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Abstract. Technology innovation in the construction industry involves collaboration among multiple innovation organi-
zations which formed an intricate collaborative innovation network (CIN). To understand the evolution characteristics of
structural characteristics of CIN in China’s construction industry and to clarify the collaborative patterns among innova-
tion organizations, the CIN were analyzed in terms of overall network characteristics and local collaborative patterns by
using the social network analysis (SNA) and network motif analysis (NMA), respectively based on the data of projects
winning the China’s Science and Technology Award in Construction (CSTAC) in 2004-2021. The results indicate that the
CIN became larger but less connected and exhibited scale-free and small-world characteristics during the study pe-
riod. There is a giant component in the CIN, which is gradually increasing in size and becoming more cohesive. China
Academy of Building Research which had the highest degree centrality and closeness centrality and Tongji University
which had the largest betweenness centrality had an important position in CIN. The main collaborative innovation mode
in China's construction industry is collaboration between enterprises, followed by collaboration between enterprise-
university, which has an increasing share. The results help organizations clarify their position in the CIN and inform their
development of co-innovation partners.
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1. Introduction

As one of China’s traditional industries, the construction
industry has been relying on resource inputs to drive de-
velopment for many years, with a low level of industriali-
zation and informatization. Currently, China’s construction
industry is actively implanting the strategy of innovation-
driven development, i.e., innovation to promote techno-
logical progress and industry transformation. Technology
innovation in the construction industry often involves mul-
tiple professional fields and requires multiple resources,
making it challenging to accomplish by only one organiza-
tion. Collaborative innovation theory suggests that collab-
oration can facilitate knowledge integration among inno-
vation organizations and reduce innovation costs, thereby
improving innovation efficiency (De Noni et al.,, 2018). Due
to the one-time nature of technology innovation projects,
an innovation organization will continuously establish new
collaborative relationships with other organizations based
on new technology innovation projects. During the imple-
mentation of many technology innovation projects in the

construction industry, these innovation organizations have
gradually formed an intricate collaborative innovation net-
work (CIN) connected by technologies (Han et al., 2018).
The CIN in the construction industry involves the verti-
cal collaborative relationship between an innovation enter-
prise and its upstream suppliers and downstream users.
It also involves the horizontal collaborative relationship
between an innovation enterprise and the government,
universities, and research institutes. With the increase in
technology innovation activities, the collaborative relation-
ships in the CIN are constantly changing and affecting the
performance of technology innovation (Zhao & Li, 2022).
An in-depth exploration of the structural characteristics of
the CIN and their changes in the construction industry can
help innovation organizations clarify their positions in the
CIN and provide references for choosing innovation part-
ners and better integrating into the CIN. Furthermore, it
also can help managers understand the collaborative pat-
terns among technology innovation organizations, identify
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the core organizations that lead the industry's technology
progress, and provide a basis for formulating technology
innovation policy for the construction industry.

Currently, most of the research on CIN focuses on
high-tech industries or emerging industries (Wang et al.,
2023a; Yu et al., 2023). As a traditional industry, the CIN of
the construction industry lacks attention. As for the stud-
ies of technology innovation in the construction industry,
scholars primarily focused on the invention and applica-
tion of new technologies (Wang et al., 2022; Yu, 2023).
There is a lack of exploration of the relationship network
formed by the many innovation organizations in their in-
tertwined collaborations at the industry level. What are the
structural characteristics of CIN in China’s construction in-
dustry? How have the collaborative relationships and col-
laborative patterns of organizations in CIN evolved? Which
innovation organizations drove technology innovation in
China’s construction industry? This study focuses on the
above issues of CIN in the construction industry to fill the
knowledge gap.

Social network analysis (SNA) is an approach that
combines graph theory and mathematical modeling to
uncover the macrostructural characteristics of complex
networks (Shen & Xue, 2023). As a subgroup structure
analysis method, network motif analysis (NMA) can help
identify the local topology to reveal the microstructural
characteristics of complex networks (Wang et al., 2023b).
Combining SNA and NMA helps capture the global and
local characteristics of a network. This study combines
SNA and NMA methods to investigate the characteristics
and evolution of CIN formed by collaborative innovation
organizations that won the China’s Science and Technol-
ogy Award in Construction (CSTAC) from 2004 to 2021 in
terms of macroscopic overall network and microscopic lo-
cal structure.

The rest of this paper is organized as follows. The liter-
ature on technology innovation in the construction indus-
try and collaboration networks in technology innovation
is reviewed in Section 2. Section 3 introduces the research
methods and data sources. Section 4 presents the results
and discussion, including the analysis of the structural
characteristics and dynamic evolution of CIN in China's
construction industry, and collaborative patterns among
innovation organizations. Section 5 summarizes the results
and proposes the managerial implications.

2. Literature review

2.1. Studies of technology innovation
in the construction industry

Scholars have made some attempts to study technology
innovation in the construction industry. Some have studied
the invention and application of new technologies (Zhao
& Cheah, 2023) and new materials (Alsomiri et al., 2023)
from the technology perspective. Some have evaluated the
technology innovation capacity of regional construction
industries or construction enterprises. For example, Dou
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et al. (2021) evaluated the technology innovation compe-
tence of six prefabricated building construction companies
in China. Van Wyk et al. (2024) analyzed the adoption of
new technologies in the South African construction indus-
try through a questionnaire survey. Some scholars have
also measured the technology innovation efficiency of
the construction industry from an input-output perspec-
tive. For example, Wang et al. (2023c) measured the green
technology innovation efficiency of China’s construction
industry. Cheng et al. (2023) evaluated the technology
innovation efficiency of listed construction enterprises in
China.

In summary, the above literature has studied the tech-
nology innovation in the construction industry from dif-
ferent aspects. Research on new technology inventions
presents the technology innovation achievements, and
research on the technology innovation level helps to
understand the overall development status of technol-
ogy innovation. The generation of technology innovation
achievements and the improvement of technology innova-
tion level involve the efforts of mutual collaboration be-
tween innovation organizations. However, the collabora-
tive relationships among innovation organizations in the
construction industry have not yet been revealed. Under-
standing the relationship between innovation organiza-
tions can clarify the innovation mode of the construction
industry and provide a guiding direction for innovation
organizations to perform collaborative innovation in the
future. Therefore, further research is urgently needed on
the collaborative relationship among technology innova-
tion organizations in the construction industry.

2.2. Studies of collaborative
innovation network (CIN)

Innovation organizations often form a complex CIN be-
cause of numerous innovation collaborations. The SNA
method can be applied to sightsee the characteristics of
complex networks. Therefore, scholars have used SNA to
study the CIN in different fields, including manufacturing,
energy, and information and communication. For example,
Li et al. (2021) found that the scale of CIN in China’s smart
manufacturing equipment industry became larger over
the study period and was characterized as a small-world
network. Liu et al. (2023) found that the CIN in China’'s
smart grid field had different characteristics at different
stages, but the State Grid Corporation of China was al-
ways at the core of the network. Hwang (2023) found that
CIN in the information and communication technologies
industry in Korea exhibited poor connectivity and scale-
free properties. Liu et al. (2024) constructed a CIN for the
energy conservation and environmental protection indus-
try and found that the network had a low density and a
fragmented structure.

With the flow of innovation elements, cross-industry
exchanges among innovation organizations have gradu-
ally increased, leading to the formation of cross-industry
CIN. Some scholars have focused on CIN across indus-
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tries. For example, Konig et al. (2011) constructed a knowl-
edge exchange network formed among firms in different
industries and found that the network contained highly
interconnected clusters of firms. Tomasello et al. (2017) in-
vestigated the dynamic evolutionary characteristics of the
CIN formed among different R&D sectors in 1986-2009,
demonstrating that the network presented a core-periph-
ery structure, small-world characteristics, and scale-free
properties over time.

Besides, CIN at the city, regional and national level
have also attracted the attention of scholars. Graf (2011)
constructed a CIN for four regions in East Germany based
on patent data and found that public research institutes
acted as gatekeepers more often than private sectors. In
the study of co-invention networks involving 331 cities in
the United States, Breschi and Lenzi (2016) found that a
high social proximity degree between two innovation or-
ganizations can facilitate the rapid diffusion of knowledge
and that the emergence of small groups enables cities to
achieve greater inventive creativity. Andersson et al. (2019)
analyzed the structural characteristics of CIN in Spanish and
Swedish, finding that the CIN in Spanish exhibited good
connectivity, whereas the CIN in Swedish demonstrated
high density. Galaso and Kovarik (2021) demonstrated that
geographic boundaries led to varying effects of CIN on
future innovation by examining how CIN influences inno-
vation in Spain and its three regions. Hu et al. (2024b) ar-
gued the increasing accessibility of global innovation net-
works, exhibiting scale-free properties and four clustered
subgroups from 1999 to 2020. Previous studies suggested
that there were differences in the structural characteristics
of the CIN in different fields. Currently, there is a lack of
research on CIN in the construction industry. The structural
characteristics of CIN in the construction industry are still
unclear and need to be further explored.

Although SNA has been widely used in investigating
the structural characteristics of the CIN, it can only reveal
the macrostructural characteristics of the overall network.
The characteristics of the overall network are usually domi-
nated by some small subgroup structures called network
motifs (Stone et al., 2019). Unlike SNA, NMA can be used
to reveal the microstructural characteristics of subgroups
and local topological structure of network, thereby de-
termining the key connectivity patterns in the network.
Recently, NMA methods have also been gradually intro-
duced by scholars from biology to network studies in the
transportation field (Shen et al., 2022), the energy industry
(Pu et al., 2021), and the agriculture industry (Tavella et al.,
2022).

SNA can be applied to analyze the overall structural
characteristics of the network, and NMA helps reveal the
features of local network structure. Therefore, we com-
bined SNA and NMA to develop a new framework for
network structure analysis to explain the characteristics of
the CIN and patterns of inter-organizational collaborative
innovation in the construction industry.

3. Methodology

3.1. Social network analysis

SNA is a method used to analyze social structures based
on mathematical modeling and graph theory. It is widely
used to study the connections and relationships between
individuals, organizations, or other entities within a net-
work (De ludicibus et al., 2024; Hu et al., 2024a). The SNA
method employs quantitative metrics to delineate the re-
lationship of nodes in a network and can reveal the struc-
tural features of the overall network and the positional
attributes of nodes at the network level and node level,
respectively (Wang et al., 2020). Table 1 lists the formulas
for the SNA metrics in this study.

The metrics at the network level include network den-
sity, degree distribution, average clustering coefficient, av-
erage path length, and community discovery. (i) Network
density is the ratio of the number of actual linkages to the
possible linkages in the network, and can reflect the con-
nectivity of the network (Wang et al., 2020). (ii) Degree dis-
tribution describes the probability distribution of degrees
of nodes in a network and the degree of a node refers to
the count of nodes directly linked to that node. Degree
distribution can be used to identify the scale-free charac-
teristics of the network (Han et al.,, 2018). The scale-free
is a structural characteristic of complex networks in which
most nodes have only a small number of connections,
while a few nodes have many connections (Barabasi &
Bonabeau, 2003). A network exhibits the scale-free charac-
teristic if the degree distribution of the network nodes fol-
lows the power law distribution. (iii) The average clustering
coefficient is the mean of the clustering coefficients of all
nodes in the network, in which the clustering coefficient
of a node is the ratio of the actual number of linkages
among this node and its neighbors to the maximum pos-
sible number of linkages among those nodes. The aver-
age clustering coefficient reflects the agglomeration of the
network (Qiang et al., 2021). (iv) The average path length is
the average of the shortest path lengths between all nodes
and it reflects the transportability of the network (Mao &
Zhang, 2017). The shortest path length between any two
nodes is the minimum number of edges to go through
from one node to the other. The network is a small-world
network if it has a high average clustering coefficient and
a low average path length (Wang & Chen, 2003). (v) Com-
plex networks naturally segregate into many communities,
often characterized by tightly connected nodes with sparse
connections to the nodes of other groups (Steinhaeuser
& Chawla, 2010). Community discovery helps to discover
clustered groups. In this study, the heuristic algorithm
based on modularity optimization (HAMO) is used for
community discovery computation due to its advantages
of short computation time and high quality of community
delineation. Modularity ranges from -1 to 1. The larger the
value of modularity, the better the quality of community
delineation (Newman, 2006).
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Average Clustering
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Indicator Formula Explanation of parameters
Network Density ND = 2L L — the number of linkages in the network
N(N -1
— ( ) N - the number of nodes in the network
Degree Distribution Nk
P(k) =N Ny — the number of nodes with degree k

k; — the number of neighbors of the node i
l; — the number of linkages among the node i and its neighbors
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e; — the number of direct linkages of node i
€; — the number of direct linkages of node j
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i b ¢j — the community to which node j belongs

8(c; G - if ¢; and ¢; are the same community, then &(c; G = 1;

l;j— the number of linkages between the node ( and the node j
gjx — the number of the shortest path from node j to node k
gix() — the number of shortest paths from node j to node k that pass through

Length
i) otherwise A;j=0
Modularity 1 e
— __tJ
Q ZLZ Aj 2L (€i.c))
ij
Degree Centrality N |
DC, ==
N-1
Betwegnness ~ gjk(,‘) (N =T)(N -2) otherwise 6(c; ¢) = 0
Centrality BC; = >
j<k gjk
Closeness Centrality cc, - N;1
d; node i

J

The metrics at the node level include degree centrality,
betweenness centrality, and closeness centrality. (i) Degree
centrality is the total number of direct linkages a node has,
reflecting the extent of direct communication the node
has in the network (Lu et al., 2021). A node with a large
degree centrality has many collaborative relationships and
is central to the network. (ii) The betweenness centrality of
a node is determined by the count of the shortest paths
through that node. It can reflect the mediating and bridg-
ing role that a node plays in the network (Shen & Xue,
2023). (iii) Closeness centrality of a node is the inverse of
the shortest path length of that node to all other nodes
in the network, reflecting the proximity of a node to other
nodes (Wang et al., 2020).

3.2. Network motif analysis

Network motifs are some small linked subgroups with 3-7
nodes occurring in actual networks at numbers that are
more than those in randomized networks (Park & Zhong,
2022). In contrast, network antimotifs are also subgroups
in the real network, but their presence is lower than that
in random networks of the same size (Milo et al., 2002). As
an indicator of statistical significance, Z-Score is commonly
applied to evaluate the importance of different types of
network motif structures in a network (Milo et al., 2004).
The Z-Score of the subgroup is defined as follows:

N N

Z,' _ real; rand; , )
0randl-

where N, denotes the count of appearances of sub-

group iinthe CIN, N, is the average number of appear-

ances of subgroup ( in the random network iterated, and

O/anq, IS the standard deviation of the count of subgroup
in the random network. Z; > 0 means that the count of ap-
pearances of subgroup ( in the real network is more than
that in the random network and subgroup i is defined as
the network motif. Z; < 0 means that the count of appear-
ances of subgroup i in the real network is less than that
in the random network and subgroup { is thus defined as
the network antimotif (Milo et al., 2002). Motifs appear
frequently in networks, and they have a greater impact on
the evolution and development of networks compared to

antimotif.

3.3. Data collection

According to Roberts (2007), innovation refers to the crea-
tion of new technological outcomes and knowledge, and
their application to engineering activities. Therefore, we
measured innovation based on technological outcomes
generated during the implementation of engineering pro-
jects rather than patents. CSTAC is an award established to
promote scientific and technological innovation in China's
construction industry. The awarded projects are generally
excellent scientific and technological achievements regard-
ing new technologies, new construction methods, and new
materials. These projects must meet the following criteria:
(1) demonstrating significant innovations in technology
and methodology and addressing substantial technical
challenges; (2) generating considerable economic, social,
and environmental benefits; and (3) achieving a high lev-
el of transformation of the outcomes, with a substantial
demonstration effect and high promotion and applica-
tion value. Therefore, the CSTAC can reflect the level of
technological innovation in China’s construction industry.
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CSTAC participants must be groups rather than individu-
als. This group includes enterprises, universities, research
institutes, government departments and industry associa-
tions. A joint application for CSTAC requires an equal part-
nership among the organizations. Therefore, each CSTAC
achievement is usually a collaborative effort of multiple
innovation organizations, including enterprises, university,
research institute, government department, and industry
association.

CSTAC selection began in 2003 and has been held an-
nually since then. Since many of the organizations award-
ed in 2003 have been written off, we chose 2004-2021 as
the study period. The required data were obtained from
the official website of the Technology and Industrialization
Development Center of the Ministry of Housing and Urban
Rural Development of China (http://www.cstid.org.cn/) and
the China National Knowledge Infrastructure (www.cnki.
net). A total of 2,106 projects that were awarded CSTAC
during the study period were obtained. Two awarded proj-
ects in this study were removed because all the organiza-
tions they involved were written off. Therefore, the final
dataset contains 2,104 projects that received CSTAC from
2004-2021.

The data is processed according to the following rules.
First, deregistered organizations are removed, and orga-
nizations that have been renamed use the latest names.
Second, for some enterprises with multilevel subsidiaries,
only the head office, first-tier subsidiaries, and second-tier
subsidiaries are considered as nodes in the network. Third,
we regarded universities involved in technological innova-
tion rather than their affiliated colleges as nodes. Fourth,
participating organizations are classified based on their
attributes as enterprises, universities, research institutions,
government departments, and social organizations. In the

Table 2. Number of organizations winning CSTAC in 2004-2021

end, 2,104 projects involved a total of 2,449 innovation
organizations.

Table 2 shows the number of award-winning organi-
zations of different types. It can be seen that enterprises
have the largest share, the number of social organizations
is relatively small, and the number of universities, research
institutes and government departments is gradually in-
creasing.

4. Results and discussion
4.1. Network topology

We divided the study period into six periods, namely 2004—
2006, 2007-2009, 2010-2012, 2013-2015, 2016-2018,
and 2019-2021. Since the collaboration between innova-
tion organizations is mutual, the CIN is an undirected un-
weighted network. To construct the CIN, an adjacency ma-
trix is first constructed based on whether there is a collab-
orative relationship between organizations. Each element
of the adjacency matrix has a value of 1 or 0, where 1 and
0 indicate the existence and non-existence of collabora-
tive relationship between two organizations, respectively.
Accordingly, six adjacency matrices were constructed as
330x330, 388x388, 567x567, 627x627, 636x636, and
1011x1011, respectively.

Based on the constructed six adjacency matrices, we
used Gephi software to generate the network topology
shown in Figure 1. The nodes in Figure 1 represent innova-
tion organizations and the size of a node reflects how many
nodes are directly connected to it. The more organizations
collaborate with a node, the larger that node is. Different
types of organizations are represented by diverse colors
and letters. Blue nodes denote enterprises, represented by
“E". Universities are denoted by “U” and are red nodes.

Year Enterprise University Research Institute Government Social Group Total
2004 79 19 1 13 3 125
2005 86 18 18 24 1 147
2006 78 21 14 18 7 138
2007 105 24 19 17 3 168
2008 95 25 19 15 0 154
2009 104 23 19 16 1 163
2010 114 23 31 17 6 191
2011 142 29 33 16 2 222
2012 185 37 29 30 1 282
2013 168 33 22 20 0 243
2014 174 37 30 26 1 268
2015 170 31 33 19 4 257
2016 157 32 28 19 1 237
2017 177 37 22 20 3 259
2018 224 39 29 20 1 313
2019 206 46 18 21 3 294
2020 392 52 33 36 4 517
2021 358 51 36 24 1 470
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a) 2004-2006 b) 2007-2009
c) 2010-2012 d) 2013-2015
e) 2016-2018 f) 2019-2021

Figure 1. The network topology at six time periods
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represents the research institutes, which are presented
as purple nodes. Green nodes represent social organiza-
tions, mainly industry associations, and are denoted by “S".
Governments are represented by pink nodes with the letter
“G." As can be seen that the size of CIN became larger and
the network structure became more complex over time. It
indicates that technology innovation in the construction
industry involves more and more innovation organizations
and the collaborative relationships among innovation or-
ganizations have become increasingly complex.

4.2. Network-level analysis

(1) Change of the network structural characteristics

Table 3 shows the results of the network metrics at six
time periods. The following findings can be drawn: (i) The
network density at six time periods was low, implying poor
connectivity of the network. Although some organizations
in large innovation groups communicated frequently with
each other, there was less communication between groups.
Such island effect led to low network connectivity. Dou
and Bo (2022) study suggested that building information
model (BIM) patent collaboration networks in China were
also characterized by poor connectivity. (ii) The average
clustering coefficients of the networks were greater than
0.850, indicating that the networks were well clustered.
(iii) The values of average path length were all between
3 and 4, indicating that any two innovation organizations
were connected through four innovation organizations on
average.

(2) Analysis of the network scale-free property

The degree distribution of the nodes can be used to spec-
ify the scale-free properties of the network. The node de-
gree distribution of the CIN was fitted and a Kolmogorov-
Smirnov test was performed. First, the node degree distri-
bution of the CIN in double logarithmic axes were plotted.
Then, a power function was used to fit the scatterplot of
the node degree distribution. The results are shown in Fig-
ure 2. According to Barabasi and Albert (1999), a straight
line and R? greater than 0.7 for the fitted curve of the node
degree distribution in a double logarithmic coordinate sys-
tem implies that the degree distribution conforms to a
power law distribution. According to Figure 2, the node
degree distribution of CIN exhibits power law distribution

Table 3. Results of network level analysis for six time periods

at six time points. In a complex network, the node degree
conforming to a power law distribution implies that the
network exhibits scale-free characteristics. Therefore, the
result suggests the scale-free characteristic of the investi-
gated CIN. Finally, a Kolmogorov-Smirnov test is executed
on the node degree distribution of the CIN. The p-values
of the Kolmogorov-Smirnov statistic (0.999, 0.887, 0.993,
0.946, 0.989, and 0.957, respectively) are all greater than
0.1 (Clauset et al., 2009), implying that the nodal degree
of the CIN follows a power-law distribution. It indicates
that a few organizations have many collaborative relation-
ships with other organizations due to their strong innova-
tive capabilities or rich innovative resources, while most
organizations have few connections with other organiza-
tions. Yu et al. (2022) found that the CIN of China's fly ash
utilization technology also exhibited obvious scale-free
characteristics.

(3) Analysis of the network small-world property

The small-world network, proposed by Watts and Stro-
gatz (1998), refer to a type of network that is intermediate
between regular and random networks, characterized by
local clustering and overall connectivity. The small-world
network is characterized by high clustering coefficients
and low average path lengths (Wang & Chen, 2003). In
a small-world network, communication and interaction
among organizations are frequent, and information is
transmitted quickly. Typically, the average clustering coef-
ficient in the empirical network is greater than the net-
work density, implying that it has a high average cluster-
ing coefficient. The average path length in the empirical
network is less than that of the random network, implying
that it has a low average path length (Neal, 2018). The
1000 random networks with identical number of nodes
and network density as the constructed CIN are generated
in six time periods, respectively. The average path lengths
of random networks in six time periods are 4.210, 4.308,
4.068, 3.990, 3.987, 3.807, and 3.753, respectively. As can
be seen from Table 3, the average clustering coefficient is
always larger than the network density in six time periods.
The CIN in the construction industry has smaller average
path lengths than that of the random network. Therefore,
the CIN of the construction industry presents small-world
characteristics, which is conducive to communication and
technology diffusion among innovation organizations.

Indicator 2004-2006 2007-2009 2010-2012 2013-2015 2016-2018 2019-2021

Number of Nodes 330 388 567 627 636 1011
Linkages 685 822 1442 1675 1928 3569
Density 0.0126 0.0109 0.009 0.0086 0.0095 0.007
Average Clustering Coefficient 0.858 0.866 0.875 0.884 0.865 0.865
Average Path Length 3.240 3.193 3431 3.251 3.304 3.406
Modularity 0.667 0.716 0.721 0.676 0.647 0.644
Number of Community 87 84 95 98 73 70
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c) 2010-2012
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b) 2007-2009

d) 2013-2015

f) 2019-2021

Figure 2. Power-law distribution of node degrees in the network in six time periods

(4) Analysis of the network community discovery

We used HAMO to discover the community structure in
the network. Clauset et al. (2004) stated there was an ob-
vious community in the network when the modularity of
a network was greater than 0.7. Table 3 shows that the
modularity values of the CIN had been around 0.7. Thus,
the CIN of China's construction industry had a distinct
community structure.

As can be seen in Table 3, the number of communities
in the network decreased during the study period. Since
the total number of nodes in the network has increased,
the drop in the number of communities indicates that

some communities have involved more innovation or-
ganizations, i.e., the community size became larger. Such
finding is different from that of Pu et al. (2022) on the
CIN of lithium-ion batteries. Pu et al. (2022) found that
the communities of the lithium-ion battery CIN increased
over time, no core communities emerged and most of the
communities were small. Differences in industry attributes
lead to differences in results. Compared to the construc-
tion industry, R&D projects for lithium-ion battery technol-
ogy involve fewer organizations, and therefore no large
communities have formed. In the construction industry,
the R&D of some technologies is difficult and relies on
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the collaboration of many innovation organizations. For
example, the Hong Kong-Zhuhai-Macao Bridge construc-
tion project in China created about 64 new technologies
during the construction process from 2009 to 2018, involv-
ing about 200 innovation organizations. Recently, China
has been actively promoting the industrialization of con-
struction, intelligent construction, and green construction,
generating demand for R&D of many new technologies.
Many enterprises and research institutes have been col-
laborating in the R&D of these new technologies, forming
several large innovation communities.

(5) Analysis of the giant component

Figure 1 shows that there is a giant component in the
CIN of China's construction industry. The relative size, net-
work density, average clustering coefficient, and average
path length of the giant component were calculated, and
the results are presented in Table 4. The relative size of
a giant component is defined as the ratio of the number
of nodes it contains to the total number of nodes in the
entire network. The relative size of giant component has
generally increased over time, indicating a gradually col-
laborative innovation community among organizations in
the construction industry. The decrease in network density
suggests that, despite the existence of a large innovation
community in the construction industry, the collaborative
connections among innovation organizations in the com-
munity are becoming increasingly sparse. This is due to
the number of relationships formed by newly embedded
organizations in the CIN being greater than those formed
between the original organizations in the CIN. The average

clustering coefficient exhibits a fluctuating growth trend,
indicating that the overall cohesion of the giant com-
ponent has increased. According to Figure 1, clustering
subgroups centered on Tongji University (U116), Tsinghua
University (U83), and China Academy of Building Research
(E1469) have emerged in the giant component. The aver-
age path length for the giant component remained be-
tween 3 and 4 during the study period, indicating that
communication among innovation organizations in the
construction industry conforms to the “four degrees of
separation”. In other words, any two innovation organiza-
tions need to connect through only four intermediaries to
establish a collaborative relationship in a fully connect-
ed innovation community. The low average path length
among innovation organizations facilitates the rapid dif-
fusion of new knowledge, technologies, and resources in
the construction industry.

4.3. Node-level analysis
(1) Analysis of degree centrality

Degree centrality characterizes the position of nodes in
the network. The greater the degree centrality of a node,
the more influential it is in the network. It helps to reveal
the organizations that drive technology innovation in the
construction industry. Table 5 lists the top 5 organizations
in terms of degree centrality. It shows that the degree cen-
trality of China Academy of Building Research (E1469) has
been in the top 2 during the study period, i.e., E1469 has
been at the core of the CIN. E1469 is the largest compre-
hensive R&D organization in China’s construction industry,

Table 4. Results of the network indicator for the giant component for six time periods

Indicator 2004-2006 2007-2009 2000-2012 2013-2015 2016-2018 2019-2021
Relative size 63.64% 63.92% 72.49% 69.70% 78.93% 89.02%
Density 0.028 0.024 0.016 0.016 0.014 0.009
Average Clustering Coefficient 0.837 0.853 0.869 0.866 0.847 0.858
Average Path Length 3.247 3.201 3434 3.256 3.306 3.407
Table 5. Top 5 organizations in degree centrality
No. 2004-2006 2007-2009 2010-2012 2013-2015 2016-2018 2019-2021

1 | China Academy of
Building Research

China Academy of
Building Research

China Academy of
Building Research

China Academy of
Building Research

Tongji University | China Academy of

Building Research

2 |[Tongji University | Tongji University Tsinghua University

Tongji University China Academy of

Building Research

Tongji University

3 | China Architecture
Design &
Research Group

Tsinghua University [ Tongji University

Tsinghua University | Tsinghua

University

Tsinghua University

Harbin Institute of
Technology

China Architecture
Design & Research

4 | China Academy of
Urban Planning &

China Architecture
Design & Research

China Academy of
Urban Planning &

Shanghai Research
Institute of Building

Co., Ltd Group

Design Group Group Design Sciences Co., Ltd
5 | Tsinghua Beijing Urban China Architecture [ Beijing Institute China Architecture | Technology and
University Construction Group | Design & Research | of Architectural Design & Industrialization

Design Co., Ltd Research Group Development Center of
the Ministry of Housing
and Urban Rural

Development




with research areas covering a wide range of areas such
as building structure, construction technology, and build-
ing materials. E1469 has sufficient funds, excellent talents,
and advanced R&D laboratories, which have enabled it to
create abundant scientific and technological achievements.
From 2004 to 2021, E1469 has won 237 CSTAC, thus occu-
pying a core position in the CIN. Besides, the degree cen-
trality of Tongji University (U116) has always been ranked
in the top three and increased from 0.128 in 2006 to 0.155
in 2021, indicating an increase in its core position in the
network. U116 is strong in the discipline of civil engineer-
ing, with several key laboratories and many experts, which
lays a solid foundation for its technology innovation. In
2004-2021, U116 has won 159 CSTAC.

(2) Analysis of betweenness centrality

The betweenness centrality reflects the mediating role of
innovation organizations in a CIN. The top 5 organiza-
tions in terms of betweenness centrality are summarized
in Table 6. According to Table 6, Tongji University (U116)
and China Academy of Building Research (E1469) have
been in the top two in terms of betweenness centrality.
During the study period, the betweenness centrality of
E1469 decreased, while that of U116 increased, indicat-
ing that the intermediary role of U116 in CIN has become
more and more significant. Han's et al. (2018) study on CIN
in the construction industry also suggested that universi-
ties played a significant intermediary role in technology
innovation. New construction technologies always involve
interdisciplinary knowledge. Universities are important car-
riers of knowledge dissemination and have the advantage
of interdisciplinary collaboration in R&D. As a well-known
university in the civil engineering field, U116 has collabo-
rated with different organizations for technology innova-
tion projects. Besides, U116 has established technology
innovation alliances with many institutions through its ac-
tive advocacy. Therefore, U116 played a bridge role in the
collaboration of innovation organizations in the construc-
tion industry.

Table 6. Top 5 organizations in betweenness centrality
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(3) Analysis of closeness centrality

Closeness centrality reflects how close a node is to other
nodes in a network and its importance in the network (Liu
et al., 2021a). According to Table 7, China Academy of
Building Research (E1469), Tongji University (U116), and
Tsinghua University (U83) consistently ranked in the top
three in terms of closeness centrality. The high closeness
centrality indicates that they have established collabora-
tive innovation relationships with many organizations in
the network and they are important organizations for pro-
moting technological innovation in China's construction
industry.

4.4. Collaborative patterns

Next, we used NMA to further explore the local structural
characteristics of CIN at the micro level. NMA is to dis-
cover motifs and antimotifs in the network through itera-
tive calculation. In the CIN of the construction industry,
the subgroup structure belonging to the network motif
is a localized collaborative pattern that has a high impact
on the network.

Figure 1 shows that the number of isolated nodes
gradually decreased and that of linked nodes gradually
increased, which indicates an increasing collaboration
among innovation organizations. We eliminated isolated
nodes and performed NMA on CIN containing only linked
nodes to explore the subgroup structure and collaborative
patterns among innovation organizations.

Barabasi and Oltvai (2004) found experimentally that
3-node and 4-node subgroups were the main subgroup
structures in complex networks. The data of CSTAC also
showed that most of the awarded projects were completed
jointly by three or four innovation organizations. Therefore,
we mainly discussed the 3-node and 4-node subgroups in
CIN. The 3-node and 4-node subgroups are discovered
using the Mfinder 1.20 software. Specifically, we used the
switching method to generate 1000 random networks
with the same number of nodes and edges as the CIN.

No. 2004-2006 2007-2009 2010-2012 2013-2015 2016-2018 2019-2021
1 | China Academy of |Tongji University China Academy of | Tongji University | Tongji University Tongji University
Building Research Building Research
2 | Tongji University Tsinghua University | Tongji University | China Academy of | China Academy of | China Academy of
Building Research | Building Research | Building Research
3 | China Academy of | China Academy of | Tsinghua Tsinghua Tsinghua University | Tsinghua University
Urban Planning & | Building Research | University University
Design
4 | China Architecture | China Architecture |Harbin Institute of | China Academy of | China Academy of | Technology and
Design & Research | Design & Research | Technology Urban Planning & | Urban Planning & | Industrialization
Group Group Design Design Development Center of
the Ministry of Housing
and Urban Rural
Development
5 | Shenyang Jianzhu | Shanghai Research | China Architecture | China Architecture | Shanghai Research | Shanghai Research
University Institute of Building | Design & Research | Design & Institute of Building | Institute of Building
Sciences Co., Ltd Group Research Group Sciences Co., Ltd Sciences Co., Ltd
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Table 7. Top 5 organizations in closeness centrality
No. 2004-2006 2007-2009 2010-2012 2013-2015 2016-2018 2019-2021

1

China Academy of
Building Research

Tsinghua University

China Academy of
Building Research

Tongji University

China Academy of
Building Research

China Academy of
Building Research

Design & Research
Group

Construction Group
Co., Ltd

Design & Research
Group

of Architectural
Design Co., Ltd

Design & Research
Group

2 China Academy of |China Academy of | Tongji University China Academy of | Tongji University Tongji University
Urban Planning & |[Building Research Building Research
Design
3 Harbin Institute of | Tongji University Tsinghua University | Tsinghua University | Tsinghua University | Tsinghua University
Technology
4 | Tongji University China Architecture |[Harbin Institute of |China Architecture |China Academy of [Xi'an University of
Design & Research | Technology Design & Research |Urban Planning & | Architecture and
Group Group Design Technology
5 China Architecture | Beijing Urban China Architecture |Beijing Institute China Architecture | China Institute of

Building Standard
Design & Research

Co., Ltd.

The number of subgroups formed by 3 and 4 nodes in the
CIN and the random network was calculated using complete
enumeration. The results of NMA are summarized in Table 8.

The number of a specific subgroup in a CIN is denoted
by Nreal. Creal is the relative number of the subgroup,
i.e., the ratio of the actual number of that subgroup in a
CIN to the number of all subgroups formed with the same
number of nodes. According to Table 8, the collabora-
tive structure formed among innovation organizations in
China’s construction industry is dominated by subgroups
3-a and 4-a. The p-value is a metric for determining the
significance level of the specific motifs discovered. A p-
value less than 0.05 means that the identified motif is
significant. From Table 8, the Z-Scores of subgroups 3-b,
4-c, 4-e, and 4-f were greater than 0 and their p-values
are 0.000, indicating that these subgroups are significantly
motifs in the CIN. The Z-Scores of subgroups 3-a, 4-a, 4-b,
and 4-d were less than 0 and their p-values are 1.000,
indicating that they are antimotifs in the CIN. This conclu-
sion is consistent with the results of Liu et al. (2021b) on
the NMA of contractor collaboration networks and Wang
et al. (2023b) on the NMA of owner-contractor collabora-
tion networks. It suggests that subgroups 3-b, 4-c, 4-e,
and 4-f were the dominant localized patterns in the CIN of
China’s construction industry. These four subgroup struc-
tures all contain , a tripartite collaboration structure
with a close connection and stable structure. However, the
results differ from Milazzo's et al. (2022) findings on the
European air transportation network, which showed that
the subgroups 3-a and 4-a are network motif structures
in the European air transport network. Subgroups 3-a and
4-a represent the connection pattern of transit hub nodes
and help to solve the problem of air flight with limited
transportation distance, thus appearing more frequently
in the air transportation network. As a collaborative in-
novation network (CIN) among innovation organizations
is constructed in this study, the 3-node or 4-node sub-
group structure reflects collaboration among 3 or 4 inno-
vation organizations. Compared with the subgroups with
the same number of nodes, the closeness of collaboration
among innovation organizations in subgroups 3-a and 4-a

is low. So, they have not been the motifs in the CIN of
the construction industry. Although subgroups 3-a and 4-a
are network anti-motifs, their number in the CIN is signifi-
cantly larger than that of other subgroups within the same
node. Therefore, the abundance of subgroups 3-a and 4-a
in CIN is consistent with its scale-free characteristics.

Z-Score can reflect the importance of a motif struc-
ture in the network. The larger the Z-Score of a network
motif, the more important it is in the network (Pu et al,
2021). Table 5 shows that the Z-Score of subgroup 4-f is
higher than that of the other subgroups, which indicates
that subgroup 4-f appears more in the CIN. Subgroup 4-f
represents the mutual collaboration among the four inno-
vation organizations. Like patent networks and dissertation
co-authorship networks, four and more innovation orga-
nizations participating in the CSTAC project all can form
subgroup 4-f. The percentage of CSTAC-winning projects
which involve four or more organizations to all projects
increased over time (17.34%, 22.81%, 26.51%, 35.98%,
36.58%, and 44.32%, respectively). Consequently, the pres-
ence of subgroups 4-f in the CIN gradually increased. The
embedding of subgroups 4-f can effectively improve the
tightness of the network.

Subgroup 4-f has different categories depending on
the involved innovation organizations of government (G),
enterprise (E), university (U), and institute (). Figure 3
shows the percentage change of different types during
the study period. As can be seen from Figure 3 that collab-
orative patterns such as IUUU and EGII no longer appear
in CSTAC in recent years. The innovation collaborative pat-
terns involving four organizations are mainly EEEE, EEEU,
and EEUU. From 2004 to 2006, the collaborative pattern of
EEEE accounted for the largest proportion, which indicates
that enterprises were the main participants of technology
innovation collaborations in the construction industry dur-
ing that period. After that, the proportion of collaborative
patterns in which enterprises and universities are involved
(such as EEEU and EEUU) has increased. During 2019-2021,
the EEEU collaborative pattern had the largest share, fol-
lowed by the EEUU pattern, and the share of the EEEE
pattern decreased. This indicates that collaborative inno-



vation in China’s construction industry has been mainly
dominated by university-enterprise collaboration in recent
years. During the study period, EGIU pattern has always
accounted for a relatively low percentage. Li and Zhou
(2022) argued that the collaborative pattern of EGIU is an
effective four-party collaborative pattern in technology in-
novation. In this pattern, enterprises can provide the R&D
funds and results transformation platform, universities and
research institutions have strong R&D capabilities, and the
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government can provide support for technology innova-
tion. Zhang and Wang (2022) proved that the introduction
of research institutions to build an industry-university-re-
search collaborative innovation platform can improve in-
novation efficiency. However, the innovation organizations
in the 4-f subgroup of the CIN in China’s construction in-
dustry are still dominated by enterprises and universities,
and the role of government, research institutions, and in-
dustry associations needs to be further strengthened.

Table 8. The results of NMA

ID | Motif Shape | Motif Type | Indicator | 2004-2006 | 2007-2009 | 2010-2012 | 2013-2015 | 2016-2018 | 2019-2021
Nreal 6113 6408 14026 21186 26198 65085
o Z-Score -42.60 -52.65 -81.64 -67.75 -64.54 -43.95
3-a antimotif
P-Value 1.000 1.000 1.000 1.000 1.000 1.000
Creal (%) 85.91 85.84 86.33 88.44 89.35 93.66
Nreal 1003 1057 2221 2770 3123 4408
3 tif Z-Score 42.60 52.65 81.64 67.75 64.54 4395
- moti
P-Value 0.000 0.000 0.000 0.000 0.000 0.000
Creal (%) 14.09 14.16 13.67 11.56 10.65 6.34
Nreal 79227 60603 212314 356658 477372 1718310
S Z-Score -16.38 -17.60 —-24.65 -25.22 -24.25 -16.12
4-a antimotif
P-Value 1.000 1.000 1.000 1.000 1.000 1.000
Creal (%) 59.78 51.41 57.51 56.96 57.64 63.23
Nreal 21012 28396 76096 134865 187697 622305
L Z-Score -33.29 -31.60 -37.67 -41.04 -41.24 -48.40
4-b antimotif
P-Value 1.000 1.000 1.000 1.000 1.000 1.000
Creal (%) 15.85 24.09 20.61 21.54 22.66 22.90
Nreal 29620 26628 74595 122735 151371 349951
A-c motif Z-Score 14.94 16.29 2237 23.17 23.54 16.21
P-Value 0.000 0.000 0.000 0.000 0.000 0.000
Creal (%) 22.35 22.59 20.21 19.60 18.28 12.88
Nreal 48 64 139 332 446 1758
o Z-Score -9.87 -9.95 -12.28 -13.42 -14.42 -16.15
4-d antimotif
P-Value 1.000 1.000 1.000 1.000 1.000 1.000
Creal (%) 0.04 0.05 0.04 0.05 0.05 0.07
Nreal 1462 1122 3470 8184 7765 20916
. Z-Score 5.89 5.95 13.04 18.36 12.72 10.52
4-e motif
P-Value 0.000 0.000 0.000 0.000 0.000 0.000
Creal (%) 1.10 0.95 0.94 1.31 0.94 0.77
Nreal 1168 1069 2577 3388 3583 4287
At tif Z-Score 114.11 130.12 217.91 126.11 117.84 40.86
- moti
P-Value 0.000 0.000 0.000 0.000 0.000 0.000
Creal (%) 0.88 0.91 0.70 0.54 043 0.16
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Figure 3. Proportion of different types of subgroup 4-f from 2004 to 2021

5. Conclusions

In this study, a CIN of China’s construction industry was
established based on the dataset of projects that won
CSTAC in 2004-2021. The macrostructural characteris-
tics and evolution laws of the CIN were explored using
the network-level and node-level indicators in the SNA
method, and the microstructure of the CIN and the main
collaborative patterns of innovation organizations were
investigated using the NMA method.

The main conclusions are as follows. (i) During the
study period, the size of the CIN in China’s construction
industry has increased, but the island effect has led to the
deterioration of the network’s connectivity. (i) The CIN of
China’s construction industry presented the characteris-
tics of scale-free and small-world, with a few organiza-
tions holding many technological innovation resources.
The evolution of CIN has seen the emergence of many
innovation communities of increasing size. (iii) There is a
giant component in the CIN. The size and overall cohe-
sion of the giant component has increased over time, but
the connections between innovation organizations have
become sparse. (iv) China Academy of Building Research
(E1469) and Tongji University (U116) played key roles in
the technological innovation of China’s construction in-
dustry. Given its high degree and closeness centrality, Chi-
na Academy of Building Research (E1469) was a driver for
technology innovation. Tongji University (U116), with high
betweenness centrality, played the role of intermediary in

the technology innovation of the construction industry. (v)

In the CIN of China’s construction industry, the collabora-

tive pattern of enterprise-enterprise and enterprise-univer-

sity were the main collaborative patterns during the study

period and the latter have become increasingly dominant.
The findings highlight the following policy implications:

(1) The results show that most organizations have low
participation in collaborative innovation. Collaborative
innovation can shorten the R&D cycle, save transac-
tion costs, and realize complementary advantages.
Therefore, it is necessary to further promote collab-
orative innovation to improve the level of technologi-
cal innovation in China’s construction industry. Poli-
cymakers can establish regional innovation clusters
for the construction industry, offering financial, land,
and policy support to promote the clustering and
collaborative innovation of enterprises, universities,
and research institutions in the region. The industry
authorities should play a guiding and service role in
industry-university-research collaborative innovation.
Available measures include setting up industry-univer-
sity-research collaboration projects, designing incen-
tive mechanisms, formulating collaboration guidelines,
and promoting international exchanges. Enterprises at
the edge of the CIN should enhance their innovation
capabilities by increasing R&D investment and recruit-
ing talented R&D personnel. They can also integrate
into the giant cluster in the CIN by participating in
industry forums and technology exchanges.



(2) According to the results, some organizations with high
centrality in CIN (e.g., China Academy of Building Re-
search, Tongji University, etc.) played a key role in the
innovation knowledge diffusion or the collaboration
among innovation organizations. The following rec-
ommendations can be made: Firstly, policymakers can
establish special funds to prioritize support for col-
laborative innovation between organizations with high
centrality and other entities, promoting the implemen-
tation and transformation of results. Secondly, indus-
try authorities can designate these core organizations
as pilot demonstration units for innovation and en-
courage them to disseminate successful experiences
and models by organizing forums and symposiums on
collaborative innovation in the construction industry.
Finally, core enterprises and universities should take a
leading role in research and development in emerg-
ing technologies (e.g., blockchain, internet of things,
artificial intelligence) to advance the development of
new technologies in the construction industry.

(3) The results show that enterprise-enterprise and en-
terprise-university is the most common collaborative
innovation pattern in China’s construction industry
and more and more universities have been involved
in collaborative innovation. Although universities have
advantages in knowledge creation and dissemination,
they lack results transformation platforms. And al-
though construction enterprises have sufficient R&D
funds, they often lack high-level R&D talents. Col-
laboration between the two can complement each
other’s advantages and create more new technologies.
Some suggestions can be put forward to promote
university-enterprise collaboration from four aspects
of policymakers, industry authorities, enterprises, and
universities as follows. Firstly, it is recommended that
policymakers devise policies involving tax incentives
and financial subsidies to facilitate collaboration be-
tween enterprises and universities, thereby encourag-
ing collaborative innovation. Concurrently, intellectual
property protections should be enhanced to ensure
that enterprises and universities secure their rightful
interests during the innovation process and reduce
the risk of infringement. Secondly, industry authorities
should encourage enterprises and universities to take
the initiative to explore new patterns of collaborative
innovation and strengthen the construction of collab-
orative innovation platforms to promote cooperation
between them. Thirdly, construction enterprises can
actively invite university researchers to participate in
enterprise technology innovation, to enhance enter-
prise innovation effectiveness and strengthen their
core competitiveness. Finally, universities can estab-
lish incentive mechanisms to motivate researchers to
engage in university-enterprise collaboration. With
the support of resources from enterprises, universi-
ties may improve the conversion rate and applicability
of research results.
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This study has three contributions. First, previous stud-
ies on CIN mainly focused on high-tech industries and less
on traditional industries such as the construction industry.
We studied the structural characteristics and evolutionary
mechanisms of CIN in China’s construction industry, ex-
panding the study field of CIN. Second, previous studies
on CIN have only focused on the macrostructure of the
network and less on its microstructural characteristics. This
study proposed a research framework that combines SNA
and NMA, which can reveal both the macrostructural and
microstructural characteristics of the network. The study
framework can provide a new research idea for the analy-
sis of CIN in the construction industry and other indus-
tries. Third, this study explored the evolution of the CIN in
China's construction industry from a dynamic perspective.
The findings can provide valuable insights for understand-
ing the structural characteristics and evolution laws of the
CIN, and the collaborative patterns among technology in-
novation organizations in China’s construction industry,
which can provide references for formulating technology
innovation strategies in the industry.

This study contributes new insights into theory and
practice but still has some limitations. First, the results
were obtained based on an analysis of China’s construc-
tion industry, which can provide insights for the collabora-
tive innovation of construction industry in other countries
and other industries. However, different countries and in-
dustries have differences in innovation development foun-
dation, development stage, and institutional system, and
need to adopt different innovation models and strategies
according to local conditions. The structural characteristics
of CIN in the construction industry of other countries can
be explored and compared in future studies. Second, this
study explored the macrostructural characteristics and mi-
crostructural characteristics of CIN in China’s construction
industry and their evolution laws, and revealed the status
of collaborative innovation. Future studies can further ex-
plore the influence mechanism of network endogenous
structural factors, node attribute factors and exogenous
covariate factors on the evolution of CIN using the tempo-
ral exponential random graph model. Structural equation
modeling method can also be used to explore the rela-
tionship between CIN and innovation performance.
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