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For a deep understanding of Beijing-Tianjin-Hebei (BTH) collaborative innovation, we detected and visualized the communities
of innovation in BTHUrban Agglomeration based on the patent cooperation network. China Patent Database was connected with
Business Registration Database and the Tianyan Check to achieve the geographical information of organizational innovators.
Spinglass algorithm was applied and ultimately 12 communities of innovation were detected. Based on the different structure
characteristics, we further clustered the 12 communities into four typical structures that are hierarchical, single-center, poly-
centric, and flat structures. +e hierarchical structure is usually large in scale and the cooperative intensity is relatively high.
Single-center structure has a center with a high proportion of centrality and the cooperative intensity is relatively low. Polycentric
structure has multiple centers with similar proportions of centrality. Flat structure is usually small in scale and has no obvious
network center. In the patent cooperative network of BTH Urban Agglomeration, universities and state-owned enterprises
occupied the centers and acted important roles to connect other organizations. Some communities of innovation showed
significant industry characteristics, mainly involving six industry fields that are electric power, construction, petroleum, met-
allurgy and materials, municipal transportation, and railway. From the geographical perspective, some communities manifested
local attributes and some demonstrated cooperation between regions. Beijing was the center of the Beijing-Tianjin-Hebei patent
cooperation network. Compared with the pair of Beijing-Tianjin and the pair of Beijing-Hebei, Tianjin and Hebei were not closely
connected. In the future, Beijing-Tianjin-Hebei collaborative innovation should strengthen cooperation between Tianjin
and Hebei.

1. Introduction

Beijing-Tianjin-Hebei (BTH) integration plan is an im-
portant national strategy aimed for the sustainable devel-
opment of the BTH Urban Agglomeration. In the past,
Beijing as the capital of China abstracted the best talent,
technology, and capital from all over the country while the
region surrounding Beijing is somewhat overshadowed. As
the unique first-tier city in the North of China, Beijing plays
a role of siphonage on the region surrounding Beijing
through the spillover effect [1]. Unlike the balanced

development in Yangtze River Delta, the region surrounding
Beijing has significantly lagging economic development
levels. However, BTH integration plan will change it and
aims to create the third growth pole of the Chinese economy
after the Yangtze River Delta and Pearl River Delta.

Nowadays, innovation has become an important driving
force for economic development. Accordingly, collaborative
innovation plays an important role in the coordinated de-
velopment of BTH. In recent years, some scholars have
explored the cooperative innovation in BTH Urban Ag-
glomeration from the perspective of network based on
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copatenting, copublications, or patent right transaction data.
Liu et al. [2] portrayed the spatial dynamics of intercity
technology transfer networks in China’s three urban ag-
glomerations based on patent right transaction data from
2008 to 2015. Chen et al. [3] explored the evolution of re-
gional innovation ability based on the innovation network
constructed by using the cooperation patent data of “211
universities” in Beijing, Tianjin, and Hebei regions during
2002–2016. Shi et al. [4] portrayed the scientific cooperation
network of Chinese scientists and the spatial distribution
characteristics. Lyu et al. [5] revealed the spatial organization
and evolution characteristics of the innovation network of
BTH Urban Agglomeration based on coauthorized patent
data. Xing and Zhang [6] observed the innovation network
evolution process of BTH Urban Agglomeration and
compared the network features with Yangtze River Delta
Urban Agglomeration based on the copatenting data of the
World Intellectual Property Organization. +e previous
studies have studied the network characteristics and spatial
distribution characteristics of the innovation network in
BTH Urban Agglomeration constructed at the city level or
microlevel. In this paper, we focused on the community
structure in the innovation network of BTH Urban
Agglomeration.

With the rapid development of technology, in some
fields with dispersed knowledge, no one firm can lead the
position in all aspects. It is difficult to create significant
innovations for the entire market on its own. In this situ-
ation, firms have to seek collaboration from the outside
world. Hence, the innovation cooperative network forms. In
this complex network, the community structure raised the
attention of Coakes and Smith [7]. +ey termed this kind of
community structure as a community of innovation and
deemed it as a special case of the more general community of
practice dedicated to the support of innovation. Lim and
Ong [8] further clarified the relationship between the
community of innovation and community of practice. Yi
and Li [9] focused on the mechanism of knowledge transfer
between enterprises. Researchers have formed a consensus
that a community of innovation plays a vital role in the
innovation generation [10, 11]. However, the empirical
research is still very rare. +e current research mainly fo-
cuses on the theoretical level although Coakes and Smith had
pointed out that network visualization and analysis (NVA)
and social network analysis (SNA) were feasible means to
detect the relationships between organizational actors and
map their social networks. One of the reasons is that the
empirical data of innovation cooperative networks is not
available. With the availability of data and the development
of methodology, researchers can detect and visualize com-
munities of innovation in innovation cooperative networks.
Gloor et al. [12] visualized the communication patterns in
cooperative innovation networks constructed on e-mail
archives and selected three communities. Smith [13] visu-
alized a network map showing who goes to whom for
specific information in a target community. However, these
communities visualized are usually on a small scale and the
community detection technique has no necessity of use in
the research.

In recent years, community detection techniques have
been used in the detection of technology clusters or scientific
knowledge clusters based on the network of patent or sci-
entific publications [14–17]. +e community detected in the
citation network of patent or scientific publications is dif-
ferent from the community of innovation. Community of
innovation consists of innovators and their cooperation
relationship; however, in the patent citation network, the
nodes are patents or scientific publications and the links are
the citations. +e aim of detecting the community of in-
novation is to find who cooperates with whom and what
characterizes the community; however, the aim of detecting
technology clusters is to explore the technological change
and predict the emerging technologies.

+is paper detected and visualized the communities of
innovation in BTH Urban Agglomeration based on the
patent cooperation network by using community detection
techniques in SNA. +e patent cooperation network was
constructed with organizational innovators and their patent
cooperative relationship. Patent is an important form of
innovation output; therefore, we use the patent cooperation
network to portray innovation cooperative networks.
+rough community detection, we hope to have a deeper
understanding of the innovation cooperative network in
BTH Urban Agglomeration. From the communities of in-
novation, we can find the features of the innovation co-
operation in BTH Urban Agglomeration.

2. Materials and Methods

2.1. Data

2.1.1. Dataset. +ree data sources were used in this paper.
+e first was China Patent Database from the State Intel-
lectual Property Office (SIPO) from 1985 to March 2018,
which contained 19 variables including patent application
time, inventor, patentee, and patent category. +e second
was Business Registration Database (BRD) from the State
Administration of Industry and Commerce (SAIC) which
contained 15 variables including enterprise name, province,
city, district, 4-digit industry code, registered capital,
foundation date, and address. +e third was data from the
TianYanCha Database (TYCD), which collected information
on more than 180 million social entities (including enter-
prises, institutions, foundations, schools, and law firms) in
the country, including listing information, enterprise
background, enterprise development, judicial risk, business
risk, business status, and intellectual property rights.

2.1.2. Data Processing. Data processing and matching was
essential in this study and there were five steps to construct
the patent cooperation network. First, we filtered out those
patents that had only one patentee. Second, we split the
multiple patentees into array and each patentee was the
element of the array. +ird, we filtered out the individual
patentees because they were not valid organizations. We
identified an organization as valid only if its name was
contained in BRD or TYCD. BRD contained all business
registration information except nonprofit organizations
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such as universities and research institutions. As supple-
mentary, we used TYCD that contained information about
nonprofit organizations. Forth, we constructed the data
frame of patent cooperation network by reshaping the
patentee array. For example, if a patent contained three
organization patentees, we wrote the array as [p1, p2, p3],
where each element stood for an organization patentee. We
reshaped the array into three arrays, that is, [p1, p2],
[p1, p3], and [p2, p3]. +e pair of elements in the newly
reshaped arrays constituted two nodes and one edge between
them in the patent cooperation network, meaning that the
two organization patentees had patent cooperation rela-
tionship. Finally, we extracted the edges with both nodes
belonging to BTH Urban Agglomeration. Since BRD and
TYCD supplied the geographical information of all the
organizations, we could easily filter out the nodes and edges
that did not belong to BTH Urban Agglomeration.

From 1985 to March 2018, SIPO received 21.7 million
patent applications, 4.4% of which were cooperative patents
between organizations. +ere were 125 thousand organi-
zations in the patent cooperation network, of which 57%
were domestic enterprises, 27% were universities and in-
stitutions, and 16% were foreign organizations. Before 2000,
only few organizations cooperated in patent applications
while the number has grown rapidly since then. We
extracted 128 thousand cooperation relations and 9643
organizations for the patent cooperation network of BTH
Urban Agglomeration from the national network. Within all
the organizations which had a patent cooperation rela-
tionship in BTH Urban Agglomeration, 6093 organizations
were from Beijing, 1838 from Tianjin, and 1712 from Hebei,
accounting for 63.2%, 19.1%, and 17.8%, respectively.
+erefore, it can be seen that Beijing played a key role in the
patent cooperation network of BTH Urban Agglomeration.

2.2. Methodology. Social network analysis is a multidisci-
plinary emerging field based on graph theory and using
statistical, computer, and visualization techniques as analysis
methods. Since the later 20th century, this method has re-
ceived much attention from scholars in many disciplines
such as physics, mathematics, biology, sociology, and
economics.

Network can be defined as a graph G :� (V, E). V is the
collection of nodes representing cooperative organizations
such as enterprise, university, and research institution. E is
the collection of edges representing patent cooperative re-
lationship with weight W. +e more frequently they col-
laborate in patent application, the larger the weight is. Larger
weight means closer connection. Since collaboration has no
direction, we deem the patent cooperation network as an
undirected graph.

2.2.1. Indicator Based on Network Description. Many
quantitative indicators have been defined on networks. In
this paper, we applied the following indicators to describe
the innovation cooperation network of BTH Urban
Agglomeration:

(1). Community Size. Community size refers to the number
of nodes contained in the community.

(2). Degree Centrality. Degree centrality is the simplest
measure of centrality, which measures how many links a
node has. In a given graph G :� (V, E) with n vertices and m
edges, the degree centrality of a vertex ] is defined as

CD(v) � deg(v). (1)

(3). Cooperative Intensity. In order to measure how many
different cooperators an organizational innovator has, we
defined cooperative intensity. Let L denote the number of
edges without weight in graph G. Cooperate intensity is as
follows:

cooperative intensity �
2L

n
. (2)

2.3. Community Detection Technique. Community refers
to a group of nodes with dense connections within the group
and sparser connections between the groups. Community
detection is crucial for the understanding of the internal
organizations of complex networks. Over the last decades,
community detection has become one of the most popular
subfields in social network analysis. Many community de-
tection methods have been developed and applied in a
variety of fields such as sociology, biology, and statistics. Fast
Greedy algorithm [18], Walktrap [19], Infomap [20], Label
Propagation [21], Multilevel [22], and Spinglass [23] are the
most popular and widely used algorithms in the field of
community detection. Some research [24, 25] compared
these algorithms and showed that Spinglass, Multilevel, and
Fast Greedy performed better than other algorithms. Fur-
ther, Spinglass performed more robust on community de-
tection regarding perturbations. In this paper, we applied
Spinglass community detection algorithm to identify the
communities in the innovation cooperation network of BTH
Urban Agglomeration. Spinglass algorithm employs a
Spinglass model from statistical physics to provide a rig-
orous foundation for combining external knowledge into
community detection processes [26]. It is a semisupervised
community detection algorithm. +e goal of Spinglass al-
gorithm is not to maximize the “modularity” which is a
global objective measure of how good the global community
structure discovered by an algorithm is [27]. It can both
obtain high-scoring modularity and meet the provided
requirement.

We compared five community detection algorithms to
find the best one to fit the BTH cooperative network. +e
summarized results (Table 1) showed that Fast Greedy and
Spinglass had the highest modularity. Different algorithms
varied greatly in the number of communities and the
community size. Walktrap and Label Propagation had more
than 500 communities with the highest coefficient of vari-
ation (CV) of community size. Although the Fast Greedy
algorithm had 0.83 modularity, it generated too many
communities with extremely small size. +ere were only 15
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communities with more than 100 nodes and more than 71%
of the communities were with less than 20 nodes. +erefore,
in order to better understand the structure of the BTH patent
cooperation network, we finally chose the Spinglass
algorithm.

3. Results

3.1. Characteristic of Patent Cooperation Network. We
extracted organizations of BTH Urban Agglomeration from
the entire national network and constructed an innovation
cooperation network of BTH Urban Agglomeration with
9643 nodes (Figure 1). In the network, the largest connected
subgraph contained 6319 nodes accounting for 66% of the
total. Except the largest connected subgraph, the other 1370
subgraphs were all on a small scale; most of them consisted
of two nodes.

Visualizing the largest connected subgraph (Figure 2),
we found that Beijing organizations (yellow nodes) domi-
nated the patent cooperation network of BTH Urban Ag-
glomeration.Within the top 30 organizations, 24 (80%) were
from Beijing and within the top 10 organizations, and 9
(90%) were from Beijing. From the perspective of the or-
ganizational category, universities and some state-owned
enterprises occupied the center of the network and acted as
bridges (Table 2).

3.2. Communities of Innovation. Except the largest con-
nected subgraph, other subgraphs were on a small scale,
most of which consisted of only two nodes. +erefore, we
only detected communities in the largest connected sub-
graph with the aim of exploring the modes of patent col-
laboration in BTH Urban Agglomeration.

Since the frequency of collaboration obeyed power-law
distribution with few organizations collaborating frequently
while the others rarely, we took logarithm transformation of
the frequency in order to eliminate the huge difference. We
designated the number of communities in Spinglass algo-
rithm from 6 to 25, since too many or too few communities
did not benefit the understanding of network structure. By
comparing the modularity under different designated
numbers of communities, ultimately we chose 12 commu-
nities of innovation (Figure 3) by using Spinglass algorithm
in R package igraph.

We further used a hierarchical cluster algorithm to
cluster 12 communities into clusters based on six clustering
variables reflecting the structure characteristic of each
community (Table 3). We standardized the six clustering

variables and used ward.D2 cluster method based on Eu-
clidean distance in the hierarchical cluster algorithm. Elbow
method was used to determine the optimal number of

Table 1: Comparison of community detection algorithms in BTH patent cooperation network.

Algorithm Fast Greedy Walktrap Label Propagation Multilevel Spinglass
Modularity 0.83 0.75 0.73 0.81 0.83
Number of communities 115 531 516 57 12
Maximal community size 1300 758 934 774 784
Mean of community size 55 12 12 111 527
Minimal community size 2 2 2 3 318
CV of community size 2.85 4.3 3.8 1.31 0.29

Figure 1: Patent cooperation network in BTH Urban
Agglomeration.

Figure 2: Visualization of the largest connect subgraph. Note:
yellow nodes represent Beijing organizations, red nodes represent
Hebei organizations, and green nodes represent Tianjin
organizations.
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clusters. Figure 4 shows that the optimal number of clusters
was four where the curve became flat.

Table 4 shows the group members of each cluster and
their features. +e mean of cooperative intensity is ranked
as cluster #1 > cluster #4 > cluster #3 > cluster #2. Except
for cooperative intensity, the mean of the other five
variables is ranked as # 2 > cluster # 1 > cluster #3 > cluster
#4. Furthermore, analysis of variance (ANOVA) showed a

significant difference in the four clusters given a signifi-
cant level of 0.05.

4. Discussion

Sort the 12 communities according to their size in
descending order and number them no. 1–12. We will
discuss the structural characteristics and industrial

Table 2: +e top 20 organizations with the highest degree centrality in BTH Urban Agglomeration.

Rank Name Centrality Rank Name Centrality
1 State Grid Corporation 685 11 China National Offshore Oil Corporation 125

2 Tsinghua University 575 12 Beijing University of Posts and Telecommunications
(BUPT) 117

3 Tianjin University 225 13 North China Electric Power University 116
4 Peking University 183 14 Nankai University 116

5 University of Science and Technology
Beijing 181 15 Beijing Jiaotong University 112

6 Beijing University of Technology 150 16 Beijing Institute of Technology (BIT) 110
7 China Electric Power Research Institute 146 17 Hebei University of Technology 82
8 Beihang University 136 18 State Grid Electric Power Company, Beijing 81

9 Beijing University of Chemical
Technology 135 19 Tianjin University of Science and Technology 81

10 State Grid Power Company in Hebei
Province 126 20 China Shenhua Energy Group 79

Figure 3: Visualization of the 12 communities of innovation. Note: different colors denote different communities of innovation.

Table 3: Clustering variables and description.

Variable Description
centr1st +e proportion of the highest degree centrality
ratio12 +e ratio of the highest degree centrality to the second high
Ratio13 +e ratio of the highest degree centrality to the third high
ratio14 +e ratio of the highest degree centrality to the fourth high
Ratio15 +e ratio of the first highest degree centrality to the fifth high
coop-int +e number of different cooperators an organizational innovator has
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characteristics of these 12 communities of innovation in
BTH Urban Agglomeration in the following.

4.1. Structural Characteristic of Communities. According to
the features of the four clusters, we summarized four typical
structures of the community: hierarchical structure, single-
center structure, polycentric structure, and flat structure. In
the following, we will illustrate these four structures in detail.

4.1.1. Hierarchical Structure. Hierarchical structure consists
of first-level central nodes, second-level central nodes, and
slave nodes. +e first-level central node takes the central
position. +e second-level central node surrounds the first-
level central node and at the same time acts as the central
node itself with other slave nodes surrounding it. Cluster #1,
which only contains community #1, is a typical hierarchical
structure. Community #1 is the largest community of in-
novation with 784 nodes mainly composed of universities,
research institutes, and enterprises related to electricity and
power grid. +erefore, we named it as the Electric Power
Community of Innovation (Figure 5).

In hierarchical structure, the first-level central node
usually accounted for a high proportion of degrees, and the
degree ratios of the first-level central node to the second-
level central nodes were high too. +is feature made the
structure hierarchical. Besides, we speculated that hierar-
chical structure encouraged more connections with different
nodes since it had the highest cooperative intensity com-
pared with the other three structures.

+e first-level central node in the Electric Power
Community of Innovation was the State Grid Corporate and

the second-level central nodes were the China Electric Power
Academy, State Grid Power Company in Hebei Province,
North China Electric Power University, and State Grid
Power Company in Beijing. Due to the high-tech and high-
capital characteristics of the power industry, innovation
cooperation in the power industry was more necessary.
Meanwhile, the monopoly nature of the power industry was
obvious. State Grid Corporate, the head enterprise, inevi-
tably occupied the most important position. Most of the
organizations in the Electric Power Community had close
relationships with the State Grid Corporation in the form of
subsidiaries, joint-stock, common industry filed, and so on,
which cleared the barriers to innovation cooperation and
made it the biggest community in BTH Urban Agglomer-
ation. +e number of cooperative patents in the Electric
Power Community was 58 thousand accounting for 32% of
the largest connected subgraph and 29% of the entire
network.

From the geographical characteristics (Table 5), com-
munity #1 had the highest proportion of organizations from
Hebei Province, accounting for 36%. +e geographical
characteristics of community #1 indicated that in the field of
electric power Hebei Province had a close relationship with
Beijing while it had a weak relationship with Tianjin. Within
all the connections between regions in community #1, the
proportions of connections between Beijing-Hebei, Beijing-
Tianjin, and Hebei-Tianjin were 76.1%, 22.3%, and 1.6%,
respectively. +is characteristic was also true for community
# 4, which was in the field of metallurgy and materials.

Actually, from the view of the whole network, we could
find that there was no close relationship between Tianjin and
Hebei. Strong relationships only existed between Beijing and

Table 4: Group members of each cluster and their features.

Cluster
no. Community no. Mean of centr1st

(%)
Mean of
ratio12

Mean of
ratio13

Mean of
ratio14

Mean of
ratio15

Mean of
coop-int

1 1 16 4.69 5.44 5.91 8.46 4.86
2 2 27 11.27 14.02 19.83 21.30 2.32
3 3, 4, 5, and 7 11 1.76 3.36 4.69 5.80 2.52
4 6, 8, 9, 10, 11, and 12 7 1.45 2.02 2.45 2.89 2.88
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Tianjin or between Beijing and Hebei. To be more specific,
there were 1712 nodes in the BTH network belonging to
Hebei Province with 2797 edges, within which, 38% were
connected inside Hebei and 53% connected Beijing and
Hebei, while only 9% connected Tianjin and Hebei. For
Tianjin, there were 1838 nodes in the BTH network with
2812 edges, within which, 53%were connected inside Tianjin
and 38% connected Beijing and Tianjin, while only 9%
connected Tianjin and Hebei. As for Beijing, 6093 nodes in
the BTH network belonged to Beijing with 10038 edges,

within which, 74% were connected inside Beijing, 11%
connected Beijing and Tianjin, and 15% connected Beijing
and Hebei. It was obvious that Beijing dominated the BTH
network and connected Tianjin and Hebei, respectively. It
reflected the lack of innovative connections between Tianjin
and Hebei.

Some of the communities have significant geographical
attributes. For example, more than 80% of organizations of
communities #2, #6, and #7 were from Beijing, and about
half of the organizations of communities #5 and #10 were
from Tianjin. +is phenomenon reflected geographical ag-
glomeration. We speculated that geographical proximity
facilitated patent cooperation.

4.1.2. Single-Center Structure. Single-center structure
community consisted of one single node as core and the
other nodes surrounding it. +e single node occupied the
dominant position and the others were subordinate status.
Cluster #2, which only contained community #2, was a
typical single-center structure. Since the center of com-
munity #2 was Tsinghua University, we named it as
Tsinghua Community of Innovation (Figure 6). Single-
center structure had two features. First, it had a single
central node with very large degree centrality and other
nodes with much smaller degree centrality. Second, due to

1 State grid corporation
3 State grid power company in hebei province
5 State grid electric power company, beijing
7 State grid power company in hebei province
9 State grid jibei electic power Co., Ltd.

2 China electric power academy
4 North china electric power university
6 rth china electric power research institute
8 State grid power company in tianjin
10 State grid jibei electric power research institute

Figure 5: Electric Power Community of Innovation with hierarchical structure.

Table 5: Geographical characteristics of communities of innova-
tion in BTH Urban Agglomeration.

Community no. Beijing (%) Tianjin (%) Hebei (%)
1 54 9 36
2 86 7 7
3 71 7 22
4 63 7 30
5 31 59 11
6 80 10 9
7 86 4 10
8 56 31 13
9 62 17 22
10 40 49 11
11 78 11 12
12 59 21 19
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the lack of connection between other nodes, the network
connection is not dense. From Table 3, we can see in
Tsinghua Community of Innovation that centr1st was the
highest and ratio12, ratio13, ratio14, and ratio15 were the
highest too. Nevertheless, the cooperative intensity was
the lowest in the four structures, which indicated that the
single-center structure was not conducive to generating
innovative links.

Usually, the central node in a single enter structure
should meet two characteristics. +e first is depth, which
requires strong R&D capability to become an ideal partner of
other organizations. +e second is breath, which requires
broad research fields to intersect with other organizations in
different fields and to form complementary technologies.
Only comprehensive universities or large enterprises can
meet these two characteristics. In the Tsinghua Community
of Innovation, Tsinghua University acts as the central node
with strong R&D capability and broad research fields
connecting with other organizations. Tsinghua University
dominates this community and other organizations’ layout
around it. +e degree centrality of Tsinghua University is
575, more than 10 times of the China Institute of Water
Resources and Hydropower Research, whose centrality is the
second largest in this community. Meanwhile, the be-
tweenness centrality of Tsinghua University is 8 times of the
second largest node. It indicates that the cooperative rela-
tionship in the community is very dependent on the central
node. Due to the lack of direct connection between each
other, they need to connect through the central node, which
means the central node occupies the structural hole in the
network. According to the structural hole theory developed
by Burt [28], the node on the structural hole can gain an
important comparative advantage.

4.1.3. Polycentric Structure. Polycentric structure commu-
nity has multiple central nodes whose degree centrality is
even. Cluster #3, which consisted of communities #3, #4, #5,
and #7, was typical polycentric structures. In the following,
we will illustrate communities #3 and #7 as examples to show
the polycentric structure.

Community #3 (Figure 7) had three central nodes that
were Beihang University, BIT, and China Agricultural
University accounting for 7%, 5%, and 4% of the total degree
centrality, respectively. Beihang and BIT were local centers
with many subordinate nodes surrounding them. +eir
structures were very like single-center structures but on a
small scale. +e subcommunity of China Agricultural
University had a hierarchical structure with China Agri-
cultural University as the first-level central node and Hebei
Agricultural University and Beijing Forestry University as
second-level central nodes forming a community of inno-
vation in agricultural fields.

We found that the three multiple centers were not con-
nected with each other directly but connected via an important
node that was Institute of Agricultural Resources and Regional
Planning, Chinese Academy of Agricultural Sciences (CAAS).
+e shortest paths between BIT, Beihang University, and
China Agricultural University all passed this node.

Community #7 (Figure 8) was also a polycentric
structure with Peking University and BUPTas centers whose
proportions of degree centrality were 12% and 8%, re-
spectively. Besides, there were several important organiza-
tional innovators with 2% proportion of degree centrality,
such as China Mobile Communications Corporation
(CMCC), Institute of Computing Technology of Chinese
Academy of Sciences, and Beijing Nonferrous Metal

Figure 6: Tsinghua Community of Innovation with single-center
structure.

Figure 7: Community of innovation with multiple centers of
Beihang University, Beijing Institute of Technology, and China
Agricultural University.
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Research Institute. Unlike the polycentric community of
Beihang, BIT, and China Agricultural University, the
multiple centers, Peking University and BUPT, had con-
nections directly; namely, they had patent collaboration.

Compared with single-center structure, the proportion
of the highest degree centrality in polycentric structure was
relatively lower but the multiple centers had relatively
uniform degree centrality.

4.1.4. Flat Structure. Flat structure had no obvious central
nodes. Cluster #4, which contains six communities, was a
typical flat structure. In cluster #4, the mean of centr1st was
the lowest and the means of ratio12, ratio13, ratio14, and
ratio15 were the lowest too, which meant the distribution of
the degree centrality was uniformly in flat structure.

Flat structure was similar to polycentric structure. From
Figure 9, we can see that cluster #4 whose structure was flat
had the shortest distance to cluster #3 whose structure was
polycentric. However, different from the polycentric
structure, the top largest nodes in flat structure had not so
large degree centrality. In the following, we will illustrate
community #11 as an example to show flat structure.

Community # 11 (Figure 10) was mainly in the field of
the construction industry. +e top three nodes with the
highest degree centrality were China Construction First
Bureau Group, China Construction Corporation, and China
Academy of Building Research, whose degree centrality
accounted for 3%, 3%, and 3%, respectively. Different from
the above three types of structure, flat structure had no
obvious central nodes in the network. However, the coop-
eration intensity was higher than the single-center structure
and polycentric structure. Flat structure was usually on a
small scale. In this study, communities #6, #8, #9, #10, #11,
and #12 had flat structure which were small communities
while hierarchical structures usually were on a large scale.
Due to fewer organizations, flat structure had less of a need

for hierarchical management. +e degree centrality was
evenly distributed throughout the flat structure network,
which meant there exited no dominant node in the network.
+e organizations collaborated with each other through
comparative technological complementarity. Flat structure
was a relatively loose innovation community structure.

4.2. Industry Characteristic of Communities. For better un-
derstanding the BTH network and communities, we named
each community by the industrial characteristics of the top
ten nodes with the largest degree centrality. Since the node
degree centrality was power-law distribution, the top ten
nodes could represent the overall characteristics of each
community. +e BRD and TYCD provided us with the
industrial category attributes for each enterprise. For re-
search institutions and some universities, we could judge
their main research fields from their names. Based on the
industrial category attributes of enterprises and the main

Figure 8: Community of Innovation with multiple centers of
Peking University and BUPT.
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Figure 10: Community of construction industry with flat structure.
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research fields of research institutions and some universities,
we labeled the communities if they showed significant in-
dustrial characteristics. Within the twelve communities of
innovation, eight communities had significant industrial
characteristics. Except the communities of innovation in the
field of electric power (community #1) and construction
(community #11) illustrated above, there were still six
communities with significant industrial characteristics. +ey
were communities #4, #5, #6, #8, #9, and #12. Table 6 shows
the detailed information of the eight communities. +e eight
communities of innovation mainly gathered in six indus-
tries, which were electric power, metallurgy and materials,
petroleum, municipal transportation, railway, and con-
struction. From the view of community structure, five of
them were flat structure, two were polycentric structure, and
one was hierarchical structure. Many researches [29, 30] had
shown that moderate technological distance was beneficial
for innovation. Innovation had a higher chance to emerge in
the same industry due to the moderate technological dis-
tance. Different organizations in the same industry took
their advantage to cooperate with each other.

From the view of organization type, the communities of
innovation are usually composed of universities, enterprises,
and research institutes. Since universities had a wide range of
research fields and they usually had fewer conflicts of interest
with enterprises in the intellectual property rights, univer-
sities often cooperated with many other organizations in the
network. In five of the eight communities, the node with the
highest degree centrality was university. In further, we
calculated the proportion of each type of organization in the
eight communities (Table 7). Although only 1%–3% of
organizations were universities in the communities, uni-
versities played an important role in the network with high
degree centrality.

Actually, universities not only had high degree centrality
themselves but also played an important role in connecting
regions. We attempted to find the key nodes connecting
regions, which had more potential for increasing the co-
operation between regions. We extracted the nodes that
connected different regions most and found that universities
and state-owned enterprises played important roles in
connecting among the regions. Table 8 shows the top 20
organizations connecting different regions with the largest
degree across regions, which was defined as the number of
connections between different regions. Within the 20 or-
ganizations, universities accounted for eight of them, in-
dicating that universities were very important to connect

organizations between different regions. Some researches
[26, 32] also showed that universities had central positions in
university-industry network acting as the disseminators of
knowledge and technology. In addition, state-owned en-
terprises were more likely to cooperate with their affiliated
companies.

Among the eight communities with significant industrial
characteristics, communities #9, #1, #5, #12, and #8, which
were in the field of railway, electric power, and petroleum,
had more connections between different regions. +e pro-
portions of connection across regions in the communities
#9, #1, #5, #12, and #8 were 37.0%, 32.7%, 32.0%, 28.0%, and
27.7%, respectively, ranking higher than the other 7 com-
munities. It indicated that BTH Urban Agglomeration had
more connections in patent application in the field of
railway, electric power, and petroleum.

In the following, we will illustrate the other four in-
dustries reflected from the communities of innovation.

4.3. Petroleum Industry. Communities #5, #8, and #12
(Figures 11–13) were three separate communities of inno-
vation in the field of the petroleum industry.+ey centered on
China’s three oil giants, CNOOC, Sinopec, and PetroChina,
respectively. In community #5, CNOOC connected with
Tianjin University and Tianjin University of Technology,
acting as the three multiple centers. Community #5 had
strong geographical attributes. Since CNOOC mainly en-
gaged in offshore oil exploitation, most of the organizations
(59%) were from Tianjin. +is was very different from the
majority of communities with most of the organizations
located in Beijing. Community #8 had a flat structure with
Sinopec as one of the most important nodes.+is community
was prominent in the chemical industry, which was consistent
with the area of expertise of Sinopec. Community #12 was also
a flat structure with PetroChina as an important node. +e
other important nodes include the Chinese University of
Petroleum (Beijing), Tiangong University, Shenhua Group,
and Eastern Geophysical Exploration Co., Ltd. Community
#12 showed outstanding performance in oil exploration,
which was also the area of expertise of PetroChina.

4.4. Metallurgy and Materials. Community #4 (Figure 14)
was mainly in the field of metallurgy and materials. Shougang
Group, Hebei Iron and Steel Group, and their subsidiaries
were important enterprise nodes in this community. Metal-
lurgy and materials industry occupied a large proportion in

Table 6: Detailed information on the communities of innovation with industrial characteristics.

Community no. Industry filed Community structure Community size Cooperation intensity
1 Electric power Hierarchical 784 4.86
4 Metallurgy and materials Polycentric 582 2.44
5 Petroleum Polycentric 559 2.75
6 Municipal transportation Flat 537 2.73
8 Petroleum Flat 489 2.73
9 Railway Flat 379 3.47
11 Construction Flat 365 2.68
12 Petroleum Flat 318 2.92
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Table 7: Industry-university-research structure of the eight communities of innovation.

Community no. Industry University (%) Enterprise (%) Research institute (%)
1 Electric power 0.8 95.3 4.0
4 Metallurgy and materials 3.4 89.2 7.4
5 Petroleum 1.8 90.0 8.2
6 Transportation 1.9 89.4 8.8
8 Petroleum 2.7 87.7 9.6
9 Railway 1.1 89.4 9.5
11 Construction 0.8 91.0 8.2
12 Petroleum 1.6 92.1 6.3

Table 8: Top 20 nodes with the largest degree across regions.

Organizations Province Degree across regions Degree Industry
State Grid Beijing 308 685 Power
Tianjin University Tianjin 78 225 University
China National Offshore Oil Corporation Beijing 75 125 Petroleum
Tsinghua University Beijing 74 575 University
University of Science and Technology Beijing Beijing 40 181 University
State Grid Hebei Electric Power Company Hebei 38 126 Power
CNOOC Energy Development Co., Ltd. Beijing 37 50 Petroleum
Hebei University of Technology Tianjin 35 82 University
China National Petroleum Corporation Beijing 34 69 Petroleum
Beijing University of Chemical Technology Beijing 33 135 University
State Grid Tianjin Electric Power Company Tianjin 33 54 Power
China Electric Power Research Institute Beijing 30 146 Institution
+e +ird Railway Survey and Design Institute Group Co., Ltd. Tianjin 29 38 Railway
North China Electric Power University Beijing 28 116 University
Institute of Process Engineering, CAS Beijing 26 74 Institution
Nankai University Tianjin 25 116 University
Chinese Academy of Military Medical Sciences Tianjin 25 28 Institution
CNPC Bohai Petroleum Equipment Manufacturing Co., Ltd. Tianjin 24 30 Petroleum
China Shenhua Energy Co., Ltd. Beijing 23 79 Mining
North China Electric Power University (Baoding) Hebei 21 26 University

Figure 11: CNOOC community. Figure 12: Sinopec community.
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the industrial structure of BTH Urban Agglomeration, es-
pecially Hebei Province. Hebei Province was an important
steel production base in China. Since 2002, Hebei has been the
province with the largest steel output. In 2019, Hebei’s steel
output was 284 million tons, accounting for 23.6% of the
country. Community #4 had a close innovation cooperation
relationship in BTH Urban Agglomeration. About 30% of
organizations in the community came from Hebei Province.
Compared with the other communities, the proportion was
relatively high, which was only lower than that of the Electric
Power Community of Innovation.

4.5. Municipal Transportation. Community #6 (Figure 15)
was in the field of municipal transportation with flat
structure. +e first three important nodes in the community

were all universities. Except these universities, important
enterprise and research institute nodes included the Institute
of Highway Science under the Ministry of Transport, Beijing
Rail Transit Construction Management Co. Ltd., and Beijing
Urban Construction Group Co. Ltd. +ese enterprises and
research institutes were in the field of municipal trans-
portation. From the geographical composition, 80% of or-
ganizations of community #6 came from Beijing, 10% from
Tianjin, and 10% from Hebei Province, which reflected the
significant geographical attribute of Beijing.

4.6. Railway Industry. Community #9 (Figure 16) was in the
field of the railway industry. Within the top ten nodes with
the highest degree centrality, eight of them had relationships
with railways and the other two nodes were in the field of
energy. Since the railway industry in BTH Urban

Figure 15: Community in the field of municipal transportation.

Figure 16: Community in the field of railway.

Figure 13: PetroChina community.

Figure 14: Community #4 in the field of metallurgy and materials.
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Agglomeration was mainly concerned with railway opera-
tions and electrical design, few enterprises in community #9
were involved in manufacturing.

5. Conclusions

+is article studies the coordinated development of
Beijing-Tianjin-Hebei from the perspective of the com-
munity of innovation, which complements the previous
research. +rough investigation of the communities of
innovation detected from the patent cooperation network
in BTH Urban Agglomeration, we summarized four
typical community structures and found significant in-
dustrial and geographical characteristics in the com-
munities of innovation. Beijing, Tianjin, and Hebei have
formed a patent cooperation network centered on uni-
versities and large state-owned enterprises mainly in six
industry fields. Tianjin and Hebei both have close patent
cooperation relationships with Beijing; however, there is
a lack of cooperation between Tianjin and Hebei. Uni-
versities and state-owned enterprises played an impor-
tant role in connecting organizations among regions;
especially, universities have more potential to connect
organizations from different regions due to their ad-
vantages in various research fields and nonprofit attri-
butes. In the field of railway, electric power and
petroleum BTH Urban Agglomeration had more con-
nections in patent application compared with other in-
dustries. In the future, Beijing, Tianjin, and Hebei should
further strengthen innovation cooperation and remove
obstacles that hinder innovation.

Data Availability

+e China Patent Database and Business Registration
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liindata.com. +e Tianyan check data can be obtained
through the data query port: https://www.tianyancha.
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