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Featured Application

The proposed framework can support research management and science policy by identify-
ing influential disciplines, discovering emerging interdisciplinary directions, and assisting
strategic planning in academic institutions and funding agencies.

Abstract

As scientific research becomes increasingly interdisciplinary, it is essential to quantify
both the structural importance of disciplines and the topical proximity among them in
cross-disciplinary networks. However, conventional PageRank mainly relies on link struc-
ture and therefore may overlook disciplines that are weakly connected structurally but
closely related in terms of research themes. To address this limitation, we construct an
interdisciplinary network dataset centered on computer science using metadata from Ope-
nAlex, where nodes represent disciplines and edges represent co-occurrence relationships
among disciplines in scholarly records. We further extract discipline-level topic repre-
sentations from paper abstracts and keywords and propose a hybrid ranking method,
namely Thematic PageRank (TPR), which integrates structural connectivity with topic
similarity to evaluate node importance more comprehensively. In addition, we define mul-
tiple similarity measures to examine structural, thematic, and hybrid associations among
disciplines. To validate the proposed method, we compare TPR with several baseline
ranking algorithms, including standard PageRank, Weighted PageRank, Topic-Sensitive
PageRank, HITS, LeaderRank, and Node2Vec. We also design ablation experiments to test
the contribution of the structural branch, topic branch, and fusion mechanism. Experi-
mental results show that TPR is more effective in identifying interdisciplinary disciplines
at the boundary of the network, while the hybrid similarity measure provides stronger
clustering performance than single-dimension measures. The proposed framework offers a
more systematic and interpretable approach for evaluating disciplinary importance and
similarity in interdisciplinary networks.

Keywords: interdisciplinary network; Pagerank; topic similarity; knowledge graph analysis;
node importance evaluation

1. Introduction

With the rapid growth of interdisciplinary research, understanding how disciplines
interact and identifying those fields that occupy central positions in cross-disciplinary
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knowledge structures has become an important issue in scientometrics, research manage-
ment, and science policy [1]. Traditional evaluation indicators, such as citation counts,
journal impact factors, and publication volume, can reflect productivity or visibility to
some extent, but they often fail to capture the structural relations among disciplines and
the thematic connections embedded in scholarly content.

PageRank algorithm is a Web Page ranking algorithm proposed by Larry Page and
Sergey Brin in 1998. It aims to evaluate the importance of web pages by analyzing the
link structure between Web pages. Because of this property, it has been widely adopted in
scientific networks, including citation networks, collaboration networks, and co-occurrence
networks. In interdisciplinary settings, PageRank can help identify influential disciplines
that are supported by many important neighbors. Nevertheless, its reliance on network
structure alone limits its ability to detect disciplines that are thematically close to several
fields but only weakly connected in the observed network structure.

At the same time, topic modeling and text representation methods offer a complemen-
tary perspective by quantifying the semantic characteristics of disciplines or papers. By
embedding topical information into network analysis, it becomes possible to measure not
only whether two disciplines are structurally linked, but also whether they are conceptually
related. This is particularly important in interdisciplinary research, where topical overlap
may exist even when direct structural connections are sparse. A growing body of work
has attempted to combine PageRank with topical information for author ranking, journal
evaluation, paper influence analysis, or topic-oriented network mining. Other studies have
examined interdisciplinarity by analyzing co-occurrence, citation overlap, or diversity in
disciplinary networks. Despite these efforts, two issues remain insufficiently addressed.
First, many existing methods evaluate structural centrality and topical similarity separately,
rather than integrating them into a unified importance model. Second, discipline networks
are often built using coarse labels or journal classifications, which may conceal heterogene-
ity within disciplines and weaken the interpretation of cross-disciplinary relationships.

To address these gaps, this study proposes Thematic PageRank (TPR), a hybrid ranking
method that integrates structural connectivity and topic similarity into the edge-weighting
process of PageRank. Unlike conventional PageRank-based approaches that primarily rely
on network topology or treat topic information only as an auxiliary bias term, TPR directly
incorporates thematic proximity into the edge-weighting process, enabling a more balanced
evaluation of disciplines that are important either structurally or semantically. In parallel,
we construct an interdisciplinary network dataset centered on computer science using
OpenAlex metadata and derive discipline-level topic representations from publication
abstracts and keywords. Based on this dataset, we further design multiple similarity
measures to analyze structural association, thematic association, and joint association
among disciplines.

This study is guided by the following research question: Can integrating structural
connectivity with topic similarity improve the identification of interdisciplinary disciplines
that are weakly connected in the network structure but strongly related in thematic space?
Based on this question, we further hypothesize that:

(1) the proposed TPR framework can better identify interdisciplinary boundary disci-
plines than structure-only ranking methods;

(2) the integration of structural and thematic information can improve clustering
quality, ranking robustness, and interdisciplinary similarity analysis compared with single-
view approaches.

To validate these hypotheses, we compare TPR with several representative baseline
methods, including standard PageRank, Weighted PageRank, Topic-Sensitive PageRank,
HITS, LeaderRank, and Node2Vec. In addition, ablation experiments are designed to
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evaluate the individual contributions of the structural branch, thematic branch, and fusion
mechanism. Multiple evaluation indicators, including ranking consistency, clustering
validity, robustness deviation, and similarity patterns, are employed to comprehensively
assess the effectiveness of the proposed framework.

The main contributions of this study are summarized as follows:

(1) We construct a real interdisciplinary network dataset covering twelve disciplines
related to computer science based on OpenAlex metadata and derive discipline-level topic
representations from large-scale scholarly texts.

(2) We propose Thematic PageRank (TPR), a hybrid ranking framework that jointly
models structural connectivity and topic similarity for interdisciplinary node importance
evaluation.

(3) We systematically investigate the relationship between structural centrality and
disciplinary similarity and demonstrate that the proposed hybrid framework is more
effective in identifying interdisciplinary disciplines with weak structural connectivity but
strong thematic relevance.

2. Related Work
2.1. Application of Standard PageRank in Scientific Networks

PageRank is a classic link-analysis algorithm originally designed to measure the
importance of web pages through their hyperlink structure and has evolved into a broad
family of ranking methods widely used in scientific networks, recommendation systems,
and knowledge graphs [2]. Its fundamental idea is that a node is more important if it is
linked to by other important nodes. This principle has made PageRank a widely used tool
for ranking nodes in scientific networks, where papers, authors, journals, institutions, or
disciplines can be represented as network vertices. The iterative formula is as follows:

x(k) =dWx(k—1) + (1 —d)r(v) (1)

where d is the damping coefficient, which is usually 0.85, W is the transition matrix,
and r(v) denotes the restart preference vector. In scientometric studies, PageRank has
been applied to citation networks, collaboration networks, and co-occurrence networks
to identify influential scientific entities. Its advantage lies in capturing global structural
prominence rather than relying solely on local degree counts. However, standard PageRank
assumes uniform edge treatment and does not account for semantic similarity or content
relevance. As a result, it may fail to highlight disciplines that are not structurally dominant
but are thematically central within an interdisciplinary context.

2.2. Variations of PageRank

To overcome the limitations of standard PageRank, several variants have been pro-
posed. Weighted PageRank (WPR) extends the original algorithm by assigning different
transition weights to links with varying importance, rather than distributing rank scores
uniformly across all outgoing links. By considering both incoming and outgoing link
characteristics, WPR provides a more refined estimation of node importance [3]. Zhang
et al. further adapted this idea to weighted directed networks by incorporating node-
specific information and heterogeneous edge relationships into the ranking process [4].
Their results on both synthetic and real-world networks showed that the proposed method
outperformed several traditional centrality measures in identifying influential nodes. How-
ever, although WPR improves upon the equal-weight assumption of standard PageRank,
it still relies primarily on structural information and does not explicitly capture topical
relationships among disciplines in interdisciplinary networks.
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To address the limitations of structure-only ranking methods, previous studies have
incorporated textual semantics or topic-model outputs into PageRank. Topic-Sensitive
PageRank (TSPR) is a representative variant that introduces topic preference through per-
sonalized bias vectors [5]. Specifically, multiple topic dimensions are pre-defined, and a
topic-dependent preference vector is constructed for each dimension to guide the iterative
ranking process. Despite its effectiveness, traditional TSPR may incur considerable storage
and computational overhead when the number of topic dimensions becomes large. To im-
prove efficiency, Gong et al. proposed FasTSPR, an accelerated query method that exploits
previous TSPR computations and improves real-time topic matching performance [6].

Several other studies have combined PageRank with neighborhood-based influence
measures or topic-aware ranking strategies to identify important nodes in complex net-
works [7]. With the development of natural language processing techniques, researchers
have increasingly extracted topical features directly from textual data and integrated them
with PageRank. For example, Ma et al. proposed a ranking-based influence analysis that
combines weighted PageRank and HITS for paper citation networks, and their experi-
ments demonstrated the effectiveness of the proposed approach in identifying influential
papers [8]. Overall, these studies show that incorporating topical or semantic information
can improve ranking quality, but many existing methods still treat content as an auxiliary
signal rather than integrating it directly into the ranking mechanism.

2.3. Interdisciplinary Networks and Similarity Measurement

In addition to node influence ranking, the analysis of interdisciplinary relationships
and discipline similarity has become an important topic in scientometrics and science-
of-science research. Previous studies have explored disciplinary functions and cross-
disciplinary characteristics through field-of-study networks and have revealed the different
roles that disciplines play within interdisciplinary ecosystems [9].

To promote interdisciplinary development, researchers have increasingly constructed
discipline collaboration and co-occurrence networks based on high-quality scientific out-
puts. Qian et al. analyzed disciplinary interactions in Chinese first-class comprehensive
universities and found that interdisciplinary activities are mainly concentrated among nat-
ural science disciplines, whereas the integration between humanities, social sciences, and
other fields remains relatively limited [10]. Similarly, Wang and Li investigated university-
initiated interdisciplinary research projects and demonstrated that computer science and
management science often function as supportive disciplines in China’s interdisciplinary
research system, while social science disciplines tend to exhibit broader cross-domain
collaboration patterns [11].

Evaluating the similarity between disciplines is essential for understanding interdisci-
plinary integration and knowledge diffusion. Existing studies generally classify similarity
measures into two categories: structural similarity and thematic similarity.

Structural similarity focuses on the topological characteristics of disciplinary net-
works. Representative approaches include neighborhood-overlap-based measures and
co-citation-based measures, which quantify the degree of shared network structure or com-
mon citation foundations between disciplines. These methods effectively capture explicit
interdisciplinary co-occurrence patterns and structural connectivity, but may fail to identify
disciplines that are topologically distant yet conceptually related.

Thematic similarity evaluates the semantic relatedness between disciplines using
textual information such as titles, abstracts, and keywords. Topic modeling techniques and
semantic embedding methods are commonly employed to generate vector representations
of disciplines, after which similarity is calculated in the embedding space. Although such
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methods can reveal latent thematic connections, their effectiveness depends heavily on the
quality and completeness of textual data.

To overcome the limitations of single-view approaches, recent studies have explored
hybrid similarity frameworks that integrate both structural and semantic information. By
combining complementary network topology and topic characteristics, hybrid methods gen-
erally achieve better clustering performance and more reliable interdisciplinary relationship
identification than either structural or thematic similarity alone. However, most existing
approaches rely on simple weighted aggregation and lack a unified framework that simulta-
neously considers structural connectivity, topical relevance, and citation-based interactions.

Motivated by these observations, this study develops a multi-dimensional similarity
framework that integrates structural, topical, and citation information for interdisciplinary
network analysis.

2.4. Research Gap and Positioning of the Proposed Framework

Although substantial progress has been made in PageRank variants, topic-aware rank-
ing methods [12], and interdisciplinary similarity analysis, several important limitations
remain in the existing literature. Table 1 summarizes representative ranking and interdis-
ciplinary analysis frameworks related to this study. Existing approaches can generally
be divided into topology-based ranking methods, topic-aware PageRank variants, and
interdisciplinary similarity analysis models. However, most existing studies still exhibit
three major limitations.

Table 1. Comparison of Existing Ranking Frameworks and the Proposed TPR Method.

Method Core Mechanism Data Type Semantlc{Text Main Task Advantages Limitations
Integration
Standard r;fclllc()ﬁa:\?ﬁk Colsjltllﬁ_zr/és_ None Structural node Simple and Ignores semantic
PageRank (PR) . ranking interpretable relationships
propagation network
Weighted Welg.hFed Weighted Weighted Considers edge Still topology-
transition None . . .
PageRank (WPR) probabilities network structural ranking importance driven
Topic-Sensitive Pers.onqhzed Network and Topic preference Topic-oriented Introduc.es . Sema‘nuc
topic-biased . . . semantic information only
PageRank (TSPR) . predefined topics vectors ranking 1
ranking preference acts indirectly
Hub-authority . o i,
HITS iterative Directed graph None Agthor.lty N Effe;tlve in . Sensmve1 to local
propagation estimation irected networks topology
Parameter-free Complex Robust node Stable Lacks semantic
LeaderRank random walk None . i
ranking networks ranking convergence modeling
Weak
Random-walk Graph Implicit structural ~ Node embedding Captures latent interpretability
Node2Vec . . . Lo structural for
graph embedding representation embedding and similarity . o
patterns interdisciplinary
semantics
Collective Topical Top %c-dependent Paper citation Topic-aware Paper influence Improves. topical Mainly
influence L . ranking document-level
PageRank - networks weighting evaluation e .
propagation sensitivity evaluation
Node ranking,
Interdisciplinar Topic similarit similarity Jointly models
Hybrid structural- P y pie Y analysis, topology and Requires topic
Proposed TPR . network + directly . - e .
semantic . . clustering, and semantics within modeling and
framework . scholarly text integrated into oo .
propagation S boundary a unified parameter tuning
corpus edge weighting discipli
iscipline framework
detection
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First, many ranking methods primarily rely on network topology and treat semantic
or topical information only as an auxiliary bias term rather than integrating it directly into
the ranking propagation process. As a result, structurally weak but semantically important
interdisciplinary disciplines may be underestimated. Second, existing interdisciplinary
network studies often rely on coarse-grained discipline labels or simplified structural re-
lationships, which may obscure the internal thematic heterogeneity and hidden semantic
associations among disciplines. Third, previous studies typically focus either on node im-
portance ranking or on disciplinary similarity analysis, while few studies jointly investigate
ranking behavior, clustering structure, robustness, and interdisciplinary similarity within a
unified analytical framework and dataset.

In addition, existing topic-aware PageRank approaches, such as Topic-Sensitive PageR-
ank and collective topical ranking models, mainly target topic-dependent paper retrieval
or document influence estimation. In a typical TSPR formulation, topical information
enters the recurrence through a personalized restart vector or query-dependent bias dis-
tribution, while the transition matrix itself remains primarily determined by the original
graph structure. In other words, topic relevance influences the teleportation term indirectly,
rather than modifying the propagation weights among neighboring nodes. By contrast,
TPR incorporates topic similarity directly into the edge-weight construction mechanism,
so the transition probability between two disciplines is jointly determined by structural
connectivity and thematic proximity. This means that semantic information participates
in every propagation step of the random walk, rather than only affecting the restart dis-
tribution. Consequently, the influence of thematic information is reinforced continuously
during iterative propagation instead of being restricted to a fixed personalization bias. This
design improves robustness in interdisciplinary networks because semantically related but
structurally sparse disciplines can still maintain effective information propagation even
when direct topological connectivity is weak.

To address these limitations, this study proposes Thematic PageRank (TPR), a unified
interdisciplinary analysis framework that directly integrates network structure and topic
similarity into the edge-weight propagation process of PageRank. Unlike conventional
topic-aware ranking models that primarily focus on document-level or query-oriented
evaluation [13], the proposed framework explicitly targets interdisciplinary discipline
networks and simultaneously analyzes node importance, disciplinary similarity, clustering
structure, and robustness within the same analytical pipeline.

Specifically, we construct a discipline co-occurrence network based on OpenAlex meta-
data and derive discipline-level topic vectors from scholarly abstracts and keywords using
topic modeling techniques. Topic similarity is then incorporated directly into the PageRank
transition process to form the proposed hybrid TPR framework. Furthermore, multiple
similarity measures, including structural similarity, thematic similarity, co-citation similar-
ity, and hybrid joint similarity, are designed to systematically evaluate interdisciplinary
relationships. Extensive experiments, including ranking comparison, ablation analysis,
clustering evaluation, and robustness testing, are conducted to validate the effectiveness of
the proposed framework.

By jointly modeling structural connectivity and thematic proximity, this work aims
to provide a more comprehensive, interpretable, and robust approach for identifying
interdisciplinary boundary disciplines and measuring disciplinary relationships in complex
scientific knowledge networks.
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3. Materials and Methods
3.1. Interdisciplinary Dataset Construction

Recent scientometric datasets have increasingly relied on large-scale OpenAlex meta-
data because of its broad disciplinary coverage and open accessibility. For example, the
Scito2M dataset provides over two million interdisciplinary scientific records for large-scale
temporal scientometric analysis [14]. Previous assessments have also demonstrated that
OpenAlex provides competitive coverage and quality compared with traditional sciento-
metric databases, making it suitable for interdisciplinary knowledge analysis [15]. This
study investigates a computer science-centered interdisciplinary landscape and constructs
a discipline-level case-study network covering twelve representative disciplines closely
related to computer science. Rather than aiming to represent the entirety of the global
scientific knowledge system, the dataset is designed to provide a focused experimental
setting for evaluating the proposed TPR framework under interdisciplinary interaction
scenarios. The data were collected from the OpenAlex academic database. Publication
records published between 2015 and 2024 were retrieved to ensure both recent topical
relevance and sufficient interdisciplinary coverage.

For each target discipline, the corresponding OpenAlex Concept ID was first identified
through the OpenAlex concept search interface. The selected disciplines included Computer
Science, Artificial Intelligence, Computer Vision, Statistics, Bioinformatics, Computational
Physics, Computer and Electrical Engineering, Information Security, Management Science
and Engineering, Medical Informatics, Quantum Information Science, and Digital Media.
These disciplines were selected because they represent computationally connected yet
semantically diverse research domains that frequently interact with computer science
through shared methodologies, interdisciplinary applications, citation relationships, and
co-occurrence patterns in scholarly publications. The selected set therefore provides a
representative experimental environment for evaluating the proposed structural-semantic
interdisciplinary ranking framework under realistic cross-domain interaction scenarios.
Based on the identified Concept IDs, up to 1000 publications were retrieved for each
discipline. Only English-language journal articles and conference papers were included
in the dataset. Although the network contains only twelve discipline nodes, each node
aggregates thematic information from approximately 1000 publications. Therefore, the
analysis focuses on discipline-level interdisciplinary interactions rather than large-scale
node prediction tasks.

The retrieved metadata included publication titles, abstracts, citation counts, publica-
tion years, discipline labels, and concept relevance information. To improve data quality
and ensure consistency across disciplines, several preprocessing procedures were applied.
Specifically, the abstract texts were converted to lowercase, punctuation and special charac-
ters were removed, English stop words were filtered out, and stemming was performed.
Duplicate records were removed through DOI matching and comparison of publication
titles. Publications with missing abstracts or incomplete metadata were excluded from
topic modeling and similarity analysis. Interdisciplinary publications assigned to multiple
disciplines were retained because cross-disciplinary overlap constitutes an essential char-
acteristic of the target network. During topic vector generation, the contribution of each
publication was weighted according to its citation count in order to preserve the influence
of highly cited representative publications within each discipline.

In addition, self-loops and isolated nodes were removed during network construction.
After preprocessing, twelve discipline nodes were retained for subsequent analysis, as
summarized in Table 2.
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Table 2. Disciplines Included in the Interdisciplinary Network Dataset.

. T OpenAlex Number of .
Serial Number  Discipline Name Concept ID Papers (Pieces) Core Related Fields
1 Computer Science C41008148 1000 All-domain cross-hub
Computer Science, Machine
5 Art1.f1c1al C154945302 1000 Learning, Natural Tfa.n'guage
Intelligence Processing, Artificial
Intelligence.
3 Computer Vision C31972630 1000 Computer Science,
Image Processing
4 Statistics C105795698 1000 Computer Science, Statistics
5 Bioinformatics C60644358 1000 Computer Science,
Bioinformatics
Computational Computer Science,
6 Physics 30475298 1000 Computational Physics
Computer and Computer Science
7 Electrical C61696701 1000 [PUTET Srenes
. . Electrical Engineering
Engineering
8 Informa}hon C527648132 1000 Computer science,
Security Cryptography
Management Systems Engineering,
9 Science and C2777909354 1000 Information Technology,
Engineering Operations Research
10 Med1ca} 69505689 1000 Computgr .Sc1ence, Medlcme,
Informatics Bioinformatics
Quantum Computational Physics,
11 Information (5320026 1000 Computer Science, Quantum
Science Information Science
12 Digital Media C17632256 1000 Computer Science,

Digital Media

During processing, each target discipline was treated as a node in the network. When
two disciplines appeared in the same paper, a co-occurrence relationship was recorded
between them. The co-occurrence frequency was used as the edge weight, and a weighted
undirected network was then constructed.

To reduce scale inconsistency between structural co-occurrence weights and semantic
similarity scores, the co-occurrence term was normalized before integration into the TPR
framework. Specifically, for each discipline node u, the normalized structural weight
between disciplines u and v was defined as §,,—.

_ Su—v )

§u~)’0
LkeN(u) Su—k

where s, _,, denotes the original co-occurrence frequency between disciplines u and v, and
N (u) represents the neighboring disciplines connected to node u. After normalization, the
structural weights and cosine similarity values were represented on comparable numerical
scales prior to fusion.

This normalization step improves the interpretability of the weighting parameter
and prevents the ranking propagation process from being dominated by large raw co-
occurrence magnitudes.
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To support later analysis, we generated a node table and an edge table and stored
them in CSV and GraphML formats, respectively. The paper titles and abstracts were also
extracted for topic modeling, and the resulting discipline-level topic vectors were used as
semantic features in the ranking and similarity analysis.

3.2. Node Topic Vector

In order to quantify the content attributes of disciplines, this study trained a topic
model using the abstract text of the papers to generate discipline-level topic vectors. The
Latent Dirichlet Allocation algorithm [16] was adopted, and the hyperparameters were
optimized through grid search: the number of topics K = 50, the maximum number of
iterations max_iter = 100. The number of topics was selected according to topic coherence
and perplexity analysis, where K = 50 provided the best balance between semantic gran-
ularity and model stability. The model training was implemented using the scikit-learn
library, a dictionary was constructed based on the preprocessed abstract text, and the text,
bag-of-words vectors, and TF-IDF vectors were transformed to input the LDA model to
obtain the 50-dimensional topic distribution vector for each paper. For each discipline node,
the topic vector of that discipline was generated using the weighted average strategy of the
number of papers—that is, the topic vector ¢(c) of a discipline is the weighted sum of the
topic vectors f(p) of all papers in that discipline, with the weight being the citation count
of the paper. The formula is as follows:

Ypep(c) cites(p)-t(p)
Ypep(c) cites(p)

t(c) = (©)
where P(c) represents the collection of papers included in discipline c, and cites(p) rep-
resents the number of citations for paper p. This representation captures the aggregated
thematic profile of each discipline while preserving the influence of highly cited publica-
tions. To reduce the potential bias caused by a small number of extremely highly cited
papers, the discipline-level topic representation was constructed from a relatively large
publication set for each discipline rather than from individual representative papers. In
addition, comparative experiments using unweighted averaging produced highly similar
thematic distributions and ranking trends, indicating that the citation-weighted aggregation
mainly enhanced influential thematic signals without substantially distorting the overall
disciplinary representation.

3.3. Hybrid PageRank Method TPR

Traditional PageRank evaluates node importance only from the perspective of network
structure. Although this strategy is effective for structural ranking, it is insufficient for
interdisciplinary networks because disciplines may be weakly connected in topology while
still being highly related in topic space. To address this limitation, we propose the Thematic
PageRank (TPR) method, which integrates structural connectivity and topic similarity into
a unified ranking framework. The modeling process and the iterative scoring mechanism
are shown in Figure 1. The core formula is as follows:

TPR(v) = (1 —d)-r(0) +d- Z (w”% >~TPR(u) 4)

(1) \ Lk Wk

d is the damping coefficient, the value is 0.85. r(v) is the restart preference vector, which
is set to be uniformly distributed to avoid subjective bias towards a specific discipline.
W,y is the edge weight that combines structure weight and topic similarity, and the
formula is as follows:

Wyso = a8y + (1 — a)-cos(t(u), t(v)) (5)
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Figure 1. Framework of the Proposed TPR-Based Interdisciplinary Analysis.

Among them, the parameter & was determined through parameter sensitivity experi-
ments to control the relative contribution of structural connectivity and thematic similarity,
and was set to 0.6. Specifically, o« was varied from 0.1 to 0.9 with an interval of 0.1, and
the resulting ranking stability and clustering consistency were compared across different
parameter settings. The experimental results showed that when o was too small, the model
overly emphasized thematic similarity, which weakened the discriminative effect of struc-
tural connectivity and reduced clustering consistency. In contrast, excessively large « values
caused the ranking behavior to become increasingly dominated by network topology, mak-
ing the model closer to conventional weighted PageRank methods and reducing thematic
differentiation among interdisciplinary disciplines. The performance metrics exhibited
relatively stable behavior within the range of o = 0.4-0.7, while the best balance between
ranking robustness and clustering validity was achieved at o = 0.6. Therefore, x = 0.6
was adopted in all subsequent experiments. 3,_,, represents the normalized structural
weight between disciplines u and v, which was derived from the co-occurrence frequency of
papers between the two disciplines after transition normalization. cos(#(u), t(v)) denotes
the cosine similarity between the topic vectors of disciplines u and v, with values ranging
from O to 1.

Although the interdisciplinary network was constructed as a weighted undirected
graph, the normalized edge weights were converted into transition probabilities during
the ranking propagation process. Specifically, for each discipline node, the outgoing
transition probability was obtained by normalizing the edge weights connected to its
neighboring disciplines.

The initial TPR score of each discipline node was uniformly initialized to 1/N, where
N denotes the total number of discipline nodes. The iterative process continued until
the L2 norm of the difference between two consecutive TPR vectors was smaller than
10~°, indicating convergence. The converged TPR values were then used as the final node
importance scores for subsequent ranking and similarity analyses.

Although TPR is built upon the general random-walk framework of PageRank, its ob-
jective and propagation mechanism differ from conventional weighted PageRank variants
in several important aspects.

First, traditional Weighted PageRank methods typically assign edge weights according
to structural properties such as link frequency, node degree, or citation intensity. In contrast,
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the proposed TPR framework incorporates semantic topic similarity directly into the
transition probability matrix, allowing thematic proximity to participate in the ranking
propagation process itself rather than acting only as an external preference or auxiliary
correction term.

Second, unlike Topic-Sensitive PageRank approaches that introduce topical infor-
mation through personalized restart vectors or query-dependent bias distributions, TPR
integrates topic similarity into the edge-weight construction mechanism. Consequently, se-
mantic relationships influence not only node preference but also the propagation dynamics
among neighboring disciplines during iterative ranking. This design enables structurally
weak but semantically important interdisciplinary disciplines to obtain higher visibility
within the network.

Third, the proposed framework is designed specifically for interdisciplinary discipline
networks rather than document-level retrieval or citation recommendation tasks. The
method jointly models structural connectivity and thematic proximity to support multiple
analytical objectives, including interdisciplinary node ranking, disciplinary similarity anal-
ysis, clustering evaluation, robustness assessment, and boundary discipline identification
within a unified framework.

Therefore, the novelty of TPR does not lie in introducing an entirely new random-walk
family, but in constructing a hybrid structural-semantic propagation mechanism tailored
for interdisciplinary knowledge network analysis and integrating ranking and similarity
evaluation into a unified analytical pipeline.

3.4. Node Similarity Measures

Four types of similarity measures were defined to comprehensively quantify the
association strength between disciplines. The structural neighborhood overlap similarity
is defined. Based on the neighborhood overlap degree of network topology, Jaccard
coefficient [17] is used to calculate, and the formula is as follows:

_ IN(u) O N(v)|

5:00) = Ny UN()]

(6)
where N (u) represents the direct neighboring discipline set of discipline u in the interdisci-
plinary co-occurrence network. Its value ranges from 0 to 1, and a larger value indicates a
stronger structural association between the two disciplines.

The topic cosine similarity S; is defined, which is based on the cosine similarity of the
subject topic vector, and the formula is as follows:

~ t(u)-t(v)
51 = )]

The value ranges from 0 to 1, the larger the value is, the more similar the research

)

topics of the two disciplines are. Co-citation similarity S, is defined based on the proportion
of co-cited papers in two disciplines, with the formula:
[R(u) NR(v)|

5r(02) = (IR, IR @) ?

where R(u) represents the set of papers that cite at least one publication of discipline u in
the constructed interdisciplinary dataset. Its value ranges from 0 to 1, with a higher value
indicating a greater degree of overlapping citation basis between the two disciplines.

Similarity fusion methods have been shown to outperform single-view similarity
measures by integrating complementary structural and semantic information [18]. The
hybrid joint similarity S; is defined to fuse the above three types of similarity and adopt
the weighted average strategy. The formula is as follows:
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Sj(u,v) = 0.4:S5(u,v) +0.4-S¢(u,v) +0.2:5,(u,v) )

The weighting coefficients were determined through a grid-search procedure con-
ducted on the validation dataset, and the value ranges from 0 to 1, which is used for
subsequent similarity heat map visualization and clustering analysis.

All structural similarity measures in this study were computed based on the same
discipline co-occurrence network constructed from OpenAlex publication records. Citation
relationships were used only to compute the co-citation similarity measure, in which two
disciplines are connected through papers that cite both of them; they were not incorporated
as an independent layer in the TPR ranking-propagation process.

4. Experimental Design
4.1. Experimental Objectives and Baseline Methods

The experimental design aims to evaluate whether the proposed TPR method can
better identify interdisciplinary disciplines that are weakly connected in the network
structure but strongly related in topic space. In addition, the experiments assess whether
combining structural and thematic similarity improves clustering performance and whether
the proposed framework can reveal meaningful disciplinary association patterns in the
computer science domain.

To comprehensively compare the proposed TPR method with existing ranking strate-
gies, six baseline methods were selected:

e Standard PageRank (PR): Ranking based solely on network topology, with edge
weights distributed according to outgoing links.

e  Weighted PageRank (WPR): A weighted variant of PageRank that uses co-occurrence
frequency as the edge weight.

e  Topic-Sensitive PageRank (TSPR): A topic-aware PageRank variant that introduces a
bias vector derived from topical information.

e  HITS: a link-analysis method that computes authority and hub scores [19].

e LeaderRank: A parameter-free ranking method that is often regarded as robust in
complex networks [20].

e Node2Vec: An embedding-based approach that generates node representations
through random walks; the norm of the embedding vector was used as the importance
score [21].

These methods provide a diverse set of structural, topical, and embedding-based
baselines, making it possible to evaluate the advantage of TPR from multiple perspectives.

4.2. Ablation Experiment Design

In order to verify the core role of the structural branch, topic branch and fusion
mechanism in TPR, three groups of ablation control experiments were designed:

e  Ablation group A: the topic similarity was removed, and the edge weight only retained
the subject co-occurrence structure weight.

e  Ablation group B: the network structure weights were removed, and the edge weights
were only retained, based on the cosine similarity of the topic vector.

e  Complete TPR group: both structure branches and topic branches were retained, and
linear fusion of edge weights was used.

This design allows us to determine whether the structural branch, the topic branch,
and the fusion mechanism all contribute meaningfully to the final ranking performance.
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4.3. Experimental Parameter Setting

The interdisciplinary dataset was constructed using publication and concept metadata
collected from the OpenAlex database. Twelve representative disciplines related to com-
puter science were selected, and up to 1000 publications were retrieved for each discipline
to ensure sufficient textual information for topic modeling and network analysis.

For topic representation, publication titles and abstracts were preprocessed and trans-
formed into numerical features using the TF-IDF method. Subsequently, Latent Dirichlet
Allocation (LDA) was employed to extract latent thematic information. Preliminary sen-
sitivity analysis was conducted by varying « from 0.1 to 0.9 with a step size of 0.1. The
best overall performance was achieved at o = 0.6, the number of topics was set to 50,
which provided a suitable balance between topic granularity and model stability. The LDA
model was implemented with scikit-learn and trained using the batch learning strategy
with a maximum of 100 iterations. For node importance analysis, the damping factor of
all PageRank-based methods was fixed at 0.85, following the standard setting commonly
adopted in network analysis studies. The generated outputs included discipline ranking
results, similarity matrices, discipline co-occurrence networks, ranking correlation matrices,
and interdisciplinary similarity heatmaps.

The experimental workflow consisted of four major stages: interdisciplinary network
construction, discipline topic vector generation, node importance ranking, and similarity
analysis and visualization. These stages collectively enabled a comprehensive evaluation
of disciplinary importance and interdisciplinary relationships.

4.4. Evaluation Index System

To comprehensively evaluate the proposed framework, a quantitative evaluation
system was established from three perspectives: ranking reliability, clustering validity,
and robustness.

4.4.1. Ranking Reliability Index

Pearson correlation coefficient was used to measure the consistency of ranking results
of different methods, and the formula was as follows:

. Yt (xi = %) (vi —7) (10)
VI (50— 222 (v — 9)°

Among them, x; and y; represent the scores of the i-th discipline under the two

methods, while xd and ya denote the corresponding mean scores. Additionally, a new
metric, Top-K overlap rate, is introduced: the proportion of the intersection of the top
K important nodes identified by different methods, reflecting the consistency of core
discipline identification.

4.4.2. Clustering Quality Index

The Silhouette coefficient (5C) [22] was used to evaluate the compactness and separa-
tion of clusters, and the formula was as follows:

. b,’ — a;
0 a6 "
1¢ .
SC = Ei; SC(i) (12)

where, 4; is the average distance between a node i and a node in the cluster, and b; is
the average distance between a node I and its nearest cluster node. Clustering Accuracy
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(CA) and Adjusted Rand Index (ARI) [23] were further used to evaluate the consistency
between the clustering results and the predefined discipline categories adopted during
dataset construction.

4.4.3. Robustness Index

The robustness deviation rate (RDR) is used: the average change rate of node ranking
after random perturbation of 10% edge weight. The smaller the value is, the stronger the
robustness is.

4.4.4. Stability Analysis

To further evaluate ranking robustness under sampling variation, a repeated
subsampling-based stability analysis was conducted. Specifically, for each discipline,
80% of the publication records were randomly sampled to reconstruct the interdisciplinary
network, and the proposed TPR method, together with all baseline methods, was rerun on
each reconstructed network. This process was repeated 20 times.

For each repetition, the ranking obtained from the subsampled network was compared
with the ranking generated from the full dataset. Stability was evaluated using Spearman
rank correlation and Top-5 overlap statistics. Spearman correlation is used here to assess
rank-order stability. The results, summarized in Table 3, indicate that the proposed TPR
framework maintains consistently higher ranking stability than the baseline methods across
repeated subsampling experiments.

Table 3. Stability Analysis Results.

Method Mean Spearman p Top-5 Overlap
PR 0.81 £ 0.07 78% £ 9%
WPR 0.84 £ 0.06 82% £ 8%
TSPR 0.86 &+ 0.05 85% £ 7%
TPR 0.92 +0.03 91% £ 5%

In particular, TPR achieved the highest average rank correlation and Top-5 overlap rate,
demonstrating that the integration of structural connectivity and thematic similarity im-
proves robustness against sampling variation in the constructed interdisciplinary network.

4.4.5. Quantitative Comparison Protocol

To improve the reliability of the quantitative comparison on the relatively small
discipline-level network, all evaluation metrics reported in Table 4 were computed using
repeated perturbation-based experiments rather than a single deterministic comparison.
Specifically, random perturbations were independently applied to 10% of the network edge
weights in each experimental repetition, and the corresponding ranking and clustering
procedures were rerun. The reported values in Table 4 represent the average results across
repeated runs.

For clustering evaluation, hierarchical clustering was performed on the hybrid simi-
larity matrix generated by each method, where the similarity matrix jointly incorporated
structural connectivity and thematic similarity information. The number of clusters was
fixed at three according to the predefined interdisciplinary category structure adopted
during dataset construction. CA and ARI were computed by comparing the clustering
assignments with the predefined discipline categories used as proxy reference labels.

Top-5 overlap was calculated by comparing the Top-5 ranked disciplines obtained from
each perturbed network with the Top-5 ranking generated from the original full network.
The overlap rate was defined as the proportion of shared disciplines within the Top-5 set and
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was averaged across repeated perturbation runs. Note that this perturbation-based Top-5
overlap follows a different protocol from the subsampling-based Top-5 overlap reported
in Table 3; the two values therefore characterize robustness under edge perturbation and
under sampling variation, respectively, and are not directly comparable.

Table 4. Performance Comparison of TPR and Baseline Methods.

Clustering Adjusted Average Ranking Average Top-5 Si
o ilhouette
Methods Accuracy Rand Index Deviation Rate Overlap Factor (SC)
(CA) (ARD) (RDR) Rate
PR 0.65 0.58 11.3% 70% 0.48
HITS 0.69 0.62 9.7% 75% 0.51
LeaderRank 0.71 0.65 8.1% 78% 0.53
Node2Vec 0.74 0.69 6.5% 82% 0.57
Ablation A 0.65 0.59 10.8% 70% 0.49
Ablation B 0.68 0.63 9.2% 76% 0.52
TPR 0.83 0.78 4.2% 95% 0.65

RDR was computed as the average relative ranking deviation between the perturbed rank-
ings and the original rankings across repeated perturbation experiments. Lower RDR values
therefore indicate stronger robustness of the ranking method under structural perturbation.

4.5. Experimental Procedure

The experimental workflow started with collecting metadata from OpenAlex, followed
by text cleaning and discipline label standardization. We then constructed a discipline
co-occurrence network and stored the corresponding node and edge tables. Next, TF-IDF
was applied for text vectorization and the LDA model was used for topic extraction to
generate discipline-level topic vectors.

Subsequently, multiple ranking methods, including PR, WPR, TSPR, HITS, Leader-
Rank, Node2Vec, the proposed TPR, and its two ablation variants, were implemented to
obtain node importance scores. We further calculated structural similarity, topic similarity,
co-citation similarity, and hybrid joint similarity for all discipline pairs.

Several quantitative indicators were then computed for performance evaluation, includ-
ing the Pearson correlation coefficient, Silhouette Coefficient (SC), Clustering Accuracy (CA),
Adjusted Rand Index (ARI), Robustness Deviation Rate (RDR), and Top-K Overlap Rate.

5. Results

Using the OpenAlex-based dataset consisting of twelve disciplines related to com-
puter science, this study compares the proposed TPR method with PR, WPR, TSPR, HITS,
LeaderRank, and Node2Vec. In the context of this specific interdisciplinary case study net-
work, the results show that TPR preserves the overall ranking trend of structural methods
while assigning higher importance to disciplines with stronger thematic relevance, thereby
providing a more balanced view of interdisciplinary influence.

5.1. Discipline Importance Ranking Analysis

The reliability of ranking methods is reflected in the consistency of core-discipline
identification, whereas ranking differences reveal the capability of each method to recognize
interdisciplinary disciplines. This section quantifies the associations and differences of the
four PageRank variants through correlation analysis and ranking comparison.
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5.1.1. Ranking Consistency Analysis

Figure 2 illustrates the correlation structure among the four PageRank variants. The
scatter-matrix plot shows a very strong alignment between PR and WPR, indicating that the
two methods produce nearly identical ranking patterns in this dataset. This is consistent
with the fact that both methods are driven primarily by network structure and edge weights.
By contrast, TPR and TSPR are also strongly correlated with each other, but their score
distributions are visibly different from those of PR/WPR, which suggests that topic-aware
information introduces additional ranking variation beyond pure topology.
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Figure 2. Scatter matrix plot of discipline rankings related to different PageRank variants.

The quantitative results further confirm this pattern. The Pearson correlation co-
efficient between WPR and PR is 1.0, showing complete consistency between the two
methods. This is because, in the constructed co-occurrence network, the edge weights are
relatively evenly distributed, so the degree-normalized transition probabilities used by
WPR converge to almost the same values as the uniform out-link distribution of standard
PR; consequently, the two structure-only methods produce nearly identical rankings on
this particular dataset. The correlation between TPR and TSPR is 0.98, indicating that both
topic-aware strategies capture broadly similar interdisciplinary signals. The correlation
between TPR and standard PageRank is 0.85, which is still strongly positive but clearly
lower than the PR-WPR pair. This means that TPR retains the global structural ranking
tendency while making meaningful adjustments for disciplines that are semantically related
but structurally less dominant.

A closer look at the score differences shows that TPR raises the relative positions
of several interdisciplinary disciplines. For example, Bioinformatics and Computational
Physics receive much higher TPR scores than under standard PageRank, which indicates
that topic information helps identify disciplines at the interface of multiple research areas.
In contrast, core disciplines such as Computer Science and Artificial Intelligence remain
highly ranked across all methods, demonstrating that the proposed approach preserves the
centrality of the dominant nodes while improving the recognition of boundary disciplines.

5.1.2. Discipline Importance Ranking Results

Table 5 summarizes the Top-10 disciplines under TPR, PR, WPR, and TSPR. The overall
ranking pattern is highly stable at the top: Computer Science, Artificial Intelligence, and
Statistics consistently occupy the first three positions across all methods. This indicates that
these disciplines form the structural and thematic core of the interdisciplinary network.
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Computer Science remains the top-ranked discipline in all four methods, reflecting its
hub-like role as the foundational discipline connecting multiple fields.

Table 5. Top-10 Discipline Rankings under Different PageRank Variants.

List TPR PR WPR TSPR
1 Computer Computer Science Computer Science Computer Science
Science (0.1299) (0.3433) (0.3433) (0.1292)
’ Artificial Artificial Intelligence Artificial Intelligence Artificial Intelligence
Intelligence (0.1038) (0.2050) (0.2050) (0.1136)
3 Statistics (0.0948) Statistics (0.0910) Statistics (0.0910) Statistics (0.1005)
4 Computer Computer Vision Computer Vision Computer
Vision (0.0901) (0.0738) (0.0738) Vision (0.0966)
. . Medical Informatics Medical Informatics . .
5 Bioinformatics (0.0874) (0.0556) (0.0556) Bioinformatics (0.0888)
6 Computational Mzﬁzg};r?gei:[ezggrgme Mzﬁzg]grr?gei:[eifigce Computational
Physics (0.0865) (0.0448) (0.0448) Physics (0.0868)
- Computer and Electrical Information Information Computer and Electrical
Engineering (0.0822) Security (0.0410) Security (0.0410) Engineering (0.0802)
Medical _ . _ . Medical
8 Informatics (0.0726) Digital Media (0.0345) Digital Media (0.0345) Informatics (0.0732)
9 Information Quantum Information Quantum Information Information
Security (0.0713) Science (0.0338) Science (0.0338) Security (0.0677)
Quantum Information . . . .. . Quantum Information
10 Science (0.0655) Bioinformatics (0.0275) Bioinformatics (0.0275) Science (0.0599)

The key advantage of TPR lies in its ability to elevate disciplines with strong interdis-
ciplinary relevance but weaker structural centrality. In the TPR ranking, Bioinformatics
moves up to 5th place and Computational Physics rises to 6th place, whereas both are
ranked much lower under PR and WPR. This result suggests that the proposed method is
able to identify disciplines whose importance is underestimated by topology-only ranking
methods. In addition, Medical Informatics, Information Security, and Quantum Informa-
tion Science also appear in relatively high positions, showing that TPR captures diverse
forms of cross-disciplinary connectivity.

The comparison between TPR and TSPR is also informative. The two methods produce
similar top-ranked disciplines, but TPR yields a more balanced score distribution and a
more interpretable shift for interdisciplinary fields. TSPR tends to emphasize the preset
topic preference more strongly, while TPR preserves structural evidence more explicitly. As
aresult, TPR is better suited for identifying interdisciplinary fields that are both semantically
active and structurally embedded in the network.

5.2. Ablation Study

To verify the contribution of the structural and thematic components, we compared
the full TPR model with two ablation variants. Table 4 shows that the full TPR model
outperforms all compared baseline methods and ablation settings on every reported metric,
including clustering accuracy (CA), adjusted Rand index (ARI), robustness deviation rate
(RDR), Top-5 overlap rate, and Silhouette Coefficient (SC). Among the non-TPR baselines,
Node2Vec performs better than the other traditional ranking methods, but it still falls short
of the complete TPR model in both clustering quality and robustness.
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The Structure-Only variant, which removes topic similarity, behaves similarly to
topology-driven ranking methods and cannot effectively distinguish weakly connected
interdisciplinary disciplines. The Topic-Only variant, which removes structural information,
improves semantic sensitivity but loses the support of the network topology, resulting in a
less stable ranking. By contrast, the full TPR model achieves the best overall performance,
which confirms that structural connectivity and thematic proximity are complementary
rather than interchangeable.

Numerically, the full TPR model achieves CA = 0.83, ARI = 0.78, RDR = 4.2%, Top-5
overlap = 95%, and SC = 0.65. These values are clearly higher than those of the ablation
variants and all baseline methods. The improvement in clustering quality indicates that
the hybrid representation is more consistent with the predefined interdisciplinary category
structure adopted in the constructed dataset, while the lower RDR demonstrates stronger
stability under perturbation. Overall, the ablation results verify that the fusion mechanism
is essential to the proposed framework.

It should be noted that the reported CA and ARI values were computed using the
predefined discipline categories adopted during dataset construction as proxy reference
labels. These labels were derived from OpenAlex Concept definitions and related field
descriptions for the twelve Computer Science-centered disciplines included in the case-
study network. Therefore, CA and ARI in this study should be interpreted as relative
internal validation metrics for assessing clustering consistency within the constructed
interdisciplinary dataset, rather than as evaluations against externally annotated expert
ground truth.

All reported values represent averages across repeated perturbation-based experi-
mental runs. WPR and TSPR are omitted from this table because their clustering and
robustness behaviors are nearly identical to PR and the topic-aware variants, respectively;
their ranking results are reported separately in Table 5.

5.3. Discipline Co-Occurrence Network Structure

Figure 3 visualizes the interdisciplinary co-occurrence network, where node size
reflects the TPR score and edge width reflects the co-occurrence frequency between disci-
plines. The network exhibits a clear core-periphery structure centered on Computer Science.
The largest node is Computer Science, which connects to nearly all other disciplines, while
Artificial Intelligence, Statistics, and Computer Vision form the strongest secondary connec-
tions around the core. This structure indicates that the computer science domain functions
as the central hub of the interdisciplinary network.

The network structure can be broadly divided into three hierarchical layers. The core
layer contains Computer Science, Artificial Intelligence, Statistics, and Computer Vision,
which are densely interconnected and represent the technological and methodological
foundation of the network. The cross-disciplinary application layer includes Computa-
tional Physics, Computer and Electrical Engineering, and Quantum Information Science,
reflecting the use of computer science methods in physical and engineering problems. The
peripheral layer includes Bioinformatics, Medical Informatics, Information Security, Digital
Media, and Management Science and Engineering, which exhibit lower TPR importance
and comparatively weaker structural centrality, although they remain connected to the core
network. This layered pattern is consistent with the idea that interdisciplinary knowledge
tends to radiate outward from a stable core.

The network visualization also reveals that some peripheral disciplines still maintain
meaningful links with the core network, even if their structural positions are weaker. This
is important because such disciplines may represent emerging or under-recognized inter-
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disciplinary directions. The TPR ranking makes these fields more visible than traditional
PageRank-based methods, which tend to overemphasize the densest structural hubs.

O Node size « TPR score
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Figure 3. Interdisciplinary Co-occurrence Network Constructed from OpenAlex Data.

Quantum Infc@ation Science

5.4. Quantitative Patterns of Disciplinary Similarity

Figure 4 shows the interdisciplinary joint similarity heatmap. The strongest similarity
values are concentrated among the core disciplines, especially between Computer Science
and Artificial Intelligence, Computer Science and Statistics, and Artificial Intelligence and
Statistics. Computer Vision also shows high similarity with the core cluster, confirming
that these disciplines share both structural overlap and thematic proximity. The heatmap
therefore reveals a clear high-similarity block at the center of the network.

Beyond the core cluster, the similarity matrix also highlights several meaningful
cross-disciplinary links. Bioinformatics remains closely connected to Computer Science,
Artificial Intelligence, Statistics, and Quantum Information Science, reflecting its reliance on
computational methods and data-driven analysis. Computational Physics and Computer
and Electrical Engineering also show strong similarity, which is consistent with their shared
focus on computational modeling and hardware-accelerated scientific computing. These
patterns suggest that the hybrid similarity measure captures both technological overlap
and domain-specific integration.

By contrast, Management Science and Engineering exhibits comparatively lower simi-
larity with the core computer science cluster, indicating a weaker thematic and structural
coupling. Digital Media and Information Security also show moderate similarity values,
which suggests that they are related to the core network but occupy more specialized posi-
tions. Overall, the heatmap confirms that the hybrid similarity measure provides a more nu-
anced representation of disciplinary proximity than any single-dimension similarity metric.
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6. Discussion
6.1. Interpretation of Results

The experimental results demonstrate that incorporating topic-aware information into
the PageRank framework improves the evaluation of disciplinary importance in interdis-
ciplinary networks. Compared with conventional topology-based ranking methods, the
proposed TPR approach is capable of identifying disciplines that are not only structurally
connected but also semantically related to computer science.

The ranking analysis indicates that computer science consistently occupies the central
position within the interdisciplinary network, which is consistent with its extensive inter-
actions with multiple neighboring disciplines. More importantly, several disciplines that
exhibited relatively weak structural connectivity achieved higher rankings under TPR due
to their strong thematic relevance. This finding suggests that semantic information provides
complementary evidence that cannot be fully captured by network topology alone.

The ablation experiments further verify the effectiveness of combining structural and
thematic information. Neither the structure-only model nor the topic-only model achieved
the same level of performance as the complete TPR framework. The superior performance
of the full model demonstrates that both sources of information contribute meaningfully to
interdisciplinary importance assessment.

Furthermore, the similarity analysis reveals that disciplinary relationships cannot be
adequately characterized by a single perspective. Structural similarity, topic similarity,
and co-citation similarity each capture different aspects of interdisciplinary interaction.
The hybrid similarity measure produces more distinguishable clustering patterns, indicat-
ing that the integration of multiple information sources provides a more comprehensive
representation of disciplinary proximity.

6.2. Comparison with Existing Studies

Previous studies have extensively applied PageRank and its variants to citation networks,
collaboration networks, and knowledge graphs. Most existing approaches primarily rely on
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network topology to estimate node importance, while semantic information is often introduced
only through auxiliary weighting schemes or topic-biased personalization mechanisms.

Compared with traditional PageRank and Weighted PageRank methods, the proposed
framework explicitly incorporates topic-aware information into the ranking process, allow-
ing semantically related disciplines to receive greater attention even when their structural
connections are relatively limited. This characteristic is particularly important in interdisci-
plinary research environments, where conceptual relationships frequently extend beyond
direct co-occurrence patterns.

The experimental results are consistent with previous findings reported in topic-
sensitive ranking studies, which suggest that semantic information can improve the iden-
tification of influential entities in complex networks. However, unlike studies focusing
exclusively on ranking performance, the present work simultaneously investigates dis-
ciplinary similarity, network structure, and ranking behavior within a unified analytical
framework. This integrated perspective provides a more comprehensive understanding of
interdisciplinary relationships.

6.3. Implications for Interdisciplinary Research

The findings of this study have several implications for interdisciplinary research
evaluation and scientific knowledge discovery.

First, the proposed framework provides an alternative perspective for identifying in-
fluential disciplines within complex knowledge systems. Traditional evaluation indicators,
such as publication counts and citation metrics, primarily measure academic productivity
or impact, whereas TPR captures the relational importance of disciplines within the broader
interdisciplinary ecosystem.

Second, the similarity analysis offers insights into hidden disciplinary associations
that may not be immediately observable from network structure alone. Such information
can assist researchers in identifying potential collaboration opportunities and emerging
interdisciplinary research directions.

Third, the proposed methodology can support science policy and research manage-
ment by helping decision-makers recognize disciplines that play bridging roles between
otherwise disconnected research communities. These disciplines may serve as important
catalysts for knowledge transfer and innovation.

Finally, the framework can be extended to other scientific domains beyond Computer
Science, enabling large-scale investigations of interdisciplinary evolution across different
fields of knowledge.

6.4. Limitations and Future Work

Despite the encouraging results, several limitations should be acknowledged.

First, the interdisciplinary network was constructed using a relatively small set of
twelve disciplines centered on computer science. Although this focused case-study design
facilitates clearer interpretation of interdisciplinary interactions and ranking behavior, it
does not fully capture the complexity and scale of the global scientific knowledge system.
In particular, highly heterogeneous interdisciplinary environments involving humanities,
social sciences, or fine arts may exhibit substantially different semantic structures, collabo-
ration patterns, and citation behaviors. Consequently, the conclusions of the present study
should be interpreted within the scope of this computer science-centered interdisciplinary
network, and the generalizability of the proposed framework to broader cross-domain
scientific ecosystems requires further validation. Future work will incorporate larger num-
bers of OpenAlex concepts and more diverse disciplinary domains to further evaluate the
robustness and adaptability of the proposed framework.
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Second, topic representations were generated using the LDA model. While LDA
provides interpretable topic structures, recent advances in language representation learning,
such as BERT-based embedding models and large language models, may offer richer
semantic representations. Future work will explore the integration of these advanced
semantic techniques into the ranking framework.

Third, the current study relies on static snapshots of interdisciplinary relationships.
Scientific knowledge systems evolve continuously over time, and dynamic network analysis
may provide additional insights into the temporal evolution of disciplinary importance
and similarity. Recent studies have demonstrated that reconstructing the evolutionary
trajectories of complex networks can reveal hidden structural transitions and long-term
developmental patterns [24].

Finally, the proposed framework was evaluated primarily through ranking consis-
tency, clustering performance, and similarity analysis. Additional validation using expert
assessments or external benchmark datasets would further strengthen the reliability and
generalizability of the results.

7. Conclusions

This study proposed a topic-aware interdisciplinary network analysis framework
based on the integration of network topology and semantic information. Using a computer
science-centered interdisciplinary case-study dataset constructed from OpenAlex metadata,
an interdisciplinary co-occurrence network consisting of twelve representative disciplines
was analyzed. Topic representations were generated from publication abstracts using TF-
IDF and LDA topic modeling, and the proposed TPR framework was applied to evaluate
disciplinary importance and interdisciplinary similarity relationships.

Experimental results demonstrated that the incorporation of topic-aware information
improves the identification of influential disciplines within interdisciplinary networks.
Compared with traditional PageRank-based approaches, TPR provides a hybrid structural-
semantic evaluation framework by jointly considering structural relationships and thematic
relevance. The ranking analysis revealed meaningful differences between topology-based
and topic-aware methods, particularly for disciplines located at the boundary of the network.

In addition, multiple similarity measures were investigated to characterize interdisci-
plinary relationships from structural, semantic, and citation-based perspectives. The hybrid
similarity measure produced clearer clustering patterns and provided a more comprehen-
sive representation of disciplinary proximity than any single similarity metric.

Overall, the findings suggest that interdisciplinary influence cannot be fully under-
stood through network topology alone. Integrating semantic information into network
analysis offers a more informative and interpretable perspective on disciplinary interactions
and knowledge organization.

Future work will focus on expanding the disciplinary scope of the dataset, incorporat-
ing advanced language representation models, and investigating the temporal evolution
of interdisciplinary networks. These extensions may further improve the accuracy and
applicability of topic-aware ranking methods for large-scale scientific knowledge analysis.
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