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Abstract—Accurate Identification of Industrial Clusters (IIC)
serves as a reference for regional economic policymaking and
enterprise development decision-making. Although data-driven
methods have been extensively used in previous studies to support
objective and effective work, both the data sources and research
algorithms have significant shortcomings for IIC. To address
these challenges, this paper proposes a novel research framework
that integrates patent mining and machine learning. Patents, with
their quantifiable knowledge attributes and accessibility from
public databases, are particularly suited for macro-level analysis
of innovation activities, providing robust support for identifying
and analyzing clusters on a national scale, especially knowledge-
intensive ones. This article introduces an improved density-based
parameter adaptive algorithm designed to effectively carry out
IIC based on the geographical location of patent applicants.
Based on spatial cluster types defined by Markusen (1996), target
clusters are classified using patent analysis. Four quantitative
indexes–scale, output, efficiency, and quantity–are proposed to
evaluate clusters based on their spatial structure and industrial
organization. The practical application is demonstrated through a
case study of China’s flexible electronics industry (FEI). Addition-
ally, the Silhouette Coefficient (SC) index is employed to compare
the effectiveness of the proposed algorithm against other methods.
This article advances the theory of IIC, and provides foundation
for scholars, calling for empirical research on industrial clusters
from the perspective of individual enterprises. It also provides
practical guidance for enterprises and policymakers on the
application of IIC.

Index Terms—Flexible electronics industry, identification, in-
dustrial clusters, patent analysis, spatial distribution.

I. INTRODUCTION

AS an effective form of spatial production organization,
industrial clusters, also known as industrial districts,

play an important role in promoting regional economic and
social development. They have emerged as a popular policy
tool for economic development strategies and plans [1]. For
example, China’s Ministry of Industry and Information Tech-
nology (MIIT) has published a list of advanced manufacturing
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clusters, such as Yangtze River Delta (YRD), Pearl River
Delta (PRD), and Beijing-Tianjin-Hebei (BTH). It emphasizes
the deepening of the optimization of urban industrial spatial
distribution and clearly demonstrates the role of clusters in
economic development [2]. The IIC is a common tool for
governments in formulating cluster development policies. The
key to adjusting the direction of the clusters development
to adapt to the ever-changing development environment lies
in thoroughly analyzing the category characteristics of in-
dustrial clusters [3]. For example, Brenner [4] proposed IIC
in Germany and discusses the characteristics of domestic
clusters’ distributions, providing important support for the
implementation of industrial policies.

As an interdisciplinary field composed of economics, man-
agement, and geography, industrial cluster research has exten-
sive studies on various aspects such as concepts, mechanisms,
characteristics, and related policies [5], [6], [7], [8]. However,
due to the different research paradigms adopted by scholars
from diverse disciplinary backgrounds, it has been challenging
to harmonize the research themes. This significantly constrains
the breakthrough of cluster theoretical research and the guid-
ance cluster policy formulation and implementation. In the
context of high-tech clusters, innovation entities form the
foundation of cluster competitiveness. Patents, representing the
largest source of technical information globally [9] are vital for
knowledge dissemination, particularly in high-tech industries,
such as electronics, biotechnology, and artificial intelligence
[10]. Patent information comprises structured data such as
patent numbers, citations, classifications, and dates, as well
as unstructured data containing extensive information about
applicants and enterprise technologies, including technical
content, abstract, and specifications [11].

Global scholars extensively use patents to study the spa-
tial diffusion of innovation, the complexities of geographic
spaces, innovation networks, and the relationship between
technologyand regional innovation performance. Patents are
crucial in the technology innovation process, granting inven-
tors exclusive rights to specific creative ideas or designs for a
limited period [12], [13], [14], thereby fostering innovation.
Additionally, patent output is closely linked with other in-
novation metrics, such as Research and Development (R&D)
expenditures and the number of active researchers [15], [16].
Building on this perspective, Alcácer and Zhao [17] argued
that the spatial concentration of patents serves as a clear
indicator of the existence of technology clusters.

The determination of traditional cluster types has primarily
relied on expert judgment. While expert judgment offers the
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advantages of generality and expertise, it often comes with
subjective biases. Currently, the primary reliance on govern-
ment economic data, which often lacks a higher granularity
and rarely involves specific enterprises, poses challenges in
data acquisition. Through data-driven approaches, with the
in-depth analysis of the technology and the dynamic process
of industrial clusters, enabling a deeper understanding of the
persistent technological competitive advantages of industrial
clusters.

Current research on IIC mainly focuses on geography con-
centration, and overlooks other crucial characteristics, such as
output, efficiency, and scale [18]. These characteristics are es-
sential for the identification and analysis of technology-based
industrial clusters. Insufficient analysis of industrial clusters
can hinder the development of the theoretical framework
and the comprehensive understanding of cluster-related issues.
Therefore, enhancing the IIC is of significant importance for
optimizing the accuracy and effectiveness of governance. This
is crucial for the development of industrial clusters. In order
to address the research gaps, this study aims to introduce a
fusion data-driven recognition method of IIC and subsequently
identify their spatial characteristics.

II. RESEARCH OVERVIEW

This section presents the current state of research on data
sources as well as on IIC methods and categories.

A. Patent Analysis

In practice, understanding the spatial dynamics of innova-
tion activities at the national regional level faces significant
challenges. National economic census data on microenterprises
are difficult to obtain and are not generalizable, and statistics
on technology and innovation tend to be more limited. The
lack of comprehensive data makes it difficult to explore the
true characteristics of a region.

In recent years, with the increasing importance of patents
in economic development, countries have been strengthening
the protection, management, and utilization of intellectual
property rights [19]. Scholars have categorized industries with
high patent density or volume, as patent-intensive industries,
which are also increasingly supported by policies in various
countries [20]. Patents often used as a proxy for innovation
output, provide formalized and quantifiable data that reflect
the knowledge capabilities of firms, independent of human
factors [21].

Patents, as an important data source for studying innova-
tion activities on a national scale. Due to their quantifiable
knowledge properties and the fact that they can be widely
accessed from public databases. They are also suitable for
analyzing explicit knowledge transfer within industries at the
macro level.

This article delves into the identification of flexible electron-
ics (FE) industry in China and the classification of industrail
clusters (CIC) using patents. The patents are sourced from
the patent information service platform and micro-level data
of these enterprises, including enterprise size, type, latitude,
and longitude, are obtained from the open data platform

that belongs to the Ministry of Natural Resources of China
(https://www.mnr.gov.cn/sj/sjfw/) and Baidu open data plat-
form (https://api.map.baidu.com/).

B. IIC

Industrial clusters serve as an important carrier for fostering
local endogenous growth and facilitating the development of
regional innovation [22], and are an organizational form of
industry where numerous enterprises are clustered within a
region and supported by universities, research institutions,
and financing organizations. Industrial clusters aim to foster
new knowledge production, technological advancement, and
product innovation through enterprise networks. The inde-
pendent innovation ability serves as the core component and
developmental foundation of industrial clusters.

The essential feature of industrial clusters lies in the intricate
network connections among enterprises. From the enterprise’s
perspective, when a certain number of enterprises gather
and operate within the same value chain, they constitute an
industrial cluster. IIC refers to the process of detecting and
delineating clusters by identifying patterns of industrial link-
ages and geographical proximity among enterprises [23]. This
is considered the initial step in industrial cluster research and
is crucial for subsequent empirical analyses. The knowledge
structure in the field of industrial clusters is depicted in Fig. 1.
Moreover, clusters offer potential advantages as catalysts for
perceiving the demand and opportunities for innovation [24].

There are many definitions in current literature of industrial
clusters, which can be categorized into three main categories
based on the characteristics [33]:

1) Industry clusters formed by industrial linkages: In these
clusters, the goods, and services of a group of enterprises
within an industrial cluster are intricately connected, creating
an interdependent production network [34].

2) Industry clusters formed by geographical proximity:
These clusters represent the institutional and geographic con-
centrations of similar or related enterprises [35].

3) Industry clusters formed by both industrial linkages
and geographical proximity: In these clusters, enterprises and
supporting institutions are interconnected, fostering a more
competitive network [36].

Compares to other characteristics, more scholars emphasize
that spatial concentration is a key feature of industrial clusters
[37],[38],[39]. Essentially, cluster reflects proximity, which
refers to the spatial clustering of enterprises from a micro-
geographical perspective.In this context, we choose the second
type of cluster as the object of IIC research.

In practice, objective and accurate IIC is critical for sup-
porting regional development policymaking and enterprise in-
vestment decisions [40]. Any inclusion or exclusion decisions
in the IIC process, possibly influenced by subjective factors,
can have significant consequences. These decisions may also
impact the allocation of subsidies and the effectiveness of
policies, and even force enterprises inside and outside the clus-
ter to adjust their development strategies [41]. For example,
Chinese government often introduces many incentives such
as tax reduction and public subsidies to attract enterprises
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Fig. 1. Knowledge structure in the field of industrial clusters.

to invest in specific clusters, such as the Zhongguancun
Electronic industrial cluster and the Ningbo Chemical in-
dustrial cluster [42], [43]. Under this condition, many firms
willing to reconsider their location decisions, and choose to
open subsidiaries within clusters to obtain those benefits. In
addition, enterprises may proactively join clusters to reduce
costs and access richer knowledge resources, a good example
is that many multinational corporations in the US relocating
headquarters to Austin [44].

Therefore, it is necessary to employ an unsupervised ap-
proach to achieve the objective and accurate cluster identifi-
cation. Current research primarily relies on quantitative meth-
ods [45]. For instance, Rosenfel [46] employed the location
entropy method to identify industrial clusters in Germany,
while Benita proposed principal component analysis to assess
industrial clusters dynamic [47]. Brachert and Kubis used
qualitative input-output analysis to identify the production
and knowledge generation activities within industrial clusters
in Saxony, Germany [48]. However, these methods primarily
focus on measuring input-output connections between regional
industries without defining the spatial scope of industrial
clusters. Moreover, the lack of spatial analysis and the reliance
on statistical data or qualitative descriptions limit the discovery

of various spatial elements within the region.
In addition, clustering algorithms have also been introduced

to replace manual statistics during the process of IIC. These
algorithms are categorized based on clustering criteria into
division-based, hierarchical-based, model-based, and density-
based clustering [49].

Division-based clustering algorithms detect local clusters in
small neighborhoods obtained by recursive spatial tessellation,
and then merge them hierarchically, following the Divide-and-
Conquer paradigm [50]. However, division-based clustering
requires determining the final classification of the dataset
[51], and since the number of industrial clusters is typically
uncertain, this algorithm may not be suitable for IIC.

Hierarchical-based clustering algorithms discover the under-
lying structure of a dataset in unsupervised learning scenarios
where the ground truth is unknown and classical machine
learning classifiers are not suitable. However, hierarchical-
based clustering is only suitable for discovering spherical
or nearly spherical clusters [52]. As industrial clusters often
exhibit diverse forms, this algorithm may not be helpful
for non-spherical clusters. Model-based clustering algorithms
assume that the input dataset follows a potential distribution
[53]. Each cluster within this algorithm is modeled to find the
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best fit of the data to the given distribution. This algorithm
mainly refers to probabilistic model-based methods and neural
network model-based. However, if the assumptions underlying
the model are not valid, it may affect the outcome. Since the
distribution of enterprise data is often random, model-based
clustering algorithms may not be suitable for clustering such
data.

Density-based clustering algorithms use density as the pri-
mary criterion for clustering, enabling the detection of clusters
with arbitrary shapes without the need to preset the number
of clustering. One representative algorithm is Density-Based
Space Clumping of Applications with Noise (DBSCAN),
initially proposed by Ester et al. [54]. DBSCAN is a represen-
tative algorithm in density-based spatial clustering, capable of
segmenting high-density areas into clusters while effectively
filtering out low-density areas. Moreover, it facilitates the
clustering of arbitrary shapes within datasets containing noise,
identifying outliers.

While Zhao et al. [55] employed a standard developmental
ellipses algorithm to identify geographic industry clusters. This
method may obtain clusters with compact internal elements,
but struggles to identify irregularly shaped clusters, diverging
from real-world scenarios. Alternatively, Zhou et al. [7] used
patent information to analyze the geographical distribution
of enterprises, its spatial cluster identification relies on the
Louvain algorithm. However, the Louvain algorithm generates
different cluster results based on the number of iterations.

In contrast, DBSCAN used in our research offers a more
practical approach by generating clusters based on the number
of elements and spatial distance. In addition, DBSCAN is more
suitable for identifying clusters of arbitrary shapes in space. It
has found extensive application in processing spatial data ob-
tained from platforms such as Twitter, Google Maps, or GPS-
based systems [40]. However, its application in geographic
economics remains relatively uncommon [56].

The traditional DBSCAN algorithm effectively addresses
the recognition of an unknown number of industrial clusters,
irregular shapes, and the need to filter out noise. However, two
defects exist in the algorithm. Firstly, it is quite sensitive to
the parameter of neighborhood radius Eps and the minimum
density threshold MinPts, both of which must be set manually.
Secondly, the cluster results may be inaccurate when clustering
datasets with significant density variations [57].

To mitigate these issues, adaptive determination of DB-
SCAN algorithm parameters has been proposed. Yue et al.
[58]. Introduced an algorithm based on the statistical in-
formation of data to determine the Eps parameter, allowing
for a wider search range. However, the MinPts parameter
remains a fixed value, limiting its ability to accurately reflect
the dataset’s distributional characteristics. Jahirabadkar et al.
[59]. Dynamically set the Eps parameter according to the
density distribution of the dataset in each dimension, but the
MinPts parameter still requires manual input. Yang et al. [60]
introduced the concept of distance distribution, setting MinPts
as a certain value, calculating and sorting the distance between
two objects, and then obtaining Eps. However, the number of
clusters still needs to be pre-set. Moreover, Song et al. [61]
calculated the probability density distribution curve of distance

values based on the statistical characteristics of the dataset,
determining the Eps from the steepening area through manual
observation.

In addition, Zhou et al. [62] proposed the adaptive and fast
DBSCAN algorithm, fitting a distance curve corresponding to
the input dataset with a polynomial to address the problem of
the inflection point of the curve. Determined the optimal Eps
values as the maximum distance corresponding to the inflec-
tion point. An adaptive DBSCAN based on the inflection point
of the K curve has been proposed [63],[64]. The algorithm
defines density layers of the dataset based on the quadtree to
identify clusters with varying densities, although it still needs
pre-setting of relevant parameters.

Furthermore, Campello et al. [65] introduced HDBSCAN
algorithm. An extension of DBSCAN that does not require
pre-defined parameters like MinPts and Eps and can handle
noise and outliers without setting the number of clusters.
Instead, HDBSCAN requires parameters like min_cluster_size
and min_samples, and the setting of min_cluster_size and
min_samples parameter affects the accuracy and number of
final clustering results [66]. Moreover, HDBSCAN has a high
computational complexity, which may not suitable for dealing
with large-scale datasets.

To address the limitations of traditional DBSCAN algo-
rithm in clustering datasets with varying densities, this article
uses an improved density-based parameter adaptive DBSCAN
algorithm based on K-Average Nearest Neighbor (KANN),
referred to as KANN-DBSCAN [67]. Furthermore, a sensi-
tivity formula is integrated to further refine the accuracy of
the KANN-DBSCAN algorithm, resulting in the development
of the KANNs-DBSCAN. This algorithm automatically opti-
mizes clustering parameters based on the distance distribution
characteristics of the dataset, enabling adaptive selection of
Eps and MinPts parameters. Subsequently, the DBSCAN al-
gorithm is applied to cluster enterprise data according to the
latitude and longitude distribution of enterprise. This appli-
cation effectively clustering industrial clusters, and robustly
supporting subsequent analysis.

C. CIC

In practice, influenced by internal enterprises, industrial
clusters are demonstrated in various forms; CIC is a process
to categorizing different types of industrial clusters based
on various factors such as scale, industry, industrial level,
structural form, and regional distributions. The spatial and
industrial layout observed in cities like Beijing, Shanghai,
Guangdong [68], [68], [70], China, and Lille, France [71].
Industrial clusters play various roles and have significant
impacts on enterprises. In China, for example, clusters located
in Beijing tend to have strong political affiliations, whereas
those in Guangdong and Shanghai are more market-oriented.
Consequently, members of clusters in Beijing tend to rely
more on government support, whereas those in Guangdong and
Shanghai focus more on market expansion and technological
innovation [72]. CIC is a process of categorizing different
types of industrial clusters based on various factors such as
scale, industry, industrial level, structural form, and regional
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distributions; The CIC is crucial as it based on a rational
and objective categorization of clusters. In other words, the
purpose of cluster classification is to provide more accurate
targets for enterprises’ market strategies, relocation decisions,
investment, and other business activities.

This classification is particularly crucial for knowledge-
intensive clusters, where enterprises are exposed to greater
risks and are easily influenced by the internal cluster envi-
ronment. This dynamic often results in frequent relocations
between clusters.

Knowledge-intensive industries primarily rely on core pro-
duction factors such as intelligence, knowledge, technology,
information, and skills. These factors play a core role in in-
dustrial economic activities, with knowledge resources consti-
tuting a significant proportion compared to traditional factors
like labor and capital. Patents, as a representative of knowledge
resources [73], are therefore highly suitable for studying the
characteristics of knowledge-intensive industry clusters.

Moreover, patents serve as efficient tools for strategic man-
agement, particularly at the national level where they inform
public policy development. For example, detailed studies on
patent applicants and countries involved in electrochemical
energy storage technologies guide future technology policies.
Similarly, analyses of patent time horizons, distribution of
technology types, and analysis of technology trends in the
field of solar thermal utilization inform governmental energy
policies [74]. Global wind turbine companies’ patent analyses
have also provided direction for Asian and European countries
in developing new markets and corporate innovation policies
[75]. Therefore, this article proposes a study on CIC based on
patent analysis.

Marshall [24] was the first scholar to discover the concept
of industrial cluster and proposed two important concepts:
Marshallian Industrial Cluster (MIC) and Italian industrial dis-
trict (flexible specialized clusters). These concepts underwent
extensive debates among academics regarding their impacts
on academia and regional economies. Markusen [76], for
instance, believes that these districts represent a specialized
form of industrial clusters rather than a universal phenomenon.
More widely acknowledged types of industrial districts include
MIC, Hub-and-Spoke Industrial Cluster (HSIC), Satellite Plat-
form Industrial Cluster (SPIC), and State-Anchored Industrial
Cluster (SAIC), each characterized distinctly, as shown in
Table I.

In the framework of classifying the spatial structure of
industrial clusters, the analysis of patent numbers within each
cluster, categorized by enterprise nature and size, aims to
identify distinct categories based on enterprise microdata. This
approach facilitates a deeper understanding of the relationship
between the industrial technology environment, cluster evolu-
tion, technical knowledge conditions, and economic growth.

This study adopts Markusen’s [76] perspective on the spatial
structure of industrial clusters, with a particular focus on the
pervasive industrial district type classification.

III. RESEARCH FRAMEWORK AND METHODOLOGY

In order to fill the current research gaps, this study aims to
propose a fusion data-driven IIC method to identify its spatial

organization characteristics. This method enables overcoming
the limitations of rough management of industrial clusters and
realizing the development and growth of industrial clusters.
First, based on the characteristics and development cycle of
the regional industry, we formulated the search terms for
technological patents, encompassing the patent application re-
gion, keywords, classification numbers, and application dates.
Subsequently, the data noise is addressed through procedures
such as duplications-merging and eliminating rejected patents.
In addition, geographic information of the patent applicants is
obtained by map APIs. The spatial clustering of enterprises
are identified using the KANNs-DBSCAN algorithm in con-
junction with the composite extraction rules derived from the
Markusen model for various cluster categories. Lastly, a set of
indices comprising output, scale, efficiency, and quantity index
are proposed to evaluate four categories of industrial clusters.

A. KANNs-DBSCAN Clustering Algorithm

As mentioned in the introduction section, current research
highlights the significance of algorithms in the IIC. However,
existing clustering algorithms often suffer from the shortcom-
ings of requiring predefined parameters. To address this issue,
this article adopted an improved density-based clustering algo-
rithm, KANNs-DBSCAN. The clustering effect of DBSCAN
is related to the density parameter, signifying the presence of
MinPts data points within a circle with Eps as the radius [67],
[77]. Therefore, this article introduces the density parameter
as an indicator to evaluate the clustering effect of DBSCAN.
The specific calculation method is outlined as follows:

Density =
MinPts

πEps2
. (1)

Given that the DBSCAN algorithm lacks an adaptive
method for calculating MinPts and Eps, this article uses the
KANNs-DBSCAN algorithm. It deterministically obtains the
MinPts and Eps values by assessing the closest distance
between each data point and its Kth data point, thereby
computing the density value. Li et al. [67] argued that the
clustering result is considered stable when the same number
of clusters is generated three times consecutively. However,
this criterion is deemed subjective and lacks empirical support,
prompting an enhancement in this article. They also suggested
the number of clusters of the clustering results usually tends to
be stable as the density parameter decreases, and the optimal
results are obtained when a certain density interval remains
stable. This study employs a sensitivity formula to assess the
stability of clustering results. The magnitude of sensitivity
change reflects the rate of density parameter variation with
increasing K, with stable sensitivity indicating the optimal
number of clusters. Accordingly, the optimal combination of
MinPts and Eps value is determined as the input parameter of
DBSCAN. The specific algorithm is outlined as follows:

Sensitivity =
4Density
4K

. (2)

The advantage of the KANNs-DBSCAN algorithm is evi-
dent in its ability to determine the appropriate density thresh-
old EPs and MinPts. It enables the balance between these
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TABLE I
CLASSIFICATION OF REGIONAL INDUSTRIAL CLUSTERS

MIC HSIC SPIC SAIC

Enterprise size Small and medium-sized enter-
prises (SMEs)

Single large enterprise Branch of parent company State monopoly

Enterprise source Local company Local company Parent company Local company

key feature SMEs-dominated; low level of
specialization; a dense net-
work of competitive and coop-
erative relationships; based on
trust relationships.

Coexistence and symbiosis be-
tween large firms and SMEs;
pronounced internal hierarchi-
cal structure.

SMEs-dominated; strong de-
pendence on external enter-
prises (parent companies); the
low-end segment of the indus-
try based on low labor costs.

National institutions (e.g.,
weapons research laboratories,
universities, government
offices) dominated; based on
the high level of cooperation
and connection among
external companies in the
region.

Market structure
in the cluster

Perfect competition Oligopoly Incomplete monopoly Complete monopoly

Fig. 2. Research framework.

two parameters to obtain the optimal parameter pair with an
unsupervised approach, then achieving high accuracy and low
computational complexity. To leverage this advantage, this
article utilized the spatial distribution characteristics of the
patent applicant’s data, translated into longitude and latitude
data, to generate the density threshold list based on KANN
and the mathematical expectation method. The process of
identifying clusters using the algorithm is shown in Fig. 3.

1) List of Eps parameters generation: The KANN algorithm
and the mathematical expectation method are used to generate
the Eps list. KANN is an extension of the mean K-Nearest

Neighbor algorithm, by calculate all K values, and lastly
obtaining the KANN distance of the dataset. The specific
steps involve calculating the distance distribution matrix and
arranging each row of this matrix in ascending order to obtain
the vector DK . This involves averaging the elements in vector
DK to obtain KANN distance DK of vector DK , which can
be used as a candidate Eps parameter. By calculating all the
K values, the list of Eps parameters DEps is obtained, defined
as follows:

DEps = {DK |1 ≤ K ≤ n}. (3)
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Fig. 3. Process of identifying clusters.

2) List of MinPts parameter generation: The mathematical
expectation method is used to generate the MinPts list. For a
given Eps list, the number of neighboring objects correspond-
ing to each Eps is sequentially determined. In addition, the
mathematical expectation value of the number of neighboring
objects for all objects is calculated and set as the neighborhood
density threshold MinPts for the dataset D, defined as follows:

MinPts =
1

n

∞∑
n=1

(Pi) (4)

where Pi is the number of Eps neighboring objects of the i
object and n is the total number of objects in the dataset D.

3) Adaptive determination of optimal parameters: Accord-
ing to KANN, the candidate Eps and DEps are derived for the
data set D. The KANN distance corresponding to different
K values (K = 1, 2, . . . , n) are selected sequentially, i.e.,
the elements in set DEps are selected as the candidate Eps,
and MinPts parameters are obtained from the formula (4).
Based on the generated Eps and MinPts parameter lists, the
corresponding parameters can be calculated using the equation
to obtain the density parameter list and sensitive parameter
list. When the change in sensitivity begins to stabilize, the
clustering results are considered to be stabilized and the
number is considered optimal. The value corresponding to the
optimal number of clusters is selected as the optimal K value,
while the MinPts and Eps corresponding to the optimal K value
are the optimal Eps parameter and MinPts parameter.

B. Cluster Category Identification Metrics

In the previous section, this study proposes a data-driven
method for identifying industrial clusters, which obtains the
optimal clustering through spatial element analysis. Given that
geographic clustering and spatial correlation are key features
of industrial clusters, it is essential to systematically analyze
the interrelations among cluster members. This also enables
researchers to gain deeper insight into the complex internal
structure of industrial clusters.

Currently, there are several tools available for studying the
internal characteristics of clusters, with scientometric analysis
being the most widely used method [78]. This approach ob-
jectively maps the scientific knowledge domain and identifies
research themes and corresponding challenges through the
mining and visualization of patent documents and papers [79],
[80]. Since patents are closely related to R&D activities and
readily accessible online, they serve as measurement tools for
firms’ innovative activities and a key tool in research. [81].
In this regard, this article employs patent analysis as the key
means to support IIC research.

Based on the results of spatial clusters on patent application
firms, this section employs a patent analysis method to assess
the innovation ability, nature, and scale of enterprises within
the cluster. Additionally, it formulates classification rules ac-
cording to the characteristics of the four clusters listed in Table
I.

1) MIC: MIC was proposed by Marshall in 1890 [24],
which is formed by SMEs with strong regional ties, and they
are mostly local enterprises. Over time, with the increased
process of openness, their constituent firms tend to expand
cooperation and develop industrial chains. MIC is not static en-
tities. With the accumulation of knowledge and skilled talents,
some traditional industrial clusters evolve towards innovative
clusters for higher profits [82]. Characterized by small-sized
firms, intense competition among firms, and a high degree of
marketization, led to more efficient resource utilization [83].
However, enterprises within these clusters typically display
limited R&D capabilities. Therefore, we identify MIC based
on two key indicators: the number of patents, and the size of
their employees. According to the criteria set by the National
Bureau of Statistics of China, enterprises with fewer than 300
employees are SMEs [84]. Thus, the rules for identifying MIC
is as follows:

Co ∈ Cm, s.t.

∑j
j=n,Aj∈Cm

P (AS
j )

P (CO)
≥ 0.8. (5)

Where Co is the object cluster, Cm is MIC, AS
j is the patent

applicant j who is a SME, P (AS
j ) is the patent number of

AS
j , and P (Co) is the patent number of all applicants in Co.

The Pareto Principle also known as the 80/20 rule, it was
propounded by Vilfredo Pareto when he observed that 20%
of the people of Italy owned 80% of the wealth. The name
“Pareto Principle” was suggested by American management
consultant Joseph Juran [85], who recognized that Pareto’s
observation was a “universal” principle. For example, Koch
[86] realizes that 80% of their sales come from 20% of their
products, and 80% of their profits come from 20% of their
customers. Therefore, based on the Pareto principle and with
80% as the dividing line, MIC is defined as a group of small
and medium-sized enterprises whose patents account for more
than 80% of all patents in the cluster.

2) HSIC: The HSIC model typically revolves around one
or more large vertically integrated enterprises, which serve as
the focal point of the cluster and often form the core of the
regional economy. These enterprises cover the entire spectrum
of the industrial chain, encompassing product research, man-
ufacturing, and sales. They wield significant control over vital
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resources such as capital, technology, and services. Moreover,
they play a pivotal role in guiding the development of other
enterprises within the cluster [87]. In the HSIC model, nu-
merous auxiliary enterprises, often SMEs, cluster around the
production needs of these core enterprises. By participating
in the supply chain of the core entities, SMEs can mitigate
their individual weaknesses and concentrate on specialized
areas, thereby benefiting from industry growth [88]. In turn,
the core enterprises leverage the capabilities of these auxiliary
firms to enhance their competencies, facilitating technological
development and industrial upgrading collaboratively. Core
enterprises within HSIC has significant advantages in terms of
employee size and R&D. Accordingly, we use patent numbers
and employee size as key indicators [84].

Therefore, the rules for identifying HSIC is as follows:

Co ∈ Ch, s.t.

∑j
j=n,Aj∈Ch

P (AL
j )

P (Co)
≥ 0.8. (6)

Where Ch is HSIC, AL
j is the patent applicant j who is a

large-sized enterprise with more than 300 employees, P (AL
j )

is the patent number of AL
j .

3) SPIC: The SPIC is composed of branches of the parent
company in other regions or overseas. Each branch main-
tains close contact with its parent company, suppliers, and
customers outside the region, fostering a vertically integrated
relationship among them. In terms of R&D, subsidiaries typi-
cally expand new technological fields based on the technology
of the parent company, sharing patented innovations with the
parent company. This dynamic often forms a technological
monopoly within the cluster [89]. To define SPIC, we utilize
government open data platforms to analyze the investment
relationships among different enterprises with their parent
companies within the cluster. Subsequently, we calculate the
proportion of patents held by enterprises and their parent
companies within the cluster as the indicator. The specific
calculation rule is shown as follows:

Co ∈ Cs, s.t.

∑j
j=n,Aj∈Cs

[P (Aj) + P (AP
j )]

[P (Co) +
∑j

j=n,Aj∈Cs
P (AP

j )
≥ 0.8. (7)

Where Cs is SPIC, Aj is the patent applicant j in the cluster
Co, P (Aj) is the patent number of Aj , AP

j is the parent
company of Aj , and P (AP

j ) is the patent number of AP
j .

Through this formula, it can be seen that the patents of
subsidiaries and their parent companies account for more than
80% of the cluster, which is the technical core of the cluster.

4) SAIC: SAIC is dominated by one or several large state-
owned entities (e.g., military bases, defense factories, research
institutes, laboratories, universities, and government offices)
rather than private entities. State power represents the largest
non-market entity in both the economy and society, possessing
a binding force and redistributive capacity unparalleled by any
other organization. Scholars like Cooke [90] and Aranguren
[91] focused on the relationship between government behav-
ior and cluster innovation, asserting that the advancement
of regional innovation capacity within industrial clusters is
intricately linked to the national innovation system, where the
government plays a vital role. Therefore, those state-owned

entities have the advantage in innovation. To identify SAIC,
we examine both the number of patents and the nature of
the enterprises involved. The identification rule is shown as
follows:

Co ∈ Cc, s.t.

∑j
j=n,Aj∈Cc

P (AC
j )

P (Co)
≥ 0.8. (8)

Where Cc is SAIC, AC
j is the patent applicant j in the cluster

Cc, P (AC
j ) is the patent number of AC

j , and P (AC
j ) is

the patent number of AC
j . As for the background of patent

application enterprises, they can also be queried through open
data platforms.

C. Evaluation of Four Categories Industrial Clusters

In the development process of one or more industries, mul-
tiple spatial structure clusters often emerge simultaneously in
various regions with different influences. Therefore, evaluating
clusters with different spatial structures is very important for
formulating cluster development strategies. While Wong et al.
[92] solely employed patent data for cluster output evalua-
tion, without considering the IIC. In addition, technological
maturity is used as the only indicator, which is unable to
capture the competitiveness of the entire cluster. To overcome
the shortcomings mentioned above, leveraging patent data
and employing rigorous econometric techniques, this article
integrates four indicators average output, scale, efficiency, and
number of clusters to evaluate spatial structures.

1) The average output is obtained by calculating the average
number of patents across all clusters within the same spatial
structure, which can analyze the technological achievements,
especially innovative clusters.

2) The average size is determined by calculating the average
number of applicants across all clusters within the same spatial
structure, to analyze the size of such institutional clusters in
terms of enterprises.

3) The average efficiency is assessed by calculating the
average number of patents of applicants across all clusters
within the same spatial structure, thus analyzing the research
efficiency of enterprises.

4) The number of clusters refers to the number of all clusters
within the same spatial structure and studies the popularity of
different spatial structures throughout the industry.

IV. EXAMPLES OF RESEARCH

A. Patent Data Processing

Flexible circuits (FE) is a new type of electronic technology
that uses flexible materials such as plastics and fibers to
manufacture electronic devices, achieving high flexibility in
applications such as bending, folding, and compression of
electronic devices. At present, compared to developed coun-
tries, China’s FEI is still in early development stages [93].
It is necessary to analyze the distribution of China’s existing
FEI enterprises in order to provide reference for the formu-
lation of subsequent industry support policies and enterprise
development decisions. Due to the fact that FE belongs to the
technology industry and has a large number of related patents,
this article selects Chinese patents applied for the past 20 years
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TABLE II
SEARCH FORMULA OF CHINA FE PATENT

Candidate Search formula

FE TACD:(‘Flexible electronic’ OR ‘flexible
printed circuit’ OR ‘flex circuits’
OR ‘flexible hybrid electronics’ OR
‘flexible displays’ OR ‘flexible printed
sensor’ OR ‘stretchable electronic’) OR
CPC:(G09F9/301 OR H01L51/0097 OR
G06F1/1652 OR H01L2251/5338 OR
H04M1/0268 OR G09G2380/02 OR
G05B2219/25321 OR G05B2219/25439
OR H01H2229/038 OR H01R12/59
OR H01R12 /61 OR H01R12/77
OR H01R12/78 OR H05K1/028 OR
H05K1/118 OR H05K1/147 OR
H05K3/361 OR H05K2201/2009 OR
H05K2201/046 OR H05K2201/2027
OR H05K3/4635 OR h05k2201/09445
OR g09g3/035 OR g02f1/133305 OR
g06f2203/04102 OR g06f1/1616 OR
h01f2017/006 OR h01h2001/5816 OR
h01h2001/5827 OR h01g9/2095 OR
H01L23/4985 OR G05B2219/23358 OR
H05K2201/05 OR H05K1/148) AND
APD:[20000101 TO 20201231]

as the research object. The search formula is implemented
in Table II. Low quality patents that have been repeatedly
applied, rejected, or withdrawn are excluded. Subsequently,
a total of 860,701 patents were obtained, partially shown in
Table III. The table includes the title, application number,
applicant, applicant’s address, longitude, and latitude.

As for the applicants, to improve the precision of the
analysis results and avoid the influence of individual applicants
who only apply for one patent, we choose to analyze the
applicants who have applied for more than two patents, and a
total of 5,610 applicants are detected. On this basis, Baidu map
API (https://lbsyun.baidu.com/) is introduced to obtain the
latitude and longitude information according to the applicant’s
name and address.

B. Cluster Recognition Based on KANNs-DBSCAN Clustering
Algorithm

As stated in Section III, the selection of Eps and MinPts
parameters significantly influences the clustering results of
density-based algorithms. According to the research flowchart
shown in Fig. 3, the KANNs-DBSCAN algorithm is used to
cluster the patent applicants distributed across China. First, the
relationship between the K value and the density threshold is
determined, as shown in Fig. 4. Subsequently, the sensitivity
is calculated, where 4K is set 1. The density is stabilized
at 41.5 where sensitivity falls below 0.1, it indicates that the
former is not highly sensitive to K value (K ≥ 25), as depicted
in Fig. 5. Therefore, the KANND DK = 24 corresponding to
K = 25 is identified as the optimal Eps parameter, and then
the optimal MinPts parameter is obtained using formula (4),
yielding Eps = 0.4 and MinPts = 20.

The KANNs-DBSCAN algorithm is then used to assess
the spatial distribution of FEI in China, and the results are
shown in Fig. 6. Different colors are assigned to differentiate

Fig. 4. Plot of the Density and K value.

Fig. 5. Plot of the Sensitivity and K value.

between various clusters, resulting in a total of 24 clusters
obtained based on the K value, as shown in Table IV. In
practice, the size of these clusters varies greatly, ranging from
21 to 1,532 patent applicants in a single cluster. Notably,
larger clusters in China’s FEI are mainly located in the YRD,
PRD, and BTH regions. In addition, these larger clusters
are not only characterized in the scale, but also encompass
multiple administrative regions. For example, the FEI in Shen-
zhen extends to neighboring cities such as Guangzhou and
Dongguan, while the Shanghai cluster expands into Suzhou,
further confirming the phenomenon of cross-region industrial
clustering [94]. Consequently, development industrial clusters
requires joint efforts across multiple administrative regions
to effectively improve the competitiveness of the cluster.
Particularly, the YRD cluster is highly concentrated in the
core areas of Shanghai, South Jiangsu, and North Zhejiang,
exhibiting distinct V-shaped distribution characteristics.

In order to verify the rationality of the clustering algorithm
used in this article, several commonly used density-based clus-
tering algorithms, such as Kernel DBSCAN and I-DBSCAN,
were compared by the SC index. The results are shown in
Table V.

The SC index integrally reflects the degree of compactness
within clusters and the degree of separation between classes
[95], and the SC value is ranging from -1 to 1. A higher SC
value signifies better clustering results. As presented in Table
IX, KANNs-DBSCAN algorithm yielded the highest SC value,
which indicates that the elements within the clusters delineated
by the algorithm are more compact, and the different clusters

This article has been accepted for publication in IEEE Transactions on Engineering Management. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TEM.2024.3493627

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: University of Greenwich. Downloaded on November 11,2024 at 00:41:40 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON ENGINEERING MANAGEMENT 10

TABLE III
INFORMATION OF PATENT APPLICANT

Application No. Patent name Applicant Applicant address Longitude and lati-
tude

CN202011550473.0
A method of making
a conductive circuit
board

Shenzhen Bairou
New Material
Technology Co.

4F and 1F, Building A, Shuanghuan Industrial Zone,
No.8 Baoqing Road, Baolong Community, Baolong
Street, Longgang District, Shenzhen, Guangdong,
China (Guangdong,Shenzhen,Longgang District).

118.09644, 24.48541

CN202010943557.4

The production
method of circuit
board with embedded
conductive lines

Pengding Holdings
(Shenzhen) Co.

Building A1 to Building A3, Peng Ding Park, Song
Luo Road, Yan Luo Community, Yan Luo Street,
Baoan District, Shenzhen City, Guangdong Province
(with business premises in Building 1 to Building
3, No. 1 Yanshan Avenue, Yan Chuan Community,
to engage in business activities) (Guangdong, Shen-
zhen, Baoan District).

113.86367, 22.79640

CN202010195388.0
A circuit board and
its manufacturing
method

Yancheng Wixin
Electronics Co.

No.999, Yandu Road, Yandu District, Yancheng City,
Jiangsu Province (Jiangsu,Yancheng,Yandu District). 120.18987, 33.34369

. . . . . . . . . . . . . . .

CN201410149990.5

Preparation of
copper-zinc-tin-sulfur
films on flexible
substrates using
magnetron sputtering

Guangdong
University of
Technology

No.100 Waihuan West Road, Guangzhou University
City, Panyu District, Guangzhou City, Guangdong
Province, China.

113.39960, 23.04570

TABLE IV
BASIC INFORMATION ON REGIONAL CLUSTERS

No. Total number of patent ap-
plicants

Total number of patent ap-
plications

1 1109 9754
2 1532 15323
3 64 763
4 79 1102
5 101 853
6 121 1976
7 96 2917
8 21 595
9 419 10176
10 27 533
11 96 1512
12 27 417
13 49 472
14 24 104
15 53 702
16 30 276
17 28 118
18 49 504
19 68 464
20 26 293
21 28 317
22 25 790
23 22 181
24 22 165

are more dispersed from each other, indicating a more rational
delineation compared to other algorithms.

C. Cluster Structure Identification Results

Using extraction rules, an analysis was conducted on 24
industrials clusters, incorporating different clustering classifi-
cations. The characteristics and spatial distribution of different
cluster classifications are presented in Table VI-IX and Fig.
7-10. Notably, clusters 20, 21, and 23 exhibit a significant
presence of patents from large enterprises, accounting for over

TABLE V
SEGMENTATION RESULTS AND EVALUATION METRICS OF DIFFERENT

CLUSTERING ALGORITHMS

Clustering algorithm Eps MinPts SC

Kernel-DBSCAN 1.269 59 0.379
I-DBSCAN 0.138 6 0.208
KANNs-DBSCAN 0.4 20 0.391

TABLE VI
MIC CHARACTERS

No.
Total number
of patent ap-
plicants

Total number
of patent ap-
plications

Percentage
of SMEs
quantity

Percentage
of patent
quantity of
SMEs

3 64 763 0.73 0.84
8 21 595 1 1
11 96 1512 0.68 0.9
16 30 276 0.67 0.83
17 28 118 0.93 0.93
18 49 504 0.78 0.81

80% of the total patents, indicative of typical HSIC. Clusters
8, 9, 10, 15, 16, and 22 exhibit state-owned enterprises and
research institute patents exceeding 80%, all of which are
affiliated with SAIC. The proportion of small business patents
in clusters 3, 8, 11, 16, 17, and 18 is over 80%, belonging
to the MIC. Most of the companies in clusters 4, 12, and 19
belong to the same parent company in SPIC.

D. Cluster Evaluation and Development Recommendations

The evaluation results of the characteristics of different
types of clusters in China’s FEI are shown in Fig. 10. It can be
seen that SAIC is superior to the other three types of clusters
in terms of output, scale, efficiency and number of clusters.
This indicates that the current technology R&D of China’s

This article has been accepted for publication in IEEE Transactions on Engineering Management. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TEM.2024.3493627

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: University of Greenwich. Downloaded on November 11,2024 at 00:41:40 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON ENGINEERING MANAGEMENT 11

Fig. 6. IIC result of China’s FE.

TABLE VII
HSIC CHARACTERS

No.
Total number
of patent ap-
plicants

Total number
of patent ap-
plications

Percentage
of large
enterprises

Percentage
of patents
by large
enterprises

20 26 293 0.62 0.82
21 28 317 0.54 0.8
23 22 181 0.55 0.81

TABLE VIII
SPIC CHARACTERS

No.
Total number
of patent ap-
plicants

Total number
of patent ap-
plications

Percentage
of
subsidiaries

Percentage
of total
patents of
subsidiary
and parent
companies

4 79 1102 0.1 0.92
12 27 417 0.07 0.87
19 68 464 0.06 0.93

TABLE IX
SAIC CHARACTERS

No.
Total number
of patent ap-
plicants

Total number
of patent ap-
plications

Percentage
of state-
owned
enterprises

Percentage
of patents by
state-owned
enterprises

8 21 595 0.48 0.93
9 419 10176 0.42 0.8
10 27 533 0.48 0.9
15 53 702 0.45 0.81
16 30 276 0.47 0.84
22 25 790 0.64 0.93

FEI mainly relies on government forces, including state-owned
enterprises, universities and research institutes. The output
value of the HSIC is significantly lower than that of the other
types of industry clusters, and the number of HSIC is also
smaller, only three. The main reason is that the R&D strength
of core enterprises has not yet reached a high level. Although
the number of clusters in MIC is higher, other indicators are
relatively lower, indicating that although the cluster structure
is more common, the R&D strength of the cluster is relatively
low [66]. The main reason is that most of the clusters are small
and SMEs with low R&D investment. The number of SPIC
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(a) cluster 3 (b) cluster 8 (c) cluster 11

(d) cluster 16 (e) cluster 17 (f) cluster 18
Fig. 7. MIC identification result (blue for large enterprises, green for medium and small enterprises).

(a) cluster 20 (b) cluster 21 (c) cluster 23
Fig. 8. HSIC identification result (blue for large enterprises, green for medium and small enterprises).

is the same as that of the HSIC, while the output, scale and
efficiency indicators rank in the middle of the four clusters.
This suggests that the core enterprises are still predominantly
local and rarely expand their industries to other regions.

Overall, from the perspective of market economy, the FEI
should still belong to the primary development stage in China.
Constrained by the technological threshold, it still mainly re-
lies on universities and research institutes with strong research
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(a) cluster 4 (b) cluster 12 (c) cluster 19
Fig. 9. SPIC identification result (blue for subsidiaries of external firms, yellow for local firms).

(a) cluster 8 (b) cluster 9 (c) cluster 10

(d) cluster 15 (e) cluster 16 (f) cluster 22
Fig. 10. SAIC identification result (red for state-owned enterprises, yellow for private enterprises).

strength to engage in R&D. Most of the non-state-owned
enterprises have weak R&D strength, making government-led
clusters the main form. However, these clusters rely too much
on government power and are less able to resist market shocks

than other clusters. In this regard, we give the following sug-
gestions: (I) We suggest that the government should encourage
cooperation between universities and institutes and enterprises,
especially private enterprises, to accelerate the development
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Fig. 11. Evaluation results of four cluster types in Figure.

of the industry through technological transformation, so as to
improve the overall R&D strength, which will contribute to
the development of the MICS. (II) For some large enterprises,
cross-regional investment should be encouraged to expand
the cluster scale geographically, which can not only drive
the development of other regions’ economy, but also expand
the market scale of the enterprises themselves and promote
the development of the SPICs. (III) Encouragement of cross-
technology cooperation between large enterprises can realize
the division of labor, so that the large enterprises can focus
on the industry’s core technology field and convert part of the
competitive relationship into a cooperative relationship, which
promotes the development of the SAICs [96].

V. DISCUSSION AND CONCLUSION

The development of industrial clusters is intricately linked
to both market dynamics and government intervention, particu-
larly in technology-intensive sectors such as FE, where knowl-
edge and skilled employees play important roles. Accurate IIC
and CIC are indispensable for government policymakers to
devise effective cluster development strategies. Existing re-
search on IIC has often been limited in scope, focusing solely
on specific aspects or neglecting other key characteristics of
industrial clusters.

This article addresses these limitations by introducing a
novel approach to industrial cluster analysis using the KANNs-
DBSCAN algorithm. This algorithm improves upon traditional
DBSCAN by adapting to varying densities in datasets and
automatically determining optimal clustering parameters based
on the distance distribution characteristics of the input dataset.
By applying this algorithm to cluster enterprise data accord-
ing to their geographical distribution, this article effectively
identified industrial clusters, providing a robust foundation for
subsequent analysis.

Moreover, the CIC was enhanced. Based on Markusen’s
cluster research theory, this article uses enterprise patent data
to classify industrial clusters for the first time. This approach
is particularly suited to knowledge-intensive industries, which
rely heavily on knowledge resources such as patents. By
evaluating cluster types based on output, scale, efficiency, and
quantity, this approach providing a novel framework for cluster

classification. It also enables scholars to analysis industries,
enterprises, and their characteristics in a more directly way.

Methodology employed in this article allows for monitoring
the latest development of technology clusters, helping poli-
cymakers pinpoint innovation hotspots and understand cluster
classification dynamics. Through a case study of the FE indus-
try in China, our framework identified 24 clusters with growth
potential, including six MICs, three HSICs, three SPICs, and
six SAICs, offering valuable insights for policymakers shaping
cluster development policies.

However, there are some limitations in this article. The IIC
is a complex process that requires consideration of economic,
political, environmental, and technical factors. Patent data
alone offers a limited perspective, and integrating additional
data sources is essential for comprehensive analysis. Moreover,
as globalization integrates supply chains across regions and
industries, patents increasingly reflect technological innova-
tions and collaborative efforts within and across industrial
clusters. Therefore, more research is necessary to understand
the correlations that exist and how such attempts can be
integrated to help governments and businesses better improve
innovation and achieve better cluster development.
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