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Abstract
[Purpose/Significance] Technology convergence is the driving force behind the
formation and development of emerging industries, while knowledge fusion is
the prerequisite for technology convergence. Research on the knowledge fusion
process is of great significance for guiding the formation and development of
emerging industries.

[Method/Process] First, a theoretical model is constructed based on existing
research to characterize the knowledge fusion process using paper citation net-
works. Second, verification methods are designed according to the characteris-
tics of paper citation networks at each stage of the knowledge fusion process.
Finally, an empirical analysis is conducted using the emerging bioinformatics
field as a case study.

[Results/Conclusion] The empirical analysis results from the bioinformatics field
demonstrate the effectiveness of the theoretical model and can provide a new
approach for studying the knowledge fusion process.
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Abstract
[Purpose/Significance] Technology fusion is the driving force behind the for-
mation and development of emerging industries, while knowledge fusion is the
prerequisite for technology fusion. Studying the knowledge fusion process is of
great significance for guiding the formation and development of emerging in-
dustries. [Method/Process] First, a theoretical model using paper citation
networks to characterize the knowledge fusion process was constructed based on
existing research. Second, verification methods were designed according to the
characteristics of paper citation networks at each stage of the knowledge fusion
process. Finally, an empirical analysis was conducted using the emerging field
of bioinformatics as an example. [Result/Conclusion] The empirical anal-
ysis results from the bioinformatics field demonstrate the effectiveness of the
theoretical model, providing a new method for studying the knowledge fusion
process.
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Emerging technologies are a critical focus of China’s innovation-driven develop-
ment. Guiding the development of emerging technologies is of great significance
for China to seize the high ground in future economy and technology and em-
bark on a path of innovation-driven, sustainable development. The formation
and development of emerging technologies follow multiple paths, among which
technology fusion, as a new decisive factor in the emergence and development
of emerging technologies, has attracted widespread attention and research. Sci-
entific and objective analysis of the technology fusion process is important for
guiding the formation and development of emerging technologies.

In F. Hacklin’s evolutionary framework of technology fusion, knowledge fusion
is the prerequisite for technology fusion and drives the formation and develop-
ment of emerging technologies. During the development of knowledge fusion,
knowledge spillovers different from the original scientific fields emerge. These
spillovers often occur between existing scientific fields, and as they deepen, a
new research paradigm distinct from those of the original fields gradually forms,
signaling the birth of a new scientific domain. For example, the formation of the
emerging field of bioinformatics began with biological science research primar-
ily using experimental observation methods. As observational data increased,
researchers started applying knowledge and methods from information science
to biological science in the 1970s. With deepening knowledge spillovers between
biological and information sciences, a new research paradigm emerged, distinct
from both fields, indicating the birth of bioinformatics.

Existing research on knowledge fusion and technology fusion mostly focuses
on predicting fusion emergence or conducting cross-sectional studies using in-
dicators. Some studies employ qualitative methods, such as Zhao Hongzhou’s
mining model for scientific discovery to explain cross-fusion in technology evolu-

chinarxiv.org/items/chinaxiv-202307.00516 Machine Translation

https://chinarxiv.org/items/chinaxiv-202307.00516


tion, and E. Leon’s expert knowledge-based method for predicting fusion emer-
gence. Other studies use quantitative data-driven approaches, such as R. Kong’s
similarity measures between fields to assess fusion degree, and H. Park’s IPC
classification-based indicators for identifying fusion status. Recently, scholars
have begun combining clustering methods with patent citation networks. While
effective at identifying fusion status from various perspectives, these studies can-
not effectively describe the specific evolutionary process of knowledge fusion.

Papers serve as carriers and communication media for scientific knowledge, and
the citation process among papers represents knowledge selection, evolution,
dissemination, and application built upon previous knowledge. Citation re-
lationships reflect knowledge flow processes. A paper citation network, with
papers as nodes and citation relationships as links, can reflect complex knowl-
edge flows at large scales and serves as an effective tool for studying knowledge
flow during fusion. I. Sakata noted that citation networks are more effective
than semantic analysis for describing scientific fields. According to Y. Kajikawa
and M. Newman, topological clustering can divide citation networks into clus-
ters based on paper aggregation, with each cluster corresponding to a scientific
field. Combined with network visualization, this approach can intuitively dis-
play field distribution and evolution, making it effective for describing scientific
fields and their changes. Therefore, this paper employs citation network visu-
alization combined with topological clustering to analyze the entire knowledge
fusion process.

This paper first reviews research on knowledge flow and field description to con-
struct a theoretical model using citation networks to characterize knowledge
fusion. It then designs verification methods and conducts empirical analysis
in the emerging field of bioinformatics. Finally, the theoretical model is vali-
dated and refined based on empirical results. The proposed model provides a
new method for studying knowledge fusion processes and can help researchers
investigate the formation and development of emerging fusion fields.

2 Theoretical Model of Knowledge Fusion Process Based
on Citation Networks
2.1 Overview of Knowledge Fusion Theory

N. Rosenberg first proposed the concept of technology fusion, which is not an
isolated technical phenomenon but requires support from basic and applied sci-
ences and is closely related to socio-economic and legal factors. The technology
fusion process comprises four temporal stages: knowledge fusion, technology
fusion, market fusion, and industrial fusion, with knowledge fusion as the pre-
requisite. In an ideal process, knowledge fusion leads to technology fusion, which
drives product-market integration, market fusion, and ultimately industry con-
solidation.

Knowledge fusion has two forms. As shown in Figure 1 [Figure 1: see origi-
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nal paper], the first involves two scientific fields (A and B) fusing to form a
new field (C) while the original fields persist (A+B=A+B+C). The second in-
volves two fields merging complementarily to form a new field that replaces the
originals (AB) (A+B=AB). This paper’s theoretical model focuses only on the
A+B=A+B+C form.

2.2 Theoretical Model of Knowledge Fusion Process

The knowledge fusion process involves active knowledge flow and new field for-
mation. Research indicates it begins with knowledge flow between two distinct
scientific fields, deepening until a new research paradigm emerges, signifying
fusion field formation. Specifically, it evolves from independent development
of existing fields, to inter-field knowledge flow, and finally to new fusion field
formation. This paper uses cross-field citations in citation networks to repre-
sent inter-field knowledge flow and cluster changes from topological clustering
to represent field evolution, constructing a citation network-based theoretical
model shown in Figure 2 [Figure 2: see original paper].

The model divides knowledge fusion into three stages:

Stage 1: Fields A and B develop independently according to their own
paradigms, with knowledge flow occurring only within each field. Citations
are primarily intra-field, and topological clustering yields only clusters
corresponding to fields A and B.

Stage 2: Fields A and B begin cross-paradigm penetration with inter-field
knowledge flow, but no new fusion field has formed. Clustering still produces
only clusters for fields A and B, with no fusion cluster emerging.

Stage 3: Fields A and B undergo knowledge fusion, forming a new research
paradigm that marks the emergence of a fusion field. Clustering now reveals
clusters for fields A and B plus a new fusion cluster representing the merged
field.

3 Verification Method for the Knowledge Fusion Process
Model
3.1 Overall Verification Framework

The verification method addresses two questions: whether the theoretical model
matches actual knowledge fusion processes and whether it is complete. The
framework consists of three steps, as shown in Figure 3 [Figure 3: see original
paper].

Step 1: Citation Network Construction. Develop search queries for the
target fields, retrieve paper datasets from databases, extract direct citation in-
formation, and construct citation networks.
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Step 2: Citation Network Analysis. Use visualization to identify cross-
field citations, topological clustering to identify fusion clusters, and LDA topic
modeling to extract cluster keywords, analyzing networks from these three per-
spectives.

Step 3: Knowledge Fusion State Identification. Based on annual network
characteristics, identify the knowledge fusion stage for each year, identify fusion
cluster research topics, and validate and refine the theoretical model.

3.2 Citation Network Construction

This study uses Thomson Reuters’ Web of Science (WOS) database, specifically
SCI-EXPANDED, SSCI, and A&HCI, which contain thousands of journals with
complete citation information. Search queries are developed using field-specific
keywords. To accurately analyze the fusion process, datasets for fields A and B
must have the same end date and maximal overlapping time span. Since direct
citations better reflect knowledge flow, Java is used to parse direct citation
information from the complete datasets, constructing citation networks with
papers as nodes and direct citations as links.

3.3 Citation Network Analysis

According to the theoretical model, different fusion stages exhibit distinct char-
acteristics in cross-field citation count, fusion cluster presence, and cluster key-
words. This analysis is prerequisite for state identification and model verifica-
tion.

3.3.1 Cross-Field Citation Identification Cross-field citations reflect inter-
field knowledge flow. In network visualization, nodes and links are color-coded:
papers from different fields have different colors, and links inherit the color
of intra-field connections while cross-field links appear white. The developed
Citation Network Data Analyzer (CDA) software, shown in Figure 4 [Figure 4:
see original paper], detects white links to identify cross-field citations.

3.3.2 Fusion Cluster Identification I. Rafols proposed that technology
diversity uniformity reflects interdisciplinary fusion degree. Building on this, fu-
sion clusters are identified by calculating the proportion of papers from each field
within clusters. Clusters uniformly containing papers from both fields are iden-
tified as fusion clusters. The process uses Newman clustering algorithm, which
automatically determines optimal cluster numbers based on network structure
without manual specification, as shown in Figure 5 [Figure 5: see original paper].

3.3.3 Cluster Keyword Extraction Fusion clusters correspond to new fu-
sion fields. LDA topic modeling, a common unsupervised method, extracts
keywords from paper titles to identify research topics. Using K=1 topic, 𝛼=50,
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𝛽=0.01, and 1000 iterations, the model extracts keywords describing each clus-
ter’s research focus.

3.4 Knowledge Fusion State Identification

The theoretical model divides knowledge fusion into three stages. State identifi-
cation determines each year’s stage based on cross-field citation presence, fusion
cluster existence, and cluster keywords. Table 1 summarizes the characteristics
for each stage.

Stage 1: No cross-field citations; only original field clusters exist.
Stage 2: Cross-field citations present but no fusion clusters; only original field
clusters exist.
Stage 3: Cross-field citations present; fusion clusters emerge alongside original
field clusters.

By analyzing annual state characteristics and stage divisions, the theoretical
model is validated. Since the model is derived from existing theory and actual
processes are more complex, empirical observations further refine it.

4 Empirical Analysis of the Knowledge Fusion Process
Model
Bioinformatics, formed through knowledge fusion between biological and infor-
mation sciences, represents a strategic emerging field with significant charac-
teristics. It serves as an ideal case for validating the citation network-based
theoretical model.

4.1 Citation Network Construction

Following the verification framework, domain experts identified keywords for bio-
logical and information sciences. The search period was set to 1995-2016, limited
to the USA to reduce noise. The retrieval queries were: “TS=((electrical com-
puting) OR (information technology systems) OR (engineering electrical elec-
tronic) OR (engineering industrial) OR (software engineering) OR (computer
artificial intelligence) OR (telecommunications) OR (computer hardware archi-
tecture) OR (information technology)) AND CU=USA” for information science,
and “TS=((biochemistry molecular biology) OR (pharmacology pharmacy) OR
(biochemical research methods) OR (genetics biology) OR (biochemistry molecu-
lar biology) OR (biotechnology) OR (chemistry medicinal) OR (microbiology))
AND CU=USA” for biological science. The search yielded 24,319 biological
papers and 52,254 information science papers. Direct citation information was
extracted to construct annual citation network time series.

4.2 Empirical Results

According to the theoretical model’s stage characteristics, the bioinformatics
fusion process was analyzed and matched to the model.
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In visualizations, biological papers appear green and information science papers
red. CDA software analysis revealed that before 1998, all citations were intra-
field with no cross-field citations, and clustering produced only separate clusters
for each field, indicating independent knowledge flow. In 1998, 少量 cross-field
citations emerged but no fusion cluster formed, marking the transition from
Stage 1 to Stage 2. The 1997 and 1998 visualizations are shown in Figure 6
[Figure 6: see original paper].

Between 1998 and 2003, cross-field citations increased but no fusion clusters
appeared, indicating deepening inter-field knowledge flow without new field
formation. By 2003, cross-field citations reached a critical mass, and cluster-
ing revealed a fusion cluster containing papers from both fields, signifying new
paradigm formation. The 1999 and 2003 visualizations are shown in Figure 7
[Figure 7: see original paper], with the 2003 fusion cluster circled. In 2003, four
clusters were identified: the fusion cluster contained 61.3% biological papers,
while the other three clusters contained 99.9%, 0.9%, and 1.8% biological papers,
respectively, demonstrating the fusion cluster’s high diversity uniformity.

To identify the fusion field, fusion clusters were identified annually from 2003-
2016, with visualizations for 2008 and 2016 shown in Figure 8 [Figure 8: see orig-
inal paper]. LDA extracted keywords from each year’s fusion cluster, presented
in Table 2 . Bioinformatics research topics include genomics, proteomics, and
biochips. The field emerged in the 1970s with analysis methods and databases.
The Human Genome Project (HGP), launched in 1990 and reaching draft com-
pletion in June 2000, propelled bioinformatics development. Table 2 shows
keywords evolving from gene chip-related terms (gene, expression, microarray)
in 2003, to database terms (database, gene expression protein data) in 2004,
to human genome sequencing terms (gene human database sequencing) after
2008, matching bioinformatics’ evolution. This confirms the fusion cluster rep-
resents bioinformatics. Thus, the biological-information science fusion process
transitioned from Stage 2 to Stage 3 in 2003.

The empirical analysis shows the fusion process spans six years in Stage 2 (1998-
2003), from initial inter-field knowledge flow to new field formation. This tem-
poral dimension, not analyzed in the original theoretical model, provides a re-
finement based on empirical observation.

Conclusion
This paper constructed a citation network-based theoretical model of knowledge
fusion and validated it using bioinformatics. The findings demonstrate: (1) the
model’s validity in describing actual knowledge fusion processes; (2) knowledge
fusion can be divided into three stages with distinct characteristics; (3) citation
network visualization combined with topological clustering effectively describes
fusion processes. The study focuses on science-driven fusion, though economic,
market, and policy factors also influence field formation—their impacts require
further investigation.
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Abstract: [Purpose/significance] Technology fusion is the driving force of new
industries’ formation and development. While knowledge fusion is the prerequi-
site of technology convergence, it is of great significance in guiding the forma-
tion and development of new industries. [Method/process] Firstly, this paper
built a theoretical model which using the citation network to characterize the
knowledge fusion process based on the existing research. Then, based on the
characteristics of paper citation network in each stage of knowledge fusion, the
paper introduced a verification method. Finally, it conducted an empirical anal-
ysis in the field of bio-information technology. [Result/conclusion] The results
of empirical analysis in the field of biological information show the validity of the
theoretical model. Therefore, It can be deemed as a new method on studying
the knowledge fusion.
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