration recommendations.
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6.2 Related Work

Earlier studies of scholarly collaboration networks primarily focused on structural
relationships such as co-authorship and citation links [5, 81]. These works established
fundamental properties of scientific collaboration networks but also revealed a dominance
pattern where highly connected or prolific authors disproportionately shape network
structures. Such structural bias often extends to content-based representations, where prolific
researchers influence the formation of similarity networks more strongly than others.

Barabési and Albert [5] formalized this dominance pattern through the preferential
attachment model, showing that new nodes are more likely to connect with highly connected
nodes, creating a “rich-get-richer” dynamic. This effect closely resembles publication
imbalance in scholarly networks, where prolific authors exert disproportionate influence on
topic-based similarities and community detection outcomes. Leskovec and Faloutsos [62]
also examined how large-scale graphs can suffer from structural bias and proposed sampling
strategies to preserve representativeness in skewed networks. Together, these studies
highlight the need to address structural dominance, which this dissertation approaches
through author-level balancing rather than network resampling.

Fairness and bias mitigation have also become key considerations in recommender
systems, providing a relevant perspective for scholarly collaboration modeling. Sonboli et
al. [114] discussed the multi-sided nature of fairness, emphasizing that recommendation
outcomes affect multiple stakeholders and must balance user and provider interests. Ekstrand
et al. [26] presented a unified framework for fairness in information access systems, focusing
on exposure and representational equity. Ge et al. [32] further expanded on these ideas
by reviewing trustworthy recommender systems, summarizing challenges related to fairness,
transparency, and robustness. Although these studies were developed in different domains,

they align conceptually with the motivation of this work to ensure balanced representation
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so that prolific authors do not dominate recommendation outcomes.

At the modeling level, Rosen-Zvi et al. [103] introduced the Author-Topic Model,
extending Latent Dirichlet Allocation [8] to jointly infer document and author-level topic
distributions. This model captures multiple topical interests for each author rather than
assigning a single representation. Similarly, Griffiths et al. [34] proposed hierarchical topic
models using the nested Chinese Restaurant Process to capture layered topic relationships
within a corpus. While these models effectively represent topical diversity, they do not
address the imbalance in publication volume across authors. In contrast, this dissertation
complements such probabilistic approaches with a clustering-based cloning strategy that
redistributes author representation across topic clusters.

Recent work in representation learning also supports modeling multiple perspectives
of entities in networks. Zhao et al. [136] developed a self-supervised heterogeneous
graph embedding framework that captures multiple relational views through multi-view
consistency. Li et al. [64] and Zheng et al. [137] proposed multi-view representation learning
methods that jointly optimize embeddings across complementary subspaces. Although these
techniques were designed for general-purpose networks, they share a conceptual connection
with this study; representing an entity through multiple embeddings helps capture context-
dependent semantics. The cloning-based representation proposed in this chapter applies
this principle to researchers by creating topic-specific clones that mitigate the effects of
publication imbalance.

Temporal modeling has also been explored to understand evolving research interests.
Jebari et al. [48] used citation contexts to analyze topic evolution over time, while Kong et
al. [56] and Zhou et al. [138] incorporated temporal weighting into similarity computations
to capture dynamic collaboration patterns. These studies primarily examine longitudinal
changes in research focus. In contrast, the present work addresses the structural imbalance

that exists within a static timeframe, focusing on the unequal contribution of prolific
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researchers across concurrent topics rather than temporal evolution.

In summary, prior research has advanced our understanding of collaboration networks,
topic modeling, and fairness in recommendation systems, yet none have explicitly addressed
publication imbalance in topic-based scholarly networks. This dissertation extends these
areas by proposing a cloning-based strategy that balances author representation, captures
diverse topical interests, and improves both community interpretability and fairness in
collaboration recommendations.

In summary, prior research has advanced our understanding of collaboration networks,
topic modeling, and fairness in recommendation systems, yet none have explicitly addressed
publication imbalance in topic-based scholarly networks. This dissertation extends these
areas by proposing a cloning-based strategy that balances author representation, captures
diverse topical interests, and improves both community interpretability and the diversity of
collaboration recommendations. Although developed for scholarly networks, the underlying
idea is more general: any content-based network in which entities contribute highly
imbalanced amounts of data (such as product-item networks, user-generated content
platforms, or scientific dataset repositories) could benefit from a similar cloning strategy
to prevent dominant contributors from overshadowing latent or secondary themes in the

data.

6.3 Methodology

Our proposed methodology, summarized in Figure 6.2, extends the topic-based scholarly
network framework by addressing publication imbalance explicitly. The process begins with
training topic models, namely LDA and BERTopic, on publication metadata to capture
topical representations of each researcher’s work. Based on the distribution of publication
counts, we identify prolific researchers whose high output may bias community formation

and apply a cloning-based strategy to represent their diverse topical interests.
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Figure 6.2: Overview of the proposed methodology

Each researcher (and their clones) is then represented through topic probability
distributions, which are used to compute pairwise topic similarities and construct the research
network. Community detection algorithms are applied to this network to identify groups of
researchers sharing coherent topical themes. Finally, we merge cloned nodes corresponding
to the same researcher to obtain the refined set of research communities that balance
productivity while preserving diversity in research focus. Since cloned nodes may be assigned
to different communities, this process also allows a single researcher to have overlapping
community memberships, reflecting the multi-faceted nature of their research interests.
Although we do not employ dedicated overlapping community detection algorithms, cloning
provides a natural mechanism for capturing such overlap, and comparing this approach with

formal overlapping methods remains a potential direction for future work

6.3.1 Topic Modeling

Topic modeling serves as the foundation for constructing topic-based scholarly networks,
where topical similarity between researchers is derived from the distribution of research
themes across their publications. In this study, we employ two topic modeling approaches:

LDA and BERTopic. LDA provides a probabilistic and interpretable baseline, while
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BERTopic introduces contextual embedding-based representations capable of capturing
semantic relationships beyond word co-occurrence. Although the primary objective of this
chapter is not to compare the performance of topic models, using both methods offers
complementary perspectives for building topic-based researcher networks and evaluating the

effects of publication imbalance.

LDA As introduced in Section 4.3.1, LDA [8] models each document as a mixture of latent
topics and each topic as a distribution over words. This generative framework assumes that
documents are produced by first sampling a distribution of topics, then sampling words
conditioned on those topics. LDA remains one of the most widely adopted probabilistic
models for uncovering latent thematic structures in text due to its interpretability and
simplicity.

In this chapter, LDA is employed to extract document-level topic distributions from
publication titles and abstracts. Each researcher’s topic profile is computed by concatenating
all their publications into a single composite document and extracting topic probabilities from
the trained LDA model. The resulting topic mixture vector reflects the researcher’s overall
topical composition and serves as input for computing researcher-level topical similarity and
constructing the topic-based scholarly network used in subsequent analyses. The motivation
for the cloning strategy also stems from this representation: concatenating the publications
of prolific researchers, sometimes exceeding 150 documents, into a single large document

may cause dominant topics to overshadow their secondary or interdisciplinary interests.

BERTopic While LDA provides interpretable topic mixtures, its bag-of-words representation
limits its ability to capture semantic and contextual relationships. To address these
limitations, we employ BERTopic [35], a transformer-based topic modeling framework
that integrates deep contextual embeddings with dimensionality reduction, clustering, and

keyword extraction. With the rapid advancement of transformer-based models, BERTopic
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has become a popular and effective approach for discovering semantically coherent topics

from unstructured text. The BERTopic pipeline consists of the following main components:

o Sentence Embedding: Each document is represented using contextual embeddings
generated by a pre-trained transformer model [7, 27, 98]. These embeddings capture
semantic relationships between words and phrases by considering their surrounding
context, allowing conceptually similar documents to occupy nearby positions in the

embedding space.

« Dimensionality Reduction (UMAP): Since transformer-based embeddings are
high-dimensional, Uniform Manifold Approximation and Projection (UMAP) [78] is
applied to project the document embeddings into a lower-dimensional space. This
step preserves both local and global structure, helping reveal the intrinsic geometry on

which documents lie and facilitating clustering.

o Clustering (HDBSCAN): The reduced embeddings are clustered using Hierarchical
Density-Based Spatial Clustering of Applications with Noise (HDBSCAN) [77].
HDBSCAN identifies clusters of varying density, handles noise points, and does not
require specifying the number of clusters, making it well suited for scholarly datasets in
which topic density varies across fields. Although BERTopic is commonly paired with
HDBSCAN, the framework is modular and supports other clustering algorithms (e.g.,
k-means, spectral clustering, or agglomerative clustering), with HDBSCAN chosen

here for its ability to adapt to irregular cluster shapes and differing density levels.

« Topic Representation (c-TFIDF): For each cluster, class-based term frequency—in-
verse document frequency (c-TFIDF) [35] is applied to extract representative keywords.

Unlike standard TF-IDF, which treats each document independently, c-TFIDF

aggregates all documents in a cluster into a single class document. This highlights
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terms that distinguish one cluster from the rest of the corpus and is essential for
producing interpretable topic descriptors in BERTopic. The resulting term weights
provide a pseudo-probability over words, analogous to the topic-word distributions

produced by LDA.

In this work, BERTopic is implemented with SciBERT [7] as the embedding model,
as SciBERT is pre-trained on a large corpus of scientific text and is thus well suited for
capturing the linguistic and conceptual nuances of scholarly publications. To further improve
topic quality and alignment, SciBERT is fine-tuned on our corpus using a masked language
modeling (MLM) [23] objective before generating embeddings. During fine-tuning, a random
subset of tokens (typically 15%) is replaced with a special [MASK] token, and the model
learns to predict the masked words based on their surrounding context. This process adjusts
the pre-trained model’s parameters to better represent domain-specific terminology and
writing patterns in our dataset. Prior research has shown that fine-tuning transformer-
based models on task-specific or domain-specific corpora can substantially improve their
representational performance [25, 37, 119].

Although SciBERT is well matched to scientific text, we note that fine-tuning on a
domain-specific corpus may introduce new biases by reinforcing terminology and stylistic
patterns that are more common in the sampled institutions or disciplines. This limitation is
not unique to SciBERT, as any domain-adapted model may underrepresent less frequent
or non-scientific linguistic structures, and should be considered when interpreting topic
assignments. Nevertheless, in the context of this work, the benefits of improved topical
alignment outweigh these limitations, as the goal is to model research themes within scholarly
publications.

Fine-tuning allows SciBERT to better adapt to the vocabulary and contextual
dependencies unique to our institutional publication corpus, resulting in more coherent

topic clusters and more accurate similarity estimation between documents. As shown in
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the results section, this fine-tuned variant yields higher topical coherence and improved
researcher similarity scores in the constructed networks.

For each researcher, BERTopic produces document-level topic memberships that
are aggregated to form researcher-level topic vectors analogous to the LDA-based topic
mixtures. These vectors are subsequently used to compute pairwise topical similarity
between researchers, forming the weighted edges of the topic-based scholarly network used

in downstream community detection and imbalance-handling processes.

6.3.2 Cloning Prolific Researchers

This section describes how prolific researchers are identified and how the cloning-based
strategy is applied to address publication imbalance across the three institutions in this
study—MSU, WSU, and CSU (see Chapter 3 for dataset details). While the core concept
remains the same, creating multiple representations or “clones” for prolific researchers by
clustering their publications into distinct topical themes, we employ two complementary
approaches that differ in their underlying modeling framework.

The first is an LDA-based cloning approach, where a local LDA model is trained for
each prolific researcher. The resulting document—topic probability distributions are then
clustered using HDBSCAN to group documents sharing similar topical patterns. HDBSCAN
is used here because it can identify clusters of varying density and does not require specifying
the number of clusters in advance, although in principle any clustering algorithm could be
employed for this step. The second approach is an embedding-based method that uses fine-
tuned SciBERT to generate contextual sentence embeddings for each publication. These
embeddings are clustered using the same HDBSCAN setup as in the LDA-based approach,
yielding groups of semantically related documents that represent a researcher’s distinct
topical focuses.

The motivation for adopting both approaches lies in their complementary strengths:
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LDA provides interpretable, probabilistic topic structures, whereas transformer-based em-
beddings capture nuanced semantic relationships but lack direct interpretability. Together,
they offer two perspectives on representing researcher diversity. After obtaining topical
clusters for each prolific researcher, each cluster is treated as a separate entity—or “clone”™—in
the network construction process, allowing the resulting topic-based network to reflect both

depth and diversity in scholarly focus.

Filtering of Prolific Researchers Data (publication) imbalance is a key challenge in topic-

based network construction, as a small subset of researchers often contributes a dispro-
portionately large share of publications. This imbalance can bias community detection,
since prolific researchers may dominate topical similarity measures and influence network
structure. To quantify this imbalance and identify prolific researchers, we first examined the
publication count distribution across the three institutions in this study (MSU, WSU, and
CSU).

As shown in Figure 6.3, all three institutions show a pronounced right-skewed
distribution, indicating that a small number of researchers publish substantially more than
the rest. This detailed view complements the combined imbalance pattern presented earlier
in Figure 6.1, providing the institution-specific trends used in the cloning methodology. To
determine which researchers qualify as prolific, we applied the “elbow method” [14] to the
ranked publication counts. The elbow method is a heuristic commonly used to identify a
threshold or cutoff point in a curve where the rate of change sharply decreases, resembling
an “elbow” shape. In this context, it detects the inflection point in the publication count
curve where adding more researchers yields diminishing returns in total output. Researchers
with publication counts beyond this elbow point are considered prolific.

Applying this approach, the prolific publication thresholds were determined to be 45
for MSU, 51 for WSU, and 58 for CSU, respectively. These thresholds define the subset
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of researchers for whom the cloning strategy, described in the next sections, is applied to

mitigate the dominance of publication volume in community detection.

LDA-based Cloning For the LDA-based cloning approach, we begin with the set of

publications authored by each prolific researcher and cluster them based on topical similarity.
To derive document-level topic representations, two modeling strategies can be considered:
a global LDA model trained on the entire corpus or a local LDA model trained on each
researcher’s publications.

In the global approach, an LDA model is trained using all available publications, and
the resulting topic distributions are used to represent individual documents. However, this
approach presents a key limitation. The global model often contains a large number of
topics (e.g., 100-150), while the topical scope of a single researcher’s publications is typically
much narrower. As a result, the document—topic vectors become highly sparse, with non-
informative probabilities for irrelevant topics. This sparsity can reduce the model’s ability
to cluster publications at the researcher level meaningfully.

To address this issue, we employ a local LDA approach, training a separate LDA model
for each prolific researcher. The number of topics in these local models is considerably smaller
than in the global model, making the resulting topic distributions more representative of each
researcher’s actual thematic range. This produces denser document—topic vectors that more
accurately reflect the topical composition of a given researcher’s work and provide a better
input space for clustering. As discussed later in the experimental design section, different
topic ranges were tested during local training to ensure stability of the results.

Once the local LDA model is trained for a prolific researcher, we obtain a topic-
probability vector for each publication, which serves as the feature representation for
clustering. The HDBSCAN algorithm is then applied to these vectors to group publications

according to shared topical patterns.
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A potential concern with this approach is scalability—training an independent LDA
model for every prolific researcher may appear computationally expensive for larger datasets.
In practice, this step remains feasible because the number of prolific researchers is relatively
small, and each researcher typically has between 45 and 300 publications. Since each model is
trained independently, the process can be parallelized easily. Moreover, LDA with collapsed
Gibbs sampling converges efficiently for such dataset sizes. If scalability becomes a constraint
in larger settings, a global LDA model could still be used with dimensionality reduction
or topic filtering techniques to reduce sparsity, though these alternatives may provide less
researcher-specific detail.

After clustering the topical representations with HDBSCAN, each resulting cluster is
treated as a separate clone for that researcher. For example, if a researcher’s publications are
grouped into three clusters, three clones—A1, A2, and A3—are created, each corresponding
to one distinct topical cluster. HDBSCAN may also label certain publications as noise
(assigned the label —1); since these documents may still capture secondary or emerging
themes, they are retained as an additional clone to preserve a complete view of the

researcher’s topical diversity.

BERT-based Cloning The BERT-based cloning approach follows a similar overall procedure

to the LDA-based method, but relies on transformer-based sentence embeddings rather than
probabilistic topic distributions to represent documents. In this approach, each publication
is first converted into a dense numerical vector using a sentence embedding model, which
captures contextual relationships between words and phrases within the text.

We employ SciBERT [7] as the base embedding model. As discussed earlier in the
BERTopic description, SciBERT is pre-trained on scientific and technical text, providing
good initial coverage of the vocabulary and stylistic patterns commonly found in scholarly

publications. To better align the model with our specific corpus, we fine-tune SciBERT
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using a masked language modeling (MLM) objective on all publications across the three
institutions. In MLM, a portion of tokens is replaced with a [MASK] symbol, and the model
learns to predict the missing words from surrounding context. This process encourages the
model to internalize corpus-specific terminology and usage patterns, resulting in document
embeddings that more accurately reflect the semantic structure of our dataset.

Each publication is then represented by the embedding vector generated by the fine-
tuned SciBERT model. These embeddings are high-dimensional, which can hinder efficient
clustering. To address this, we apply UMAP to reduce the embedding space while preserving
both local and global semantic relationships. After testing multiple dimensionality settings,
we fixed the reduced dimensionality to five for all experiments, as detailed later in the
experimental design section.

The reduced document embeddings are then clustered using HDBSCAN to group similar
publications for each prolific researcher. Each resulting cluster represents a distinct topical
theme and is treated as a separate clone, consistent with the LDA-based cloning procedure.
For instance, if a researcher’s publications form three clusters, three clones (e.g., B1, B2,
and B3) are created, each corresponding to a different area of research focus. As before, any
documents labeled as noise (—1) by HDBSCAN are retained as an additional clone, since
these often reflect marginal or emerging topics that still contribute to the researcher’s overall

research profile.

6.3.3 Research Networks with Clones

Following the cloning step, which expands the total number of researchers by
introducing cloned nodes for prolific individuals, the next stage involves constructing the
topic-based research network. This begins with computing topic probability distributions for
all researchers, including their clones, using both global LDA and BERTopic models trained

on the full corpus. The resulting distributions are then used to compute topic similarity
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scores between researchers, forming the adjacency matrix of the scholarly network.

For LDA, the process closely follows the network construction described in Section 4.3.2.
Each researcher’s topic distribution is obtained by concatenating all their publications into
a single large document and querying the trained global LDA model for the resulting topic
mixture. To measure topical similarity between researcher pairs, we use the Jensen—-Shannon
Divergence (JSD) [104], a symmetric variant of the Kullback—Leibler divergence. The JSD
produces bounded similarity scores between 0 and 1, where higher values indicate stronger
topical alignment. These scores define the weighted edges of the network.

In the case of BERTopic, the fine-tuned model does not directly yield probabilistic topic
distributions as LDA does. Instead, it estimates a pseudo—topic probability distribution for
each document. Specifically, BERTopic divides each document into overlapping segments
(token windows), assigns topics to each segment, and aggregates the assignments to estimate
a normalized topic vector. To compute researcher-level topic distributions, we aggregate and
normalize the topic vectors of all publications authored by a given researcher. Let N denote
the full set of publications and N; C N represent the publications of researcher ¢ with
n; = |Ny|. If 8, is the topic distribution of publication p; € Nj;, then the researcher-level

topic distribution ©; is defined as:

1
©:=—> 0,

" pj€EN;

The pairwise JSD between these researcher-level topic distributions is then used to
construct the weighted topic similarity matrix for BERTopic. Similar to the LDA-based
network, this produces a fully connected graph. However, as discussed in the previous
chapter, weak edges are pruned to achieve an optimal network density, improving the
interpretability of community detection results. The difference in this setting is that the

cloned researchers now appear as separate nodes, each corresponding to a distinct topical
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cluster derived from the cloning process.

6.3.4 Community Detection and Refinement

In Chapter 4, we employed flat community detection algorithms such as Louvain
and Spectral clustering to detect communities at a single level of granularity. Later, in
Chapter 5, we demonstrated that research topics often exhibit hierarchical structures, and
that a hierarchical community detection framework can better capture multi-level patterns
of scholarly organization. Building on those findings, this chapter applies the Nested
Hierarchical Louvain (NH-Louvain) algorithm (Section 5.3) to detect communities within
the cloned research network.

Briefly, NH-Louvain begins with the standard Louvain method [9], which greedily
optimizes modularity to identify communities. It then recursively applies the Louvain process
to each detected community, producing a hierarchy of clusters until a stopping criterion is
reached. The stopping criterion determines the desired level of granularity in the resulting
hierarchy. For this study, we set a minimum community size threshold as the stopping
criterion, favoring moderately sized communities that reflect broader interdisciplinary
alignments rather than narrowly focused research groups. This configuration supports our
goal of identifying diverse and cross-disciplinary collaboration opportunities.

Introducing clones for prolific researchers allows them to appear multiple times in the
network, reflecting their engagement across different topical areas. Consequently, some clones
of the same researcher may occur within the same community, while others may appear
across different communities. To ensure accurate representation, we perform a community
refinement step to merge all clones that appear within the same community, while retaining
those that occur in distinct communities as separate entities. This refinement is conducted
independently within each community subgraph rather than across the entire network. The

rationale is that if a researcher’s clones belong to different communities, this separation
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Algorithm 6.5 Community Refinement

Require: Community subgraph G¢, community nodes C'
1: Group nodes in C' by base researcher identity
2: Initialize new community graph G’
3: for all node v in C' do

4: Add base identity of u to G’

5 for all neighbor v of v in G¢ do

6 Get base identity of v

7: if base identities of u and v differ then

8 Add base identity of v to G’ if not present

9: Add or update edge (u,v) in G’ with maximum weight

10: return G’

reflects genuine participation in distinct research themes and should be preserved. The

refinement process is outlined in Algorithm 6.5.

The algorithm takes as input the subgraph corresponding to a detected community and
returns a refined version where all clones sharing the same base identity are merged into
a single node. For each node u, its base identity is added to the refined graph, and edges
are aggregated between distinct base identities using the maximum observed edge weight.
The resulting community graph retains all unique researcher connections while removing

redundancy introduced by cloned nodes.

6.3.5 Experimental Design

This section outlines the design choices and hyperparameter settings used for training
the topic models, identifying and cloning prolific researchers, and constructing the scholarly
networks. Four datasets were used in total: three institutional datasets (MSU, WSU, and
CSU; see Section 3 for details) and one combined dataset, denoted as MWC, which integrates
all three institutions. The combined MWC dataset includes approximately 1,700 researchers
and 47,000 publication records.

For the global LDA model, the training process follows the procedure described in

Section 4.3.1. Briefly, the number of topics is a predefined hyperparameter that determines
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the model’s granularity. For the institutional datasets, we trained models with topic counts
ranging from 50 to 150, in increments of 10. For the larger MWC dataset, the topic range
was extended from 100 to 200, also in increments of 10. The optimal number of topics for
each dataset was selected based on the C_V coherence measure (see Section 2.2.4), resulting
in 80, 80, 90, and 160 topics for MSU, WSU, CSU, and MWC, respectively.

For BERTopic, we used Hugging Face’s pre-trained allenai/scibert_scivocab_uncased!
model as the base sentence transformer. To better align with the scholarly domain of our
corpus, the model was fine-tuned using the masked language modeling (MLM) objective over
all publication titles and abstracts in the MWC dataset. During fine-tuning, 15% of tokens
were masked at random, and the model was trained for 20 epochs while recording the C_V
coherence score at each epoch to identify the optimal checkpoint for downstream BERTopic
training. Figure 6.4 shows the C_V coherence scores for BERTopic models trained using
embeddings from each fine-tuning epoch of SciBERT. Based on these results, epoch 14 was
selected as the optimal checkpoint for embedding generation in subsequent experiments.

For dimensionality reduction, UMAP was used to project document embeddings into a
lower-dimensional space prior to clustering. UMAP was configured with n_neighbors=15,
min_dist=0.1, and n_components=5. The reduced embeddings were then clustered us-
ing HDBSCAN, configured with min_cluster_size=15, min_samples=15, and cluster_selec-
tion_method="eom’.

It is important to distinguish between text representation and model training. During
BERTopic training, raw (unprocessed) text was used to preserve contextual relationships
between words, which are critical for transformer-based embeddings. However, for the topic
representation stage, where keywords are extracted using c-TFIDF, we applied the same
text preprocessing steps described in Section 3.2.2, including lowercasing, stopword removal,

and lemmatization. This ensures that topic word lists remain interpretable while embeddings

'https://huggingface.co/allenai/scibert_scivocab_uncased
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Figure 6.4: BERTopic coherence across SciBERT fine-tuning epochs on the MWC dataset

retain full contextual information. After training BERTopic on the four datasets, the number
of discovered topics was 80 for MSU, 231 for WSU, 292 for CSU, and 510 for MWC. These
results illustrate that BERTopic, being context-aware, tends to produce finer-grained topical
structures than probabilistic LDA.

For LDA-based cloning, we trained a local LDA model for each prolific researcher using
their individual set of publications (title and abstract). Each model was trained with the
number of topics ranging from 2 to 10, in increments of 1, based on the intuition that
a researcher-specific topic model should exhibit a narrower topical focus compared to the
global model. Similar to the global LDA, we used the C_V coherence score to select the
optimal number of topics for each researcher. The resulting document—topic probability
distributions were then used as the feature space for the HDBSCAN algorithm to cluster
publications according to topical similarity.

Since the topic dimensionality did not exceed ten, no additional dimensionality reduc-

tion was applied. HDBSCAN was configured with min_cluster_size=5 and min_samples=5,
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Table 6.1: Cloning statistics by institution for LDA and BERT

Institution (Prolific) Method Max Min Median Std Single-Clone

LDA 6 1 3 1.41 5
MSU (48)

BERT 11 1 4 1.88 2

LDA 12 1 3 1.80 12
WSU (102)

BERT 11 1 4 2.00 3

LDA 15 1 3 1.93 14
CSU (140)

BERT 13 1 4 2.26 3

where min__cluster__size defines the minimum number of points required to form a cluster, and
min_samples specifies the number of neighboring points that determine whether a point is
considered a core point. Outlier publications identified by HDBSCAN were grouped together
as a separate clone when their count exceeded five.

The BERT-based cloning process was computationally simpler than the LDA approach.
For each prolific researcher, we first generated document embeddings using the fine-tuned
SciBERT model. These embeddings served as the feature space for clustering. Given
that SciBERT produces 768-dimensional embeddings, dimensionality reduction was first
performed using UMAP with n_neighbors=15, min_dist=0.0, and n_components=5. The
reduced embeddings were then clustered using HDBSCAN with the same configuration as
the LDA-based approach (min_cluster_size=5, min_samples=5).

Table 6.1 summarizes the cloning statistics for both LDA- and BERTopic-based methods
across the three institutions. For both methods, the “Min” value is 1, indicating that
some prolific researchers, despite meeting the selection threshold, were not partitioned into
multiple topical clusters. This typically occurs when all of a researcher’s publications are

highly similar or when HDBSCAN fails to form a cluster and instead classifies all documents



116

as outliers. The “Single-Clone” column represents the number of prolific researchers who
produced exactly one clone. Overall, the LDA-based approach yielded a higher number
of single-clone cases, while BERTopic tended to generate more clones per researcher,
reflecting methodological differences in how each approach captures topical diversity within
an individual’s publication set.

We employed the NH-Louvain algorithm for hierarchical community detection. To
reduce network density and obtain more interpretable structures, edges were pruned until the
overall density reached 0.1, consistent with the approach described in Chapter 5. To promote
interdisciplinary community formation, a minimum community size of 30 was used as the
stopping criterion, meaning NH-Louvain stopped the recursive partitioning process once a
community size reached 30 or fewer members. All hyperparameters were tuned through
random search, aiming for stable and interpretable community structures that reflected
meaningful topical groupings.

All experiments were conducted on the Tempest High Performance Computing System,
operated and supported by University Information Technology Research Cyberinfrastructure
(RRID:SCR_ 026229) at Montana State University. Each job utilized one compute node with
32 CPU cores, one NVIDIA A40 GPU, and 64 GB of system memory. All experiments were
performed separately on the three institutional datasets (MSU, WSU, and CSU) as well as

the combined MWC dataset, maintaining consistent parameter settings across runs.

6.4 Result and Discussion

We begin our results discussion by examining whether cloning improves community
detection among researchers, particularly those with diverse or high-impact publication
records. The underlying hypothesis is that the topic distributions of prolific researchers
may be underrepresented in the original network, as their dominant topical areas can

overshadow other research interests. By cloning these researchers through clustering their
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Table 6.2: Number of vertices in the pre- and post-cloned networks across institutions

Institution Pre-Cloned Post-Cloned (LDA) Post-Cloned (BERT)

MSU 296 395 415
WSU 613 878 977
CSU 745 1112 1288
MWC 1634 2385 2544

publications, we aim to reveal more accurate and potentially overlapping communities
that better capture interdisciplinary connections and support more diverse collaboration
recommendations. Although our approach is unsupervised and lacks a ground truth for
direct validation, we present both quantitative and qualitative analyses to assess its impact.

We first analyze the shift in edge-weight distributions for the pre- and post-cloned
networks using both LDA- and BERT-based cloning strategies. Here, each edge weight
represents the topical similarity between a pair of researchers, and our goal is to determine
whether cloning increases the overall topical similarity across the network. Before examining
the distributions, Table 6.2 summarizes the change in the number of vertices (researchers)
before and after cloning for each institution.

As shown in Table 6.2, the number of vertices differs between the pre- and post-cloned
networks. To enable a fair comparison of edge-weight distributions, we scale both networks
to the same number of nodes and edges. This is achieved using the community refinement
step described in Section 6.3.4, applied to the post-cloned network while treating it as a
single large community. During refinement, all cloned nodes corresponding to the same
researcher are merged, and when multiple edges exist between the same pair of researchers,
the maximum edge weight is retained to preserve the strongest topical similarity. This

process restores a network equivalent in size to the pre-cloned version, allowing a direct
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Figure 6.5: Comparison of edge-weight percentile distributions for the combined MWC
network using pre-trained and fine-tuned SciBERT models

comparison of the edge-weight distributions.

Before comparing LDA- and BERT-based cloning across institutions, we first evaluate
the effect of fine-tuning SciBERT on topic quality in the non-cloned version of the network.
Figure 6.5 compares the pre-trained and fine-tuned versions of SciBERT on the combined
MWC network. Here, the X-axis represents the edge weights, and the Y-axis represents the
proportion of all edges with weights less than or equal to a given value. The figure also
reports the edge statistics, including the mean, median, and standard deviation, for both
distributions.

As shown, all three metrics exhibit higher values in the fine-tuned model, indicating
stronger topical relationships between researchers. This difference is also statistically
significant: both the Kolmogorov—Smirnov (KS) test [76] and the Mann—Whitney U (MWU)
test [75] yield extremely small p-values, confirming that the two edge-weight distributions

are not drawn from the same underlying population.
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Figure 6.6: Comparison of pre- and post-cloning edge-weight distributions for MSU using
LDA- and BERT-based cloning

Fine-tuning further produces a clear rightward shift in the edge-weight distribution,
even before applying cloning. This behavior arises because fine-tuning adapts SciBERT to
the specific vocabulary, research themes, and co-occurrence patterns present in the MWC
corpus. As a result, document embeddings become more domain-aligned, producing sharper
and more coherent BERTopic clusters. When researcher-level embeddings are aggregated
from these improved document representations, authors working on related topics are placed
closer together in embedding space, yielding higher edge weights. All subsequent BERT-
based analyses in this section therefore use the fine-tuned SciBERT model.

We next compare the LDA- and BERT-based cloning results across institutions. Each of
the following figures shows two horizontal subplots, with the left panel representing the LDA-
based edge-weight distribution and the right panel showing the BERT-based distribution
using fine-tuned SciBERT.

Figures 6.6-6.8 compare the edge-weight distributions before and after cloning for each
institution using both LDA- and BERT-based methods. Each subfigure presents two curves
representing the pre- and post-cloned networks, where the X-axis shows the edge weights and

the Y-axis shows the cumulative proportion of edges with weights less than or equal to a given
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LDA- and BERT-based cloning
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Figure 6.8: Comparison of pre- and post-cloning edge-weight distributions for CSU using
LDA- and BERT-based cloning

value. The descriptive statistics (mean, median, and standard deviation) and significance

tests are reported within each plot to quantify the differences between the distributions.

Across all institutions, both methods show statistically significant differences (p < 0.05)

between pre- and post-cloned networks, with the post-cloned versions consistently exhibiting

higher similarity values.

For the LDA-based approach, the rightward shift in the post-cloned distribution is

modest, particularly for MSU and WSU, where the increase in mean edge weight is noticeable



121

but small. Nevertheless, the difference remains statistically significant, as the large number
of edges yields extremely small p-values, even when the edge-weight distributions are closely
aligned. By contrast, the BERT-based results exhibit a more pronounced rightward shift
across all institutions. This improvement can be attributed to several factors. First,
compared to LDA, BERTopic generated a larger number of clones per researcher, thereby
amplifying the shift in the similarity distribution. Second, except for MSU, the overall topic
count of the BERT-based models was higher than that of the LDA models, which influenced
the shape and spread of the similarity distributions. In general, increasing the number of
topics makes the topic space more fine-grained and can lead to lower similarity scores overall
due to greater sparsity. This explains why MSU, where the total number of topics was
relatively similar between the two models, shows comparable mean edge weights for both
approaches.

Overall, the results indicate that cloning prolific researchers enhances the topical
similarity structure of the network, regardless of the method used. However, the magnitude
of improvement varies, with BERT-based cloning producing a stronger and more consistent
shift due to its contextual embeddings and higher topical granularity. In the following
section, we examine how these changes in similarity distributions affect the broader network
topology and community structures.

Table 6.3 summarizes the community statistics for MSU, WSU, CSU, and the combined
MWC network using both LDA- and BERT-based cloning. Communities were detected with
the NH-Louvain algorithm using a minimum community size threshold of 30, as described
in the experimental design section. Across all institutions, BERT produced a larger number
of smaller communities compared to LDA. For example, at MSU the total number of
communities increased from 27 under LDA to 44 under BERT, while the median size dropped
from 10 to 6. Similar patterns appear at WSU and CSU, reflecting that BERT generated

more topic groups and created additional clones for prolific researchers, which led to smaller
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Table 6.3: Community statistics across institutions and models

MSU WSU CSU MWC
Metric
LDA BERT | LDA BERT | LDA BERT | LDA BERT

# Communities | 27 44 29 77 63 106 144 207

Max Size 26 o7 24 26 28 28 28 30
Min Size 3 2 2 2 2 2 2 2
Mean Size 11.11 843 |11.66 10.35 | 13.21 10.04 | 13.27 10.92
Median Size 10 6 11 9 13 9 12 10

Mean Density 086 078 | 096 0.8 | 096 090 | 097 0.88

but more numerous communities.

The maximum community sizes remain fairly consistent across institutions because
of the minimum size constraint applied in NH-Louvain. Most of the largest communities
approach the threshold of around 30 members. The main exception is MSU (BERT), where
the maximum community size reaches 57, suggesting that this group was dense enough to be
split further during the recursive steps of NH-Louvain. Minimum community sizes are also
consistent across all networks, typically between 2 and 3, representing small research groups
or pairs of closely related collaborators.

When examining the mean community densities, LDA-based networks show slightly
higher average densities than BERT-based networks. This indicates that LDA communities
are more tightly connected on average. In contrast, BERT produces more communities with
lower internal density, which is expected given the larger number of topics and clones it
generates. As a result, the overall network becomes more fine-grained, with smaller and
more focused groups but weaker average connections. The combined MWC network follows

the same pattern, showing a consistent difference between the two approaches in both the
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Table 6.4: Summary of overlapping researcher memberships across institutions and models

MSU WSU CSU MWC
Metric
LDA BERT | LDA BERT | LDA BERT | LDA BERT

# Multi-comm 19 41 95 83 62 122 174 240

Max overlaps 4 10 6 6 5) 8 6 9
Min overlaps 2 2 2 2 2 2 2 2
Median overlaps 2 3 2 3 2 3 2 3

number and density of communities.

Table 6.4 summarizes overlapping researcher memberships across institutions where
metric “# Multi-comm” specifies the number of researchers belonging to multiple communi-
ties. Similar to the community statistics, BERT-based networks consistently show a higher
number of researchers appearing in multiple communities compared to LDA. For example,
at MSU the number of overlapping researchers increases from 19 (LDA) to 41 (BERT), and
at CSU from 62 to 122. This pattern is also evident in the combined MWC network, where
overlapping memberships nearly double under BERT. The increase reflects the finer topical
grouping and additional clones created under BERT, which allow individual researchers to
appear across several topical clusters rather than being concentrated in a single one.

Although the maximum overlap counts vary slightly by institution, most researchers
with multiple memberships belong to only two or three communities, indicating moderate
cross-domain connections rather than widespread redundancy. It is also important to note
that overlapping memberships are not the same as the set of prolific researchers selected for
cloning. In some cases, cloned researchers were assigned to the same community during the
refinement step, which merged their clones into a single node. This means that while clones

were generated based on document-level clustering, strong topical similarity among those
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Figure 6.9: Overlapping communities in the MSU network (Clone-BERT). Dashed circles
indicate overlapping memberships across multiple communities

clones kept them within the same community, resulting in fewer overlapping researchers
than the total number of prolific ones cloned.

To further illustrate how cloning enables overlapping community membership, Fig-
ure 6.9 presents an example subnetwork from the MSU dataset following the Clone-BERT
model. The visualization highlights researchers appearing in multiple communities, revealing
the overlapping structure that emerges once prolific authors are represented through their
cloned topical profiles. In the figure, dashed circles denote researchers whose cloned
representations place them in more than one community, indicating overlapping membership
across multiple topical areas.

As shown in Figure 6.9, four researchers participate in overlapping communities, with
researcher 74 appearing in all three, while researchers 228, 394, and 454 belong to two
each. Without cloning, traditional community detection would assign these individuals
to a single dominant community based on their most frequent topical association. The
cloning process, however, separates their publication clusters into distinct topical instances,

allowing their multiple research directions to appear in different communities—capturing the
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Figure 6.10: Top 50 terms for Researcher 454 and its two clones under Clone-BERT

interdisciplinary nature of their work.

Figure 6.10 further demonstrates how cloning separates overlapping topical focuses.
WordClouds are generated by weighting each term’s probability by its topic probability and
selecting the top 50 words for visualization. The pre-cloning WordCloud (Figure 6.10a)
combines terms from both optimization and probabilistic modeling, reflecting a blended
topical signature. After cloning, these subthemes are separated: Clone 454—1 emphasizes
bio-inspired optimization and evolutionary computation, whereas Clone 454-2 highlights
Bayesian modeling and temporal reasoning. This division allows the cloned researcher
instances to appear in distinct communities, improving both interpretability and balance

in the topic-based collaboration network.
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6.5 Summary

In this chapter, we examined the publication imbalance problem in collaboration
recommendation systems using scholarly community detection and social network analysis.
Publication imbalance refers to the tendency of a small group of researchers to publish
significantly more than others, which skews the overall publication distribution. Without
properly addressing this imbalance, which has been largely overlooked in the literature,
prolific researchers tend to remain confined within a single community representing their
dominant research area. As a result, their secondary and less dominant topics become hidden.
Since one of the goals of this dissertation is to promote interdisciplinary collaboration,
neglecting these secondary themes limits potential recommendation opportunities that could
foster cross-disciplinary connections.

To address this issue, we proposed a cloning-based strategy that creates multiple
representations of prolific researchers to better capture the diversity of their research
themes. Two cloning approaches were developed: an LDA-based method and a BERTopic-
based method using a fine-tuned SciBERT model. These approaches generate multiple
clones for each prolific researcher, allowing each clone to represent a distinct topical focus.
Experimental results demonstrated that cloning improves the overall topical similarity
structure in both approaches, particularly in the BERT-based model, and enhances
community quality by distributing prolific researchers across multiple communities based on
their thematic diversity. This, in turn, increases the likelihood of uncovering new potential
collaboration links.

Several directions for future work remain. First, since the cloning approach naturally
leads to overlapping community memberships, an important question is whether existing
overlapping community detection algorithms could produce similar structures. Although

our current framework relies on discrete community detection, comparing its output to
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overlapping methods could reveal useful insights, even if such methods may not directly
address the imbalance problem.

Second, as our methods are unsupervised, evaluating their effectiveness remains a chal-
lenge. While both LDA- and BERT-based cloning showed promising results quantitatively
and qualitatively, as demonstrated by the word cloud visualizations, determining which
performs better is not straightforward. Each model exhibits strengths in different areas:
LDA tends to produce stronger similarity scores and tighter communities, whereas BERT
captures a broader range of topics but with lower density and more clones. To further justify
and interpret these differences, the next chapter focuses on evaluation and explainability,
assessing the quality of the recommendations and providing justification for the underlying

model behavior.
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CHAPTER SEVEN

EVALUATION AND EXPLAINABILITY

In this chapter, we address the final research question of this dissertation: “How
effective is the proposed collaboration recommendation framework, and how can we provide
interpretable explanations for recommended connections in scholarly networks?” While
the previous chapters focused on constructing topic-based scholarly networks, modeling
hierarchical community structures, and addressing publication imbalance through cloning,
these contributions must be evaluated to ensure that they can support reliable and
explainable recommendations.

Scholarly collaboration evolves as researchers move into new or emerging areas.
Methods based solely on observable connections, such as coauthorship networks, tend to
struggle in these settings because researchers with limited or no prior collaborations appear
as isolated nodes, a classic manifestation of the cold-start problem. In contrast, topic-
based similarity constructs connections directly from publication content, allowing potential
collaborators to be identified even when social links are missing. While this content-driven
approach is less susceptible to the traditional cold-start issue, its effectiveness still depends
on how well the system handles sparse or incomplete publication histories and whether the
resulting similarities reflect genuine collaboration potential. In addition, users require clear,
interpretable explanations for why a recommendation is made to support trust and adoption
in real decision-making contexts.

This chapter evaluates the proposed framework from two complementary perspectives.
First, we examine the stability of topical similarity by withholding portions of coauthored
publications during model training. This simulates cases where researcher information is

incomplete or where a new researcher enters the system with no prior coauthorship history.
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Second, we assess recommendation accuracy using coauthorship as a form of ground truth
validation to determine whether the system can retrieve known collaborators under held-
out conditions. Finally, we explore explanation methods that highlight the topical evidence
supporting each suggested collaboration.

This chapter begins with the motivation and problem statement, followed by related
work. We then describe the evaluation methods for topical similarity and collaboration
recommendation, and present experimental results. The chapter concludes with case studies

and overall observations that demonstrate the practical utility of the proposed framework.

7.1 Motivation and Problem Statement

Identifying suitable collaboration partners is challenging, especially in large and
interdisciplinary research environments. Coauthorship-based approaches often reinforce
existing collaborations rather than reveal new ones. Topic-based similarity offers a more
flexible approach by focusing on shared research interests.

However, the effectiveness of topic-based recommendations depends on two key factors.
First, researchers may have limited or no coauthorship history, especially early in their
careers. A reliable framework must still provide reasonable similarity estimates when
relevant publications are missing, relying solely on the researcher’s topical contributions.
Second, similarity alone does not always provide confidence in the recommendation.
Explanations that highlight shared topics can help users understand and trust why a
suggested collaboration makes sense.

These considerations motivate the need to evaluate both the stability and interpretabil-

ity of the proposed recommendation system. In this chapter, we investigate:

« Stability: How well are meaningful similarity relationships preserved when coauthored

publications are withheld?
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o Accuracy: How effectively can the system identify known collaborators under held-

out evaluation?

o Interpretability: How can topical information be presented to show why a recom-

mendation is made?

Problem Statement: Given a topic-based scholarly network enhanced by cloning
to address data imbalance, how do we evaluate whether the framework can reliably
recover topical similarity, accurately identify potential collaborators, and provide clear

explanations for recommended collaborations?

Hypothesis: We hypothesize that the cloned representation will improve robustness to
sparse or incomplete publication histories by capturing secondary topical themes and that

visualization-based explanation will support interpretability for real users.

7.2 Related Work

Collaboration recommendation research has traditionally relied on coauthorship net-
works, where existing relationships are used to identify future collaboration potential
[5, 81]. This approach supports accurate retrieval of established partnerships, but
it tends to reinforce known structures rather than uncovering new or interdisciplinary
opportunities. Because many impactful collaborations occur outside prior coauthorship
history, structural approaches alone are not sufficient for exploring early-stage or emerging
research relationships.

Content-based and hybrid methods have therefore been introduced to incorporate
topical similarity when predicting collaboration links. In scholarly networks, link prediction

refers to estimating whether a pair of researchers is likely to collaborate in the future based on
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current network structure or content features. Topic modeling and semantic similarity have
shown effectiveness in link prediction tasks by identifying researchers with related expertise
even when coauthorship information is sparse [45, 95, 103, 132]. These methods help mitigate
the cold start problem [109], but evaluation practices typically continue to rely on past
collaborations as ground truth. Metrics such as precision and recall are widely used [66, 74],
yet they inherently emphasize known and often intra-domain relationships while overlooking
novel or cross-community recommendations that lack historical validation.

Recent research highlights the importance of recommendation diversity and interdis-
ciplinarity in scholarly networks, arguing that evaluation should consider the breadth of
opportunities surfaced rather than accuracy alone [80, 131]. These works demonstrate that
systems capable of identifying relevant collaborators outside existing domains may better
support scientific innovation and broader institutional goals.

Explainability has also become a critical design consideration in recommendation
systems, particularly when recommendations involve new or nontraditional connections.
Visualization-driven explanations, such as topical alignment or shared keyword evidence,
have been shown to improve transparency and user trust in scientific literature recommenda-
tion [36]. Broader surveys on trustworthy and transparent recommenders further emphasize
interpretability as an essential component for deployment in real-world decision making
[15, 123, 124]. Despite these advances, many collaboration recommenders still operate as
black boxes, offering limited interpretability when recommending new or interdisciplinary
relationships.

In summary, prior work has demonstrated the strengths of topic-based collaboration
prediction and trustworthy recommendation practices, yet evaluation strategies still heavily
favor predictions based on past collaborations and provide limited insight into interdisci-
plinary potential. This chapter builds on existing approaches by examining the stability

of topical similarity under reduced publication information, validating recommendations
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using held-out collaboration links, and incorporating topical explanations to clarify why a
researcher is recommended. These considerations support the intended use of our framework
to uncover not only accurate but also interpretable and potentially interdisciplinary

collaboration opportunities.

7.3 Stability of Topical Similarity

Understanding how well topic-based similarity holds when publication information is
incomplete is necessary for reliable collaboration recommendations. To examine this, we
simulate realistic information sparsity by removing shared co-authored publications and
evaluate whether similarity relationships remain stable when explicit collaboration signals

are missing.

7.3.1 Removing Shared Co-Authored Publications

When two researchers coauthor one or more publications, those shared documents
may inflate topic-based similarity scores due to direct textual overlap. An important
question is how much topic similarity changes when this overlapping content is removed.
This is especially relevant in real-world scenarios where the goal is to recommend potential
collaboration partners even if no prior coauthorship exists. One of the motivations behind
our content-based approach is that early-career researchers with limited publication history
should still be able to discover collaboration opportunities based solely on alignment of
topical interests.

To evaluate this, we measure the stability of similarity scores by removing the
publications coauthored by each researcher pair and regenerating a trimmed model, meaning
a version of the topic model trained without the shared coauthored works for that pair.
We then recompute the researcher—topic representations and JSD similarities and compare

them against the full model that retains all publications. If the resulting similarity remains
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comparable to the full model, it suggests that the relationship is supported by broader
topical alignment rather than direct coauthorship alone. Conversely, substantial similarity
drops would indicate that the relationship relies primarily on previously shared publications.

We apply this analysis to the MSU, WSU, and CSU datasets (see Chapter 3 for details).
For each institution, we identify all coauthored publications and construct trimmed corpora,
meaning versions of the text corpus where the coauthored works for each researcher pair have
been removed. In addition, we use the combined MWC dataset to evaluate cross-institutional
researcher pairs, allowing us to assess stability when collaborations span multiple universities.
Although most academic works involve coauthorship, restricting the researcher population
to current faculty allows us to remove shared publications without entirely eliminating the
document history for most authors. We then apply both topic modeling strategies under
study: LDA and BERT-based BERTopic.

For LDA, we retrain the topic model on each trimmed dataset so that the model no
longer has access to the content from the removed publications (see Section 4.3.1 for training
details). To ensure comparability with the full model, we fix the number of topics to match
the selected topic count from full data experiments. Since researcher similarity is computed
from topic-probability distributions, preserving dimensional alignment across runs is critical
for consistency.

For BERTopic, retraining introduces additional challenges. BERTopic relies on a
sentence-embedding model followed by HDBSCAN clustering, meaning that both cluster
structure and topic dimensionality can shift when documents are removed (see Section 6.3.1).
To maintain a stable embedding space and isolate the effect of missing publication content,
we do not fine-tune the SciIBERT embedder or re-estimate topic clusters with the trimmed
documents. Instead, we retain the full BERTopic model and use transform() to infer
topic distributions for the trimmed publication sets. This ensures that any differences

in author—topic vectors arise solely from the removal of coauthored publications rather
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Table 7.1: Stability of topic-based similarities under trimming for each institution

Model Institution 7npais Mean ASim  SD ASim  Cohen’s d  p-value

MSU 273 0.0496 0.0821 0.60 < 0.001
LDA  WSU 1118 0.0560 0.0854 0.65 < 0.001
CSU 2042 0.0595 0.0817 0.73 < 0.001
MSU 973 0.0597 0.1006 0.59 < 0.001
BERT WSU 1118 0.0690 0.1143 0.60 < 0.001
CSU 2042 0.0653 0.1054 0.62 < 0.001

than from changes to the underlying embedding model or topic geometry. This approach
is consistent with BERTopic’s formulation, where the sentence embedder is expected to
generalize to unseen or modified text without retraining.

To quantify stability, we compute pairwise similarity differences between full and
trimmed models for all coauthored researcher pairs. We report the mean and standard
deviation of the similarity differences, along with Cohen’s d effect size to assess practical
significance. In addition, we perform significance testing using the Wilcoxon signed-rank test
[127] to determine whether similarity distributions differ beyond random variation. Cohen’s
d complements the hypothesis testing by capturing how large the differences are relative to

overall similarity variability.

7.3.2 Single-Institution Comparison

Table 7.1 summarizes the stability results for each institution using both LDA and
BERT. The number of evaluated pairs np.is varies by institution based on the prevalence
of coauthorship. The mean similarity differences range from approximately 0.05 to 0.07,

indicating only minor changes in researcher similarity when coauthored publications are
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Figure 7.1: Distribution of similarity differences for the MSU dataset

removed. All comparisons show statistically significant differences (p-value < 0.001), which
is not surprising given the large number of pairwise observations.

However, Cohen’s d values fall in the small-to-moderate range (0.59-0.73), suggesting
that the practical differences are limited relative to the total similarity scale. Under
conventional interpretations of effect size, where d =~ 0.2 is considered small, 0.5 moderate,
and 0.8 large [19], these results indicate that trimming affects similarity but not to a degree
that substantially alters researcher relationships. BERT exhibits slightly stronger stability
compared to LDA in some cases, particularly at CSU where the LDA effect size approaches
the moderate-high threshold.

Figure 7.1 shows the distribution of similarity differences computed for MSU co-author
pairs using LDA and BERT. Both curves are tightly centered close to zero, indicating that
most similarity relationships remain largely unchanged when shared co-authored publications

are removed. A slight positive shift is visible, meaning that similarity scores decrease
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Table 7.2: Stability of topic-based similarities under trimming across institution pairs

Model Inst Pair Npairs Mean ASim  SD ASim  Cohen’s d  p-value

MSU-WSU 33 0.0211 0.0595 0.35 0.050
LDA  MSU-CSU 25 0.0250 0.0556 0.45 0.034
WSU-CSU 79 0.0327 0.0564 0.58 < 0.001
MSU-WSU 33 0.0258 0.0358 0.72 < 0.001
BERT MSU-CSU 25 0.0134 0.0212 0.63 0.001
WSU-CSU 79 0.0479 0.0751 0.64 < 0.001

somewhat when direct co-author evidence is removed, as expected. However, the narrow
spread of both curves suggests that topic-based similarity is strongly supported by broader
topical context rather than only the shared publications. Overall, the plot visually reinforces
the small mean differences and modest effect sizes reported in Table 7.1, demonstrating stable
behavior for both topic modeling approaches.

Overall, these findings indicate that within each institution, removing shared publi-
cations does not substantially distort topical similarity relationships. This supports the
usefulness of topic-based collaboration signals for early-career researchers who might lack a

large coauthorship record.

7.3.3 Cross-Institution Comparison

We next evaluate cross-institution co-authored pairs to examine whether topical
similarity remains reliable for predicting collaborations beyond institutional boundaries.
Cross-institution collaboration rates are considerably lower than within institutions, leading
to much smaller sample sizes and therefore reduced statistical power. Nevertheless, the same

trimming methodology is applied, and stability indicators are computed for MSU-WSU,
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MSU-CSU, and WSU-CSU pairs.

Table 7.2 shows that mean similarity differences for cross-institution pairs remain small
across both models (approximately 0.02-0.05), which again suggests strong topical stability.
Cohen’s d values are small-to-moderate (0.35-0.72), indicating that the practical effect of
removing shared papers is minimal. Some tests do not achieve strong statistical significance
due to the limited number of pairwise observations, but the direction and magnitude of
changes remain consistent with the institutional results.

Taken together, these results show that topic-based similarity remains stable even
when co-authored publications are removed. This means the similarity signal is supported
by broader topical alignment rather than only direct collaboration history. The same
general pattern holds for cross-institution relationships, although the number of available
co-authored pairs is smaller in those settings. This behavior is important because
it demonstrates that topic-based similarity can still identify meaningful collaboration
opportunities beyond institutional boundaries and for researchers with limited co-author

history.

7.4 Evaluation of Collaboration Recommendation

Evaluating recommendation quality in this dissertation presents several unique chal-
lenges. Because the proposed framework is unsupervised, there are no predefined “correct”
collaborations and the quality of recommendations cannot be measured using standard
supervised evaluation protocols. Prior studies on scholarly recommendation have addressed
this by using coauthorship as a proxy ground truth: if two authors have coauthored in
the past, a system that recommends one to the other is considered correct [22, 59, 129].
However, this approach is only a partial measure of success in our setting. Our broader
goal is to promote interdisciplinary and novel collaborations, not only to recover existing

ones. Using past coauthorship as a benchmark may therefore underestimate the real utility
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of our approach, since a model that consistently suggests new, previously unconnected but
topically compatible pairs would score poorly under this metric.

Nevertheless, evaluating against known collaborations remains valuable for validating
model soundness: researchers who have published together tend to share strong topical
similarity, so a model that ranks these authors highly can be regarded as learning meaningful
scholarly representations. This section, therefore, reports both how the models recover known
coauthor pairs and how they behave under controlled holdout settings that simulate missing

collaboration data.

7.4.1 Ground Truth Setup

The publication data for the three institutions, MSU, WSU, and CSU, include both
publication content and coauthorship metadata from the OpenAlex dataset. This allows
us to construct topic-based scholarly networks using text content while separately retaining
coauthorship information for evaluation.

The most direct approach would be to select a subset of coauthors, remove all shared
works between them, retrain topic models, and then evaluate whether the system can
rediscover them. However, this “complete removal” strategy poses a major problem: many
researchers (especially those with few publications) would lose all of their works and thus
vanish from the network. As a result, a fully random holdout would disproportionately
exclude low-publication authors and bias the evaluation toward only the most prolific
researchers.

Instead, we adopt a fifty—fifty split holdout. For each coauthor pair (a,b) with multiple
shared publications, we randomly divide their joint works into two halves: half remain with
author a, and half with author b. For example, if two researchers coauthored ten papers,
five are retained for a and the remaining five for b, assigned at random. This partial holdout

restricts direct coauthorship overlap while preserving both authors’ topical representations.
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It also avoids fully removing all publications for low-volume authors, which would eliminate
their topical signal entirely and prevent meaningful similarity estimation. As a result, the
evaluation can be conducted on the full author population rather than a small, filtered
subset.

To reduce noise, we evaluate only pairs that share at least two coauthored works.
Single-paper collaborations are excluded, as they may represent incidental or one-time
collaborations rather than meaningful topical alignment.

We thus conduct two complementary evaluations:

1. Full-data evaluation: using all publications and coauthorships intact, to establish

upper-bound performance; and

2. Holdout evaluation: using the 50/50 split, to test how well models recover hidden

coauthors when shared publications are removed.

7.4.2 Models Evaluated

To evaluate the effectiveness of the proposed topic-based recommendation framework,
we compare its performance against a strong lexical baseline. In total, five models are
assessed, grouped into one baseline and four topic-based variants.

Baseline Model (TF-IDF). This baseline uses lexical similarity between researchers
based on TF-IDF representations of their publications. Each document is encoded as a
TF-IDF vector in the vocabulary space, and a researcher’s representation is obtained by
averaging and normalizing the TF-IDF vectors of their works. Researcher similarity is
computed using cosine similarity. Although TF-IDF lacks the ability to capture latent or
contextual semantics, it serves as a strong baseline for recovering existing collaborations
because it directly reflects word-level overlap in research topics.

Proposed Topic-Based Models.
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o LDA. This model is a probabilistic topic model in which each document is represented
as a mixture of latent topics. Researcher-level representations are computed by
aggregating the topic distributions of their publications, and topical similarity between

researchers is derived from these distributions.

e Clone-LDA. This model extends the LDA framework by creating multiple cloned
profiles for prolific researchers. Each clone receives a distinct subset of the researcher’s
publications, which enables the model to represent secondary or diverse topical interests

that may be overshadowed in a single aggregated representation.

« BERT. This model refers to the BERTopic framework, which generates contextual
document embeddings using transformer-based representations. Researcher vectors are
obtained by averaging these embeddings across a researcher’s publications, allowing the

model to capture richer semantic relationships than TF-IDF or LDA.

e Clone-BERT. This model applies the same cloning strategy to the BERT-based
workflow. Prolific researchers are partitioned into multiple cloned profiles, each
representing a different subset of publications, which results in more balanced and

interpretable researcher-level embeddings.

The topic-based models construct a topic-similarity graph among researchers, where
edges represent pairwise topical similarity. Recommendations are generated using the
Personalized PageRank (PPR) algorithm [90], which simulates a random walk over the
researcher similarity network. Starting from a given researcher, the algorithm repeatedly
moves to neighboring nodes based on edge similarity weights while occasionally restarting
from the original node with probability a. This process assigns higher scores to researchers
that are more frequently visited during the walk, effectively ranking those who are both

topically related and structurally close within the network. We tested several a values and
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fixed @ = 0.1, which provided stable results across institutions. The advantage of PPR is that
it can surface indirect but topically coherent collaborators who are not directly connected,
reflecting the potential for new interdisciplinary ties.

In contrast, the TF-IDF baseline does not use a graph structure. Recommendations
are obtained by directly sorting cosine similarities between researchers. TF-IDF based
approaches have been widely used in earlier scholarly recommendation systems (e.g.,
[111, 133]) and serve as a strong benchmark for recovering existing collaborations. However,
they are limited in discovering latent or cross-domain connections and provide little

interpretability beyond lexical overlap.

7.4.3 Evaluation Metrics

We adopt two standard metrics from the recommender-systems literature: Hits@k and
Mean Reciprocal Rank (MRR).
Hits@k [40] measures the proportion of queries (authors) for which at least one of the

ground-truth collaborators appears among the top k£ recommendations:

Hits@Qk = ﬁ Z ’Aq|+]|i)gk)|
q€Q a

where @) is the set of query authors, A, is the set of actual coauthors of author ¢, and R((Jk)
represents the top-k recommendations generated for ¢. The metric measures the fraction of
an author’s true collaborators that appear among the top-k recommendations, averaged over
all evaluated authors. In other words, Hits@k captures how effectively the model retrieves
known collaborators within its top-k suggestions.

For example, if an author’s top-5 recommendations include one of their real coauthors,
that author contributes 1.0 to Hits@5; if not, 0.0. The metric thus reflects “recall”, how often

known collaborators appear within the top portion of the ranked list. We report Hits@3,
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@5, @10, and @20 to examine how retrieval quality changes with list length.

MRR [40] complements Hits@k by assessing “how high” the true collaborator appears
in the ranking. For each author ¢, let r, denote the rank position of the first ground-truth
collaborator in the full recommendation list. The reciprocal rank is 1/r, if found, and 0 if

none are retrieved. Then,

For example, if the first true collaborator appears at rank 2, the reciprocal rank is 0.5; if
at rank 5, it is 0.2. MRR values therefore emphasize “early precision” where higher values
indicate that correct collaborators are ranked near the top.

Together, Hits@k and MRR capture both the presence and the position of true

collaborators in the ranked list, providing complementary views of model performance.

7.4.4 Results on Full Dataset

The evaluation was performed at the author level, considering only those researchers
who had at least one coauthor with two or more shared publications. This filtering ensured
that collaboration histories reflected meaningful partnerships rather than one-off papers.
After filtering, 185 authors from MSU, 387 from WSU, and 519 from CSU were included,
resulting in a combined evaluation pool of 1,633 researchers across all institutions.

Table 7.3 reports the results for each model across the three institutions and the
combined dataset using the full publication data. The TF-IDF model achieved the highest
overall scores in both MRR and Hits@k across all settings, reflecting its strength in capturing
lexical overlap between coauthors. This outcome is expected because coauthored publications
often share substantial vocabulary, phrasing, and domain-specific terminology, so a purely
lexical model has a natural advantage when all shared publications remain in the dataset.
TF-IDF can therefore recover known collaborators very effectively. However, its purely

lexical nature limits its ability to surface new or cross-disciplinary connections, which are



143

Table 7.3: Performance of recommendation models on full datasets across institutions

Institution Model MRR Hits@3 Hits@5 Hits@10 Hits@20
TF-IDF 0.59 0.68 0.79 0.92 0.96
LDA 0.39 0.45 0.57 0.73 0.85
MSU Clone-LDA 0.40 0.47 0.59 0.76 0.89
BERT 0.09 0.09 0.11 0.14 0.22
Clone-BERT  0.20 0.23 0.29 0.35 0.47
TF-IDF 0.54 0.64 0.74 0.85 0.93
LDA 0.37 0.43 0.54 0.68 0.80
WSU Clone-LDA 0.41 0.45 0.57 0.70 0.83
BERT 0.30 0.33 0.44 0.57 0.68
Clone-BERT  0.34 0.35 0.46 0.58 0.69
TF-IDF 0.51 0.56 0.67 0.81 0.90
LDA 0.40 0.42 0.51 0.63 0.77
CSU Clone-LDA 0.41 0.43 0.52 0.66 0.79
BERT 0.30 0.32 0.40 0.52 0.61
Clone-BERT  0.30 0.31 0.39 0.52 0.63
TF-IDF 0.46 0.53 0.63 0.75 0.85
LDA 0.36 0.39 0.46 0.59 0.71
Combined Clone-LDA 0.38 0.40 0.48 0.62 0.74
BERT 0.23 0.25 0.32 0.41 0.50
Clone-BERT  0.21 0.25 0.31 0.40 0.49

central to this dissertation’s objectives.

LDA-based models demonstrated strong and consistent performance across all institu-
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tions. The probabilistic topic modeling framework captures underlying thematic structures
that extend beyond direct word matching, leading to meaningful collaboration retrieval
even in cases where terminology differs. The Clone-LDA variant further improved results,
suggesting that the cloning strategy successfully mitigates the publication imbalance problem
by allowing prolific researchers’ secondary topical areas to be more accurately represented.
The benefit of this approach is particularly evident at MSU and the combined dataset, where
Clone-LDA closely approaches TF-IDF in overall performance.

In contrast, BERT-based models underperformed in this evaluation. Both the standard
and cloned BERTopic networks yielded lower MRR and Hits@k values, which aligns with
the expectation that contextual embeddings capture broader semantic similarity rather
than direct lexical overlap. Consequently, they are less effective for recovering past
coauthor relationships but are expected to excel in identifying novel or interdisciplinary
recommendations, which is explored later in this chapter.

Across institutions, the relative ranking of models remains consistent, though the
performance margins vary. WSU and CSU exhibit narrower differences between TF-IDF and
LDA-based approaches, suggesting smaller or more thematically cohesive author networks,
while MSU shows the most pronounced gains from the cloning strategy. When all institutions
are combined, TF-IDF remains the strongest performer, yet both LDA and Clone-LDA
maintain robust ranking stability, demonstrating that topic-based representations generalize

well across institutional boundaries.

7.4.5 Result on Holdout Dataset

To further examine the robustness of each model, we evaluated their performance under
the 50/50 holdout setup, where half of the coauthored publications for each researcher
pair were randomly removed. This setup intentionally weakens lexical similarity between

coauthors, providing a stronger test of each model’s ability to infer collaboration potential
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Table 7.4: Performance of recommendation models on holdout datasets across institutions

Institution Model MRR Hits@3 Hits@5 Hits@10 Hits@20
TF-IDF 0.39 0.45 0.57 0.72 0.83
LDA 0.31 0.35 0.45 0.61 0.76
MSU Clone-LDA 0.31 0.37 0.48 0.63 0.78
BERT 0.09 0.07 0.08 0.13 0.18
Clone-BERT  0.19 0.20 0.25 0.32 0.42
TF-IDF 0.40 0.46 0.57 0.70 0.81
LDA 0.28 0.32 0.43 0.56 0.70
WSU Clone-LDA 0.32 0.36 0.45 0.60 0.74
BERT 0.21 0.22 0.31 0.45 0.56
Clone-BERT  0.26 0.27 0.34 0.46 0.59
TF-IDF 0.39 0.42 0.52 0.66 0.77
LDA 0.31 0.33 0.42 0.55 0.69
CSU Clone-LDA 0.32 0.34 0.44 0.56 0.70
BERT 0.26 0.27 0.34 0.44 0.54
Clone-BERT  0.26 0.27 0.33 0.44 0.56
TF-IDF 0.21 0.22 0.28 0.36 0.44
LDA 0.26 0.27 0.35 0.46 0.59
Combined Clone-LDA 0.27 0.28 0.36 0.47 0.61
BERT 0.17 0.18 0.24 0.31 0.40
Clone-BERT  0.16 0.18 0.22 0.30 0.39

from limited information. Table 7.4 presents the results across all institutions and for the

combined dataset.
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As expected, overall performance values decrease compared to the full-data setting due
to the reduced shared information between coauthors. The TF-IDF baseline experiences
the largest drop in MRR and Hits@Qk, highlighting its heavy reliance on direct word
overlap between publication texts. When coauthored papers are partially removed, TF-IDF
struggles to recognize remaining connections because its representation is purely lexical.

In contrast, topic-based models show greater resilience to the holdout condition.
Both LDA and Clone-LDA maintain substantially higher MRR and Hits@k values than
their embedding-based counterparts, demonstrating that topic distributions capture latent
thematic structures that persist even when shared papers are withheld. The cloning strategy
again improves performance, especially in MSU and WSU, confirming that the diversified
representation of prolific researchers helps preserve their topical breadth when data is
reduced.

The most notable result arises in the combined dataset, where Clone-LDA surpasses
TF-IDF across all evaluation metrics, achieving an MRR of 0.27 compared to TF-IDF’s
0.21. This marks the first case where a topic-based network outperforms the lexical baseline,
suggesting that topic-level abstraction and cloning together generalize better across diverse
institutional domains. In this setting, TF—IDF’s dependence on shared vocabulary becomes
a limitation, whereas LDA models leverage cross-institutional topical overlap to recover
meaningful collaborative links that are not driven by identical wording.

Figure 7.2 compares performance on the combined network under full and holdout
settings using MRR and Hits@10. TF-IDF shows the largest decline after removing shared
publications, reflecting its reliance on lexical overlap. LDA and Clone-LDA are more stable,
consistent with topic distributions retaining latent thematic similarity when shared papers
are reduced. The cloned variant exhibits the smallest degradation across both metrics,
indicating that balancing publication volume preserves secondary topical signals. Under

holdout, Clone-LDA surpasses TF-IDF, suggesting that topic-level abstraction and cloning
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Figure 7.2: Full versus holdout performance on the combined dataset

generalize better across institutions when explicit word overlap is limited.

Overall, these results support the adaptibility of topic-based scholarly networks under
information-sparse conditions. While TF-IDF remains competitive in settings with abun-
dant shared data, LDA and particularly Clone-LDA demonstrate stronger generalization and
stability when shared publications are restricted, reinforcing their suitability for discovering

potential collaborations in partially observed or cross-domain environments.

7.5 Explainability of Recommendation

While topic models such as LDA and BERTopic provide interpretable topic—word
distributions, the resulting collaboration recommendations are less transparent. Researchers
may see a suggested collaborator but not understand why the connection was made,
especially across institutions or disciplines. In practice, explainability is important not only
for user trust but also for verifying that recommendations are driven by meaningful thematic
overlap rather than superficial textual similarity.

TF-IDF-based models perform well in accuracy but offer limited interpretability, since

they depend mainly on word co-occurrence rather than coherent topical structure. In
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contrast, topic models can link recommendations to identifiable research themes, allowing
users to trace how shared topics contribute to a suggestion. Even transformer-based models
like BERTopic maintain this property to some extent, since topic—word distributions can still
be extracted for interpretation. However, these distributions are derived indirectly from high-
dimensional document embeddings rather than from an explicit generative process, which
makes the semantic justification less transparent than in LDA. In BERTopic, the topic words
are produced through the c-TFIDF transformation on embedding clusters, so they reflect
patterns in the embedding space rather than clear probabilistic associations between words
and topics.

Although every topic-model-based recommender proposed in this study can generate
similar explanations through their underlying topic—word distributions, we focus the analysis
on Clone-LDA as a representative case. Clone-LDA retains the interpretability of standard
LDA while addressing publication imbalance through researcher cloning, allowing both
dominant and secondary research themes to contribute to recommendation decisions. This
makes the explanations more complete, as the model does not rely solely on a researcher’s
most frequent topics. In addition, Clone-LDA performed most consistently in the holdout
evaluation, indicating that it captures more generalizable topical relationships rather than
coauthorship-specific effects. For these reasons, we use Clone-LDA to illustrate how topic-
based recommenders can produce interpretable explanations for why specific researcher
pairs are suggested. The following sections describe the process used to generate these

explainability visualizations.

7.5.1 Topic Distribution Comparison

To generate explainable visualizations, we first construct topic-based explanations for
recommended researcher pairs using their underlying topic probability distributions. For

each recommended pair, we take both researchers and use the trained Clone-LDA model
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to obtain their topic probability distributions. Because this version of LDA includes cloned
representations of prolific researchers, each clone captures a distinct subset of publications
grouped by topical similarity. We compute the topic probability distribution for each clone
by concatenating all documents associated with that clone into a single large document.
This helps prevent secondary themes from being overshadowed by dominant research areas,
making the resulting distribution more representative of the researcher’s topical diversity.

When generating explanations, we handle cloned researchers by comparing every
possible clone combination between the two researchers. If researcher A has three clones and
researcher B has two, we compute the similarity score for all six possible pairs and select
the pair with the highest topic similarity. This approach mirrors the actual recommendation
process, where clone-level edges are weighted by their topical similarity within the network.
Using the most similar clone pair therefore provides a consistent and justified basis for
explanation.

After selecting the best-matching clone pair, we compute topic similarity across
all topics by multiplying the two researchers’ topic probabilities. The top five topics
with the highest joint probability scores are then identified as the shared topics driving
the recommendation. These topics are later used to generate shared wordclouds and a
bidirectional bar chart that visualizes the probabilistic contribution of each researcher to the
shared themes (for example, Topic 71 may have a probability of 0.30 for Researcher A and
0.20 for Researcher B).

we compute a topic similarity score based on the product of their topic probabilities and
identify the top five shared topics with the highest joint probability. These topics represent
the most influential topical areas driving the recommendation. The corresponding top words
from each shared topic are then aggregated to form a shared wordcloud, illustrating the

overlapping research themes that connect the two researchers.
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7.5.2 Wordcloud Generation

The next phase of the explainability plots focuses on visualizing the topical themes that
define each researcher and their shared research areas. Wordclouds provide an intuitive way
to represent the relative importance of words within a topic or distribution. Each word’s
font size is proportional to its associated probability value, offering a quick visual impression
of what the topic, or in this case the researcher’s thematic profile, represents. Although
wordclouds are often used to describe the content of individual topics discovered by LDA,
here we adapt the same concept to illustrate both individual and shared topical structures
between researcher pairs.

At the individual level, we first use each researcher’s topic probability distribution and
select their top five topics based on probability scores. The topic—word distributions are
obtained from the trained LDA model, which assigns a probability to every word within a
topic (for example, machine : 0.15, algorithm : 0.12, etc.). To derive a researcher-specific
word distribution, we multiply the researcher’s topic probability by the word probabilities
of their top ten words in each of the top five topics, resulting in a weighted set of fifty words
that best represent that researcher’s overall topical profile.

We follow a similar approach for generating the shared wordclouds. Instead of using
individual topic probabilities, we rely on the joint topic probabilities obtained from the
multiplication of the two researchers’ topic distributions. The top five topics with the highest
joint probabilities are used to weight their corresponding topic—word distributions, producing
a combined set of words that visually highlights the shared themes driving the collaboration

recommendation.

7.5.3 Case Studies

To illustrate how the explainability framework supports the interpretation of collabora-

tion recommendations, we present a set of case studies drawn from the MSU network. These
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examples demonstrate how topic—distribution comparisons and wordcloud visualizations
jointly reveal the topical rationale behind a recommendation. For each case, we include
both individual and shared wordclouds, along with the bidirectional topic—probability plots
described earlier, allowing direct visual comparison of topical alignment between researchers.

Our first set of case studies focuses on a single MSU researcher (Researcher 454)
and examines three of their recommended collaborators. These examples include a top-
ranked recommendation (rank 1), a mid-ranked recommendation (around rank 10), and an
additional lower-ranked example. Together, they illustrate how shared topical structure
becomes less pronounced as the recommendation rank decreases.

To complement these examples, we include a second set of case studies centered on a
different MSU researcher. For this researcher, we present two recommendation examples,
again drawn from the top-ranked and mid-ranked portions of their recommendation list.
These cases demonstrate how the framework explains recommendations for researchers with
different topical profiles and highlight the consistency of the explainability approach across
individuals.

Taken together, these five examples provide a representative view of how the explain-
ability framework reveals the key topics, shared themes, and topical alignment patterns that
drive collaboration recommendations across diverse ranking positions and researcher profiles.

Figure 7.3 shows the top-ranked recommendation for Researcher 454, where the model
identifies a strong alignment between the researchers’ topical interests. The bidirectional
bar chart reports a JSD topic similarity score of 0.63 and highlights several shared topics
with high joint probabilities, particularly Topic 71, which exhibits the greatest shared
weight. The shared wordcloud reinforces this pattern, displaying dominant terms such as
“network”, “feature”, “classification”, “machine”, and “learning” (separated as unigrams
during tokenization). Together, these terms indicate substantial overlap in machine

learning-related research themes and suggest that both researchers engage with similar
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Figure 7.3: Explainability plot for the top-ranked recommendation of Researcher 454
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modeling and predictive approaches.

At the individual level, both researchers share a focus on data-driven modeling and
classification, but their topical emphasis differs. Researcher 454’s wordcloud highlights terms
such as “method”, “problem”, “feature”, and “algorithm”, reflecting a strong orientation
toward model development and computational methodology. In contrast, the recommended
collaborator emphasizes words such as “model”; “social”;, and “practice”, indicating a broader
applied perspective where modeling is used to address contextual or behavioral problems.
The overlap in shared topics such as “network”; “test”, and “classification” explains the high
similarity score, while the differences in individual word distributions reveal complementary
methodological and applied strengths that justify this top-ranked recommendation.

Figure 7.4 shows a mid-ranked recommendation for Researcher 454, where the overall

topic similarity is moderate (0.47). Compared to the top-ranked pair, the overlap is narrower
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Figure 7.4: Explainability plot for a mid-ranked recommendation of Researcher 454

and focuses on more specific technical themes. The bidirectional bar chart highlights Topic 51
as the strongest shared topic, followed by several lower-weight topics with smaller joint
probabilities. This indicates that the two researchers share common ground in computational
and algorithmic methods, but their connection is limited to a few focused areas rather than
broad topical coverage.

The shared wordcloud supports this pattern, showing dominant terms such as
“algorithm”, “problem”; “solution”, “path”, and “time”. These words suggest an emphasis
on optimization and graph-based reasoning, which differs from the broader machine learning
focus seen in the top-ranked case. The collaborator’s wordcloud shows words like “dynamic”,
“space”, “parameter”, and “network”, pointing to interests in mathematical modeling and
dynamic systems. Together, these visualizations show that the model identified a link based

on shared computational techniques, leading to a moderate yet meaningful similarity between
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Figure 7.5: Explainability plot for a low-ranked recommendation of Researcher 454

the two researchers.

Figure 7.5 shows a low-ranked recommendation for Researcher 454 with an overall
similarity score of 0.19, indicating weak topical alignment. The bidirectional bar chart
clearly reflects this imbalance, as Topic 63 dominates the shared space while the remaining
topics contribute very little. This pattern suggests that the recommendation is driven by a
single broad topic rather than consistent overlap across multiple areas.

The shared wordcloud also shows limited overlap. Although both researchers use generic
terms such as “data”, “model”, and “analysis”, these words appear in different research
contexts. The recommended collaborator’s wordcloud highlights domain-specific terms such

s “dinosaur”, “fossil”, “formation”, and “cretaceous”, pointing to a focus in geological
sciences. In contrast, Researcher 454’s vocabulary remains centered on computational

methods and modeling. The lack of overlapping specialized terminology and the strong
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dominance of one researcher’s topic profile explain the low similarity score and weaker
relevance of this recommendation.

Having demonstrated how the explainability framework characterizes high-, mid-, and
low-ranked recommendations for Researcher 454, we next examine a second focal researcher
from the MSU network. This allows us to assess whether the interpretability patterns
observed earlier generalize to researchers working in different topical domains. In this case,
we focus on Researcher 74, who specializes in optical and remote sensing research.

Figure 7.6 shows the top-ranked recommendation for Researcher 74, with a high
similarity score of 0.76. The bidirectional bar chart highlights several shared topics with
substantial joint weight, particularly those centered on optical sensing and imaging. The
shared wordcloud reinforces this pattern, with dominant terms such as “optical”, “image”,
“polarization”, “infrared”, and “sky”, indicating that both researchers work extensively with
remote sensing instrumentation and environmental imaging.

Although the shared topical structure is strong, the individual wordclouds reveal subtle
differences in emphasis. Researcher 74 places greater focus on measurement and systems-
level instrumentation, with terms such as “laser”, “lidar”, and “sensor”. The recommended
collaborator displays similar domain themes but places more emphasis on application-
oriented terms such as “temperature”, “imaging”, and “spectral”. These complementary
emphases fall naturally within the same research area and explain why the model ranks this
collaborator near the top of the recommendation list.

Figure 7.7 presents a mid-ranked recommendation for Researcher 74, with a similarity
score of 0.46. Compared to the top-ranked case, the overlap is narrower and reflects alignment
primarily through broader methodological themes rather than tightly shared domain topics.
The bidirectional bar chart shows that Topic 58 carries the greatest joint contribution, while
the remaining shared topics have more modest weights, indicating that the connection is

supported by a smaller set of common research directions.
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Figure 7.6: Explainability plot for a top-ranked recommendation of Researcher 74

The shared wordcloud reflects this partial alignment. While both researchers use
terms such as “network”, “feature”, and “classification”, these appear in different topical
contexts. Researcher 74’s work remains centered on optical and sensing themes, whereas the
recommended collaborator’s vocabulary highlights machine learning applications, including
terms such as “method”, “accuracy”, “learning”, and “neural”. Several of these terms are
consistent with ML-based analysis of remote sensing data, which provides a methodological
link between the two researchers. However, the collaborator’s emphasis on computational
modeling differs from Researcher 74’s instrumentation-focused work, resulting in moderate
topical alignment and a mid-ranked recommendation.

Across these examples, the explainability plots illustrate how topic-based similarity
influences collaboration recommendations in Clone-LDA. High-ranked pairs show strong

overlap across multiple topics and shared vocabulary, whereas mid- and low-ranked pairs
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reveal gradually weaker topical alignment. The cases also demonstrate that this behavior is
consistent across researchers working in different topical domains. These visual explanations
improve transparency in the recommendation process, helping users verify that suggested
collaborations arise from genuine topical relationships rather than surface-level textual

overlap.

7.6 Summary

In this chapter, we evaluated the performance and reliability of our topic-based
recommender models using historic coauthorship data. Two complementary perspectives
guided this analysis: stability and accuracy. The stability experiments tested how robust

topic-based similarity remains when portions of coauthored publications are withheld,
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simulating realistic scenarios where researcher information may be incomplete or where new
faculty members enter the network with limited publication history. The accuracy evaluation
then measured how well the models could reproduce known coauthorships, using them as a
form of ground-truth evidence for successful recommendations.

We compared both LDA- and BERT-based models along with their cloned counterparts
to examine the effect of cloning on recommendation quality. The results showed that topic-
based representations, particularly LDA and Clone-LDA, maintain strong performance even
when publication overlap is removed, indicating that they capture generalizable thematic
alignment rather than relying solely on prior collaborations. In contrast, lexical models
such as TF-IDF showed greater sensitivity to missing documents, confirming that topical
abstraction provides a more stable foundation for collaboration discovery.

Beyond predictive accuracy, this chapter also explored explainability as an essential
aspect of model transparency. Using Clone-LDA as a representative example, we demon-
strated how topic distributions and shared wordclouds can help visualize the underlying
thematic evidence that drives recommendations. These explanations not only justify
individual recommendations but also offer insights into how different topical strengths or
complementary expertise contribute to meaningful collaboration suggestions.

Future work should extend these evaluation strategies by incorporating diversity-aware
metrics that capture interdisciplinary potential rather than relying solely on historical
coauthorship. Integrating such measures would provide a more comprehensive view of
recommendation quality and better reflect the broader goal of promoting cross-domain and

interdisciplinary research connections.
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CHAPTER EIGHT

SCHOLARNODE APPLICATION

The previous chapters established a comprehensive framework for topic-based schol-
arly collaboration recommendation, encompassing topic modeling, hierarchical community
detection, imbalance handling, and evaluation of model stability and explainability. While
these experiments validated the framework empirically, they remain primarily analytical.
To bridge the gap between theoretical validation and practical usability, we developed an
operational prototype system titled “ScholarNode.” The goal of ScholarNode is to transform
the underlying research framework into an interactive web platform that enables exploration
of scholarly networks, visualization of topical communities, and generation of collaboration
recommendations in an interpretable manner.

ScholarNode was designed around three core principles: interpretability, modularity,
and transparency. Rather than relying solely on co-authorship frequency or citation metrics,
it centers on topic-driven similarity derived from probabilistic and transformer-based models.
This approach enables the identification of latent interdisciplinary connections that might
not be visible through traditional collaboration networks. The system thus serves as both
a demonstration and validation of the dissertation framework’s practical applicability in
real-world academic ecosystems.

By providing an accessible interface to navigate researcher relationships and topical
structures, ScholarNode facilitates data-driven decision-making for research administrators,
interdisciplinary initiatives, and individual scholars seeking potential collaborators. The
platform illustrates how topic-based community modeling and similarity analysis can be

operationalized into a functional tool for exploratory analysis of scholarly activity.
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8.1 System Overview

ScholarNode integrates the core conceptual components developed across RQ1-RQ4
into a unified and interactive framework. It builds on the topic modeling and network
construction pipelines (Chapter 4), hierarchical community detection mechanisms (Chap-
ter 5), and the data imbalance strategies introduced in Chapter 6, along with the evaluation
and explainability measures from Chapter 7. Although the current prototype implements
the standard LDA and BERT-based topic networks, the system architecture is designed to
accommodate cloned topic models in future iterations. The prototype was developed for
Montana State University but can be readily extended to other institutional contexts.

Internally, the system connects several sequential processes: topic distributions from
LDA and BERT models are used to compute document-level and researcher-level similarities,
which are then aggregated to construct topic-based networks. These networks are passed
through hierarchical community detection algorithms, producing multi-scale community
structures. The resulting network indices are stored in a database and exposed through
a lightweight API that supports the web interface. Recommendations are generated
by applying the Personalized PageRank algorithm, seeded on the topical distribution of
a selected researcher to rank potential collaborators within and beyond the immediate
community.

At the user level, ScholarNode offers three primary functionalities: a search interface,
an individual researcher profile view, and a topical concept browser. Users can query by

bRANA4

researcher name or by domain-specific keywords such as “agriculture,” “machine learning,”
or “forest fire,” and are directed to relevant researcher profiles. Each profile page presents
a force-directed graph visualization, which arranges vertices by simulating attractive and

repulsive forces so that closely related researchers appear near each other while unrelated

vertices are pushed farther apart. Supplementary panels display individual and community-
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level wordclouds summarizing dominant research themes, publication histories, and a list of
both local and external collaborators with clickable links to their profiles. Recommendation
scores are shown alongside collaborator suggestions, reflecting computed similarities and
network-based influence.

Although the current prototype focuses on LDA and BERT-based topic networks, it
operationalizes all essential components needed to support search, community exploration,
and topic-based collaboration recommendations. The modular structure of the system allows
additional capabilities to be incorporated with minimal changes, including the integration
of cloned topic models and the extension to datasets from multiple institutions. This design
ensures that ScholarNode can evolve beyond its initial MSU deployment and serve as a

foundation for broader scholarly discovery and analysis.

8.2 System Architecture

The ScholarNode prototype was implemented as a lightweight web application that
separates offline analytical processing from online interactive exploration. The goal of the
architecture is to expose the topic-based collaboration framework to end users through a
simple browser interface, while keeping the computationally expensive steps, such as topic
modeling, community detection, and personalized ranking, outside of the request cycle.

Figure 8.1 illustrates the main components.

8.2.1 Data Preparation and Integration Layer

All analytical steps described in Chapters 4-7 are executed offline to produce artifacts
that the web application can consume. Topic models (LDA and BERT-based), researcher-
level topic distributions, community assignments from NH-Louvain and Spectral-HAC, and
recommendation scores are generated in batch and exported. During this stage, researcher

identifiers (fid) and publication identifiers (workid) are preserved so that the web application
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Figure 8.1: System architecture of the ScholarNode web application

can reference the exact entities used during experimentation.

The exported data are stored in a MySQL database that maintains the operational
schema. The complete database entity—relationship diagram is provided in Appendix C.
The database stores core relational information, including researchers, publications, re-
searcher—publication mappings, coauthor mappings, and community memberships. In
addition, two auxiliary tables are maintained for interpretability, an individual wordcloud
table that stores, for each researcher, word and probability pairs representing their dominant
topics, and a community wordcloud table that stores, for each community identifier, word and
probability pairs representing the shared topical focus. A separate PageRank table is used
to store the top ranked recommendations for each researcher, identified by fid, along with

the recommended researcher identifier and the corresponding personalized PageRank score.



163

By materializing these results in MySQL, the web application can return recommendations

without recomputing graph scores during user interaction.

8.2.2 Analytical and Recommendation Layer

The analytical logic in the prototype is kept minimal because the heavy computation
is already reflected in the database tables. For a given researcher, the layer only needs
to retrieve the precomputed outputs and assemble them into a coherent response. The
PageRank table provides the top ten recommended collaborators and their scores, the
community table provides the researcher’s assigned community, and the wordcloud tables
store the textual explanations at both individual and community levels. Although the
current prototype does not incorporate cloned topic models, the database schema is designed
to accommodate them. In a future extension, cloned entries would be stored with distinct
identifiers linked to the original researcher, ensuring consistency with the modeling approach
described in the earlier chapters.

This layer follows the same principle as the experimental pipeline. The web application
consumes model outputs, it does not produce them. This decision keeps the online
component responsive and also ensures that the results shown to users are exactly those

evaluated in Chapter 7.

8.2.3 Service Layer in PHP

To connect the database to the browser, ScholarNode uses a simple service layer written
in raw PHP. Although no web framework was used, the PHP scripts serve the role of an API
by receiving HT'TP requests, connecting to the MySQL database, running parameterized
queries, and returning structured data. Typical endpoints include fetching a researcher
profile by fid, searching researchers by name or by keyword, fetching the community identifier
and corresponding JSON network file, retrieving the top 10 recommendations and their

Personalized PageRank scores, and retrieving wordcloud terms.
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Each script aggregates data from multiple tables, for example, a profile request will read
from the researcher table (name, department, college, email), from the researcher—publication
table (to show publication history), from the community table (to obtain the community
id), from the PageRank table (to list recommended collaborators), and from the wordcloud
tables (to provide interpretive terms). Returning a single structured response at the PHP

layer keeps the frontend logic simple and reduces the number of database round trips.

8.2.4 Presentation and Visualization Layer

The frontend is also implemented in PHP, with embedded JavaScript to provide
interactivity. Visualization is handled with d3.min.js [12] for the force-directed community
view and with d3.layout.cloud [20] for rendering wordclouds. Community structures are
saved as JSON files on the server, indexed by community or by researcher, and are loaded
dynamically when a user opens a profile page. This design avoids computing graph layouts
in the browser, since the JSON already contains the node and edge information produced
offline.

The interface exposes three main views, a search view for name or concept lookup, a
researcher profile view, and a topical or community browse view. In the profile view, the D3
force-directed graph shows the focal researcher and the surrounding community, with nodes
colored by community membership and sized by degree or topical centrality. Clicking a node
loads the corresponding researcher profile via PHP, which issues another database query.
Adjacent panels display the individual wordcloud for the focal researcher and the community-
level wordcloud for the detected community, both rendered from the word, probability pairs
stored in MySQL. A recommendation panel lists the top 10 collaborators together with their
PageRank scores and provides links to open their profiles.

Because most computations are done in advance, the browser is responsible only for

rendering, filtering, and navigation. This makes it feasible to deploy the application on the
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school server without requiring high-performance hardware.

8.2.5 Data Storage and Deployment

The application is deployed on an institutional server running a standard LAMP-style
stack, with PHP handling requests and MySQL storing the operational data. Precomputed
community JSON files are stored on disk and are referenced by the database so that each
researcher profile can be associated with the correct network visualization. This hybrid
storage, database for structured entities and file system for graph JSON, keeps the schema
clean while still supporting large community structures.

Since all entities use stable researcher identifiers, the system can be extended to
additional institutions by loading new researcher and publication records into MySQL, regen-
erating the community JSON files for the enlarged network, and adding the corresponding
wordcloud entries. Because the user-facing layer is already written to consume generic fid
and community identifiers, no major changes to the interface are required when scaling to

other institutions (e.g., WSU and CSU).

8.2.6 Data Refresh and Maintenance

ScholarNode maintains an updated view of the scholarly network by periodically
synchronizing with external publication data sources. The publication metadata, author
affiliations, and coauthorship information are obtained from the OpenAlex API, which serves
as the authoritative source for new works and institutional records. A Linux-based cron
job executes automated scripts to check for new or modified entries on a scheduled basis,
retrieving additional publications and newly added faculty profiles.

After new data are collected, the full analytical pipeline is rerun on the updated
corpus. This includes topic modeling, community detection, wordcloud generation, and

recomputation of the Personalized PageRank scores. The refreshed outputs are stored
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locally and loaded back into the MySQL database, updating the community-level wordclouds,
researcher-level topical summaries, and the recommendation tables.

The refresh interval is chosen based on how quickly new publications appear. Since
research output at MSU grows gradually, updating the system every three months is enough
to keep the topic models and recommendations current without rerunning the full pipeline
too often. This schedule can be adjusted later depending on the amount of new data or
the size of the institution. The goal is to keep ScholarNode up to date while keeping the

processing workload manageable.

8.3 User Interface and Features

The ScholarNode web interface was designed to provide an interpretable and interactive
environment for exploring scholarly communities and potential collaboration opportunities.
The interface connects the analytical components described in earlier chapters to a user-
friendly visualization platform, allowing users to search by concept, navigate researcher
profiles, and interpret topical relationships through wordclouds. This section illustrates
the major features of the system using three example views corresponding to the search,

profile, and interpretability stages of the user workflow.

8.3.1 Search Interface

The search interface serves as the entry point for users to discover researchers by topic

PPN

or by name. Users can issue keyword-based queries such as “Lidar,” “machine learning,”

or “forest fire,”

which are matched against indexed publication titles, abstracts, and topic
distributions. The resulting page lists researchers associated with the query, showing their
names, institutional affiliation, and publication count. For the dissertation figures shown

here, researcher names are replaced with anonymized identifiers (for example, R-74), but

the actual prototype displays full researcher names. Each search result links directly to
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Figure 8.2: Search interface in ScholarNode showing example results for the keyword “Lidar”

the corresponding profile view, where community visualizations and recommendations are
shown. Figure 8.2 illustrates the interface for the query “Lidar,” where the system returns

multiple relevant researchers ordered by topical similarity.

8.3.2 Researcher Profile View

Selecting a researcher from the search results opens the profile view, which visualizes
the topical and collaboration context of that researcher within the broader scholarly network.
Each node in the visualization represents a researcher, and node color indicates departmental
affiliation, enabling users to visually assess the disciplinary diversity of a local network.
Figure 8.3 shows the example profile view for R-74. The surrounding nodes represent
researchers from multiple departments including Electrical Engineering, Civil Engineering,

Land Resources and Environmental Science, and Physics, illustrating the interdisciplinary
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Figure 8.3: Researcher profile view in ScholarNode showing the interdisciplinary network

structure of the detected community. The right-hand panel lists the top recommended
collaborators for R-74 along with their departments and Personalized PageRank scores. This
panel provides an interpretable ranking of candidates based on both network structure and
topical similarity. Expandable sections below the recommendations allow users to access the
researcher’s detailed information, publication samples, and topical wordclouds. Hovering
over a node displays a tooltip with basic researcher details, including name, department,
and total publication count. Both nodes and recommendation links are clickable, allowing

direct navigation to the corresponding researcher’s profile within the same network.

8.3.3 Individual and Community WordClouds

To further support interpretability, ScholarNode provides topical wordclouds that

summarize the dominant research themes of both the focal researcher and the researcher’s
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Figure 8.4: Individual and community-level wordclouds in ScholarNode showing dominant
topical themes

community. The Individual WordCloud visualizes the highest-weighted terms in the
researcher’s topic distribution, while the Community WordCloud aggregates the top terms
across all members of the community. As shown in Figure 8.4, the individual and community
clouds for R-74 reveal overlapping and complementary terms such as “polarization”, “image”,
and “spatial”, highlighting topical coherence between the researcher and the surrounding
community. These visualizations provide intuitive explanations for why certain collaborators
are recommended, linking similarity scores to explicit topical content rather than opaque
numerical metrics. Each keyword in the wordcloud is clickable, triggering a search for all
researchers associated with that concept. This feature enables contextual exploration of
topical clusters directly from the visualized terms.

Together, these three components illustrate the integrated workflow supported by

ScholarNode. Users begin with concept-based exploration through the search interface,
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navigate to the profile view to examine interdisciplinary connections and collaboration
recommendations, and interpret the topical overlap between individual and community
research through the wordclouds. By unifying these elements, ScholarNode demonstrates
how topic-based modeling, community detection, and recommendation results can be
presented in a transparent and interpretable manner, bridging analytical modeling with

practical usability.

8.4 Summary

This chapter presented the ScholarNode prototype, a web-based system that opera-
tionalizes the topic-based collaboration framework developed in the previous chapters. The
system integrates topic modeling, community detection, and recommendation mechanisms
into an interactive platform that enables users to explore researchers, visualize interdisci-
plinary networks, and interpret recommendations through topical wordclouds. Designed
initially for Montana State University, the prototype demonstrates how analytical modeling
can be transformed into a practical and interpretable tool for collaboration discovery.

The architecture supports modular expansion, allowing integration of additional
datasets from other institutions such as WSU and CSU. Its design also accommodates
future incorporation of cloned model variants and the explainability components introduced
in Chapter 7, such as stability metrics and topical overlap visualizations. Together, these
extensions will enable broader deployment and more transparent recommendation behavior
across institutional boundaries. ScholarNode therefore serves as a practical foundation
linking topic-based modeling with user-oriented exploration and sets the stage for future

large-scale, multi-institutional implementations.
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CHAPTER NINE

CONCLUSION

This dissertation set out to advance content-based recommender systems by integrating
topic modeling and social network analysis within a unified, interpretable framework.
Traditional content-based approaches are effective in identifying item-level similarities but
often ignore the relational structures that shape how knowledge, expertise, or creativity
circulate within communities. By representing content similarity as a network, this study
introduced a structured way to capture both the semantic and relational dimensions of
data, leading to recommendations that are not only accurate but also explainable. The
overarching goal was to improve interpretability, scalability, and balance in recommendation
systems, ensuring that connections are discovered through meaningful patterns of content
similarity and community context. To address these goals, the dissertation investigated four
interrelated research questions, each contributing a distinct methodological and empirical

advancement. The key findings and contributions are summarized below.

9.1 Summary of Contribution

RQ1: Topic model integration with social network analysis for interdis-
ciplinary collaboration. The first research question investigated how topic modeling
could be integrated with social network analysis to build topic-based collaboration networks
that promote cross-domain recommendations. This work established the foundation of the
framework by demonstrating how textual content, when transformed into topic distributions,
can define weighted edges between entities based on their topical similarity. Using
probabilistic LDA topic modeling, topic vectors were generated for each document and

aggregated at the author level to capture individual topical profiles. These profiles enabled
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the construction of fully connected networks where edge weights corresponded to the pairwise
similarity between author-level topic distributions.

By systematically varying the similarity threshold, the resulting graphs revealed
clear structural patterns that aligned with disciplinary boundaries while also exposing
cross-domain links that coauthorship networks overlook. Applying community detection
algorithms such as Louvain and Spectral Clustering allowed these networks to be partitioned
into meaningful clusters representing latent research themes. Experiments across multiple
institutions showed that moderate edge thresholds improved modularity and interpretability,
leading to networks that balanced cohesion and diversity. These results confirmed that
topic-based similarity provides a robust foundation for uncovering collaboration potential
beyond visible ties. Portions of this work were presented in [86], which introduced the early
version of the topic-based framework and established its applicability for interdisciplinary
recommendations. This approach is generalizable beyond scholarly data and can be applied
to any domain where items or users are characterized by textual or feature-rich content.

RQ2: Hierarchical community modeling for multilevel network understand-
ing. The second research question explored how hierarchical community detection could
improve both the structural interpretation of networks and the precision of recommendations.
Traditional implementations of Louvain identify a single, non-overlapping community assign-
ment for each vertex, resulting in a partition that reflects one dominant level of structure.
However, real-world scholarly networks often exhibit hierarchical organization, where broader
research areas contain multiple layers of increasingly specialized subcommunities. To capture
this multilevel structure, two complementary hierarchical extensions were developed: Nested
Hierarchical Louvain (NH-Louvain) and Spectral Hierarchical Agglomerative Clustering
(Spectral-HAC).

The NH-Louvain algorithm extended standard modularity-based detection by recur-

sively applying Louvain to each community, uncovering finer-grained subcommunities until
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stability criteria were met. Spectral-HAC, on the other hand, combined eigenvector de-
composition with agglomerative clustering to generate a dendrogram that reflects similarity-
based merging decisions. Both methods were evaluated using modularity and cophenetic
correlation coefficients, demonstrating that hierarchical models capture deeper community
structures and provide more organized views of the network than single-level clustering.

These results revealed that hierarchical community detection not only captures struc-
ture at multiple levels but also enriches the recommendation process. Multi-level groupings
allow for recommendations at varying levels of abstraction, ranging from tightly related
collaborators within a subcommunity to broader interdisciplinary partners spanning higher-
level clusters. This hierarchical representation supports multi-resolution recommendation,
an aspect rarely explored in existing literature. The conceptual and empirical results of this
component extended the topic-based framework introduced in [88].

RQ3: Mitigating content-data imbalance through cloning-based strategies.
The third research question addressed an important yet underexplored challenge in content-
based recommendation: data imbalance. In most real-world datasets, a small group of prolific
entities dominates content generation, producing skewed topic distributions that bias both
clustering and recommendation outcomes. This imbalance tends to obscure secondary or
interdisciplinary interests, causing prolific individuals to appear in a single dominant topic
space while their diverse research directions remain hidden.

To mitigate this, the dissertation introduced a cloning-based approach where prolific
authors were represented by multiple topical instances, each reflecting a distinct theme
derived from their local topic distributions. Two variants, Clone-LDA and Clone-BERT,
were implemented, corresponding to the two topic modeling paradigms used in this study.
Cloning expanded the representation space, enabling community detection algorithms to
assign different topical subprofiles of the same researcher to appropriate communities. This

resulted in networks that were more balanced and thematically diverse, with improved
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representation of interdisciplinary edges.

Empirical analysis showed that cloning improved the recovery of held-out coauthorship
links compared with non-cloned models and increased the diversity of recommendations by
highlighting researchers’ secondary topical areas. In particular, Clone-BERT produced finer
separation of subtopics within prolific authors, while Clone-LDA retained stronger coherence
at the thematic level. Together, these findings confirmed that cloning is an effective strategy
for addressing representation skew in content-based networks.As detailed in the conference
version of this study [89], addressing imbalance directly within the modeling process improves
the representational balance of topic-based networks and enhances the diversity and coverage
of the resulting recommendations.

RQ4: Evaluation, explainability, and system implementation. The fourth
research question focused on evaluating the effectiveness and reliability of the proposed
framework and on translating it into a functional system. Evaluation involved two
complementary dimensions: accuracy and stability. Accuracy was assessed by measuring
how well the system reproduced existing coauthorships and predicted potential collabo-
rations using topic similarity as the predictive feature. Stability experiments simulated
incomplete information by withholding subsets of coauthored publications during training,
testing whether recommendations remained consistent under data perturbation. Results
demonstrated that both LDA- and BERT-based models produced stable similarity scores
even when 50% of the publication data was removed, confirming robustness to missing
information.

Explainability was a central design goal throughout this work. Each recommendation
in the framework can be traced to interpretable evidence in the form of shared topical
weights and community co-membership. These explanations support user trust and adoption
by helping researchers understand the rationale behind recommended collaborators and

topics. To operationalize these principles, the ScholarNode web prototype was developed
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as a practical demonstration of the framework’s capabilities. The system integrates topic
modeling, network construction, and visualization into an interactive interface that displays
researcher profiles, community word clouds, and top-ranked recommendations. It provides
both textual and visual explanations that link recommendations to their topical foundations.
The ScholarNode prototype, initially introduced in [87], illustrates how the methodological
advances of this dissertation can be implemented in a real-world, interpretable recommender

system.

9.2 Limitations and Future Work

While this dissertation establishes a strong foundation for interpretable, network-
based recommender systems, several limitations remain that inform opportunities for future
refinement.

First, the analyses rely on publication metadata obtained through public APIs (i.e.,
OpenAlex). Although this choice aligns with the goal of evaluating interdisciplinarity
through textual content rather than direct social connections, the completeness and accuracy
of publication records cannot be guaranteed. Name inconsistencies, missing abstracts, and
incomplete metadata occasionally affect the quality of topic representations and the resulting
similarity computations. These data limitations introduce a degree of uncertainty that future
work could mitigate through improved data reconciliation and metadata validation pipelines.

Second, topic modeling and network construction are computationally demanding
processes. The similarity computation between all pairs of entities requires O(n?) operations,
and hierarchical community detection further increases complexity. While these requirements
remained manageable for the three-institution and combined datasets analyzed here, scaling
the framework to larger multi-institutional or national corpora would require distributed
or approximate methods to reduce computational cost. Additionally, topic interpretability

and coherence depend on preprocessing quality and parameter tuning; although coherence
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measures guided model selection, the subjective nature of topic interpretation and threshold
selection introduces inherent modeling variability.

Third, the evaluation design uses historical coauthorship as a proxy for ground-
truth collaboration, a common but imperfect assumption. Coauthorship captures realized
collaborations but provides limited evidence for potential or novel ones. As a result, the
evaluation metrics primarily measure the model’s ability to reproduce existing patterns
rather than its capacity to recommend diverse or previously unrealized collaborations.
Developing evaluation protocols that explicitly account for novelty and diversity remains
an open methodological challenge for future research.

Fourth, the current ScholarNode prototype focuses on recommendation generation and
visualization but does not yet include mechanisms for user feedback, adaptive learning,
or longitudinal tracking of user interaction. While the system provides interpretability
through topic- and community-level explanations, future extensions could incorporate
interactive feedback loops that allow users to refine recommendations and observe how their
feedback influences underlying model behavior. Such functionality would not only improve
personalization but also strengthen trust and transparency in practical deployments.

Finally, the present framework models textual content as the primary information
source. Although this focus effectively captures semantic similarity, real-world recommender
systems increasingly operate in multimodal environments where content may include
images, videos, or sensor signals. Adapting the framework to process and integrate such
heterogeneous content types could broaden its applicability while maintaining the same
topic-based and network-oriented reasoning principles established in this study.

A particularly promising direction for future research involves extending the current
static framework into a dynamic or temporal modeling setting. In its present form, the
network represents a snapshot of scholarly content aggregated over time, assuming that

topical similarity and community structures remain stable. However, real-world research
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and content ecosystems evolve continuously as new publications, authors, and themes
emerge. Incorporating temporal dynamics would allow the framework to model how topic
distributions, similarity weights, and community memberships change over time. Such
temporal extensions could leverage incremental topic modeling, streaming embeddings, or
dynamic graph algorithms to update the network efficiently without full recomputation.
This capability would enable the system to capture emerging interdisciplinary areas, track
the evolution of research communities, and provide time-aware recommendations that reflect
current trends and shifting expertise landscapes.

In addition to these methodological extensions, the framework’s design and underlying
principles are broadly transferable to other recommendation settings. The same principles,
representing content similarity as a network, detecting hierarchical communities, mitigating
imbalance, and maintaining explainability, apply to organizational knowledge management,
interdisciplinary team formation, research—industry matchmaking, or educational content
discovery. Any domain where content reflects expertise, intent, or thematic focus can
benefit from this framework’s ability to balance interpretability with scalability. By uniting
semantic representation and network reasoning, this research provides a foundation for a
new generation of explainable content-based recommender systems that generalize across
domains and foster more meaningful, equitable connections.

At a theoretical level, this work contributes to the understanding of how topic-based
representations can be embedded into network structures to capture higher-order semantic
relationships, bridging natural language processing and network science perspectives on
recommender design.

In summary, this dissertation demonstrates that integrating topic modeling with
network analysis produces recommender systems that maintain consistent performance under
partial information and offer clearer, more contextually organized recommendations. By

addressing the challenges of structural modeling, data imbalance, and interpretability, this
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research contributes new theoretical insights and practical methods that extend far beyond
the academic domain. The ScholarNode system exemplifies how these concepts can be
implemented in a real application, offering a concrete step toward the broader goal of creating

recommendation systems that predict relevance and clearly explain the reasoning behind it.
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Table A.1: Louvain and Spectral community statistics on WSU across selected thresholds
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This appendix includes the full threshold based modularity and community statistics
for WSU, CSU, and the combined MWC network. These tables complement the results
discussed in Chapter 4, where the MSU analysis is presented in the main text.



Table A.2: Louvain and Spectral community statistics on CSU across selected thresholds
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Table A.3: Louvain and Spectral community statistics on the combined MWC dataset
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ADDITIONAL HIERARCHICAL DENDROGRAM VISUALIZATIONS
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Figure B.1: NH-Louvain dendrogram of the WSU network

This appendix provides supplementary dendrogram visualizations for the WSU, CSU,
and combined MWC networks. These figures complement the MSU examples discussed in
Chapter 5, where we illustrated the hierarchical structure using MSU as a representative
case. Although MSU offers a balanced and interpretable example for in-text discussion, the
remaining institutions exhibit similar hierarchical patterns.
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(c) Spectral-HAC

Figure B.2: Dendrograms of the WSU-0.1 network across three hierarchical methods
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Figure B.3: NH-Louvain dendrogram of the CSU network
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(a) Louvain

(c) Spectral-HAC

Figure B.4: Dendrograms of the CSU-0.1 network across three hierarchical methods
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Figure B.5: NH-Louvain dendrogram of the combined MWC network
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(a) Louvain (b) NH-Louvain

(c) Spectral-HAC

Figure B.6: Dendrograms of the combined MWC-0.1 network across hierarchical methods
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APPENDIX C

SCHOLARNODE ENTITY-RELATIONSHIP DIAGRAM
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This appendix presents the entity-relationship (ER) diagram used in the ScholarNode
prototype. It summarizes the core data structures supporting faculty records, OpenAlex
author profiles, publication metadata, community assignments, PageRank scores, and term
distributions. The diagram captures the relationships among the primary tables, including
the msu_faculty, authors, works, and their associative mappings.
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