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Abstract
Over the past few years, academics and practitioners have started paying more attention to analyze and understand value 
creation and business models from a business ecosystem perspective. Such business ecosystems have been constructed based 
on the connected networks of people, firms, industries, and countries. Developing strategies to help sustain the firms’ com-
petitive advantage in business ecosystems is a key challenge for businesses and policymakers worldwide. Recent disruptions 
to global supply chains due to the COVID-19 pandemic have exposed the high risk and challenges of managing sustainable 
global and intertwined supply chain networks. Using the data mined from financial records, the present study constructs the 
global supply chain network of the auto manufacturing sector. The data from 32,396 notable first-tier forward and backward 
supply chain connections were mined to build the global supply chain network in this sector. The global supply chain network 
structure was analyzed using centrality measures and clustering analysis. We utilized path analysis to explore the effect of 
various supply chain centrality measures on firms’ financial performance, investment risk, and market value volatility. The 
findings provide new insight into our understanding of the relationship between the firm’s location characteristics in the 
global supply chain ecosystem and various aspects of the asset’s performance. Furthermore, discussions are presented about 
strategies that support sustainable collaborative value creation and sustainable competitiveness of businesses across the 
global manufacturing ecosystems. The research method used in this study has the potential to be applied to several industries.

Keywords  Global supply chain network · Business ecosystem · Coopetition · Auto manufacturing · Value creation · Firm 
performance · Global network centrality

Introduction

During the past few decades, organizations have experienced 
significant transformation in their business models. In spe-
cific sectors, the competitiveness, which was traditionally 
measured with regards to the relationships among the busi-
nesses, has become primarily among their supply chain. In 
recent years, we have observed firms exhibited their com-
petitiveness among business ecosystems. The leading play-
ers in the ecosystems not only compete with each other but 
also are engaged in significant cooperation and collabora-
tion (Lavassani, 2017). It is not surprising to see companies 
collaborating and compete with each other at the same time 
in the same market. This cooperation among competitors 

to create a “win–win” outcome is known as “coopetition” 
(Basole et al., 2015). If the leading players in the business 
ecosystem cannot maintain the "win–win" outcome of the 
cooperation, the coopetitive environment will have less 
cooperation, and consequently, the ecosystem participants 
may face challenges with regard to value creation and main-
taining sustainable competitiveness. However, one of the 
main challenges facing researchers and practitioners has 
been determining competition and collaborators’ domain. 
Understanding "Who is competing with who?" and "Who is 
collaborating with whom?" has become more complicated 
in the connected supply chains that expand across industries 
and continents. The first goal of this study is to empirically 
identify the clusters of competing firms and the individual 
collaborating firms in the auto industry, as an industry with 
an expansive global supply chain. The second goal of this 
study is to explore how a firm’s position in the global sup-
ply chain can affect its financial performance, asset risk, and 
market value volatility.
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Basole et al. (2018) argue that "research in the sup-
ply chain area inherently involves the study of supply 
networks", and "real-world supply networks are charac-
terized by a complex network of interfirm relationships"; 
hence, it is critical to explore the role of supply chain 
network characteristics on the firms’ performance. While 
few scholars have identified the literature gap, differ-
ent approaches have been used to explore this domain. 
For example, De Mello-Sampayo (2017) highlighted the 
importance of such a study in her study at the country 
level. Her work involves the utilization of gravity models 
for import–export data at the country level. To the best 
of the authors of this study’s knowledge, no previous 
research has utilized neither the firm-level data nor the 
network analytics technique to study value chains using 
comprehensive global supply chain data. Recent studies 
have started paying more attention to the role of centrality 
measures in the operation of supply chains. This recent 
interest in centrality and firms’ position in supply chain 
network stems from the increasing application of network 
science to the study of the supply chain where each firm is 
viewed as a node while their forward and backward rela-
tionships are viewed as edges (Zhao et al., 2021). Seiler 
et al. (2020) have called for a need to incorporate network 
analytics tools in "performance measurement." Recently 
few works have started to explore the effect of firms’ posi-
tion in the supply chain network on firms’ performance. 
For example, Seiler et al. (2020) examined the relationship 
between firms’ performance and their location properties 
in "a small sample size" from Germany. Considering the 
noticeable globalization in many industries—in particular 
in the auto industry—"networks formed of supply chains 
are typically large and complicated," and hence there is 
a need to conduct such research using large-scale global 
data, which is the subject of this study (Seiler et al., 2020).

Furthermore, several other studies have highlighted the 
role of network view in other aspects of supply chain per-
formance. For example, Li (2021) recommends the applica-
tion of neural networks to improve supply chain flexibility. 
Another example is Dixit et al. (2020)’s work, where they 
explore the application of supply chain network analysis in 
studying the supply chain’s resiliency. Based on the study 
of 23 firms in India, Dixit et al. (2020) discuss how supply 
chain managers can influence firms’ centrality to influence 
firms’ connectivity and resilience. Since access to large-
scale data about the firms’ internal operations is not feasible 
at the global scale, we measure resiliency from a financial 
asset performance perspective. In the following section, the 
discussion about the origins of business ecosystem studies 
and our approach to network analysis in this domain is dis-
cussed. After exploring the application of network analysis 
in global supply chains, we discuss the research methodol-
ogy and data collection. Finally, after discussing the study 

results, recommendations for future studies and the limita-
tions of the current study are presented.

From Natural Biological Ecosystems to Business 
Ecosystems

Ludwig von Bertalanffy was one of the seminal contributors 
to the development of systems theory, specifically through 
his contributions during the 1950s (c.f. Bertalanffy, 1950). 
Bertalanffy’s contributions to the methodology of science 
were mostly from a physics and biology perspective. For 
example, in his paper published in 1950—while he was a 
professor at the University of Ottawa–Bertalanffy analyzed 
the open system view of equilibrium of living organisms 
compared to the close systems. His research before the 
1950s was mostly from a biology perspective, which led 
to the development of organism system theory. After the 
1950s, his research was mainly around the methodology 
development of science, which led to the development of 
the General System Theory (GST). The present work fol-
lows Ludwig von Bertalanffy’s (1968) holistic view of the 
GST. Thacker (2004), in his work on molecular biology and 
computer science, describes Bertalanffy’s holistic view of 
the organisms as "systematic interactions of the parts as a 
whole," which is defined "in opposition to reductionism." 
The present study’s goal is to go beyond the analysis of the 
elements of the business ecosystem and explore the glo-
balized business ecosystem as a holistic system based on 
the available data and computational limits.

When the term ecosystem is used in its plural form 
throughout this paper, it refers to the competing sub-eco-
systems (i.e., clusters of firms). From this perspective, com-
petition occurs among clusters within the holistic, connected 
business ecosystem rather than isolated and independent 
groups. These clusters of connected organizations create 
the global supply chain business ecosystem, which was first 
described by Moore (1993) in his influential work on the 
"ecology of competition."

Based on the anthropological study of the social sys-
tem and biological natural ecosystem, Moore (1993, 1996) 
argues that firms—as actors in the network—"coevolve their 
capabilities and roles" (Moore, 1996, as cited in Graca & 
Camarinha-Matos, 2017). Moore further describes how 
natural ecosystems collapse and are replaced by new eco-
systems; this is a systemic approach with applications in 
the study of business ecosystems (Moore, 1993). Moore 
(1993) argues that a business ecosystem is not limited to 
one industry but "crosses a variety of industries." However, 
this view of business ecosystems was at the theoretical level, 
and the researchers could (until now) only explore business 
ecosystems through limited case studies or small-scale work. 
This study will use advanced data mining and data analysis 
sources to construct and explore cross-industry and global 
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business ecosystem in auto manufacturing. We will address 
the "cross-industry" characteristic of the business ecosystem 
through a one-tier analysis of the supply chain. Our data 
mining and analysis can be extended in future studies to 
include multi-tiers of the supply chain. While the one-tier 
examination of the global supply chain will consist of tier-
one backward and tier-one forward supply chain actors from 
other industries, the higher-tier global supply chain network 
will further uncover the underlying patterns of the business 
ecosystem. The study of the supply chain beyond the one-tier 
is fruitful and feasible work that can be a subject of future 
studies.

Supply Chain and Firms’ Ecosystem Boundaries

Traditionally setting firms’ boundaries involved strate-
gic decisions about "which business activities should be 
brought within the boundary of the firm? and which busi-
ness activities should be outsourced?" (Barney, 1999). In 
today’s “international production networks,” the competition 
is not only focused on the “final goods” and services but also 
involves the entire intermediate supply chain of products 
and services (De Mello-Sampayo, 2017). The integration 
of the supply chain into local actors of the network of goods 
and services completes the “firms’ ecosystem” (Taglioni 
& Winkler, 2016). Therefore, the business strategists and 
policymakers need to recognize the boundary of their busi-
ness ecosystem as well as the boundary of their competi-
tors’ business ecosystem. We will provide further discus-
sion in the data analysis section about using a clustering 
algorithm to identify network communities and competition 
boundaries.

In the traditional view of the firm’s boundary setting, the 
focus has been on minimizing “transaction cost” and maxi-
mizing the “dynamic capability” (Gulbrandsen et al., 2017) 
to enhance the firms’ competitive position. McCormack 
et al. (2002) further argue that competitive advantage can 
be achieved not only through a vertically integrated supply 
chain (minimizing transaction cost), but also through the 
firm’s integration in the “networked community” that pro-
vides firms with dynamic capabilities; or what Reeves and 
Deimler (2011) refer to as “second-order” capabilities. The 
inter-organizational business processes are the “glue” that 
creates such a “networked community” (McCormack et al., 
2002). Petricevic and Verbeke (2019), based on the study of 
inter-organizational collaborations, argue that such network 
connections create synergies that enhanced firms’ competi-
tive advantage through elevating the firms’ dynamic capa-
bilities. Therefore, our first hypothesis in the study is that 
firms that are more strategically integrated into the industry 
supply chain will have a higher financial performance level 
due to transaction cost advantages. Our second hypothesis 
is that firms that are more strategically integrated into the 

industry supply chain will become more resilient due to their 
dynamic capabilities; we hypothesize that higher resilience 
would be reflected in the firms’ market value volatility and 
risk assessment of the financial assets—as measured by 
Beta.

Firms’ competitiveness stem from the multi-level inter-
action of firms’ business ecosystem at the country, indus-
try, and firm levels. Competitiveness can be studied both at 
the macro- and micro-levels (Momaya, 2019). The current 
study’s focus is to explore competitiveness in terms of asset 
performance at the firm-level, which is a micro-level view. 
Firms can achieve higher competitiveness levels by focus-
ing on their assets, processes, and performance (Momaya, 
2001). The firms’ position in the supply chain network can 
be viewed as one of the second-order assets. We do not 
explore the intra-organizational processes due to the lack 
of access to such data on a large scale; however, we explore 
inter-organizational relationships by analyzing network 
properties and community memberships.

In the following section, a discussion of network central-
ity is presented to discuss our analysis of the firm’s strategic 
location in the connected supply chain network. Network 
centrality is a mathematical measure of the importance 
of a node in a network. In our study, each node is a firm, 
and the directed edges represent the supply chain relation-
ships. There are various centrality measures; each centrality 
measure determines firms’ influence (or importance) in the 
network from a different perspective. Some measures (i.e., 
degree) are local measures while others are global meas-
ures (i.e., pagerank). While a local centrality measure only 
considers the immediate customers/suppliers relationships, 
a global centrality measure considers the whole supply chain 
network to measure a firm’s influence in the supply chain 
network.

Business Ecosystem and Transaction Cost

Ronald Coase, Chester Barnard, and Herbert Simon are 
among the early authors who describe the contributions 
of transaction cost theory in firms’ existence (Scott, 2003; 
Williamson, 2005). The early studies on supply chain man-
agement have been focused on intra-organizational opera-
tions (Pitelis & Wahl, 1998, as cited in Foss, 1999). Wil-
liamson (1975, 1981) further expanded the application of 
transaction cost theory to inter-organizational operations 
by highlighting transaction cost theory’s role in promoting 
vertical integration and trust across connected businesses. 
Further advancements in supply chain management pro-
moted the process-oriented view of supply chain operations 
that explore intra- and inter-organizational processes simul-
taneously (c.f. Lavassani & Movahedi, 2018). The present 
study focuses on the inter-organizational approach of the 
supply chain analysis, where supply chains are viewed as 
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interconnected networks of firms. The unit of analysis in 
this study is the firm and inter-organizational networks are 
examined. Studying the supply chain networks at the process 
level through an intra-organizational network of processes 
could be a fruitful subject for future studies.

The transaction cost theory explains the vertical connec-
tion and integration of various organizational supply chain 
elements from backward tiers to forward tiers, whether the 
supply chain is viewed as a connected network or an inte-
grated process. In their well-cited study, Grover and Mal-
hotra (2003) conclude that transaction cost theory applies 
to organizational supply chain management in four facets: 
effort, monitor, problem, and advantage. These four facets 
are briefly explained here: The attempt to “build and main-
tain the relationship” with suppliers; the cost of “monitor-
ing the performance of suppliers,”; resolving the problems 
that arise in the business relationships, and engagement of 
suppliers in “an opportunistic behavior.” It is important to 
note that transaction cost theory is primarily concerned with 
direct economic factors. However, it is noteworthy to remind 
managers and policymakers that the management of supply 
chains involves the management of personnel and human 
relations (c.f. Yeung et al., 2009) as well as the management 
of firm-level relationships.

Business Ecosystem and Dynamic Capabilities

The traditional approach to firms’ strategy was based on 
gaining market “position, scale, and first-order capabili-
ties” (Reeves & Deimler, 2011) executed based on “hier-
archical command and control” (Long & Vichers-Koch, 
1995). However, as Reeves and Deimler (2011) describe, 
an increasing proportion of leading firms are losing their 
market position due to the absence of “relative stability” 
and the business environment’s profitability. In such a busi-
ness environment, the firms’ competitiveness and survival 
depend on acquiring dynamic capabilities (or second-order 
capabilities). Dynamic capabilities describe the firms’ ability 
“to respond to [the changing] environments by reconfigur-
ing inert and insufficiently flexible ordinary capabilities.” 
(Schriber & Löwstedt, 2019). A combination of economic 
forces and social exchange opportunities in the business eco-
system promotes value co-creation (Kohtamäki & Rajala, 
2016). The literature provides supportive evidence that the 
dynamic capabilities create synergies for inter-connected 
firms at the network level and the firm level (Petricevic & 
Verbeke, 2019).

The concept of ecosystem boundary setting and its impor-
tance to firms’ competitiveness through transaction cost the-
ory and dynamic capabilities were discussed in this section. 
As will be discussed in the research methodology section, 
we will use clustering algorithms to identify the collabo-
rating firms in each competing and collaborating network 

across the industry. To explore various aspects of firms’ con-
nectedness, we use the concept of centrality. In the following 
section, the concept of network centrality is discussed in the 
context of firms’ supply chains.

Supply Chain and Centrality

In recent years, there has been increasing attention to the 
study of global supply chains using neural network tech-
niques (c.f. Moons et al., 2019; Li et al., 2020). Recent 
studies suggest that network characteristics and the firms’ 
position in the supply chain network are related to the firms’ 
resilience (Li et al., 2020) and performance (Moons et al., 
2019). With the support of recent advancements in the field, 
this study aims to empirically explore how various aspects of 
firms’ position in supply chain networks can affect the firms’ 
resilience and performance. We measure a firm’s resilience 
based on its volatility in the market and asset risk assess-
ment. For measuring the financial performance, we will use 
return on asset as a well-cited and widely applicable measure 
to all for-profit businesses. Furthermore, we will explore the 
firms’ position in the interconnected supply chain network 
using various centrality measures.

The concept of centrality has been widely used in network 
science to measure various aspects of an actor’s influence 
across the whole or a portion of a network. Each measure of 
centrality assesses the importance and influence of the node 
(firm) from a different perspective. In the following para-
graphs, these centrality measures are briefly introduced in 
the context of the supply chain. Degree centrality is arguably 
the most common measure of centrality. Degree centrality 
is a local measure that is based on the number of connec-
tions that a firm has (Nuss et al., 2016). In supply chain 
networks, the connections are directed, and hence we have 
the opportunity to differentiate backward (in-degree) and 
forward (out-degree) supply chain connections. Based on our 
observations of the data, most of the firms which are closer 
to the final product (a major part, or an assembled car) have 
a higher number of in-degree.

In contrast, the part suppliers that offer a variety of com-
ponents tend to have higher out-degree. This observation is 
aligned with the previous research (c.f. Nuss et al., 2016) 
that suggests a positive relationship between in-degree 
and product complexity, as well as a positive relationship 
between product variety and out-degree. Dyer and Singh 
(1998) and Chen and Paulraj (2004) further argue that in-
degree and out-degree influence a firm’s competitiveness 
and negotiation power. Therefore we hypothesis that firms 
with higher in-degree and out-degree will have better finan-
cial performance. Previous studies have not explored the 
role of supply chain degree centrality on asset volatility to 
the best of our knowledge. Therefore our analysis on the 
latter mentioned relationship will be an exploratory work. 
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However, we expect firms with a greater variety of products 
(high out-degree) to be less volatile.

The connected component measures the reachability of 
a firm in the network (Tang et al., 2010. Firms with higher 
reachability are expected to be more stable and experience 
lower levels of operational disruptions. Closeness central-
ity is calculated by taking the average of each firm’s short-
est path (Nuss et al., 2016). This means that closeness is 
a global centrality measure. In this research, we use har-
monic centrality to include firms in disconnected parts of 
the supply chain network. A firm with higher closeness has 
is located on longer supply chain paths. As a result, such 
firms are argued to have a higher risk and uncertainty expo-
sure (Nuss et al., 2016). Therefore, we hypothesis that firms 
with higher closeness centrality will experience higher asset 
volatility. Pagerank is another global measure of central-
ity calculated based on the number of in-degree (suppliers) 
that a firm has and the importance of those suppliers in the 
network (Langville & Meyer, 2011). Our observation shows 
that firms with higher pagerank are likely to be assemblers 
of the more complex and probably final products.

Consequently, we hypothesize that firms with higher pag-
erank centrality will be engaged in the production of more 
complex products, with higher value-added, resulting in 
higher profitability. Hub and authority are two interrelated 
global centrality measures (Benzi et al., 2013). In the supply 
chain context, hub centrality is the sum of authority central-
ity of customers (targets) of a firm. In contrast, authority is 
the sum of hub centrality of suppliers (sources) of a firm 
(Benzi et al., 2013). Interestingly as we will discuss in our 
exploratory analysis, hub centrality and out-degree were 
found to form one construct together while authority and 
in-degree were categorized together under another construct. 
Following our discussion on degree centrality, we hypothesis 
that firms with higher hub centrality will have higher profit-
ability as they are more likely to be manufacturers of final or 
more complex products. Also, we hypothesis that firms with 
higher authority centrality will be more stable and will be 
less volatile assets due to their greater variety of customers.

The number of triangular supply chain network structures 
connected to each firm is another local measure of central-
ity (Benzi & Klymko, 2015). The formation of triangular 
supply chain connections indicated a higher level of integra-
tion and emersion of a firm in its business ecosystem. We 
test the hypothesis that firms located within denser triangu-
lar supply chain structures will be more resilient (Li et al., 
2020). The bridging coefficient is a measure of bridging 
centrality in the networks. Firms with higher bridging coef-
ficients play a critical role in connecting the most influential 
firms (as measured by their degree). Influential firms will 
have a higher dependency on firms with a higher bridg-
ing coefficient. As a result, we hypothesis that firms with 
higher bridging coefficients will have higher profitability. 

Betweenness—similar to bridging coefficient—is a global 
centrality measure (Rajeh et al., 2021). However, unlike 
the bridging coefficient that focused on high degree firms, 
betweenness centrality is a nondiscriminatory measure that 
calculates the ratio of shortest paths throughout the supply 
chain that has to go through each firm (Hanaka et al., 2017). 
We hypothesize that a firm with higher betweenness will 
be more resilient and less volatile since more firms (large 
and small) have some level of dependency on a firm with a 
higher betweenness centrality.

Another centrality measure that we used in this study is 
cluster size centrality (CSC). We propose using CSC in sup-
ply chain network analysis as it provides a unique centrality 
measure based on a global community clustering algorithm 
(c.f. Leskovec et al., 2009). The only other community cen-
trality measure used in this study to provide community 
information is triangle centrality, which provides limited 
information as it is a local centrality measure. We are not 
aware of any previous study to use this centrality measure 
in empirical research on supply chain networks. We calcu-
lated cluster size based on the community clustering result 
produced using Blondel et al. (2008) community clustering 
algorithm. After identifying each firm’s cluster membership, 
we count the number of firms that are determined to be in the 
same cluster as each firm. The result is a global measure of 
community centrality. Firms with higher CSC are expected 
to be more involved and immersed in larger sub-ecosystem 
and may experience higher asset value stability and have low 
uncertainty. Our clustering algorithm identified 361 com-
munities or business ecosystems. Appendix 1: Table A1 
(All Appendices are in supplementary file) displays the five 
largest clusters in our sample. In each cluster, we have dis-
played the 20 most influential firms as measured by eigen-
vector centrality. Eigenvector centrality is the last centrality 
measure that was utilized in this work. The eigenvector is 
arguably one of the most commonly used global measures 
of centrality (Besri & Boulmakoul, 2017; Li et al., 2020). 
The eigenvector of a firm depends on the importance of 
other firms connected to the firm. We hypothesize that firms 
linked to more influential firms in the supply chain network 
will have better financial performance and lower volatility. 
In this study, we utilize various measures of network cen-
trality to identify different aspects of firms’ position in the 
supply chain. As one of the early studies in this domain, we 
will utilize exploratory analysis to determine the “underlying 
pattern of relationships” among the mentioned measures of 
centrality (Baglin, 2014).

Based on our search of the literature to the best of our 
knowledge, the early studies on global connections from a 
network’s view focused on exploring the role of social rela-
tions in establishing alliances (c.f. Gulati, 1995; Gulati & 
Garguilo, 1999). It is well established in the literature that 
“a firm’s high density of direct and indirect relationships” 
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in the connected network of firms is evidence of the firm’s 
“experience and expertise in navigating networks” as well 
as its access to tangible and intangible resources (Guillot & 
Lincoln, 2001). More recent studies have further advanced 
our understanding of the role of supply chain networks on 
marketing integration (Stolze et al., 2018), the resilience of 
the supply chain (Dixit et al., 2020), and firm performance 
(Li et al., 2020). However, to this date, no study has used 
large-scale network data to conduct such research globally 
using supply chain network large-scale data.

Data Collection Research Methodology

The data for this study are obtained from Innovation & 
Entrepreneurship Business Ecosystem Lab (IEBE Lab). 
IEBE Lab gathers business ecosystem and network data 
through the data mining of financial sources from public 
announcements of the firms and their formal financial fil-
ing (particularly the publically traded firms), including 10 K 
forms and 10Q forms. Naturally, this method will only col-
lect data about the leading suppliers and customers of the 
firms. One limitation of this method is that only the formally 
announced customers and suppliers will be included in the 
database; however, this is still the best available data of this 
kind. Another limitation in data collection is concerning the 
collection of financial and operational information. Since 
many private companies (unlike the publically traded firms) 
do not have an obligation to publish their financial and oper-
ational data, we have financial and market data primarily for 
the publically traded firms. Our data on the supply chain net-
work are more comprehensive in comparison to the financial 
and market data. The reason is twofold: first, while private 
firms are hesitant to announce their financial data, these 
firms may find benefit in announcing their leading suppliers 
and customer, and second, the supply chain network data 
of private firms that are having notable collaboration with 
publically traded companies around the world are announced 
in the publications of publicly traded firms. The fact that 
the auto industry has a large number of small firms (mostly 
private) and a small number of large firms (mostly publically 
traded) (IBISWorld, 2017) provides an excellent opportunity 
to extract supply chain data from the relatively few large 
publically traded firms. In the following section, the global 
supply chain network of the auto industry is discussed.

Auto Industry Business Ecosystem

This study provides a framework for investigating and ana-
lyzing the complex global manufacturing business ecosys-
tems. The present research primarily focuses on the auto 
industry as a manufacturing sector with an extensive inter-
national and domestic value chain in virtually every country. 
The auto industry includes a “large number of small players” 

and several large corporations around the world (IBISWorld, 
2017). For example, the tier-one OEM suppliers only carry 
about 5% of the “parts and accessories” revenue, and the 
top 75 suppliers contribute to less than 50% of the industry 
review. Small suppliers from around the world (IBISWorld, 
2017) generate over half of the revenue in this sector. Guo 
et al. (2016), in their study on the auto manufacturing supply 
chain, argue that such “complex [and] multi-commodity” 
should be studied from a “network structure” perspective 
(c.f. Chen et al., 2020). These factors make the auto industry 
an exciting sector to investigate, especially considering its 
global reach throughout its value chain. Our unique data 
mining source enables us to construct a single-tier value 
chain and multi-tier value chains. This study is focused on 
the first-tier supply chain, which includes first-tier customers 
and first-tier suppliers. Figure 1 displays a visualization of 
the network analysis based on the data obtained in Octo-
ber 2019. While this study’s focus is not on the centrality 
analysis within the supply chain network, it is noteworthy to 
mention the critical influence (measured in terms of network 
centrality) of Indian and Chinese steel and auto manufactur-
ing firms along with the legacy car manufacturers. The high 
levels of centralities displayed in Fig. 1 are aligned with 
past research in the area that reports the increasing role of 
Chinese and Indian firms in such industries (Deshmukh & 
Haleem, 2020) and the dominant position of few legacy auto 
manufacturers (IBISWorld, 2017).

While the study of various centrality measures and graph 
analysis could be the subject of future studies, here we 
briefly mention some of the network visualization implica-
tions displayed in Fig. 1. Bridging centrality is one of the 
tools for identifying influential firms that play an impor-
tant role in connecting other influential firms in the supply 
chain. In the case of the top network (Fig. 1), Tata Steel, 
as a raw material supplier to other major part manufactur-
ers, is among the most influential firms. Tata Steel provides 
essential raw materials, and it is part of a large conglomerate 
of firms that many of them contribute closely to the auto 
industry. At least 25 firms are identified in our database as 
members of the Tata conglomerate (Appendix 1, Table A2). 
We identified these firms by searching the keyword “Tata” 
in the name of the firms. There could be firms that are a 
member of the Tata group or closely associated with this 
conglomerate, but we could not identify them. The relatively 
high bridging centrality of Tata Steel could be the result of 
both its role are a supplier of critical raw material and Tata 
Steel’s expanded influence in the auto industry through the 
firm members of its conglomerate.

The middle visualization (Fig. 1) identifies the most 
influential firms based on their betweenness centrality lev-
els. Betweenness centrality measures the ratio of shortest 
paths that goes through each firm. Firms with the highest 
betweenness centrality act as bridges connecting many 
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firms or even connecting clusters of firms. In our study, 
most of these firms are major part suppliers and include 
some legacy auto manufacturers. The bottom visualization 
(Fig. 1) displays the most influential firms as measured by 
their eigenvector centrality. The eigenvector is calculated 
based on the influence of firms’ forward and backward 
connections. Firms with higher eigenvector centralities can 
have a notable impact across the whole network. Most of 
these firms are legacy auto manufacturers as well as some 
major part suppliers. As a result, there is less eigenvector 
centrality variance among the highly central firms. This 
result is in contrast with bridging and betweenness cen-
tralities, where one or a very few firms were shown to 
have notably higher centrality. It is important to note that 

the current analysis is based on a one-tier analysis of the 
supply chain. We expect the network structure to change 
to some extent as the data are collected from higher-tier 
supply chains.

The auto industry has significant complexity in terms of 
its global network of operations. The auto industry’s ecosys-
tem brings together up-stream and down-stream collaborat-
ing firms as well as the competitors, creating what we refer 
to as a coopetitive ecosystem. This coopetition promotes 
the rapid growth of global auto manufacturing ecosystems 
since the 1980s with the “growth in the popularity of alli-
ances between competitors” (Burgers et al., 1993). Operat-
ing in a coopetitive business ecosystem is recommended as 
a strategy of choice for achieving sustainable competitive 

Bridging Centrality*

Betweenness Centrality*

Eigenvector Centrality*

Fig. 1   One-tier Visualizations of Global Auto Supply Chain Network. 
* Colors distinguish clusters based on Blondel et al., (2008) commu-
nity clustering algorithm. Node size represents eigenvector centrality. 
Font size represents bridging centrality, betweenness centrality, and 

Eigenvector centrality, respectively (from top to bottom). Cluster-
ing analysis data  available at https://​github.​com/​busin​essec​osyst​em/​
AutoS​upply​Chain

https://github.com/businessecosystem/AutoSupplyChain
https://github.com/businessecosystem/AutoSupplyChain
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advantage in the auto industry (Calleja-Blanco & Grifell-
Tatje, 2016).

Many businesses have experienced moving from a 
rational and natural view of their business models to the 
open system perspective. In such an environment, there is 
a greater need to assess companies based on the industry 
ecosystem rather than merely “from the focal firm perspec-
tive” (Burgers et al., 1993; Ritala et al. 2014). This open 
system view of businesses will require the study of networks, 
subnetworks, and collaborations in the business ecosystem.

Exploring business ecosystems can be conducted from 
different perspectives, each providing valuable inputs, and 
insights. For example, Basole et  al. (2015) explore the 
telecommunications industry’s business ecosystem using 
information about mergers and acquisitions in the industry. 
Considering the auto industry’s characteristics, including 
the global spread of the industry, we use the movement of 
intermediary and final products and services to explore this 
ecosystem. While this study’s results may not be generalized 
to other manufacturing sectors, the study’s methodology and 
framework can be easily replicated in other industries.

Research Methodology

The research idea was developed based on the previous 
literature search on business ecosystems and the feasibil-
ity of access to supply chain data based on the mining of 
financial records. Notable resources were utilized to create 
supply chain network data. R software and Gephi software 
were used for data preparation, calculating various central-
ity measures, conduct clustering analysis, and produce visu-
alizations. After cleaning the data, the financial measures 

were collected from financial databases for evaluating mul-
tiple aspects of the firms’ performance. Exploratory Factor 
Analysis (EFA) was conducted using SPSS software. Cen-
trality measures and financial measures were analyzed using 
path analysis. Path analysis was performed using LISREL 
software. Modifications were made to the research model 
based on exploratory and path analysis results. Finally, fit-
ness analysis was conducted. Figure 2 presents the research 
methodology in the diagrammatic form.

The present study uses data mined from financial 
sources filed by major public corporations and formal 
news announcements published in reputable financial 
publications.

We conducted network analysis to measure various 
aspects of centrality for each firm as well as clustering. 
Furthermore, we explored the effect of centrality measures 
on firms’ financial performance using exploratory and path 
analysis approaches. Based on the previous work on firms’ 
performance and collaboration (c.f. Graca & Camarinha-
Matos, 2017), we hypothesis that firms with higher central-
ity in their global supply chain network will have a better 
performance due to their role in the network which enables 
collaborations as well as more robust asset risk management 
and lower market volatility. The conceptual research frame-
work is presented in Fig. 3.

In this conceptual framework, we initially assumed 
dependent variables’ independence as the nature of the 
work is exploratory. As will be discussed later in the analy-
sis section, risk and volatility were identified to represent 
separate constructs. Additionally, the analysis suggested 
the dependence of risk and volatility on the firms’ financial 
performance, supporting the past literature in the field. In 

Fig. 2   Research methodology 
steps
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the following section, data collection and data analysis are 
discussed.

Data Collection and Data Structure

Financial publications (including Securities and Exchange 
Commission (SEC) filings along with formal announce-
ments) are the primary source of data for this study. The 
data were collected from companies classified as “auto-
mobile and components,” under the “consumer discre-
tionary” category according to the Standard Industry 
Code (SIC) classification. Our initial database includes 
32,396 firms around the world categorized into 438 unique 
industry codes. The initial sample included all of the firms 
classified in this sector in financial databases, including 

Compustat and SNL Financial. The data were last updated 
in October 2019. Figure 4 displays the distribution of the 
industries across top industry sectors within the automo-
bile and components sector. The financial reports only 
include the “notable” suppliers. We define notable suppli-
ers as per the SEC segment reporting requirement. SEC 
requires publicly traded firms and select private firms to 
report customers and suppliers that contribute to publicly 
traded firms’ costs and revenue to a certain level. To pro-
duce the most comprehensive supply chain network, we 
extract the data separately about “forward” and “back-
ward” supply chains of each legal entity. Data extracted 
from the firms’ financial filings are developed based on the 
firms’ legal entities around the world. For example, in the 
case of Toyota, we have 69 legal Toyota entities worldwide 

Fig. 3   Conceptual framework of 
relationships

* The percentages represent the share of companies within each sub-sector.

Fig. 4   Industries within the automobile and components sector*
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(see Appendix 1, Table A3), and we develop the supply 
chain for each legal entity separately.

After collecting the list of companies from our target 
industry, the next step is to extract the data about their sup-
ply chain. The present study focuses on forward and back-
ward supply chains associated with primary activities and 
support activities. The following actors were identified to 
be involved in the backward and forward supply chain: sup-
pliers, customers, client service providers, licensees, licen-
sors, distributors, tenants, landlords, lessees, lessors, bor-
rowers, creditors, transfer agents, and vendors. Based on the 
available published data in financial publications, we could 
obtain the main backward and/or forward actors for 4,470 
firms. In total, the first-tier supply chain in our data includes 
13,662 directed edges with forward supply chain actors and 
17,213 directed edges with backward supply chain actors. 
We started our data collection with 32,396 unique firms. 
After removing the firms that we did not have information 
about their first-tier forward and backward supply chains, 
we ended up with 11,122 unique actors (firms) in the auto 
supply chain. The measures of centrality, as well as cluster-
ing analysis, were calculated using all 11,122 data. Since 
our research of firms’ performance and volatility is focused 
only on firms active in the automobile and components sec-
tor, the sample was further narrowed down to 3,316 firms 
in the automobile and components sector. It is important to 
note that while for tier-one supply chain analysis, we are 
narrowly focused on the auto industry, however, the supply 
chain network characteristics are calculated based on the 
sample of 11,122 supply chain connection to capture the 
structure of the global network of the firms’ tier-one supply 
chain that crosses the primary industry.

Data Analysis

We started with calculating centrality measures, particu-
larly degree (in-degree, out-degree), harmonic closeness, 
betweenness, bridging coefficient, authority, hub, triangle, 
pagerank, and eigenvector. We also calculated the cluster 
size to investigate its role in firms’ performance and risk. 
The financial performance and volatility data were also col-
lected from the financial databases. Some literature suggests 
the possibility of a time-lag between financial/volatility indi-
cators and organizational or supply chain structures. Sup-
ply chain networks of firms are developed over a relatively 
long period in the firms’ history and change gradually, while 
financial and volatility indicators may have a faster rate of 
change in some cases. To address this issue, the financial 
and volatility data are collected for three periods: the most 
recent fiscal year, 2 years prior, and 5 years prior. After pre-
paring the data, we conducted exploratory and path analyses 
to investigate the role of supply chain centrality on firms’ 
performance.

Exploratory Data Analysis: Centrality, Volatility, 
and Performance

EFA was conducted to explore the underlying patterns of 
various aspects of centrality. Several centrality measures 
were calculated to measure multiple characteristics of firms’ 
supply chain position in the auto industry. These measures 
include in-degree, out-degree, betweenness, hub, cluster 
size, closeness, harmonic closeness, bridging coefficient, 
bridging, authority, triangle, pagerank, and eigenvector cen-
trality. All of the above measures, except for cluster size, 
are commonly used to study network structures. We added 
cluster size as the literature suggests companies operating 
in larger ecosystems tend to have more stable operations 
that can affect their financial performance and market vola-
tility performance. We define the firm’s cluster size as the 
number of firms that are identified to be members of each 
firm’s cluster, as determined by the clustering algorithm (c.f. 
Leskovec et al., 2009).

SPSS software was used to conduct the exploratory analy-
sis. Several iterations of the model were tested to identify 
the best model that fits the measures of centrality. In this 
section, some significant steps of the analysis are described. 
As it is standard practice in EFA, the decision about design 
of the model was not merely based on the outcome of dimen-
sion reduction performed through SPSS; instead, we also 
considered each measure’s conceptual and theoretical sup-
port. In the first step, communality analysis was conducted, 
and any measure with the extraction of less than 0.3–0.5 
was removed. In the second step, we assessed the total vari-
ance explained tables of various models to see the model’s 
expected number of factors. The number of components with 
an eigenvalue of greater than 1, provides a guideline about 
the number of factors in the model. According to this analy-
sis, we expected to have a 5-factor model. In the third step, 
varimax rotated component matrix was produced to identify 
the factors. Factor loading of less than 0.4 was not reviewed. 
A five-factor model was identified after several rounds of 
data-reduction analysis in SPSS. The number of factors was 
found to be aligned with the result of the suggested fac-
tors recommended through a review of the total variance 
explained. Table 1 displays the rotated component matrix.

We also checked the correlation among measures of cen-
trality to ensure there is no strong correlation between any 
pair of factors (Appendix1, Table B5). The findings from 
the exploratory analysis are presented in the discussion of 
the findings.

KMO and Bartlett’s test was conducted to assess the sam-
ple size (Table 2). The identified KMO of 0.701 is consid-
ered acceptable as the desired threshold is usually above 
0.5. Bartlett’s test of sphericity is also significant according.

After determining the factors, we conducted tests of 
the reliability of the factors using Cronbach’s Alpha and 
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Composite Reliability (CR). “Cronbach’s alpha is the most 
common measure of internal consistency reliability” (Hair 
et al., 2011). The Cronbach’s Alpha test results also con-
firmed the appropriateness of the measurement model fit. A 
Cronbach’s Alpha and CR of above 0.7 are desired to sup-
port the model fitness (Tsai et al., 2021). We also assessed 
the convergence validity using Average Variance Extracted 
(AVE), as displayed in Table 3. AVE values above 0.5 are 
evidence of convergence validity (Tsai et al., 2021).

The correlation between financial and centrality measures 
is presented in the appendix section. Appendix 1, Table B1 
displays the correlation of all financial measures across the 
three timelines, 1, 2, and 5 years. Strong correlations above 
0.8 are present for some financial measures across the three 
timelines, which supports analyzing the data through three 
separate models. Correlations above 0.8 are generally of 
concern since it could imply that the variable pairs are too 
similar to measure different concepts. Tables B2, B3, and 

B4 (Appendix 1) represent the three correlation tables sepa-
rately which Table B5 (Appendix 1) displays the correlations 
among measures of centralities, where no correlations above 
0.65 are present. Since the measurement of centrality in this 
research is a novel approach to study supply chain networks, 
we also conducted VIF tests of multicollinearity using SPSS. 
Five VIF tests were conducted for factors of centrality, and 
they are presented in Table C1 of Appendix 1. Generally, 
VIF is desired to be less than 4, and a VIF “between 5 and 
10” might suggest “mild multicollinearity” (O’Brein, 1980 
as cited in Chang & Mastrangelo, 2011). All of the VIFs in 
our analysis were found to be less than 2, which further sup-
ports our measurement model’s strength. Further descriptive 
statistics are presented in Table C2 of Appendix 1.

According to the result of our explanatory analysis, a five-
factor model can best illustrate various aspects of the firms’ 
position in our sample of supply chain network. The first 
factor (C1) includes the most number of measures and it is 
consists of in-degree, betweenness, authority, pagerank, and 
eigenvector. The second factor (C2) consists of out-degree 
and hub, the third factor (C3) consists of triangles and clus-
ter size, and the fourth factor (C4) consists of closeness and 
strong component. Finally, the fifth factor (C5), is a single 
measure factor based on bridging centrality.

Beta, market price volatility, and return on assets were 
used to measure various aspects of financial performance, 
risk, and market volatility. Since there is no previous study 
on the most effective time lag of the relationship between 
centrality measures and financial/volatility measures, we 
decided to obtain financial, risk, and volatility measures in 
three periods for each measure, namely 1 year, 2 years, and 
5 years. This approach provided exciting findings that will be 
discussed in the following section through the path analyses 
for the three periods.

Path Analysis

Path analysis was used to measure the effect of various 
aspects of centrality on market volatility, risk, and firms’ 
performance. As mentioned previously, there is a time lag 
between organizational circumstances and the observed 
financial, operational, and market performance of firms. We 
expected this effect to differ in different timelines. For this 
reason, the path analysis was conducted three times, using 
the 1-year, 2-year, and 5-year models (Fig. 5). The model 
metrics are also presented in Table C3 of Appendix 1.

In conducting the analysis, two main modifications were 
made to enhance the model fit. The first modification was 
about adding error covariance between Beta and return on 
asset as suggested by LISREL to improve the model fitness. 
The second modification was to remove the fifth meas-
ure of centrality (C5) due to its negative effect on model 

Table 1   Rotated component matrix for measures of centrality

Closeness centrality data are reversed rank-order

Components

1 2 3 4 5

In-degree .971
Out-degree .826
Closeness centrality .855
Betweenness centrality .749
Bridgingcentrality .985
Authority .918
Hub .931
Triangles .817
Strong component .763
Pagerank .883
Cluster size .807
Eigenvector centrality .954

Table 2   KMO and Bartlett’s test

Kaiser–Meyer–Olkin measure of 
sampling adequacy

.701

Bartlett’s test of sphericity Approx. χ2 10,458.814
df 66
Sig .000

Table 3   Average variance extracted and composite reliability

Components 1 2 3 4 5

AVE .81 .77 .66 .67 .97
CR .95 .87 .79 .79 .97
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convergence and fitness. All path coefficients are significant 
at 0.05 level.

“EFA is appropriate when there is limited theoretical 
precedent for a model, as the number of dimensions and their 
association with observed variables are determined based 
on the data. In Confirmatory Factor Analyses (CFA), on 
the other hand, models are theory-driven, and the research 
must specify the hypothesized number of dimensions associ-
ated with each [construct].” (Ametti and Althoff, 2019, pp: 
34). For well-defined and highly researched measurement 
models, CFA would be recommended. To conduct factor 
analysis for a theory-driven model, each factor is preferred 
to have at least three measures associated with its formation 
(Hair et al., 2010). However, the recommended number of 
measures for each factor is not data-driven; rather, it is a 
recommendation for refinement of theory (Ab Hamid et al., 
2011; Taherdoost et al., 2014). Factor analysis is not a tool 
to determine the model; factor analysis is for “assisting in 
the process of construct identification", instead of "exclu-
sively relying on intuition and theory" (Fabrigar & Wegener, 
2012, pp: 21). As the present work is one of the early studies 
on the application of centrality in supply chain structures, 
and due to the lack of previous theory-driven models, EFA 
would be an appropriate analysis tool. Therefore, the use of 
single measure factors is justified, particularly when we con-
sider theoretical support for each of the centrality measures 
described before. Furthermore, the use of single measure 
factors has been well documented in psychometric analyt-
ics (c.f. Raghunathan et al., 1999; Taylan et al., 2020; Zhao 
et al., 2018).

As this work’s nature is explanatory, a decision was made 
to keep the fifth factor in the early stages of the analysis and 
only remove the factor if the model fitness is not acceptable. 
Based on the study results, the fifth factor was removed from 
the models to enhance the model fitness as the models would 
not converge or would display poor model fitness when 
the fifth factor was present. To evaluate the model fitness 

p-values, RMSEA, ratio of chi-square to the degrees of free-
dom, normed fit index, non-normed fit index, comparative 
fit index, and relative fit index were evaluated (Table A10, 
Appendix 1).

In reviewing the model fitness, we observe that the p-val-
ues are less than 0.05, which does not support the models’ 
goodness of fit. It is important to note that using p-value as a 
measure of fitness is reported to show problems when “sam-
ple size exceed[s] 200” (Hair et al., 1992 as cited in Boe, 
2015). Barrett (2007) argues that relying on chi-square due 
to its sensitivity to “increasing sample sizes can be highly 
problematic,” particularly in exploratory studies (see also 
Ashktorab et al., 2015). Due to the sensitivity of “chi-square 
statistic as a measure of overall fit to both sample size and 
distribution of observed variables” (Etezadi-Amoli & Far-
hoomand, 1996; c.f. Fornell, 1983; Bentler & Bonett, 1980), 
we instead use the ratio of χ2 to degrees of freedom (c.f. 
Etezadi-Amoli & Farhoomand, 1996) and RMSEA (c.f. 
Ensink et al., 2017). The chi-square to degrees of freedom 
ratio lower than three is qualified as perfect suitability (Kah-
raman & Ceylan, 2020), while ratios between three and five 
are considered acceptable fitness (Bollen, 1989, as cited 
in Park et al., 2011). The RMSEA of less than 0.05 is a 
“robust indicator” of the perfect suitability of the model, 
while values “less than 0.08” are considered good model fit-
ness (Browne & Cudeck, 1993 as cited in Park et al., 2011). 
In the following section, the result of the study is discussed.

Discussion of Findings

The analysis findings provide fruitful insight into our under-
standing of supply chain structure’s role –as measured by 
various aspects of centrality– in firms’ financial perfor-
mance, market volatility, and investment risk. The explora-
tory analysis findings suggest that a five-factor model can 
best describe various aspects of supply chain centrality. We 

* Beta: asset risk ROA: return on assets PrVol: price volatility 

Fig. 5   The role of the centrality in firm performance, risk and market volatility: 1, 2, and 5 years*
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did not observe evidence of very strong correlations among 
measures of centrality that further supports the utilization of 
the five-factor model. The path analysis recommended that 
a four-factor model be more suitable for studying the rela-
tionships among dependent and independent variables. After 
discussing the exploratory analysis findings, the discussion 
of the path analysis results is presented in this section.

One of the exciting findings of the exploratory analysis 
is that out-degree and in-degree are identified to present dif-
ferent centrality aspects. The first factor (C1) includes in-
degree, betweenness, authority, pagerank, and eigenvector. 
Many of these measures (particularly authority, pagerank, 
and eigenvector) emphasize the quality of connection points. 
Considering supply in-degree and authority in one factor has 
theoretical support from supply chain literature (c.f. Borgatti 
& Li, 2009). We define C1 as strategic buyer centrality 
(SBC). Companies with higher C1 are producing more com-
plex products, and they are closer to the auto industry’s final 
products (Nuss et al., 2016). The finding is aligned with the 
industry structure we discussed previously that this industry 
has a relatively small number of large players, mainly part 
assemblers. A strategic buyer with a higher level of bargain-
ing represents influence throughout the supply chain network 
based on its “power of alliance within the members of sup-
ply network” (Oliveira & Gimeno, 2014, p.151).

The second factor (C2) includes out-degree and hub. 
Out-degree outlines the number of customers and identi-
fies firms that offer a higher variety of products (Nuss et al., 
2016) while firms with a higher hub centrality “face serious 
competition in selling their goods, but have a good situation 
with respect to their suppliers” (Borgatti & Li, 2009). We 
define C2 as an active seller centrality (ASC). The third 
factor (C3) includes triangles and cluster size. This result 
is interesting due to the relationship between triangles and 
cluster size of firms. As we discussed earlier, triangles and 
cluster size are the only two community-related measures of 
centrality in this work. While triangles centrality is a local 
measure, cluster size is a global measure of centrality. C3’s 
conceptual interpretation’s alignment with the exploratory 
analysis result is further evidence for the sound research 
design and execution in the present work.

C3 measure represents the size of a firm’s immediate and 
close partners in its community. We define C3 as commu-
nity cluster centrality (CCC). A higher degree of com-
munity cluster may be interpreted as a high integration of a 
firm’s operations in a more influential community of firms, 
resulting in higher stability and lower uncertainty. CCC can 
be viewed as a measure of firm’s immergence in more influ-
ential ecosystems across the global supply chain.

The fourth factor (C4) includes closeness (reversed 
ranked) and strong component. To normalize the close-
ness data, we first rank-ordered the closeness measure. It is 
important to note that when conducting EFA, closeness and 

strong component were found to be under one factor; how-
ever, the factor loading for closeness centrality was negative. 
We reversed the rank order for a more straightforward pres-
entation and discussion of the results; this should be noted in 
any interpretation of the results. A lower level of closeness 
and a higher level of strong component will lower the firm’s 
exposure to risk and volatility. In the context of supply chain 
closeness and strong component, these measures can repre-
sent “information centrality” and network reach (Borgatti & 
Li, 2009). Firms that are close to several key market players 
have access to and are part of the network’s knowledge eco-
system. We define C4 as reach & information centrality 
(RIC). Finally, the fifth factor (C5) is a single measure con-
struct consisting of bridging centrality. We define bridging 
centrality as per its single component.

According to the result of path analysis, the role of cen-
trality measures in our sample can be most significantly 
observed with the 2-year model. In contrast, the least effect 
of centrality on financial performance was observed in the 
5-year model. This is an interesting finding as it provides 
the first evidence of the role of time in the relationship 
between centrality and financial performance. According 
to this result, the firms’ supply chain structure is more rel-
evant to the two-year model. The supply chain data are col-
lected mostly from publicly traded firms that are mandated 
to report their notable suppliers and customers over the 
past 3 years. The financial reporting mandate for publically 
traded firms can (at least partially) explain why the two-
year model shows the most effect on relationships. Another 
reason for the two-year model’s effectiveness could be the 
two-fold effect of the supply chain position timeline on 
firms’ performance: on one the hand, the supply chain data 
structure is changing at a pace that the 5-year model shows 
the least amount of compatibility with the firm’s current 
performance; On the other hand, due to the performance 
lag, the 1-year model performance cannot reflect the existing 
supply chain structure’s effect through the current perfor-
mance metrics.

A more detailed review of the results across the three 
timelines reveals that RIC is the only centrality measure that 
has a notable impact on firms’ performance across all three 
models. ASC is notable only in the 1-year and 2-year model, 
and its impact is negative on firms’ performance. Similarly, 
SBC’s effect on firms’ performance is negative, although 
the effect is lower and only notable in the 2-year model. 
We argue that firms that are highly oriented toward working 
with a large number of buyers or sellers will have a lower 
profit margin due to their location in the supply chain, where 
they are providing more standardize and/or less complex 
products and services with smaller profit margin. The SBC 
exhibits a smaller negative impact on firms’ performance in 
comparison to ASC. We further argue that a larger number 
of firms with higher ASC are engaged in low value-added 
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products/services in comparison to high SBC firms. More 
studies using categorical analysis are recommended to dif-
ferentiate high SBC firms from low SBC firms. Firms with 
higher CCC were also found to have better financial perfor-
mance due to their location in denser supply chain networks, 
as suggested in the literature (Li et al., 2020).

Future research could further explore this relationship 
with a larger time gap (e.g., 7-year gap) to investigate the 
point of time at which the supply chain structure changes 
to the extent that it cannot reflect any effect of firm perfor-
mance stemming from the centrality measures.

Another interesting finding is that firms with higher SBC 
and ASC levels have lower levels of return on assets; the 
strength of this relationship is low to moderate. This result 
is contrary to our hypothesis; while there exists a relation-
ship, this relationship is mostly negative across the three 
models. The reason could be explained through first-order 
capabilities versus second-order capabilities. Firms with 
high SBC and ASC are generally the legacy firms, with a 
highly vertically integrated supply chain which are expected 
to benefit based on transaction cost theory. However, such 
firms are less capable of adapting to the changing business 
environment and suffer from a lower level of dynamic capa-
bilities—or what Reeves and Deimler (2011) describe as 
second-order capabilities—which we discussed previously. 
The lack of second-order capabilities seems to outweigh the 
benefits that firms acquire from high first-order capabilities 
and/or their transaction cost advantages.

Firms with higher CCC levels and RIC seem to have 
moderately better financial performance in the two-year 
model. This result is in line with our hypothesis and the pre-
vious literature discussing that network connections create 
a network community that results in higher synergy among 
firms and achievement of more second-order capabilities 
(c.f. McCormack et al., 2002; Petricevic & Verbeke, 2019).

The findings also suggest that better financial perfor-
mance measured by return on assets results in higher Beta 
(measured in the rank order as lower risk) and lower price 
volatility in the market. This relationship exists across all 
three models. In the next sections, the paper’s synthesis and 
application of the research, along with limitations and direc-
tions for future studies, are discussed.

Synthesis and Contributions

This work is an early approach to our understanding of net-
work science application in the study of global supply chains 
and firms’ competitiveness. There has been significant pro-
gress in applying network science in social networking, 
physics, mathematics, and other research areas. However, 
relatively few studies have explored such research in the area 
of the organizational supply chain. The limited number of 

research in this area has been partially due to the limitations 
around access to supply chain network data. Although data 
availability in this field is still limited, we have used innova-
tive techniques to mine and prepare supply chain data from the 
financial data sources. While these data are of high quality for 
larger firms, data from private and smaller firms are limited.

This exploratory study provides a method to identify 
various aspects of the supply chain network for the auto-
manufacturing sector. Researchers and practitioners can uti-
lize the same techniques to uncover the underlying patterns 
of network structures specific to other industries. One of 
this work’s notable contributions is the exploratory reach 
conducted to produce the five-factor model of supply chain 
centrality measurement. Future research can apply the same 
measurement methodology to develop centrality measures in 
other industries and higher supply chain tiers.

Another significant contribution of this work is studying 
the effect of firms’ position in the supply chain on various 
aspects of the firms’ financial performance (as measured 
by return on asset), asset risk (as measured by Beta), and 
market volatility performance (as measured by firms market 
value). Researchers and practitioners can utilize other cen-
trality measures and performance metrics using the analyti-
cal methodologies presented in this paper. One of the nota-
ble findings of this reach was that the relationship between 
firms’ performance and their position in the supply chain 
network is most visible with a two-year model. Additionally, 
academics and practitioners can use the research approach 
used in this study to design short-term and long-term stra-
tegic goals, which are more effectively aligned with other 
firms’ performance targets and the strategic position of the 
firms in the globally connected supply chain network.

Limitations

The main limitation of this study is associated with the avail-
ability of the supply chain and financial data. While the infor-
mation about supply chain networks is more readily available 
for major actors in the global supply chain through financial 
reports released by publically traded firms, the availability of 
such data for smaller and privately owned firms is limited. Addi-
tionally, financial performance information is limited to publicly 
traded companies around the world. Hence, while the central-
ity measures are calculated for the total sample population, the 
analysis of the financial performance is limited mostly to the 
population of publicly traded companies. Another limitation of 
the study is the scope of research in measuring financial, risk, 
and volatility. As there are various measures of firms’ perfor-
mance, risk, and volatility, the researchers and practitioners need 
to select the appropriate financial measures for their analysis 
goal. As a benchmark study in the field, a decision was made 
to use popular performance measures; future studies can select 
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other more specific measures to assess various aspects of firms’ 
performance and competitiveness. We hope future studies can 
address these limitations.

Future Studies

This study presents a global supply chain study in one indus-
try at the firm level. Future studies can include the network 
of professionals working in firms around the world at the 
individual level. The present study explores the tier-one 
supply chain associated with primary activities and actors 
involved in support activities. Future studies are encouraged 
to explore multi-tier supply chain networks. The data for this 
study were collected in late 2019 before the global COVID-
19 pandemic. Since COVID-19 is expected to affect the 
global manufacturing patterns and competitiveness (Desh-
mukh & Haleem, 2020), future studies are encouraged to be 
conducted after the pandemic to assess any changes in the 
global manufacturing patterns. Fruitful research opportuni-
ties exist in investigating the supply chain resilience in other 
key industries such as the global supply chain of medical 
equipment and conducting analysis at the firm level, industry 
level, and country level.

Key Questions Reflecting Applicability 
in Real Life

In what contexts, a firm’s supply chain connections can 
enhance competitiveness processes?

How a firm’s position in the global supply chain affects 
its financial performance?

Can a firm’s centrality measure in the global supply chain 
influence its asset price volatility?

How centrality measures determine a firm’s strategic 
position in the global supply chain network?

Clustering Analysis Data

https://​github.​com/​busin​essec​osyst​em/​AutoS​upply​Chain
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