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Abstract: We adopt a multilayer networks approach to assess how network structural embedded-
ness affects corporate technological innovation. Our findings indicate an annual increase in both
single-layer and multilayer networks, although adoption of the latter by Chinese listed companies
is comparatively low. We found that structural embeddedness of multilayer networks positively
impacts corporate technological innovation. By reducing uncertainty within the internal environ-
ment, these networks bolster technological innovation. Moreover, such embeddedness notably spurs
innovation in non-state-owned companies and those with greater internal transparency and robust
external oversight. Our analysis reveals an intermediate effect where structural embeddedness in mul-
tilayer networks influences innovation. Our work provides new insights into enhancing innovation
capacity via network embeddedness and supplies empirical data on utilizing network resources for
innovation. We also offer actionable guidance and policy advice for managers, investors, and policy-
makers, especially relevant amidst economic transformation and pursuit of technological self-reliance
of China.

Keywords: multilayer networks; director network; shareholder network; technological innovation;
embeddedness

1. Introduction

Facing the impacts of a technological revolution, trade tensions, and the COVID-19
outbreak, China is building a new development pattern focused on bolstering domestic
circulation, complemented by synergistic domestic and international dual circulations.
Accelerating technological innovation and self-reliance is key to facilitating the domestic
circulation and shaping the proactive position of China in the global circulation. From
a macroeconomic perspective, companies, as the primary agents of innovation, play a
crucial role in economic development, necessitating continuous self-improvement and
innovation. From a micro perspective, technological innovation is crucial for enhancing
company core competitiveness [1], improving company performance [2], and sustaining
business viability [3].

In listed companies, ownership is shared among various shareholders, with gover-
nance provided by a board of directors. Shareholders with stakes in multiple companies,
known as interlocking shareholders [4], create crucial economic links among firms [5]. A
shareholder network is based on equity links among interlocking shareholders. If two
shareholders co-own a listed company, a connection is established between them [6]. In-
terlocking shareholders in the shareholder network can influence corporate innovation
decisions through enhanced monitoring and control over management [7,8]. Interlock-
ing directors, serving on the boards of multiple companies, provide a reliable, low-cost
connection between companies. The director network, based on these overlapping board
positions [9–11], facilitates resource and information sharing through its structure and
centrality [12–14].
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Technological innovation is vital for both micro-level business development and
macroeconomic growth. Numerous existing studies have confirmed the significant role
of networks in corporate innovation. Network relationships [15,16] and network struc-
tures [17–19] are progressively infiltrating the domains of corporate strategic positioning
and the dynamics of interactions between businesses. Interlocking shareholders and direc-
tors serve as crucial links between different businesses, facilitating the flow of information
and resources in the market. Companies embedded in both shareholder networks [20] and
director networks [18] display complex, multilayered network characteristics. According to
the embeddedness hypothesis of Granovetter [21], economic actions are deeply rooted in
social networks, suggesting that corporate technological innovation is influenced by both
networks. However, existing literature lacks clarity on the combined impact of shareholders
and directors on corporate innovation.

Granovetter [21,22] first introduced the concept of network embeddedness, highlight-
ing how social relations affect individual behavior and decision making. This perspective
was further developed by Uzzi [23], who emphasized the impact of network structure on
individual behavior and resource acquisition. Deep embeddedness in both shareholder
and director networks provides businesses with diverse resource acquisition avenues [24],
intertwining these networks significantly [25].

Regarding the economic impact of these networks on corporate technological innova-
tion, existing studies have primarily focused on single-layer networks with homogeneous
nodes. As the field evolves, the importance of both shareholder and director networks
in affecting businesses is recognized [14,26], but the specific impact and mechanisms of
interlocking shareholders and directors remain unclear. With the development of complex
network theory, it has been found that the relationship between subjects is difficult to be
described by a single metric method [27,28]. In this context, the research approach of multi-
layer networks has emerged [29,30] and gradually become a novel analytical framework
for studying the interconnected and interactive behaviors among numerous entities in com-
plex systems [25,31–33]. Therefore, studying how multilayer networks with heterogeneous
nodes influence corporate technological innovation is essential. For investors and managers,
multilayer networks feedback provides valuable insights for innovation decision making,
ensuring a healthy internal innovation environment. For policymakers and regulators, un-
derstanding the characteristics of these interconnected networks enables precise regulation
and macroeconomic control, fostering a favorable external innovation environment for
businesses, thus supporting the quest of China for technological self-innovation. Figure 1
shows the research framework diagram of this paper.

Figure 1. Research framework diagram.

We considered the limitations of single-layer network analyses in capturing how busi-
nesses are embedded in various governance bodies and adopted a multilayer networks
perspective to analyze the impact of shareholder and director networks on corporate tech-
nological innovation. Firstly, shareholder and director adjacency matrices are constructed
based on interlocking relationships, and their information is filtered to align the share-
holders and directors with the same set of companies, resulting in a multilayer network.
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Secondly, the structure of this network is analyzed, and indices for network structural em-
beddedness are measured. Thirdly, a panel data regression model is designed to examine
the correlation between corporate technological innovation and structural embeddedness
of multilayer networks. Fourthly, endogeneity tests, robustness checks, mediation effect
tests, and heterogeneity tests are conducted on the main effects. We contribute to corporate
governance research by introducing a multilayer networks analysis with heterogeneous
nodes, expanding existing literature perspectives, and providing new evidence supporting
previously discussed viewpoints. Furthermore, we elucidate the dominant mechanisms by
which the positional advantages of heterogeneous nodes in multilayer networks influence
corporate technological innovation, offering insights for promoting such innovation.

2. Literature Review
2.1. Shareholder Networks

Current research on shareholder networks typically focuses on individual shareholder
functions and the overall characteristics of the network.

The analysis of shareholder functions considered aspects like co-ownership concen-
tration [5], multi-sector holdings [8,34], institutional cross-holdings [4,7,35,36], joint con-
trol [20], and beneficial ownership [37]. These studies explore the behavioral logic and
pathways of shareholders in corporate governance, recognizing shareholders as not isolated
entities but influenced by the actions of other shareholders and the company. However, this
approach has limitations. Firstly, it treats each interlocking relationship as independent,
overlooking the complex interdependencies within the network. Shareholder behavior
is influenced not only by other nodes in the network but also by their positions within
it. Secondly, this perspective focuses more on the allocation of shareholder resources, em-
phasizing mechanisms like equity concentration and balance of power, while overlooking
the differences in behavior logic among shareholders influenced by the distribution of
information resources and social capital.

From a network perspective, multiple studies have shown that multiple holdings can
provide shareholders with information advantages and governance experience, leading
to better corporate governance. For instance, Ma and Du [6] distinguished shareholder
heterogeneity and found that the network centrality of non-controlling shareholders signifi-
cantly curbs the self-serving actions of controlling shareholders, with institutional investors
enhancing this effect. Huang and Jiang [26] differentiated networks into strong and weak
ties, discovering that shareholder networks, as weak tie networks, positively impact corpo-
rate technological innovation through information advantage mechanisms. Bi et al. [38]
suggested that co-control by multiple major shareholders brings about an equity balance,
curbing financial redundancies and boosting innovation efficiency. Ma and Du [39] built
a shareholder rights network based on direct economic and administrative relationships,
clarifying the strategies for diverse shareholders to participate in decision making and
acquire decision rights. Wan [40] established corporate shareholder networks based on
informal common shareholder relationships, finding that network centrality and struc-
tural holes positively affect corporate performance. Chen [41] developed an institutional
investor network based on mutual funds holding the same stocks, suggesting that these
institutions utilize their information networks to enhance management’s understanding of
external information.

However, some studies indicate that shareholders within networks can exploit these
connections to harm corporate interests. Pan et al. [42] supported the “competitive col-
lusion” view, finding that interlocking shareholders not only fail to improve investment
efficiency but also cause investment insufficiencies by forming interest alliances within
the industry. Djankov et al. [35] observed that cross-holding institutional investors might
balance interests between companies to maximize their investment portfolio returns. Luo
and Shi [43] argued that as network distance increases, the authenticity of information di-
minishes. Companies at the core of the network are likely to receive redundant information,
leading to higher information processing costs, reduced decision-making efficiency, and
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decreased R&D expenditure in an effort to avoid risks. Guo et al. [44] found that tightly
connected network groups within institutional investor networks increase corporate agency
costs and exacerbate inefficient investment phenomena.

The network structure approach addresses limitations in analyzing shareholder func-
tions by recognizing that behavior and decision making are influenced by social network
structures. Access to information and social capital within networks plays a critical role in
shaping corporate technological innovation, especially for interlocking shareholders em-
bedded in these structures. This approach highlights the influence of the network position
of a shareholder on their access to resources and subsequent decision-making behavior.

2.2. Director Networks

The research on director networks is primarily conducted from individual and orga-
nizational perspectives. The individual perspective focuses on interpersonal networks,
defining the director network as a collection of relationships among individual board
members, established through concurrent service on at least one board [45]. The organi-
zational perspective, on the other hand, considers organizational relationship networks,
viewing the director network as a collection of relationships between boards (companies)
formed due to directors holding multiple positions [46–49]. Research at the individual
level examines the impact of the network position of a director on corporate technological
innovation [13,45,50], the influence of network relationships on corporate behavior [10],
and the effect of personal attributes of directors on the distribution of network capital [51].
Organizational-level studies focus on how the position in the director network impacts
corporate technological innovation [52,53], corporate performance [48,54,55], and the ef-
fects of information dissemination [56] and efficiency of information flow [57] in the
director network.

Reviewing the literature reveals that existing research, from various network con-
struction perspectives, has explored the impact of director networks on corporate gov-
ernance. However, regardless of the research perspective, there is no consensus on the
innovative effects of director networks. Current studies on the relationship between
director networks and corporate technological innovation present three conclusions: pro-
motion, inhibition, and threshold theories. The promotion theory posits that director
networks provide information and resources to foster innovation, drawing on the princi-
ples of resource dependency and social network theory. According to resource dependency
theory, companies need external resources for survival, and director networks offer vi-
tal channels for resource exchange, promoting technological innovation through access
to financing opportunities [13], emerging technologies [13,58], etc. Social network the-
ory suggests that different network positions offer varying capacities for information
and resource acquisition. Companies in advantageous network positions typically have
a better reputation and more network power, leading to increased efficiency in inter-
organizational information flow and resource access [45,50,57]. This, in turn, enhances
corporate technological innovation.

The inhibition theory argues that innovation activities, requiring long-term invest-
ment and carrying significant risk, can impact short-term performance [59], and director
networks exacerbate agency conflicts, thus inhibiting technological innovation. According
to agency theory, network connections can lead to redundant information, which distracts
directors and diminishes their monitoring abilities. Extensive network connections might
foster interest groups among directors, promoting short-sighted behaviors and crowding
out innovation resources [53]. From the perspective of network dynamics, earnings manipu-
lation behavior can spread through director networks [60], adversely affecting technological
innovation. The threshold theory suggests that the resource effect of networks has a thresh-
old. Based on resource-based theory, the quantity of information and resources brought
by the network can create a “lock-in effect” when it exceeds a critical value, leading to
information redundancy, exacerbating “free-riding” behavior, and involuntary knowledge
spillovers [61].
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In summary, research on the impact of director networks on corporate technological
innovation is abundant, while studies on the influence of shareholder networks are less
frequent. Most research primarily uses director networks to represent internal corporate
networks, thus neglecting other network types. Given that both shareholder and director
governance are integral to internal corporate mechanisms, a comprehensive analysis of
internal corporate networks should include both. We integrated the structural characteris-
tics of shareholder and director networks to investigate how the position of a company in
multilayer networks affects its technological innovation.

3. Theoretical Analysis and Research Hypothesis

Corporate technological innovation relies on both internal and external resources.
The prospects and changes in industry technology determine the direction of innovation,
while the ability to absorb resources and information is closely related to the network
position of a company [62]. Social network theory indicates that trust from close business
interactions significantly influences corporate behavior [63], and social capital theory sug-
gests central network members access more social capital [64]. This indicates that central
positions in networks facilitate corporate technological innovation investments through
status and resource advantages: (1) Companies in central network positions enhance trust
and dependency through frequent interactions with other members, improving their ability
to broaden financing channels, increase debt financing, reduce financing costs, and ease
financing constraints [65,66]. This provides stable, long-term funding for innovation activi-
ties and favorable investment decisions. (2) Companies in central positions enjoy a good
reputation, making them more attractive as partners and providing more opportunities
to select advantageous partnerships. This facilitates the flow of resources and knowledge
between companies [67], providing a solid informational foundation for technological
innovation. (3) Harmonious and close partnerships can mitigate conflicts of opinion in
innovation activities, preventing directors from wasting unnecessary time and energy,
which benefits increased innovation investments [68]. Long-standing close direct contacts
enhance homogeneity between companies, which is conducive to sharing management
systems, experiential knowledge, and accelerating the integration and management of
existing knowledge [69]. This homogeneity fosters innovative thinking and the realization
of innovation investment activities.

However, such innovation typically targets relatively low-risk projects, such as upgrad-
ing products and services [70]. This is because companies at the core of the network often
show over-specialization and information homogenization, which limits their ability to ex-
plore new markets and solutions in new product development [71,72]. When a single-layer
network exhibits such deficiencies, another type of network can counteract these through
higher network positions, enhancing the effectiveness of information acquisition [73]. In
multilayer networks where companies collaborate across shareholder and director net-
works, non-isomorphic coupling relationships exist [74,75]. Both types of networks, based
on social network theory and social capital theory, transmit information and resources
to companies: the network structure facilitates the flow of social capital among network
subjects, and social capital promotes the pursuit of core network positions by network
subjects. Both networks influence corporate innovation activities, but the mechanisms
differ due to the logic of network relationship construction and the composition of the two
types of network subjects.

For shareholder networks: (1) Shareholder networks are sparse. The characteristic that
allows a shareholder to hold shares in any company enables them to connect with an unlim-
ited number of companies [76], thus providing unrestricted access to information resources.
Major shareholders usually have diverse investment portfolios, and shareholders in core
positions can provide heterogeneous information and resources, distinct from directors.
(2) The information sources of shareholders differ from directors. Shareholders generally do
not participate directly in day-to-day company operations but delegate management to di-
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rectors [77]. Therefore, shareholders offer advice and guidance from a different perspective
than directors, focusing more on long-term value and investment returns.

However, the shareholder network based on the joint shareholding relationship has
the following defects: (1) Sparse networks can limit in-depth information exchange and
collaboration, potentially affecting the depth and efficiency of innovation cooperation.
(2) The long-term perspectives of shareholders might also be misaligned with current
operations and market needs, creating a gap between strategic planning and execution.

For director networks: (1) Director networks are denser. Independent directors, in
principle, can serve on up to five company boards simultaneously [76], which limits the
scale but increases the density of the director network. This structure promotes rapid
information and resource circulation, enhancing the speed at which companies learn new
knowledge. (2) Directors are directly involved in company operations and governance.
Interlocking directors bring firsthand information and experiences from different compa-
nies into their roles, providing rich tacit knowledge and resources [78], thereby enhancing
innovation capabilities.

However, director networks also have limitations: (1) Their limited scale restricts the
diversity of information and resources obtained. (2) High-density networks can lead to
information overload, increasing the pressure on directors and potentially diverting their
attention from focusing on and investing in innovation activities within their company [53].

In summary, shareholder networks, with their unique information resources, long-
term focus, and market insights, can effectively supplement the limitations of director
networks in terms of information breadth and decision-making balance. Conversely, direc-
tor networks, with their rapid information exchange, managerial expertise, and internal
governance strengths, can address the gaps in shareholder networks, particularly in terms
of weak connections and strategic misalignment. The synergistic interaction between these
networks mitigates the shortcomings of a single-layer network, collaboratively enhancing
overall corporate governance and technological innovation. Figure 2 shows the theoretical
analysis framework of this paper.

Figure 2. Theoretical analysis framework.

The structural embeddedness of multilayer networks not only brings diversity in
resources and information for the innovating entity but also enables the avoidance of
the costs associated with filtering redundant information through multiple channels of
information acquisition. This further promotes the flow of useful information between
companies. The accumulation of knowledge provided by advantageous network positions
facilitates knowledge learning, reorganization, and integration within companies, leading to
high-quality innovative outputs. Based on these considerations, the hypothesis is proposed:

H1: The structural embeddedness of multilayer networks promotes corporate technological innovation.
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4. Research Methodology
4.1. Data

This research paper selects A-share listed companies from 2007 to 2019 as the initial
study sample, and the sample selection is conducted as follows: first, data acquisition.
The first step involves gathering data from the CSMAR and WIND databases. These data
encompass the characteristics of directors and shareholders of the listed companies and
their respective financial data. Second, data organization and network construction: The
second step entails manual organization and verification of the data related to directors and
shareholders. Each director or shareholder is assigned a unique ID. Multilayer networks are
then constructed using R language. The centrality indices for directors and shareholders are
calculated using UCINET 6.212 and Pajck 5.16 software. Third, cluster calculation and data
refinement: In the third step, cluster calculations at the company level are performed. This
includes data comparison, supplementation, and the removal of samples with significant
missing or unreasonable data. The process results in a final set of 16,938 company-year
observation samples with data from 3025 companies.

Additionally, this paper classifies industries based on the 2012 China Securities Regula-
tory Commission (CSRC) industry standards, with a detailed subdivision in manufacturing.
To mitigate the impact of outliers, tail-trimming is applied to the top and bottom 1% of the
main continuous variables. The financial data of the listed companies used in this study,
including data on innovation investments and related corporate governance, are sourced
from the Wind database and the CSMAR database.

4.2. Research Method
4.2.1. Main Effect Model

To test the core hypothesis, this paper constructs the fixed effect model. Model 1 is
structured as follows:

innovationi,t = α0 + α1ddegreei,t × gdegreei,t + α2∑ controlsi,t + ∑ industryj + ∑ yeart + εi,t (1)

(1) Dependent Variable: The dependent variable, denoted as innovationi,t, represents
the innovation level of company i in year t. The innovation level is measured by the
number of invention patent applications filed by the company. The choice of using patent
applications as a measure is because they accurately reflect current innovation activities
and provide quick feedback to external shocks. Additionally, patent approvals undergo
a lengthy review process, making it difficult to accurately depict the effect of external
influences within the same year [79]. Invention patents are chosen for their high value,
representing a more reliable indicator of corporate technological innovation.

(2) Independent Variable: The independent variable, ddegreei,t × gdegreei,t, represents
the multilayer networks position centrality of company i in year t, defined as the interaction
between the degree centrality of the director network and the shareholder network for
that company in the given year. In the robustness test section, this paper also uses the
interaction of multilayer networks closeness centrality and betweenness centrality as
supplementary tests.

(3) Control Variables: The model incorporates several control variables based on ex-
isting research, including Company Size (Size), Leverage (Lev), Return on Assets (ROA),
Revenue Growth Rate (Growth), Board Size (Board), Board Independence (Indep), CEO-
Chairman Duality (Dual), Book-to-Market Ratio (BM), Property Nature (SOE), Company
Age (Company Age), and the Shareholding Percentage of the Largest Shareholder (Top1). To
control for industry and annual effects, the model includes year and industry dummy vari-
ables, where j and t represent specific classifications for industries and years, respectively.
In empirical analysis, industry classification codes and years from the dataset are typically
used to create fixed effect variables. These classification codes are usually established
during the data collection or organization phase and are reflected in the corresponding
variables within the dataset.
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4.2.2. Measures of Core Variables

We used network centrality indices, referencing the approaches of AlKuaik et al. [80]
and Arranz et al. [64], to measure network structure embeddedness. The specific measure-
ment methods are as follows:

(1) Director Network Degree Centrality:
Freeman [81] proposed that “centrality” depicts whether an actor is closer to the

center or the periphery of a social network. Degree centrality is particularly effective
in measuring the connectivity between various nodes in a network. It quantifies the
number of companies that have direct contact with those embedded in the director network.
Companies with higher degree centrality are more active in the network and receive more
homogeneous information. As Haunschild and Beckman [82] noted, degree centrality
captures the quantity of information sources available to a company.

The calculation method involves first computing the network indicators for directors.

ddegreei,t =
∑j Xi,j

g − 1
, i ̸= j (2)

For director i, if i and another director j are employed by the same company, Xi,j is
assigned a value of 1; otherwise, it is 0. The variable g represents the total number of
directors in listed companies for that year. The difference in the number of directors each
year is normalized by using g − 1.

At the company level, the network position indices of all directors are aggregated.
The company is considered a node in the network, and the average degree centrality of all
directors is used as the network characteristic indicator for the company, denoted as ddegree.
The higher this indicator, the greater the embeddedness of the company in the network. To
reduce the influence of dimensionality, the ddegree indicator is standardized.

This paper measures network structure embeddedness using the following network
centrality indices:

(2) Closeness Centrality of Director Network:
Closeness centrality of a node, as defined by Freeman [81], is a measure based on

the “distance” between nodes in a network. A node with shorter distances to all other
nodes in the network has higher closeness centrality. We indirectly measured the closeness
centrality of a company through the network relationships between its directors. The
calculation of “relative closeness centrality” is necessary to compare closeness centrality
from different graphs.

dclosenessi,t =
g − 1[

∑
g
j=1 d(i, j)

] , i ̸= j (3)

The formula includes d(i, j), representing the distance from director i to director j and
signifies the control capability within the network.

Company-level closeness centrality is calculated by aggregating the network position
indices of all directors. The average closeness centrality of all directors is taken as the
network feature indicator for the company, dcloseness. To mitigate dimensionality effects,
this indicator is standardized.

(3) Betweenness Centrality of Director Network:
Freeman [81,83] suggests that a person who must be passed through by others to

establish connections is in a critical position, as they can influence the group by controlling
or distorting the transmission of information. Betweenness centrality measures the extent
to which a node controls the interactions between other nodes. A node with a between-
ness centrality of 0 implies no control over any other nodes in the network, indicating a
peripheral position. Conversely, a centrality of 1 means complete control over other nodes,
indicating a central, powerful position.

dbetweeni,t =
2∑

g
j ∑

g
k bjk(i)

g2 − 3g + 2
, j ̸= k ̸= i, j < k (4)
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The calculation involves bjk(i), indicating the ability of node i to control the interactions
between nodes j and k, which is equal to the probability that node i lies on the shortest path
between nodes j and k. The value of this formula ranges from 0 to 1.

Company-level betweenness centrality is also calculated by aggregating the network
position indices of all directors. The average betweenness centrality of all directors is taken
as the network feature indicator for the company, dbetween. To reduce the influence of
dimensionality, this indicator is standardized.

(4) Degree Centrality of Shareholder Network:
Initially, the sample company data are organized into a company–common shareholder–

company bipartite relationship link using the QT-Creator programming platform, forming
an undirected binary shareholder connection network graph. Based on this, the RStu-
dio 2022.07.2 is used to calculate the network centrality indicators, representing different
positions within the shareholder network.

Degree centrality reflects the total number of direct contacts each entity has with others.
It not only shows the connectivity of each individual with others but also relates to the scale
of the shareholder connection network. As the size of the shareholder network increases,
the value of degree centrality correspondingly rises. To neutralize the effect of network size
on degree centrality, a standardized measurement formula is utilized.

gdegreei,t =
∑j Xi,j

g − 1
, i ̸= j (5)

(5) Closeness Centrality of Shareholder Network:
Closeness centrality indicates the proximity of a shareholder to other shareholders

in the network, reflecting the closeness of contacts with others. The calculation method is
similar to that used for the director network.

gclosenessi,t =
g − 1[

∑
g
j=1 d(i, j)

] , i ̸= j (6)

(6) Betweenness Centrality of Shareholder Network:
Betweenness centrality focuses on the control exerted by individual shareholders

within the shareholder network. The calculation method follows the same principles as
outlined for the director network.

gbetweeni,t =
2∑

g
j ∑

g
k bjk(i)

g2 − 3g_2
, j ̸= k ̸= i, j < k (7)

Subsequently, the company-level degree centrality, closeness centrality, and between-
ness centrality indicators for the shareholder network are computed using similar methods
to those employed for the director network.

Table 1 lists the variable definitions for this paper.

Table 1. Description and measurement of variables.

Variable Type Variable Symbol Variable Name Variable Measurement

Dependent variable:
Technological

innovation

innovation Number of invention patent
applications

ln (1 + number of invention patent applications in
year t of company i).

Rdperson Proportion of R&D personnel
(for robustness test)

The proportion of R&D personnel in the total
number of employees in year t of company i.

rd R&D expenditure
(for robustness test)

The proportion of the R&D expenditure to its
operating income in year t of the company i.
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Table 1. Cont.

Variable Type Variable Symbol Variable Name Variable Measurement

Independent
variable:

Director network
centrality

ddegree Director network degree
centrality ddegreei,t =

∑j Xi,j

g−1 , i ̸= j

dcloseness
Director network closeness

centrality
(for robustness test)

dclosenessi,t =
g−1[

∑
g
j=1 d(i,j)

] , i ̸= j

dbetween
Director network

betweenness centrality
(for robustness test)

dbetweeni,t =
2∑

g
j ∑

g
k bjk(i)

g2−3g_2 , j ̸= k ̸= i, j < k

Independent
variable:

Shareholder
network centrality

gdegree Shareholder network degree
centrality gdegreei,t =

∑j Xi,j

g−1 , i ̸= j

gcloseness
Shareholder network
closeness centrality
(for robustness test)

gclosenessi,t =
g−1[

∑
g
j=1 d(Ni ,Nj)

] (i ̸= j)

gbetween
Shareholder network

betweenness centrality
(for robustness test)

gbetweeni,t =
2∑

g
j ∑

g
k bjk(i)

g2−3g_2 , j ̸= k ̸= i, j < k

Control variable

Size Company size The natural logarithm of total assets of the company
for the year.

Lev Asset–liability ratio The ratio of total liabilities to total assets of the
company for the year.

ROA Return on total assets (Total profit + Interest expense)/Average total assets

Growth Revenue growth rate
(Current operating income for the year–Operating

income for the previous year)/Operating income for
the previous year.

Board Board size ln (Number of directors).

Indep Board independence Number of independent directors/Number of
board members.

Dual Dual function 1 if the chairman is also the CEO, otherwise 0.

BM Book-to-market ratio

The ratio of total assets to market value, where
market value = book value of liabilities + market

value of tradable shares + number of non-tradable
shares × net asset value per share.

SOE Property right nature 1 for state-owned companies and 0 for
non-state-owned companies.

Companyage Company age ln (up to current year of incorporation).

Top1 Proportion of the largest
shareholder

Shares held by the largest shareholder/Total shares
of the company.

5. Empirical Results and Analysis
5.1. Data Feature Analysis

We categorized companies based on the annual median values of their director network
degree centrality and shareholder network degree centrality. They were divided into three
groups: (1) Lower Multilayer Networks Degree Centrality Group: Companies where both
the director network degree centrality and shareholder network degree centrality are below
the median. (2) Single Network Higher Degree Centrality Group: Companies where either
the director network degree centrality or the shareholder network degree centrality is above
the median. (3) Higher Multilayer Networks Degree Centrality Group: Companies where
both the director network degree centrality and shareholder network degree centrality are
above the median.

Table 2 presents the annual distribution of the number of samples with varying degrees
of centrality in multilayer networks. From 2007 to 2019, there is an upward trend in the
number of samples across all three groups. The lower multilayer networks degree centrality
group grew from 53 samples in 2007 to 757 in 2019, demonstrating a steady upward trend.
Particularly after 2012, the growth rate of this group accelerated. The number of samples in
the single network higher degree centrality group peaked in 2019. In contrast, the higher
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multilayer networks degree centrality group saw the most significant growth throughout
the period, especially from 2017 to 2019.

Table 2. Temporal distribution of degree centrality of companies in multilayer networks.

Year Lower Multilayer Networks
Degree Centrality Group

Single Network Higher
Degree Centrality Group

Higher Multilayer Networks
Degree Centrality Group Total

2007 53 100 51 204
2008 75 135 74 284
2009 99 166 92 357
2010 169 344 167 680
2011 232 362 218 812
2012 333 600 326 1259
2013 362 596 361 1319
2014 368 696 361 1425
2015 435 769 431 1635
2016 479 865 476 1820
2017 596 1000 590 2186
2018 641 1030 631 2302
2019 757 1149 749 2655
Total 4599 7812 4527 16,938

Furthermore, Figure 3 presents the trends in the number of companies within three
distinct network degree centrality groups from 2007 to 2019. The lower multilayer networks
degree centrality group (blue line) shows moderate growth in the number of companies
in this group from 2007 to 2011. Post-2011, the growth rate accelerated, particularly from
2013 onwards, culminating in a notable increase by 2019. The single network higher degree
centrality group (red line) exhibits a consistently faster growth in company numbers from
the outset in 2007, maintaining a steady rise through to 2019. It had the most rapid and
stable growth trajectory among the three groups. The higher multilayer networks degree
centrality group (black line) shows the growth in company numbers in this group was
slow from 2007 to 2012 but began to accelerate in 2013, with a significant uptick between
2014 and 2015. After 2016, the growth pace decelerated yet continued to show an overall
upward trend.

Figure 3. Temporal distribution of degree centrality of companies in multilayer networks.
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Overall, all three groups demonstrate an increasing trend in company numbers, yet
they differ in growth rate and timing. This may reflect an industry-wide increase in network
connections and the dynamic changes in the number of companies at different levels of
network centrality. The steady growth in the red line signifies that companies with high
centrality in a single network maintain their numerical dominance despite overall market
shifts. The divergent growth in the black and blue lines could point to internal industry
structural dynamics, possibly driven by technological advancements, market strategy
shifts, or industry policy changes. These trends underscore the importance of considering
a company’s position within both single and multilayer networks when examining the
impact of network location on business performance.

Figure 4 illustrates the trends in the average number of patent applications for three
different groups of companies, categorized by network centrality, from 2007 to 2019. The
lower multilayer networks degree centrality group (blue line) exhibits a relatively stable
trend, with minor fluctuations from 2007 to 2011, but then shows a year-by-year increase
starting in 2011, despite some fluctuations in the growth rate. The single network higher
degree centrality group (red line) shows an overall upward trend in the average number
of patent applications but experiences a significant drop in 2019. The higher multilayer
networks degree centrality group (black line) trend is the most pronounced, gradually
ascending from 2007 and rapidly growing after 2016, especially in 2018 and 2019, indicating
the strongest growth momentum. The relationship between the three lines suggests that
there is a clear disparity in the number of patent applications among companies with dif-
ferent degrees of network centrality. Companies with higher multilayer network centrality
are evidently outpacing the other two groups in growth rate, possibly because they are
better able to leverage their network positions to foster innovation.

Figure 4. Trends in differences in total patent applications for companies in different network positions.

The analysis indicates that the degree of a company’s centrality within networks
may play a role in its innovative output, as measured by patent applications. The most
significant finding is the robust growth in patent applications for companies in the higher
multilayer networks degree centrality group, suggesting that a prominent network position
may be advantageous for innovation.

To examine the differences in innovation levels indicated by single-layer network
degree centrality, we further divided the group with higher single-layer network degree
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centrality into two subgroups based on the annual median: companies with higher share-
holder network degree centrality and those with higher director network degree centrality.

Figure 5 displays the trends in the average number of patent applications for
two groups of companies from 2007 to 2019. The higher director network degree centrality
group (blue line) shows the average number of patent applications fluctuated minimally
from 2007 to 2011, began to trend upward in 2012, and exhibited significant growth from
2016 to 2019. The higher shareholder network degree centrality group (red line) shows the
companies represented by this line had relatively lower numbers of patent applications
starting in 2007 but showed a rapid increase in trend from 2013 onwards, particularly with
marked growth in 2018 and 2019. The relationship between the two lines indicates that the
centrality of the director network has a slower impact on the number of patent applications
compared to the shareholder network centrality, but both have been on the rise since 2013.

Figure 5. Trend in patent application volume based on degree centrality in single-layer network.

This analysis reflects the differing impacts that director and shareholder network
centralities may have on corporate patent application activities, with shareholder centrality
showing a more pronounced effect in recent years.

5.2. Descriptive Statistics

Table 3 provides the descriptive statistics of the variables. The data show that in
terms of R&D investment by companies, the proportion of R&D personnel ranges from a
minimum of 0% to a maximum of 94.490%, with a median of 5.665% and an average of
9.797%. This distribution is right-skewed, indicating an uneven distribution across the
sample. The minimum R&D expenditure is 0%, with a maximum of 37.400%, a median of
3.340%, and an average of 4.235%, also showing a right-skewed distribution. Regarding
the innovation output of companies, the number of patent applications (innovation) has an
average of 1.119 but a median of only 0.693, suggesting that most companies in the sample
have lower volumes of patent applications. In terms of director and shareholder network
centrality, the minimum and maximum values for director network degree centrality are
0 and 4.898, respectively; for closeness centrality, the minimum is 0 and the maximum is
1.000; and for betweenness centrality, the range is from 0 to 0.098. For shareholder network
degree centrality, the minimum is 0 and the maximum is 0.682, with closeness centrality
ranging from 0.132 to 1.000, and betweenness centrality from 0 to 0.015. In summary, these
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descriptive statistics reveal significant disparities among the sampled companies in terms
of R&D investment, innovation outcomes, organizational size, and network structure.

Table 3. Descriptive statistics.

Variables N Mean sd Min p25 p50 p75 Max

rdperson 16,938 9.797 13.180 0.000 0.000 5.665 14.450 94.490
rd 16,938 4.235 5.136 0.000 1.130 3.340 5.120 37.400

innovation 16,938 1.119 1.357 0.000 0.000 0.693 1.946 8.460
ddegree 16,938 1.041 0.558 0.126 0.628 1.005 1.381 4.898

dcloseness 16,938 0.102 0.227 0.000 0.000 0.000 0.091 1.000
dbetween 16,938 0.001 0.001 0.000 0.001 0.028 0.041 0.098
gdegree 16,938 0.094 0.151 0.000 0.003 0.017 0.090 0.682

gcloseness 16,938 0.406 0.105 0.132 0.343 0.387 0.452 1.000
gbetween 16,938 0.001 0.001 0.000 0.000 0.000 0.001 0.015

Size 16,938 22.100 1.296 19.320 21.160 21.900 22.820 26.390
Lev 16,938 0.402 0.198 0.027 0.242 0.395 0.550 0.908

ROA 16,938 0.046 0.059 −0.373 0.019 0.046 0.072 0.257
Growth 16,938 0.169 0.377 −0.645 0.000 0.101 0.259 4.024
Board 16,938 2.138 0.195 0.000 1.946 2.197 2.197 2.708
Indep 16,938 0.374 0.053 0.000 0.333 0.333 0.430 0.600
Dual 16,938 0.291 0.454 0.000 0.000 0.000 1.000 1.000
BM 16,938 0.612 0.234 0.064 0.435 0.612 0.785 1.225
SOE 16,938 0.335 0.472 0.000 0.000 0.000 1.000 1.000

CompanyAge 16,938 2.787 0.375 0.693 2.565 2.833 3.045 3.555
Top1 16,938 0.353 0.147 0.083 0.236 0.336 0.452 0.758

Table 4 presents the results of the t-test for the mean values of the sample. Specifically,
based on the annual median of director/shareholder network degree centrality, the sample
is divided into two groups: “Group G1 (0) with both director and shareholder network
degree centralities below the median” and “Group G2 (1) with either director or shareholder
network degree centrality above the median”. The t-test conducted on the volume of
patent applications reveals that the innovation level of Group G2 (1) is significantly higher
than that of Group G1 (0). This indicates that the innovation level of companies not
falling into the category of both director and shareholder network degree centralities being
below the median is significantly higher than those that do, preliminarily validating our
core hypothesis.

Table 4. Mean t-Test.

Variable G1(0) Mean1 G2(1) Mean2 MeanDiff

innovation 4527 1.019 12411 1.391 −0.372 ***
Note: *** indicates statistical significance at the 1% level. Robust standard errors clustered at the company level
are used in this paper, with t-values shown in parentheses, and the same applies to the table below.

5.3. Baseline Regression

Table 5 describes the regression results examining the impact of multilayer networks
on technological innovation. This table reveals that centrality in multilayer networks
positions significantly enhances corporate technological innovation. Specifically, column
(1) does not control for industry and year, while column (2) does. The regression results
show that the coefficients for the interaction term of multilayer networks structure are
significantly positive, confirming our core hypothesis: the structural embeddedness of
multilayer networks promotes the corporate technological innovation.
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Table 5. Baseline regression of the impact of multilayer networks on technological innovation.

(1) (2)

innovation innovation

ddegree × gdegree 0.0204 *** 0.0254 ***
(3.968) (6.464)

Size 0.282 *** 0.329 ***
(20.103) (26.032)

Lev −0.319 *** −0.281 ***
(−4.918) (−4.182)

ROA 1.601 *** 1.908 ***
(8.396) (9.863)

Growth −0.138 *** −0.177 ***
(−5.717) (−6.665)

Board −0.0728 0.101
(−1.012) (1.605)

Indep −0.00138 0.000750
(−0.549) (0.348)

Dual 0.0507 ** 0.0270
(2.218) (1.217)

BM −0.389 *** −0.282 ***
(−7.425) (−4.689)

SOE 0.0110 0.142 ***
(0.429) (5.664)

CompanyAge −0.154 *** −0.152 ***
(−5.554) (−4.898)

Top1 −0.00169 ** −0.000559
(−2.237) (−0.792)

Year/Industry NO YES
_cons −4.147 *** −5.812 ***

(−12.412) (−19.498)

N 16,938 16,938
r2 0.0613 0.198

r2_a 0.0606 0.193
F 64.64 14.6

Note: ***, ** indicate statistical significance at the 1% and 5% levels respectively. Robust standard errors clustered
at the company level are used in this paper, with t-values shown in parentheses, and the same applies to the
table below.

5.4. Endogeneity Tests
5.4.1. Instrumental Variable Method

• The lagged term of the independent variable

There might be reverse causality, an endogeneity issue, between network centrality
and corporate innovation levels. That is, the higher the level of corporate innovation,
the more likely it is to attract more capital shareholders, leading to varying degrees of
connections with other invested companies [20]. We used the lagged interaction term of
the multilayer networks structure (IV1) as an instrumental variable for testing. Table 6
reports the results of the instrumental variable test, indicating that our conclusions are
largely supported by the instrumental variable test.

• The network scale

We use network scale as our second instrumental variable. Network scale refers to
the total number of nodes within a network. While network scale directly correlates with
network centrality, it does not have a direct impact on a firm’s level of innovation. Larger
networks, with more nodes, provide increased opportunities for nodes to establish con-
nections with others, potentially enhancing their centrality in the network. However, the
following reasons account for the lack of a direct correlation between network scale and firm
innovation levels: (1) Independence of network scale and innovation quality. Network scale



Systems 2024, 12, 41 16 of 34

primarily involves the number of nodes, reflecting the extent of a company’s connections
with other entities. This mirrors the breadth rather than the depth of connections. Innova-
tion levels, however, relate more to the quality of knowledge, research and development
inputs, and technological innovativeness, factors not necessarily enhanced by an expanding
network scale. (2) Diversity and complexity of innovation. The innovation process is often
complex and multifaceted, influenced by a variety of factors such as a company’s R&D
capabilities, organizational culture, market positioning, and industry characteristics, which
may not directly link to network scale. (3) Heterogeneity of the network. Even in large
networks, there can be significant differences in the innovation capabilities of nodes (i.e.,
other companies or entities). Some nodes in a network may not possess high innovation
capabilities, meaning that an expansion in network scale does not necessarily enhance the
overall network’s level of innovation. (4) Quality of connections and relationship strength.
Innovation often requires in-depth collaboration and knowledge exchange, relying on
strong network relationships and high-quality interactions. Large-scale networks might
predominantly consist of weak relationships, which may have limited effects on promoting
deep collaboration and knowledge sharing. In summary, the size of a network does not
directly impact the innovation level of individual firms. Table 7 reports the results of the
instrumental variable test, indicating that our conclusions are largely supported by the
instrumental variable test.

Table 6. IV test—the lagged interaction term of the multilayer networks structure.

(1) (2)
First Stage Second Stage

ddegree × gdegree innovation

IV1 0.879 ***
(12.01)

ddegree × gdegree 0.032 ***
(5.29)

Size 0.553 *** 0.279 ***
(27.94) (17.72)

Lev −0.743 *** −0.280 ***
(−6.59) (−3.41)

ROA 0.053 1.596 ***
(0.17) (6.90)

Growth −0.382 *** −0.067 *
(−7.99) (−1.92)

Board 0.202* −0.063
(1.84) (−0.79)

Indep 0.002 −0.001
(0.41) (−0.36)

Dual 0.007 0.037
(0.17) (1.33)

BM −1.286 *** −0.369 ***
(−15.19) (−5.93)

SOE −0.109 *** 0.046
(−2.67) (1.57)

CompanyAge 0.227 *** −0.245 ***
(4.56) (−6.78)

Top1 0.003 ** −0.002 **
(2.22) (−2.35)

Constant −11.733 *** −3.872 ***
(−24.34) (−10.25)

Observations 12,886 12,886
R−squared 0.639 0.650

Note: ***, **, * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. Robust standard errors
clustered at the company level are used in this paper, with t-values shown in parentheses, and the same applies to
the table below.
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Table 7. IV test—the network scale.

(1) (1)
First Stage Second Stage

ddegree × gdegree innovation

IV2 0.0003 ***
(31.03)

ddegree × gdegree 0.059 ***
(3.43)

Size 1.071 *** 0.235 ***
(49.46) (9.83)

Lev −1.558 *** −0.235 ***
(−12.21) (−3.03)

ROA 0.438 1.617 ***
(1.17) (8.02)

Growth −0.537 *** −0.118 ***
(−10.22) (−3.99)

Board 1.179 *** −0.098
(9.50) (−1.47)

Indep 0.021*** −0.002
(4.83) (−0.88)

Dual −0.043 0.049 **
(−0.98) (2.08)

BM −2.058 *** −0.316 ***
(−20.98) (−5.10)

SOE 0.315 *** 0.009
(6.57) (0.34)

CompanyAge −0.027 −0.186 ***
(−0.45) (−5.86)

Top1 0.004 *** −0.002 **
(3.27) (−2.46)

Constant −26.582 *** −3.067 ***
(−52.30) (−5.56)

Observations 16,938 16,938
R−squared 0.270 0.056

Note: ***, ** indicate statistical significance at the 1% and 5% levels, respectively. Robust standard errors clustered
at the company level are used in this paper, with t-values shown in parentheses, and the same applies to the
table below.

5.4.2. Higher-Order Joint Fixed Effects

To further address issues of endogeneity and considering the interrelationships be-
tween companies in different cities and years, we employed a higher-order fixed effects
method. This involves fixing industry-year and city-year level fixed effects and clustering
at the city-year level to mitigate heteroscedasticity. The regression results, as shown in
Table 8, demonstrate that the conclusions are fundamentally robust.

Table 8. Higher-order joint fixed effects.

(1) (2)
innovation innovation

ddegree × gdegree 0.0790 *** 0.0227 ***
(15.181) (5.343)

Size 0.342 ***
(17.291)

Lev −0.280 ***
(−3.760)

ROA 1.943 ***
(7.944)

Growth −0.176 ***
(−6.613)
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Table 8. Cont.

(1) (2)
innovation innovation

Board 0.0185
(0.224)

Indep 0.000513
(0.166)

Dual −0.000315
(−0.013)

BM −0.351 ***
(−5.252)

SOE 0.163 ***
(5.512)

CompanyAge −0.144 ***
(−3.628)

Top1 −0.00120
(−1.395)

Industry×Year YES YES
City×Year YES YES

City−time level clustering YES YES
_cons 1.008 *** −5.870 ***

(138.044) (−12.868)

N 16,938 16,937
r2 0.328 0.377

r2_a 0.135 0.198
F 230.5 68.65

Note: *** indicates statistical significance at the 1% level. Robust standard errors clustered at the company level
are used in this paper, with t-values shown in parentheses, and the same applies to the table below.

5.5. Robustness Tests
5.5.1. Variable Replacement

• Dependent variable replacement

We conducted a robustness test by utilizing variable replacement. Specifically, the
proportions of research personnel (rsperson), research expenditure (rd), innovation quality
(LnCit), total patent applications (Patent_sum), and innovation efficiency (InnoEff ) were em-
ployed as proxy variables for the level of innovation to re-run regression on Model 1. Innova-
tion quality is measured using the natural logarithm of one plus the total number of citations
received by the firm’s patent applications in the following year. The total number of patent
applications is calculated using the natural logarithm of one plus the combined quantity of
applications for invention patents, utility model patents, and design patents. Innovation ef-
ficiency, defined as the number of patent applications per unit of research and development
investment, is calculated using the formula Patent_sum/ln(1 + R&D expenditure).

According to the regression results in Table 9, columns (1), (2), (3), (4), (5), the conclu-
sions remain unchanged.

Table 9. Robustness test for dependent variable replacement.

(1) (2) (3) (4) (5)
rdperson rd LnCit Patent_sum InnoEff

ddegree × gdegree 0.351 ** 0.0322 ** 0.0419 *** 0.0206 *** 0.000818 ***
(2.217) (2.411) (11.126) (5.185) (3.729)

Size 0.344 *** 0.266 *** 0.677 *** 0.662 *** 0.0275 ***
(3.494) (6.190) (55.957) (51.836) (38.996)

Lev −4.972 *** −5.136 *** −0.345 *** −0.0731 −0.00195
(−9.480) (−22.491) (−5.351) (−1.074) (−0.520)
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Table 9. Cont.

(1) (2) (3) (4) (5)
rdperson rd LnCit Patent_sum InnoEff

ROA −6.632 *** −6.853 *** 0.872 *** 1.411 *** 0.0654 ***
(−4.394) (−10.426) (4.706) (7.210) (6.054)

Growth 0.193 −0.425 *** −0.138 *** −0.0185 −0.000697
(0.934) (−4.717) (−5.431) (−0.688) (−0.470)

Board −1.374 *** −0.129 0.0617 0.0227 0.00165
(−2.792) (−0.600) (1.011) (0.352) (0.465)

Indep 0.0198 0.0118 0.00229 −0.0000282 −0.00000632
(1.177) (1.615) (1.101) (−0.013) (−0.052)

Dual 0.485 *** 0.378 *** 0.0627 *** 0.0560 ** 0.00255 **
(2.797) (5.014) (2.946) (2.493) (2.058)

BM −6.193 *** −3.282 *** −0.623 *** −0.233 *** −0.00536
(−13.178) (−16.037) (−10.801) (−3.818) (−1.594)

SOE 0.0382 −0.179 ** 0.142 *** 0.108 *** 0.00567 ***
(0.195) (−2.105) (5.925) (4.253) (4.050)

CompanyAge −1.335 *** −1.304 *** −0.0855 *** −0.189 *** −0.00887 ***
(−5.531) (−12.403) (−2.883) (−6.033) (−5.132)

Top1 −0.0270 *** −0.0241 *** −0.00381 *** −0.00313 *** −0.000188 ***
(−4.903) (−10.051) (−5.631) (−4.376) (−4.764)

Year/Industry YES YES YES YES YES
_cons 15.15 *** 7.049 *** −11.40 *** −11.15 *** −0.423 ***

(6.516) (6.961) (−39.816) (−36.871) (−25.348)

N 16,938 16,938 16,938 16,938 16,938
r2 0.482 0.354 0.372 0.429 0.338

r2_a 0.479 0.350 0.368 0.426 0.334
F 43.47 128.7 552.6 496.9 291.5

Note: ***, ** indicate statistical significance at the 1% and 5% levels, respectively. Robust standard errors clustered
at the company level are used in this paper, with t-values shown in parentheses, and the same applies to the
table below.

• Independent variable replacement

Furthermore, interaction terms between the director network closeness centrality and
shareholder network closeness centrality (dcloseness × gcloseness), as well as between the
director network betweenness centrality and shareholder network betweenness centrality
(dbetween × gbetween), were used as proxy variables for multilayer networks position
centrality to re-run regression on Model 1. The regression results in Table 10, columns (1)
and (2), largely confirm our core hypothesis through the robustness test.

Table 10. Robustness test for independent variable replacement.

(1) (2)
innovation innovation

dcloseness ×
gcloseness 0.351 ***

(3.429)
dbetween ×

gbetween 0.00434 **

(2.438)
Size 0.345 *** 0.353 ***

(27.869) (29.436)
Lev −0.306 *** −0.316 ***

(−4.560) (−4.709)
ROA 1.904 *** 1.907 ***

(9.831) (9.847)
Growth −0.185 *** −0.187 ***

(−6.984) (−7.062)
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Table 10. Cont.

(1) (2)
innovation innovation

Board 0.131 ** 0.130 **
(2.076) (2.064)

Indep 0.00116 0.00116
(0.540) (0.541)

Dual 0.0265 0.0248
(1.194) (1.115)

BM −0.300 *** −0.321 ***
(−4.972) (−5.358)

SOE 0.144 *** 0.149 ***
(5.740) (5.940)

CompanyAge −0.151 *** −0.152 ***
(−4.873) (−4.895)

Top1 −0.000507 −0.000388
(−0.717) (−0.550)

Year/Industry YES YES
_cons −6.331 *** −6.360 ***

(−22.303) (−22.391)

N 16,938 16938
r2 0.196 0.196

r2_a 0.191 0.191
F 143.8 143.3

Note: ***, ** indicate statistical significance at the 1% and 5% levels, respectively. Robust standard errors clustered
at the company level are used in this paper, with t-values shown in parentheses, and the same applies to the
table below.

5.5.2. Lagged Effects of Multilayer Networks Position Advantages

This research also further examined the lagged effects of multilayer networks position
advantages to avoid endogeneity issues caused by reverse causality. As shown in Table 11,
the multilayer networks position significantly fosters the innovation level of companies in
both the following one and two periods. However, the regression coefficients indicate a
gradually diminishing trend in these lagged effects. This also, to some extent, validates the
robustness of our conclusion.

Table 11. Lagged effects of multilayer networks position advantages.

(1) (2)

F. innovation F2. innovation

degree × gdegree 0.0293 *** 0.0299 ***
(5.558) (4.424)

Size 0.361 *** 0.387 ***
(24.124) (22.726)

Lev −0.338 *** −0.392 ***
(−4.219) (−4.351)

ROA 2.528 *** 3.085 ***
(10.157) (9.983)

Growth −0.184 *** −0.152 ***
(−6.094) (−4.561)

Board 0.101 0.161 *
(1.374) (1.942)

Indep −0.00103 −0.00118
(−0.408) (−0.417)

Dual 0.0440 * 0.0831 ***
(1.676) (2.803)

BM −0.373 *** −0.364 ***
(−5.056) (−4.296)
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Table 11. Cont.

(1) (2)

F. innovation F2. innovation

SOE 0.167 *** 0.207 ***
(5.681) (6.270)

CompanyAge −0.151 *** −0.142 ***
(−4.205) (−3.627)

Top1 −0.000768 −0.00140
(−0.924) (−1.510)

Year/Industry YES YES
_cons −6.362 *** −7.054 ***

(−18.196) (−17.989)

N 12,886 10,565
r2 0.202 0.203

r2_a 0.196 0.196
F 122.7 108.6

Note: ***, * indicate statistical significance at the 1% and 10% levels, respectively. Robust standard errors clustered
at the company level are used in this paper, with t-values shown in parentheses, and the same applies to the
table below.

5.5.3. Add Macro Control Variables

To eliminate the influence of macroeconomic factors and market conditions on our
model, we have included GNP (GNP), GDP (GDP), per capita GDP (per_GDP), price-
to-earnings ratio (F100101), price-to-book ratio (F100401), and the industry Herfindahl–
Hirschman Index (HHI) in our control variables. This approach aids in controlling for the
overall economic and market environment impacts on corporate technological innovation.

According to the regression results in Table 12, the conclusions remain unchanged.
The absence of coefficients for GNP, GDP, and per capita GDP in the fixed effects is due to
the absorption of variable changes by the fixed effects. If the variation of GNP, GDP, and
per capita GDP across years or industries is completely absorbed by the fixed effects, it may
not appear in the regression results. Our GNP, GDP, and per capita GDP data are a national
annual indicator; if GNP, GDP, and per capita GDP is consistent across all industries each
year, then the industry and year fixed effects have already captured all the variations of
GNP, GDP, and per capita GDP.

Table 12. Control macroeconomic and market factors.

(1) (2)

innovation innovation

ddegree × gdegree 0.0174 *** 0.0254 ***
(3.190) (6.291)

GNP 0.00000208 0
(0.320) (.)

GDP 0.0000295 *** 0
(3.342) (.)

per_GDP 0.000465 *** 0
(7.571) (.)

F100101 −0.0000141 ** −0.0000132
(−2.475) (−1.603)

F100401 0.00831 ** 0.00297
(2.495) (1.066)

HHI −0.754 *** −0.579 ***
(−15.046) (−4.389)

Size 0.289 *** 0.333 ***
(19.376) (25.223)



Systems 2024, 12, 41 22 of 34

Table 12. Cont.

(1) (2)

innovation innovation

Lev −0.201 *** −0.277 ***
(−2.852) (−3.909)

ROA 1.634 *** 1.968 ***
(7.973) (9.492)

Growth −0.143 *** −0.196 ***
(−5.682) (−7.102)

Board −0.0404 0.0808
(−0.543) (1.245)

Indep −0.000128 0.000664
(−0.050) (0.301)

Dual 0.0441 * 0.0295
(1.903) (1.303)

BM −0.332 *** −0.258 ***
(−5.511) (−3.971)

SOE 0.0600 ** 0.157 ***
(2.255) (6.127)

CompanyAge −0.224 *** −0.154 ***
(−6.962) (−4.861)

Top1 −0.00183 ** −0.000538
(−2.391) (−0.743)

Year/Industry NO YES
_cons −5.591 *** −5.716 ***

(−14.795) (−18.209)

N 16,266 16,266
r2 0.0766 0.197

r2_a 0.0756 0.192
F 58.13 114.4

Note: ***, **, * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. Robust standard errors
clustered at the company level are used in this paper, with t-values shown in parentheses, and the same applies to
the table below.

5.5.4. External Policy Impact

We utilized the implementation of the “Shanghai-Hong Kong Stock Connect” and
“Shenzhen-Hong Kong Stock Connect” policies as external shock factors to examine the
stability of the model. The scope of this paper’s research sample includes companies
listed in China’s A-share market. These A-share listed companies are those trading on
both the Shanghai and Shenzhen Stock Exchanges, which are the main components of
the Chinese stock market. Consequently, the “Shanghai-Hong Kong Stock Connect” and
“Shenzhen-Hong Kong Stock Connect” policies are external factors that have a direct
impact on the sample. These policies, marking a new phase of high-level openness in
China’s capital market, have significantly influenced the operational development of real-
sector enterprises.

To promote the internationalization of China’s capital market, the Shanghai Stock
Exchange officially launched the Shanghai-Hong Kong Stock Connect in November 2014.
Subsequently, in December 2016, the Shenzhen Stock Exchange implemented the Shenzhen-
Hong Kong Stock Connect, based on the framework of its Shanghai counterpart, with
fully corresponding and complementary regulatory systems, settlement, and delivery
mechanisms. Compared to the Shanghai-Hong Kong Stock Connect, the Shenzhen-Hong
Kong Stock Connect removed the aggregate quota limit, retaining only the daily quota, and
expanded the scope of covered securities, further opening the capital market. Overseas
investors can trade stocks listed on the Shanghai and Shenzhen exchanges through the
Hong Kong Stock Exchange, while mainland investors can trade stocks within the specified
range of the Hong Kong Exchange through the Shanghai and Shenzhen exchanges. This
expansion of mainland trading channels promotes the free flow of capital and helps improve
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capital allocation efficiency [84]. As a major reform initiative in the capital market, the
implementation of the Shanghai-Hong Kong and Shenzhen-Hong Kong Stock Connects
broke the long-standing closed nature of the mainland stock market and, against the
backdrop of China’s steadily improving economy, helped attract more foreign investors
to the A-share market. This development optimizes the investor structure, enhances
the operational efficiency of the capital market, and fosters the integrated growth of the
mainland and Hong Kong stock markets.

We introduced a dummy variable for enterprises targeted by the “Shanghai-Hong
Kong Stock Connect” and “Shenzhen-Hong Kong Stock Connect” (HSGT), defined as
follows: if a company was included in the target list of either the Shanghai-Hong Kong or
Shenzhen-Hong Kong Stock Connect during the sample period, the variable is assigned a
value of 1; otherwise, it is 0. The list of enterprises targeted by the “Shanghai-Hong Kong
Stock Connect” and “Shenzhen-Hong Kong Stock Connect” is sourced from the official
website of the Hong Kong Exchanges and Clearing Limited. As seen in Table 13, the impact
of this external policy did not alter the significance of Model (1), thereby demonstrating the
model’s stability to a certain extent.

Table 13. The impact of external policy shocks.

HSGT = 0 HSGT = 1
innovation innovation

ddegree × gdegree 0.0208 *** 0.0490 ***
(4.781) (5.392)

Size 0.369 *** 0.244 ***
(25.653) (8.102)

Lev −0.338 *** −0.125
(−4.565) (−0.759)

ROA 1.565 *** 2.826 ***
(7.188) (6.687)

Growth −0.183 *** −0.165 **
(−6.463) (−2.319)

Board 0.00575 0.260
(0.084) (1.638)

Indep 0.00344 −0.00430
(1.466) (−0.796)

Dual 0.0135 −0.00461
(0.543) (−0.094)

BM −0.305 *** −0.272 *
(−4.521) (−1.938)

SOE 0.143 *** 0.276 ***
(5.302) (3.999)

CompanyAge −0.367 *** 0.349 ***
(−9.935) (5.181)

Top1 −0.000359 −0.00187
(−0.455) (−1.169)

Year/Industry YES YES
_cons −5.960 *** −5.407 ***

(−18.000) (−7.588)

N 13,418 3520
r2 0.209 0.225

r2_a 0.203 0.204
F 129.3 28.39

Note: ***, **, * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. Robust standard errors
clustered at the company level are used in this paper, with t-values shown in parentheses, and the same applies to
the table below.
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6. Further Research
6.1. Mechanism Analysis

Existing research indicates that higher environmental uncertainty increases the diffi-
culty for management to accurately assess investment projects, leading to more cautious
investment decisions [85]. This caution often results in the rejection of high-risk projects
and a tendency towards conservative investments among shareholders [86]. Innovative
investment projects, characterized by high risk, long cycles, and significant capital require-
ments, are adversely affected by high internal environmental uncertainty within a company.
However, the information and resource effects brought about by a multilayered network
position advantage stabilize the internal environment of a company, reducing performance
volatility and thereby enhancing the information and motivation of the management to
invest in innovative projects. Building on this, the present study adopts the method of Shen
et al. [86], measuring environmental uncertainty as the standard deviation of abnormal
earnings for the company over the past five years, adjusted for industry, divided by the
average sales revenue of the past five years. We introduced the intermediary variable
EU (Environmental Uncertainty) to test the mechanism of multilayered network posi-
tion advantage → reduction in environmental uncertainty → enhancement in corporate
technological innovation.

Following the approach of Wen and Ye [87], a mediating effect model is utilized for
mechanism testing.

EUi,t = α0 + α1ddegreei,t × gdegreei,t + α2∑ controlsi,t + ∑ industryj + ∑ yeart + εi,t (8)

innovationi,t = α0 + α1ddegreei,t × gdegreei,t + α2EUi,t + α3∑ controlsi,t + ∑ industryj + ∑ yeart + εi,t (9)

Table 14 reports the results of the channel test for reducing environmental uncertainty.
Column (1) indicates that a multilayered network position advantage significantly reduces
environmental uncertainty. As seen in Column (2), even after introducing the intermediary
variable, the regression coefficient of the core explanatory variable—the interaction term
of the multilayered network structure—remains significant. This suggests that the mul-
tilayered network position advantage partially enhances corporate innovation levels by
reducing environmental uncertainty.

Table 14. Mechanism test: reducing environmental uncertainty.

(1) (2)
EU innovation

ddegree × gdegree −0.0311 *** 0.0214 ***
(−9.058) (5.411)

EU −0.0986 ***
(−11.004)

Size 0.0595 *** 0.339 ***
(5.336) (26.479)

Lev −0.173 *** −0.312 ***
(−2.916) (−4.569)

ROA −3.596 *** 1.545 ***
(−21.250) (7.841)

Growth 1.762 *** −0.00619
(76.022) (−0.200)

Board −0.154 *** 0.0893
(−2.776) (1.399)

Indep −0.00496 *** 0.000670
(−2.606) (0.306)

Dual −0.00984 0.0225
(−0.501) (0.996)

BM −0.0439 −0.287 ***
(−0.827) (−4.710)
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Table 14. Cont.

(1) (2)
EU innovation

SOE −0.0597 *** 0.135 ***
(−2.710) (5.336)

CompanyAge 0.139 *** −0.167 ***
(4.960) (−5.176)

Top1 0.000815 −0.000500
(1.305) (−0.698)

Year/Industry YES YES
_cons 0.100 −5.831 ***

(0.380) (−19.274)

N 16,529 16,529
r2 0.291 0.204

r2_a 0.286 0.200
F 51.84 14.40

Note: *** indicates statistical significance at the 1% level. Robust standard errors clustered at the company level
are used in this paper, with t-values shown in parentheses, and the same applies to the table below.

6.2. Heterogeneity Analysis
6.2.1. Property Rights Nature

The sample was divided into two categories based on ownership characteristics: non-
state-owned companies and state-owned companies, to examine the impact of multilayered
network position advantages on the level of corporate technological innovation in compa-
nies with different ownership properties. Table 15 presents the regression results, which
indicate a significant positive impact of the interaction term degree × gdegree on the total
number of patent applications and the number of invention patent applications in non-
state-owned company samples, while this effect is not significant in state-owned company
samples. These results suggest that in privately-owned companies, which are more inclined
towards technological breakthroughs, the influence of network position advantages on
corporate technological innovation is more pronounced.

Table 15. Test of heterogeneity in property rights.

Non-State-Owned Companies State-Owned Companies
innovation innovation

ddegree × gdegree 0.00846 *** 0.00411
(4.076) (1.225)

Size 0.296 *** 0.436 ***
(20.101) (19.757)

Lev −0.0807 −0.645 ***
(−1.024) (−5.040)

ROA 1.939 *** 1.991 ***
(9.228) (4.618)

Growth −0.222 *** −0.115 **
(−7.203) (−2.323)

Board 0.123 0.227 **
(1.539) (2.165)

Indep 0.00146 0.000200
(0.541) (0.053)

Dual 0.0218 0.0692
(0.947) (1.150)

BM −0.399 *** −0.205 *
(−5.713) (−1.760)

CompanyAge −0.127 *** −0.264 ***
(−3.686) (−4.012)
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Table 15. Cont.

Non-State-Owned Companies State-Owned Companies
innovation innovation

Top1 −0.000705 −0.00134
(−0.850) (−0.987)

Year/Industry YES YES
_cons −5.130 *** −7.999 ***

(−14.051) (−15.694)

N 11,270 5668
r2 0.175 0.281

r2_a 0.168 0.269
F 7.02 6.87

Note: ***, **, * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. Robust standard errors
clustered at the company level are used in this paper, with t-values shown in parentheses, and the same applies to
the table below.

6.2.2. Internal Information Transparency

Using the annual information disclosure assessment ratings of listed companies on the
Shenzhen and Shanghai stock exchanges as a proxy for internal information transparency,
we examined the impact of multilayered network position advantages on corporate in-
novation levels in companies with varying degrees of internal information transparency.
Specifically, the information disclosure assessment ratings of listed companies are cate-
gorized into four grades: A, B, C, and D, with A being excellent, B being good, C being
satisfactory, and D being unsatisfactory. Companies rated A or B in a given year are classi-
fied as having higher internal information transparency (Opacity = 1), while those rated C
or D are classified as having lower transparency (Opacity = 0) for subgroup testing. Ac-
cording to the results in Table 16, in the Opacity = 1 group with higher internal information
transparency, the interaction term ddegree × gdegree shows a significant positive impact
on both total patent applications and invention patent applications. Conversely, in the
Opacity = 0 group with lower transparency, this interaction term does not significantly
influence patent applications. These findings indicate that in companies with higher inter-
nal information transparency, where the degree of information asymmetry is lower and
the self-interest motives of management and the embezzlement tendencies of major share-
holders are weaker, the information and control advantages brought by network position
advantages can be fully utilized. This avoids speculative behavior and more significantly
enhances the innovation level of listed companies.

Table 16. Test of heterogeneity in internal information transparency.

Opacity = 0 Opacity = 1
innovation innovation

ddegree × gdegree 0.0123 0.0231 ***
(0.597) (3.611)

Size 0.295 *** 0.338 ***
(5.187) (17.492)

Lev −0.285 0.0721
(−1.290) (0.731)

ROA 0.232 2.274 ***
(0.550) (7.793)

Growth −0.0974 −0.238 ***
(−1.188) (−5.788)

Board 0.376 0.0682
(1.509) (0.684)

Indep 0.0122 0.000412
(1.400) (0.126)
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Table 16. Cont.

Opacity = 0 Opacity = 1
innovation innovation

Dual −0.0422 0.0643 **
(−0.577) (2.308)

BM −0.128 −0.494 ***
(−0.545) (−5.615)

SOE 0.113 0.332 ***
(0.851) (7.259)

CompanyAge −0.0573 −0.00946
(−0.511) (−0.230)

Top1 −0.00162 −0.00107
(−0.566) (−1.071)

Year/Industry YES YES
_cons −6.380 *** −6.177 ***

(−4.666) (−12.920)

N 1156 9339
r2 0.207 0.208

r2_a 0.135 0.198
F 4.376 6.35

Note: ***, ** indicate statistical significance at the 1% and 5% levels, respectively. Robust standard errors clustered
at the company level are used in this paper, with t-values shown in parentheses, and the same applies to the
table below.

6.2.3. External Information Supervision

The number of analysts following a company in a given year was used as a proxy
for external information supervision, to investigate the exogenous influence of external
information supervision-induced pressure on the ability of network position advantages
to foster innovation. This study divided companies based on the median number of ana-
lysts following companies in the same industry in the same year. Companies with fewer
analysts than the industry median in a given year are considered to have weaker external
information supervision (Attention = 0), while those with a number equal to or greater than
the median are considered to have stronger supervision (Attention = 1). Table 17 shows
the regression results, indicating that the promotion effect of the multilayered network
structure interaction term on innovation levels is more significant in the Attention = 1 group
and not significant in the Attention = 0 group. This suggests that the innovative promotion
effect of network position advantages is more effectively realized under stronger external
information supervision. Analysts play a crucial role in corporate governance, possessing
professional skills in information searching and processing, and can make predictions and
ratings on corporate value based on extensive information. If analysts detect opportunistic
behavior such as short-sightedness in management, it can weaken the long-term investment
capability of the company [88], thereby constraining opportunistic behaviors of the man-
agement. Therefore, under higher analyst scrutiny, short-sighted actions of management
are curtailed due to the pressure from external information supervision. Additionally, since
the information concealed within the company is more likely to be revealed to external
small and medium investors, the motivation of major shareholders to encroach on the
interests of minor shareholders is reduced, and to some extent, the collusion effect between
management and major shareholders is suppressed. Overall, stronger external information
supervision is more conducive to leveraging the positive influence of multilayered network
position advantages on innovation levels.
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Table 17. Test of heterogeneity in external information supervision.

Attention = 0 Attention = 1
innovation innovation

ddegree × gdegree 0.0347 0.0280 **
(1.518) (1.968)

Size 0.233 *** 0.348 ***
(8.066) (17.857)

Lev 0.113 −0.129
(0.853) (−1.139)

ROA 1.594 *** 2.264 ***
(4.080) (7.815)

Growth −0.170 *** −0.232 ***
(−3.120) (−4.809)

Board −0.0764 0.0878
(−0.539) (0.792)

Indep −0.0136 *** 0.00132
(−2.952) (0.362)

Dual 0.129 *** −0.00692
(3.335) (−0.212)

BM −0.135 −0.489 ***
(−1.047) (−4.954)

SOE 0.262 *** 0.278 ***
(4.151) (5.348)

CompanyAge −0.0101 0.132 ***
(−0.176) (2.812)

Top1 −0.000145 −0.000310
(−0.107) (−0.273)

Year/Industry YES YES
_cons −3.384 *** −6.758 ***

(−4.885) (−13.685)

N 7622 9316
r2 0.179 0.219

r2_a 0.158 0.208
F 1.10 7.26

Note: ***, ** indicate statistical significance at the 1% and 5% levels, respectively. Robust standard errors clustered
at the company level are used in this paper, with t-values shown in parentheses, and the same applies to the
table below.

6.2.4. Test of Company Size Threshold Effect

The threshold panel model employs company size (Size) as an indicator function
to analyze the nonlinear impact of the multilayered network structure interaction term
on corporate technological innovation levels as company size varies. As indicated in
Table 18, the impact of the multilayered network structure interaction term on corporate
technological innovation exhibits a non-significant single threshold effect, while the double
threshold effect is significant at the 5% level. This suggests that modeling with company
size (Size) as the indicator function results in two thresholds and three intervals.

Table 18. Test of company size threshold effect.

Threshold Value F-Value p-Value Number of BS 10%
Critical Value

5%
Critical Value

1%
Critical Value

Single threshold
test 25.8406 15.19 0.133 300 17.7249 19.8748 28.4224

Double threshold
test 23.822, 23.886 21.21 * 0.0833 300 18.6141 25.9256 53.2581

Note: * indicate statistical significance at the 10% level. Robust standard errors clustered at the company level are
used in this paper, with t-values shown in parentheses, and the same applies to the table below.
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Further testing for the authenticity of the threshold values, as shown in Table 19,
reveals that the likelihood ratio (LR) is below the critical value at the 5% significance level,
falling within the acceptance domain of the null hypothesis. This indicates that the double
threshold of company size aligns with the real threshold values.

Table 19. Estimation results of company size threshold values.

Threshold Estimate 95% Confidence Interval

Threshold 23.822 [21.405, 24.461]
Threshold 23.886 [23.000, 24.083]

From Table 20, it can be observed that the coefficients of the multilayered network
structure interaction term across different threshold ranges of company size are 0.030, 0.004,
and 0.071, respectively. This indicates a typical company size threshold effect on the impact
of multilayered network position advantages on corporate technological innovation, with
two thresholds—high and low. The threshold values represent structural change points in
how the multilayered network structure interaction term affects corporate technological
innovation levels. For companies smaller than the lower threshold, which we defined as
smaller-scale companies, the impact of the multilayered network structure interaction term
on technological innovation is positive and significant at the 1% level. For companies with
sizes between the lower and higher thresholds, defined as medium-scale companies, this
impact is negative and significant at the 10% level. For companies larger than the higher
threshold, defined as larger-scale companies, the impact is again positive and significant at
the 1% level. Thus, it is believed that with changes in company size, the influence of multi-
layered network position advantages on corporate technological innovation levels exhibits
interval effects. Specifically, there is a strong head effect, with the innovation promotion
role of multilayered networks being more significant for smaller and larger companies.
However, for medium-scale companies, where innovation motivation is weaker than in
smaller companies and innovation capability is less than in larger companies, the oppor-
tunistic governance role played by multilayered networks may suppress improvements in
innovation levels.

Table 20. Estimation results of the double threshold model parameters for company size.

Coefficient Robust Standard
Deviation t-Statistic p-Value 95% Confidence Interval

Size 0.342 *** 0.041 8.320 0.000 0.261 0.422
Lev −0.498 *** 0.150 −3.310 0.001 −0.793 −0.203

ROA 0.020 0.298 0.070 0.947 −0.564 0.603
Growth −0.014 0.038 −0.360 0.716 −0.089 0.061
Board −0.146 0.148 −0.990 0.323 −0.435 0.143
Indep −0.006 0.004 −1.360 0.175 −0.015 0.003
Dual 0.019 0.044 0.420 0.673 −0.068 0.105
BM −0.134 0.075 −1.790 0.074 −0.281 0.013
SOE 0.025 0.100 0.250 0.804 −0.171 0.220

CompanyAge 0.545 * 0.239 2.280 0.023 0.076 1.014
Top1 0.001 0.002 0.360 0.717 −0.004 0.005

ddegree × gdegree I
(TC < 23.8220) 0.030 *** 0.006 5.080 0.000 0.019 0.042

ddegree × gdegree II
(23.8220 ≤ TC <23.8864) 0.004 0.007 0.610 0.545 −0.009 0.018

ddegree×gdegree III
(Cashholding ≥ 23.8864) 0.071 *** 0.013 5.540 0.000 0.046 0.096

Note: ***, * indicate statistical significance at the 1% and 10% levels, respectively. Robust standard errors clustered
at the company level are used in this paper, with t-values shown in parentheses, and the same applies to the
table below.
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7. Conclusions

We explored the impact of network structural embeddedness on corporate techno-
logical innovation from a multilayer networks perspective. The main conclusions are
as follows:

1. Both single-layer and multilayer networks exhibit an increasing trend over the years.
This suggests that the social networks of Chinese listed companies are continuously
expanding and strengthening. However, companies with multilayered network
relationships, compared to single-layered ones, are still in the minority, indicating the
limited prevalence of multilayer networks advantages.

2. Companies with higher centrality in multilayer networks exhibit significantly higher
levels of innovation compared to those in single-tier networks. Being in a core position
within the network significantly enhances the innovation level of listed companies.
This indicates that in the Chinese capital market, the structural embeddedness of mul-
tilayer networks can help companies gain more information and resource advantages.
Consequently, this secures a dominant position in innovation and stimulates more
high-quality innovative outputs.

3. Multilayer networks promote corporate technological innovation by reducing internal
environmental uncertainty. More advantageous network positions reduce internal
risks and increase the stability of the internal environment, thereby enhancing the
motivation and capability for technological innovation.

4. The structural embeddedness of multilayer networks has a greater stimulating ef-
fect on innovation in non-state-owned companies, companies with higher internal
information transparency, and those with stronger external information supervision.

5. The impact of the structural embeddedness of multilayer networks on corporate tech-
nological innovation levels exhibits interval effects, particularly a strong head effect.
For smaller and larger companies, the innovation promotion role of multilayered
networks is more significant. In contrast, for medium-sized companies, with weaker
innovation motivation than smaller companies and lower innovation capability than
larger companies, the opportunistic governance role of multilayered networks might
suppress improvements in innovation levels.

The significance and value of this study are manifested in several aspects:

1. A deeper understanding of corporate technological innovation: By exploring the
impact of shareholder and director networks on corporate technological innovation,
we provide a new perspective on how companies can enhance their innovation
capacity through network embeddedness. This not only enriches the application
of network theory in the field of corporate innovation but also provides empirical
evidence for how companies can use network resources for innovation.

2. Innovation in the multilayer networks perspective: We employ a multilayer networks
analysis method, breaking through the limitations of traditional single-layer network
analysis, and more comprehensively reveal how shareholder and director networks
jointly influence corporate innovation. This methodological innovation provides new
tools and ideas for studying corporate behavior in complex network systems.

3. Implications for corporate governance and decision making: We indicate that the struc-
tural embeddedness of multilayer networks significantly influences corporate innova-
tion, providing practical guidance for managers and shareholders on how to optimize
network structures to enhance innovation capabilities. This is especially important
for non-state-owned companies and companies with high information transparency.

4. Reference for policy making and regulation: We reveal the impact of multilayer net-
works structures on corporate innovation, offering references for policymakers and
regulatory bodies on how to optimize inter-company network relationships to pro-
mote technological innovation and economic growth. This is particularly significant in
the context of the economic transformation and independent technological innovation
in China.
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5. Contributions to theory and practice: We not only provide the academic community
with new theoretical perspectives and empirical evidence on the impact of multilayer
networks on corporate innovation, but also offer specific strategies and suggestions for
practitioners on how to use network relationships to promote corporate innovation.
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30. Škrlj, B.; Kralj, J.; Lavrač, N. Py3plex toolkit for visualization and analysis of multilayer networks. Appl. Netw. Sci. 2019, 4, 94.

[CrossRef]
31. Ter Wal, A.L.; Criscuolo, P.; McEvily, B.; Salter, A. Dual networking: How collaborators network in their quest for innovation.

Adm. Sci. Q. 2020, 65, 887–930. [CrossRef]
32. Htwe, N.N.; Lim, S.; Kakinaka, M. The coevolution of trade agreements and investment treaties: Some evidence from network

analysis. Soc. Netw. 2020, 61, 34–52. [CrossRef]
33. Wang, G.; Wu, H.; Xie, C. Research on Portfolio Optimization Based on Multilayer Interconnected Networks. Syst. Eng. Theory

Pract. 2022, 04, 937–957. Available online: http://kns.cnki.net/kcms/detail/11.2267.n.20210906.1803.021.html (accessed on 23
January 2024).

34. Hilferding, R. Finance Capital: A Study in the Latest Phase of Capitalist Development; Routledge: Eastbourne, UK, 2019.
35. Djankov, S.; Porta, R.L.; Lopez-De-Silanes, F.; Shleifer, A. The law and economics of self-dealing. J. Financ. Econ. 2008, 88, 430–465.

[CrossRef]
36. Panayides, M.A.; Thomas, S. Commonality in Institutional Ownership and Competition in Product Markets. SSRN Electron. J.

2017, 139, 109–137. [CrossRef]
37. Kostaris, K.; Andrikopoulos, A. Brokers in beneficial ownership: A network approach. Int. Rev. Financ. Anal. 2023, 88, 102701.

[CrossRef]
38. Bi, X.; Zhai, S.; He, Q. Does Financial Redundancy Reduce Innovation Efficiency of Companies?—A Discussion on the Governance

Role of Equity Balance. Res. Dev. Manag. 2017, 29, 82–92. [CrossRef]
39. Ma, L.; Du, B. The Impact of Shareholder Networks on Controlling Shareholders’ Self-interest Behavior. J. Manag. 2019, 16,

665–675+764.
40. Wan, C. Shareholder Interlocking Networks, Network Position, and Company Performance. Res. Financ. Econ. Issues 2019, 2019,

120–127. [CrossRef]
41. Chen, F. Mechanism and Empirical Research on the Impact of Economic Policy Uncertainty on Investment Opportunities of

Companies: Based on the Perspective of Director and Institutional Investor Networks. Econ. Issues 2021, 2021, 34–45. [CrossRef]
42. Pan, Y.; Tang, X.; Ning, B.; Yang, L. Interlocking shareholders and Corporate Investment Efficiency: Governance Synergy or

Collusive Competition. China Ind. Econ. 2020, 2020, 136–164. [CrossRef]
43. Luo, D.; Shi, X. Shareholder Network Position, Regional Cultural Differences, and Corporate R&D Expenditure. Econ. Res. J. 2021,

2021, 101–112. [CrossRef]
44. Guo, X.; Wang, P.; Wu, X. Institutional Investor Network Groups and Corporate Inefficient Investment. World Econ. 2020, 43,

169–192. [CrossRef]
45. Zhou, X.; Li, Z.; Wang, H. The Impact of Board Network Position on Corporate Innovation Investment: The Masking and

Mediating Effects of Risk-Taking. Res. Dev. Manag. 2021, 33, 53–66. [CrossRef]
46. Galaskiewicz, J.; Wasserman, S. A dynamic study of change in a regional corporate network. Am. Sociol. Rev. 1981, 46, 475–484.

[CrossRef]
47. Galaskiewicz, J.; Wasserman, S.; Rauschenbach, B.; Bielefeld, W.; Mullaney, P. The influence of corporate power, social status, and

market position on corporate interlocks in a regional network. Soc. Forces 1985, 64, 403–431. [CrossRef]
48. Martin, G.; Goezuebueyuek, R.; Becerra, M. Interlocks and Company Performance: The Role of Uncertainty in the Directorate

Interlock-performance Relationship. Strateg. Manag. J. 2015, 36, 235–253. [CrossRef]
49. Wong LH, H.; Gygax, A.F.; Wang, P. Board interlocking network and the design of executive compensation packages. Soc. Netw.

2015, 41, 85–100. [CrossRef]
50. Zheng, F.; Shan, W.; Wang, Y. Interlocking Director Networks and Dynamic Innovation Capability of Companies: The Moderating

Effect Based on Multiple Governance Scenarios. Collect. Essays Financ. Econ. 2021, 2021, 77–88. [CrossRef]
51. Yang, Z.; Zhang, H. Social Capital Inequality in Corporate Interlocking Director Networks: An Analysis Based on Exogenous and

Endogenous Factors. Sci. Technol. Prog. Policy 2021, 38, 94–101.
52. Helmers, C.; Patnam, M.; Rau, P.R. Do board interlocks increase innovation? Evidence from a corporate governance reform in

India. J. Bank. Financ. 2017, 80, 51–70. [CrossRef]

https://doi.org/10.1086/225469
https://doi.org/10.2307/2393808
https://doi.org/10.1002/smj.252
https://doi.org/10.1016/j.socnet.2012.01.005
https://doi.org/10.14116/j.nkes.2021.02.004
https://doi.org/10.2307/20159624
https://doi.org/10.1016/j.socnet.2020.03.001
https://doi.org/10.1016/j.socnet.2016.10.002
https://doi.org/10.1007/s41109-019-0203-7
https://doi.org/10.1177/0001839219893691
https://doi.org/10.1016/j.socnet.2019.08.005
http://kns.cnki.net/kcms/detail/11.2267.n.20210906.1803.021.html
https://doi.org/10.1016/j.jfineco.2007.02.007
https://doi.org/10.2139/ssrn.2965058
https://doi.org/10.1016/j.irfa.2023.102701
https://doi.org/10.13581/j.cnki.rdm.2017.02.004
https://doi.org/10.19654/j.cnki.cjwtyj.2019.09.015
https://doi.org/10.16011/j.cnki.jjwt.2021.10.005
https://doi.org/10.19581/j.cnki.ciejournal.2020.02.008
https://doi.org/10.13762/j.cnki.cjlc.2021.07.008
https://doi.org/10.19985/j.cnki.cassjwe.2020.04.009
https://doi.org/10.13581/j.cnki.rdm.20191341
https://doi.org/10.2307/2095266
https://doi.org/10.2307/2578648
https://doi.org/10.1002/smj.2216
https://doi.org/10.1016/j.socnet.2014.12.002
https://doi.org/10.13762/j.cnki.cjlc.2021.11.007
https://doi.org/10.1016/j.jbankfin.2017.04.001


Systems 2024, 12, 41 33 of 34

53. Yan, R.; Hua, X.; Qian, J. The Impact of Organizational Redundancy and Property Rights on Corporate Innovation Investment: A
Study of Interlocking Director Networks. Manag. World 2018, 15, 217–229.

54. Larcker, D.F.; So, E.C.; Wang, C.C. Boardroom centrality and firm performance. J. Account. Econ. 2013, 55, 225–250. [CrossRef]
55. Wang, W.K.; Lu, W.M.; Qian, L.K.; Nourani, M.; Hong, R.-S. Interlocking directorates and dynamic corporate performance:

The roles of centrality, structural holes and the number of connections in social networks. Rev. Manag. Sci. 2019, 15, 437–457.
[CrossRef]

56. Hao, Q.; Hu, N.; Liu, L.; Yao, L.J. Board interlock networks and the use of relative performance evaluation. Int. J. Account. Inf.
Manag. 2014, 22, 237–251. [CrossRef]

57. Zheng, G.; Zhu, L.; Liu, C.; Chen, Y. TMT social capital, network position, and innovation: The nature of micro-macro links. Front.
Bus. Res. China 2019, 13, 23. [CrossRef]

58. Ma, L.; Zhang, Q.; Wang, L. Board Network Position and Corporate Technology Innovation Investment: A Study Based on
Technology-Intensive Listed Companies. Sci. Stud. Sci. Manag. 2016, 37, 126–136.

59. Hoskisson, R.E.; Hill, H. Managerial Incentives and Investment in R&D in Large Multiproduct Companies. Organ. Sci. 1993, 4,
325–341. [CrossRef]

60. Chiu, P.C.; Teoh, S.H.; Tian, F. Board Interlocks and Earnings Management Contagion. Account. Rev. 2013, 88, 915–944. [CrossRef]
61. Zhou, X.; Li, Z.; Wang, W. Board Network Position, Marketization Process, and Dual Innovation of Companies. Sci. Technol. Prog.

Countermeas. 2020, 37, 66–75.
62. Menguc, B.; Auh, S. The asymmetric moderating role of market orientation on the ambidexterity–company performance

relationship for prospectors and defenders. Ind. Mark. Manag. 2008, 37, 455–470. [CrossRef]
63. Cunningham, F.C.; Matthews, V.; Sheahan, A.; Bailie, J.; Bailie, R.S. Assessing Collaboration in a National Research Partnership in

Quality Improvement in Indigenous Primary Health Care: A Network Approach. Front. Public Health 2018, 6, 182. [CrossRef]
64. Arranz, N.; Arroyabe, M.F.; Fernandez de Arroyabe, J.C. Network embeddedness in exploration and exploitation of joint R&D

projects: A structural approach. Br. J. Manag. 2020, 31, 421–437. [CrossRef]
65. Lu, X.; Wang, J.; Dong, D. Director Network, Information Transmission, and Debt Financing Costs. Manag. Sci. 2013, 26, 55–64.
66. Cao, C.; Xu, N.; Lu, D.; Tang, S. Pyramidal Layers, Long-Term Loans Allocation, and Efficiency of Long-term Loans Use: Based on

Local Stateowned Listed Companies. Nankai Manag. Rev. 2015, 18, 115–125. Available online: https://oversea.cnki.net/KCMS/
detail/detail.aspx?dbcode=CJFD&dbname=CJFDLAST2015&filename=LKGP201502012&uniplatform=OVERSEA&v=RxO2U1
cXAu_W3UTpcdhdOIClAmjWtbZBcotoUNI96xQp6CJRuQyK3s8qlHioZhT4 (accessed on 23 January 2024).

67. Xie, D.; Chen, Y. Director Networks: Definition, Characteristics, and Measurement. Account. Res. 2012, 2012, 44–51+95.
68. Cuevas, R.G.; Carmen, C.; Carmona, L.A. Internal and external social capital for radical product innovation: Do they always

work well together? Br. J. Manag. 2014, 25, 266–284. [CrossRef]
69. Duan, H. Research on the Relationship between Interlocking directors, Organizational Redundancy, and Corporate Innovation

Performance. Sci. Study Res. 2012, 2012, 631–640. [CrossRef]
70. Berardo, R. Bridging and bonding capital in two-mode collaboration networks. Policy Stud. J. 2014, 42, 197–225. [CrossRef]
71. Sammarra, A.; Biggiero, L. Heterogeneity and Specificity of Inter-Company Knowledge Flows in Innovation Networks. J. Manag.

Stud. 2008, 45, 800–829. [CrossRef]
72. Malik, T. Disparate association between alliance social capital and the global pharmaceutical company’s performance. Int. Bus.

Rev. 2012, 21, 1017–1028. [CrossRef]
73. Mazzola, E.; Perrone, G.; Kamuriwo, D.S. The interaction between inter-firm and interlocking directorate networks on firm’s new

product development outcomes. J. Bus. Res. 2016, 69, 672–682. [CrossRef]
74. Wang, Y.; Ren, H. Decoupling Research on Corporate Technological Innovation Network Embeddedness of Knowledge Networks

and Collaboration Networks. Sci. Technol. Manag. Res. 2016, 36, 12–16.
75. Wang, P.P.; Wang, Y. The impact of knowledge unit characteristics on inventors’ knowledge combination behavior: A knowledge

network perspective. Econ. Manag. 2018, 40, 92–107. [CrossRef]
76. Huang, C.; Li, S. Shareholder Relationship Networks, Information Advantages, and Corporate Performance. Nankai Bus.

Rev. 2019, 22, 75–88+127. Available online: https://oversea.cnki.net/KCMS/detail/detail.aspx?dbcode=CJFD&dbname=
CJFDLAST2019&filename=LKGP201902008&uniplatform=OVERSEA&v=AIiZTmmsOhxPqeelJP45pzYGchQq3g_H0xd0cly8
PhmhoYaMJFCdtCimQhctDzxo (accessed on 23 January 2024).

77. Jensen, M.C.; Meckling, W.H. Theory of the company: Managerial behavior, agency costs and ownership structure. J. Financ.
Econ. 1976, 3, 305–360. [CrossRef]

78. Kakabadse, K.; Kouzmin, A.; Kakabadse, A. From tacit knowledge to knowledge management: Leveraging invisible assets.
Knowl. Process Manag. 2001, 8, 137–154. [CrossRef]

79. Zhang, W.; Yuan, K.; Li, W. How Does the Expansion of Commercial Bank Branches Affect Corporate Innovation: Theory and
Empirical Evidence. World Econ. 2021, 44, 204–228. [CrossRef]

80. AlKuaik, K.; Acur, N.; Mendibil, K. A study of the influence of network structural embeddedness on organization innovativeness.
In 23rd Innovation and Product Development Management Conference; University of Strathclyde: Glasgow, UK, 2016; pp. 1–16.
Available online: https://strathprints.strath.ac.uk/57202/ (accessed on 23 January 2024).

https://doi.org/10.1016/j.jacceco.2013.01.006
https://doi.org/10.1007/s11846-019-00347-2
https://doi.org/10.1108/IJAIM-06-2013-0039
https://doi.org/10.1186/s11782-019-0047-0
https://doi.org/10.1287/orsc.4.2.325
https://doi.org/10.2308/accr-50369
https://doi.org/10.1016/j.indmarman.2007.05.002
https://doi.org/10.3389/fpubh.2018.00182
https://doi.org/10.1111/1467-8551.12338
https://oversea.cnki.net/KCMS/detail/detail.aspx?dbcode=CJFD&dbname=CJFDLAST2015&filename=LKGP201502012&uniplatform=OVERSEA&v=RxO2U1cXAu_W3UTpcdhdOIClAmjWtbZBcotoUNI96xQp6CJRuQyK3s8qlHioZhT4
https://oversea.cnki.net/KCMS/detail/detail.aspx?dbcode=CJFD&dbname=CJFDLAST2015&filename=LKGP201502012&uniplatform=OVERSEA&v=RxO2U1cXAu_W3UTpcdhdOIClAmjWtbZBcotoUNI96xQp6CJRuQyK3s8qlHioZhT4
https://oversea.cnki.net/KCMS/detail/detail.aspx?dbcode=CJFD&dbname=CJFDLAST2015&filename=LKGP201502012&uniplatform=OVERSEA&v=RxO2U1cXAu_W3UTpcdhdOIClAmjWtbZBcotoUNI96xQp6CJRuQyK3s8qlHioZhT4
https://doi.org/10.1111/1467-8551.12002
https://doi.org/10.16192/j.cnki.1003-2053.2012.04.021
https://doi.org/10.1111/psj.12056
https://doi.org/10.1111/j.1467-6486.2008.00770.x
https://doi.org/10.1016/j.ibusrev.2011.11.007
https://doi.org/10.1016/j.jbusres.2015.08.033
https://doi.org/10.19616/j.cnki.bmj.2018.05.006
https://oversea.cnki.net/KCMS/detail/detail.aspx?dbcode=CJFD&dbname=CJFDLAST2019&filename=LKGP201902008&uniplatform=OVERSEA&v=AIiZTmmsOhxPqeelJP45pzYGchQq3g_H0xd0cly8PhmhoYaMJFCdtCimQhctDzxo
https://oversea.cnki.net/KCMS/detail/detail.aspx?dbcode=CJFD&dbname=CJFDLAST2019&filename=LKGP201902008&uniplatform=OVERSEA&v=AIiZTmmsOhxPqeelJP45pzYGchQq3g_H0xd0cly8PhmhoYaMJFCdtCimQhctDzxo
https://oversea.cnki.net/KCMS/detail/detail.aspx?dbcode=CJFD&dbname=CJFDLAST2019&filename=LKGP201902008&uniplatform=OVERSEA&v=AIiZTmmsOhxPqeelJP45pzYGchQq3g_H0xd0cly8PhmhoYaMJFCdtCimQhctDzxo
https://doi.org/10.1016/0304-405X(76)90026-X
https://doi.org/10.1002/kpm.120
https://doi.org/10.19985/j.cnki.cassjwe.2021.06.010
https://strathprints.strath.ac.uk/57202/


Systems 2024, 12, 41 34 of 34

81. Freeman, L.C. Centrality in social networks conceptual clarification. Soc. Netw. 1978, 1, 215–239. Available online: https:
//books.google.ca/books?hl=zh-CN&lr=&id=fy3m_EixWOsC&oi=fnd&pg=PA238&dq=Centrality+in+social+networks+
conceptual+clarification&ots=unD4LFNb0U&sig=v8NNVHYuN6-EH_YFva3SHP1Kyb0&redir_esc=y#v=onepage&q=
Centrality%20in%20social%20networks%20conceptual%20clarification&f=false (accessed on 23 January 2024). [CrossRef]

82. Haunschild, P.R.; Beckman, C.M. When do interlocks matter? Alternate sources of information and interlock influence. Adm. Sci.
Q. 1998, 43, 815–844. [CrossRef]

83. Freeman, L.C.; Borgatti, S.P.; White, D.R. Centrality in valued graphs: A measure of betweenness based on network flow. Soc.
Netw. 1991, 13, 141–154. [CrossRef]

84. Bekaert, G.; Harvey, C.R.; Lundblad, C. Does financial liberalization spur growth? J. Financ. Econ. 2005, 77, 3–55. [CrossRef]
85. Li, K.; Xia, B.; Chen, Y.; Ding, N.; Wang, J. Environmental uncertainty, financing constraints and corporate investment: Evidence

from China. Pac. Basin Financ. J. 2021, 70, 101665. [CrossRef]
86. Shen, H.; Yu, P.; Wu, L. State Ownership, Environmental Uncertainty, and Investment Efficiency. J. Econ. Res. 2012, 47, 113–126.

(In Chinese)
87. Wen, Z.; Ye, B. Mediation Analysis: Development of Methods and Models. Adv. Psychol. Sci. 2014, 22, 731–745. [CrossRef]
88. Cao, Q.; Ju, M.; Li, J.; Zhong, C. Managerial Myopia and Long-Term Investment: Evidence from China. Sustainability 2022, 15, 708.

[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://books.google.ca/books?hl=zh-CN&lr=&id=fy3m_EixWOsC&oi=fnd&pg=PA238&dq=Centrality+in+social+networks+conceptual+clarification&ots=unD4LFNb0U&sig=v8NNVHYuN6-EH_YFva3SHP1Kyb0&redir_esc=y#v=onepage&q=Centrality%20in%20social%20networks%20conceptual%20clarification&f=false
https://books.google.ca/books?hl=zh-CN&lr=&id=fy3m_EixWOsC&oi=fnd&pg=PA238&dq=Centrality+in+social+networks+conceptual+clarification&ots=unD4LFNb0U&sig=v8NNVHYuN6-EH_YFva3SHP1Kyb0&redir_esc=y#v=onepage&q=Centrality%20in%20social%20networks%20conceptual%20clarification&f=false
https://books.google.ca/books?hl=zh-CN&lr=&id=fy3m_EixWOsC&oi=fnd&pg=PA238&dq=Centrality+in+social+networks+conceptual+clarification&ots=unD4LFNb0U&sig=v8NNVHYuN6-EH_YFva3SHP1Kyb0&redir_esc=y#v=onepage&q=Centrality%20in%20social%20networks%20conceptual%20clarification&f=false
https://books.google.ca/books?hl=zh-CN&lr=&id=fy3m_EixWOsC&oi=fnd&pg=PA238&dq=Centrality+in+social+networks+conceptual+clarification&ots=unD4LFNb0U&sig=v8NNVHYuN6-EH_YFva3SHP1Kyb0&redir_esc=y#v=onepage&q=Centrality%20in%20social%20networks%20conceptual%20clarification&f=false
https://doi.org/10.1016/0378-8733(78)90021-7
https://doi.org/10.2307/2393617
https://doi.org/10.1016/0378-8733(91)90017-N
https://doi.org/10.1016/j.jfineco.2004.05.007
https://doi.org/10.1016/j.pacfin.2021.101665
https://doi.org/10.3724/SP.J.1042.2014.00731
https://doi.org/10.3390/su15010708

	Introduction 
	Literature Review 
	Shareholder Networks 
	Director Networks 

	Theoretical Analysis and Research Hypothesis 
	Research Methodology 
	Data 
	Research Method 
	Main Effect Model 
	Measures of Core Variables 


	Empirical Results and Analysis 
	Data Feature Analysis 
	Descriptive Statistics 
	Baseline Regression 
	Endogeneity Tests 
	Instrumental Variable Method 
	Higher-Order Joint Fixed Effects 

	Robustness Tests 
	Variable Replacement 
	Lagged Effects of Multilayer Networks Position Advantages 
	Add Macro Control Variables 
	External Policy Impact 


	Further Research 
	Mechanism Analysis 
	Heterogeneity Analysis 
	Property Rights Nature 
	Internal Information Transparency 
	External Information Supervision 
	Test of Company Size Threshold Effect 


	Conclusions 
	References

