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Abstract
[Purpose/Significance] The increasing complexity of scientific systems has made
interdisciplinary collaboration a crucial paradigm and inevitable trend in mod-
ern scientific innovation research. Identifying interdisciplinary knowledge com-
binations with high collaborative potential has become essential for fostering
interdisciplinary research cooperation and innovation. [Method/Process] First,
source literature from the target discipline along with its interdisciplinary ref-
erences and citing literature are selected to construct a keyword-based weak
citation association network for interdisciplinary knowledge. Second, the types
of knowledge media b are classified, and the weak relationship structure of tar-
get discipline knowledge node a–knowledge media b–interdisciplinary related
knowledge c is identified. Finally, the target discipline knowledge node influ-
ence index AI, knowledge media influence index BI, interdisciplinary knowledge
relevance index CI, and interdisciplinary knowledge combination a–c potential
collaboration index P are defined to identify interdisciplinary related knowledge
combinations with high collaboration potential values. [Results/Conclusion]
An empirical study was conducted using articles from 9 CSSCI journals in the
field of information science from 2015–2019 and their interdisciplinary reference
and citing literature as samples, thereby verifying the effectiveness and feasi-
bility of the interdisciplinary related knowledge combination discovery method
based on weak citation relationships, and identifying high collaboration poten-
tial interdisciplinary related knowledge combinations for the information science
discipline, such as “scientific collaboration”–“knowledge flow”–“population dy-
namics model”.
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Full Text
Abstract
[Purpose/Significance] As scientific systems become increasingly complex,
interdisciplinary collaboration has emerged as a crucial paradigm and inevitable
trend in modern scientific innovation research. Identifying interdisciplinary
knowledge combinations with high collaborative potential represents a key
factor in promoting interdisciplinary scientific cooperation and innovation.
[Method/Process] This study first selects source literature from a target
discipline along with its interdisciplinary references and citing literature to
construct a keyword-based interdisciplinary knowledge weak citation asso-
ciation network. Next, it classifies the types of knowledge medium b and
identifies the weak relational structure of target discipline knowledge node
a—knowledge medium b—interdisciplinary knowledge c. Finally, it defines the
Target Discipline Knowledge Node Influence Index AI, Knowledge Medium
Influence Index BI, Interdisciplinary Knowledge Correlation Index CI, and
Interdisciplinary Knowledge Combination a-c Potential Cooperation Index P
to identify interdisciplinary knowledge combinations with high collaborative
potential. [Result/Conclusion] An empirical study was conducted using
papers published in nine CSSCI journals in the field of information science from
2015–2019, along with their interdisciplinary references and citing literature,
to verify the effectiveness and feasibility of the proposed method. The analysis
identified high-potential interdisciplinary knowledge combinations such as
“scientific research cooperation”—“knowledge flow”—“population dynamics
model.”
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1 Introduction
Disciplines represent systematic classifications of human knowledge. The in-
creasing complexity of scientific systems means that many social problems and
research questions cannot be solved by single-discipline knowledge alone. Con-
sequently, scientific knowledge exchange and collaboration across disciplinary
boundaries have become more frequent, making interdisciplinary research an
indispensable model for modern scientific innovation development [1]. In this
context, to address disciplinary research challenges, break through scientific
bottlenecks, or achieve research innovation, researchers need to continuously ac-
quire and dynamically integrate relevant concepts, theories, methods, and tech-
nologies from other disciplines through interdisciplinary collaborative research.
However, in practice, researchers generally have a relatively good understanding
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of their own discipline but lack a clear grasp of which interdisciplinary knowl-
edge can be used for collaborative research. Therefore, the identification of in-
terdisciplinary knowledge combinations has become critical for interdisciplinary
collaboration.

The concept of “strength of weak ties” originates from sociology, defined as brief
social contacts between two actors [2]. Its proponent, Professor M. Granovet-
ter [2], noted that while strong ties create close and stable connections within
organizations, weak ties provide important pathways for information exchange
between different groups and organizations, enabling isolated subgroups to es-
tablish connections. As these weak ties strengthen, the scope of information
exchange expands further, accelerating the dissemination, integration, develop-
ment, and innovation of information. Subsequent scholars such as J.P. Onnela
et al. [3], E. Baksy et al. [4], J. Zhao et al. [5], and E. David et al. [6] have
similarly discussed this perspective. S.K. Genius [7] found that weak ties can
transmit more potential, diverse, and non-redundant knowledge resources com-
pared to strong connections. A. Abbasi et al. [8], M. Bettoni et al. [9], and L.Y.
Yang et al. [10] discovered that weak connection relationships make it easier
for individuals to establish broader associations with others in different subnet-
works of the knowledge network, playing a positive role in promoting scientific
research cooperation.

Currently, some scholars in scientometrics have used weak ties in co-word net-
works for related research. Wei Ling et al. [11] constructed a high-frequency
term weak co-occurrence network based on weak tie theory to analyze interdis-
ciplinary patterns at the micro-level of information science. Li Changling et
al. [12] and Liu Xiaohui et al. [13] used open and closed non-related knowledge
discovery methods to identify potential interdisciplinary research topics between
information science and computer science. However, M. Song et al. [14] found
that citation analysis can identify more relationship pairs than co-occurrence
analysis, and these pairs exhibit greater uniqueness and diversity.

Citations most directly reveal knowledge diffusion, association, and evolutionary
paths between different disciplines, effectively promoting the synergy, intersec-
tion, integration, development, and innovation of interdisciplinary knowledge
[15]. Therefore, interdisciplinary citation analysis is an effective tool for identi-
fying interdisciplinary knowledge flow [16]. Weak knowledge associations exist
in citation networks. According to the definition of weak ties, they can be cat-
egorized into several types: (1) low-threshold relationship nodes—connections
where relationship strength in the network is below a threshold, representing
weak relationships opposed to strong ones [11], such as citation relationships
with small connection strength between source literature and its references or
citing literature; (2) inter-subnetwork relationship nodes—relatively sparse con-
nections between nodes from different subnetworks, such as citation relation-
ships between different disciplinary knowledge in interdisciplinary citation net-
works; and (3) indirect relationship nodes—non-related knowledge connected
indirectly through other nodes, such as co-citation or bibliographic coupling
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relationships, or knowledge nodes with good citation relationships but no co-
occurrence relationships. Currently, few scholars have used weak ties in citation
networks for knowledge mining and discovery research, and even fewer have ad-
dressed interdisciplinary research. Du Dehui et al. [18] used information science
source literature keywords and interdisciplinary reference keywords as associa-
tion data to build an interdisciplinary knowledge citation network, removing
keyword co-occurrence relationships to form a weak citation relationship net-
work for identifying interdisciplinary knowledge. Among the three types of
weak ties in citation networks—low-threshold, inter-subnetwork, and indirect
relationships—indirect relationship nodes between subnetworks without direct
connections hold more potential collaborative value and are more suitable for
interdisciplinary knowledge discovery [14].

Therefore, this study extracts keywords from disciplinary source literature, its
interdisciplinary references, and interdisciplinary citing literature to construct
an interdisciplinary knowledge association network. It identifies indirectly con-
nected knowledge nodes between subnetworks as weak relationship association
data to explore methods for discovering interdisciplinary knowledge combina-
tions. Using information science as an example, this research aims to provide
important decision-making references for future interdisciplinary collaborative
research and targeted scientific innovation in this discipline.

2 Research Steps and Methods
Based on weak citation relationships between indirectly connected knowledge
nodes in interdisciplinary subnetworks, this study identifies interdisciplinary
knowledge combinations. The process consists of three stages: (1) construct-
ing an interdisciplinary knowledge citation/cited weak association network; (2)
identifying the weak relational structure of target discipline knowledge node
a—knowledge medium b—interdisciplinary knowledge c in the interdisciplinary
citation network; and (3) constructing an evaluation and identification model
for interdisciplinary knowledge combination a-c. The specific steps and methods
are shown in Figure 1 [Figure 1: see original paper].

2.1 Constructing an Interdisciplinary Knowledge Citation/Cited
Weak Association Network

The discipline under study is the target discipline. The references and citing
literature of target discipline source literature come from two sources: the target
discipline itself (intra-disciplinary) and non-target disciplines (interdisciplinary).
Knowledge uses literature as a carrier, and through citation and cited relation-
ships between documents, knowledge flows and integrates across different dis-
ciplines, forming a dynamic knowledge exchange and association network [19].
This network is an interactive network composed of several strong and weak
connection relationships [20]. Among them, citations between target discipline
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documents mostly represent internal knowledge exchange with close knowledge
association and strong sharing capabilities, enabling deep-level communication
and constituting strong relationship connections. In contrast, interdisciplinary
references and citing literature have fewer exchange frequencies and lower asso-
ciation degrees with target discipline knowledge, representing weak connection
relationships. Using keywords from the target discipline and interdisciplinary
literature, a citation knowledge association network G is constructed, as shown
in Figure 2 [Figure 2: see original paper].

2.2 Identifying the a-b-c Weak Relational Structure in Interdisci-
plinary Citation Networks

Weak tie theory posits that in social networks, if a and c have a common friend
b, the probability of a and c becoming friends increases, thereby establishing
some connection [2]. This principle also applies to interdisciplinary knowledge
citation networks, as shown in Figure 3 [Figure 3: see original paper].

The a-b-c structure is a weak relational structure where node b acts as a “bridge”
[2] connecting a and c through weak ties—that is, the knowledge medium. In
interdisciplinary citation networks, knowledge media are often interdisciplinary
intersection nodes.

2.2.1 Classification of Knowledge Medium b To determine whether tar-
get discipline knowledge a can establish a weak tie connection with interdisci-
plinary knowledge c, we must first identify knowledge medium b as a “bridge-
builder.” The citation and cited relationships of interdisciplinary literature es-
sentially involve the free combination of knowledge genes from different disci-
plines, forming cross-disciplinary knowledge that enters the scientific knowledge
exchange system and produces interdisciplinary knowledge chains and networks
[21]. Therefore, interdisciplinary research keywords serve as knowledge media
connecting target discipline knowledge and interdisciplinary knowledge through
weak ties, as illustrated in Figure 4 [Figure 4: see original paper].

Let S be the keyword set of target discipline literature, R be the keyword set of
its interdisciplinary references, and D be the keyword set of its interdisciplinary
citing literature. The interdisciplinary knowledge weak citation association net-
work G consists of keywords from sets S, R, and D based on citation and cited
relationships. Disciplinary knowledge node a is represented by keyword a_i �
S; interdisciplinary knowledge c is represented by keyword c_i � (R � D - S);
and knowledge medium b is represented by keyword b_i � (Set 1 � Set 2 � Set
3), where Set 1 = (S � R - D), Set 2 = (S � D - R), and Set 3 = (S � R � D)
represent interdisciplinary research keywords in network G.

Based on knowledge flow direction, knowledge medium b_i is subdivided into
three types: (1) Inflow-type knowledge medium b_{i1} � Set 1, where inter-
disciplinary knowledge flows into the target discipline through references; (2)
Outflow-type knowledge medium b_{i2} � Set 2, where the target discipline ex-
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ports knowledge through interdisciplinary citing literature; and (3) Flow-type
knowledge medium b_{i3} � Set 3, where knowledge is transmitted between
disciplines through both citation and cited relationships.

2.2.2 Identifying a-b-c Weak Relational Flow Paths Based on Differ-
ent Medium Types Taking disciplinary knowledge node a_i as an example,
it can connect with interdisciplinary knowledge c_i through knowledge media
b1_i, b2_i, and b3_i to form a-b-c weak relational structures. In Figure 4,
unidirectional arrows represent reference or citation behavior (knowledge inflow
or outflow), while bidirectional arrows represent mutual citation behavior (both
knowledge inflow and outflow). There are seven different weak connection path
types: (1) two paths based on “inflow-type” knowledge medium b_{i1}: a_i ←
b_{i1} ← c_{i1} and a_i ← b_{i1} � c_{i3}; (2) two paths based on “outflow-
type” knowledge medium b_{i2}: a_i → b_{i2} � c_{i3} and a_i → b_{i2} →
c_{i2}; and (3) three paths based on “flow-type” knowledge medium b_{i3}:
a_i � b_{i3} ← c_{i1}, a_i � b_{i3} � c_{i3}, and a_i � b_{i3} → c_{i2}. A
program was written to traverse all relationships in network G and extract all
a-b-c weak relational structures.

2.3 Constructing an Interdisciplinary Knowledge Combination Iden-
tification Model

The activity level of disciplinary knowledge node a_i, the mediating capability
of knowledge medium b_i, and the connection strength between nodes are all
influential factors in analyzing the potential cooperation possibility between
a and c in the a-b-c weak relational structure. Therefore, this study defines
the Target Discipline Knowledge Node Influence Index AI, Knowledge Medium
Influence Index BI, and Interdisciplinary Knowledge Correlation Index CI to
quantitatively describe the characteristics and correlations of nodes in the a-b-
c weak relationship. Based on these, a Potential Cooperation Index P model
for interdisciplinary knowledge combinations is constructed to scientifically and
reasonably identify interdisciplinary knowledge combinations.

2.3.1 Target Discipline Knowledge Node Influence Index AI Influ-
enced by the hot topic emergence effect, knowledge innovation is more likely
to occur in research processes showing clear upward trends [22]. Therefore,
disciplinary knowledge nodes with clearly rising research trends exhibit high ac-
tivity levels and greater potential for cooperation with interdisciplinary knowl-
edge. Trend analysis is a classic quantitative forecasting method that regresses
keyword frequencies across different time points on a temporal scale, using least
squares to fit a line to historical data and analyzing the rate of change to predict
future development trends [23]. Scholars have used this algorithm to determine
the development trends of academic terms [19, 24]. This study employs trend
analysis to define the Target Discipline Knowledge Node Influence Index AI,
which describes the activity level of disciplinary knowledge nodes by judging
their 热度变化趋势:
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𝐴𝐼 =
∑𝑌

𝑦=1(𝑦 × 𝐹𝑦) − ∑𝑌
𝑦=1 𝑦 × ∑𝑌

𝑦=1 𝐹𝑦

∑𝑌
𝑦=1 𝑦2 − (∑𝑌

𝑦=1 𝑦)2
× 𝐹1 + 𝐹2 + ⋯ + 𝐹𝑁

√𝐹 2
1 + 𝐹 2

2 + ⋯ + 𝐹 2
𝑁

In Equation (1), Y represents the time span of the data sample (in years), and
F_y is the research frequency of keyword a_i in the target discipline in year
y. AI is the slope (rate of change) of the fitted line. If AI > 0, the keyword’s
research 热度 shows an upward trend, and larger AI values indicate greater rates
of change and higher activity levels.

2.3.2 Knowledge Medium Influence Index BI According to weak tie the-
ory, connections between interdisciplinary knowledge are more difficult to estab-
lish than those within a discipline. As a key bridge-builder, knowledge medium
b_i that is associated with more disciplines can access more diverse information,
increasing the likelihood of stimulating knowledge innovation. Therefore, the
interdisciplinary degree of a knowledge medium is an important manifestation
of its mediating capability. This study draws on the disciplinary distribution
diversity measurement index proposed by A.L. Porter et al. [16] to define the
Knowledge Medium Influence Index BI :

𝐵𝐼 = (∑𝑁
𝑛=1 𝐹𝑛)2

∑𝑁
𝑛=1 𝐹 2𝑛

In Equation (2), if knowledge medium b_i appears in N disciplines, F_n repre-
sents the number of academic papers studying b_i in the n-th discipline. The
sum of F_1, F_2, …, F_N is the total number of papers on b_i across all
N disciplines. BI ≥ 1, with larger values indicating higher cross-disciplinary
diversity and greater influence. When b_i appears only in literature from one
discipline, BI = 1.

2.3.3 Interdisciplinary Knowledge Correlation Index CI This index
measures the strength of the weak tie connection between interdisciplinary
knowledge c_i and disciplinary knowledge node a_i through knowledge medium
b_i, reflecting the degree of correlation between a_i and c_i. Let I_{ab} be
the citation/cited frequency between a_i and b_i, and I_{bc} be that between
b_i and c_i. The correlation degree between nodes c_i and a_i is positively
correlated with both I_{ab} and I_{bc}. Based on this, we define the Interdis-
ciplinary Knowledge Correlation Index CI according to the feasible connection
strength defined in previous research [13]:

𝐶𝐼 = (𝐼𝑎𝑏 × 𝐼𝑏𝑐)2

|𝐼𝑎𝑏 − 𝐼𝑏𝑐| + 𝛽
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To ensure Equation (3) is meaningful, we introduce 𝛽: when I_{ab} = I_{bc},
𝛽 = 1; when I_{ab} ≠ I_{bc}, 𝛽 = 0.

2.3.4 Interdisciplinary Knowledge Combination Potential Coopera-
tion Index P In the 17th century, Newton’s law of universal gravitation
provided a method for measuring spatial interactions [25]:

𝐼𝑖𝑗 = 𝐾 × 𝑀𝑖 × 𝑀𝑗
𝑑2

𝑖𝑗

where I_{ij} represents the gravitational force between points i and j; M_i and
M_j are the masses of points i and j; d_{ij} is the shortest distance between i
and j; and K is the gravitational coefficient.

In interdisciplinary knowledge combinations, the possibility of cooperation be-
tween disciplinary knowledge node a_i and interdisciplinary knowledge c_i
through knowledge medium b_i can be viewed as the gravitational attraction
between nodes a_i and c_i in the entire citation association network, influ-
enced by AI, BI, and CI. Therefore, based on the gravity model, we define the
Interdisciplinary Knowledge Combination Potential Cooperation Index P as:

𝑃 = 𝐴𝐼×𝐵𝐼×𝐶𝐼 =
∑𝑌

𝑦=1(𝑦 × 𝐹𝑦) − ∑𝑌
𝑦=1 𝑦 × ∑𝑌

𝑦=1 𝐹𝑦

∑𝑌
𝑦=1 𝑦2 − (∑𝑌

𝑦=1 𝑦)2
×(∑𝑁

𝑛=1 𝐹𝑛)2

∑𝑁
𝑛=1 𝐹 2𝑛

× (𝐼𝑎𝑏 × 𝐼𝑏𝑐)2

|𝐼𝑎𝑏 − 𝐼𝑏𝑐| + 𝛽

3 Empirical Analysis: Interdisciplinary Knowledge in In-
formation Science
3.1 Data Sources and Preprocessing

This study selected papers published in nine CSSCI-indexed information sci-
ence journals as empirical samples to verify the feasibility and effectiveness
of the interdisciplinary knowledge combination identification method based on
weak citation relationships. The nine journals include: Journal of the China
Society for Scientific and Technical Information, Information and Documenta-
tion Services, Library and Information Service, Information Studies: Theory
& Application, Library and Information Knowledge, Library and Information,
Information Science, Data Analysis and Knowledge Discovery, and Journal of
Intelligence. The time span covers 2015–2019.

1. Source literature data download: Using the CNKI database’s profes-
sional search function, we retrieved 18,052 valid papers published in these
nine journals over five years. Bibliographic information including title,
keywords, abstract, publication date, and other fields was downloaded in
batch as text files and imported into a MySQL relational database.
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2. Reference/citation literature data acquisition: A Python crawler
program was coded to obtain bibliographic data for references and citing
literature of the 18,052 papers, including title, keywords, abstract, publi-
cation date, and journal name.

3. Interdisciplinary reference/citation literature matching and pre-
processing: According to the journal-discipline classification in the Chi-
nese S&T Journal Citation Reports, we used the method from literature
[26] to read the “journal name” field in bibliographic data and match it to
determine the discipline affiliation. Invalid literature with citation format
errors or missing information, as well as English literature, were removed.
Data from interdisciplinary Chinese journal references and citing literature
were screened, similarly downloaded as text files, imported into MySQL,
and matched with their target discipline data. This yielded 45,086 inter-
disciplinary references and 40,103 interdisciplinary citing literature.

3.2 Constructing the Information Science Interdisciplinary Knowl-
edge Weak Citation Association Network

Following the method described in Section 2.1, we constructed a knowledge
association network linking information science literature keywords, interdisci-
plinary reference keywords, and interdisciplinary citing literature keywords from
the preprocessed sample data. The operational steps were:

1. Keyword extraction: Since the number of author-provided keywords is
limited and may not fully reflect document content, we extracted title and
abstract field data for target discipline literature and its corresponding in-
terdisciplinary references and citing literature from the MySQL database
to form a corpus. Using MySQL’s text mining options and Python with
the Jieba segmentation package, we performed Chinese word segmenta-
tion, stop word removal, term frequency statistics, and synonym merging,
using discipline-specific standard terms from the Chinese Standard Ter-
minology Database as a segmentation dictionary. Keywords representing
each document’s core knowledge points were extracted and saved with
their corresponding literature, regardless of frequency. This resulted in
a set of 21,023 information science keywords (S), 52,805 interdisciplinary
reference keywords (R), and 51,917 interdisciplinary citing literature key-
words (D).

2. Citation relationship network construction: Using MySQL’s rela-
tional matching methods, we converted document-level citation relation-
ships into keyword-level citation relationships. A Python program was
written to traverse all keywords and their citation relationships in sets
S, R, and D to construct a keyword-based interdisciplinary knowledge
citation network G. This directed weighted network reflects citation rela-
tionships between keywords, where direction indicates citation or being
cited, and weight represents the frequency of citation/cited behavior.
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3.3 Identifying a-b-c Weak Relational Structures in the Information
Science Interdisciplinary Citation Network

Based on the methodology in Section 2.2, we identified knowledge media b and
a-b-c weak relational structures in the information science interdisciplinary ci-
tation network G:

1. Knowledge medium b identification: Interdisciplinary research key-
words are important knowledge media for establishing a-b-c weak rela-
tionships. We first extracted these by performing co-occurrence analysis
on keywords from sets S, R, and D, yielding 4,817 inflow-type knowledge
media in Set 1, 2,805 outflow-type knowledge media in Set 2, and 218
flow-type knowledge media in Set 3.

2. A-b-c weak relational structure identification: Using each keyword
in set S as a starting point, we employed the Apriori association wan-
dering algorithm and coded a Python program to traverse the MySQL
database and all association data. This identified all knowledge media b
for disciplinary knowledge node a in network G and all interdisciplinary
knowledge c across seven connection path types, removing direct citation
relationships between a and c. The final result was 657 a-b-c weak rela-
tional structures.

3.4 Calculation and Identification of Interdisciplinary Knowledge
Combination Indices in Information Science

1. Index calculation: For all keywords a representing information science
knowledge nodes, we extracted publication year information from the
MySQL database, counted annual occurrence frequencies from 2015–2019,
and calculated the Knowledge Node Influence Index AI using Equation
(1). Results are shown in Column 6 of Table 1 . For all keywords represent-
ing knowledge media b, we obtained their complete literature records from
MySQL, determined which disciplines each keyword belonged to based
on journal-discipline classification, and counted distribution across each
discipline. Equation (2) was applied to obtain the Knowledge Medium
Influence Index BI, shown in Column 7 of Table 1. A self-coded Python
program traversed network G to obtain connection frequencies between b
and a (I_{ab}) and between b and c (I_{bc}). Equation (3) was used to
calculate the Interdisciplinary Knowledge Correlation Index CI, shown in
Column 8 of Table 1. Finally, Equation (4) was applied to calculate the
Potential Cooperation Index P for a and c in each a-b-c weak connection,
shown in Column 9 of Table 1.

2. Interdisciplinary knowledge combination identification results:
Ranked by Potential Cooperation Index P values from high to low, the
top 10 results are presented in Table 1.

Table 1 Partial identification results for interdisciplinary knowledge combina-
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tions in information science

Rank

Target Discipline
Knowledge Node
a

Knowledge
Medium b

Interdisciplinary
Knowledge c

Flow
Path AI BI CI P

1 Scientific
research
cooperation

Knowledge
flow

Population
dynamics
model

a�b←c 2.60 2.73 5.33 37.35

2 Citation network Multi-
data
fusion

Finite
element
analysis
method

a←b←c2.45 2.93 4.99 35.85

3 Altmetrics Big data Entity
similarity

a←b←c2.88 2.24 5.04 32.48

4 Think tank Big data Multi-label
learning

a←b�c 2.88 2.24 4.79 30.87

5 Interdisciplinary Big data Interpersonal
intelligence
network

a←b←c2.88 2.24 4.62 29.82

6 Knowledge graph MongoDB
database

Hyperstring
gravity model

a�b→c 2.45 2.93 4.07 29.25

7 High-cited
literature

Random
forest
algorithm

Sleeping
beauty
literature

a�b←c 2.45 2.93 3.73 26.77

8 Link prediction Random
forest
algorithm

Entity
similarity

a�b→c 2.45 2.93 2.87 20.60

9 Knowledge flow Association
rules

Multi-label
learning

a←b→c2.60 2.73 2.58 18.37

10 Scientific
research
cooperation

Knowledge
flow

Population
genetics

a→b←c2.60 2.73 2.25 16.02

4 Analysis of Identification Results
4.1 Effectiveness Analysis of Identification Results

4.1.1 Target Discipline Knowledge Node Influence Index AI Effec-
tively Identifies Rising Disciplinary Hotspots In Table 1, Column 2
shows keywords representing target discipline knowledge nodes a. Keywords
such as “Altmetrics,” “think tank,” “scientific research cooperation,” and “in-
terdisciplinary” have relatively high AI values in Column 6, indicating that
research literature on these topics in information science showed an increasing
year-by-year trend from 2015–2019, making them disciplinary research hotspots.
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These results align with part of the “rising trend” research hotspots identified
in literature [27]. “Sleeping beauty literature” and “high-cited literature” are
also keywords with continuously growing research 热度 and attention in recent
information science research [28-30]. This demonstrates that the AI index based
on trend analysis is feasible and effective for analyzing rising research hotspots,
with identification results having greater potential to introduce concepts, theo-
ries, methods, and technologies from other disciplines for interdisciplinary col-
laboration.

4.1.2 Knowledge Medium Influence Index BI Identifies Strongly In-
terdisciplinary Knowledge Media Examining Columns 3 and 7 in Table 1,
the knowledge medium “big data” has the highest BI value of 3.24, indicating its
obvious interdisciplinary nature, diverse disciplinary involvement, extensive re-
lated knowledge, and strong mediating capability as a powerful “bridge-builder.”
Research shows that big data, as a product of the in-depth development of the
information society, has become a research hotspot in the scientific community,
spanning information science, social science, mathematics, education, psychol-
ogy, economics, and many other fields, demonstrating typical interdisciplinarity
[31-32]. This aligns with our research conclusions. Therefore, the BI index
can be used to calculate the interdisciplinarity of keywords and identify strong
“bridge-builders.”

4.1.3 Interdisciplinary Knowledge Correlation Index CI Effectively
Identifies Interdisciplinary Knowledge Highly Relevant to the Target
Discipline In Table 1, Columns 4 and 8 show that keywords such as “finite ele-
ment analysis method,” “random forest algorithm,” “multi-label learning,” and
“population dynamics model” have relatively high CI values. This indicates
they establish strong weak-tie connections with information science knowledge
nodes through knowledge media “multi-data fusion,” “link prediction,” “asso-
ciation rules,” and “knowledge flow,” respectively. For example, in the chain
“citation network” ← “multi-data fusion” ← “finite element analysis method”
with flow path a←b←c, “citation network” frequently cites “multi-data fusion,”
which in turn frequently cites “finite element analysis method,” suggesting that
“finite element analysis method” can be applied to “citation network” research.
Literature analysis confirms their relevance (see Section 4.2). Therefore, the CI
index can effectively identify interdisciplinary knowledge highly relevant to the
target discipline.

4.1.4 Potential Cooperation Index P Effectively Combines Charac-
teristics of a-b-c Weak Connections to Identify High-Potential In-
terdisciplinary Knowledge Combinations In Table 1, the a-b-c weak re-
lationship “scientific research cooperation” � “knowledge flow” ← “population
dynamics model” ranks first in P value. Its AI = 2.60, BI = 2.73, and CI =
5.33 rank 4th, 3rd, and 2nd, respectively. Although not the highest in target
discipline knowledge node activity, knowledge medium diversity, or interdisci-
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plinary knowledge correlation, all three values are relatively high. Consequently,
the attraction between “scientific research cooperation” and “population dynam-
ics model” is strongest, with the closest potential connection and the greatest
weak-tie connection potential (P = 37.35), making it the highest-potential inter-
disciplinary knowledge combination. Thus, the P index can effectively combine
node attributes and relationships in a-b-c weak ties to identify interdisciplinary
knowledge combinations with high collaborative potential.

4.2 Application Analysis of Identification Results

Table 1 presents interdisciplinary knowledge combinations with high collabora-
tive potential values. To explore the effectiveness of these results and analyze
technical solutions for applying interdisciplinary knowledge to solve information
science problems, thereby promoting interdisciplinary research innovation, we
analyze the top two results:

1. “Scientific research cooperation” � “knowledge flow” ← “popula-
tion dynamics model.” Scientific research cooperation enables the inte-
gration of different knowledge and facilitates knowledge collisions among
researchers, organizations, or institutions with different knowledge back-
grounds, making it an important way to accelerate knowledge diffusion
[33]. From the perspective of research cooperation, collaborative parties
acquire complementary knowledge resources based on knowledge potential
differences to achieve knowledge flow. The knowledge flow process drives
knowledge dissemination, diffusion, integration, and innovation, forming
knowledge chains and networks [19]. The population dynamics model is a
behavioral dynamics model that studies interactions between populations
and between populations and uncertain environments [34]. Knowledge
flow has certain associations with population movement and is embedded
in the scientific research cooperation process. Therefore, we can attempt
to apply the population dynamics model to the scientific research coop-
eration process to simulate and analyze knowledge diffusion patterns and
evolutionary paths of knowledge integration, 挖掘 research cooperation pat-
terns, relationship structures, and status changes to reveal underlying laws
of scientific research cooperation development.

2. “Citation network” ← “multi-data fusion” ← “finite element
analysis method.” A citation network is a large-scale knowledge net-
work composed of research literature containing massive citation relation-
ships and text attributes. “Multi-data fusion” refers to using data fu-
sion algorithms to efficiently integrate multiple types of association data,
thereby extracting and identifying more accurate potential semantic rela-
tionships between knowledge units through richer information [35]. The
“finite element analysis method” divides the solution domain into many
small interconnected subdomains called finite elements, assumes an ap-
propriate approximate solution for each element, and then derives the
solution satisfying overall conditions to solve the problem [36]. Citation
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networks contain various complex networks. Following the finite element
analysis method’s 思想, these complex networks can be decomposed into
multiple simple subnetworks, with multi-data fusion effectively integrated
for each subnetwork to simulate and achieve the overall network. There-
fore, we can attempt to apply the finite element analysis method to fuse
multi-source data in citation networks, improving the efficiency of citation
network data mining and knowledge discovery.

5 Conclusion
This study proposes a method for discovering interdisciplinary knowledge com-
binations based on weak citation relationships. First, it constructs a keyword-
based interdisciplinary knowledge weak citation association network. Second,
it identifies a-b-c weak relational structures in the citation network and defines
the Knowledge Node Influence Index AI, Knowledge Medium Influence Index
BI, and Interdisciplinary Knowledge Correlation Index CI to construct the Po-
tential Cooperation Index P model. Finally, it conducts an empirical study
using papers from nine leading information science journals (2015–2019) and
their interdisciplinary references/citations. Effectiveness analysis demonstrates
the rationality and validity of the proposed method, while application analy-
sis shows that the identification results have significance for interdisciplinary
collaboration.

The empirical sample in this study comes from Chinese literature in informa-
tion science. Future research should verify whether this method applies to other
disciplines or literature in other languages. Additionally, the development of in-
formal academic communication methods such as social media provides new
research perspectives and data sources for interdisciplinary knowledge exchange
and collaboration. Therefore, future studies can utilize cross-language litera-
ture and social media data to further investigate interdisciplinary knowledge
combination identification for more comprehensive insights.
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