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Abstract
The collaboration between universities and enterprises synergistically foster the exchange 
of knowledge and technology. Research on university-industry collaboration (UIC) plays a 
pivotal role in promoting innovation, facilitating the transformation of scientific and tech-
nological achievements, and addressing “stuck neck” problems in technological advance-
ment. This study proposes a topic-institution graph-based methodology for recommending 
UIC, applying graph analysis to extract multiple types of entities, cooperation informa-
tion between institutions, semantic correlations between science, technology, and innova-
tion (ST&I) topics, and co-occurrence relationships between institutions and ST&I topics. 
Firstly, the SciBERT model is applied to construct the science network and technology 
network, capturing the latent semantic correlations between paper keywords and patent 
keywords, respectively. Then, the Leiden community detection algorithm and multi-dimen-
sional indicators are employed to identify promising ST&I topics within these networks. 
Next, a topic-institution graph is constructed, incorporating rich structural and semantic 
information between multiple entities. Finally, the heterogeneous graph attention network 
(HAN) model is applied to predict collaboration opportunities between universities and 
enterprises. Additionally, the interpretability of ChatGPT-4o helps provide insightful 
explanations for the recommended collaborations and validate the accuracy of results. An 
empirical study on artificial intelligence domain demonstrates the feasibility and reliability 
of the proposed methodology.
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Introduction

University-industry collaboration (UIC) is a crucial innovation mode, where universities 
and enterprises enhance their capabilities and foster synergistic innovation through the 
exchange of knowledge and technologies (O’Dwyer et  al., 2023; Ollila, 2025). UIC can 
facilitate the orderly flow, integration, and sharing of innovative resources between univer-
sities and enterprises, enabling the transformation of scientific and technological achieve-
ments, while bridging the gap among science, technology, and industry (Chung et al., 2021; 
Foti et al., 2023; Wang & Huang, 2020). Therefore, UIC recommendation has become an 
important issue for university-industry-research collaborative innovation.

Nowadays, network analysis methods are mainly used to construct single-layer net-
works, such as collaboration networks and knowledge networks, for recommending uni-
versity-industry collaboration (Wang et  al., 2024a; Zhang & Chen, 2023). Collaboration 
networks capture the cooperative relationships between universities and enterprises, while 
knowledge networks uncover the connections between the research topics of institutions 
(Albats et  al., 2022; Li et  al., 2023). However, single-mode networks fail to capture the 
richness and complexity of interactions among various entities in real-world UIC (Guan 
et al., 2017; Lu et al., 2023). To address this problem, some scholars have integrated col-
laboration and knowledge networks into dual-layer networks for UIC recommendations 
(Chen et al., 2022a). Yet, dual-layer networks primarily focus on the relationships between 
layers (Cui & Zhu, 2024; Lian & Wang, 2024), making it difficult to effectively integrate 
collaboration information and knowledge associations. As a result, they fail to capture the 
complex global interactions between universities and enterprises. Therefore, this study 
constructs a topic-institution graph, revealing the multi-dimensional relationships between 
entities into a unified low-dimensional vector space (Kang et al., 2019), capturing the rich 
structural and semantic information (Noori et al., 2024; Park et al., 2023) and exploring 
potential collaboration opportunities between universities and enterprises through the 
global structure and higher-order connectivity of the graph.

Existing research primarily explores the knowledge interactions between universities 
and enterprises based on topic co-occurrences or International Patent Classification (IPC) 
code co-occurrences (Chang, 2018; Zhai et al., 2022). However, simple co-occurrence rela-
tionships struggle to capture the rich semantic information embedded within the knowl-
edge, leading to an inaccurate depiction of the correlations between different knowledge 
entities (Huang et al., 2022a; Kodua‐Ntim, 2023). The SciBERT model, a deep learning 
model based on BERT, is capable of extracting the latent semantic information between 
keywords within their context, thereby improving the accuracy of knowledge representa-
tion (Dinh et al., 2024; Thierry et al., 2023). Additionally, UIC should focus on promis-
ing science, technology, and innovation (ST&I) topics to ensure high-valued collaboration 
outcomes and foster a higher level of collaborative innovation between universities and 
industry (Reyes-Menendez et al., 2023; Xu et al., 2021a; Zhang et al., 2016). Therefore, 
developing an evaluation system to identify promising ST&I topics and exploring their 
correlations is crucial for successful UIC.

This study proposes a recommendation method for university-industry collaboration 
based on the topic-institution graph. This framework employs the graph analysis method 
to reveal complex information within the graph, including information on multiple types 
of entities, collaboration relationships between institutions, semantic associations between 
topics, and co-occurrence information between institutions and topics, enabling the effec-
tive prediction of UIC. The method begins by identifying promising ST&I topics with 
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collaborative potential in the science network and technology network using the SciBERT 
model, the Leiden algorithm, and the multi-dimensional indicators, capturing the hidden 
semantic relationships between keywords and improving the accuracy of topic identifica-
tion. Then, a topic-institution graph is constructed, which reveals the information of two 
types of nodes (ST&I topics and institutions), the semantic correlations between ST&I 
topics, the co-occurrence relationships between ST&I topics and institutions, and the co-
authorship relationships between institutions. Finally, the heterogeneous graph attention 
network (HAN) model is applied to predict the future graph and then recommend UIC 
partners, fully considering both structural and semantic information in the graph. Further-
more, ChatGPT-4o is applied to provide explanations for potential future collaborations 
between universities and enterprises, and to validate the accuracy of UIC recommendation 
results.

The remainder of this study is organized as follows: “Related work” reviews the uni-
versity-industry collaboration, ST&I topic identification, and graph embedding. “Meth-
odology” section presents the research process and methods in detail. “Empirical study” 
describes a case study on the artificial intelligence field to recommend potential university-
enterprise pairs. Validation tests are also conducted to demonstrate the feasibility of the 
proposed method. Then, the insights gained from the case study and limitations are dis-
cussed in “Discussion and conclusions” section.

Related work

University‑industry collaboration

University-industry collaboration (UIC) is an essential mechanism for driving scientific 
and technological innovation (Lee & Miozzo, 2024; Steinmo & Rasmussen, 2018; Wool-
gar, 2007). In general, universities primarily engage in exploratory and creative scientific 
research activities, which form the foundation of scientific innovation, while enterprises 
play a crucial role in the integration of science, technology, and economics, which is the 
basis of technological innovation (Kang et  al., 2019). UIC facilitates the bidirectional 
transfer of knowledge and technology, driving the transformation of scientific and techno-
logical achievements (Nsanzumuhire et al., 2021; Rossi et al., 2024).

To reap the benefits of collaborative partnerships, universities and enterprises should 
place greater emphasis on important factors for the success of cooperation, such as organi-
zational trust, interaction channels, intellectual property management, and market condi-
tions (Patnaik et al., 2022; Song et al., 2022). Particularly, proper partner selection is cru-
cial for determining the success of UIC innovation and the alliance’s performance (Chen 
et al., 2022b; Chung et al., 2021). One key consideration in evaluating potential collabora-
tion partners is the relevance and applicability of their expertise (Gallagher et  al., 2023; 
Rossi et  al., 2024). In addition, not all potential partners possess the specific knowledge 
or technological capabilities that align with the needs of universities or enterprises (Li & 
Zhou, 2022; Wang et  al., 2017). Therefore, universities and enterprises should carefully 
choose partners to ensure the success of collaborative innovation (Chung et al., 2021).

Numerous studies have been dedicated to recommending university-industry collabo-
ration, which can be categorized into three approaches: subjective judgment-based meth-
ods (Roncancio-Marin et al., 2022), quantitative modeling-based methods (Gibson et al., 
2019), and network analysis methods (Gallagher et al., 2023; Zhao et al., 2024). Subjective 
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judgment-based approaches often rely on qualitative expert assessments, lacking quantita-
tive analysis and resulting in subjective outcomes. Quantitative modeling-based approaches 
mainly focus on data statistics (Wang et al., 2016; Zhou et al., 2018), such as data envel-
opment analysis (DEA) method, optimization methods, and decision evaluation methods, 
without delving into an in-depth analysis of the research content and relationships of insti-
tutions. Network analysis methods mostly explore the collaboration between universities 
and enterprises using paper data and patent data (Chen et al., 2022b; Guan & Liu, 2016), 
revealing the collaboration characteristics and exploring the collaboration opportunities 
between universities and enterprises. Many studies construct single-layer networks (such as 
collaboration networks and knowledge networks) to recommend UIC (Albats et al., 2022; 
Wang et  al., 2024a), while a few have integrated collaboration relationships and knowl-
edge associations to build dual-layer networks for exploring collaboration opportunities 
(Chen et al., 2022a). However, single-layer networks fail to reflect the complex interactions 
among entities in real-world collaboration scenarios (Lu et al., 2023). Dual-layer networks, 
on the other hand, primarily capture the relationships between the collaboration layer and 
knowledge layer (Cui & Zhu, 2024), which leads to their inability to fully capture and pre-
dict the complex and dynamic global structural interactions between universities and enter-
prises within the network.

With the development of deep learning, many graph analysis methods based on neural 
networks have been increasingly applied in university-industry collaboration recommenda-
tion (Chung et al., 2021; Mao et al., 2020; Zeng et al., 2023). A graph is a mathematical 
structure used to model pairwise relationships between entities, where entities are repre-
sented as nodes and relationships as edges connecting them. Graphs offer a more com-
prehensive and rich representation of relationships, highlighting the complex structure and 
connectivity among multiple entities (Mei et al., 2022; Park et al., 2023). Compared to tra-
ditional network analysis methods, graph analysis techniques can more effectively excavate 
complex relationships between multiple entities, revealing potential correlations through 
the global structure and higher-order connectivity of the graph (Kang et al., 2019; Zhang 
et al., 2023).

ST&I topic identification

Identifying the promising and important science, technology, and innovation (ST&I) topics 
for UIC is a crucial issue (Libaers et al., 2017; Ran et al., 2020). ST&I topics represent the 
high-value research areas that are of significant interest to both universities and enterprises, 
with the potential to drive innovative outcomes and successful collaborations (Kang et al., 
2019; Qian et al., 2024). Emerging and general-purpose topic identification has received 
significant attention in the ST&I field, indicating the increased emphasis of universities 
and enterprises on these types of topics (Wang, 2018; Zhang et al., 2021).

Most studies have indicated that emerging topics exhibit characteristics such as nov-
elty, growth, and influence (Bianchini et  al., 2022; Huang et  al., 2021a), while general-
purpose topics are typically associated with growth and fundamentality (Petralia, 2020; 
Zhang et al., 2021). However, most existing measures either rely solely on temporal nov-
elty or focus on simple citation-based influence (Small et al., 2014; Yang et al., 2022b), 
which may not fully capture the semantic uniqueness, structural roles, and dynamic evolu-
tion of topics. To address these limitations, this study proposes an improved topic evalua-
tion framework based on four enhanced indicators (novelty, fundamentality, growth, and 
impact) designed to capture both semantic, structural and dynamic dimensions. Novelty 
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jointly considers temporal recency and semantic distinctiveness of a topic (Rotolo et al., 
2015; Xu et al., 2021a). Fundamentality integrates multiple centrality measures to capture 
a topic’s structural importance across the network (Zhang et  al., 2021). Growth reflects 
dynamic structural expansion rather than publication volume alone (Petralia, 2020). Impact 
is measured via a modified PageRank approach, capturing both direct and indirect network 
influence (Xu et  al., 2021b). These indicators are combined using entropy weighting to 
objectively identify ST&I topics with the highest potential for UIC.

In addition, it is crucial to thoroughly explore the correlations between the ST&I topics 
of universities and enterprises (Kim et al., 2020). Research indicates that universities and 
enterprises often have differing development goals and research focuses, which can lead 
to disagreements and friction during collaboration. These disparities may, in turn, affect 
the efficiency and outcomes of university-industry collaborative innovation (Huang et al., 
2021b; Littleton et al., 2023). Therefore, this study incorporates the semantic correlations 
between ST&I topics into the factors considered for UIC, enhancing the accuracy of uni-
versity-industry collaboration recommendations.

Graph embedding

Graph embedding is a graph analysis technique that represents graph-structured data as 
low-dimensional vectors, while preserving both the structural and semantic information 
inherent in the graph (Yang et al., 2022a). It has been widely applied in recommendation 
systems, technology innovation management, social network analysis, and bioinformat-
ics (Bertram et al., 2023; Ding, 2022; Yi et al., 2022). Graph embedding methods mainly 
include three categories: (1) Matrix factorization methods, such as GraRep and HOPE, 
decompose adjacency matrices to capture graph structures but often struggle with scal-
ability (Sun et al., 2023). (2) Random walk-based methods, like DeepWalk and Node2Vec, 
simulate random paths over graphs to learn embeddings that capture local and global graph 
features (Zhang & Tang, 2023). (3) Neural network-based approaches, such as Graph 
Convolutional Network (GCN), have gained popularity for their ability to model complex 
graph relationships (Wang et al., 2023). With the development of deep learning techniques, 
graph embedding based on the neural network has shown outstanding performance in vari-
ous types of tasks, such as node classification and link prediction (Huang et  al., 2022b; 
Wang et al., 2024a).

The heterogeneous graph attention network (HAN) model is a neural network-based 
graph embedding method, which is specifically designed for heterogeneous graphs includ-
ing multiple types of nodes and edges (Zhang et  al., 2019a). HAN leverages attention 
mechanisms to learn the importance of different nodes and edge types, effectively captur-
ing both structural and semantic complexities in heterogeneous graphs (Park et al., 2023; 
Yang et al., 2024). Compared with other graph embedding methods, it leverages an atten-
tion mechanism to aggregate entity features, effectively capturing both rich semantic rela-
tionships and structural information within the graph (Mei et al., 2022). Therefore, HAN 
model can depict the associations between universities and enterprises by integrating 
research topics and collaboration information, enabling the prediction of potential univer-
sity-industry collaborations.
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Methodology

The proposed method is given in Fig. 1, which consists of two parts: (1) University-indus-
try collaboration-oriented ST&I topics identification; and (2) University-industry collabo-
ration prediction based on the HAN model. The HAN model extracts feature information 
from different types of entities (e.g., topic nodes, institution nodes) within the topic-insti-
tution graph, embedding them into a unified vector space. This approach effectively learns 
the enriched structural and semantic relationships between diverse nodes, thereby improv-
ing the accuracy of collaboration recommendations between universities and enterprises.

University‑industry collaboration‑oriented ST&I topics identification

Data collection and preprocessing

The dataset used in this study includes paper data from the Web of Science (WoS) and 
patent data from the Derwent Innovation Index (DII). After data pre-processing via ITGIn-
sight,1 paper and patent keywords are extracted and cleaned from the titles, abstracts, and 
author keywords, along with the corresponding universities, and enterprises.

Science network and technology network construction based on SciBERT model

The purpose of this section is to construct the science network and technology network 
using the SciBERT model. SciBERT (Beltagy et al., 2019) is a BERT-based pre-trained 
language model trained on a large corpus of scientific and technological texts, which can 
capture richer semantic and co-occurrence information within texts and obtain more pre-
cise semantic representations of paper and patent keywords (Dinh et  al., 2024). In this 
study, SciBERT is used to generate word vectors corresponding to all paper and patent 
keywords.

Then, the semantic similarity between keywords is calculated using the cosine distance 
between keyword vectors. Finally, the science network Gs and technology network Gt are 
constructed based on semantic similarity as follows:

where Vs and Vt are the set of paper keywords and patent keywords, respectively; Es and Et 
denote the set of edges of the science network and technology network, respectively; Ws 
and Wt are the set of edge weights (semantic similarity) of science network and technology 
network, respectively.

(1)Gs = G(Vs,Es,Ws)

(2)Gt = G(Vt,Et,Wt)

1  1 ITGInsight is text mining and visualization software for bibliometric data, for more information see the 
official website at cn.itginsight.com.
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ST&I topics identification based on quantitative indicators

To construct a semantically meaningful heterogeneous graph for university-industry collab-
oration, this study first identifies Science, Technology, and Innovation (ST&I) topics based 
on science and technology networks and community detection method. The overall process 
includes two stages: (1) topic community detection, and (2) ST&I topic identification.

(1) Topic community detection  After constructing the science network and technology 
network, the Leiden community detection algorithm is applied to identify science topics 
(communities) and technology topics (communities). The Leiden algorithm is a modularity-
based community detection method known for its efficiency and ability to ensure strong 
intra-community connections, thereby providing a more accurate representation of the com-
munity structure within a network (Bae et al., 2017). Hence, we use the Leiden algorithm 
to divide science communities and technology communities in the constructed science net-
work and technology network. The output of this step is a collection of candidate science 
topics and technology topics, each represented as a group of closely related keywords.

(2) ST&I topic identification  Following the study of Rotolo et  al. (2015) and Xu et  al. 
(2021b), we evaluate each topic (i.e., community) in the science network and technology 
network using four indicators: novelty, fundamentality, growth, and impact, aiming to iden-
tify science, technology, and innovation (ST&I) topics that are potentially high-value for 
future university-industry collaboration.

Novelty Traditional novelty measures typically rely on the time of emergence of top-
ics (Huang et al., 2021a; Tu & Seng, 2012), potentially overlooking the semantic distinc-
tion between topics. To address this, we propose a dual-dimensional novelty indicator 
that jointly evaluates temporal novelty and content novelty (Xu et  al., 2021a), and uses 
the entropy weighting method to weigh and measure the novelty of the topic. The former 
captures how recently a topic has emerged, while the latter uses cosine similarity to quan-
tify the semantic dissimilarity between the current topic and all others. This integrated 
approach offers a more nuanced and informative representation of novelty. The calculation 
formulas for the temporal novelty ( Time_Novelty ) and content novelty ( Content_Novelty ) 
of topic tc are as follows:

where tj is a arbitrary topic of tc , n is the number of paper or patent keywords in the topic tc , 
yi is the occurrence time of the keyword i in this topic; h is the number of paper or patent 
keywords in the science or technology network, Yk is the occurrence time of the keyword 
k in the network; m is the number of topics in the network, Cos(tc, tj) denotes the cosine 

(3)Time_Novelty =
1

n

n∑

i=1

yi −
1

h

h∑

k=1

Yk

(4)Content_Novelty = 1∕(
1

m − 1

m−1∑

j=1

Cos
(
tc, tj

)
)

(5)Cos
(
tc, tj

)
=

q∑

p=1

n∑

i=1

Cos(i, p)
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similarity between topic tc and tj ; q is the number of keywords in the topic tj , Cos(i, p) 
denotes the cosine similarity between keyword i in topic tc and keyword p in topic tj.

Fundamentality Traditional studies often rely on a single centrality measure (e.g., 
degree or betweenness) to capture the structural importance of topics (Dotsika & Watkins, 
2017), which may overlook their multifaceted roles in knowledge networks. To address this 
limitation, we integrate three complementary indicators (degree centrality: local connectiv-
ity, closeness centrality: global accessibility, and betweenness centrality: bridging capabil-
ity) to provide a more comprehensive representation of a node’s importance in the network 
(Zhang et al., 2021). Subsequently, the entropy weight method is used to calculate the fun-
damental significance of the topics, more accurately reflecting the topic’s foundational role 
in supporting diverse innovation activities.

Growth The indicator growth reveals the evolving trends of topics over time (Bianchini 
et  al., 2022). Unlike prior works that assess growth based on publication count (Wang, 
2018), we evaluate the growth of topics by using the growth rate of keyword node connec-
tions within the network. This method reflects not only the external expansion of a topic 
but also its internal knowledge complexity and structural evolution. The growth is com-
puted as follows:

Where ri,t,t′ represents the growth rate of connection numbers for the keyword i from time t′ 
to t , n is the total number of keywords in this topic; Edgei,t′ denotes the number of connec-
tions for keyword i at time t′ (in the previous network), while Edgei,t represents the number 
of connections for keyword i at time t (in the current network).

Impact Rather than relying on simple citation or degree measures (Huang et al., 2021a), 
we assess topic impact using a PageRank-based approach, where each keyword’s influence 
is recursively calculated based on the significance of its neighbors. This method captures 
both direct and indirect relational influence of topics within the heterogeneous network. 
The calculation formulas are as follows:

where PRi is the PageRank value of the keyword i within the topic, n is the number of 
keywords in this topic; d is the damping factor, where 1 − d represents the probability of 
randomly jumping to other keywords, usually taken as d = 0.85 (Gleich, 2015); L(i) repre-
sents the set of all keywords that have a linking relationship with keyword i , and Count(j) 
represents the number of keywords that have a linking relationship with keyword j.

Each topic’s four indicators are normalized and weighted using the entropy weight 
method, and the final comprehensive score is calculated. In both science and technology 
networks, the top-20 topics with the highest comprehensive scores are selected as ST&I 

(6)Growth =
1

n

n∑

i=1

ri,t,t�

(7)ri,t,t� =
Edgei,t − Edgei,t�

t − t�

(8)Impact =
1

n

n∑

i=1

PRi

(9)PRi = (1 − d) + d ×
∑

j∈L(i)

1

|Count(j)|
PRj
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topics, resulting in a total of 40 representative topics used in the subsequent graph mod-
eling and recommendation tasks.

Measurement of correlations between ST&I topics

This section aims to analyze the correlation between ST&I topics in the science network 
and technology network, with a comprehensive view of the role of knowledge relevance in 
university-industry collaboration. Considering that each topic includes multiple keywords, 
this study incorporates the importance of different keywords within a topic into the meas-
urement model to enhance the weights of key keywords, thereby more accurately capturing 
the potential semantic relationships between ST&I topics. Specifically, the text similarity 
metric SimDoc proposed by Maheshwari et al. (2017) is improved by weighting the key-
word vectors using the PageRank values of the keywords. The topic vector is then obtained 
through weighted summation, and the correlation between ST&I topics in the science 
network and technology network is calculated based on cosine similarity. The correlation 
between ST&I topic ti and tj ​ is formulated as follows:

where Vec(ti) and Vec(tj) represent the vector of the ST&I topic ti and tj . Cos(Vec(ti),Vec(tj)) 
is the cosine similarity between Vec(ti) and Vec(tj) . Pi and Qj denote the total number of 
keywords in the topic ti and tj , respectively. Xk and Yh represent the vector of keyword Vk 
and Vh within the topic ti and tj , respectively. PR(Vk)

� and PR(Vh)
� represent the range-nor-

malized PageRank value of the keyword Vk and Vh , respectively.

Topic‑institution graph construction

To capture the rich semantics and structural relationships among topics and institutions, we 
construct a heterogeneous graph G , referred to as the topic-institution graph. Referring to 
Fig. 1, the topic-institution graph is described as follows:

where V{T ,U,E} is a set of node types; T  , U , and E element of the set denote ST&I top-
ics, universities, and enterprises entity, respectively. R{E1,E2,E3} is the set of relationship 
types; E1 indicates the semantic correlation between ST&I topics; E2 denotes the co-occur-
rence relationship between ST&I topics and institutions (universities and enterprises), 
representing the degree of correlation between topics and institutions; E3 denotes the co-
authorship relationship between institutions (universities and enterprises). W{W1,W2,W3} 
is the set of weight types; W1 , W2 , and W3 denote the weight of E1 , E2 , and E3 , which is 
defined as follows.

(10)Correlation
(
ti, tj

)
= Cos(Vec(ti),Vec(tj))

(11)Vec(ti) =
1

Pi

∑Pi

k=1
(PR

(
Vk

)
� × Xk)

(12)Vec(tj) =
1

Qj

∑Qj

h=1
(PR

(
Vh

)
� × Yh)

(13)G = G(V{T ,U,E}, R
{
E1,E2,E3

}
,W{W1,W2,W3})
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where W1

(
ti, tj

)
 is the weight between ST&I topic ti and tj , Correlation

(
ti, tj

)
 is calculated 

by the formulas (10). W2

(
ti, Ij

)
 is the weight between ST&I topic ti and institution (univer-

sity or enterprise) Ij , n is the number of keywords in topic ti , Cooccur(kp, Ij) is the co-occur-
rence frequency between keyword kp in topic ti and institution Ij . W3

(
Ii, Ij

)
 is the weight 

between institution (university or enterprise) Ii and Ij , Coauthor(Ii, Ij) is the the number of 
collaborations between institution Ii and Ij.

By combining topic semantic similarity, topic-institution relevance, and institutional 
collaboration strength, this graph structure captures multilevel heterogeneous relationships 
necessary for downstream HAN-based representation learning and recommendation.

University‑industry collaboration recommendation

This part aims to recommend university-enterprise partners using the heterogeneous graph 
attention network (HAN) model. This study helps to fully consider the relevance of the 
research topics and cooperation information between universities and enterprises, thereby 
improving the accuracy of collaboration recommendations.

Constructing the HAN model

After constructing the topic-institution graph, the heterogeneous graph attention network 
(HAN) model is used to predict the future topic-institution graph, and identify collabora-
tive opportunities for university-industry collaboration. HAN is well-suited for heterogene-
ous graphs because it learns both node features and semantic information from multiple 
types of nodes (ST&I topics and institutions) and edges (topic-topic, topic-institution, and 
institution-institution). By incorporating attention mechanisms at both node and semantic 
levels, HAN selectively emphasizes important neighbors and meta-path semantics, thus 
improving the interpretability of the learned node embeddings (Wang et al., 2019; Yang 
et al., 2024).

Firstly, the dataset was divided into training and testing subsets (Cao et al., 2023). The 
training set was used to build the recommendation model, while the testing set was used to 
evaluate predictive performance based on widely used metrics, including AUC, Accuracy, 
Precision, Recall, and F1 Score (Huang et al., 2021b).

Secondly, node embeddings were initialized using the node2vec algorithm (Grover & 
Leskovec, 2016), which preserves both local and global structural properties of the graph. 
These pre-trained embeddings served as input features for all nodes, providing a stable and 
structure-aware initialization for the HAN model.

Next, the HAN architecture was configured with two graph attention layers, each com-
prising (1) a node-level attention module that learns the importance of a node’s neighbors 
under a given meta-path, and (2) a semantic-level attention module that aggregates node 

(14)W1

(
ti, tj

)
= Correlation

(
ti, tj

)

(15)W2

(
ti, Ij

)
=

n∑

p=1

Cooccur(kp, Ij)

(16)W3

(
Ii, Ij

)
= Coauthor(Ii, Ij)
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information across different meta-paths. The LeakyReLU function was used within the 
attention modules, while ReLU was applied elsewhere.

To effectively capture heterogeneous semantics, five representative meta-paths were 
designed to encode the structural and topical contexts relevant to university-industry 
collaboration:

U–T–E (University–ST&I Topic–Enterprise): connecting universities and enterprises 
through shared research topics;
T–U–E (ST&I Topic–University–Enterprise): topic-driven collaboration paths involv-
ing universities;
T–E–U (ST&I Topic–Enterprise–University): enterprise-initiated topic engagement 
pathways;
U–E–E (University–Enterprise–Enterprise): reflecting enterprise cluster engagement 
facilitated by universities;
U–U–E (University–University–Enterprise): representing multi-university cooperation 
linked to enterprise collaboration.

Then, during model training, the HAN iteratively updated node representations through 
forward and backward propagation: (1) The node-level attention module computed the rel-
ative importance of neighbors under each meta-path, generating meta-path-specific embed-
dings. (2) The semantic-level attention module aggregated these embeddings according to 
learned meta-path weights. (3) The output node representations were obtained and evalu-
ated using a cross-entropy loss function. All parameters, including attention coefficients 
and fully connected layer weights, were updated via backpropagation until convergence.

Finally, model hyperparameters, such as learning rate, regularization strength, attention 
vector dimensionality, and the number of attention heads, were iteratively tuned. The con-
figuration yielding the best performance on the test set was selected as the final model for 
UIC recommendation.

University‑industry collaboration prediction based on the HAN model

The collaboration opportunities between universities and enterprises are predicted using 
the well-trained heterogeneous graph attention network model. First, the HAN model is 
used to generate vector representations for the university and enterprise nodes in the test 
set data. Cosine similarity is then applied to calculate the edge weights between the nodes, 
predicting the future topic-institution graph. Next, potential collaboration opportunities 
between universities and enterprises are identified in the future graph based on collabora-
tion opportunity scores (edge weights), thereby recommending suitable collaboration part-
ners for UIC. Finally, the top-K university-enterprise pairs 

{(
u1, e1

)
,
(
u2, e2

)
,⋯ (uK , eK)

}
 

with high collaboration opportunity scores are identified.

Empirical study

Artificial Intelligence (AI) is a multidisciplinary field that involves numerous universities 
and enterprises, forming a diverse and heterogeneous innovation network (Song, 2021). 
UIC exhibits higher quantity and quality, providing ample data support for the empirical 
analysis conducted in this study. Therefore, this study analyzed the university-industry 
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collaboration recommendation in-depth in the AI domain to verify the effectiveness of the 
proposed method.

Identification of ST&I topics

The dataset used in this study comprises AI papers and patents retrieved from the Web of 
Science (WoS) and the Derwent Innovation Index (DII), respectively. On the one hand, fol-
lowing the study of Liu et al. (2021), the paper retrieval framework was established based 
on the core keywords identified in the AI field. On the other hand, referencing the study 
by Zhou et  al. (2019), a patent retrieval framework was constructed from the aspects of 
technical support, infrastructure, algorithms and applications. Finally, 234,011 papers and 
221,448 patents published between 2016 and 2024 were retrieved.

Then, following the study of Wang et al. (2021), the ITGInsight text mining software 
was used to extract and clean keywords and institution information by its NLP function 
and the term clumping process. As a result, 6000 science keywords and 6000 technol-
ogy keywords were selected as keyword dataset, with a minimum word frequency of 2 
and a maximum PC-Value. Additionally, 13,886 universities and 66,207 enterprises were 
extracted as the institution collection based on the publishing institutions of papers and 
patents, respectively.

Next, the science network and technology network were constructed, where nodes repre-
sent keywords and edges denote co-occurrence relationships between keyword pairs within 
the same document (paper or patent). To enhance the quality of the networks and ensure 
the robustness of subsequent community detection, we applied a pruning strategy based on 
semantic similarity (Zheng et la., 2025). The pruning thresholds for the science and tech-
nology networks were progressively set to 1.0, 0.95, 0.90, 0.85, 0.80, 0.75, 0.70, 0.65, 0.60, 
0.55, and 0.5, and the optimal community structure was identified using modularity as the 
evaluation criterion. A higher modularity value indicates denser intra-community connec-
tions and sparser inter-community links.

As shown in Fig. 2, the modularity values of both the science and technology networks 
increase as the pruning threshold decreases, indicating clearer community structures with 
the removal of weak edges. Since an optimal modularity typically falls within the range of 
0.3–0.7 (Newman, 2004), when the threshold is 0.60, the modularity values reach 0.6894 
and 0.6683 for the science and technology networks, respectively, indicating better com-
munity partitioning performance. Although further decreasing the threshold (e.g., to 0.55 
or 0.50) continues to raise modularity, it also introduces excessive weak or noisy asso-
ciations between keywords. This can lead to overfitting of the network structure, distort 
true semantic relationships, and ultimately reduce the reliability and interpretability of the 
detected communities. Therefore, 0.60 was determined as the optimal pruning threshold, 
and edges with weights below this value were removed, retaining only those with semantic 
similarity greater than 0.60.

Following this, the Leiden community detection algorithm was applied to the pruned 
networks, resulting in 62 science topics (communities) and 56 technology topics (commu-
nities) in the AI field. The PageRank value for each keyword in the network was calculated, 
and the keyword with the highest PageRank value in each community was selected as the 
topic label. Subsequently, four indicators—novelty, fundamentality, growth, and impact—
were calculated for each topic. To ensure consistency across the indicators, min–max 
normalization was applied, and the entropy weighting method was used to compute a 
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comprehensive score for each topic. The top 20 topics from the science network and tech-
nology network were selected as high-value ST&I topics, as presented in Table  1 and 
Table 2.

Table 1 shows that the ST&I topics in the science network primarily include core algo-
rithms in the AI field (e.g., neural network, optimization algorithm, and classification 
method), key technological research areas(e.g., human–computer interaction, facial expres-
sion recognition, and visual image analysis), and core theories in AI interdisciplinary fields 
(e.g., financial data analysis, social network analysis, and numerical simulation). Table 2 
shows that the ST&I topics in the technology network mainly cover key technologies in the 
AI field (e.g., computer vision, face recognition, and speech recognition), application sce-
narios (e.g., medical image, and smart device), and underlying infrastructures (e.g., com-
puting device, and big data process).

From the distribution of topics in Table 1 and Table 2, common topics such as "neural 
network" "smart device" and "classification method" were identified. However, the ST&I 
topics in the science network and technology network also exhibit differences. Specifically, 
science topics are more focused on foundational theoretical research, such as human–com-
puter interaction methods, neural network training algorithms, and model training algo-
rithms, while technology topics emphasize applied research, including computer vision 
technology, computing devices, and big data processing technologies.

To further verify the necessity and unique contributions of the four indicators (novelty, 
fundamentality, growth, and impact), a two-step analysis was conducted. Firstly, a cor-
relation matrix of the four indicators was calculated based on the indicator values of all 

Table 1   Details of identified ST&I topics in the science network

No ST&I topic in the science network Novelty Fundamentality Growth Impact Total score

1 Neural network 0.3067 0.7625 0.7314 1.0000 0.6986
2 Human–computer interaction 0.4369 0.6352 1.0000 0.7371 0.6977
3 Facial expression recognition 0.6724 0.4352 0.8103 0.7862 0.6826
4 Engineering design 1.0000 0.5205 0.7436 0.2725 0.6338
5 Visual image analysis 0.4009 0.5098 0.6896 0.8302 0.6106
6 Adversarial learning 0.5874 0.5549 0.8910 0.3401 0.5860
7 Smart device 0.2762 0.7632 0.8325 0.3762 0.5465
8 Financial data analysis 0.5312 0.6210 0.9402 0.1279 0.5406
9 Statistical method 0.2596 0.8324 0.5283 0.5721 0.5378
10 Social network analysis 0.2362 0.6746 0.4359 0.8023 0.5359
11 Online learning 0.2715 0.7736 0.6459 0.4508 0.5231
12 Optimization algorithm 0.5563 0.4235 0.6530 0.3796 0.5018
13 Classification method 0.1159 0.7921 0.4431 0.5783 0.4719
14 Clustering algorithm 0.1220 0.6396 0.3725 0.7074 0.4570
15 Fuzzy mathematical model 0.0596 0.8781 0.8096 0.1638 0.4524
16 Numerical simulation 0.1328 0.8352 0.5826 0.2253 0.4243
17 Model training 0.0740 1.0000 0.2839 0.2736 0.3874
18 Random model 0.1204 0.8946 0.3368 0.2573 0.3841
19 Genetic algorithm 0.1448 0.4201 0.4769 0.4052 0.3569
20 Distance function 0.1032 0.6730 0.3953 0.2503 0.3416
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topics, as shown in Table  3. It can be observed that all pairwise correlations are below 
0.5, indicating that each indicator possesses distinct practical significance and captures a 
unique dimension of ST&I topic characteristics. Notably, the correlation between Novelty 
and Growth reaches 0.4852 (close to 0.5), which aligns with the logical inference that top-
ics with higher novelty tend to attract more researcher attention, thereby fostering greater 
growth potential.

Secondly, an ablation study was performed to quantify the influence of each indicator 
on topic ranking outcomes. Specifically, for the 62 science topics and 56 technology topics, 
one indicator was removed at a time, and the remaining three indicators were recomputed 
using the entropy weighting method to generate new topic rankings. We then listed the 
rankings of the ST&I topics identified in Tables 1 and 2 under each ablation setting, as 
shown in Tables 4 and 5.

As illustrated in Tables 4 and 5, removing novelty, growth, or impact leads to the most 
significant fluctuations in topic rankings, while removing fundamentality results in rela-
tively moderate variations. Moreover, eliminating any single indicator causes certain origi-
nally top-20 topics to be excluded from the ST&I topic group, confirming that each indi-
cator captures irreplaceable and unique information. Collectively, the ablation experiment 
validates that all four indicators contribute nonredundant value to the evaluation frame-
work, with novelty, growth, and impact playing more critical roles in identifying high-
value ST&I topics.

Then, the correlation between ST&I topics in the science network and technology 
network was explored. Next, we constructed the 2016–2024 topic-institution graph by 

Table 2   Details of identified ST&I topics in the technology network

No ST&I topic in the technology network Novelty Fundamentality Growth Impact Total score

1 Deep learning 0.8595 0.8979 0.6583 1.0000 0.8560
2 Computer vision 1.0000 0.7159 0.7433 0.8104 0.8243
3 Neural network 0.7269 0.8689 0.5864 0.8573 0.7592
4 Computing device 0.4281 1.0000 0.8892 0.7305 0.7480
5 Knowledge graph 0.7120 0.5489 0.6932 0.9020 0.7187
6 Face recognition 0.5201 0.5685 1.0000 0.7662 0.7097
7 Medical image 0.6543 0.6596 0.7913 0.6324 0.6828
8 Object detection 0.5092 0.7831 0.6709 0.6413 0.6449
9 Control system 0.4486 0.7101 0.7624 0.4009 0.5719
10 Smart device 0.6289 0.4726 0.6895 0.2538 0.5113
11 3D modeling 0.3496 0.6689 0.7687 0.2683 0.5029
12 Information processing system 0.3845 0.5829 0.6312 0.3089 0.4700
13 Speech recognition 0.4309 0.7301 0.3469 0.3859 0.4679
14 Predictive model 0.4310 0.4019 0.6206 0.3701 0.4543
15 Quality control 0.4303 0.4850 0.4993 0.3460 0.4378
16 Image process 0.2973 0.4702 0.4694 0.4978 0.4299
17 Big data process 0.1262 0.8701 0.4102 0.3420 0.4208
18 Feature extraction 0.2864 0.5498 0.3769 0.4362 0.4071
19 Classification method 0.3431 0.5856 0.2302 0.3520 0.3740
20 Threshold setting method 0.2913 0.5719 0.3164 0.2869 0.3607



Scientometrics	

combining ST&I topic correlation relationships, co-occurrence relationships between 
topics and institutions, and co-authorship relationships between institutions. This graph 
includes two types of entities: ST&I topics and institutions (including universities and 
enterprises), and the descriptive statistics of the 2016–2024 topic-institution graph are 
given in Table 6.

Recommending university‑industry collaboration

Given that the heterogeneous graph attention network (HAN) model will be used for rec-
ommending university-industry collaborations, the 2016–2024 topic-institution graph was 
divided into the training set and testing set to predict the future graph and identify potential 
collaboration opportunities for universities and enterprises. Firstly, the 2016–2022 graph 
was used as the training set to train the HAN model, and the 2023–2024 graph was used as 

Table 3   Correlation matrix Indicators Novelty Fundamentality Growth Impact

Novelty 1.0000
Fundamentality −0.2671 1.0000
Growth 0.4852 −0.0805 1.0000
Impact 0.3781 0.0877 0.2293 1.0000

Table 4   Ablation experimental results in the science network

No ST&I topic in the
science network

Without 
novelty

Without funda-
mentality

Without 
growth

Without impact

1 Neural network 1 3 1 7
2 Human–computer interaction 2 2 3 3
3 Facial expression recognition 3 1 2 5
4 Engineering design 17 4 4 1
5 Visual image analysis 4 5 5 12
6 Adversarial learning 11 6 8 4
7 Smart device 5 13 17 6
8 Financial data analysis 15 8 19 2
9 Statistical method 7 14 7 14
10 Social network analysis 6 9 6 16
11 Online learning 8 15 9 9
12 Optimization algorithm 23 7 16 10
13 Classification method 9 17 13 18
14 Clustering algorithm 12 16 12 24
15 Fuzzy mathematical model 10 18 18 8
16 Numerical simulation 14 21 21 15
17 Model training 20 26 22 20
18 Random model 25 24 20 19
19 Genetic algorithm 26 20 25 25
20 Distance function 28 23 24 22
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the test set to evaluate the model’s performance. The statistical information of the training 
set and test set is given in Table 7.

To provide stable and structure-preserving initial node features, we employed the node-
2vec algorithm (Grover & Leskovec, 2016) to pre-train embeddings for all nodes, which 
capture both local and global structural information of the heterogeneous graph. These 
embeddings served as inputs to the HAN model, ensuring that the training process started 
from a meaningful representation space rather than random initialization.

During model training, the HAN effectively captured heterogeneous relationships 
by applying node-level and semantic-level attention mechanisms to extract and integrate 
important features from the topic–institution graph. The model architecture consisted 
of two attention layers, each with dual attention modules enabling message propagation 
across nodes and meta-paths.

To verify the robustness of the HAN model and identify the optimal hyperparameter 
configuration, we conducted a comprehensive parameter sensitivity analysis focusing on 
four key hyperparameters: learning rate, output channel dimension, number of attention 
heads, and training epochs. A grid search was implemented to systematically explore 36 
parameter combinations, with each model evaluated using three performance metrics—
AUC, Accuracy, and F1-Score. We then performed a statistical analysis of the average 
values of these evaluation metrics under each parameter setting and visualized the results 
using bar charts, as shown in Fig. 3.

As shown in Fig. 3, the HAN model’s performance fluctuates to varying degrees across 
different hyperparameter settings. Among the tested parameters, the learning rate exerts the 

Table 5   Ablation experimental results in the technology network

No ST&I topic in the
technology network

Without 
novelty

Without funda-
mentality

Without 
growth

Without impact

1 Deep learning 2 2 1 2
2 Computer vision 5 1 2 1
3 Neural network 4 5 3 4
4 Computing device 1 8 5 3
5 Knowledge graph 6 3 4 9
6 Face recognition 3 4 8 8
7 Medical image 11 6 6 5
8 Object detection 7 10 7 11
9 Control system 19 12 9 14
10 Smart device 17 13 13 13
11 3D modeling 13 15 18 12
12 Information processing system 14 16 17 16
13 Speech recognition 15 20 12 17
14 Predictive model 18 14 23 21
15 Quality control 21 18 19 19
16 Image process 16 19 20 22
17 Big data process 12 21 14 18
18 Feature extraction 20 22 22 23
19 Classification method 24 23 16 25
20 Threshold setting method 23 25 24 24
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most significant influence: as it increases from 0.001 to 0.1, the model’s F1-Score, AUC, 
and Accuracy show distinct improvements, indicating high sensitivity to this hyperparame-
ter. The output channel dimension and number of attention heads also have notable impacts 
on performance, with larger output channel dimensions (128) and more attention heads (8) 
consistently yielding better results. In contrast, the number of training epochs shows a rela-
tively steady positive effect on performance, reflecting limited sensitivity once the model 
achieves adequate convergence. Based on the comprehensive analysis in Fig. 3, the optimal 
model is obtained when the learning rate is set to 0.1, the output channel dimension is 
128, the number of attention heads is 8, and the training epochs is 100. Under this setup, 
the AUC, Accuracy, Precision, Recall, and F1-Score reach 0.7521, 0.8326, 0.5280, 0.6002, 
and 0.5618, respectively.

In addition, to enhance interpretability, we analyzed the learned node-level attention 
weights, semantic-level meta-path weights, and node embedding distribution.

Table 6   Descriptive statistics of the 2016–2024 topic-institution graph

Type Number Weights

Max Min Mean Stabdard 
deviation

Node ST&I topic 40 /
Institue-University 13,886 /
Institue-Enterprise 66,207 /

Edge ST&I topic-ST&I topic 1600 0.982 0.356 0.592 0.146
University-University 95,268 1126 1 2.136 7.301
Enterprise-Enterprise 15,965 395 1 1.332 2.350
ST&I topic-University 67,452 38 1 3.384 3.486
ST&I topic-Enterprise 49,360 161 1 4.137 6.331
University-Enterprise 57,343 1865 1 2.352 12.624

Table 7   Statistical information of 
the experiment

Type Training set Test set
Number

Node ST&I topic 40 40
University 11,254 7845
Enterprise 53,690 22,108

Edge ST&I topic-ST&I topic 1600 1600
University-University 58,230 50,246
Enterprise-Enterprise 31,267 125,035
ST&I topic-University 47,628 32,796
ST&I topic-Enterprise 155,645 367,960
University-Enterprise 34,261 31,650
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(1) Node‑level attention weights

The node-level attention mechanism captures the importance of neighboring nodes under 
a given meta-path. Table 8 reports the maximum, minimum, and mean attention weights 
across six key entity-type pairs.

These results demonstrate that heterogeneous neighbours (e.g., University-Enterprise 
links) received higher attention scores than homogeneous ones (e.g., University-Univer-
sity). This suggests that cross-entity collaboration signals, which often capture knowledge 
exchange pathways, are prioritized by the HAN model when generating predictions.

(2) Semantic‑level attention weights

Semantic-level attention measures the relative contribution of different meta-paths. 
Table 9 presents the statistical distribution of attention weights across five representative 
meta-paths.

The highest semantic attention weights were assigned to the “Univer-
sity–University–Enterprise” (mean = 0.7186) and “ST&I Topic–University–Enterprise” 
(mean = 0.6779) meta-paths. This finding highlights the importance of academic collabora-
tion history combined with topic-driven knowledge relevance in shaping potential univer-
sity-enterprise partnerships.

(3) Node embedding distribution

To further interpret the learned representations, we randomly sampled 1,000 universities, 
1,000 enterprises, and 40 ST&I topics (20 from the science network and 20 from the tech-
nology network) and visualized their embeddings using t-SNE (Maaten & Hinton, 2008). 

Table 8   Statistical information of 
the node-level attention weights

Entity type pair Max weight Min weight Mean weight

ST&I topic-ST&I topic 1 0 0.6903
University-University 1 0 0.7104
Enterprise-Enterprise 1 0 0.7143
ST&I topic-University 1 0 0.7201
ST&I topic-Enterprise 1 0 0.7184
University-Enterprise 1 0 0.7400

Table 9   Statistical information of the meta-path attention weights

Meta-path Max weight Min weight Mean weight

University-ST&I topic-Enterprise 1 0 0.5923
ST&I topic-University-Enterprise 1 0 0.6779
ST&I topic-Enterprise-University 1 0 0.6511
University-Enterprise- Enterprise 1 0 0.6473
University-University- Enterprise 1 0 0.7186
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As shown in Fig. 4, nodes of different types exhibit distinguishable patterns in the embed-
ding space. ST&I topics form relatively compact clusters, reflecting their semantic similar-
ity as captured by the HAN model, whereas universities and enterprises are more broadly 
distributed yet show partial overlaps, indicating potential cross-type collaboration oppor-
tunities. This spatial proximity indicates that the HAN model effectively captures struc-
tural and semantic signals, thereby facilitating the identification of potential cross-type 
collaborations.

Next, the well-trained HAN model is used to predict the future graph and generate edge 
probabilities between universities and enterprises, representing the collaboration oppor-
tunity scores. Then, a university-enterprise collaboration list containing information on 
universities, enterprises, and collaboration scores was generated. This list is compared 
with the training dataset to filter out university-enterprise pairs that have not previously 
collaborated. Finally, the pairs are sorted based on collaboration scores, with top-ranked 
pairs being selected as candidates for university-enterprise collaboration recommendations. 
Here, take the top-10 university-enterprise pairs with the highest cooperation opportunity 
scores as an example, as shown in Table 10.

Furthermore, this study applied the advanced large language model ChatGPT-4o as an 
auxiliary tool for qualitative analysis to validate and interpret the recommended univer-
sity–industry collaboration (UIC) pairs. The selection of ChatGPT-4o was based on the 
following considerations: (1) Multimodal analysis capability: ChatGPT-4, developed by 
OpenAI, processes both text and images and has been successfully applied in biomedi-
cal research (Saraiva et  al., 2025; Turan et  al., 2025), visual image analysis (Elyoseph 
et  al., 2024), physics (Polverini et  al., 2025), and social sciences (Polverini et  al., 2025) 
for knowledge discovery and decision support. (2) Enhanced reasoning performance: Chat-
GPT-4o, as the latest release, provides faster response speed, improved reasoning ability, 
and superior multimodal integration compared to previous versions (Wei, 2024). (3) Suita-
bility for complex analytical tasks: Its strong semantic understanding and natural language 
generation enable the production of logically consistent explanations, supporting nuanced 
decision-making in complex collaborative contexts (O’Leary, 2024). Therefore, ChatGPT-
4o was selected as the qualitative analysis tool in this study.

To ensure analytical rigor, the prompt design and validation process for ChatGPT‑4o 
followed a structured procedure: (1) Prompt design principles: Initial prompts were con-
structed to instruct ChatGPT‑4o to assess the potential for future collaboration between 
specific university–enterprise pairs, explicitly considering three key factors: research 
alignment, geographical proximity, and prior cooperation history. (2) Iterative refinement: 
Prompts were iteratively refined through multiple testing rounds to maximize clarity, rel-
evance, and explanatory depth in ChatGPT‑4o’s responses. (3) Final prompt selection: 
The final prompt format was chosen based on its ability to produce logically consistent, 
evidence‑based, and contextually appropriate explanations. In this study, an exemplary 
prompt and its corresponding ChatGPT‑4o response are presented in Fig. 5, directly cap-
tured from the interaction interface to ensure reproducibility and transparency of the ana-
lytical process.

In addition, this study compares the predicted UIC recommendations with real-world 
data by retrieving relevant publications, patents, and online information from 2023 to 2025. 
Table  11 shows the collaboration status of the top-5 university-enterprise pairs, demon-
strating a high degree of consistency between the predicted results and actual data.
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Validation

Table 11   Relevant documentary proof of top-5 university-enterprise pairs

No Relevant documentary proof

1 National Yunlin University of Science and Technology (YunTech) and JBAO Technology Ltd. co-
authored publications on photovoltaic materials and thin-film engineering (Shan et al., 2023; Tseng 
et al., 2024). They focused on enhancing the adhesion strength and reliability of transparent conduc-
tive films for solar applications, and investigated electrodeposited copper films for heterojunction 
solar cells, thereby improving interfacial quality and mechanical stability

2 Nanyang Technological University (NTU) and Yissum Research Development Co., Ltd. jointly applied 
for patents on fluorine-free superhydrophobic coatings and electroactive bioadhesive compositions 
(Reches et al., 2025; Steele & Mandler, 2024). These technologies address environmentally friendly 
surface protection and biomedical tissue fixation, indicating active interdisciplinary collaboration

3 Seoul National University (SNU) and PAEAN Biotechnology Inc. collaborated on mitochondria-based 
therapies, including PN-101 for idiopathic inflammatory myopathy and mitochondrial pharmaceuti-
cal compositions for hereditary hearing impairment (Choi et al., 2025; Kim et al., 2025). Their joint 
efforts include peer-reviewed publications and co-filed patents demonstrating translational biomedi-
cal innovation

4 Aalen University and PVA TePla co-filed patents for advanced fiber-reinforced composite manufactur-
ing techniques, introducing improved structural accuracy and residual stress control (Mindermann 
et al., 2025a, 2025b). These developments highlight practical cooperation in high-precision compos-
ite component fabrication

5 Institute of Genetics and Developmental Biology, CAS, and AgResearch Ltd. jointly published studies 
and patents on agricultural sustainability, including N₂O emission reduction via straw-based hydro-
gels and analyses of global agricultural carbon emission intensity, offering climate change mitigation 
solutions (Bai et al., 2024; Wang et al., 2024b)

Fig. 6   Comparison of topic identification results
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Verification of topic identification

In order to quantitatively validate the effectiveness of the Leiden community detection 
algorithm for topic identification in this study, we compared this method with hierarchical 
clustering, spectral clustering, and K-Means algorithms on both science network and tech-
nology network using modularity as the evaluation metric. Modularity is an indicator used 
to measure the effectiveness of community detection in networks. The higher the modu-
larity, the more tightly connected the nodes within communities and the sparser the con-
nections between communities, indicating better community detection performance (Traag 
et  al., 2019). Therefore, we calculated the modularity for the clustering results obtained 
by the four methods to evaluate the effectiveness of the science topic and technology topic 
identification. The results are shown in Fig. 6.

It can be seen that the method used in this study outperforms the other three traditional 
topic identification algorithms in terms of modularity for scientific topic identification 
(0.6683) and technological topic identification (0.6894).

Verification of the trained recommendation model

In order to quantitatively evaluate the advantages of the recommendation method based 
on the heterogeneous graph attention network model, this section employs ten other rec-
ommendation algorithms to recommend university-industry collaborations, respectively, 
where AUC, Accuracy, Precision, Recall, and F1-Score were selected as evaluation 
metrics.

We categorized the baseline models into three groups.
(1) Traditional recommender system methods:

Content-based method (Huang et  al., 2021b): recommends partners based on textual 
similarity.
CF (collaborative filtering) method (Molaei et al., 2021): relies on historical collabora-
tion records.

(2) Classical graph embedding algorithms:

DeepWalk (Chanpuriya et  al., 2021): learns network structure by simulating random 
walks on the graph, generating node embeddings that capture relational information.
Node2Vec (Grover & Leskovec, 2016): improves the Deepwalk method with a more 
flexible strategy of random walk.
GCN (graph convolutional network) model (Zhang et al., 2019b): captures node features 
and local structural information in homogeneous graphs.

(3) Advanced heterogeneous graph learning models:

HetGNN (heterogeneous graph neural network) model (Zhang et  al., 2019a): learns 
structural and attribute information across multiple node and edge types.
GNN4TS (graph neural networks for time series) method (Jin et  al., 2024): adopts a 
flexible graph neural network architecture capable of capturing complex heterogeneous 
dependencies and feature interactions.
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HGCL (heterogeneous graph contrastive learning) algorithm (Chen et  al., 2023): 
improves representation robustness by maximizing consistency under different graph 
views through contrastive learning strategies.
HHGT (hierarchical heterogeneous graph transformer) method (Zhu et  al., 2025): 
employs a transformer-based architecture that hierarchically aggregates messages across 
metapaths and heterogeneous node types.
OmniSage (Badrinath et al., 2025): designs for large-scale multi-entity graphs, combin-
ing global and local context to achieve scalable and high-quality representations.

For each experiment, the 2016–2022 topic-institution graph was the training set, and 
the 2023–2024 graph was the testing set. To ensure the robustness of the model results, we 
conducted five independent experiments and took the average values of each metric as the 
final evaluation results. The comparison results are shown in Table 12.

From Table  12, it can be observed that our method achieved better results compared 
to the 10 baseline methods across all evaluation metrics, indicating its effectiveness and 
robustness in recommending university-industry collaborations. We made the following 
interpretations:

(1)	 Compared with traditional recommendation system models (Content-based and CF), 
our method achieved substantially higher Precision (0.5280 vs. 0.3653 and 0.4028) and 
Recall (0.6002 vs. 0.2546 and 0.3896), demonstrating that relying solely on textual 
features or historical collaborations is insufficient to capture the complex and evolving 
patterns of university-industry linkages.

(2)	 Compared with classical homogeneous graph embedding models (DeepWalk, Node-
2Vec, and GCN), which only exploit topological structures, our approach achieved 
higher AUC (0.7521 vs. 0.6259, 0.6992, and 0.3803) and F1-Score (0.5618 vs. 0.4540, 
0.2279, and 0.2931), highlighting the necessity of incorporating heterogeneous node 
and edge attributes.

(3)	 Even against advanced heterogeneous graph learning models (HetGNN, GNN4TS, 
HGCL, HHGT, and OmniSage), which are designed to handle heterogeneous informa-
tion, our method still shows superior performance (e.g., F1-Score = 0.5618 vs. 0.4642, 
0.4784, 0.4784, 0.4889, and 0.5061). This demonstrates the advantage of our tailored 

Table 12   The validation results of recommendation methods

Method AUC​ Accuracy Precision Recall F1-Score

Our proposed method 0.7521 0.8326 0.5280 0.6002 0.5618
Content-based method 0.7043 0.8025 0.3653 0.2546 0.3001
CF 0.4390 0.4595 0.4028 0.3896 0.3961
Deepwalk 0.6259 0.8310 0.4156 0.5003 0.4540
Node2Vec 0.6992 0.8306 0.2091 0.2503 0.2279
GCN 0.3803 0.4310 0.3473 0.2536 0.2931
HetGNN 0.7296 0.8309 0.4308 0.5032 0.4642
GNN4TS 0.5680 0.7126 0.4580 0.5006 0.4784
HGCL 0.5678 0.8160 0.4579 0.5009 0.4784
HHGT 0.6472 0.8105 0.4698 0.5096 0.4889
OmniSage 0.7399 0.8256 0.5107 0.5015 0.5061



Scientometrics	

heterogeneous graph attention mechanism, which better captures the multi-entity, 
multi-relation characteristics of university-industry collaboration networks, yielding 
more balanced and robust recommendations.

Discussion and conclusions

This study proposed a university-industry collaboration (UIC) recommendation method 
using semantic analysis and graph analysis, effectively capturing rich information about 
multi-type entities, semantic associations, along with collaboration and co-occurrence 
relationships within the topic-institution graph. By integrating the SciBERT model with 
the Leiden community detection algorithm, topics within the science network and tech-
nology network were identified, improving the accuracy of semantic representation and 
topic extraction. Multi-dimensional indicators were used to identify promising ST&I top-
ics, and the semantic correlations between these topics were calculated. Subsequently, a 
topic-institution graph was constructed, incorporating two types of entities (ST&I topics 
and institutions), along with complex relationships, including co-authorship connections 
between institutions, semantic correlations between ST&I topics, and co-occurrence rela-
tionships between institutions and ST&I topics. Finally, a heterogeneous graph attention 
network (HAN) model was employed to predict the future graph and identify potential col-
laboration opportunities between universities and enterprises, enhancing the precision of 
UIC recommendations. Further, ChatGPT-4o was utilized to provide explanations for the 
recommended university-industry collaborations and to validate the accuracy of the recom-
mendation results, leveraging its strong reasoning and explanatory capabilities. Our frame-
work provides technical intelligence on UIC, which has fully considered the research topics 
and cooperation information of institutions.

Theoretical contribution

The theoretical contributions of this study are as follows.
First, it extends the theory of university–industry collaborative innovation by reveal-

ing how semantic associations among scientific and technological knowledge interact with 
institutional collaboration structures to shape the formation and evolution of UIC networks. 
The proposed topic–institution graph, integrating ST&I topics, universities, enterprises, 
and their semantic and relational linkages, provides a novel analytical framework for repre-
senting and explaining heterogeneous collaboration mechanisms.

Second, it enriches knowledge transfer and innovation network theory by introducing 
a multi-stage topic identification approach that combines semantic representation learn-
ing (SciBERT), structural community detection (Leiden algorithm), and multidimensional 
indicators (novelty, fundamentality, growth, and impact). This approach deepens theoreti-
cal insight into how emerging and general-purpose knowledge domains can be systemati-
cally identified and linked to collaboration opportunities, thus clarifying the mechanisms 
of knowledge convergence and collaborative path formation.

Third, it contributes to innovation ecosystem governance theory by proposing a data-
driven collaboration recommendation framework based on HAN and explainable AI. By 
integrating semantic, structural, and historical collaboration features, the framework offers 
a theoretical foundation for optimizing innovation resource allocation and enhancing 
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knowledge flow efficiency, providing new insights into how scientific and industrial inno-
vation can be deeply integrated within complex innovation ecosystems.

Practical implications

This study offers several practical implications for stakeholders involved in university-
industry collaboration.

First, for universities, the proposed ST&I topic identification framework provides a 
data-driven approach to continuously monitor emerging and high-impact research areas. 
Such an approach enables universities to strategically align their research fields with indus-
trial technological trajectories, thereby improving the efficiency of knowledge transfer 
and facilitating the establishment of sustainable and mutually beneficial partnerships with 
enterprises.

Second, for enterprises, the integration of semantic analysis and heterogeneous network-
based recommendation methods allows firms to identify academic partners specializing 
in frontier and high-potential research topics at an early stage. This capability enhances 
access to cutting-edge scientific knowledge, reduces technological uncertainty, and sup-
ports evidence-based adjustments to R&D and innovation strategies, thereby improving 
market responsiveness and innovation agility.

Third, for policy-makers and innovation agencies, the use of multi-dimensional data 
sources (papers and patents) combined with an HAN-based predictive framework offers a 
robust tool for monitoring innovation trends and formulating targeted policy interventions. 
This supports more efficient resource allocation, the design of innovation programs, and 
the development of regional innovation clusters, ultimately promoting effective innovation 
ecosystem governance and accelerating the transformation of scientific and technological 
achievements.

Limitations and future works

Several limitations and future directions of research are summarized as follows. First, the 
innovation outcomes of UIC not only include papers and patents but also extend to pro-
jects, products, and corporate performance. Future research should use AI techniques to 
integrate multi-source heterogeneous data, such as products and corporate annual reports. 
Second, this study only includes data from the AI field between 2016 and 2024, broader 
empirical analyses should be conducted around future industries and strategic emerging 
industries to enhance the reliability and practicality of the methods. Additionally, future 
research will explore dynamic graph embedding methods, such as DySAT and DyHNet, 
to better capture the collaborative changes between universities and enterprises over time.
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