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Abstract: Identifying industrial clusters and the changes in the spatial representation of these clusters
is a basic but challenging issue for understanding and promoting urban and regional development.
However, the current evolution characteristics of industrial clusters pay too much attention to the
spatial perspective, and some studies analyze the evolution of industrial clusters from the perspective
of industrial linkages. It is very important to combine industrial linkages and spatial agglomeration
to observe the evolution of industrial clusters. To solve this problem, based on the enterprise big data
from 1984 to 2019, this study uses the method based on natural semantics and spatial collaborative
aggregation to identify industrial linkages and spatial aggregation of industrial clusters, and takes
the electronic information industry cluster in the Pearl River Delta (PRD) region as an example for
empirical research. It can be seen from the results that most of the industries in the PRD cluster
remain stable, and the industrial linkages and spatial agglomeration within the cluster are increasing.
From the overall type of change, fewer industries can maintain high linkage–high proximity, and
most industries are mainly concentrated in low linkage–high proximity. Through the combination of
semantic and spatial synergy analysis, this study helps urban planners and policymakers understand
the changes in industrial linkages and spatial agglomeration of industrial clusters.

Keywords: evolution characteristics of industrial clusters; industrial linkage; spatial coordination;
PRD region

1. Introduction

Industrial clusters have long been regarded as the core engine of urban and regional
development. New economic geographers have also put forward a series of theories that
explain why interrelated firms co-locate in space, form networks, and promote knowledge
spillovers and innovation (Van den Berg et al., 2001; Bresnahan & Gambardella, 2004) [1,2].
The famous economist Hirschman (1958) argues that although such aggregation will lead
to unbalanced development, it can be conducive to government decision making and help
mobilize resources. The key to this encouraged industries with many linkages to other
firms (Hirschman, 1958) [3]. The empirical research also shows that the industrial cluster
provides the impetus and the method of realization for urban economic aggregation. The
aggregation of economic activities reduces the industrial cost, improves the competitive
and cooperative relationship between enterprises (Sadik-Zada et al., 2021) [4], and then
improves industrial production efficiency, which is very important for regional performance,
including innovation and entrepreneurial opportunities (Henderson, 1997; Feldman &
Audretsch, 1999; Porter, 2003; Delgado et al., 2014) [5–8].

Determining regional industrial clusters and understanding the changes in the rep-
resentativeness of these clusters are of great significance for understanding urban and
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regional development, especially in areas with rapid development, which is a regional re-
structuring change brought about by the rapid development of cities and economies (Yang
et al., 2012) [9]. The existing research on the evolution of industrial clusters mainly focuses
on the spatial perspective, exploring why enterprises gather in space and the characteristics
of spatial changes (Searle et al., 2018) [10]. The research objects of spatial evolution mainly
focus on manufacturing (Carlino, 1982) [11], services (Amin & Thrift, 1992) [12], and high-
tech industries (Arbia et al., 2012; Kowalski & Marcinkowski, 2014) [13,14]. For example,
China’s manufacturing industry is increasingly gathering along the eastern coast (Wen,
2004; Long & Zhang, 2012) [15,16], 40–60% of Canada’s manufacturing industry tends to
spatial agglomeration (Behrens & Bougna, 2015) [17], and 71% of Germany’s manufacturing
industry tends to geographical concentration (Koh & Riedel, 2014) [18]. Empirical research
shows that high-tech industries are affected by the knowledge spillover effect, so they tend
to cluster in space (Jaffe et al., 1993; Dauth et al., 2018) [19,20].

Much of the early literature explains why the industrial cluster co-location advantage
is successful (Henderson, 1997; He et al., 2007; Turkina et al., 2016) [7,21,22]. For example,
to obtain knowledge spillover effects, knowledge-intensive industries tend to be more
geographically concentrated; the empirical studies from the United States (Audretsch &
Feldman, 1996) [23], France (Maurel & Sédillot, 1999b) [24], and Germany (Dauth et al.,
2018) [25] prove this view. But the industrial cluster is different from the industrial ag-
gregation; the geographical co-location is not the same as ensuring the establishment of
links and knowledge spillovers (Maskell & Malmberg, 1999) [25]. Firms are not only es-
tablishing linkages with firms within the geographical boundaries of industry clusters but
are increasingly establishing formal linkages with firms outside the boundaries to connect
regional or global production and innovation networks (Bathelt et al., 2004; Owen-Smith &
Powell, 2004) [26,27]. Therefore, the success of industrial clusters depends more on their
local and cross-local network configuration (Wolfe & Gertler, 2004; Lorenzen & Mudambi,
2013) [28,29]. The existing research on the evolution of industrial clusters pays too much
attention to the spatial perspective and ignores the industrial linkages. The success of
industrial clusters depends not only on geographical proximity but also on industry ties.

Therefore, this paper considers the two perspectives of space and connection to jointly
observe the evolution of industrial clusters. The research objectives were as follows:
(1) determining the characteristics of the industry association and spatial co-evolution
of an electronic information industry cluster in Pearl River Delta and (2) understanding
the evolution types of the industrial cluster. For example, which industries will always
maintain industry linkages and spatial synergy? Or there will be spatial agglomeration but
cross-local linkages.

The data used in this study were from 3.57 million enterprises, including the business
scope and industry codes that exist in Guangdong Province up to the end of 2019. The
PRD region is taken as the research area to explore the industrial linkage and spatial
collaborative evolution of the electronic information industry cluster. Semantic analysis
and the colocation quotient (CLQ) are used to study the industry association and spatial
proximity of industrial clusters. In the era of big data, based on data at the enterprise level,
it is not only of theoretical significance to study the correlation and evolution process of
industrial clusters on a more refined scale, but it can also provide decision support for
regional industrial development policies and industrial spatial layout. At the same time,
understanding the industrial linkages and spatial characteristics of industrial development
not only helps the development of the local economy but also provides a reference for the
development of industrial clusters in relevant regions.

The other sections of this article are as follows. The second part reviews the current
definition of industrial clusters, industrial linkages, and spatial evolution. The third part
introduces the research area, data sources, and methods; the fourth part presents the
analysis results; and the fifth is the conclusion and discussion.
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2. Literature Review

The existing literature has not reached a unified definition of industrial clusters. There
are certain differences in the definition of industrial clusters in different disciplines, but it
can be divided into the following three categories according to their different characteristics
(Spencer et al., 2010) [30]: (1) Those that emphasize the geographical proximity of industrial
clusters and define industrial clusters as the geographical concentration of enterprises and
institutions in a certain region (Porter, 1990; Swann et al., 1998; Schmitz & Nadvi, 1999;
Morosini, 2004) [31–34]. (2) Those that emphasize the industrial linkages of industrial
clusters. This kind of definition claims that the enterprise connections within the industrial
cluster are closer than those outside the cluster, forming an interdependent industrial
connection network (Czamanski & Ablas, 1979; De Propris, 2005) [35,36]. (3) Those that
emphasize both the industrial connection and the geographical proximity of enterprises.
This kind of definition posits that the industrial cluster is the concentration of related
enterprises in a geographical area (Rosenfeld, 1997; Swann et al., 1998) [32,37].

Having explained the definition of industrial clusters, the next problem is how to
measure the relationship and proximity of industrial clusters (Guo et al., 2019) [38]. The
research on the spatial proximity of industrial clusters can be divided into two stages. The
first stage is based on the meso–macro unit scale, and the research methods are mainly
location quotients (Liu, 2014) [39], the Theil index (Koech & Wynne, 2016) [40], the entropy
index (Brülhart & Traeger, 2005) [41], etc., which are used to deal with the data of the
official statistical unit, such as employment population, GDP, or other economic indicators
of different geographical units (Isaksen, 1996; Hendry & Brown, 2006; Stejskal & Hajek,
2012) [42–44]. The indicators based on statistical units do not contain spatial dimensions,
so the proximity between spaces cannot be considered. In the second stage, with the
emergence of enterprise big data, the spatial evolution of industrial agglomeration and
specialization can be studied based on the geographical location of enterprises (Ellison &
Glaeser, 1997; Maurel & Sédillot, 1999a; Alonso-Villar * et al., 2004) [24,45,46]. The research
methods include the EG index and MS index proposed by Ellison and Glaeser (1997) as
well as Maurel and Sedillot (1999) (Duranton and Overman, 2005; Kerr and Kominers,
2015) [47,48] and the Moran index (Guimaraes et al., 2011) [49]. However, the research
object of spatial proximity often focuses on the spatial distribution of a single industry,
without considering the spatial proximity relationship within or outside the industry.

For the linkage measure of industrial clusters, the input–output (IO) method is used in
the most advanced research. This type of research has been popular since the late 1960s and
early 1970s. This kind of research is carried out mainly through the IO table to measure the
relationship between industries, and representative methods include principal component
analysis, multivariate cluster analysis, and network analysis (Brachert et al., 2011; Liu
et al., 2012; Yang et al., 2014) [50–52]. This approach has an obvious flaw: Only mutually
exclusive clusters can be obtained, that is, the industry can only belong to one cluster.
However, an industry may belong to multiple clusters (Feser et al., 2005) [53]. At the same
time, principal component analysis and cluster analysis need some experience to determine
the number of industrial boundaries. Industries with a load value of more than 0.40 in each
principal component are generally classified into corresponding clusters. Network analysis
avoids this problem to some extent, but it has a problem. It does not consider the actual
spatial boundaries of industrial clusters; in the empirical analysis, the geographical scope
of the cluster is fixed in the administrative units. The geographical scope of industrial
clusters is within the administrative unit, and network analysis ignores the influence of
geographical boundaries.

The existing research mainly has the following shortcomings: (1) The research object
is based on a single industry or a single industry as an industrial cluster, which ignores
the internal links of the industrial cluster in a certain sense. The industrial cluster should
be the geographical concentration of the relevant industries. (2) From a research perspec-
tive, many studies observe the evolution of industrial clusters by industrial linkages and
spatial proximity, but there are relatively few studies that combine the two perspectives.
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(3) Regarding research methods, judging the industrial association changes in industrial
clusters based on the IO table is limited by the time update (once every 5 years). There are
problems such as the single division method, slow update speed, and cluster exclusion,
which prevent the identification of the industrial clusters from being completed in real
time and quickly (Arbia et al., 2014) [54]. The research object of spatial agglomeration on
the evolution of industrial clusters is mainly based on a single industry, which makes it
difficult to accurately measure the degree of co-agglomeration between industries (Arbia,
2001) [55].

3. Materials and Methods
3.1. Study Area

The PRD was the case area selected in this paper, including nine cities (Table 1). The
PRD is one of the three urban agglomerations with the largest population agglomeration,
the strongest innovation ability, and the strongest comprehensive strength in China. The
Pearl River Delta region has become a world-renowned manufacturing and export base,
forming an industrial cluster dominated by electronic information and household appli-
ances. The electronic equipment manufacturing industries account for 32% and 30% of the
total industrial output and value added, respectively, which are generated by 15% of the
enterprises in these industries. Therefore, the electronic information industry cluster was
selected as the case to be researched in this study. Although there are several case studies
on the PRD region (Feng et al., 2022; Liu et al., 2022; Wang et al., 2022) [56–58], few have
been conducted from the perspective of industrial clusters.

Table 1. GDP and resident population of cities in the Pearl River Delta in 2021.

City GDP (Billion Yuan) Population (Million People)

Guangzhou 28,231.97 1881.06
Foshan 12,156.54 961.26

Zhaoqing 2649.99 412.97
Shenzhen 30,664.85 1768.16
Dongguan 10,855.35 1053.68
Huizhou 4977.36 604.29
Zhuhai 3881.75 243.96

Zhongshan 3566.17 446.69
Jiangmen 3601.28 444.89

3.2. Data Source

The data used in this study were from 3.57 million enterprises in Guangdong Province
until 2019. Enterprise data came from public utilities information and government construc-
tion information voluntarily filled out by enterprises on major B2B websites. Data included
enterprise name, business scope, address, industry, establishment time, and whether there
was import and export trade information. Since the original data only provide address
information, it was necessary to convert the address into the required spatial coordinates
through geographic coding.

The industry information provided by the original data contained the category in-
formation of ‘Industry Classification of National Economic Activities‘ (GB/T 4754-2017),
but there was a lot of missing information in more detailed categories and medium cate-
gories, which needed to be completed according to the existing information. Therefore, this
study used an MLP neural network model (Gardner & Dorling, 1998) [59] to classify and
supplement various types of enterprises.

3.3. Methodology
3.3.1. Term Frequency–Inverse Document Frequency (TF-IDF)

The business scope of each enterprise represents its position in the industry, and the sum-
mary of the business scope of enterprises in each industry can represent the characteristics of
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the industry. The semantic similarity in natural language processing was used to measure the
similarity in the business scope between industries and to determine the degree of correlation
between industries. The sentence semantics of business scope was much simpler than the
article, so the typical TF-IDF feature extraction method was used to represent the business
scope text of various industries as a vector composed of feature words.

TF: The more frequently a word appears in an industry scope text, the more relevant it
is to the industry; note that many specific words in a particular language environment do
not have this feature and should be excluded.

IDF: The more frequently a word appears in multiple industry business scope texts in
the set of industry business scope texts, the worse the ability to distinguish the word is.

TF− IDF(wi) = tf( wi)× id f( wi) = t f j (wi)× log
N

d f ( wi)
(1)

Here, t f j (wi) represents the frequency of the current word wi in the industry j, N
represents the total number of all industries in the industry set, and d f ( wi) represents how
many industries in the industry set have the current word wi. Through the above analysis
of each word in the industry set, the TF-IDF value of each word in each industry is obtained,
and then the TF-IDF value is used to establish a vector model for each industry. The
similarity between industry vectors is the semantic similarity between industries, which is
the degree of association between industries.

3.3.2. The Colocation Quotient (CLQ)

The colocation quotient (CLQ) is a spatial correlation based on point elements analysis
to measure the spatial association between all industry categories in the dataset (Liu et al.,
2021) [60]. It can explore the spatial relationship between an industry and any other
industry category in the dataset and then find a highly collaborative industry category
in the study area. Therefore, we can use this method to explore the spatial synergy of
industries in industrial clusters.

CLQAi→B =
NAi→B/NA

NB/(N − 1)
(2)

NAi→B =
N

∑
j=1(j 6=i)

wij· fij

∑N
j=1(j 6=i) wij

(3)

Spatial association pattern of collaborative location quotient based on global collabo-
rative location quotient (CLQ) and Monte Carlo permutation test. The p-value can divide
this spatial correlation into four categories (Table 2):

Table 2. Spatial correlation classification of collaborative location analysis.

Type CLQ p Value

Cooperative
localization—significant >1 <0.05

Cooperative
localization—non-significant >1 >0.05

Isolate—significant ≤1 <0.05
Isolate—non-significant ≤1 >0.05

4. Results
4.1. Changes in Industrial Cluster Industry Linkage Network

Industry classification was divided according to the category of national economic in-
dustry classification, and the semantic similarity between two medium-sized industries was
calculated based on the PRD region. The calculation time was 1984–2004/2009/2014/2018.
In C39, the average semantic similarity between four years was 0.58, so 0.58 was used as
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the division standard of the cluster industry. The PRD electronic information industry clus-
ter includes the manufacturing industry; wholesale and retail; information transmission,
software, and information technology services; scientific study and technological service
enterprise; and residential services, repairs, and other services. The number of industries
within the cluster increased from 18 to 33. The changes in the industry within the cluster
can be divided into the following categories (Table 3): (1) most of the industries remain
stable in the cluster, including C347, C358, C385, etc.; (2) industries that emerged after 2009,
including C241, C399, C402, etc.; (3) unstable industries in the cluster appear in some years
but cannot remain stable, such as C359.

The industrial linkages of industrial clusters were calculated by semantic similarity.
The size of nodes in the figure is the sum of semantic similarity with other industries, and
the width of the edges is the semantic similarity between two nodes, which is regarded as
the degree of association between nodes. From the changes in industrial linkages, it can
be seen that the linkage network of the electronic information industry cluster in the Pearl
River Delta is deepening, and the cluster network linkage is centered on C39 (Figure 1). In
addition to the industry of C39, the network identifies manufacturing and services that are
strongly associated with it (Table 4). Since the change of service industry, wholesale and
retail trade in the cluster was only F517 in 2004, increased to F514 in 2009, but had weak
links with other industries in the cluster. In 2014, the cluster entered F516 and F529 and
remained stable, of which F517 maintained high links with most industries in the cluster.
The technology service industry appeared and remained stable in 2009, including M751
and M759, and its related industries are mainly C39. From the perspective of changes in
the manufacturing industry, most of the manufacturing industries had connections in the
cluster in 2004. With the development of clusters, and new industries entering the cluster,
the number of industries is increasing. It can be seen from the connection between the
network diagram industries that the number of connections between the industries is rising,
and the connection network between the cluster industries is constantly strengthening.
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Table 3. The change in characteristics of industrial cluster industry activity.

Industry Type 2004 2009 2014 2019

C Manufacturing industry

C24 Education, industry, sports, and
entertainment supplies manufacturing

C241 Cultural and educational office supplies manufacturing —
√ √ √

C243 Manufacture of arts and crafts and etiquette supplies
√ √ √ √

C29 Rubber and plastic products industry
C291 Rubber products industry — — —

√

C292 Plastic products industry
√ √ √ √

C33 Metal products industry
C335 Manufacturing of metal products for construction and safety —

√ √ √

C339 Casting and other metal products manufacturing — — —
√

C34 General equipment manufacturing industry
C344 Pumps, valves, compressors, and similar machinery manufacturing — — —

√

C347 Machinery manufacturing for culture and offices
√ √ √ √

C35 Special equipment manufacturing
C358 Medical equipment and equipment manufacturing —

√ √ √

C359 Manufacturing of environmental, postal, and public services, and other special equipment
√ √

—
√

C38 Electrical machinery and equipment
manufacturing industry

C381 Motor manufacturing — —
√ √

C382 Power transmission, distribution, and control equipment manufacturing — —
√ √

C385 Manufacture of household electrical appliances
√ √ √ √

C387 Lighting equipment manufacturing
√ √ √ √

C39 Computer, communications, and other
electronic equipment manufacturing

C391 Computer manufacturing
√ √ √ √

C392 Communication equipment manufacturing
√ √ √ √

C393 Radio and television equipment manufacturing
√ √ √ √

C395 Manufacture of non-professional audiovisual equipment
√ √ √ √

C396 Intelligent consumer equipment manufacturing
√ √ √ √

C397 Electronic device manufacturing
√ √ √ √

C398 Electronic components and electronic special materials manufacturing
√ √ √ √

C399 Other electronic equipment manufacturing — —
√ √

C40 Instrument manufacturing
C401 General instrumentation manufacturing

√ √ √ √

C402 Special instrument manufacturing — — —
√

F Wholesale and retail F51 Wholesale business

F514 Culture, sports goods, and equipment wholesale —
√ √ √

F516 Wholesale of mineral products, building materials, and chemical products — —
√ √

F517 Wholesale of mechanical equipment, hardware, and electronic products
√ √ √ √

F52 Retail business F529 Stores, non-stores, and other retail — —
√ √
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Table 3. Cont.

Industry Type 2004 2009 2014 2019

I Information transmission, software,
and information technology services I65 Software and information technology services

I651 Software development
√ √ √ √

I652 Integrated circuit design
√ √ √ √

I656 Information technology consulting service
√ √ √ √

M the scientific study and technological
service enterprise

M75 Technology extension and
application services

M751 Technology promotion services —
√ √ √

M752 Other technology promotion and application services —
√ √ √

O Residential services, repairs, and
other services

O81 Motor vehicles, electronic products, and daily
products repair industry O812 Computer and office equipment maintenance —

√ √ √
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Table 4. Industrial cluster network centrality.

Degree
Centrality 2004 2009 2014 2019

C24 0.06 0.08 0.11 0.06
C29 0.24 0.25 0.21 0.22
C33 — 0.08 0.07 0.13
C34 0.06 0.13 0.18 0.19
C35 0.06 0.08 0.04 0.06
C38 0.47 0.46 0.36 0.41
C39 2.82 3.63 3.50 3.28
C40 0.06 0.13 0.04 0.16
F51 0.12 0.13 0.04 0.28
F52 — — 0.04 0.03
I65 0.24 0.33 0.32 0.13

M75 — 0.33 0.21 0.06
O81 — 0.04 0.07 0.13

4.2. Change in Spatial Synergy Characteristics of Industrial Clusters

Screening the 2004–2019 Pearl River Delta electronic information industry cluster in
the industry at 0.05 level of significant indigenous GCLQ (Figure 2), the higher GCLQ is
the industry agglomeration in space. From the overall spatial collaborative change charac-
teristics of the electronic information industry cluster in the PRD, the overall aggregation
level between industries is continuously strengthened, and the number of collaborative
aggregation industries has increased from 24.38% to 35.08%. From the perspective of
the agglomeration level of the same industry, it can be mainly divided into three cate-
gories: (1) a small number of the same industries in the cluster have a high agglomeration
level, such as C347/C344/C395; (2) most of the same industries gather at a certain level
of steady growth; and (3) very few industries do not have aggregation, such as C393.
From the perspective of the intensity of co-agglomeration between different industries, the
co-agglomeration between most industries maintains a stable state, and a few industries
have a slight downward trend (I651/I652 et al.). Among them, the industries with the
highest degree of coordination and aggregation with other industries are C393 and C395.
Overall, most enterprises in the same industry show stronger aggregation in space, which
is increasing steadily; at the same time, the spatial aggregation degree between different
industries is slightly weaker than that between the same industries.
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Figure 2. Spatial co-evolution characteristics of industrial clusters.

From the number of collaborative aggregations between industries, the number
of aggregations between industries generally shows an increasing trend (Figure 3 and
Table 5). C39 in the manufacturing industry, I65 in the service industry, and other industries
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show the most obvious collaborative aggregation growth. On the whole, the distribution
of manufacturing and service industries is scattered. Manufacturing is more inclined
to maintain co-agglomeration with manufacturing. In terms of changes, the C39 indus-
try mainly increases the co-agglomeration with other manufacturing industries, and the
I65 industry mainly increases the co-agglomeration with other service industries, while the
increase in industries with obvious indigenous agglomeration between manufacturing and
service industries is less.
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Table 5. Spatial coordination quantity change of industrial clusters.

Number 2004 2009 2014 2019

Total 324 625 841 1089
Significant 164 351 564 774
Significant
synergies 79 155 258 382

Proportion 24.38% 24.8% 30.68% 35.08%

4.3. Spatial Link Change Types of Industrial Clusters

By calculating the average linkages and spatial synergy values of all industries in the
cluster, the changes in industrial cluster types are divided into four categories (Figure 4):
high proximity–high linkages; high proximity–low linkages; high proximity–low linkages;
and low proximity–low linkages. From the overall change, the number of the first quadrant
(high linkages/proximity) has been relatively small; most industries are concentrated in
the second quadrant (high proximity, low linkages), mainly manufacturing; there are a few
in the third quadrant (low linkages/proximity), and this part of the industry is mainly the
service industry.
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From the change in the first quadrant, the number of industries shows an increasing
trend. C391/C392 remained stable from 2004 to 2014. After 2014, industries such as
C292/C385/C335 increased. The number of the second quadrant increases greatly. In
addition to industries such as C398/C399 that remain stable, many related manufacturing
industries such as C401/C402/C339 are added in the follow-up. This quadrant is mainly
dominated by manufacturing and has high spatial synergy with industries in the cluster, but
the linkage with industries in the cluster remains to be strengthened. The third quadrant of
the industry has been relatively stable since 2009, mainly in the service industry, indicating
that the cluster service industry and manufacturing spatial aggregation degree and industry
linkages are insufficient. The fourth quadrant trend is mainly reduced. By 2019, only two
industries, O812 and F517, are left. These two industries have strong links with cluster
industries, but the degree of spatial agglomeration is still insufficient.

5. Discussions and Conclusions

Compared with previous studies, the main contributions of this paper are as follows.
First of all, from the perspective of research methods, the previous research objects are
mainly single industry categories such as manufacturing, service industry, etc. In terms of
industrial clusters, this paper understands the industry composition and industry synergy
within the cluster, which is more conducive to the implementation of practical planning.
Secondly, the previous research on industrial evolution pays more attention to the spatial
perspective. Based on the semantic and spatial collaborative analysis, this study conducted
research on the spatial contact evolution of industrial clusters. The proposed method is
faster and more convenient to complete the research on the identification and evolution
characteristics of industrial clusters. Understanding the development trend of industrial
clusters, spatial evolution, and the characteristics of industrial linkage changes will help
the implementation of industrial spatial planning. The common evolution of the two
perspectives is more conducive to understanding the change in industrial clusters in space
relations, thus helping policymakers and urban planners to formulate relevant industrial
development and spatial layout policies.

In the industrial cluster identification of this paper, the identification results are highly
consistent with the IO table. From the perspective of industrial connection and spatial
aggregation, the manufacturing industry related to electronic information has a high degree
of aggregation and connection in space, but the degree of aggregation is different; the
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producer services related to it are not highly agglomerated with the electronic information
industry but maintain a certain degree of contact, indicating that these industries have
produced cross-regional linkages, which supports the conclusions of previous studies that
the service industry is more spatially dispersed than the manufacturing industry (Barlet
et al., 2013; Koh & Riedel, 2014; Dauth et al., 2018) [18,20,61].

These findings have two main policy implications. First of all, the changes in the
activity, connection, and spatial characteristics of the electronic information industry cluster
in the PRD will help to provide a reference for the development of the electronic information
industry in inland urban agglomerations. At the same time, it can enable policymakers and
urban planners to evaluate the development and changes in industrial clusters more quickly
in order to adjust the development policies of industrial clusters. Second, cooperation
rather than competition should be considered among the governments in the development
of regional industrial clusters. A complete industrial cluster requires a cross-city layout in
the region. Therefore, when the government conducts the layout of industrial clusters, it
should fully consider the coordinated development of urban industries in the region rather
than increasing the homogenization of urban industries, which is very important for the
industrial transfer and upgrading of urban agglomerations.

Although this study contributes to the linkage–spatial evolution characteristics of
industrial clusters, there are still the following limitations. Firstly, the data used in this study
are the data of urban agglomeration enterprises in the PRD region until 2019. However, due
to the existence of enterprises, there are no closed enterprises. Second, since the division of
industrial clusters based on semantic association is a novel technology, this study did not
consider reality and only focuses on the industrial association characteristics of industrial
clusters. In addition, this study did not focus on the relationship between universities,
research institutions, and enterprises. An important direction for future research is to
examine the relationship between semantic association, spatial association, and economic
growth. Therefore, it is necessary to choose a more appropriate measurement model to
explore and verify.

The spatial and temporal evolution of industrial clusters has been an important
part of economic geography research. Understanding and identifying the changes in
industrial clusters in space is a basic problem for understanding the development of urban
and regional industries. This study first determined the evolution of the activity of the
electronic information industry cluster in the PRD and its connected network. The number
of industries in the cluster increased from 18 to 33, most of which remained stable in the
process of evolution and were stable in the cluster from 1984 to 2019. A small number of
industries appeared in the process of cluster evolution, and the years of emergence were
also different. Regarding the changes in linkages, the linkages among industries within
the cluster are deepening, with industry C39 as the core. Regarding the change in spatial
co-agglomeration, the overall spatial co-agglomeration characteristics of the electronic
information industry cluster in the PRD show that the overall agglomeration level among
industries has been continuously strengthened, and the number of co-agglomeration
industries has increased from 24.38% to 35.08%.

Regarding the type of change, few industries can maintain high contact–high proximity,
and most are mainly concentrated on weak contact–high proximity. Regarding the change
in cluster industry type, most of the manufacturing and electronic information industries
maintain a high degree of aggregation, and a small part of them maintain a high degree
of industrial connection; most of the related service industries maintain low proximity–
low linkage level, and only a small part of them maintain low proximity–high linkage
level. Theoretically, whether an industry tends to spatial agglomeration or dispersion is
closely related to its industrial attributes. Scholars have different views on whether the
manufacturing industry is more inclined to geographical concentration and whether the
manufacturing industry has a higher degree of spatial agglomeration than the service
industry. This paper finds that the spatial agglomeration degree of the manufacturing
industry in the PRD is higher than that of the service industry.
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