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Abstract
Social networks are increasingly considered to be influential in explaining the knowledge 
transfer process. Despite scholarly efforts to integrate knowledge transfer and social net-
work research, we lack understanding on how knowledge transfer networks emerge and 
evolve. We draw upon resource dependency theory and inter-organizational networks and 
collect patent data of 42 Double-First Class (DFC) universities to study structural prop-
erties of the Chinese university knowledge transfer network over time. Our results point 
to the existence of an increasingly complex yet remarkably efficient network. Universities 
and co-patent collaborations emerge in the network and act as knowledge bridges between 
other universities. The network moves from an early-stage single-centered network to a 
mature multi-centered network through a power-law pattern. Such movement allows for 
an aggregation phenomenon to appear as oligopolistic communities emerge and rule the 
network. While knowledge is more easily shared and accessible within communities, their 
existence also brings along control over knowledge bases embedded in those communi-
ties. Key universities take central positions within the expanding network, which allows 
them to gain control and easier access to knowledge. It also hints that it might be diffi-
cult for other DFC universities to become key players in the network. On an inter-regional 
level, our findings point to steadily increasing knowledge transfer activity, which is key 
to overcome the underdevelopment of some Chinese regions. Overall, this paper contrib-
utes to our understanding on the theoretical connection between knowledge transfer and 
social network dynamics, on how universities evolve through knowledge transfer networks, 
and on how their embeddedness translates into knowledge control, knowledge access, and 
knowledge bridges.
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1 Introduction

Knowledge transfer includes all activities related to the transfer of knowledge and capabili-
ties developed inside universities to non-academic environments (Molas-Gallart and Sin-
clair 1999), and is globally considered the third mission of universities, next to teaching 
and research (Philpott et al. 2011). As engines of innovation, universities transfer knowl-
edge through several mechanisms, including publications, patents, consulting, informal 
meetings, recruiting, licensing, joint ventures, research contracts, and personal exchanges 
(Agrawal 2001). Among these mechanisms, patents are visible indicators of technologi-
cal change and innovation and form an important commercialization channel (Kroll and 
Liefner 2008; Meyer-Krahmer and Schmoch 1998).

Social networks are increasingly considered to be influential in explaining the process 
of knowledge transfer (Phelps et al. 2012; Borgatti and Foster 2003). Indeed, knowledge 
production and transfer, which are central to explaining economic growth, increasingly rely 
on social networks (Powell and Grodal 2005; Romer 1990; Seck 2012). From a network 
perspective, knowledge transfer refers to the effort of a source to share knowledge with a 
receiver and the receiver’s effort to acquire and absorb this knowledge. In such a perspec-
tive, patents serve as conduits for the transfer of information and knowledge (Belderbos 
et al. 2014). The use of social network theories and methods within knowledge transfer lit-
erature has resulted in significant contributions. These contributions focus on the determi-
nants of network formation and its properties (e.g. Breznitz et al. 2018; Fernández-Olmos 
and Ramírez-Alesón 2017; Huggins et al. 2019; Mitze and Strotebeck 2019; Morescalchi 
et al. 2015) or the effect of knowledge transfer networks on economic growth or innovation 
performance (e.g. Seck 2012, Guan et al. 2015; Jiang et al. 2017; Scuotto et al. 2017; Xu 
et al. 2019; De Noni et al. 2018).

Despite these efforts to integrate knowledge transfer and social network research, we 
still lack understanding on several aspects (Ahuja et al. 2012; Phelps et al. 2012; Zaheer 
et al. 2010; Battistella et al. 2016). In particular, scholars increasingly question the dynam-
ics of a social network, i.e. how and why networks emerge and evolve (Ahuja et al. 2012), a 
question which remains underexplored in inter-organizational knowledge transfer research 
(Giuliani 2013; Noh and Lee 2019). Taking into account the gradual move towards univer-
sities as key actors in transferring knowledge to society, we construct a university knowl-
edge transfer network and track its evolution and the position of key universities within the 
network over time. In contrast to existing studies that rely on social networks as a theo-
retical basis, we analyze the network’s structural properties through a multi-level social 
network approach. However, we draw upon the resource dependency theory to explain 
knowledge transfer collaborations. In doing so, we increase our understanding on how uni-
versities access knowledge through networks and on how universities control and maintain 
knowledge collaborations (Borgatti and Foster 2003).

While literature has mainly focused on developed countries as an empirical setting (e.g. 
De Prato and Nepelski 2012; Protogerou et al. 2013; Töpfer et al. 2017), we lack under-
standing on the evolution of knowledge transfer networks in developing countries (Cun-
ningham and O’Reilly 2018; Wang et al. 2015b; Yang et al. 2019). China aims to transfer 
itself from an imitation-based to an innovation-based economy and considers knowledge 
transfer an important vehicle to this end (Fisch et al. 2016). The “Chinese Bayh-Dole Act” 
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brought along a surge of Chinese patent applications and Chinese university patent applica-
tions (Hong 2008; Wang et al. 2015b). Amongst other innovation promotion strategies and 
policies, the “Double-First Class Plan” (DFC plan) issued by the Ministry of Education 
(MOE) in 2017 targets the top 42 Chinese universities and aims to further promote univer-
sity quality and knowledge transfer in China. We use patent application data of these 42 top 
Chinese universities from 2004 till 2014. As we study the Chinese university knowledge 
transfer network, we add insights to the discussion on inter-regional knowledge transfer as 
a means to improve innovation capabilities of less favored regions (e.g. Gao et al. 2011).

2  Resource dependency theory and social network analysis

In a knowledge transfer context, we define a network as a set of heterogeneously distributed 
knowledge repositories or actors (nodes) that create, search for and transmit knowledge, 
interconnected by social relationships (ties) that enable or constrain the nodes’ effort to 
transfer knowledge (Phelps et al. 2012). In our study, the nodes are represented by universi-
ties and the organizations that collaborate with universities. The co-patenting behavior of 
the universities and organizations represent the relationships; one joint patent thus reflects 
one relationship. We refer to the resulting social network as university knowledge transfer 
networks. Social network scholars differentiate between three levels of analysis: interper-
sonal, inter-organizational, and intra-organizational levels (Phelps et al. 2012). As we con-
sider universities as our units of analysis, acting as key engines of innovation and impor-
tant sources of new knowledge (Agrawal 2001; Siegel et al. 2003), our study falls within 
the inter-organizational level.

Inter-organizational networks have received attention through different theoretical 
lenses, e.g. institutional, agency, contingency, bargaining… (Oliver and Ebers 1998). In 
particular, resource dependency theory, social network theory, and their combination have 
been frequently used to explain the phenomenon. Resource dependency theory investigates 
the process through which organizations reduce their environmental dependencies by using 
various strategies that enhance their power within inter-organizational systems (Pfeffer 
and Salancik 1978). Social network theory is concerned with how the position of actors 
within a network of relations, and the content of these relations, affect their opportuni-
ties for actions (Burt 1992). However, when it comes to inter-organizational knowledge 
transfer networks, one should not overlook that social networks by themselves do not suf-
fice as a theoretical base (Zaheer et  al. 2010). Rather it suggests that structure matters, 
but it is incumbent on the researchers to explain the underlying causal knowledge transfer 
processes through interpretation of the results. Therefore, in this study, we view social net-
works as a methodology and draw upon the resource dependency theory to explain knowl-
edge transfer collaborations.

The foundation of resource dependency theory connects to social capital theory (Bor-
gatti and Foster 2003), which links one’s ties or network position to outcomes such as 
power, leadership, mobility, employment, or performance. In a knowledge transfer con-
text, the resource at stake is knowledge, which may be transferred between members of a 
network (Zaheer et al. 2010). Each member of the network acts as a knowledge resource 
itself—by providing knowledge to another member—and/or acts as a conduit through 
which other members access knowledge (Zaheer and Bell 2005). The transfer of knowl-
edge between members serves as knowledge procurement strategy—since no organization 
is able to know or do everything on their own—and as uncertainty reduction mechanism 
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(Gulati and Gargiulo 1999; Yang et al. 2019). Members of a knowledge network are able 
to access knowledge that is difficult to obtain otherwise and, in doing so, enhance their 
own position and power within the network (Borgatti and Foster 2003). By adding a time 
dimension to this logic, the inter-dependence on knowledge between members changes 
over time (Ahuja et al. 2012) and the knowledge that members accumulate over time rep-
resents a resource that they can exploit or subsequently draw on (Nahapiet and Ghoshal 
1998; Soda et al. 2004).

This paper focusses on patents as a mechanism for knowledge transfer (Belderbos et al. 
2014). Depending on the data used, patent-based knowledge transfer research falls into 
three categories: patent citation (e.g. AlAzzawi 2011; Ribeiro et al. 2014; Tijssen 2001; Ye 
et al. 2015), patent licensing (e.g. Yang et al. 2019), and patent co-ownership research (e.g. 
Choe and Lee 2017; Li et al. 2014). Patent citation data is unable to distinguish important 
knowledge flows from prior patents that may or may not affect the invention of the citing 
patent (Henderson 2007). The use of patent licensing data is also limited as official regis-
ters of patent licenses are recorded on a voluntary basis and therefore may not cover a com-
plete picture of a country’s licensing activities (Yang et al. 2019). Compared to such data 
sets, joint patent data is more likely to reflect real interactions and knowledge flows among 
patent owners. However, as it represents undirected knowledge flows, we ought to adjust 
our network measurements to take this limitation into account.

From a resource dependency perspective, organizations typically face internal knowl-
edge constraints. In that regard, co-ownership of intellectual property is a relevant strat-
egy to co-develop knowledge since they serve as conduits for passing on that knowledge 
(Zaheer et al. 2010). Co-patents, patents owned by two or more assignees, tend to receive 
higher patent citations and co-patents in which a university is involved tend to be associ-
ated with higher market value (Belderbos et al. 2014). A key assumption in using co-pat-
ents as knowledge transfer mechanism is that organizations listed on the same patent know 
each other, have collaborated, and thus have exchanged knowledge (Gao et al. 2011). Also, 
taking into account the time dimension, two organizations who worked together on at least 
one patent are able to get in touch again or share knowledge directly or indirectly more eas-
ily compared to disconnected organizations (Singh 2005).

The majority of the work on inter-organizational networks has concerned itself with 
how and why organizations collaborate with other organizations (Borgatti and Foster 2003; 
Zaheer et al. 2010). Such concerns are typically addressed through a structuralist or con-
nectionist lens, in which structuralists focus on the configuration of ties in the network, 
while connectionists focus on the content of the resources that flow through these network 
ties (Borgatti and Foster 2003; Mayhew 1980). We put ourselves in the structuralist camp, 
and investigate the structural properties of university knowledge transfer networks: (1) 
the location of a node relative to others (network position), (2) the pattern of ties within 
a node’s immediate set of contacts (node network structure), and (3) the pattern of ties 
among all nodes in bounded population (whole network structure) (Phelps et al. 2012). The 
network positions of nodes allow us to identify the more prominent, i.e. more important, 
universities within the university knowledge transfer network (Zaheer et  al. 2010). The 
node network structure reflects the collaboration intensity of a university within its network 
and thus reflects the amount of knowledge sharing within the university knowledge trans-
fer network (Ahuja et al. 2012). Node network structure allows us to say something about 
how efficient knowledge flows through the university knowledge transfer network. Whole 
network structure reflects the connectivity within the network and allows us to identify 
cohesive groups or clusters within the university knowledge transfer network.
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3  Background: Chinese university knowledge transfer

Around the world, governments implemented regulations to facilitate knowledge transfer 
(Fisch et al. 2015; Wang et al. 2015a). In Fig. 1, we provide an overview of the implemen-
tation of China’s innovation and technology transfer policies. The 1980s was a time of sev-
eral important reforms as China transformed its national innovation system to comply with 
the Soviet innovation system (Fong et al. 2018; Liu and White 2001; Wang et al. 2015a). 
Chinese universities were given greater autonomy in managing their research activities, 
and interactions with industry were encouraged (Motohashi and Yun 2007). The transition 
from a planned economy to a market economy, institutional mergers and weakened minis-
try control over universities and industry led to the decentralization reforms of the 1990s 
(Zhou et al. 2003). In 1999, the Ministry of Education (MOE) issued a Chinese version of 
the Bayh-Dole Act, allowing universities to retain ownership of research results obtained 
with governmental funding, which laid the foundation for the protection and commerciali-
zation of university intellectual property (IP). In 2001, the State Economic and Trade Com-
mission and MOE jointly established state technology transfer centers in six universities 
(Wu 2010). By improving the performance of Chinese university knowledge and technol-
ogy transfer through several programs, the Chinese government recognized innovation and 
knowledge transfer to be the engine of economic development and considers Chinese uni-
versities as key actors in China’s transformation (Hong 2008; De Moortel and Crispeels 
2018). 

A next milestone in China’s innovation strategy occurs in 2008. The Chinese 
national government implemented its IP strategy to enhance IP creation, application, 
protection and management, in an effort to increase autonomous innovation capabili-
ties. The Chinese patent law was revised to strengthen the protection of IP rights and 
to encourage and promote technological innovation. The Ministry of Science and Tech-
nology (MOST) selected 76 organizations to be National Technology Transfer Dem-
onstration Organizations. Today, there are 453 such organizations.1 In 2012, China 
launched its Innovation Driven Development Strategy, which advances innovation as 
a national strategy. In 2015, the Law of Promoting the Application of Scientific and 

Fig. 1  China’s innovation and technology transfer-related policies since the 1980s (Source: own set-up)

1 http://www.china torch .gov.cn.

http://www.chinatorch.gov.cn
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Technological Achievements, originally launched in 1996, was revised to encourage 
R&D organizations and universities to transfer technologies to enterprises. To improve 
China’s higher education quality and further promote university knowledge transfer, 
the MOE issued the Action Plan of Promoting University Technology Transfer in 2016 
and the “Double-First Class” plan (DFC plan) in 2017. The DFC plan targets 42 Chi-
nese universities across 31 provinces and aims to transform these into 42 world-class 
universities. The DFC universities receive additional government funding for R&D 
and teaching.

Over the past 15 years, the number of patent applications, especially domestic applica-
tions, grew quickly with an average growth rate of 23.91%. Chinese university patenting 
activity increased due to patents being an important criterion in university evaluations by 
the MOE and the surge of intense top-down government innovation policies to meet inter-
national patent standards (Henderson et al. 1998; Luan et al. 2010; Thursby et al. 2001; 
Wang et al. 2015a). In 2011, China became the top country in terms of number of patent 
applications with over 56 million patent applications (Fong et al. 2018).

The fast growth in Chinese patent applications translates into different knowledge 
transfer patterns in China (Gao et  al. 2011). China majorly relies on intraregional 
and international collaborations, while inter-regional knowledge transfer is relatively 
weak. Liang and Zhu (2002) and Wang et al. (2005) note that the lack of inter-regional 
knowledge transfer activity results from geographical distances still being a major 
obstacle for technological and scientific collaborations in China; a situation similar 
to that in other countries (Spithoven et  al. 2019). However, inter-regional knowledge 
transfer deserves particular attention as it plays an important role in improving Chi-
nese regions’ innovation capabilities and technological progress—particularly of less 
favored regions (Yang et al. 2019). Indeed, although China’s overall innovation capa-
bility has improved, innovation capabilities, R&D resources, and technology transfer 
performance vary across China’s eastern, central, and western areas due to uneven eco-
nomic development (Li et al. 2010). The eastern coastal provinces, especially those in 
the Yangtze River Economic Circle, the Pearl River Economic Circle, and the capital 
city of Beijing, are considered to be the most innovative areas in China (Liu and Sun 
2009). As an indication, the total amount of patent applications originating from these 
three areas constituted 48.22% of the total amount of patent applications in 2015.

4  Data and methodology

We analyze the Chinese university knowledge transfer network’s structural properties on 
three levels: the whole level, the community level, and the node level (Fig. 2). At the whole 
network level, we apply classical network measures to analyze structural properties and 
behavior of the entire network over time (Zaheer et al. 2010). Communities are groups or 
clusters of organizations that follow a certain classification. We apply a community detec-
tion method to detect communities within the network and analyze the features and evo-
lution of these communities. At the node level, we turn to classic position measures to 
capture the position of universities in the network, recognize key universities based on their 
positions, and track the evolution of university positions in the network. We analyze inter-
regional collaborations between universities in the network to address and further investi-
gate a key impediment in Chinese knowledge transfer.
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4.1  Data

Researchers consider patents to be valuable mechanisms for knowledge transfer. On top of 
this, patent data is easily accessible and provides systematically recorded details on inven-
tors, organizations, and locations (Agrawal and Henderson 2002). As such, patents allow 
for more comprehensive analysis, compared to surveys or case studies (Henderson et  al. 
1998). In China, patents are granted by the State Intellectual Property Office (SIPO) and 
are divided into invention patents, utility model patents, and design patents (Wu 2010). 
Invention patents cover “new technical proposals on products, methods, or both”; utility 
model patents cover “new technical proposals on shape, structure of a product or the com-
bination of both”; and exterior design patents cover “aesthetics and industry-applicable 
new designs for shape, design or color of a product, or their combination” (Sun 2000, p. 
443). We focus on invention patents and utility model patents, as they concern technical 
proposals and innovations, while exterior design patents mainly concern aesthetic improve-
ments. Among all domestic patent applications since 2000, the average annual growth rates 
of invention and utility model patents have been 29.66% and 21.56% respectively.2

This paper considers Chinese universities are vanguards of China’s innovation reform. 
Compared to other organizations, universities are more creative and are the impetus for 
innovation. From 1986 to 2016, among all the patents applied for by universities and col-
leges, the proportion of invention patents was 60.48%, while the average proportion of 
invention patents applied by all organizations was only 31.04%.

DFC universities are the most innovative universities in China. Their patent network 
represents core knowledge flows of Chinese universities. We downloaded invention and 
utility model patent applications of 42 DFC universities from the Espacenet database3 in 
November 2017. We made sure that at least one of the applicants is one of the 42 DFC uni-
versities. We retrieved 539,329 patent applications with a publication date between January 
1, 2004 and October 31, 2017. Since, for invention patents, it can take up to 35 months 

Fig. 2  Chinese university knowledge transfer network analysis framework (Source: own set-up)

2 China Statistical Yearbook: 2001–2017.
3 https ://world wide.espac enet.com.

https://worldwide.espacenet.com
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between application and publication date, we mitigated the potential time lag bias by with-
holding patent applications filed before December 31, 2014.

We filtered out solo patents, duplicates, and patents that do not include one of the 42 
DFC universities as an applicant. As we focus on the inter-organizational level of analy-
sis, we considered university-affiliated institutions (schools, faculties, hospitals, etc.) to be 
part of one organization. We applied the same logic to companies and their subsidiaries, 
branches, and affiliated institutions. Some patents are jointly applied for by individuals 
and organizations. For these patents, we deleted the names of the individuals, as we con-
sider individual applicants as members of the applicant organizations. Finally, we retained 
21,612 joint patent applications.

4.2  Methodology

In line with our three-leveled analysis, in this section we clarify the whole network level 
measures, the community detection measures, and node level measures used in this study. 
To account for the time dimension, we measure the evolution of the network properties at 
each level over time. We visualize each year’s university knowledge transfer network and 
observe its evolution. We additionally test the growth pattern of the network and question 
the constant average degree assumption that the number of ties grows linear with the num-
ber of nodes (Leskovec et al. 2005), which is widely adopted in recent network evolution 
models. Next to this three-leveled analysis, due to an increased attention to the less favored 
Chinese regions, we capture inter-regional knowledge transfer dynamics with a separate 
measure.

Since we use joint patent application data, our university knowledge transfer network 
forms an undirected network, i.e. the ties between the nodes are undirected. As such, there 
is no difference between a tie from node A to node B and a tie from node B to node A. All 
measures in this paper are adapted towards the characteristics of undirected networks. We 
use the igraph package in R to calculate the network measures (Csardi and Nepusz 2006). 
We include names and definitions of all variables in “Appendix A”.

4.2.1  Whole network measures

To capture whole network structural properties, we use transitivity, density, shortest path, 
and (effective) diameter measures. By analyzing these measures, we are able to analyze 
how efficient knowledge flows through the university knowledge transfer network and how 
organizations access new knowledge in the network.

Transitivity, i.e., the clustering coefficient, is a measure of the extent to which nodes 
tend to cluster together in the network. In this paper, we use a global transitivity measure 
for the network’s overall clustering status. The calculation of a global transitivity measure 
is based on triplets of nodes. A triplet represents three nodes that are connected by either 
two (open triplet) or three (closed triplet) undirected ties. For undirected networks, the 
global transitivity is equal to the number of closed triplets over the total number of open 
and closed triplets (Wasserman and Faust 1994). A higher transitivity implies more closed 
triplets in the network and more direct ties between organizations. Thus, a higher transitiv-
ity eases an organization’s access to knowledge in the network.

The density of a network measures a network’s complexity and compactness. It is the 
ratio of the number of ties and the maximum possible number of ties in the network (Was-
serman and Faust 1994). Mathematically, Density equals E/[0.5 × N × (N − 1)], in which 



1236 Y. Ye et al.

1 3

E is the total number of real ties, N is the number of nodes, and 0.5 × N × (N − 1) is the 
maximum possible number of ties in the network with N nodes. Increased density indicates 
increased efficiency of knowledge flows and easier access to new knowledge for organiza-
tions in the network. In general, since the growth rate of E is slower than the growth rate of 
 N2, the density of a large-scale network is smaller than the density of small-scale networks.

A path in a network is a sequence of incident ties. The shortest length of a path is the 
number of ties the shortest path contains, i.e. the minimum number of steps needed for one 
node to reach another. We denote the shortest path length between node i and node j as lij . 
The average shortest path length ( ̄l ) is defined as the average number of steps along the 
shortest paths for all possible pairs of nodes in the network. It is a measure of the efficiency 
of knowledge flow in a network. If two nodes in the network are not able to reach each 
other, i.e. their shortest path length is infinity, the nodes are not considered in the calcula-
tion of average shortest path length to avoid calculations that include infinite numbers.

The network diameter represents the linear size of a network. It equals the longest short-
est path in the network, i.e. shortest path length between the two most distant nodes in the 
network (Newman 2003; Wasserman and Faust 1994). In reality, a network is not always 
fully connected; some nodes do not tie to any other nodes. In order to avoid an infinite 
diameter, only the largest connected component of the network is considered in the calcu-
lation of the diameter. The effective diameter represents a smoothed diameter and is con-
sidered to be more robust as a measure. The most commonly used effective diameter in 
network analysis is the 90th percentile effective diameter, which equals the number of ties 
needed on average to reach 90% of all other nodes (Leskovec et al. 2005). The effective 
diameter and diameter tend to exhibit qualitatively similar behavior.

4.2.2  Community detection measures

No consensus exists on a precise definition of a community. One of the most widely 
accepted definitions is from Newman and Girvan (Newman and Girvan 2004). They define 
a community as a subnetwork containing nodes which are more densely tied to each other 
than to the rest of the network. Or equivalently, a network has a community structure if the 
number of ties into any subnetwork is higher than the number of ties between those subnet-
works. Within a community, knowledge is more easily accessible to the members of that 
community and typically communities have a certain control over stocks of knowledge.

Community detection is the process of discovering communities in networks and is 
widely used in network analysis (Bedi and Sharma 2016). We use the walktrap algorithm 
(Pons and Latapy 2005) to detect communities in the university knowledge transfer net-
work. The walktrap algorithm uses a distance measure based on random walks through the 
network and applies a hierarchical agglomerative clustering approach (Pons and Latapy 
2005). As the name suggests, a walker on one node randomly and uniformly moves to a 
subsequent node among its neighbors. The idea behind this algorithm is that the walker 
tends to become trapped in a community and that short random walks tend to stay within 
the same community.

We apply the Wilcoxon rank-sum test to test the significance of the communities 
detected. The Wilcoxon rank-sum test considers the “internal” and “external” degrees 
of a community in order to quantify its significance. We denote the ties within a com-
munity as “internal” ties and the ties connecting the nodes of a community with the 
rest of the network “external” ties. The null hypothesis of this test is that there is no 
difference between the number of “internal” and “external” ties linked to a node of the 
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community. In contrast, a higher amount of internal ties than external ties indicates that 
a community is significant; while the inverse indicates that the community is in fact an 
“anti-community”.

4.2.3  Node level measures

Centrality is the most important and commonly used measure to reflect the position and 
power of nodes in networks. The position of a node within the university knowledge 
transfer network over time reflects the changes in the amount of accessibility or control 
that a node has over the knowledge available in the network. Among all centrality meas-
ures, degree, closeness and betweenness are most commonly used (see Fig. 2). Node i 
in the network is denoted as ni , and its degree, closeness and betweenness are denoted 
as CD(ni) , CC(ni) and CB(ni) . To maintain comparability across different networks over 
time, we calculate a node’s normalized degree C�

D
(ni) , closeness C�

C
(ni) , and between-

ness C�
B
(ni):

Degree counts the number of ties a node possesses (Freeman 1978). The degree 
of node i is CD(ni) = e(ni) , where e(ni) is node’s i number of ties. Normalized degree 
C�
D
(ni) = CD(ni)∕(N − 1) , where N is the total number of nodes in the network. A node’s 

degree indicates how many direct collaborations it has and it reflects its importance in the 
network and its access to other resources. The more ties a node has, the more important it 
is considered, the more knowledge it possesses and the easier it can access knowledge held 
by other nodes. We use a distribution of all node degrees in the network to measure the dis-
tribution of knowledge in the network.

Closeness is based on the sum of the length of the shortest paths between the node and 
all other nodes in the network (Bavelas 1950). The closeness of node i is calculated as 
CC(ni) =

�

∑

i,j lij

�−1

 , where lij is the shortest path length between node i and j . Normalized 
closeness is then calculated as C�

C
(ni) = CC(ni)∕(N − 1) . The higher the value of normal-

ized closeness, the more centrally positioned that node is, which reflects easier access to 
knowledge held by other nodes in the university knowledge transfer network.

Betweenness centrality for a node in a network equals the number of shortest paths 
between two other nodes that pass through that one node. It calculates the node’s presence 
on the shortest paths of other nodes’ pairs. We denote the number of shortest path between 
node j and k as gjk and the number of nodes j and k ’s shortest paths which go through node 
i as gjk(ni) . Then, CB(ni) =

∑N

k=1

∑N

j=1
gjk(ni), j ≠ k ≠ i, j < k . Normalized betweenness is 

calculated by C�
B
(ni) = 2CB(ni)∕[(N − 1)(N − 2)] . In networks, betweenness represents a 

node’s power by having control over the network. When a node has a higher betweenness, 
more knowledge will flow through it (Freeman 1977).

4.2.4  Inter‑regional knowledge transfer measure

In order to gain insight into inter-regional university knowledge transfer activities, we 
group the universities based on their region and calculate the minimum steps required for 
universities in one region to reach universities in another region. According to the National 
Bureau of Statistics of People’s Republic of China, the 42 universities are located in 24 dif-
ferent regions, with 22 universities in East China, seven in Central China, four in Northeast 
China, and nine in West China.
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5  Data analysis and results

5.1  Patent applications of Chinese universities

In line with the rise of patent activity in China, the total amount of patent applications of 
the 42 DFC universities has grown quickly since 2008. However, the growth rate decreases 
from 37.49% in 2008 to 9.30% in 2014. While the rise of joint patent applications is nota-
bly smaller compared to the rise of total patent applications, the percentage of joint appli-
cations increases from 2.6% in 2008 to near 12% in 2014 (Fig. 3). The percentage of inter-
group applications, i.e. patent applications between the 42 DFC universities, remains low 
and even declines in 2012; we note that the 42 DFC universities increasingly collaborate 
with partners outside the DFC group.

Next to the trend of overall increased patenting activity, we observe a strong growth in 
the patenting activity of less-experienced Chinese universities (Table 1). The rate at which 
patent applications grow from 2004 until 2014 differ largely between Chinese universities: 
universities that are new to patenting strongly increase their patenting activity (e.g. Xin-
jiang University has an average annual growth rate of 176% per year), while universities 
with established patenting activity, like Tsinghua University, have lower growth rates (14% 
in the case of Tsinghua University).

5.2  Whole network analysis

5.2.1  Increased network efficiency

Before 2008, the diameter and effective diameter of each year’s network remain stable 
(around 4). However, because of the network’s explosive growth in 2009, the diameters 
increase significantly; reaching over 8 in 2009 (Fig.  4). Afterwards, in contrast to the 

Fig. 3  Patent collaborations of DFC universities (Source: own set-up)
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conventional wisdom that the diameter should increase as a function of the number of 
nodes, i.e., O(log n) or O(log(log n)) (Leskovec et  al. 2005), the diameters of the Chi-
nese university knowledge transfer networks shrink continuously, which indicates that 
the distances between nodes in the networks decrease as the networks grow. This means 
that the average shortest path to transfer knowledge decreases over time (Fig.  4) and 
points to the existence of or evolution towards a more efficient university knowledge 
transfer network. Leskovec et al. (2005) conclude that a shrinking diameter is a robust 
and intrinsic phenomenon in real-world networks (Leskovec et al. 2005). A decrease in 
distance between pairs of universities is the result of new universities joining the net-
work and new ties emerging in the network, acting as bridges between the universities.

Fig. 4  Evolution of classic network indexes (Source: own set-up)

Fig. 5  Network transitivity and density (Source: own set-up)
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5.2.2  Three evolutionary stages

Drawing upon the network’s transitivity and density measures over time (Fig.  5) and a 
visualization of the network dynamics (Fig. 6) allows us to distinguish three evolutionary 
stages of the Chinese university knowledge transfer network. The network is in an early 
stage and remains single centered until 2008 with Tsinghua University at its center. From 
2008 to 2010, the knowledge transfer network enters an expansion stage: network transitiv-
ity and density measures drop rapidly as the network increases in complexity and becomes 
multi-centered around key nodes. From 2011 onwards, the network’s complexity stabilizes, 
indicating that it enters a mature stage.

5.2.3  A power‑law pattern

After the explosive growth in 2009, we observe that the number of ties grows faster than 
the number of nodes in the network. Meanwhile, the transitivity and density measures 

Fig. 6  Chinese universities’ knowledge transfer networks (Source: own set-up)



1242 Y. Ye et al.

1 3

drop fast between 2008 and 2010 and stagnate afterwards due of the rise in the number 
of nodes from 2008 to 2010. This phenomenon goes against conventional wisdom, which 
would expect the number of ties to grow linear with the number of nodes and have a con-
stant average degree (Leskovec et al. 2005). We analyze the relation between the number of 
nodes N(t) and the number of ties E(t) by estimating E(t) ∝ N(t)a , E(t) ∝ N(t) , E(t) ∝ eN(t) , 
E(t) ∝ lnN(t) , etc. We find that the evolution of the Chinese university knowledge transfer 
network follows a power-law pattern since the regression E(t) ∝ N(t)1.125 renders the high-
est value for  R2 (0.998) and the densification exponent (1.125) lays between the values one 
and two. This confirms that the number of ties grows faster than the number of nodes over 
the years and that universities get easier access to knowledge and other knowledge bases. 
And while a decrease of the density index over time would argue for lower efficiency and 
access to new knowledge, this argument is countered by the density of large-scale networks 
outweighing the density of small-scale networks.

5.3  Community level analysis

Along with the increased complexity of the Chinese university knowledge transfer net-
work, the number of network communities grew fast over the past decade: from 10 com-
munities in 2004 to 47 in 2014 (Table 2). Interestingly, the maximum size of communi-
ties grows much faster than the number of communities. The largest community in 2008 
consists of 31 organizations, while in 2014, the largest community contains more than 200 
organizations. In contrast, the average size of a community stabilized around 35–40 from 
2012 onwards.

Table 2 also shows a significant trend of skewed distribution. Each year, most commu-
nities are of small or medium size. However, there are several large communities in each 
year’s network that have significantly larger sizes than other communities in the respective 

Table 2  Community number 
and size of Chinese university 
knowledge transfer networks

The p values of the Wilcoxon rank-sum test in each year’s communi-
ties are much smaller than 0.001, which indicates that the detected 
communities in each year’s network are significant. In each year’s 
communities, we do not test the smallest 20% communities because 
generally these communities only contain between one and three 
organizations

Year No. of com-
munities

Max. size Min. size Ave. size

2004 10 14 2 4
2005 15 12 1 3
2006 13 16 2 4
2007 12 17 2 6
2008 29 31 2 6
2009 32 85 1 22
2010 32 126 1 37
2011 47 140 1 27
2012 38 160 1 37
2013 41 178 1 38
2014 47 211 1 36



1243Network dynamics of Chinese university knowledge transfer  

1 3

year. Moreover, the size gap between the average size of communities and the larger ones 
continues to increase over time. This means that along with the growth of the Chinese uni-
versity knowledge transfer network, an aggregation phenomenon appears in the communi-
ties’ evolution. Oligopolistic communities emerge and rule the network. Typically, knowl-
edge within communities is more easily accessible to its members and communities exert 
control over stocks of knowledge. The number of oligopolistic communities is relatively 
stable over time; less than 5 in each year.

5.4  Node level analysis

5.4.1  Key universities take on central positions within the network

Based on degree measures, we identify important universities in the Chinese university 
knowledge transfer network and track the evolution of these universities’ positions over 
time. We calculate the degree of each university in each year’s network. Nodes with larger 
degrees are identified as key nodes. In each year’s network the sum of the degrees of key 
nodes represents 20% of the total degree of all the nodes.

As the network increases in complexity, key universities among the 42 DFC universities 
largely remain the same over the years (e.g., Tsinghua University and Zhejiang University), 
which indicates a stable growth of the knowledge transfer network of Chinese universities. 
However, this also hints that it might be difficult for other DFC universities to become key 
nodes. The six most stable key universities are situated in the most important Chinese eco-
nomic areas (Beijing, the Yangtze River Economic Circle, and the Pearl River Economic 
Circle). Some companies, such as Huawei in 2008 and State Grid in 2013, are temporary 
key nodes in the university knowledge transfer network.

We find the degree distribution of the university knowledge transfer heavy-tailed with 
many low degree nodes and few high degree nodes in the network. To measure the distri-
bution’s skewness over time, we run the a Log(count) ∝ Log(degree) regression with the 
degrees (degree) of all the nodes in all the networks from 2004 to 2014 and their occur-
rences (count). The regression coefficient reflects the degree distribution. For 2004–2014, 
we get a regression coefficient of—(0.602) and a high  R2 of 0.829, which confirms that we 
have few nodes with a high degree and a majority of nodes with a low degree.

We find that the absolute values of the regression coefficients increase over time (Table 3), 
which indicates that the degree distribution becomes increasingly skewed. According to New-
man (2001), an absolute value of the coefficient of 2 forms a cut-off between two fundamen-
tally different behaviors of networks. With an absolute value less than 2, the properties of the 
network are dominated by few organizations that have a large number of partners, whereas 

Table 3  Regression coefficients and  R2 of log(count) and log(degree), 2008–2014

In the years prior to 2008, the degrees of nodes have less than ten observations in the regressions, which 
makes it inappropriate to calculate the regression coefficients

Year 2008 2009 2010 2011 2012 2013 2014

Regression coeffi-
cients Log(count) ∝ 
Log(degree)

− 0.542 − 0.604 − 0.583 − 0.582 − 0.606 − 0.611 − 0.614

R2 0.790 0.773 0.637 0.627 0.663 0.659 0.667
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networks with an absolute value larger than 2 are dominated by those nodes with a few part-
ners. We find ourselves in the former case and confirm that, as our network grows, some key 
universities with considerably large amounts of neighbors take on central positions and influ-
ence network properties; i.e. they increase their ease of access to knowledge. This trend gets 
confirmed by the distributions of closeness and betweenness measures which become increas-
ingly skewed over time.

5.4.2  Universities’ knowledge access and control

The distribution of Chinese universities’ closeness hits a crucial point in 2009 (Fig. 7). Before 
2009, closeness distributions show no particular outliers that have significantly smaller close-
ness values. After 2009, several nodes have significantly smaller closeness values than the 
majority of the nodes. This translates to several universities occupying a more central position 
within the Chinese university knowledge transfer networks. Such positioning allows those uni-
versities to have an easier access to knowledge from the network.

From 2004 onwards and especially in the years prior to 2009, the betweenness distributions 
are obviously skewed; only several nodes have significantly higher betweenness values, while 
most of the nodes have very low values (Fig. 8). This means that in early networks, several 
key players control the network’s knowledge flows which renders the efficiency of knowledge 
transfer relatively low. However, as the complexity of the network and knowledge flows grow 
rapidly since 2009, the number of nodes that have relatively high betweenness values increase. 
More universities play the role of knowledge transfer vehicles in the network and share control 
over the knowledge flows.

5.5  Inter‑regional university knowledge transfer analysis

We find that the amount of inter-regional knowledge transfer activity is scarce when 
compared to intra-regional knowledge transfer activity. However, our findings show that 

Fig. 7  Distribution of Chinese universities’ closeness 2004–2014 (Source: own set-up)
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inter-regional university knowledge transfer is increasing steadily (Fig.  9). In 2014, 
the percentage of inter-regional joint patent applications by DFC universities reaches 
8.00%, while in 2004, the percentage is lower than 1%. Meanwhile, the percentage of 
isolated Chinese regions in the university knowledge transfer network decreases from 

Fig. 8  Distribution of Chinese universities’ betweenness 2004–2014 (Source: own set-up)

Fig. 9  Increase in cross-regional knowledge transfer collaborations and decrease in isolated regions of 
knowledge transfer (Source: own set-up)
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around 90% to less than 5% with a steep drop in 2009 (Fig. 9). DFC universities increas-
ingly establish inter-regional knowledge transfer collaborations.

6  Discussion

6.1  Policy and knowledge transfer network evolution

Throughout the evolution of the Chinese university knowledge transfer network, 2008 
acts as a pivotal year. The year 2008 is a milestone in China’s innovation strategy with 
the announcement of many profound policies including the implementation of China’s IP 
strategy to enhance IP creation, application, protection and management and the revision 
of the Chinese patent law to strengthen the protection of IP rights and to encourage and 
promote technological innovation (Chen et al. 2016). Such innovation policies highly pro-
mote autonomous innovation and encourage patent applications. Lerner (2009), for exam-
ple, analyzing 60 countries, confirms that both domestic and foreign patent applications 
increase in countries that ensure stronger IP protections. In particular for China, Liang and 
Xue (2010) note that the revision of Chinese patent law inspired rapid growth in patent 
applications (Liang and Xue 2010). Next to the innovation policies, China countered the 
turbulence of the 2008’s financial crisis with an anticyclical policy and strong stimulus plan 
to minimize the impact of the global financial crisis. The state council of China launched 
the Chinese economic stimulus plan in November 2008, which sought to inject 4 trillion 
RMB (586 billion dollar) into the economy before the end of 2010. The plan focused on 
infrastructure and technological advancements. Such stimulus goes hand in hand with the 
explosive growth of patenting activity in the period of 2008–2010. It is clear that these 
consecutive policy plans impacted the growth of Chinese university patents and shaped 
the evolution of the Chinese university knowledge transfer network towards its three dis-
tinct stages over time. Thereby, this paper differs from existing network evolution literature 
where evolutionary stages are less pronounced (e.g. Xu et al. 2019; Breznitz et al. 2018; De 
Noni et al. 2018; Cantner and Rake 2014; Giuliani 2013). Such impact reminds us on how 
a political and legal framework is key to foster knowledge creation and diffusion within a 
country and provide a larger amount of universities and organizations with the opportunity 
to access new knowledge through knowledge transfer collaborations.

6.2  Policy and inter‑regional knowledge transfer

Such policy support should now be devoted towards stimulating inter-regional knowledge 
transfer. Previous research has shown that inter-regional knowledge transfer activities in 
China are scarce when compared to intra-regional knowledge transfer (Gao et  al. 2011; 
Hong 2008). Our study confirms this finding, but we note that inter-regional knowledge 
transfer activity is increasing steadily. In Europe, such inter-regional networks are crucial 
for the development of national innovation systems (Hoekman et  al. 2009) and leverage 
knowledge transfer towards isolated organizations and lagging-behind European regions 
(De Noni et al. 2018). Thus, further encouragement by local and national government is 
needed on an inter-regional level to overcome the underdevelopment of some Chinese 
regions. For example, in a German context, Mitze and Strotebeck (2019) show that the 
stimulus of network and cluster policies, mainly collaborative R&D funding, positively 
affect inter-regional collaborations. Governments could cultivate regional interpersonal 
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networks by encouraging inter-regional mobility and subsidizing joint research and devel-
opment projects or joint regional conferences (Gao et al. 2011). Similar effort, although in 
a cross-country setting, is found in Europe with the introduction of the ‘European Research 
Area’ in 2000 (Maurseth and Verspagen 2002). Overall, such efforts allow less favored 
regions to extend their knowledge base and subsequently attract new knowledge collabo-
rations (De Noni et al. 2018). We particularly encourage Chinese governments to stimu-
late collaboration amongst the 42 DFC universities and their inter-organizational networks. 
These collaborations are surprisingly limited but are crucial conduits for knowledge trans-
fer between regions (Giuliani 2013).

6.3  The university role within knowledge transfer networks

Our study confirms the Chinese decentralization trend, indicated by previous scholars (e.g. 
Hong 2008), from a university perspective and with more recent data. Our findings on the 
aggregation phenomenon and the emergence of oligopolistic communities with key nodes 
taking central positions over time are in line with similar, yet also scarce, studies using a 
Western empirical setting. Consistent with the findings of Yang et al. (2019), our Chinese 
university knowledge transfer network can be characterized by a small-world phenome-
non as all nodes in the network are close to almost all other nodes through a small num-
ber of interconnecting ties, despite the fast expansion of the network (Watts and Strogatz 
1998). Similar results have been reported in a Japanese (Kajikawa et al. 2010) and Western 
context (Balconi et al. 2004). In this network, universities take central positions; they can 
access knowledge from other organizations with less effort and can exert a certain control 
over the knowledge flows (Kajikawa et  al. 2010). Maggioni and Uberti (2009), studying 
network properties of five European countries find a similar domination through a regional 
perspective, where few central nodes take control over the knowledge in the network, leav-
ing some regions marginalized. Fleming and Frenken (2007), find a dramatic aggregation 
phenomenon of the regional inventor network in Silicon Valley around 1989 in which iso-
lated networks form one giant network.

Our findings trigger universities to better understand the embedded position of a univer-
sity within a region and its relations towards other universities, industries, and regions with 
respect to knowledge transfer as such embeddedness brings along strategic implications 
(Xu et al. 2019). For example, universities embedded within less favored regions ought to 
strengthen their knowledge base through accessing new knowledge, in particular through 
new knowledge transfer collaborations with universities and organizations with strong 
knowledge bases. However, universities embedded within those favored regions, having a 
strong intra-regional knowledge transfer network and community, may exert certain control 
over knowledge within the community and knowledge flows across communities, for exam-
ple due to competition for resources on a national level or the propensity to network among 
themselves on a regional level (De Noni et  al. 2018). So, while more universities have 
become key players within the Chinese knowledge transfer network and leverage access to 
knowledge, these represent some hurdles to overcome if universities are to increase their 
role as knowledge bridges in inter-regional knowledge transfer.
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7  Conclusion and future research

7.1  Conclusion

To further explore how universities access knowledge through networks over time, this 
paper draws upon resource dependency theory and inter-organizational networks. We 
collect patent data of 42 DFC universities and study the structural properties of the Chi-
nese university knowledge transfer network over time. We conduct a whole network level, 
community level, and the node level analysis and explore the universities’ inter-regional 
knowledge transfer activities. Our results point to the existence of a remarkably highly 
efficient university knowledge transfer network. Despite an increased complexity, the net-
work brings forth increased knowledge transfer and connectivity amongst its members. 
New universities join the network and new ties emerge in the network, acting as knowledge 
bridges between universities already present in the network. The network moves from an 
early-stage single-centered network to a mature multi-centered network through a power-
law pattern. Such movement allows for an aggregation phenomenon to appear as oligopo-
listic communities emerge and rule the network. While knowledge is more easily shared 
and accessible within communities, their existence also brings along certain control over 
knowledge bases embedded in those communities. Indeed, at the node level, we notice key 
universities dominating the network and taking on central positions within the network, 
even after expansion of the network, which allows them to gain control and easier access to 
knowledge from the network. It also hints that it might be difficult for other DFC universi-
ties to become key nodes in the network. The role of those universities acting as knowledge 
transfer bridges in the network becomes crucial. On an inter-regional level, our findings 
point to steadily increasing knowledge transfer activity, which is key in overcoming the 
underdevelopment of some Chinese regions. Overall, next to the trend of increased patent-
ing activity, we observe a strong growth in the patenting activity of less-experienced Chi-
nese universities.

Our study contributes to the literature in several ways. First, little studies capture how 
inter-organizational knowledge transfer networks evolve over time, i.e. knowledge trans-
fer network dynamics. Also, while universities have emerged as key actors to transfer 
knowledge, few studies actually focus on the role and perspective of universities within 
knowledge transfer networks. However, this is crucial to learn how universities construct 
and maintain knowledge collaborations with other organizations. Second, existing studies 
ignore the theoretical link between patent data, social networks and knowledge transfer. We 
draw upon the resource dependency theory to understand co-patenting collaborations and 
use social networks to analyze the university knowledge transfer networks. Third, and in 
particular addressing the Chinese context, few studies investigate knowledge transfer net-
works on a country level. Existing studies mainly focus on a block-level methodology or 
on patent licensing and citation data sets. Also, Chinese inter-regional knowledge transfer 
deserves increased attention since it is key to overcome the socio-economic underdevelop-
ment of some regions.

7.2  Limitations and future research

While researchers have made considerable progress in analyzing organizations’ knowl-
edge transfer networks, only few of them delved deeper into the collaborative behavior of 



1249Network dynamics of Chinese university knowledge transfer  

1 3

organizations, while it is the origin of community and network emergence and evolution. Ana-
lyzing such behavior allows us to understand how new ties emerge within a network and how 
long these ties survive to explain the formation and evolution of knowledge transfer networks. 
This paper provides a solid foundation for future work by uncovering the evolution of Chi-
nese universities’ knowledge transfer networks, the dynamics of network structure measures, 
and organizational positions. Moreover, the rapid growth of such networks and the clear three 
stages provide a unique context to study the emergence and evolution of inter-organizational 
collaboration ties. Future research might test how and which factors influence organizations’ 
collaborative behavior in the context of Chinese universities’ knowledge transfer networks, 
especially looking to the influence of previous collaboration, organization characteristics, 
and of common partners in setting up new collaborations. Future research might also address 
sectoral distances which have been found to play a relevant role in knowledge flows between 
similar regions (Maggioni and Uberti 2009). Based on such research, mechanisms of organi-
zational behavior, new ties and networks can be predicted.

Our paper only takes into account joint patent applications, which is not the sole mecha-
nism for knowledge transfer. Focusing on patent data in isolation may misrepresent the nature 
of universities’ effect on the innovation ecosystem, and a more comprehensive study should 
include a focus on the channels through which universities transfer their knowledge (Agrawal 
and Henderson 2002). As a patent can either be the precursor or the result of knowledge trans-
fer, there is a lag between the moment of patent application and the moment when knowledge 
transfer actually happens. We do not capture this lag with our current approach. Moreover, our 
data is limited in the sense that we only take into account those patents where a DFC univer-
sity is involved. A more comprehensive study might take into account all Chinese universities’ 
knowledge transfer networks to consider the impact of the 42 DFC universities, compared to 
other universities and firms.

Whereas our study focuses on describing the evolution of the university knowledge transfer 
network, we do not take into account any measures of universities’ innovation performance 
nor do we check the bidirectional correlation or causation between a university’s innovation 
performance and its position in the network. This is an interesting path for further research 
since we find that several powerful universities occupy central positions in the Chinese uni-
versities’ knowledge transfer networks over time. The literature has shown that organizations 
enjoy better innovation performance if they occupy central network positions that provide 
access to new knowledge developed by other organizations (Tsai 2001). Next, we did not cap-
ture the conceptual distinction between voluntary and involuntary or intended and unintended 
collaborations within networks (Oliver 1990; Zaheer et  al. 2010). For example, knowledge 
collaborations may intentionally be exploited as a response to dependencies amongst organi-
zations to enhance one’s power or control. Such studies, diving into political power theories 
(e.g. Zald), could increase our understanding on how inter-organizational ties foster or impede 
the use of power and vice versa (Oliver 1990). In terms of geographical interest, our study 
addresses the imbalance of studies being predominantly based on western countries and uni-
versities (Cunningham and O’Reilly 2018; Perkmann et al. 2013; Wang et al. 2015a). While 
we discuss and contrast our findings with Western literature, additional efforts are needed to 
integrate findings from both literature streams and deduct best practices.
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Appendix A: Definitions and calculation measures of key concepts 
and variables

Concept/variable Definition

Node Actors in the network, in this paper, nodes are organizations such as 
universities, companies, etc

Tie Ties between two nodes, in this paper, one tie between two organiza-
tions represents one joint patent application between them

Transitivity Also called clustering coefficient, is a measure of the extent to which 
nodes tend to cluster together in the network

Density The ratio of the number of real ties and the maximum possible number 
of ties in the network

Shortest path length The minimum number of steps needed to reach one node from another
Average shortest path length The average number of steps along the shortest paths for all possible 

pairs of nodes in the network
Diameter Shortest path length between the two most distant nodes in the network
90th percentile effective diameter The number of ties needed on average to reach 90% of all other nodes
Community A subnetwork containing nodes which are more densely tied to each 

other than to the rest of the network
Degree The number of ties a node has
Normalized degree Degree divided by (N − 1)
Closeness The sum of the length of the shortest paths between the node and all 

other nodes in the network
Normalized closeness Closeness divided by (N − 1)
Betweenness Calculates the node stays on how many shortest paths of other nodes 

pairs
Normalized betweenness Betweenness divided by the number of possible ties in the network, 

which is 0.5 × (N − 1) × (N − 2)

Source: igraph R manual pages (https ://igrap h.org/r/doc/)
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