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Abstract
[目的/意义] Grounded in the perspective of intelligence research, this study pro-
poses a scientific, effective, and reusable/generalizable methodology for key tech-
nology identification, aiming to provide intelligence-based support for nations,
regions, enterprises, and innovation institutions in discovering, deploying, and
promoting forward-looking planning for key technology R&D. [方法/过程] Based
on the definition of key technology types and concepts, literature knowledge
clustering is employed to identify hotspot technologies. A complex network is
constructed with each hotspot technology as a node, and the technology struc-
ture network is displayed through secondary node clustering and visualization
methods. Structural holes theory is adopted to analyze network and node char-
acteristics, thereby selecting generic technologies. Link prediction methods are
utilized to predict the likelihood of missing edges forming connections in the
technology structure network, and to analyze the phenomenon of hotspot tech-
nology cross-fusion promoting the formation of innovative technologies, thereby
identifying potential emerging technologies. [结果/结论] An empirical study on
key technology identification is conducted using the intelligent manufacturing
domain as an example. Through comparison with national authoritative plan-
ning documents and literature investigation, the operability and effectiveness of
the methodology are preliminarily verified.
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Abstract: [Purpose/Significance] From the perspective of intelligence research,
this paper proposes a scientific, effective, and reusable method for identifying
key technologies, aiming to provide intelligence support for nations, regions, en-
terprises, and innovation institutions to discover, deploy, and promote prospec-
tive R&D layouts of key technologies. [Method/Process] Based on the defi-
nition and classification of key technology types, we utilize literature knowl-
edge clustering to identify hotspot technologies, construct a complex network
with these hotspot technologies as nodes, visualize the technology structure
network through secondary node clustering, employ structural holes theory to
analyze network and node characteristics for selecting generic technologies, and
apply link prediction methods to forecast the likelihood of missing edges form-
ing connections in the technology structure network. By analyzing how cross-
fertilization of hotspot technologies promotes the formation of innovative tech-
nologies, we identify potentially emerging technologies. [Result/Conclusion]
Taking the intelligent manufacturing domain as an example, we conduct an
empirical study on key technology identification and preliminarily validate the
operability and effectiveness of our method through comparison with national
authoritative planning documents and literature research.

Keywords: Key technology identification; Complex network; Structural holes;
Link prediction; Technical structure Classification Number: G250 DOI:
10.13266/j.issn.0252-3116.2020.16.011

Key technologies refer to critical and indispensable components or technologies
within a system or technical field. These may represent current technological
hotspots and challenges, future breakthrough points, or crucial knowledge for
a particular domain. At the 2018 Academicians’Conference, President Xi Jin-
ping emphasized the need to “take key generic technologies, frontier leading
technologies, modern engineering technologies, and disruptive technological in-
novations as breakthrough points, dare to forge new paths where predecessors
have not ventured, and strive to achieve independent control of core technolo-
gies.”Against the backdrop of China-US trade tensions, a series of key technology
threats arising from unbalanced technological development have become increas-
ingly prominent, such as high-end photolithography machines, intelligent core
algorithms, lithium battery separators, and photovoltaic inverters, which have
permeated and impacted China’s social development, economic progress, and
public welfare. In the current wave of technological revolution and industrial
transformation, clearly understanding key technologies in strategic frontier do-
mains holds significant practical importance for nations, regions, and enterprises
to develop prospective R&D layouts.
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1 Related Research
The goal of achieving technology identification and foresight, selecting technolo-
gies that may generate maximum economic and social benefits, largely depends
on a scientifically sound theoretical and methodological system. With in-depth
research and practice by governments, academia, and industry, methods for key
technology identification and foresight continue to enrich and improve. Current
research methods can be summarized into the following categories:

1.1 Expert Wisdom-Based Methods

These methods rely on domain experts’years of research and practical experience
to identify and forecast the evolution direction, development roadmap, and im-
plementation timeline of key technologies within current social, economic, and
political contexts. Specific implementation methods include the Delphi method
and technology roadmapping. Japan’s 10th Science and Technology Foresight
activity employed the Delphi method for multidisciplinary, multi-topic surveys
to identify and foresee key technologies. Similarly, China’s Ministry of Science
and Technology conducted technology foresight surveys and key technology iden-
tification for the 13th Five-Year Science and Technology Plan, while the Chinese
Academy of Sciences has continuously conducted 20-year technology foresight
research. Beijing and Shanghai have also deployed relevant work on key technol-
ogy identification and foresight. N. Uchihira proposed a method for developing
concurrent system technology roadmaps to identify key R&D characteristics.

Expert wisdom-based methods consolidate experts’extensive research experi-
ence and produce scientifically robust and authoritative results. However, they
are significantly influenced by experts’subjective perceptions, making it diffi-
cult to reach consensus during the early stages of new technologies and ideas,
potentially overlooking some potentially emerging key technologies.

1.2 Multi-Indicator Assessment Methods

These methods establish multi-indicator assessment frameworks to identify and
forecast key technologies, often validated through technical case studies. Cur-
rent multi-indicator assessment methods can be divided into three categories:
First, quantitative research based on objective indicators, such as C.Y. Lee et
al.’s construction of a multi-patent indicator system using machine learning
for early identification of emerging technologies. Second, qualitative research
based on subjective indicators, such as D. Nagy et al.’s three-step method for
assessing disruptive innovations, including technological innovation characteris-
tics, value chain aspects, and comparison with incumbent technologies. Third,
mixed qualitative-quantitative methods based on subjective scoring, where ex-
perts score subjective evaluation indicators that are then statistically weighted,
as exemplified by the Chinese Academy of Engineering’s “China Engineering
Science and Technology 2035 Development Strategy Research.”

Multi-indicator assessment methods provide comprehensive, systematic evalua-
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tion through multi-dimensional indicator systems, offering strong scientific rigor
and objectivity. However, some assessment indicators still require expert scor-
ing, which affects objectivity.

1.3 Model-Based Methods

These methods construct models based on theoretical frameworks and criteria
through statistical approaches to identify and forecast key technologies. Com-
mon models include TRIZ theory, data envelopment analysis, catastrophe the-
ory, trend extrapolation, and out-of-sample forecasting methods. J.G. Sun et
al. employed TRIZ theory to determine whether a technology is mainstream or
lagging and forecast its future prospects. Li Zheng et al. used mathematical
modeling (cusp catastrophe equations) to construct a key technology foresight
model for S&T evaluation and forecasting.

Model-based methods draw on fundamental theories from economics, operations
research, and mathematics to form relatively complete analytical frameworks
and criteria, enabling more systematic and objective technology identification.
However, these methods require researchers to possess comprehensive domain
expertise and thorough understanding of technology market status and trends,
demanding high professional competence and practical skills.

1.4 Text Content and Relationship-Based Methods

These methods primarily utilize multi-source textual data such as scientific liter-
ature and social media, employing bibliometrics, text mining, and relationship
analysis for technology identification and foresight. Current approaches include
traditional bibliometric methods and techniques integrating machine learning,
big data, and complex network theory. For instance, F. Dotsika et al. extracted
domain keywords to construct co-occurrence networks for emerging technology
identification. Bai Guangzu et al. conducted disruptive technology foresight
from the perspective of literature knowledge associations. T.C. Jin et al. built
large citation networks from patent data to identify radical technological inno-
vations through main path evolution analysis. Zhou Yuan et al. employed LDA
and SVM models with time series methods to forecast emerging technology
trends.

Text content and relationship-based methods adopt a quantitative research per-
spective with strong objectivity, mitigating expert cognitive bias impacts on
foresight results. They feature concise processes and objective outcomes, serv-
ing as powerful tools for key technology identification. However, these methods
remain in continuous development without a unified, widely recognized method-
ological framework.

In summary, expert wisdom, multi-indicator assessment, and model-based meth-
ods require deep domain expert involvement, emphasizing qualitative analysis
with high costs, strong subjectivity, and weak result interpretability. In contrast,
text content and relationship-based methods emphasize quantitative analysis,
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achieving key technology identification through multi-source textual data and
explicit analytical processes, offering advantages of low operational cost, high
reproducibility, and strong interpretability. Therefore, this paper integrates
machine learning methods and complex network theory from the perspective of
text content and relationships to construct a scientific, effective, and reusable
methodological system, providing a new solution for key technology identifica-
tion.

2 A Method for Identifying Key Technologies Based on
Literature Knowledge Clustering and Complex Networks
Based on the definition and classification of key technology types, this study em-
ploys literature knowledge clustering to identify hotspot technologies, constructs
a complex network with these hotspot technologies as nodes, visualizes the tech-
nology structure network through secondary clustering and visualization meth-
ods, applies structural holes theory to analyze network and node characteristics
for selecting generic technologies, and utilizes complex network link prediction
algorithms to forecast the likelihood of missing edges forming connections in the
technology structure network. By analyzing how cross-fertilization of hotspot
technologies promotes scientific and technological innovation, we identify poten-
tially emerging technologies. The overall research methodology is illustrated in
Figure 1 [Figure 1: see original paper].

2.1 Definition and Classification of Key Technology Types

Based on literature research, this paper defines three types of key technolo-
gies: � Hotspot technologies: Main research directions and technical topics that
have received widespread attention from researchers and produced correspond-
ing research outcomes in recent years within a discipline, reflecting the current
R&D status and overall technology structure; � Generic technologies: Technolo-
gies that exert broad influence on other research directions and technical topics
within a discipline, whose research outcomes can be referenced, learned from,
and shared, reflecting important R&D foundations and serving as“idea sources”
within the field; � Potentially emerging technologies: Future research directions
and technical topics that may emerge due to scientific cross-fertilization within
a discipline, reflecting important R&D prospects and worthwhile technology
intersection points.

2.2 Hotspot Technology Identification Based on Literature Knowledge
Clustering

Hotspot technologies represent mainstream research directions in current disci-
plinary fields, essentially covering major research focuses and efforts. Text clus-
tering, as an unsupervised machine learning method, groups documents with
similar content into clusters based on the assumption that similar texts have
greater similarity while dissimilar texts have less similarity. Combined with
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domain expertise for document interpretation, this approach summarizes core
scientific problems and solutions for each cluster, thereby identifying current
hotspot technologies and transforming mathematical spatial relationships into
domain knowledge discovery. This study first selects core literature data from a
specific discipline, performs text preprocessing and vectorization, and employs
unsupervised clustering methods to aggregate literature knowledge into multiple
clusters. Through manual interpretation and intelligence research, we decipher
the meaning of each cluster and identify those with clear boundaries and explicit
meanings as domain hotspot technologies.

2.2.1 Text Preprocessing and Representation Text preprocessing and
representation include tokenization, lemmatization, feature word extraction,
and vectorization. First, we use Python’s NLTK package to tokenize each
document by spaces. Second, we lemmatize each token by removing affixes and
extracting stems (e.g., “cars→car”, “ate→eat”). Third, for each document,
we select nouns and verbs after stop-word filtering as feature words to represent
main content. Finally, we use the TF-IDF method for document vectorization.

2.2.2 Document Clustering Document clustering employs the K-means++
algorithm. When clustering, we must predetermine the number of clusters (K
value). We calculate and compare silhouette coefficients for multiple K values
while manually assessing actual clustering effects to comprehensively evaluate
clustering quality and select the optimal number of clusters.

2.3 Generic Technology Identification Based on Structural Holes The-
ory

Generic technologies reflect the R&D foundation of current disciplinary fields
and play important promoting roles. Structural holes theory describes non-
redundant connections, and H.J. Raider’s empirical research demonstrates that
positions occupying structural holes are crucial for information control, iden-
tification, and transactions. Thus, structural holes reflect nodes’control over
network resources, with nodes occupying structural holes able to obtain non-
repetitive information from multiple sources. In disciplinary research, research
directions occupying structural holes are more likely to be“idea sources”—generic
technologies that broadly influence other research directions. This study uses
cluster centroid vectors as nodes and vector similarity as connection criteria to
construct a complex network, visualizing the technology structure network and
performing secondary clustering of centroid vectors. Based on structural holes
theory, we calculate constraint indices for each node to reflect their ability to
utilize structural holes. Smaller constraint values indicate more structural holes
and stronger utilization capabilities, enabling identification of domain generic
technologies.

2.3.1 Network Construction and Visualization Cluster centroid vectors,
calculated as the mean of all document vectors within a cluster, reflect cluster
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centers spatially and core content logically. We use centroid vectors to represent
hotspot technologies as network nodes, employing cosine similarity to calculate
pairwise similarities as connection weights. We visualize the network using
Gephi software and apply its integrated modularity algorithm for secondary
clustering of centroid vectors, dividing hotspot technologies into several major
technology categories.

2.3.2 Structural Holes Calculation We construct a symmetric matrix from
pairwise cosine similarities between centroid vectors and input it into Ucinet
software via“Network→Ego Networks→Structural Holes”to calculate constraint
indices for each node.

2.4 Potential Emerging Technology Identification Based on Complex
Network Link Prediction

Cross-disciplinary integration and innovation have become distinctive features of
contemporary S&T innovation. Forecasting the likelihood of cross-fertilization
among multiple research directions and technical topics helps identify poten-
tially emerging technologies. This study uses the technology structure network
constructed above and applies complex network link prediction methods to de-
tect node pairs that are not yet connected but may form strong connections in
the future. By analyzing how hotspot technology cross-fertilization promotes
scientific innovation, we identify potentially emerging technologies. Specifically,
we employ network structure similarity-based link prediction methods, which
offer low computational complexity and high accuracy, with network topologi-
cal properties helping select appropriate similarity metrics. Since the technol-
ogy structure network is a weighted undirected network, we use the weighted
Adamic-Adar (AA) index to calculate connection likelihood, comprehensively
considering common neighbor numbers and node degrees for more accurate pre-
dictions.

3 Empirical Analysis of Key Technology Identification
To verify the operability and effectiveness of our method, we conduct an empir-
ical study in the intelligent manufacturing domain.

3.1 Core Literature Data Selection

This study analyzes scientific papers as research objects. Based on the Journal
Citation Reports, we select Q1 and Q2 journals in “Engineering, Manufactur-
ing”and Q1 journals in “Engineering, Electrical & Electronic”, “Engineering,
Mechanical”, “Engineering, Multidisciplinary”, “Computer Science, Artifi-
cial Intelligence”, “Computer Science, Cybernetics”, and “Computer Science,
Interdisciplinary Applications”. Through evaluation of journal titles, descrip-
tions, and representative papers, we identify 26 journals related to intelligent
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manufacturing (see Table 1 ), including 7 closely related journals and 19 re-
lated journals. We develop search terms based on the intelligent manufacturing
knowledge system and retrieve 15,345 papers from the Web of Science Core Col-
lection (2015-2018) using strategies of searching all articles from closely related
journals and limiting searches with keywords for related journals.

3.2 Hotspot Technology Identification and Technology Structure Net-
work Construction

Using titles, abstracts, and keywords from the core literature as analytical data,
we perform text preprocessing, vectorization, and K-means++ clustering. Based
on silhouette coefficient calculations, we determine that K=100 yields optimal
clustering results. Through manual interpretation, we identify 98 valid clusters
and 2 mixed clusters, using the 98 valid clusters as intelligent manufacturing
hotspot technologies. Using these 98 hotspot technologies as nodes, we construct
and visualize the technology structure network, performing secondary clustering
to form 10 major technology categories (see Figure 2 [Figure 2: see original
paper] and Table 2 ).

In intelligent manufacturing technologies, three major categories emerge:
robotics and industrial control technology, artificial intelligence technology,
and IoT and sensor technology. Hotspot technologies mainly include industrial
robots, robot tracking and adaptation, motor design and control, actuators
and drivers, adaptive control, vehicle dynamics and control, model predictive
control, sliding mode control, delay control, consensus control, machine
learning, pattern mining, and computer vision applications in manufacturing
processes. Additionally, sensor technology, IoT computing, IoT security,
network manufacturing, and other core IoT technologies are included.

In manufacturing processes, four major categories emerge: forming processes,
milling processes, welding processes, and special processing technologies.
Hotspot technologies include material properties and 3D printing, selective
laser melting and laser processing, injection molding, extrusion forming, forging,
hydraulic forming, deep drawing, tool path planning, tool wear, error estima-
tion, chatter stability, cutting force modeling, chip formation, heat treatment,
stress analysis, processing deformation, friction stir welding, electrical discharge
machining, and powder metallurgy.

In advanced manufacturing modes, hotspot technologies include design for man-
ufacturability theory, cellular manufacturing, additive manufacturing, remanu-
facturing, product design optimization, inventory management, facility layout
optimization, supply chain optimization, intelligent assembly, production plan-
ning and scheduling, project management, manufacturing system reliability as-
sessment, distributed state estimation, control chart optimization, predictive
maintenance, and fault monitoring and isolation.
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3.3 Generic Technology Identification Analysis

Using the intelligent manufacturing hotspot technology structure network (Fig-
ure 2), we calculate constraint indices for each node and select the Top 20
hotspot technologies as generic technologies in intelligent manufacturing (see
Table 3 ).

In intelligent manufacturing processes, 11 generic technologies are identified, in-
cluding manufacturing process monitoring and control theories, design for man-
ufacturability theory, advanced manufacturing mode exploration, and cellular
manufacturing. In manufacturing processing, six generic technologies are iden-
tified, including precision machine tools, material properties and 3D printing,
selective laser melting and laser processing, injection molding, and tool path
planning.

To validate these results, we compare them with the“Intelligent Manufacturing
Development Plan (2016-2020)”issued by the Ministry of Industry and Infor-
mation Technology and the Ministry of Finance in December 2016. The plan
mentions 12 key generic technology innovation directions. Our identified 20
generic technologies basically cover these 12 directions (except high-reliability
real-time communication), with more detailed granularity and clearer technical
scope (see Table 4 ).

3.4 Potential Emerging Technology Identification Analysis

Based on the intelligent manufacturing hotspot technology structure network,
we predict the likelihood of missing edges forming connections and select the
Top 10 hotspot technology node pairs as potentially emerging technologies (see
Table 5 ).

In intelligent manufacturing hotspot technologies, the combination of design for
manufacturability theory with material properties and 3D printing, as well as
the integration of material properties and 3D printing with hydraulic forming,
may produce deep coupling and cross-fertilization to become future emerging
technologies. Additionally, combinations such as network manufacturing and
AI technology applications, advanced manufacturing mode exploration, robot
tracking adaptive predictive control, and manufacturing system scheduling and
control technology also show potential.

To verify the rationality of these results, we examine literature on “design
for manufacturability theory applied to material properties and 3D printing.”
Professor Liu Shutian from the State Key Laboratory of Structural Analysis
for Industrial Equipment at Dalian University of Technology noted that most
existing additive manufacturing structures still adopt design configurations for
traditional manufacturing processes, failing to fully utilize the novel design space
offered by additive manufacturing. This limits performance improvements and,
due to immature additive manufacturing technologies, may even underperform
traditional manufacturing. Therefore, developing design methods for additive
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manufacturing to create complete theoretical systems and break traditional de-
sign limits represents a crucial research direction. This literature case demon-
strates the rationality of identifying this combination as a potentially emerging
technology.

Conclusion
With the deepening“data-driven”concept and the gradual popularization of ma-
chine learning, big data technology, and complex network theory, new problem-
solving approaches have emerged for key technology identification. From an
intelligence research perspective, this paper proposes a method for key tech-
nology identification based on the fundamental laws of S&T innovation, using
literature knowledge clustering and technology structure complex network con-
struction as the main analytical threads, and employing unsupervised clustering,
structural holes theory, and complex network link prediction to identify hotspot,
generic, and potentially emerging technologies. The empirical study in intelli-
gent manufacturing, validated through comparison with national authoritative
documents and literature research, preliminarily confirms the operability and
effectiveness of our method.

Limitations and future improvements include: enhancing lemmatization accu-
racy during text preprocessing, combining structural holes theory with other
network and objective metrics for multi-dimensional generic technology revela-
tion, and reducing subjectivity in cluster interpretation that currently requires
domain experts or intelligence analysts.
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Abstract: [Purpose/Significance] This paper tries to propose a scientific, effec-
tive and reusable method to identify key technologies based on the perspective
of intelligence research. It aims to provide information support for nations, re-
gions, enterprises and innovative institutions to discover, deploy and promote
prospective R&D of key technologies. [Method/Process] Based on the definition
of key technology and its types, this paper used K-means++ algorithm to clus-
ter scientific papers to identify hotspot technologies. Then it used the hotspot
technologies as nodes to construct and visualize complex network through sec-
ondary clustering and Gephi. Structural holes theory was adopted to analysis
the network and attributes of nodes, and thereby selected generic technologies.
Link prediction algorithm was used to predict the missing edges in the network
according to the structure, and we can identify the potential emerging technolo-
gies based on the phenomenon of cross-fusion of hot technologies to promote the
formation of innovative technologies. [Result/Conclusion] Taking the Intelligent
Manufacturing as an example to carry out empirical research on the method,
and validated the operability and effectiveness of the method through national
authoritative documents and literature research.

Keywords: key technology identification; complex network; structural holes;
link prediction; technical structure
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