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Chapter 1 General Introduction 

“Companies that solely focus on competition will die. Those that focus on value creation will 

thrive.” – Edward de Bono 

Coopetition, the phenomenon in which firms are simultaneously involved in cooperation and 

competition, is intriguing in both theoretical and practical terms. Coopetition is increasingly 

important in high technology industries because of new emerging challenges, such as rapid 

product upgrading, recombination of diverse technologies, the need for heavy R&D 

investments, and high competition for resources. Collaboration between competitors has 

therefore become increasingly popular (Gnyawali et al., 2006; Gnyawali and Madhavan, 2001). 

For example, the S-LCD alliance between Samsung and Sony in 2006 was a successful 

example of coopetition in the electronics industry, involving a collaborative agreement for 

LCD panels and intense competition worldwide. Ford and Toyota, although competing with 

each other in the automobile industry, teamed up in 2013 to design new hybrid vehicles, while 

Toyota and its rival Peugeot-Citroën collaborated to develop commercial vehicles in Europe.  

The extant coopetition research has pointed to their value creation opportunities as well as 

their value appropriation risks (Gnyawali and Park, 2009). Value creation is defined as the 

total sum of value that is created in the coopetition activities, while value appropriation refers 

to the individual share of the value that a firm can capture because rational, profit-seeking 

1 Chapter 1 
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firms tend to appropriate the benefits from coopetition (Ritala and Hurmelinna-Laukkanen, 

2009). On the one hand, resources from coopetitors are particularly critical since competitors 

often have the most relevant and valuable resources, as they face similar environmental and 

competitive challenges (Gnyawali and Park, 2009). Coopetition allows for knowledge 

integration by pooling the complementary knowledge and resources of the firm and its 

competitor (Bouncken and Kraus, 2013). Many scholars have demonstrated coopetition 

between two competitive firms as a feasible strategy to foster the combination of 

complementary knowledge and thus stimulate the development of innovation (Dussauge et al., 

2000; Estrada et al., 2016; Gnyawali and Park, 2011). A firm's engagement in close interaction 

with coopetitors is a key source of innovation and sustained competitive advantage (Bouncken 

and Kraus, 2013; Park et al., 2014a).  

On the other hand, coopetition can be a risky strategy because it may stimulate the 

opportunistic behavior of partners, especially when the intensity of their direct competition is 

high (Ritala and Hurmelinna-Laukkanen, 2009). Coopetition can also be a conduit of direct 

knowledge spillover (Bouncken et al., 2015). Coopetitors may have both the motivation and the 

ability to absorb useful knowledge from each other, triggering extraordinary knowledge 

leakage risks, which in-turn impedes the process of innovation (Cassiman et al., 2009). Such 

opportunistic behaviors may also increase doubts among the partners, weakening the benefits 

of joint learning conferred by collaboration (Inkpen and Tsang, 2005). Coopetitors that 

recognize the potential opportunistic behaviors of partners tend to limit the scope of 

collaboration and reduce knowledge transfer. Past research has shown that coopetition indeed 

entails the risk of opportunistic action, particularly unintended knowledge spillovers, which can 

be disadvantageous (Bouncken and Kraus, 2013; Nieto and Santamaría, 2007). 

In line with the arguments of value creation and appropriation, the existing studies on 

coopetition performance have provided mixed results in terms of performance outcomes. Some 
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studies showed a positive relationship between coopetition strategy and firm performance 

(Belderbos et al., 2004), while other studies found a negative relationship (Mention, 2011; 

Nieto and Santamaría, 2007). Some of these variations could be attributed to the fact that 

coopetitors are treated as being coarse grained. For example, the majority of these studies were 

conducted based on counting the number of competitors among collaborators (i.e., coopetitors 

are conceptualized and operationalized as a homogeneous group), ignoring the technological 

and market aspects of coopetitors. Moreover, the extant research only focuses on the effects of 

direct coopetition while overlooking the impact of the indirect coopetition network. To extend 

the research further, we enhance our understanding of coopetition by illuminating the 

importance of the overlap with direct coopetitors, indirect coopetition network and coopetition 

governance. This dissertation consists of three projects (see Figures 1.1 and 1.2, where A is the 

focal firm in Figure 1.1). In chapter 2, we suggest that value creation and value appropriation 

are not only determined by the mere presence of coopetition but are also influenced by the 

actual nature of the coopetition in terms of technological and market overlap with direct 

coopetitors (e.g., firms B, C and D). In chapter 3, we advance the coopetition research by 

studying the impact of indirect coopetition networks (e.g., firms E-L) and internal networks on 

a focal firm’s knowledge recombinant capabilities. In sum, these two chapters mainly focus on 

the consequences of coopetition from the portfolio and network perspectives. In chapter 4, we 

join the coopetition network and governance literature and examine how the relative 

coopetition network positions between coopetitors impact on coopetition governance at the 

dyad level (e.g., firms A and C). This chapter focuses the antecedents of coopetition 

governance by using the network perspective. 
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1.1. Overview of Three Projects 

1.1.1. Project 1: Not Every Coopetitor Is the Same 

Chapter 2 of this dissertation discusses the first research project. In this project, we point to an 

important shortcoming in the coopetition literature, namely, that prior studies have considered a 

focal firm’s direct coopetitors as a homogeneous group of partners operating in the same 

industry. This project notes that within a particular industry, coopetitors can still substantially 

vary in terms of technology and market. Therefore, the goal of the first research project is to 

consider the heterogeneity of coopetitors in terms of technological and market overlap with the 

focal firm. In Chapter 2, we expect that technological and market overlap between a focal firm 

and its direct coopetitors to substantially influence its ability to maximize value creation 

opportunities and minimize value appropriation risks in coopetition and, thereby, its ability to 

generate breakthrough inventions.  

In Chapter 2, we argue that coopetitors in similar technological fields provide the focal firm 

with technological value creation opportunities with breakthrough inventions by allowing the 

synergistic recombination of the knowledge and resources of rivals in developing novel 

technologies. However, technological overlap also brings along technological value 

appropriation risks, such as opportunistic behavior and knowledge leakage, which can result in 

detrimental learning races and the loss of valuable technological knowledge (Gnyawali and 

Park, 2011; Zaheer et al., 2000). Meanwhile, market overlap with coopetitors is likely to 

intensify the value creation opportunities of technological overlap. Based on these perspectives, 

we propose an inverted U-shaped relationship between technological overlap with coopetitors 

and breakthrough inventions, which is moderated by the level of market overlap. This project 

contributes to the extant coopetition research, illuminating the importance of making a more 

fine-grained distinction between different kinds of coopetitors. The findings also provide 
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practical implications for composing a coopetition portfolio to maximize the invention output.  

1.1.2. Project 2: Toward a Network Perspective on Coopetition 

Chapter 3 of this dissertation describes the results of the second research project. Applying a 

network perspective, we argue that value creation and appropriation processes not only exist in 

interaction with direct coopetitors but are also manifested in n-order ties to other coopetitors. 

Emphasizing the direct ties between coopetitors (i.e., direct coopetition network), the extant 

coopetition research ignores the potential impact of a firm’s indirect connections with other 

competitors via its coopetitors (i.e., indirect coopetition network). According to the broader 

knowledge network theory (Ahuja, 2000; Phelps et al., 2012), it is important to distinguish 

between direct and indirect connections of focal actors in knowledge recombination activities 

(Singh et al., 2016). This project, therefore, places the spotlight on a different locus of value 

creation and appropriation mechanisms from the broader network in which coopetition 

relationships are embedded. Our core objective of this project is to explore the impact of 

indirect coopetition networks on knowledge recombinant capabilities – i.e., the ability of the 

focal firm to generate a novel recombination of knowledge. The increasing size of the indirect 

coopetition network (e.g., firms E-J in Figure 1.1) indicates the direct coopetitor’s (e.g., firms 

B-D’s in Figure 1.1) availability of alternative coopetitors, thereby strengthening the direct 

coopetitor’s bargaining power vis-à-vis the focal firm. In Chapter 3, we therefore aim to offer 

new insights by examining how increasing the size of the indirect coopetition network 

impacts the focal firm’s value appropriation ability and risk of knowledge spillovers to its 

direct coopetitors. 

Moreover, according to knowledge network theory, the knowledge recombination 

processes are also shaped by the internal network structure of focal firms. Scholars claim that 

the internal network structures may interact with external networks structures (Oh et al., 2006; 

Paruchuri, 2010). Based on this perspective, we therefore consider how the impact of the 
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indirect coopetition network is contingent on the structure of a focal firm’s internal 

collaboration network (CN) and internal technology network (TN). The internal CN 

small-worldliness represents a high level of social complexity (Newman et al., 2002; Strogatz, 

2001; Watts and Strogatz, 1998), which will hamper the coopetitors’ ability to fully benefit 

from their bargaining power in terms of appropriating knowledge from the focal firm. In 

contrast, the internal TN small-worldliness could exacerbate knowledge spillover risks by 

allowing the focal firm’s direct coopetitors to acquire knowledge from the focal firm more 

effectively. Therefore, we expect that the small-world Q of these two types of internal networks 

oppositely moderate the impact of indirect coopetition networks on knowledge recombinant 

capabilities.  

1.1.3. Project 3: How Does the Coopetition Network Affect Coopetition Governance? 

Chapter 4 discusses the third research project. In chapter 4, we advance the previous coopetition 

network research on the value appropriation defense of coopetition. The previous research has 

stressed how coopetition impacts financial performance and innovation outcomes. However, 

the remaining research gap is how to design the collaboration with competitors (i.e., 

coopetition). That is, the coopetition literature has largely neglected the coopetition design that 

dyad coopetitors choose and what factors impact this design. The recent strategic alliance 

literature has extensively studied how to govern alliances (Ozmel et al., 2017; Ryu et al., 2017). 

It is noted that the coopetition design is also important because it is generally perceived as the 

riskiest cooperation type since competitors have the greatest risks of capturing proprietary 

value (Ritala and Hurmelinna-Laukkanen, 2013).  

Following recent insights from the broader research stream on alliance governance, we 

explore the impact of the firms’ network position on the governance choice of specific 

coopetitive dyads. In this project, we propose that increased relative centrality and structural 

autonomy between coopetitors increase the possibility of using equity structures in coopetitive 
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relationships. We join the network and governance literature and argue that relative coopetition 

network positions between coopetitors may result in status and information asymmetries, 

thereby increasing opportunism concerns. As a consequence, coopetitors are more likely to 

employ defensive arrangements when designing coopetition. In particular, coopetitors can use 

equity governance to acquire more monitoring, control and incentive alignment.  

1.2. Empirical Settings 

For the three research projects, we analyzed coopetition activities in the global solar 

photovoltaic (PV) industry. Solar PV technology converts sunlight (photons) directly into 

electricity (voltage), which is one of the fastest growing alternative energy sources in the world 

(Branker et al., 2011). The PV effect was discovered by scientists at Bell Telephone in 1954. 

They found that silicon (an element found in sand) can create electric charges when it is 

exposed to sunlight. Solar PV technologies are traditionally classified into three generations. 

First-generation solar technology is mainly based on silicon wafers and typically demonstrates 

efficiency of approximately 15-20%. Second-generation solar technology is typically based on 

amorphous silicon, Copper Indium Gallium Diselenide (CIGS) and Cadmium telluride (CdTe). 

It avoids the use of silicon wafers and reduces the manufacturing costs of these types of solar 

cells compared to the first generation. Third-generation solar technology utilizes organic 

materials, such as small molecules or polymers. For example, polymer solar cells can be 

produced inexpensively in large-scale because they are fabricated with the famous industrial 

roll-to-roll (R2R) technologies that are similar to the printing of newspapers. 

As we can see from Figure 1.3, a single PV device is known as a cell. To enlarge the power 

output of PV cells, they are connected together by scientists to form larger units known as 

modules or panels. Panels can also be connected to form solar arrays. The functional and 

operational requirements will determine which major components a PV system will include. A 
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normal PV system may include major components, including solar arrays (for energy 

conversion), a DC-AC power inverter (for energy inversion), battery bank and controller (for 

energy storage), and a utility meter (for energy distribution), and sometimes the specified 

electrical loads (appliances). Firms in this industry develop, manufacture, market and install 

solar PV systems, which directly convert solar radiation into electricity. Currently, solar PV 

systems are applied to power space satellites and smaller items, such as watches and 

calculators. 

 

Figure 1.3. Graphic of a typical solar PV system 

Solar PV systems have several important advantages. First, they utilize the most abundant 

renewable energy resource on the earth, the sun. More than 173,000 terawatts (trillions of watts) 

of solar energy hits the Earth continuously every second. This is greater than 10,000 times the 

total energy consumption of the world. Second, solar PV systems generate electricity without 

pollution and can be easily installed on the roofs of residential and commercial buildings. Solar 

PV technology can offer a solution for supplying energy to remote residential communities and 

facilities (Branker et al., 2011). Finally, solar PV transitions electricity production from large, 

centralized facilities to smaller, decentralized generation sites, such as residential rooftops. This 
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enables people to produce and consume their own energy and turns former electricity 

consumers into so-called “prosumers”. Thus, the usage of solar PV as a source of alternative 

energy is promising, and the interest in this industry is growing worldwide (Kapoor and Furr, 

2015; Zahedi, 2006). The solar PV industry has been the largest growing energy industry in the 

renewable energy sector over the last twenty years.  

We choose this context for three reasons. First, during the 2000s and 2010s, solar PV 

industry experienced remarkable growth and changes in entrants and competition (Kapoor and 

Furr, 2015), which is expected to result in the growing use of coopetition (please see Figure 1.4). 

While most of our findings extend to coopetition in other industries, the PV industry is a proper 

setting for this study due to the significant rise in the use of coopetition strategies as key 

methods to implement the firms’ growth and innovation (Kapoor and Furr, 2015), allowing us 

to track PV firms’ coopetition activities. Second, the solar PV industry is a high technology and 

innovation intensive industry (Wu and Mathews, 2012). Figure 1.5 shows a dramatic increase 

in the number of granted patents, which suggests that the solar PV industry is experiencing a 

rapid growth in patenting activity. Because we utilize patent data for our analysis, it is 

important for us to select industries that routinely and actively patent their inventions (Phelps, 

2010). Third, this industry has become one of the most important pillars in the renewable 

energy sectors (Kapoor and Furr, 2015). For example, according to the International Energy 

Agency report in 2016, global solar PV capacity increased from approximately 5 gigawatts 

(GW) in 2005 to approximately 302.5 gigawatts (GW) in 2016.   
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Figure 1.4. The coopetition networks in the solar PV industry (each five-year period in 

1996-2015, from the data of this thesis) 
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Figure 1.5. The trend of the number of patents granted in the solar PV industry (based on 

PATSTATA database) 
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Chapter 2 Not Every Coopetitor Is the Same: The Impact of Technological and Market 

Overlap with Coopetitors on Breakthrough Invention1 

Abstract: Whereas extant research tends to conceptualize coopetitors in homogeneous terms, 

we explicitly consider the heterogeneity of coopetitors in terms of technological and market 

overlap with the focal firm. We expect that technological and market overlap between a focal 

firm and its coopetitors substantially influence its ability to maximize value creation 

opportunities and minimize value appropriation risks in coopetition, and thereby its ability to 

generate breakthrough inventions. To examine these theoretical arguments empirically, we 

construct a unique data set from 323 firms in the global solar photovoltaic industry during a 

20-year period between 1995 and 2015. Our results indicate an inverted U-shaped relationship 

between the focal firm’s technological overlap with coopetitors and its breakthrough inventions. 

In addition, we find that market overlap moderates this curvilinear relationship. Jointly, these 

findings enrich the coopetition literature, pointing to the relevance and importance of making 

more fine-grained distinctions between different types of coopetitors. The findings also provide 

practical implications for composing coopetition portfolio to maximize invention output. 

                                                 

1 Earlier versions of this manuscript have been presented at the Academy of Management Meeting (Atlanta, 2017), 

University of Groningen, Renmin University of China, and Tianjin University. This manuscript has been 

submitted for publication and under review. The submitted manuscript is co-authored by Dries Faems and John 

Dong. 

2 Chapter 2 
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2.1. Introduction 

Breakthrough invention is an important source of competitive advantage (Ahuja and Lampert, 

2001; Schumpeter, 2013; Srivastava and Gnyawali, 2011). Breakthrough inventions are 

“fundamental” and “game-changing” technologies with potential to introduce new 

technological trajectories or shift paradigms (Kuhn, 2012; Phene et al., 2006; Zheng and Yang, 

2015), which require a broad search of information and knowledge recombination (Ahuja and 

Lampert, 2001; Dong et al., 2017). Firms find it difficult to create breakthrough inventions 

internally and therefore rely on interorganizational collaboration to acquire external knowledge 

that can spur technological breakthroughs (Ahuja and Lampert, 2001; Srivastava and Gnyawali, 

2011). 

Among all kinds of interorganizational collaboration, collaboration with firms from the 

same industry (i.e., coopetition) is increasingly recognized as an important option for 

developing breakthrough inventions (Bouncken and Kraus, 2013; Dong et al., 2017; Ritala and 

Hurmelinna-Laukkanen, 2013; Ritala and Sainio, 2014). Coopetition becomes more critical for 

technological breakthroughs because of many emerging challenges, such as recombination of 

knowledge, need for large R&D investments, and reduction of product life cycles (Garud, 1994; 

Gnyawali et al., 2006; Gnyawali and Madhavan, 2001). Because competitors face similar 

situations and possess complementary knowledge, collaboration with competitors enables a 

focal firm to better address these breakthrough invention challenges (Chen, 1996; Gnyawali 

and Park, 2011; Ritala and Sainio, 2014). Therefore, coopetition provides firms with value 

creation opportunities in terms of breakthrough inventions (Bengtsson and Kock, 2014; Rai, 

2013). 

However, coopetition also brings along value appropriation risks, such as opportunistic 

behavior and knowledge leakage, which can result in detrimental learning races and loss of 
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valuable technological knowledge (Gnyawali and Park, 2011; Zaheer et al., 2000). Because of 

the high value of breakthrough inventions, unintended knowledge spillovers may occur and 

lead to great loss in value appropriation due to fiercer competitive tensions between a focal firm 

and its competitors. Therefore, in pursuit of breakthrough inventions, coopetitors not only 

collaborate with each other for creating more value but also compete for appropriating the value 

that is created (Gnyawali and Park, 2011). 

Whereas extant coopetition research has provided valuable insights into the impact of 

coopetition on firms’ technological capabilities, we point to an important gap in the coopetition 

literature. Prior studies have conceptualized and operationalized a focal firm’s coopetitors as a 

homogeneous group of partners operating in the same industry. We, however, argue that, within 

a particular industry, coopetitors can still substantially vary in terms of their technological and 

market overlap with the focal firm. For instance, the company Odersun had high technological 

overlap in thin film solar cells with its coopetitor Advanced Technology & Materials (AT&M). 

However, these two partners had low market overlap as Odersun focused on electronic 

components and services (SIC code: 3670, 4911, 8711), whereas AT&M focused on welding 

and soldering equipment (SIC code: 3548). Relying on extant value creation and value 

appropriation research, we expect that the extent to which a focal firm has overlapping 

technological and market activities with its coopetitors substantially influences its ability to 

generate technological benefits from coopetition. First, we expect an inverted U-shaped 

relationship between the level of technological overlap and a focal firm’s breakthrough 

inventions. Second, we hypothesize that the level of market overlap moderates this inverted 

U-shaped relationship. 

To test our hypotheses, we constructed a panel data set from 323 firms in the global solar 

photovoltaic (PV) industry between 1995 and 2015. Merging data from multiple archival 

sources (i.e., LexisNexis, SDC, Orbis, Compustat and PATSTAT databases), we identified the 
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portfolio of coopetitors for each firm and operationalized for each coopetition partnership the 

level of technological and market overlap. Taking the quantity and quality of breakthrough 

inventions into account, we rely on the focal firms’ citation weighted number of highly cited 

patents to measure their breakthrough inventions in a particular year. Our analyses provide 

support for an inverted U-shaped relationship between technological overlap with coopetitors 

and breakthrough inventions, which is moderated by the level of market overlap. Our study 

advances coopetition research, illuminating the importance of making a more fine-grained 

distinction between different kinds of coopetitors. In particular, our findings suggest that value 

creation and value appropriation are not only determined by the mere presence of coopetition, 

but are also influenced by the actual nature of the coopetition in terms of technological and 

market overlap. From a practical perspective, our findings provide specific recommendations 

on how firms can compose their portfolio of coopetitors in order to maximize value creation 

benefits and minimize value appropriation concerns. 

This paper is organized as follows. First, we begin by reviewing extant value creation and 

value appropriation perspectives, identifying the need for a more heterogeneous 

conceptualization of a focal firm’s coopetition portfolio. Next, we put forward hypotheses on 

how a firm’s technological overlap with coopetitors influences its breakthrough inventions and 

how market overlap moderates this relationship. Next, we introduce our methods and report our 

results. Finally, we discuss the theoretical and practical implications of our study, point to the 

main limitations of our research, and identify interesting avenues for future research. 

2.2. Value Creation and Value Appropriation in Coopetition 

In this section, we discuss the value creation and value appropriation perspectives on 

coopetition. In addition, we introduce our key constructs — i.e., technological and market 

overlap with coopetitors. These perspectives and constructs provide us the conceptual 
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foundation and building blocks for our hypotheses development. 

2.2.1. Value Creation and Value Appropriation Perspectives 

In strategic management research, scholars (e.g., Lavie, 2007; Le Roy and Czakon, 2016; 

MacDonald and Ryall, 2004) have recognized the distinction between value creation and 

appropriation. On the one hand, organizations engage into positive-sum games that create value 

for all stakeholders (MacDonald and Ryall, 2004). On the other hand, organizations have 

individual incentives that could lead to value appropriation behavior (Ritala, 2012; Jacobides et 

al., 2006). As a result, organizations have to simultaneously balance value creation and value 

appropriation strategies. 

Coopetition simultaneously incorporates value creation and appropriation issues because it 

has two distinct dimensions: 1) cooperation as joint action and 2) competition as individual 

action (Ritala and Hurmelinna-Laukkanen, 2013). Coopetitors may jointly create technological 

value, and compete for the appropriation of the value created. While value creation and 

appropriation are considered as distinct processes, they both affect coopetitors’ technological 

activity. Value creation determines the magnitude of breakthrough inventions, whereas value 

appropriation influences the amount of value that each coopetitor can capture (Mizik and 

Jacobson, 2003). Therefore, in order to achieve breakthrough inventions, coopetitors need to 

generate substantial value and appropriate a significant share from it. Below, we describe the 

core value creation and value appropriation challenges that extant research has connected to 

coopetition. 

Value creation in coopetition settings. The knowledge-based view of the firm suggests 

that knowledge is the primary resource for value creation (Felin and Hesterly, 2007; Grant, 

1996). According to this view, a firm is a knowledge-creating entity; its knowledge assets and 

the capabilities to create and utilize knowledge are the most important source of sustainable 

competitive advantage. In the creation of new knowledge, recombination is a key knowledge 
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production process (Fleming, 2001). In particular, recombination is related to the alteration of a 

firm’s knowledge base (Eisenhardt and Martin, 2000; Grant, 1996). The higher the ability of the 

firm to recombine knowledge, the higher the likelihood of generating breakthrough inventions 

(Carnabuci and Operti, 2013; Fleming, 2001). Collaboration with external partners such as 

competitors has been recognized as a potential stimulus of knowledge recombination (Gruber et 

al., 2013). Coopetition allows for knowledge integration by pooling the complementary 

knowledge and resources of the firm and its competitor (Bouncken and Kraus, 2013). In this 

way, coopetition can serve as an important stimulus for knowledge recombination (Gnyawali 

and Park, 2009). 

Value appropriation in coopetition settings. Coopetition, however, may also bring along 

knowledge leakage risks to a firm. Coopetition can be a risky strategy since it may stimulate 

opportunistic behavior of partners, especially when the intensity of their direct competition is 

high (Ritala and Hurmelinna-Laukkanen, 2009). When partners pool knowledge and resources 

together to create breakthrough inventions, a shared knowledge pool emerges from which both 

partners can benefit even when their contribution to the generation of this knowledge was 

relatively low. As a result, a firm could lose its proprietary knowledge to its coopetitors (Lavie, 

2006). Such opportunistic behaviors may also increase skeptics and doubts among the partners, 

weakening the benefits of joint learning conferred by technological collaboration (Inkpen and 

Tsang, 2005). Coopetitors that recognize potential opportunistic behaviors of partners tend to 

limit the scope of collaboration and reduce knowledge transfer, which are critical for the 

creation of breakthrough inventions. Past research has shown that coopetition indeed entails the 

risk of opportunistic action, particularly unintended knowledge spillovers, which can be 

disadvantageous (Bouncken and Kraus, 2013; Nieto and Santamaría, 2007). 

2.2.2. Coopetitors as a Heterogeneous Group 

While the important role of coopetition in helping firms to develop their abilities to effectively 
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pursue innovation has been recognized in the coopetition literature (Gnyawali and Park, 2009), 

prior research often conceptualized coopetitors as a rather homogenous group. We, however, 

expect that the level of coopetition may vary considerably on different dimensions, and these 

variations can affect the impact of coopetition on breakthrough invention. In this paper, we 

point to two particular dimensions: technological overlap and market overlap. 

We define technological/market overlap with coopetitors as the extent to which a focal 

firm’s technological fields/market domains are the same as that of its coopetitors. 

Technological overlap indicates technological similarities and complementarities between 

actors (Sears and Hoetker, 2014), affecting their mutual knowledge absorption, search and 

recombination opportunities in technological development (Argyres and Silverman, 2004; 

McEvily and Chakravarthy, 2002). Therefore, we consider the direct effect of technological 

overlap on a focal firm’s ability to generate breakthrough inventions. 

Market overlap indicates the degree of involvement in common market environments 

(Luca and Atuahene-Gima, 2007). On the one hand, market overlap is associated with market 

interdependence between two coopetitors (Chen, 1996; Gimeno and Chen, 1998). Such mutual 

dependence could strongly influence a firm’s learning and response behavior in dealing with a 

coopetitor with technological overlap. On the other hand, market overlap may affect a firm’s 

technological awareness of coopetitors, since firms tend to monitor the actions of their market 

competitors (Chen and MacMillan, 1992; Gimeno, 2004; Gimeno and Chen, 1998). Market 

overlap could exert a stronger effect in technology identification under the same condition of 

technological overlap (Zhou and Li, 2012). Therefore, we argue that the relationship between 

technological overlap and breakthrough inventions is moderated by the market overlap with 

coopetitors. In the next section, we develop particular hypotheses regarding the impact of a 

focal firm’s technological and market overlap with coopetitors on their ability to generate 

breakthrough inventions. 
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2.3. Hypotheses 

2.3.1. The Impact of Technological Overlap on Breakthrough Invention 

Looking from a value creation perspective, we propose that technological overlap between a 

focal firm and its coopetitors benefits the ability of the focal firm to engage in knowledge 

recombination, thereby increasing the likelihood of generating breakthrough inventions. One 

important condition for knowledge recombination is that firms should have absorptive capacity 

to efficiently understand, interpret and absorb coopetitors’ knowledge. The premise of 

absorptive capacity is that the focal firm should have related knowledge base to identify the 

value of and assimilate new external knowledge (Cohen and Levinthal, 1990). In line with this 

argument, previous research showed that firms with greater technological overlap with partners 

have greater absorptive capacity (Lane and Lubatkin, 1998). Therefore, technological overlap 

with coopetitors, implying the existence of similar knowledge bases between a focal firm and 

its coopetitors, provides substantial opportunities for the focal firm to recombine diverse 

knowledge from coopetitors. In sum, technological overlap can help the focal firm to increase 

its capacity to absorb knowledge from coopetitors (Ritala and Hurmelinna-Laukkanen, 2013), 

thereby facilitating knowledge recombination and developing technological breakthroughs 

(Sammarra and Biggiero 2008). 

However, as the technological overlap of a focal firm with coopetitors increases, the 

marginal benefits of increasing technological overlap for value creation opportunities are likely 

to decrease. Breakthrough inventions require recombining different knowledge components 

(Dong et al., 2017; Kaplan and Vakili, 2015; Schilling and Green, 2011). Whereas increasing 

technological overlap reflects an increased ability to absorb knowledge, there is the challenge 

that, when overlap is extensively high, such partners are unlikely to provide access to 

knowledge components that provide fresh and different insights, which is important for 
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breakthrough invention. Compared to a transition from low to medium levels of technological 

overlap, a transition from medium to high levels of technological overlap therefore implies a 

smaller number of additional knowledge recombination opportunities. Therefore, the 

knowledge recombination benefits are greater when technological overlap is moving from a 

low to a medium level than that of technological overlap is moving from a medium to a high 

level. A focal firm’s technological overlap with coopetitors provides diminishing opportunities 

for value creation. 

Whereas the value creation perspective points to a positive impact of technological overlap 

with decreasing marginal returns on breakthrough invention, the value appropriation 

perspective highlights to the potential risks of increased knowledge overlap in terms of 

generating technological breakthroughs. In particular, technological overlap with coopetitors 

may result in knowledge leakage risks, thereby hindering the ability of the focal firm to 

generate breakthrough inventions (Park and Russo, 1996; Ritala and Hurmelinna-Laukkanen, 

2009). The perceived high knowledge leakage risks also could become an obstacle to 

collaboration with competitors, leading to a high tendency of restricted knowledge sharing, 

which is harmful for realizing breakthrough inventions. 

In sum, as technological overlap between the focal firm and its coopetitors increases, it will 

1) experience larger opportunities to recombine knowledge with marginal diminishing returns 

and 2) experience higher risks of unintended knowledge transfer. As Haans et al. (2016) clearly 

describe, taking these two mechanisms together results into an inverted U-shaped relationship 

between technological overlap and breakthrough inventions (see Figure 2.1). We therefore 

hypothesize. 

H1: Technological overlap with coopetitors has an inverted U-shaped relationship with 

breakthrough inventions. 
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Figure 2.1. Additive Mechanisms of the Inverted U-Shaped Relationship between 

Technological Overlap and Breakthrough Inventions 

2.3.2. The Moderating Effect of Market Overlap 

We further argue that the inverted U-shaped relationship between technological overlap and 

breakthrough inventions is moderated by a focal firm’s market overlap with its coopetitors. 

Market overlap refers to the extent to which the focal firm and its coopetitors overlap in their 

market domains. We expect that market overlap with coopetitors can influence the knowledge 

recombination opportunities and knowledge leakage risks that are associated with 

technological overlap. 

We propose that market overlap is likely to intensify the value creation opportunities of 

technological overlap. When the market overlap with coopetitors increases, firms’ ability to 

absorb knowledge from these competitors is amplified given the level of technological overlap 

with coopetitors. When a focal firm and its coopetitors have high market overlap, the focal firm 

will have a better understanding of the commercial context in which the technological activity 

of the focal firm is embedded (Sammarra and Biggiero, 2008). Such clear commercial 

understanding can help the focal firm to better see which knowledge components of the 

coopetitors really have breakthrough potential. In other words, given a particular level of 

technological overlap, market overlap can improve the focal firm’s ability absorb the most 

pertinent technological knowledge from coopetitors, increasing knowledge recombination 

opportunities and the associated breakthrough inventions. 
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Due to the curvilinearity of value creation associated with technological overlap (i.e., 

diminishing opportunities with increasing technological overlap), the strengthening of market 

overlap will amplify the curvilinearity of the inverted U-shaped relationship, leading to a 

steepening shape (see Figure 2.2) (Haans et al., 2016). Thus, we have the following hypothesis. 

H2: Market overlap with coopetitors moderates the inverted U-shaped relationship 

between technological overlap and breakthrough inventions, such that the inverted U-shape is 

steepening when market overlap is higher than lower. 
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Figure 2.2. Market Overlap Steepens the Inverted U-Shaped Relationship between 

Technological Overlap and Breakthrough Inventions 

Haans et al. (2016) suggested that the moderation of a curvilinear relationship is not only 

represented by a flattening or steepening of the curve, but also manifested by the upward or 

downward movement of the turning point. A byproduct of the aforementioned amplifying value 

creation by market overlap is an upward movement of the turning point of the inverted 

U-shaped relationship between technological overlap and breakthrough inventions, because 

value creation opportunities are increased (see Figure 2.2). 

However, market overlap may also amplify the value appropriation risks associated with 

technological overlap. First, value appropriation risks become more problematic when 

coopetitors are competing with each other for the same market (Hamel, 1991, Oxley and 

Sampson, 2004). In such a setting, the coopetitors are more likely to constrain intended 

knowledge sharing (Wu, 2012). Second, overlap in market domains increases the risk of 
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opportunism in joint technological activity. With a high level of market overlap, the risk of 

learning races among coopetitors increases (Park and Russo, 1996). Given a certain level of 

technological overlap, the value appropriation risks therefore become larger as market overlap 

increases. In contrast, when market overlap is limited, value appropriation risks of 

technological spillovers might be less pronounced. Because market overlap is likely to amplify 

value appropriation risks, it leads to a downward movement of the turning point of the inverted 

U-shaped relationship between technological overlap and breakthrough inventions. 

Taking together the influence of market overlap on the value creation opportunities and 

value appropriation risks of technological overlap, the movement of the turning point might be 

1) upward if the moderation of value creation dominates, 2) downward if the moderation of 

value appropriation dominates, or 3) unchanged if the two moderating effects cancel each other 

out. Therefore, we do not upfront develop a hypothesis on the actual movement of the turning 

point due to the moderation of market overlap. 

2.4. Methodology 

2.4.1. Data 

We test our hypotheses in the context of the global solar photovoltaic (PV) industry. In this 

industry, firms mainly develop, manufacture, supply and install solar PV modules, which 

convert sunlight into useable electricity at the atomic level. A typical PV module employs solar 

panels that consist of a number of solar cells. We choose the solar PV industry as our empirical 

setting for two reasons. First, this industry has become one of the most important pillars in 

renewable energy sectors (Kapoor and Furr, 2015). Second, the solar PV industry is very 

technology intensive (Wu and Mathews, 2012). Firms in this industry have high propensity to 

patent, allowing us to use patent data to measure breakthrough inventions. 

We gathered data from five archival sources. We obtained the alliance data from Securities 
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Data Company (SDC) Platinum database as well as LexisNexis database. One of SDC Platinum 

database’s main advantages is its extensive alliance information. SDC Platinum database offers 

participant and parent names, SIC codes, the description text and applied text of each alliance. 

However, it also has many limitations, such as missing information about alliances, occasional 

errors, and lack of specific industry classifications (e.g. the solar PV industry) (Anand and 

Khanna, 2000; Schilling, 2009). We overcame these limitations by complementing SDC 

Platinum database by news searches using LexisNexis database. LexisNexis database provides 

the historical full-text documents of news from more than 17,000 businesses, legal and news 

sources in the world. We took the following steps in LexisNexis. First, we collected PV related 

items2 from the scientific literature and experts (Cho et al., 2015; Leydesdorff et al., 2015). 

Second, we applied a power search, considering all regions of the world, and including all news 

from English sources for three alliance-related subject indexes3 (i.e., Alliances & Partnerships, 

Divestitures, Technology Transfer). With these criteria, we obtained 57,689 pieces of news in 

the solar PV industry between 1995 and 2015. Subsequently, we manually read and coded all 

the news, resulting in data for 1,115 solar PV alliances in 1995-2015. We reviewed every piece 

of news and supplemented omitted information (e.g., firms’ nationality and company name) 

using secondary sources (e.g., Orbis news, Google news). Fourth, we utilized the same PV 

related items to search in SDC Platinum database and obtained 514 solar PV alliances in 

1995-2015, suggesting that LexisNexis database is a necessary complement. Finally, using the 

Bureau van Dijk’s (BVD) Orbis database, we cleaned our dataset by unifying similar company 

                                                 
2 “Photovoltaic” or “PV array” or “PV system” or “PV cell” or “PV module” or “solar array” or “solar cell” or 

“solar panel” or “solar module” or “solar PV” or “backside electrode” or “conversion efficiency” or 

((“hydrogenated amorphous” or “nanocrystalline” or “microcrystalline amorphous”) and “silicon”) or (“low 

resistance metal” and “contact”) or (photovoltaic and module) or (bandgap and (engineering or conversion)) or 

“photovoltaic module” or “roll-to-roll process” or “tandem structure” or “transparent conducting oxid”. 
3 To make sure that the subject index can cover alliances news accurately, we did the following work. For one 

thing, we consulted the senior experts in LexisNexis Company. According to their explanations, the indexing is 

fully automated and based on thesauri, word matrixes and text mining. The subject index can calculate relevancy 

score with alliances for all news, indicating that it has technological reliability. For another thing, we did a test 

by searching two companies “Astropower” and “Suryachakra” with and without alliance-related subject indexes. 

After coding, we found the same seven alliances under two situations, which mean the subject index is reliable. 
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names. For example, “Sharp”, “Sharp Inc”, “Sharp Corp” and “Sharp Corporation” were 

unified to be “Sharp Corporation”. We matched each firm with a unique BVD ID in Orbis 

database. These procedures resulted in 1,210 unique solar PV alliances. 

We also relied on Orbis database to collect data on competition. According to firms’ main 

businesses, Orbis database divides all firms into 20 major sectors (e.g., machinery, agriculture, 

banks, chemicals, electricity, etc.). In this study, we considered two allying firms as coopetitors 

if they belong to the same major sector. For example, EMCORE Corporation and AMP Inc 

allied in the year 1998. Because both of them belong to the machinery sector in the solar PV 

industry, we considered them to be coopetitors in the year 1998. We then identified the 

coopetitors in our sample, which includes 323 solar PV firms. Most of these firms are offering 

machinery (60.99%), electricity (8.66%) and chemical (4.02%) products. In our analyses, we 

consider the total portfolio of operational alliances with coopetitors. As some alliances have no 

precise termination dates, we assumed that an alliance with a coopetitor is operational for five 

years (Gulati and Gargiulo, 1999; Kogut, 1988; Stuart, 2000). In our sample, 39.85% of firms 

have more than one alliance and nearly 20% of firms have at least two coopetitors.  

We obtained patent data from the European Patent Office’s (EPO) PATSTAT database for 

three reasons. First, PATSTAT database contains all patent information from more than 40 

patent authorities worldwide, with information about filing date, the name and address of 

inventors and applicant, the technological classes, forward and backward citations (Wagner et 

al., 2014). Second, each patent application is assigned to one or more International Patent 

Classifications (IPC) corresponding to the invention. IPCs are based on the information 

included in the description text of inventions as well as drawings, examples and claims. 

Different from IPC, the U.S. Patent Office Classification (USPOC) classifies patents based on 

the claims (i.e., the scope of protection) stated within application documents (Gruber et al., 

2013). Thus, PATSTAT provides the assigned technological classes determined objectively by 
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the officers, and not by the inventors themselves. For a study interested in the technological 

overlap with coopetitors, the IPC thus provides a more suitable classification system for 

technologies than others. Third, PATSTAT database is available for linking to Orbis database. 

Each applicant was recognized and assigned a unique BVD ID code in Orbis database. Thus, 

using BVD ID codes to match patent data can reduce the bias resulting from different forms of 

company names different databases. We used the application date to assign each patent to a 

focal firm because this date can closely indicate the timing of technology creation. Relying on 

BVD ID codes, we found 36,459 patents filed by our sampled firms in PATSTAT database. 

Considering that a patent may be applied for in different countries, we calculated its citations by 

summing up the citations of all patents belonging to the same patent family. 

Financial data were collected from the Standard and Poor’s Compustat database and Orbis 

database. Compustat database is one of most widely used databases for financial data. 

Compared with Orbis database, Compustat database provides longer historical data. However, 

Orbis database covers both private and public companies around the world. Since over 99% of 

the companies in Orbis database are private, it is a good complement to Compustat database, 

allowing us to include more companies in our final sample. In the end, we obtained 2,582 

firm-year level observations. 

2.4.2. Measures 

Breakthrough inventions: Following prior research on breakthrough inventions (Srivastava and 

Gnyawali, 2011; Zheng and Yang, 2015), we used citation-weighted number of patents that 

were above the 97th percentile in terms of forward citations in each year to measure 

breakthrough inventions. Citation-weighted number is used because forward citations above 

the 97th percentile in each year show a large standard deviation (i.e., SD = 89.13, Mean = 8.58), 

indicating a high level of dispersion of citations. To calculate this measure, we first used the 

same PV related keywords to collect all relevant patents (more than 420,000), and ranked all the 
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forward citations for all patents in each year. We then calculated the 97th percentile for forward 

citations in each year. Finally, breakthrough inventions were calculated by each firm’s number 

of patents weighted by their citations that fell above the 97th percentile of forward citations in 

each application year. Some research identified the 99th percentile of forward citations to 

operationalize breakthrough inventions (Ahuja and Lampert, 2001). Therefore, in a robustness 

check, we also calculated alternative measures based on 99th and 98th percentiles of forward 

citations. In the analyses, we lagged our independent and control variables for one year. In 

terms of robustness checks, we also lagged our independent and control variables for two and 

three years and found consistent results. 

Technological overlap: We measured technological overlap by calculating the degree to 

which a focal firm’s IPC codes are the same with its coopetitors’ IPC codes in their patent 

portfolio’s (Guan and Yan, 2016; Jaffe, 1986; Song et al., 2003). To compute this variable, we 

collected all sampled firms’ patents from PATSTAT database. We then produced each firm’s 

patent portfolio vector and computed the angle cosine between firms (Guan and Yan, 2016; 

Guellec and de la Potterie, 2001; Jaffe, 1986). Technological overlap of coopetitors i and j can 

be calculated as follows: 

'

' '
1

1
log

( )( )

n
i j

i

j
i i j j

f f
Techno ical overlap

n f f f f

  , 

where if  and jf  are multidimensional vectors indicating the distribution of patents filed by 

the focal firm i and by its coopetitor j across the six-digit IPC codes during five years based on 

the application date. When firms i and j have identical technological classes, the fraction in the 

formula equals 1, when their class vectors are orthogonal, the value is 0. Finally, we averaged 

the focal firm’s technological overlap with all its coopetitors if the focal firm had more than one 

coopetitor in a particular period. 
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Market overlap: We measured market overlap by the degree to which a focal firm’s SIC 

codes overlap with its coopetitors’ SIC codes (Oxley and Sampson, 2004). SIC codes are 

widely used to measure firms’ market distribution and similarity (Cui, 2013; Wernerfelt and 

Montgomery, 1988). We obtained all SIC codes of each sampled firm from Orbis database. 

Using the angle cosine method (Guan and Yan, 2016; Jaffe, 1986), we calculated market 

overlap of coopetitors i and j as follows: 
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where is  and js  are multidimensional vectors showing the industry distribution of the focal 

firm i and by its coopetitor j in four-digit SIC codes. The other symbols have the same meanings 

with the above. For example, when is = (0,1,0,1,1,0) and js = (1,1,0,1,1,0), then the fraction in 

the equation is 3 2 . Finally, we averaged the focal firm’s market overlap with all its 

coopetitors if it had more than one coopetitor in a particular period. 

Control variables: We controlled for a number of factors that may impact breakthrough 

invention. First, we control for the number of coopetitors in the portfolio of the focal firm. 

Considering a potential non-linear relationship (Park et al., 2014a), we included both 

coopetitors and coopetitors squared to allow for the curvilinear impact of the number of 

coopetitors on our dependent variable. We also included the number of non-coopetitors and its 

squared term to control for the influence of alliance partners who are not coopetitors. A firm’s 

technological activity is correlated with the resources it allocates to R&D. We therefore 

included R&D expenditure and the number of employees. Both were measured as the average 

number of R&D expenditure and employees (in thousands) over a five-year period. We also 

controlled for the knowledge stock of the focal firm as the total number of applied patents in a 
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five-year period based on the application date4. Furthermore, whether the coopetitors are 

co-located in the same countries or regions may influence their competitive tensions. We 

collected all coopetitors’ branch location information from Orbis database and calculated the 

geographic overlap between the focal firm and its coopetitors as the degree to which their 

branches are co-located in the same countries or regions. We averaged the focal firm’s 

geographic overlap with all its coopetitors if it had more than one coopetitor in a particular 

period. All control variables were logarithmically transformed to mitigate heteroscedasticity 

and the influence of outliers (Söderblom et al., 2015). We also included year dummies to 

control for time fixed effects. Table 2.1 shows descriptive statistics of our variables. 

Table 2.1. Descriptive Statistics and Correlations 

 
 

Mean SD (1) (2) (3) (4) (5) (6) (7) (8) 

(1) Breakthrough inventions 8.583 89.128 
       

 

(2) Technological overlap 0.008 0.035 0.077*** 
      

 

(3) Market overlap 0.157 0.256 -0.028 0.066*** 
     

 

(4) R&D investment 617.517 4.289 0.168*** 0.088** -0.049 
    

 

(5) Employees 37.763 3.311 0.244 0.073* -0.061* 0.642*** 
   

 

(6) Coopetitors 1.252 0.701 0.025 0.032+ -0.002 0.078* 0.107*** 
  

 

(7) Non-coopetitors 0.793 1.883 0.074*** 0.016 -0.011 -0.007 0.005 0.449*** 
 

 

(8) Knowledge stock 35.169 146.917 0.536*** 0.095*** -0.033 0.393*** 0.318*** 0.190*** 0.201***  

(9) Geographical locations 0.701 0.443 0.048* 0.082*** 0.079*** 0.348*** 0.320*** 0.042* -0.023 0.144*** 

Note: + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001. 

 

2.4.3. Analytical Strategy 

Our dependent variable has a count scale and includes only non-negative integers with a 

skewed distribution. Because of the over dispersion of our dependent variable (mean = 8.583, 

SD = 89.128), we used negative binomial regression. The following model was used for firm i 

in time t to examine the curvilinear effect of technological overlap on breakthrough inventions 

and the moderating effect of market overlap. 

                                                 
4 We also calculated technological diversity of the focal firm using a Herfindahl index based on IPC codes of its 

patent portfolio, but did not include it because it is highly correlated with knowledge stock (r = 0.884, p < 0.001). 

We conducted a robustness check by replacing knowledge stock with technological diversity in our regression 

models, which generated consistent results. 
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We conducted a Hausman test and found that fixed effects and random effects models 

generated significantly different results (p < 0.01). Thus, we chose a firm fixed effects model, 

which helps to control for time-invariant, unobserved firm characteristics. Our data did not 

have heteroskedasticity issues (p > 0.1). We also found no evidence of the presence of serial 

autocorrelation in the error terms. The biggest variance inflation factors (VIF) is 1.56 and the 

condition number of our complete model is 12.80 well below the threshold of 30 (Zheng and 

Yang, 2015), which indicates that multicollinearity is not a concern. 

2.5. Results 

2.5.1. Testing the Curvilinear Effect 

Table 2.2 reports the regression results. Model (1) shows the baseline model including all 

control variables. Models (2) and (3) include the effects of technological overlap and 

technological overlap squared. Model (4) includes market overlap. Models (5) and (6) include 

the two interaction terms between technological overlap and market overlap, and between 

technological overlap squared and market overlap. Following prior research, we conducted 

each likelihood-ratio test for incremental improvement in fit relative to the baseline model. The 

likelihood-ratio statistics at the bottom of Table 2.2 indicate that Models (2) to (6) provide 

significant improvement in fit relative to model (1). 

Table 2.2. Fixed Effects Negative Binomial Regression Results 

 
Model (1) Model (2) Model (3) Model (4) Model (5) Model (6) 

R&D investment 
0.391** 0.393** 0.433*** 0.466*** 0.470*** 0.520*** 

(0.131) (0.132) (0.135) (0.140) (0.140) (0.140) 

Employees 
-0.129+ -0.129+ -0.139+ -0.165* -0.174* -0.158* 

(0.078) (0.078) (0.079) (0.082) (0.082) (0.077) 

Coopetitors 
7.264* 7.227* 7.063* 5.490 4.614 5.484 

(3.428) (3.428) (3.380) (3.479) (3.517) (3.541) 
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Coopetitors2 
-3.903* -3.881* -3.866* -3.184+ -2.849+ -3.257* 

(1.625) (1.626) (1.606) (1.642) (1.651) (1.671) 

Knowledge stock 
0.383*** 0.378*** 0.363** 0.354** 0.377*** 0.404*** 

(0.116) (0.117) (0.118) (0.114) (0.115) (0.113) 

Non-coopetitors 
-1.448* -1.441* -1.471* -1.180+ -1.051+ -0.900 

(0.590) (0.591) (0.590) (0.619) (0.624) (0.622) 

Non-coopetitors2 
0.861** 0.858** 0.863** 0.674+ 0.607+ 0.449 

(0.322) (0.323) (0.324) (0.348) (0.353) (0.361) 

Geographical locations 
0.073 0.051 -0.014 -0.239 0.187 -0.067 

(0.424) (0.428) (0.427) (0.452) (0.455) (0.457) 

Technological overlap 
 0.033 0.686* 0.837* 1.049** 1.255*** 

 
(0.090) (0.306) (0.332) (0.369) (0.325) 

Technological overlap2 
  -1.491* -1.858* -2.490** -2.670*** 

  
(0.717) (0.789) (0.937) (0.747) 

Market overlap 
 

  
0.499+ 0.388 0.088 

   
(0.301) (0.320) (0.344) 

Technological overlap  

Market overlap 

    0.233 2.073*** 

    
(0.158) (0.575) 

Technological overlap2  

Market overlap 

    
 

-4.275*** 

     
(1.248) 

Year dummies Yes Yes Yes Yes Yes Yes 

Constant 
-9.356*** -9.341*** -9.522*** -8.504*** -8.191*** -9.559*** 

(1.978) (1.978) (1.984) (2.053) (2.063) (2.151) 

Wald Chi-square 30.55*** 30.59*** 35.17*** 36.86*** 39.27*** 51.76*** 

Log likelihood -373.371 -373.305 -370.695 -369.361 -368.237 -363.027 

Likelihood-ratio test 
 

0.132 5.352* 8.020** 10.268** 20.688*** 
Note: n of firms is 323; n of observations is 2583. + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001. Standard errors are in parentheses. 

 

Models (2) and (3) show that the coefficient for technological overlap is statistically 

significant and positive whereas the coefficient for technological overlap squared is statistically 

significant and negative. The turning point of the curvilinear relationship is situated at the value 

of 0.23 for technological overlap, which is within the feasible range of technological overlap 

(from 0 to 0.5). Taken together, these results support the hypothesized inverted U-shaped 

relationship between technological overlap and breakthrough inventions.  

2.5.2. Testing the Moderating Effect 

In Table 2.2, Models (4) to (6) include market overlap, and its interaction term with both 

technological overlap and technological overlap squared. When we include only the interaction 

term between technological overlap and market overlap in Model (5), it is not significant. 

However, in Model (6), the interaction terms of technological overlap and market overlap and 
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technological overlap squared were statistically significant. Because the coefficient of the 

interaction term between technological overlap squared and market overlap is negative, the 

inverted U-shaped relationship is steepening with increasing market overlap (Haans et al., 

2016). We followed Haans et al. (2016) to calculate the slopes at highest and lowest levels of 

technological overlap and again found the inverted U-shaped relationship is steepening, which 

implies a confirmation of H2. 

To further understand the nature of the moderating effect, we plot the moderating effect in 

Figure 2.3. It shows that the inverted U-shaped relationship steepens as market overlap 

increases. Specifically, the inverted U-shaped relationship is steepest for the highest market 

overlap (i.e., mean + 2SD) and flattest for the lowest market overlap (i.e., mean – 2SD). The 

result indicates the value creation and appropriation mechanisms of technological overlap are 

amplified by market overlap. The figure shows the turning point of the inverted U-shaped 

relationship between technological overlap and breakthrough inventions moves upward when 

market overlap is higher than lower, illustrating that the moderating effect of market overlap on 

value creation dominates leading to an upward movement of the turning point. 



41 

 

 

Figure 2.3. The Relationships between Technological Overlap and Breakthrough 

Inventions at Varying Levels of Market Overlap 

2.5.3. Robustness Checks 

We conducted several robustness checks. First, we used random effects negative binomial 

regression to check sensitivity of our results to the model specification (see Table 2.3). Second, 

to test the sensitivity of our measure for breakthrough inventions, we also calculated 

breakthrough inventions in two- and three-year windows. Also, we created alternative 

measures using different percentiles (99th, 98th, 97th, and 95th) (see Models (1) to (5) in Table 

2.4). To avoid the influence of outliers in breakthrough inventions, we re-ran all models using 

its winsorized values at 99th and 95th percentiles and obtained similar results. Further, we 

measured Cook’s Distance to inspect the influence of outliers and found that all values were 

much less than 1, suggesting that outliers are a not a concern (Ryu et al., 2017). Third, Tobit 

models account for the censoring and can be used to handle the issue of having a highly skewed 
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dependent variable with many zeros (Greene, 2003). Given the skewed distribution of 

breakthrough inventions, we ran our models using Tobit regression and found that our results 

still hold (see Table 2.4). In our core analyses, we used citation-based measure of breakthrough 

inventions. To check sensitivity of our results, we also applied a technological class measure for 

breakthrough inventions (see Table 2.4). According to previous research (Wang et al., 2014; 

Belderbos et al., 2010), a patent is considered as a breakthrough when it is situated in a 

technology domain (IPC 6 digit classes) that is new to the solar PV industry in the past five 

years. Using the number of breakthrough patents, we computed the technological class measure 

for breakthrough inventions. The results are consistent with our core findings. 

Table 2.3. Random Effects Negative Binomial Regression Results 

 
Model (1) Model (2) Model (3) Model (4) Model (5) Model (6) 

R&D investment 
0.330*** 0.331*** 0.378*** 0.377*** 0.384*** 0.411*** 

(0.074) (0.074) (0.074) (0.076) (0.077) (0.081) 

Employees 
-0.165*** -0.165*** -0.182*** -0.182*** -0.184*** -0.175*** 

(0.047) (0.047) (0.047) (0.048) (0.048) (0.048) 

Coopetitors 
9.759** 9.768** 9.567** 9.569** 8.801** 9.628** 

(3.209) (3.208) (3.205) (3.207) (3.223) (3.258) 

Coopetitors2 
-4.835*** -4.834*** -4.853*** -4.855*** -4.566** -4.958*** 

(1.514) (1.514) (1.517) (1.518) (1.521) (1.540) 

Knowledge stock 
0.696*** 0.692*** 0.684*** 0.684*** 0.683*** 0.665*** 

(0.080) (0.081) (0.084) (0.084) (0.085) (0.085) 

Non-coopetitors 
-0.776 -0.767 -0.786 -0.787 -0.615 -0.518 

(0.520) (0.521) (0.517) (0.519) (0.532) (0.530) 

Non-coopetitors2 
0.499+ 0.495+ 0.496+ 0.497+ 0.434 0.388 

(0.272) (0.272) (0.270) (0.273) (0.278) (0.275) 

Geographical locations 
0.070 0.061 -0.027 -0.027 -0.081 -0.138 

(0.366) (0.368) (0.366) (0.366) (0.370) (0.373) 

Technological overlap 
 0.020 0.949*** 0.947*** 1.052*** 1.159*** 

 
(0.081) (0.282) (0.285) (0.308) (0.297) 

Technological overlap2 
  -1.998** -1.995** -2.309** -2.457*** 

  
(0.646) (0.654) (0.750) (0.675) 

Market overlap 
 

  
-0.004 -0.095 -0.257 

   
(0.170) (0.193) (0.221) 

Technological overlap  

Market overlap 

    0.210 1.083* 

    
(0.135) (0.434) 

Technological overlap2  

Market overlap 

     -2.124* 

     
(0.999) 

Year dummies Yes Yes Yes Yes Yes Yes 

Constant -11.64*** -11.65*** -11.86*** -11.86*** -11.52*** -12.22*** 
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(1.679) (1.679) (1.681) (1.682) (1.677) (1.730) 

Wald Chi-square 141.75 141.79 148.54 148.59 148.28 149.15 

Log likelihood -552.76 -552.73 -546.93 -546.92 -545.66 -543.44 

Likelihood-ratio test 
 

0.06 11.66** 11.68** 14.20** 18.64** 
   Note: n of firms is 323; n of observations is 2583. + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001. Standard errors are in parentheses. 

 

Table 2.4. Sensitivity Analysis 

 2-Year 

Lag 

3-Year 

Lag 

99th 

Percentile 

98th 

Percentile 

95th 

Percentile 

Tobit 

model 

Patent 

class 

R&D investment 
0.514*** 0.469*** 0.558** 0.608*** 0.518*** 31.18*** 0.497** 

(0.123) (0.116) (0.199) (0.152) (0.133) (5.733) (0.186) 

Employees 
-0.155* -0.141* -0.382** -0.173* -0.108 -16.09*** -0.0423 

(0.0699) (0.0692) (0.124) (0.0799) (0.0772) (3.339) (0.104) 

Coopetition 
4.575+ 3.139 -4.674 5.090 5.539+ 562.2+ 0.0989 

(2.690) (2.313) (6.145) (4.239) (3.051) (296.5) (2.682) 

Coopetition2 
-2.815* -1.795+ -0.198 -3.333+ -3.279* -303.1* -0.341 

(1.255) (1.053) (2.732) (2.010) (1.435) (143.0) (1.194) 

Knowledge stock 
0.109 -0.0172 0.539*** 0.380** 0.260* 40.69*** 0.121 

(0.0967) (0.0921) (0.146) (0.116) (0.109) (6.521) (0.111) 

Non-coopetitors 
-1.037* -0.618 0.277 -0.715 -1.602** 13.62 -1.043+ 

(0.526) (0.492) (0.882) (0.705) (0.550) (39.23) (0.547) 

Non-coopetitors2 
0.686* 0.349 0.384 0.361 0.897** 2.898 0.304 

(0.298) (0.276) (0.554) (0.415) (0.312) (21.48) (0.346) 

Geographic 

locations 

-0.293 -0.305 -0.125 0.540 -0.112 16.03 0.805+ 

(0.410) (0.397) (1.045) (0.563) (0.422) (29.36) (0.467) 

Technological 

overlap 

0.871*** 0.800*** 1.758** 1.382*** 0.882** 102.2*** 0.730** 

(0.245) (0.236) (0.584) (0.354) (0.286) (24.86) (0.270) 

Technological 

overlap2 

-1.606** -1.530** -3.867** -3.010*** -1.827** -211.3*** -1.190* 

(0.514) (0.502) (1.489) (0.825) (0.669) (57.17) (0.582) 

Market overlap 
0.403 0.692* 1.571** 0.293 0.127 -14.64 -0.155 

(0.292) (0.285) (0.587) (0.374) (0.306) (15.74) (0.410) 

Technological 

overlap  Market 

overlap 

1.670*** 1.669*** 2.453** 2.389*** 1.020* 60.62+ 0.961* 

(0.440) (0.421) (0.892) (0.639) (0.468) (36.59) (0.452) 

Technological 

overlap2  

Market overlap 

-3.354*** -3.448*** -4.363* -4.960*** -1.808+ -126.0* -2.176* 

(0.902) (0.870) (2.187) (1.397) (1.063) (59.95) (0.957) 

Year dummies Yes Yes Yes Yes Yes Yes Yes 

Constant 
-7.164*** -5.609*** -3.543 -10.65*** -9.140*** -679.5*** -6.309** 

(1.723) (1.541) (3.613) (2.533) (1.882) (162.3) (2.020) 

Wald Chi-square 52.82*** 59.17*** 63.60*** 47.82*** 46.22***  33.87*** 

Log likelihood -479.65 -539.26 -145.97 -290.89 -429.89 -571.11 -233.66 
   Note: n of firms is 323; n of observations is 2583. + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001. Standard errors are in parentheses. 

 

Finally, a focal firm’s overlap with coopetitors may be endogenously determined, as firms, 

which are technologically successful, may attract similar or distinct competitors, or omitted 

variables may simultaneously influence the choice of coopetitors and breakthrough inventions. 

To address the endogeneity of technological and market overlap, we use instrumental variables 
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in a two-stage least squares (2SLS) regression. We identified two instrumental variables — 

geographic density and ITC policy. Geographic density was used as it is less likely to influence 

breakthrough inventions directly but is more likely to influence the possibility of collaborating 

with competitors (Ryu et al., 2017), calculated as the number of solar PV firms co-located in the 

same country or region where the focal firm is. The federal solar Investment Tax Credit (ITC) 

in 2006 was one of the most important policies supporting the deployment of solar energy in the 

U.S. The ITC was implemented by the U.S. Energy Policy Act (P.L. 109-58) with effect from 

January 1, 2006. It provided a 30% tax credit for solar PV systems specifically on residential 

and commercial properties placed in service between January 1, 2006 and December 31, 2007. 

The ITC commercial guide indicates that a solar PV system is eligible for the 30% tax credit if 

it is located in the U.S. and used by a taxpayer subject to U.S. income taxes. This tax reduction 

policy significantly reduced the costs and prices of solar PV systems for residential and 

commercial properties, boosting their installation rates and therefore the entries of solar PV 

firms into this area (Byrne and Kurdgelashvili, 2011). Due to its success, the ITC was extended 

in 2006, 2008 and 2015, till the end of 2023. According to statistics of the Solar Energy 

Industries Association (SEIA), the ITC has helped annual solar installation to grow by over 

1600% (a compound annual growth rate of 76%) since 2006, making the solar PV industry one 

of the fastest-growing industries in the U.S. As the ITC can trigger new entries of solar PV 

firms to a specific area, it may increase the technological and market overlap with coopetitors if 

a focal firm is focused on technologies and products related to the area. However, the tax 

reduction benefits from the ITC should not directly affect a focal firm’s technological activity. 

Based on this exogenous shock, we construct a binary variable equal to 1 if 1) a focal firm had 

branches in the U.S. and 2) the U.S. branches were established after 2006, and 0 otherwise. We 

used geographic density and ITC policy as the instruments for technological and market 

overlap with coopetitors. We did a Stock-Yogo test and obtained Cragg-Donald F statistic of 
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15.81, which is bigger than 10. This indicates the instruments are valid (Stock et al., 2002). The 

2SLS regression results for the hypotheses are presented in Table 2.5, again providing support 

for both of our hypotheses. 

Table 2.5. Endogeneity Test 

 Model 

(1) 

Model 

(2) 

Model 

(3) 

Model 

(4) 

Model 

(5) 

Model 

(6) 

R&D investment 
0.391** 0.394** 0.424** 0.448** 0.453** 0.465*** 

(0.131) (0.132) (0.136) (0.139) (0.141) (0.137) 

Employees 
-0.129+ -0.130+ -0.150+ -0.175* -0.189* -0.171* 

(0.0778) (0.0779) (0.0804) (0.0839) (0.0858) (0.0787) 

Coopetition 
7.264* 7.205* 6.888* 5.397 4.781 5.353 

(3.428) (3.427) (3.375) (3.483) (3.523) (3.508) 

Coopetition2 
-3.903* -3.871* -3.791* -3.145+ -2.909+ -3.185+ 

(1.625) (1.626) (1.601) (1.639) (1.650) (1.648) 

Knowledge stock 
0.383*** 0.380** 0.402*** 0.400*** 0.428*** 0.437*** 

(0.116) (0.117) (0.121) (0.118) (0.122) (0.117) 

Non-coopetitors 
-1.448* -1.437* -1.443* -1.182+ -1.111+ -1.103+ 

(0.590) (0.591) (0.589) (0.615) (0.618) (0.611) 

Non-coopetitors2 
0.861** 0.855** 0.838** 0.663+ 0.621+ 0.566 

(0.322) (0.323) (0.323) (0.347) (0.350) (0.349) 

Geographic locations 
0.0731 0.0539 0.0626 -0.129 -0.0812 -0.0498 

(0.424) (0.427) (0.426) (0.447) (0.450) (0.451) 

Technological overlap 
 0.211 3.012+ 3.684* 4.420* 5.422** 

 (0.521) (1.640) (1.766) (1.952) (1.865) 

Technological overlap2 
  -4.442+ -5.580* -7.095* -7.837** 

  (2.590) (2.838) (3.313) (2.888) 

Market overlap 
   2.749 2.165 2.174 

   (1.802) (1.926) (1.944) 

Technological overlap  

Market overlap 

    0.165 1.321* 

    (0.155) (0.525) 

Technological overlap2  

Market overlap 

     -0.342* 

     (0.145) 

Year dummies Yes Yes Yes Yes Yes Yes 

Constant 
-9.356*** -9.340*** -9.380*** -8.285*** -8.043*** -8.717*** 

(1.978) (1.977) (1.967) (2.069) (2.079) (2.105) 

Wald Chi-square 30.55 30.64 33.79 35.74 36.73 42.59 

Log likelihood -374.37*** -373.29*** -371.37*** -370.44*** -369.87*** -367.21*** 

Likelihood-ratio test  2.16 5.80* 7.86* 9.00+ 14.32* 
Note: n of firms is 323; n of observations is 2583. + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001. Standard errors are in parentheses. 

 

2.6. Discussion and Conclusion 

Whereas past research often conceptualizes and operationalizes a focal firm’s coopetitors as a 

homogeneous group, we explicitly consider the heterogeneity of this group, investigating the 

impact of a focal firm’s technological and market overlap with its coopetitors on its ability to 
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generate breakthrough inventions. Our findings show an inverted U-shaped relationship 

between technological overlap with competitors and a focal firm’s ability to generate 

breakthrough inventions. Moreover, we find that higher market overlap steepens this inverted 

U-shaped relationship. Below, we first discuss the implications of our findings for extant 

coopetition research. Subsequently, we touch upon the managerial implications our findings. 

Finally, we point to the core limitations of our research and suggest interesting avenues for 

future research. 

2.6.1. Implications for Research 

Our study contributes to the coopetition literature in several important ways. We advance 

coopetition research by emphasizing the heterogeneity of coopetitors. In this study, we move 

away from extant coopetition research by conceptualizing coopetitors as a heterogeneous group 

(e.g., Gnyawali et al., 2006; Gnyawali and Madhavan, 2001; Gnyawali and Park, 2011; Ritala 

and Sainio, 2014), emphasizing that the level of cooperation and coopetition between a focal 

firm and its competitors can substantially vary depending on their technological and market 

overlap. Our findings demonstrate that it is necessary and valuable for future coopetition 

research to highlight the heterogeneity in coopetition portfolio. By unveiling the ways in which 

firms can manage technological and market overlap with coopetitors, this study provides a 

possible solution for firms to build a coopetition portfolio by optimizing the multifaceted 

overlap with their coopetitors, in order to maximize value creation opportunities and minimize 

value appropriation risks. 

This study also enriches the ongoing debate on the tension between value creation and 

value appropriation in coopetition research. Co-existence of value creation benefits and value 

appropriation risks is a unique characteristic of coopetition, compared to other types of 

interorganizational collaboration. Therefore, taking the value creation perspective without 

accounting for the value appropriation perspective (e.g., Diestre and Rajagopalan, 2012; 
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Rothaermel and Boeker, 2008) cannot grasp the holistic picture of coopetition and its impact on 

technological performance. By juxtaposing value creation and appropriation mechanisms, this 

study demonstrates how technological overlap with coopetitors determine a firm’s 

breakthrough inventions in a curvilinear manner, as a result of both value creation and value 

appropriation mechanisms. Furthermore, we point out that market overlap with coopetitors can 

amplify both mechanisms, consolidating the value creation benefits and increasing the value 

appropriation risks. The two aspects of heterogeneity of coopetitors, therefore, are not 

independent but intertwined in their impact on technological performance. A high market 

overlap with coopetitors provides a better understanding and facilitates the absorption of 

technological knowledge, but also aggravates the leakage of technological knowledge. To the 

best of our knowledge, no prior study has shown that a firm’s market overlap with coopetitors 

can intensify the impact of technological overlap with coopetitors. Thus, future coopetition 

research should simultaneously consider the heterogeneity of Coopetitors in both technological 

and market aspects to better understand the complex interplay of multifaceted overlap between 

coopetitors. 

2.6.2. Implications for Practice 

Scholars typically refer to the substantive risks of collaborating with competitors as an 

explanation of this reluctance to engage in coopetition (e.g., Park and Russo, 1996). 

Acknowledging the heterogeneity of coopetitors in terms of technological and market overlap, 

our findings provide specific recommendations into how managers can maximize the value 

creation opportunities of coopetition while minimizing value appropriation concerns. In 

particular, our data point to the composition of a coopetition portfolio with medium 

technological overlap and high market overlap as a very productive approach in terms of 

generating breakthrough inventions. At the same time, our data show that collaborating with 

competitors that have a high market overlap is risky. In such a setting, a shift form medium to 
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high technological overlap can have dramatic consequences, where benefits of coopetition can 

swiftly evaporate. More risk averse companies might therefore prefer a coopetition portfolio 

where market overlap is lower. Although this might constrain to some extent the potential 

benefits of increasing technological overlap, it also reduces the risk that the increased 

technological overlap results into a learning race with devastating consequences for 

technological capabilities of the focal firm.  

2.6.3. Limitations and Future Research 

Despite its merits, this study also has some limitations, which hold promise for future work. 

First, although focusing on a particular industry allowed us to generate fine-grained data on 

coopetitors and their heterogeneity, it restricts the generalizability of our findings (Haleblian et 

al., 2006). Second, whereas we heavily relied on value creation and appropriation arguments in 

our theorizing, the nature of our data did not allow explicitly measuring these mechanisms. 

Complementing secondary data with more primary data on this topic therefore is a fruitful 

avenue for future research. Third, by focusing on technological and market overlap, we mainly 

theorized how the selection of particular coopetitive partners influences a focal firm’s ability to 

address associated value creation opportunities and value appropriation risks. However, 

existing research provides evidence that such issues can also be actively managed by 

implementing particular structural or relational governance mechanisms (Elfenbein and Zenger, 

2017; Lavie, 2007). In other words, a focal firm could counteract potential risks of a certain 

partner in terms of technological and/or market overlap, by introducing particular governance 

mechanisms. In-depth research into the interaction between the composition of the coopetition 

portfolio and the active management of such portfolio therefore is a fruitful avenue for future 

research.
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Chapter 3 Toward a Network Perspective on Coopetition: External Coopetition 

Networks, Internal Network Structures, and Knowledge Recombinant Capabilities5 

Abstract: Focusing on the direct ties between coopetitors (i.e., direct coopetition network), 

extant coopetition research tends to ignore the potential impact of a firm’s indirect connections 

with other competitors from the same industry via its coopetitors (i.e., indirect coopetition 

network). We advance coopetition research by examining the impact of the indirect coopetition 

network on focal firms’ knowledge recombinant capabilities. Moreover, we consider how such 

impact is contingent on focal firms’ internal collaboration network (CN) and internal 

technology network (TN). By using a large-scale panel data set from the global solar 

photovoltaic industry between 1995 and 2015, we find that the size of the indirect coopetition 

network negative influences recombinant capabilities. We further find that, when a firm’s 

internal CN small-world quotient increases, the relationship between the size of the indirect 

coopetition network and knowledge recombinant capabilities becomes less negative. Together, 

these results contribute to a network perspective on coopetition, illuminating the role of indirect 

connections and the moderating impact of internal network structures. 

                                                 
5 A previous version of this manuscript has been presented at the Ph.D. conference in University of Groningen 

(2018), the Academy of Management Meeting (Chicago, 2018) and the SMS special conference (Oslo, 2018), and 

Beihang University. This manuscript has been accepted in AOM best paper proceedings and nominated as best 

paper in SMS conference. The manuscript is co-authored by Dries Faems and John Dong. 
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3.1. Introduction 

Coopetition means the simultaneous cooperation and competition between firms 

(Brandenburger and Nalebuff, 2011; Gnyawali et al., 2006; Tsai, 2002). Extant coopetition 

research has mainly considered the direct coopetition network of a focal firm, which refers to 

the direct ties between the focal firm and its competitors. In exploring direct ties between 

competitors, scholars have pointed to their value creation implications in terms of generating 

knowledge recombination opportunities that can help focal firms boost their innovation 

performance (Estrada et al., 2016; Gnyawali and Park, 2009). At the same time, this research 

stream identifies important value appropriation risks, such as unintended knowledge spillovers, 

that can result in destructive learning races (Gnyawali and Madhavan, 2001; Ritala and 

Hurmelinna-Laukkanen, 2013; Hamel, 1991). 

Focusing on the direct coopetition network, extant coopetition research (e.g., Dussauge et 

al., 2000; Estrada et al., 2016; Gnyawali and Park, 2011) has provided valuable insights into 

how the composition of this network influences the ability of the focal firm to generate new 

knowledge and innovations. At the same time, however, this research stream has ignored the 

potential impact of the indirect ties with competitors, which are generated by engaging in 

coopetition activities. In this paper, we define the collection of indirect ties between the focal 

firm and other firms in the same industry as the focal firm’s indirect coopetition network.  

The lack of attention to the indirect coopetition network is surprising, as the broader 

knowledge network theory (Ahuja, 2000; Burt, 2004, 2009; Ghosh and Rosenkopf, 2015; 

Phelps et al., 2012) provides strong indications that not only the direct connections of focal 

actors, but also their indirect connections can substantially influence a focal firm’s knowledge 

recombination activities. For example, scholars argue that, next to their direct network 

connections, indirect networks impact an actor’s capability to recombine knowledge into new 
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ideas (Phelps et al., 2012; Schilling and Phelps, 2007; Singh et al., 2016). We argue that it is 

important to study indirect networks in the particular setting of coopetition, as this setting 

might trigger behavior from direct coopetitors that is different from other network settings. In 

particular, we expect that, in this particular setting, direct coopetitors might use a potential 

structural hole position to the detriment of the focal firm, implying that an extensive indirect 

coopetition network might rather increase value appropriation risks instead of generating 

additional value creation opportunities. 

In sum, the core objective of this study is to analyze the impact of the indirect coopetition 

network on focal firms’ knowledge recombinant capabilities, i.e., the ability of the focal firm to 

generate novel combinations of knowledge. To do so, we also consider the potential impact of 

the internal network of focal firms. Knowledge network theorists already stress that next to the 

external network structure, knowledge recombination is shaped by the internal network 

structure of focal firms (Katila, 2002; Nerkar and Paruchuri, 2005; Phelps et al., 2012). In this 

study, we therefore explicitly consider the moderating impact of firms’ internal network on the 

relationships between indirect coopetition networks and focal firms’ knowledge recombinant 

capabilities. Specifically, we consider focal firms’ internal collaboration network and internal 

technology network. Internal collaboration network (CN) refers to the connections between the 

inventors of the focal firm, whereas the internal technology network (TN) comprises all 

linkages between a focal firm’s knowledge elements (Wang et al., 2014; Yayavaram and Ahuja, 

2008). We use the small-world quotient (also called small-world Q) to operationalize these 

internal networks’ structures (Phelps et al., 2012; Schilling and Phelps, 2007) and theorize how 

they moderate the impact of indirect coopetition networks on knowledge recombinant 

capabilities. 

To test our hypotheses, we construct a large-scale panel data set from 323 global solar 

photovoltaic (PV) firms between 1995 and 2015. To construct external coopetition and internal 
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networks, we gather data from multiple archival sources (i.e., LexisNexis, SDC, Orbis, 

Compustat and PATSTAT databases). The empirical results support our hypothesized 

relationships between indirect coopetition networks and knowledge recombinant capabilities. 

Specifically, we find that the size of indirect coopetition network has a negative impact on 

knowledge recombinant capabilities. A firm’s internal CN small-world Q weakens the impact 

of indirect coopetition network. In our post-hoc analyses, we also find that the size of the 

direct coopetition network has an expected Inverted-U shaped relationship with knowledge 

recombinant capabilities. Moreover, we show that internal CN and TN small-world structures 

exert moderating effects on this nonlinear relationship. Together, these results contribute to a 

network perspective on coopetition, illuminating the need to consider different types of external 

networks (i.e. direct versus indirect coopetition networks) and their interaction with focal firms’ 

internal network structures to increase our theoretical understanding of the knowledge 

recombination implications of coopetition.  

3.2. Coopetition and Knowledge Recombination 

In this section, we first provide an overview of existing coopetition research, which has focused 

on the knowledge recombination implications of direct coopetitive relationships. Subsequently, 

we rely on knowledge network theory to point to the importance of indirect coopetitive 

relationships for knowledge recombination. 

3.2.1. Coopetitive Relationships and Knowledge Recombination: State-of-the-Art 

Achieving and sustaining a competitive advantage depends on firms’ ability to recombine 

different kinds of knowledge and produce novel ideas (Galunic and Rodan, 1998; Schilling and 

Green, 2011). Many scholars have pointed to coopetitive relationships as a viable strategy to 

foster the recombination of complementary knowledge, stimulating the development of new 

technologies, products, and services (Dussauge et al., 2000; Estrada et al., 2016; Gnyawali and 
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Park, 2011). As such, a firm’s engagement in close interaction with coopetitors is a key source 

of recombinant innovativeness and sustained competitive advantage (Bouncken et al., 2017; 

Park et al., 2014b). Coopetitors’ resources are particularly critical since competitors often have 

the most relevant and valuable resources as they face similar environmental and competitive 

challenges (Gnyawali and Park, 2009). Yet, coopetition can also be a conduit of direct 

knowledge spillover (Bouncken et al., 2015). Coopetitors have both the motivation and the 

ability to absorb useful knowledge from rivals, triggering risks of unintended knowledge 

spillovers, which in-turn impedes the process of knowledge recombination (Cassiman et al., 

2009). Hence, coopetition triggers both value creation opportunities and value appropriation 

risks. 

From a value creation perspective, coopetition facilitates knowledge recombination 

through generating access to complementary information (Ahuja, 2000; Estrada et al., 2016; 

Gnyawali and Park, 2009). According to previous research, competitors are likely to possess 

complementary knowledge (Chen and MacMillan, 1992; Estrada et al., 2016; Gnyawali and 

Park, 2011), which facilitates further exploration of recombinant opportunities (Wang et al., 

2014). Collaboration facilitates collecting complementary knowledge from different firms 

(Ahuja, 2000). When focal firms have more collaborations with competitors (i.e., direct 

coopetitors), a larger pool of complementary knowledge becomes available to the focal firm. 

The larger the number of direct ties with coopetitors, the higher the potential to utilize 

complementary knowledge containing novel recombinant opportunities (Nerkar, 2003). As 

shown in previous research (Fang, 2011; Quatraro, 2010; Yang et al., 2010), recombinant 

capabilities are most likely to be strengthened when firms can combine complementary 

knowledge. For instance, the focal firm can combine the unique technical competence of all 

competitors to gain recombinant capabilities. Therefore, based on the complementary 

knowledge, focal firms with more coopetitors can potentially obtain more recombinant 
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capabilities of knowledge (Nerkar, 2003).  

From a value appropriation perspective, however, coopetitors also pose threats in terms of 

knowledge recombination. Coopetition may make rivals even more competitive (Ritala and 

Hurmelinna-Laukkanen, 2013). Coopetition scholars stress the likely emergence of 

opportunistic actions in coopetition process. As already mentioned coopetition facilitates the 

exchange and sharing proprietary knowledge with competitors. However, such knowledge 

sharing can be applied for the individual goals of coopetitors instead of the joint innovation 

activity (Fernandez et al., 2017). More extensive collaboration with coopetitors may therefore 

trigger significant value appropriation risk in knowledge recombination, such as unintended 

knowledge spillovers or free riding behaviors (Estrada et al., 2016; Hamel, 1991). As 

coopetition increases, the focal firm faces more difficulties to protect know-how and prevent 

undesirable knowledge spillovers. Therefore, the valuable knowledge of the focal firms can 

spill over to other coopetitors. As the number of direct coopetitors increases, coopetitors 

confront more fear about knowledge leakage to other coopetitors, so they are likely to distort 

knowledge, shirk obligations or hold up the focal firm (Bengtsson and Kock, 2000; Tsai, 2002). 

Therefore, coopetition can also result in value appropriation risks in knowledge 

recombination. 

In sum, increasing the number of direct coopetition ties triggers both additional value 

creation opportunities and value appropriation risks in terms of knowledge recombination. 

This tension has been empirically demonstrated by several scholars (Kang and Kang, 2010; 

Wu, 2014), reporting an inverted U-shaped relationship between coopetition and innovation 

related outcomes such as product and technology innovation performance. 

3.2.2. Knowledge Network Theory and the Role of Indirect Coopetition Networks 

A knoweldge network refers to a set of nodes — i.e., individuals or firms that act as 

heterogeneous knowledge repositories — connected by social linkages that enable and limit 
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actors’ efforts to search, transfer and generate knoweldge (Phelps et al., 2012). Knowledge 

network scholars have shown that networks are important to understand  the processes of 

knoweldge generation, transfer, absorption and use. In this stream of research, scholars do not 

only point to the importance of direct ties, but also highlight the relevance of indirect ties 

(Ahuja, 2000). Extant knowledge network research has identified both benefits and liabilities 

of indirect networks.  

On the one hand, indirect ties may bring in diverse knowledge for the focal actor. Burt 

(2004), for instance, argued that indirect ties can be an efficient way for individuals to get 

access to diverse knowledge without paying network maintenance cost associated with direct 

ties. Ahuja (2000) found that, next to direct ties, also indirect networks have a positive impact 

on innovation performance. On the other hand, indirect ties also contain potential liabilities. 

Vanhaverbeke et al. (2006) argued that information transferred from indirect ties may be 

distorted during its transferring process, and reverse information diffusion from the focal firm 

to its indirect partners may cause unintended spillovers. In a similar vein, Singh et al. (2016) 

found that combinatory knowledge can be transferred from the direct network, but not easily 

from the indirect network.  

Based on these extant knowledge network insights, we expect that knowledge 

recombinant capabilities of focal firms are not only shaped by its direct network of coopetitors, 

but also by its indirect network of coopetitors. In other words, value creation and appropriation 

processes not only happen in interaction with direct coopetitors, but are also manifested in 

n-order ties to other coopetitors. The possibility that direct and indirect ties may vary in their 

functions highlights the need for decomposing a firm’s coopetition network into direct and 

indirect networks and identifying the functions of each type of network (Ahuja, 2000). 

Therefore, we explore in this paper the knowledge recombination implications of indirect 

coopetition networks. 
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3.2.3. Knowledge Network Theory and the Moderating Role of Internal Networks 

Knowledge network theory also suggests that, next to external network structures, internal 

network structures can also shape knowledge recombination opportunities (Phelps et al., 

2012). Although both internal and external knowledge networks have received scholarly 

attention in past research, they are treated as more or less isolated strategic choices (Phelps et 

al., 2012). As a consequence, the interaction among internal and external knowledge networks 

in terms of knowledge recombination has received relatively limited attention. Some studies, 

however, provide initial evidence for the interaction among internal and external networks. 

Grigoriou and Rothaermel (2017), for instance, found that the effectiveness of external 

alliances depends on the internal collaboration network among inventors. In a similar vein, 

Paruchuri (2010) observed that internal collaboration network among inventors can interplay 

with external collaboration networks structures. Recently, Wang et al. (2014) showed that, 

next to collaborative linkages among inventors, the internal technology structure also 

influences firms’ ability to recombine knowledge. 

Based on these insights, we expect that the impact of a firm’s external coopetition 

networks on its knowledge recombinant capabilities is contingent on internal network 

structures. In the next section, we therefore develop hypotheses on the moderating impact of 

the internal collaborative and technology network on the relationship between the indirect 

coopetition network and focal firms’ knowledge recombinant capabilities. 

3.3. Hypotheses 

3.3.1. Indirect Coopetition Network and Knowledge Recombinant Capabilities  

The indirect coopetition network is defined as the collection of competitors to which a focal 

firm is indirectly connected through its direct coopetitors. We propose that changes in the size 

of the indirect coopetition network are likely to impact the bargaining power position of the 
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direct coopetitors relative to the focal firm, which can have implications in terms of a focal 

firm’s ability of value appropriation and risk of knowledge spillovers to its direct coopetitors. 

When a focal firm is indirectly linked to competitors via a direct coopetitor, this direct 

coopetitor spans a structural hole between the focal firm and the indirect coopetitors6. As the 

size of the indirect coopetition network increases, the direct coopetitor’s availability of 

alternative coopetitors becomes higher, which strengthens the direct coopetitor’s bargaining 

power vis-à-vis the focal firm (Ozmel et al., 2017). In Figure 3.1, for instance, the focal firm 

A’s direct coopetitor B enjoys more bargaining power in the scenario 2 compared to the 

scenario 1. 
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Figure 3.1. An Example of Indirect Coopetition Networks 

The recent alliance literature documents that differences in bargaining power between 

alliance partners have a substantial impact on value appropriation (Ozmel et al., 2017). For 

instance, the more powerful partner is likely to appropriate more value from the co-created 

knowledge recombination in the collaboration, at the detriment of the less powerful partner. In 

line with this logic, we argue that the focal firm’s direct coopetitors can use its bargaining 

                                                 
6 Prior network research has also pointed to potential advantages of indirect ties in terms of knowledge 

recombination. In particular, it has been stressed that, occupying a structural hole position, direct network 

partners could act as knowledge brokers, transferring valuable knowledge from indirect actors to focal firm, 

which create additional knowledge recombination opportunities for this latter actor (e.g. Burt, 2004; Ahuja, 

2000). However, in our particular coopetition setting, we expect that a focal firm’s direct coopetitors have 

limited willingness to act as knowledge brokers due to the highly competitive nature in their relationships. 

Instead of transferring knowledge from indirect ties to the focal firm, we expect that a direct coopetitor rather 

prefers to block the knowledge flows between the focal firm and its indirect coopetitors. In other words, instead 

of engaging in tertius iungens behavior, — i.e. introducing previously unacquainted network contacts to one 

another (Obstfeld, 2005), we expect direct coopetitors to demonstrate tertius gaudens behavior — intentionally 

maintaining separation among one’s social network contacts (Rosenkopf and Schilling, 2007). 
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power in actions of appropriating value when the size of indirect coopetition network is large. 

In addition, a large indirect coopetition network may also increase knowledge spillover risks 

for the focal firm. The relative increase in bargaining power for direct coopetitors, which is 

linked to an increase in the indirect coopetition network of the focal firm, can allow the 

former actor to put more pressure on the latter to disclose sensitive technological information 

(Alvarez and Barney, 2001). In this way, knowledge leakage from the focal firm to the direct 

coopetitor is likely to increase.   

In sum, the indirect coopetition network strengthens the bargaining power of the focal 

firm’s direct coopetitors, thereby weakening the focal firm’s ability to appropriate value from 

coopetition and increasing the risks of knowledge leakage from the focal firm to the direct 

competitor, which are likely to hamper the knowledge recombinant capabilities of the focal 

firm. Therefore, we posit the following hypothesis.  

H1: The size of a firm’s indirect coopetition network negatively influences its knowledge 

recombinant capabilities. 

3.3.2. The Moderating Role of Internal CN with a Small-World Structure 

We further consider the moderating roles of a focal firm’s internal collaboration network (CN) 

and internal technology network (TN) in shaping the impact of the indirect coopetition network 

on knowledge recombinant capabilities. We pay particular attention to the small-world 

structure of these internal networks because it is a comprehensive indicator of network 

connectivity (Watts and Strogatz, 1998). The small-world structure of internal CN refers to the 

presence of dense clusters of local contacts linked by occasional nonlocal contacts whereby an 

inventor in the network can easily reach other inventors (Fleming et al., 2007; Gulati et al., 

2012). It is often represented by the small-world quotient (small-world Q) — that is, clustering 

coefficient over the average path length in a network. The larger this quotient, the more the 

internal CN has a small world structure. As the small-worldliness of internal CN increases, the 
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inventor network exhibits high local clustering and low global separation (Gulati et al., 2012). 

In a small-world structure, inventors can easily reach other inventors within the firm through a 

relatively small number of intermediaries, providing them timely access to complementary 

knowledge from other inventors that facilitate knowledge integration (Phelps et al., 2012). This 

small-world structure of internal CN also facilitates the generation of trust and reciprocity 

among inventors (Phelps, 2010), which increases their joint problem-solving efforts and 

stimulate knowledge recombination. In other words, firms with a high internal CN small-world 

structure are likely to have stronger knowledge recombinant capabilities. 

Next to having a positive direct effect on the knowledge recombinant capabilities of the 

focal firm, we also expect that internal CN small-world structure can moderate the relationship 

between the size of the indirect coopetition network and the focal firm’s knowledge 

recombinant capabilities. In particular, we expect that, when the internal CN is characterized by 

a small-world structure, it represents a high level of social complexity (Ebel et al., 2002; 

Newman et al., 2002; Strogatz, 2001; Watts and Strogatz, 1998), which will hamper direct 

coopetitors’ ability to fully benefit from their bargaining power in terms of appropriating 

knowledge from the focal firm. The social complexity of the small-world structure refers to the 

situation that inventors are inscrutably embedded in the complex interactions within the firm. 

This social complexity gives rise to ambiguity of knowledge creation and exploitation, and 

secures the inimitability of valuable resources (Colbert 2004). Our baseline argument is that, 

when the size of indirect coopetition network increase, relative bargaining power of direct 

Coopetitors becomes larger, which increases their ability to appropriate knowledge from the 

focal firm. However, when internal CN small-worldliness is high, the associated social 

complexity gives rise to knowledge ambiguity and inimitability, allowing the focal firm to 

prevent the leakage of knowledge to direct coopetitors even if these latter actors are equipped 

with more bargaining power by a large indirect coopetition network. Therefore, we expect that 
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a firm’s internal CN small-world Q weakens the negative impact of indirect coopetition 

network on its knowledge recombinant capabilities:  

H2: The higher a firm’s internal CN small-world Q, the less negative the relationship 

between the size of indirect coopetition network and knowledge recombinant capabilities. 

3.3.3. The Moderating Role of Internal TN with a Small-World Structure 

The internal technology network (TN) is distinct from internal CN. CN and TN are not 

isomorphic networks within a firm, but decoupled (Wang et al., 2014). Internal TN refers to 

the linkages between technological knowledge elements used by a firm (Wang et al., 2014; 

Yayavaram and Ahuja, 2008). Knowledge linkages can reflect a firm’s revealed experience 

about which elements of knowledge can be combined (Wang et al., 2014). The technological 

knowledge elements are combined and recombined in experiments and investigations that 

may lead to novel knowledge recombination. The structure of internal TN is important 

because even firms with similar knowledge elements may largely differ in their abilities to 

recombine knowledge Small-world structure of internal TN, represented by the small-world Q, 

exhibits high clustering of knowledge elements and high reach (i.e., a small average shortest 

path) between two random knowledge elements in this firm. In other words, two randomly 

chosen knowledge elements in an internal TN with a small-world property are likely to be 

connected through a small number of linkages and highly related. Yayavaram and Ahuja 

(2008) argued that such structure of a knoweldge base enables a firm to efficiently recombine 

knowledge within and across cluster boundaries. Therefore, the structure of internal TN with a 

small-world property can simplify knowledge recombination, reflecting higher knowledge 

recombinant capabilities. 

Despite a positive direct effect, small-worldliness of a focal firm’s internal TN may also 

strengthen the negative relationship between the size of indirect coopetition network and 

knowledge recombinant capabilities. As the number of a focal firm’s indirect ties with 
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competitors increases, it is confronted with higher knowledge spillover risks because of 

increasing bargaining power of direct coopetitors. We argue that internal TN small-worldliness 

could exacerbate these risks by allowing the focal firm’s direct coopetitors to acquire 

knowledge from the focal firm more effectively. In particular, small-world TN represents high 

relatedness of firm-specific knowledge elements (Schilling, 2005). When the knowledge 

components of the focal firm are highly related, a direct coopetitor only needs access to a small 

number of knowledge components to get an in-depth understanding of the focal firm’s core 

technologies. In the context of a large indirect coopetition network, this implies that, when the 

direct coopetitor uses its relative bargaining advantage to force the focal firm to disclose some 

knowledge components, the consequences of such disclosure in terms of knowledge leakage 

are much higher when TN small-wordiness is high than when TN small-wordiness is low. 

When TN small-wordiness is high, disclosing some components triggers a high risk that direct 

competitors can have a rich understanding of the broader technological portfolio of the focal 

firm. In contrast, when TN small-wordiness is low, the consequences of disclosing some 

knowledge components in terms of knowledge leakage are likely to be lower. We therefore 

expect that a focal firm’s internal TN small-world Q strengthens the negative impact of indirect 

coopetition network on its knowledge recombinant capabilities: 

H3: The higher a firm’s internal TN small-world Q, the more negative the relationship 

between the size of indirect coopetition network and knowledge recombinant capabilities. 

3.4. Methodology 

3.4.1. Data 

We analyzed coopetition activities in global solar photovoltaic (PV) industry over a 20-year 

period from 1995 to 2015. Firms in this industry develop, manufacture, market and install solar 

PV systems which directly convert solar radiation into electricity. The solar PV industry is the 
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most growing energy industry in the renewable energy sector over the last twenty years. For 

example, according to the International Energy Agency report in 2016, global solar PV capacity 

has raised from around 5 gigawatts (GW) in 2005 to approximately 302.5 gigawatts (GW) in 

2016. We chose this context for two main reasons. First, among the 2000s and 2010s this 

industry experienced remarkable growth and changes in entrants and competition (Furr and 

Kapoor, 2018; Kapoor and Furr, 2015), which is expected to result in a growing use of 

collaborative activities such as coopetition. Second, the solar PV industry is high technology 

and innovation intensive (Wu and Mathews, 2012). Because we utilize patent data for analysis, 

it is important for us to select those industries that routinely and actively patent their inventions.  

Our data set was collected from five archival sources. Our primary source of alliance data 

was LexisNexis database. The LexisNexis database is a particularly appropriate choice for 

several reasons. First, LexisNexis provides comprehensive and authoritative documents from 

over 17,000 credible sources of information and news in the world. It includes current coverage 

and deep archives of over 80 million large and small-size companies. Second, LexisNexis was 

launched in 1970s and enables a study of a long time period. Third, LexisNexis database 

provides powerful search capability for our research. In this study, we collected PV related 

items7 from scientific literature and experts (Cho et al., 2015; Leydesdorff et al., 2015). Then 

we applied a power search with the above PV related items on all regions of the world, all news 

from English sources and three alliance-related subject indexes8 (i.e., Alliances & Partnerships, 

Divestitures, Technology Transfer). With these criteria, we obtained 57,689 pieces of news in 

                                                 
7 “Photovoltaic” or “PV array” or “PV system” or “PV cell” or “PV module” or “solar array” or “solar cell” or 

“solar panel” or “solar module” or “solar PV” or “backside electrode” or “conversion efficiency” or 

((“hydrogenated amorphous” or “nanocrystalline” or “microcrystalline amorphous”) and “silicon”) or (“low 

resistance metal” and “contact”) or (photovoltaic and module) or (bandgap and (engineering or conversion)) or 

“photovoltaic module” or “roll-to-roll process” or “tandem structure” or “transparent conducting oxid”. 
8 To make sure that the subject index can cover alliances news accurately, we did the following work. For one 

thing, we consulted the senior experts in LexisNexis Company. According to their explanations, the indexing is 

fully automated and based on thesauri, word matrixes and text mining. The subject index can calculate relevancy 

score with alliances for all news, indicating that it has technological reliability. For another thing, we did a test 

by searching two companies “Astropower” and “Suryachakra” with and without alliance-related subject indexes. 

After coding, we found the same seven alliances under two situations, which mean the subject index is reliable. 
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the solar PV industry between 1995 and 2015. Subsequently, we manually read and coded all 

the news announced by solar PV firms. Specifically, we obtained 1115 unique alliances and 

extracted the title of the news, the types of each alliance, participators, beginning and ending 

time, the amount of money involved9. Finally, we also searched the same PV related items in 

the SDC Platinum database and obtained 514 solar PV alliances in 1995-2015. To merge these 

two datasets of alliance, we used Bureau van Dijk’s (BVD) Orbis database to clean our dataset 

by unifying similar company names. For example, “AstroPower”, “AstroPower Inc” and 

“AstroPower, Inc” were unified to be “ASTROPOWER INC”. Each firm was matched with a 

unique BVD ID in Orbis database (e.g., US510315860 for ASTROPOWER INC). These 

procedures resulted in 1,210 unique solar PV alliances. 

Our competition data was collected from the Orbis database. Solar PV firms may focus on 

different parts of the PV system process, such as developing, manufacturing, marketing, 

constructing, financing or generating electricity. Orbis assigns each solar PV firm to one of 20 

major sectors (e.g., machinery, construction, chemicals, electricity, wholesale and retail sale) 

according to its main business. In this study, we considered two allying firms as coopetitors if 

they belong to the same major sector. For instance, EMCORE Corporation and AMP Inc. allied 

in the year 1998. Because both of them belong to the machinery sector in the solar PV industry, 

we considered them to be coopetitors in the year 1998. We then identified the coopetitors in our 

sample, which includes 323 solar PV firms. Most of these firms are offering machinery 

(60.99%), electricity (8.66%) and chemical (4.02%) products. As some alliances have no 

precise termination dates, we assumed that an alliance with a competitor (i.e., coopetition) is 

operational for five years (Gulati and Gargiulo, 1999; Kogut, 1988; Stuart, 2000). In our sample, 

the average duration of all coopetition with exact termination information is 4.30 years, 

                                                 
9 To reduce the coding bias, one colleague double checked the alliance news and confirmed our coded 

information. She searched all the alliance news by Google and confirmed the existence of the alliances. She also 

coded the news and helped the authors adjust some of doubtful coding information.  
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providing support for the assumption of 5-year duration of coopetition. Meanwhile, it has been 

widely accepted that fully achieving the potential of cooperation with competitors may take 

time (Jiang et al., 2018; Luo, 2007), since firms need to initiate and coordinate their 

collaboration with competitors, as well as internalize the critical knowledge or resources 

though coopetition into their own bases. Finally, we constructed the coopetition networks based 

on a five-year time window. In average, there are 95.63 coopetitors in every window and 1.25 

coopetitors for each firm in every window. 

To obtain patent data, we relied on the European Patent Office’s (EPO) PATSTAT database 

for the following reasons. First, PATSTAT database contains more than 90 million patents from 

more than 40 patent authorities worldwide, including leading industrialized and developing 

countries. It provides comprehensive bibliographical data of patents, such as application/grant 

date, technological classes, forward/backward citations, and inventor/patentee information 

(Wagner et al., 2014). Second, the PATSTAT database assigns each patent application to one or 

more International Patent Classifications (IPCs). IPCs are based on the information included in 

the description text of inventions as well as drawings, examples and claims. On the contrary, the 

U.S. Patent Office Classification (USPOC) classifies patents based on claims stated within 

application documents (Gruber et al., 2013). Therefore, IPCs are assigned objectively by the 

officers, and not by the inventors themselves. For a study interested in the recombination of 

technological classes, PATSTAT thus provides a more suitable classification system (i.e., IPC) 

for technologies than others. Third, the PATSTAT database has already been linked with the 

Orbis database. Each patentee in PATSTAT was assigned a unique BVD ID code in the Orbis 

database. Thus, using BVD ID codes to match patent data with firms can reduce the name bias 

across databases. We used the application date to assign each patent to a focal firm because this 

date can closely indicate the timing of technology creation. Through this procedure, we 

collected 36,459 patents filed by our sampled firms in the PATSTAT database. Considering that 
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a patent may be applied in different countries, we calculated its citations by summing up the 

citations of all patents belonging to the same patent family. 

We obtained financial data from the Standard and Poor’s Compustat database and Orbis 

database. The two databases have distinct but complementary data advantages. The Compustat 

database is a widely used database for financial data. Compared with the Orbis database, the 

Compustat database provides longer historical data. However, the Orbis database covers 

publicly listed firms and private firms around the world. Since over 99% of the companies in 

the Orbis database are private, it is a good complement to the Compustat database, allowing us 

to include more companies in our final sample. In the end, we obtained 2,582 firm-year level 

observations.  

3.4.2. Measures 

Knowledge recombinant capabilities 

    Our measure of knowledge recombinant capabilities is consistent with Carnabuci and 

Operti (2013) by taking into account the number of new combinations and total combinations. 

Specifically, based on patent data, we computed the share of subclass (i.e., six digits) 

co-assignments that had not been used by the focal firm in the previous five years.  

  it
it
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s  , 

where i and t refers to the firm i and period t. The range of this variable is bounded between 0 

(i.e., all old combinations used before) and 1 (i.e., all new combinations never used). For 

example, a focal firm has patents A and B involved three and six subclasses. The total 

combinations of subclasses are 3 + 15 = 18. After searching each pair of these combinations in 

the previous five years, we found a new combination of subclasses in patent A and two new 

combinations of subclasses in patent B. The variable value of the focal firm is 3/18 = 1/6. 
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The size of direct coopetition network 

Consistent with Ahuja (2000), we measure the size of direct coopetition network by 

counting the number of direct ties in the coopetition network. To obtain the amount of direct 

ties owned by a firm in the observation period, we calculated the number of direct coopetitors of 

the focal firm in the coopetition network. 

The size of indirect coopetition network 

We measure the size of indirect coopetition network based on distance and information 

weighted count. Our measurement is consistent with Ahuja (2000). 

1
1

m
i
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i k

f
Indirect coopetitors P

N

  
   

  
  , 

if  means the total number of coopetitors that can be reached no more than the path distance i. 

j

k

P  means the number of new patents created by coopetitors within distance i in this period. 

N refers to the total number of coopetitors that can be reached by the focal firm in any steps. For 

each firm, we multiplied a vector of frequency-decay weighted path distances by a vector of 

patent numbers to compute the variable. 

Internal collaboration network Q 

We used coauthor ties between inventors within each firm to construct the firms’ internal 

CN in a five-year time window. In CN, the increasing clustering and the decreasing average 

path length jointly show the rise of the small-world structure (Watts and Strogatz, 1998). 

Small world quotient offers a unique combination of high local clustering and low global 

average path length. Following previous research (Gulati et al., 2012), we identified small 

worlds by using the ratios of real to baseline random network values. A small-world structure 

of CN will show a much higher clustering coefficient than its random network baseline but a 

roughly equal short average path length. Based on this approach, we calculated small-world Q 
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(quotient) as follows:  

   / / /CN it it R it it R itQ C C L L    ,  

where 1/ N  , ( )In N  (N means the number of inventors). itC  and itL indicate the 

clustering coefficients and the global average path length of CN in firm i and period t. R itC   

and R itL   mean the above characteristics of random CN with the same nodes and ties. Based on 

previous research (Gulati et al., 2012), we estimated R itC   and R itL   by using the following 

theoretic approximations: /R itC k N  , ( ) / ( )R itL In N In k  , where k means the number of 

ties per inventor in a firm. Considering the potential distorting effects of the network size, we 

calculated size-adjusted ratios of clustering coefficients and average path lengths by weighting 

parameters and  .  

Internal technology network Q 

Internal technology network (TN) consists of linkages between technological knowledge 

elements. Consistent with Wang et al. (2014), we used co-occurrence of IPC codes of patents 

to build TN for each firm in each period. We calculated small-world quotient of the internal 

TN in a similar way with CN Q discussed above. Specifically, we calculated TN small-world 

quotient (Gulati et al., 2012) as follows. 

   / / /TN it it R it it R itQ C C L L    , 

where 1/ N  , ( )In N  (N means the number of IPCs). itC  and itL mean clustering 

coefficients and global average path length of TN in firm i and period t. R itC   and R itL   

represent clustering coefficients and global average path length of random TN baselines with 

the same nodes and ties. We estimated R itC   and R itL   by using the same approach in 

measuring CN small-world Q. Parameters and   are also included to mitigate the potential 
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distorting effects of the network size. 

Control Variables 

We include a rich and fine-grained set of control variables. Specifically, we control for 

previous knowledge recombinant capabilities, R&D intensity, firm age, total assets, patent 

stock, technological overlap, market overlap, geographic overlap, non-coopetition alliance, 

technological diversity, largest component of intra network. These control variables are defined 

and described as follows. 

Previous knowledge recombinant capabilities 

To address the issue of unobserved heterogeneity (Carnabuci and Operti, 2013; Guan and 

Yan, 2016), we use data predating the firms’ entering our panel and create one pre-sample 

variable – i.e., Previous knowledge recombinant capabilities. We control for the value of 

knowledge recombinant capabilities of the focal firm in the observation period.  

R&D intensity 

A firm’s R&D expenses are investments in knowledge generation and contribute to its 

ability to absorb external knowledge (Cohen and Levinthal, 1990). We control for the R&D 

intensity of the focal firm measured as the firm’s R&D budget divided by its employee size in 

the observation period.  

Firm age 

Previous literature has documented the importance of firm age in knowledge creation and 

recombination (Zheng and Yang, 2015). We control for the age of the focal firm using the 

number of years between its foundation year and the observation year. 

Firm size 

Firm size may have both positive and negative influences on firm performance (Phelps, 

2010). We control firm size by measuring the average value of logarithm of the total assets of 

the focal firm in the observation period. 
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Patent stock 

A firm’s patent stock also reflects the depth of its technological resources and absorptive 

capacity (Phelps, 2010). We control the number of patents of the focal firm in this field in the 

observation period. 

Technological overlap 

The technological overlap with direct coopetitors may affect the focal firm’s value creation 

and appropriation mechanisms with coopetitors. We control technological overlap with 

coopetitors by calculating the degree to which a focal firm’s IPC codes are the same with its 

coopetitors’ IPC codes in their patents:  
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where if  and jf  are multidimensional vectors indicating the distribution of patents filed by 

the focal firm i and by its coopetitor j across the six-digit IPC codes during the five years. 

Market overlap 

Similarly, we control market overlap with direct coopetitors by measuring the degree to 

which a focal firm’s SIC codes are the same with its coopetitors’ SIC codes (Sapienza et al., 

2004): 

'

' '
1

1

( )( )

n
i j

i

j
i i j j

s s
Market overlap

n s s s s
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where is  and js  are multidimensional vectors showing the industry distribution of the focal 

firm i and its coopetitor j in four-digit SIC codes. 

Geographic overlap 

To control geographic factors, we add a control variable: geographic overlap. It refers to 

the proportion of its direct coopetitors who have branches locating in the same country with the 
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focal firm. Branches information of firms is collected from the Orbis database. 
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where ig  and jg  are multidimensional vectors showing the geographic distribution of all 

branches of the focal firm i and its coopetitor j. 

Non-coopetition alliance 

To control the impact of non-coopetition collaboration networks on knowledge 

recombinant capabilities, we measure the number of direct ties between a focal firm and its 

non-coopetition alliance partners in the observation period. 

Technological diversity 

According to previous research (Carnabuci and Operti, 2013), the knowledge 

recombination may be influenced by a firm’s knowledge dispersion across different 

technological areas. Thus, we control technological diversity of the focal firm using a Shannon 

diversity index based on IPC codes of its patent portfolio in each period: 

1 1

1
 ( )

N

it jj
j

Technological diversity P In
P

 
  , 

jP refers to the share of a firm’s patents in technology class j during the observation period, 

summed over the total number of technology classes (N). 

Largest network component 

A firm’s collaboration network consists of a few disconnected components. The firm’s 

collaborative integration may influence its ability to recombine knowledge (Carnabuci and 

Operti, 2013). In the largest component of CN (also called main component), researchers 

could reach one another through network intermediaries. We calculated the total number of 

researchers of a focal firm in the largest component of CN in the observation period. 
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In all analysis, we also add year dummies to control for the fixed effects of time. Table 3.1 

presents descriptive statistics and correlations. Correlations among the independent variables 

range from low to moderate.
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Table 3.1. Descriptive Statistics and Correlations 
 

Note: + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001. 

 

 

 

 

 

  Mean S.D. (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) 

(1) Knowledge recombinant capabilities  0.023 0.075                

(2) Previous knowledge recombinant 

capabilities  

0.046 0.127 
0.376 ***               

(3) Firm age 27.400 35.930 0.164 *** 0.187 ***              

(4) R&D intensity 82.34 860.0 -0.099*** 0.033 0.005             

(5) Total assets 7.380e+07 8.910e+08 0.193 *** 0.249 *** 0.411 *** 0.066*            

(6) Patent stock 35.170 146.900 0.199 *** 0.240 *** 0.084 *** 0.148 *** 0.242 ***           

(7) Technological overlap 0.008 0.035 0.082 *** 0.151 *** 0.023 0.006 0.009 0.093 ***          

(8) Market overlap 0.158 0.256 -0.036* -0.005 0.050** 0.001 0.053* -0.031 0.073 ***         

(9) Geographic overlap 0.702 0.443 0.128 *** 0.093 *** 0.251 *** 0.160 *** 0.293 *** 0.086 *** 0.082 *** 0.074 ***        

(10) Non-coopetition alliance 0.794 1.883 0.057 *** 0.077 *** 0.039* -0.129 *** 0.127 *** 0.228 *** 0.029 -0.031 -0.030       

(11) Technological diversity 0.578 0.396 0.452 *** 0.642 *** 0.292 *** 0.095 *** 0.392 *** 0.475 *** 0.206 *** -0.012 0.162 *** 0.151 ***      

(12) Largest network component 6.613 26.280 0.108 *** 0.172 *** 0.105 *** 0.138 *** 0.207 *** 0.536 *** 0.085 *** -0.055 *** 0.082 *** 0.165 *** 0.420 ***     

(13) Direct coopetition network 1.253 0.702 0.137 *** 0.181 *** 0.075 *** -0.084** 0.199 *** 0.187 *** 0.029 0.004 0.035** 0.356 *** 0.211 *** 0.125 ***    

(14) Indirect coopetition network 58.980 220.000 0.055 *** 0.099 *** 0.044** -0.104 *** 0.058** 0.048** 0.051** 0.047** 0.028 0.109 *** 0.178 *** -0.013 0.162 ***   

(15) CNQ 0.566 2.023 0.431 *** 0.281 *** 0.177 *** 0.036 0.296 *** 0.141 *** 0.069 *** 0.009 0.121 *** 0.119 *** 0.449 *** 0.035* 0.145 *** 0.053 ***  

(16) TNQ 0.110 0.427 0.121 *** 0.268 *** 0.060 *** -0.004 0.082 *** -0.023 0.082 *** -0.053 *** 0.060 *** 0.020 0.302 *** 0.047** 0.075 *** 0.034* 0.155 *** 
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3.5. Results 

3.5.1. Hypotheses Testing 

Since our data have a panel structure, we use panel data techniques to analyze the data and 

mitigate endogeneity concerns. After running a Hausman test (Chi-square (19) = 294.97), we 

found that the results of the fixed effects model are significantly different from that of a random 

effects model and therefore a fixed effects model should be used (Wooldridge, 2010). To avoid 

reverse causality, we use one-year time lag between our dependent variable and other variables. 

Before testing the hypotheses, we examined potential multicollinearity. The condition number 

is 16.43 and the maximum variance inflation factor (VIF) is 2.46, which is below the threshold 

of 10 (Kennedy, 2003). In all analysis, we computed robust standard errors by clustering by 

firm to correct intragroup correlation among the observations from the same firms. 

Table 3.2 reports the fixed effects regression results for hypotheses testing. As shown in 

Table 3.2, Model (1) incorporates the control variables and the size of direct coopetition 

network, and Model (2) adds the size of indirect coopetition network. Model (2) shows that the 

coefficient for the size of indirect coopetition network is statistically significant and negative. 

Therefore, H1 was supported. Models (3) provides tests of the moderating role of CN 

small-world Q. Model (3) provides support for H2 that the negative effect of the size of indirect 

coopetition network is weakened as the CN small-world Q becomes bigger. Model (4) adds TN 

small-world Q and its interaction terms. As shown in Model (4), the non-significant coefficient 

for the product between the TN small-world Q and the size of indirect coopetition network 

doesn’t support for H3, though the sign of coefficient is negative. The full Model (5) shows the 

consistent results. 

Table 3.2. Fixed Effects Regression Results 

 (1) (2) (3) (4) (5) 

Previous knowledge recombinant 

capabilities 

-10.288** -9.960** -11.157** -10.148** -11.181** 

(3.849) (3.842) (3.907) (3.905) (3.910) 
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Firm age -0.503*** -0.504*** -0.515*** -0.502*** -0.517*** 

 (0.096) (0.096) (0.096) (0.096) (0.096) 

R&D intensity 0.765 0.782 0.839 0.792 0.828 

 (0.580) (0.578) (0.579) (0.583) (0.580) 

Total assets -0.753*** -0.745*** -0.747*** -0.750*** -0.746*** 

 (0.164) (0.164) (0.163) (0.164) (0.164) 

Patent stock -0.001 -0.000 -0.001 -0.000 -0.001 

 (0.002) (0.002) (0.002) (0.002) (0.002) 

Technological overlap -0.836 -1.968 -2.442 -1.883 -2.426 

 (6.412) (6.417) (6.404) (6.433) (6.409) 

Market overlap -4.835 -4.531 -4.368 -4.574 -4.348 

 (3.129) (3.124) (3.119) (3.134) (3.121) 

Geographic overlap 3.017 3.155 2.707 3.097 2.695 

 (2.350) (2.344) (2.347) (2.354) (2.349) 

Non-coopetition alliance -0.179 -0.108 0.130 -0.079 0.134 

(0.908) (0.906) (0.911) (0.912) (0.912) 

Technological diversity -1.245 -1.173 -1.145 -1.220 -1.130 

 (0.783) (0.782) (0.788) (0.793) (0.790) 

Largest network component -0.045 -0.048 -0.041 -0.050 -0.041 

(0.031) (0.031) (0.032) (0.032) (0.032) 

Direct coopetition network  4.464*** 4.369*** 3.997** 4.393*** 3.994** 

(1.263) (1.260) (1.268) (1.265) (1.269) 

Direct coopetition network2 -0.724*** -0.693*** -0.630** -0.697*** -0.630** 

(0.194) (0.194) (0.195) (0.194) (0.195) 

Indirect coopetition network  -0.002* -0.003* -0.002* -0.003* 

 (0.001) (0.001) (0.001) (0.001) 

CNQ   -0.076 -0.062 -0.077 

   (0.149) (0.150) (0.149) 

TNQ   0.274 0.168 0.250 

   (0.526) (0.532) (0.530) 

Indirect coopetition network  CNQ   0.608*  0.611* 

  (0.245)  (0.245) 

Indirect coopetition network  TNQ    -0.066 -0.083 

   (0.225) (0.224) 

Year dummies Yes Yes Yes Yes Yes 

Constant 27.279*** 27.187*** 28.134*** 27.275*** 28.213*** 

 (4.987) (4.973) (4.976) (4.992) (4.985) 

R2 0.131 0.137 0.146 0.137 0.146 

F 6.911*** 6.763*** 5.982*** 5.567*** 5.649*** 
Note: + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001. Standard errors are in parentheses. 

 

We plot the results of interaction effect between indirect coopetition network and internal 

CNQ in Figure 3.2. The figure bolsters our assertion that the level of internal CNQ has a 

weakening effect on the negative indirect coopetition network–knowledge recombinant 

capabilities relationship. A simple slope test showed that the slope of indirect coopetition 

network for low CNQ is statistically significant and negative (slope = -0.005, p < 0.001), 

while the slope for high CNQ is not statistically significant (slope = 0.000, p = 0.913). These 

results confirm that if internal CNQ is low, the size of indirect coopetition network has a 

negative effect. When internal CNQ becomes higher, however, the size of indirect coopetition 

network becomes less harmful. 
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Knowledge recombinant capabilities 

 
Size of indirect coopetition network 

Figure 3.2. Interaction Plot of the Indirect Coopetition Network and Internal CNQ 

3.5.2. Robustness Checks 

Sensitivity analysis 

First, we performed additional tests for multicollinearity by randomly omitting one third of 

the observations in the analyses and found no substantive change (Greene, 2003). Second, we 

also re-ran all models using the winsorized values of knowledge recombinant capabilities at 

99th percentiles and obtained similar results. Third, we executed a random effects regression, 

which has distribution-free advantages. Again, we found that the results of random effects 

models are consistent with prior findings. Fourth, we tested for non-linear effects of indirect 

coopetition network. We did not find significant non-linear effects. The related results can be 

seen in Table 3.3. 

Table 3.3. Robustness checks 

 (1) (2) (3) (4) (5) 

 
Curvilinear 

test 
Random effects 

Winsorized 

Analysis 

Heckman-1st 

stage 

Heckman-2nd 

stage 

 Knowledge 

recombinant 

Knowledge 

recombinant 

Knowledge 

recombinant 

Formation of 

Coopetition 

Knowledge 

recombinant 
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capabilities capabilities capabilities capabilities 

Previous knowledge 

recombinant capabilities 

-9.855* -4.206 -8.410*  -11.195** 

(3.846) (3.686) (3.457)  (3.919) 

Firm age -0.492*** 0.002 -0.495*** -0.006 -0.519*** 

 (0.097) (0.014) (0.085) (0.006) (0.098) 

R&D intensity 0.776 -0.666* 0.806 0.854*** 0.817 

 (0.579) (0.283) (0.513) (0.150) (0.608) 

Total assets -0.740*** -0.082 -0.739*** 0.391*** -0.749*** 

 (0.164) (0.121) (0.145) (0.092) (0.169) 

Patent stock -0.00003 -0.0002 -0.001 0.693*** -0.001 

 (0.002) (0.002) (0.002) (0.186) (0.002) 

Technological overlap -1.972 -2.885 -1.904  -2.437 

 (6.419) (6.490) (5.666)  (6.417) 

Market overlap -4.408 -1.571 -3.296  -4.330 

 (3.129) (1.665) (2.760)  (3.137) 

Geographic overlap 3.146 1.553 2.924  2.677 

 (2.345) (1.239) (2.077)  (2.367) 

Non-coopetition alliance -0.101 -0.138 0.510 4.156*** 0.114 

 (0.907) (0.673) (0.806) (0.437) (0.965) 

Technological diversity -1.158 2.063*** -1.128 3.421*** -1.150 

 (0.782) (0.547) (0.698) (0.940) (0.849) 

Largest component of  -0.048 0.001 -0.041 1.054*** -0.041 

intra network (0.031) (0.023) (0.028) (0.232) (0.032) 

Direct coopetition network 4.386*** 4.279*** 3.313**  3.980** 

(1.261) (1.135) (1.122)  (1.289) 

Direct coopetition network 2 -0.692*** -0.682*** -0.506**  -0.629** 

(0.194) (0.184) (0.173)  (0.197) 

Indirect coopetition network -0.005 -0.002 -0.002*  -0.003* 

(0.003) (0.001) (0.001)  (0.001) 

Indirect coopetition network 2 1.6e-06     

(2.1e-06)     

CNQ  0.275 -0.065  -0.077 

  (0.143) (0.132)  (0.149) 

TNQ  -0.445 0.209  0.249 

  (0.537) (0.469)  (0.531) 

Indirect coopetition network 

*CNQ 

 0.572* 0.572**  0.611* 

 (0.255) (0.217)  (0.245) 

Indirect coopetition 

network*TNQ 

 -0.146 -0.046  -0.083 

 (0.225) (0.198)  (0.224) 

Rumor      

      

The number of rivals’ 

alliances 

   0.006*  

    (0.002)  

Inverse Mills Ratio     -0.014 

     (0.208) 

Year dummies Yes Yes Yes Yes Yes 

Constatnt 26.717*** -0.692 27.176*** -16.722*** 28.436*** 

 (5.011) (2.253) (4.407) (1.268) (6.043) 

R2/Log likelihood 0.138 0.198 0.153 -259.12 0.146 

F/Chi-square 6.349*** 66.47 5.960*** 442.4*** 5.343*** 
Note: + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001. Standard errors are in parentheses. 

 

Endogeneity test 

    Because coopetition network variables and knowledge recombinant capabilities may 

both be driven by a firm’s unobserved characteristics, endogeneity is a potential concern. 

Though we used the one-year lag between knowledge recombinant capabilities and other 

variables and controlled for a firm’ previous knowledge recombinant capabilities and 
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time-invariant unobservable characteristics, there may be other omitted variables making our 

results not consistent. In addition, following Ryu et al. (2017), we conducted instrumental 

variable regression, where we use two instrumental variables: 1) the firm’s number of 

acquisition rumors, i.e., the number of acquisition rumors that focal firm involved in the last 

five years before the observation year, and 2) the number of rivals’ alliances, i.e., the number 

of alliances that a focal firm’s rivals in the same country or region involved in the last five 

years before the observation year, to instrument for the focal firm’s direct and indirect 

coopetition networks. The acquisition rumors and rival’s strategy should affect the firm’s 

external relationships, which in turn shapes the coopetitors configurations. However, it is not 

a measure of the underlying quality of innovation researchers or research facilities owned by 

the firm, and hence should not directly affect the focal firm’s knowledge recombinant 

capabilities. According to Cragg and Donald Wald F-statistics (25.00 for direct coopetition 

network; 20.85 for indirect coopetition network), our instruments are not weak with 5% 

significance (Stock and Yogo 2005). Further, a Hausman test showed that endogeneity issue is 

not a big concern for the size of indirect coopetition network (Chi-square = 0.89, p = 0.35), but 

exists for the size of direct coopetition network (Chi-square = 3.98, p < 0.05). We corrected the 

endogeneity of direct coopetition network by using two-stage least squares (2SLS) estimation 

technique (please refer to post hoc analysis). The results are consistent with our findings. 

Assessment of sample selection bias 

    We also assessed potential sample selection bias by using a Heckman model with two 

stages. Because our sample consists of firms that have coopetitors, the observations in our 

sample may be systematically different from the other firms that have possibly unrealized 

coopetitors, and thus selection bias may be a concern. To construct a sample of firms with 

realized coopetition relationships and firms with non-realized coopetition relationships 

serving as counterfactuals, we randomly choose 10 firms with no coopetition relationships for 
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each firm with realized coopetition relationships in each year (Ryu et al., 2017). For an 

exclusion restriction in the first stage Probit model, following Ozmel et al. (2017), we used the 

number of alliances formed with the focal firm’s rivals in the same country or region in the 

previous year to predict the formation of coopetition relationships.  

    We then calculate the inverse Mills ratio (IMR) and control it in the second stage model. 

The coefficient of the exclusion restriction is statistically significant and positive (p < 0.05), 

supporting the appropriateness of a firm’s rivals’ alliance as an exclusion restriction. In 

addition, the correlations between the independent variables and the IMR are not significant, 

which supports the appropriateness of our exclusion restriction (Leung and Yu, 1996). The 

non-significant coefficients for the IMR indicate that selection bias is not a big concern. The 

second stage results again provided consistent support for our previous findings. The 

Heckman model results are shown in Table 3.3. 

3.5.3. Post-Hoc Analysis 

We focus on the negative relationship between indirect coopetition network and knowledge 

recombinant capabilities and the moderating roles of internal CN and TN small-word Q. In 

post-hoc analysis, we further tested the relationship between the size of a firm’s direct 

coopetition networks and its knowledge recombinant capabilities, and the moderating effects 

of CN and TN small-word Q. Based on the results in Table 3.4, we found a statistically 

significant, positive effect for the linear term of direct coopetition network, together with a 

statistically significant, negative coefficient for its squared term, indicating an inverted 

U-shaped relationship between the size direct coopetition network and knowledge recombinant 

capabilities. Consistent with Haans et al. (2016), we formally tested the significance of the 

shift of the turning point of the inverted U curve when CN and TN small-word Q is high (see 

Appendix A). We also graphically present the interaction effects between direct coopetition 

network and internal CNQ and the direct coopetition network and internal TNQ in Appendix B. 
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We found that the inverted U-shape is flattening and that the turning point moves to the right 

when internal CN small-world Q increases. When internal TN small-world Q increases, the 

inverted U-shape is steepening and the turning point moves to the left. 

Table 3.4. Post-hoc analysis results 

 (1) (2) (3) (4) (5) 

 Fixed 

effects 

Fixed 

effects 

Fixed 

effects 

2SLS- 

1st stage 

2SLS- 

2nd stage 

 Knowledge 

recombinant 

capabilities 

Knowledge 

recombinant 

capabilities 

Knowledge 

recombinant 

capabilities 

Direct 

coopetition 

network 

Knowledge 

recombinant 

capabilities 

Previous knowledge recombinant 

capabilities 

-10.002** -12.169** -11.053** 1.319*** -19.264*** 

(3.868) (3.982) (3.927) (0.380) (5.292) 

Firm age -0.471*** -0.536*** -0.483*** -0.017 -0.521*** 

 (0.096) (0.096) (0.096) (0.011) (0.096) 

R&D intensity 0.737 0.888 0.795 -0.018 1.013 

 (0.573) (0.578) (0.569) (0.058) (0.581) 

Total assets -0.724*** -0.728*** -0.701*** 0.016 -0.830*** 

 (0.162) (0.163) (0.160) (0.016) (0.167) 

Patent stock 0.000 -0.001 -0.000 0.0004* -0.004 

 (0.002) (0.002) (0.002) (0.0002) (0.003) 

Technological overlap -0.299 -3.134 -0.811 -0.084 -2.028 

 (6.352) (6.387) (6.311) (0.639) (6.415) 

Market overlap -3.190 -3.496 -1.991 2.086*** -11.597 

 (3.097) (3.122) (3.094) (0.290) (6.189) 

Geographic overlap 3.330 2.494 3.156 0.211 1.133 

 (2.323) (2.345) (2.312) (0.232) (2.353) 

Non-coopetition alliance 0.944 0.215 1.164 0.745*** -4.130 

(0.927) (0.908) (0.922) (0.086) (2.235) 

Technological diversity -1.039 -0.808 -0.662 -0.018 -1.296 

 (0.780) (0.795) (0.783) (0.080) (0.797) 

Largest network component -0.057 -0.037 -0.055 -0.007* -0.005 

(0.032) (0.032) (0.032) (0.003) (0.035) 

Direct coopetition network  3.086* 3.888** 2.729*  8.309** 

(1.307) (1.264) (1.301)  (2.949) 

Direct coopetition network2 -0.557** -0.637** -0.542**  -0.785** 

(0.196) (0.194) (0.195)  (0.298) 

Indirect coopetition network -0.002 -0.003* -0.002* 0.0002+ -0.004** 

(0.001) (0.001) (0.001) (0.0001) (0.001) 

CNQ -0.077 -0.034 -0.092 0.001 -0.064 

 (0.197) (0.149) (0.196) (0.015) (0.149) 

TNQ 0.139 0.262 0.127 -0.032 0.559 

 (0.524) (0.613) (0.604) (0.052) (0.546) 

Indirect coopetition network  CNQ 0.545* 0.592* 0.496*  0.577* 

(0.246) (0.244) (0.245)  (0.248) 

Indirect coopetition network  TNQ -0.095 -0.077 -0.084  -0.074 

(0.221) (0.224) (0.221)  (0.225) 

Direct coopetition network  CNQ -1.657*  -1.533*   

(0.649)  (0.646)   

Direct coopetition network2  CNQ 2.757***  2.760***   

(0.788)  (0.783)   

Direct coopetition network  TNQ  1.401* 1.694+   

 (0.879) (0.867)   

Direct coopetition network2  TNQ  -2.632* -3.166*   

 (1.270) (1.258)   

Rumor     0.0002*  

   (0.0001)  

The number of rivals’ alliances    0.0012+  

   (0.0007)  
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Year dummies Yes Yes Yes Yes Yes 

Constant 26.285*** 28.402*** 26.307*** 0.658 28.623*** 

 (4.940) (4.968) (4.910) (0.469) (4.941) 

R2 0.172 0.158 0.187 0.264 0.146 

F 6.122*** 5.536*** 6.171*** 13.330*** 5.645*** 
Note: + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001. Standard errors are in parentheses. 

    The size of a firm’s direct coopetition network has an inverted U-shaped relationship 

with its knowledge recombinant capabilities. This result aligns with prior studies on direct 

coopetition networks, highlighting the existence of tensions between value creation and value 

appropriation. The moderating effect of CN small-world Q on the relationship between size of 

the direct coopetition network and focal firm recombinant capabilities indicates that, the 

internal collaboration network can be a source of social complexity for the focal firm, 

restricting the ability of the direct coopetitor to appropriate value for their collaborative efforts. 

Whereas we did not find a significant moderating effect of TN small-world Q in the case of 

the indirect coopetition network, we do find a significant moderating impact on the 

relationship between the size of the direct coopetition network and focal firm recombinant 

capabilities, suggesting an increased risk of leakage of technologies from the focal firm to the 

direct coopetitor in case of high internal relatedness of knowledge components. 

3.6. Discussion and Conclusion 

In this study, we focused on examining the relationship between a firm’s indirect coopetition 

network and its knowledge recombinant capabilities. The results of our study suggest that the 

size of a focal firm’s indirect coopetition network has a negative relationship with its 

knowledge recombinant capabilities. The firm’s internal CN small-world Q weakens the 

negative impact of indirect coopetition network size on its knowledge recombinant 

capabilities. In post hoc analysis, we found an Inverted-U relationship between direct 

coopetition network and knowledge recombinant capabilities, which was moderated by both 

CN and TN small-world Q. Below, we first describe how our findings substantially enrich our 

theoretical understanding of value appropriation risks in coopetitive settings. Subsequently, 
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we summarize the main limitations and identify interesting avenues for future research. 

3.6.1. Coopetition Networks and Value Appropriation 

Extant coopetition research has provided substantial evidence that engaging in coopetition 

might imply important advantages for firms in terms of knowledge generation, developing 

technological breakthroughs and innovation performance (e.g., Dussauge et al., 2000; 

Gnyawali and Park, 2011). At the same time, however, there is consistent evidence that, in 

comparison with alternative modes of collaboration — e.g., buyer-supplier relationships, 

collaboration with universities — the popularity of collaborating with competitors is 

remarkably low (Estrada et al., 2016). This triggers the fundamental question of why 

companies seem to be hesitant to engage in coopetition despite the identified advantages. 

The result of this study shed new light on this important question. Based on our findings, 

we argue that prior research, exclusively focusing on the direct coopetition network, might 

have underestimated the value appropriation risks of coopetitive activities. Considering both 

direct and indirect coopetition network, our findings show that the value appropriation risks of 

engaging in coopetition might be higher than extant research would indicate. Extant research 

typically argues that, in case of a relatively small direct coopetition network, the value 

creation opportunities such network entails are likely to surpass its value appropriation 

concerns. On the one hand, we confirm this argument, reporting an inverted U-shape 

relationship between size of the direct coopetition network and knowledge recombinant 

capabilities. On the other hand, our findings show that, even for a firm with a small direct 

coopetition network, the value appropriation risks can be much more outspoken if this limited 

set of direct coopetitors have extensive coopetition networks themselves. Such situation 

would mean that, although the direct coopetition network is relatively small, the indirect 

coopetition network is large, which according to our findings hampers knowledge 

recombination for the focal firm. Therefore, considering indirect coopetition network allowed 
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us to more thoroughly understand value appropriation risks associated with coopetition, which 

cannot be seen in researching direct coopetition only. 

At the same time, this study highlights that the extent to which external coopetition 

networks lead to value appropriation risks is contingent on internal network structures. We 

point to internal CN small-wordiness as a source of social complexity that can mitigate value 

appropriation concerns associated with large direct and indirect coopetition networks. These 

insights complement prior research on the governance of coopetition. This research has 

mainly focused on how, within a particular coopetitive relationship, value appropriation risks 

can be mitigated by means of structural or relational interventions (e.g. Bouncken et al., 2016; 

Gnyawali and Park, 2011; Ritala and Hurmelinna-Laukkanen, 2009). We complement these 

insights by pointing to focal firms’ internal structure as an additional mechanism to deal with 

value appropriation concerns at the network level.  

3.6.2. Limitations and Future Research 

While our results have interesting implications, this study has several limitations. First, as we 

use archival data, we cannot directly observe the underlying theoretical mechanisms. Future 

research, combining secondary and primary data, may develop more fine-grained measures 

into the value appropriation implications of direct and indirect coopetition networks and their 

interaction with internal network structures. Second, our results are based on formal alliances 

between competitors. Competitors might also be involved in alternative collaborative 

activities such as regional innovation clusters or pre-competitive technology exploration 

programs. Publicly available secondary data on this latter type of activities are challenging to 

find at this moment, generating an interesting avenue for future research. In this study, we 

relied on knowledge recombination capabilities as our core dependent variable. Although this 

measure allows generating rich insights in the knowledge creation and appropriation 

consequences of coopetition, it does not allow capturing the financial implications of it. This 
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latter aspect is an important challenge for future research as particular external and internal 

network structures can bring along particular financial costs, which could jeopardize the 

actual benefits of such collaborative efforts (Faems et al., 2010). Last but not least, we rely on 

a specific sample from the solar PV industry, implying the need for future research to 

examine the generalizability of our findings. 

 Despite these limitations, we believe that our findings contribute to a richer network 

perspective on coopetition, illuminating how both direct and indirect coopetition networks 

and their interaction with internal network structures shape the knowledge recombination 

capabilities of focal firms. We hope that our insights can inspire scholars to further delve into 

the value appropriation challenges that coopetitive relationships entail. 
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Chapter 4 How Does the Coopetition Network Affect Coopetition Governance?10 

 

Abstract: Whereas prior research has focused on the performance implications of coopetition, 

we shift our attention to the governance of coopetitive relationships. Following recent insights 

obtained from the broader research stream on alliance governance, we explore the impact of the 

firms’ network position on the governance choice in specific coopetitive dyads. We empirically 

test our hypothesis in the global solar photovoltaic industry between 1995 and 2015. The results 

show that the increased relative centrality and structural autonomy between coopetitors 

increase the possibility of using equity structures in coopetitive relationships. By documenting 

the importance of firms’ coopetition network positions in coopetitive governance design, this 

study provides new insights into how firms can manage the substantial value appropriation 

concerns that are associated with coopetitive strategies. 

 

 

 

 

                                                 
10 The manuscript is co-authored by Dries Faems and John Dong. 

4 Chapter 4 
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4.1. Introduction 

Coopetition simultaneously involves competition and cooperation (Brandenburger and 

Nalebuff, 2011; Gnyawali et al., 2006; Gnyawali and Madhavan, 2001; Kraus et al., 2017; Tsai, 

2002). Coopetition provides firms with learning opportunities and access to diverse resources 

residing in competing firms, but it also involves high appropriation risks (Park et al., 2014a). 

There are substantial appropriation risks in collaboration with competitors in comparison with 

other collaboration modes, such as collaboration with customers, suppliers, and universities 

(Estrada et al., 2016). 

In the broader alliance literature (e.g., Faems et al., 2008; Ryu et al., 2017), the initial 

governance structure has been mentioned as an important design factor that can substantially 

shape the value appropriation implications of collaborative endeavors. At one end are joint 

ventures which involve partners sharing equity in a new entity. At the other end are contractual 

alliances without equity (De Resende et al., 2018). Despite wide recognition that the initial 

governance structure is an important choice in mitigating appropriation concerns in 

collaborative settings, the coopetition literature has paid limited attention to such governance 

choices in coopetitive relationships. Instead, the coopetition research (e.g. Ritala, 2012) has 

mainly focused on the performance implications of coopetition, largely ignoring how these 

relationships are initially designed.  

The core objective of this paper is therefore to explore the initial governance structure of 

coopetitive relationships. Following recent insights in the broader alliance literature (Ozmel et 

al., 2017; Ryu et al., 2017), we apply a social network perspective to address this objective. We 

focus on two networks characteristics — i.e., centrality and structural autonomy — and 

examine their impact on the governance structure of coopetitive relationships. These two 

characteristics correspond to different types of resource benefits from networks: centrality is 
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related to status whereas structural autonomy is related to information diversity (Koka and 

Prescott, 2002).  

To test our hypotheses, we collected a dataset of 381 dyad coopetitors in the global solar 

photovoltaic (PV) industry between 1995 and 2015. Merging data from multiple archival 

sources (i.e., LexisNexis, SDC, Orbis, Compustat and PATSTAT databases), we built 

coopetition networks and coded the governance structure for each coopetition dyad. We define 

relative centrality/structural autonomy as relative differences between coopetitors concerning 

coopetition network centrality/structural autonomy. Our analyses show a positive relationship 

between the relative centrality in coopetition networks and the equity structure in coopetitive 

relationships. We also find that the relative structural autonomy in the coopetition network 

increases the possibility of equity structure in coopetitive dyads. Our study contributes to 

coopetition studies, showing that coopetition governance is affected by the resource symmetry 

of coopetitors in terms of centrality and structural autonomy in their coopetition network. From 

a practical perspective, our findings provide specific recommendations on how firms govern 

their coopetition to minimize value appropriation concerns in coopetitive relationships. 

This paper is organized in four parts. First, we review the extant research, illuminating the 

need to study how social network characteristics influence governance structure decisions in 

coopetitive relationships. Subsequently, we propose hypotheses on how relative centrality and 

structural autonomy impact the possibility of adopting an equity governance structure. We then 

describe our methodological approach and discuss our results. Finally, we discuss the 

theoretical and managerial contributions, limitations and future research opportunities. 

4.2. Governance from a Social Network Perspective 

The strategy literature has long argued that alliance governance is critical for their success and 

stability (Das and Teng, 1996; Faems et al., 2008; Gulati, 1995; Hoetker and Mellewigt, 2009). 
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A core governance decision in alliance settings is the choice between equity or non-equity 

governance structures. An equity governance structure refers to a structural arrangement where 

partners bring resources to a separate legal entity and are rewarded for their contribution from 

the benefits earned by this entity, or when a partner acquires partial ownership of another 

partner (Hennart, 1988). In contrast, a non-equity structure refers to a wide list of contractual 

agreements, such as supply, market distribution, and R&D contracts, where collaborating 

partners do not engage in the exchange of equity. 

Scholars have suggested that introducing an equity governance structure is especially 

relevant in the case of high perceived opportunistic behavior. An equity governance structure 

can help to mitigate opportunism concerns in different ways. First, sharing the equity of a joint 

venture is considered a ‘mutual hostage’ since it aligns the interests of all partners (Gulati, 

1995). Sharing the common values of the alliance may offer an incentive alignment mechanism 

to foster mutual forbearance and diminish opportunism. Despite having the opportunity to 

extract private value, partners may refrain from opportunistic actions fearing the associated 

reduction in their common values (Arslan, 2017). For example, Yang et al. (2015) found that 

equity governance helps firms to suppress the competitive learning race between partners. 

Second, transaction cost theorists claim that equity helps firms to establish long-term 

collaboration and forgo short-term competitive actions. In an equity alliance, the alliance 

partners not only need to make ex-ante commitments, but they also need to reduce their 

incentives for opportunistic behavior considering their own existing and future investments 

(Goerzen, 2007). Third, once firms decide to establish an alliance, some concerns will arise 

from anticipated coordination costs because of pervasive behavioral uncertainty. Sharing equity 

can foster specialized coordination by including considerable hierarchical controls (Gulati and 

Singh, 1998). For example, equity structures are usually accompanied by an independent 

administrative department, which provides clearly defined regulations and responsibilities for 
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all partners in an ongoing coordination. As part of establishing a joint venture entity, partners 

usually put in place normative operation systems and dispute settlement procedures. 

The alliance governance literature has traditionally considered a number of different 

characteristics of the focal collaborative transaction that shapes the partners’ governance 

structure choice, including trust and relational dynamics (Gulati, 1995; Reuer and Ariño, 2007), 

partner and task uncertainty (Santoro and McGill, 2005), the types of assets involved (Hoetker 

and Mellewigt, 2009), and joint R&D intensity (Osborn and Baughn, 1990). More recently, 

several scholars have begun highlighting the relevance of the partnering firms’ social network 

position in understanding this strategic choice. Their core argument is that social network 

characteristics may affect a firm’s perception of the opportunistic behaviors of partners, thereby 

influencing the governance structure of alliances (Ozmel et al., 2017; Ryu et al., 2017). 

Network characteristics may affect the availability of network resources by signaling a firm’s 

status (Bonacich, 2007), by certifying the trust to partners (Gulati, 1995), or by helping the 

focal firm access diverse knowledge (Burt, 2004). Differences between collaborating partners 

in network resources can lead to asymmetries, which can shape the partners’ perceptions of the 

risk of opportunistic behavior within a particular relationship (Gnyawali and Madhavan, 2001). 

In this case, firms should govern alliances to mitigate opportunism concerns, which originate 

from network positions. Ozmel et al. (2017), for instance, examined how a firm’s alliance 

network centrality influences its value capture rights in high-tech alliance contracts. Ryu et al. 

(2017) suggested that equity alliance design can defend unintentional knowledge spillovers 

through indirect ties with rivals. 

In this paper, we rely on and complement these recent alliance governance insights by 

exploring the governance structure of coopetitive relationships. Prior coopetition research has 

emphasized the performance implications of such relationships. While some recent conceptual 

or qualitative coopetition literature begins to focus on how coopetition relationships are 
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managed, coordinated, and governed, there is a lack of empirical evidence concerning the 

actual governance of such relationships. In this paper, we contribute to addressing this gap by 

identifying two social network characteristics that can influence the governance structure in 

coopetitive relationships. In the next section, we explain in-depth how these structural network 

characteristics influence the governance structure in coopetitive relationships.  

4.3. Hypotheses 

Coopetition network structures can impact its resource asymmetries among coopetitors in a 

network (Gnyawali and Madhavan, 2001; Gnyawali et al., 2006). We restrict the scope of this 

study to centrality and structural autonomy. These two structural properties are theoretically 

interesting in the coopetition network context as they impact a firm’s power to access and 

obtain resources as well as to control the potential flow of information to rivals, thereby 

resulting in network-based resource asymmetries. In particular, network centrality 

demonstrates a high position in a status hierarchy (Ibarra, 1993). This implies that differences in 

centrality trigger high status asymmetry. Structural autonomy plays a critical role in the 

information diffusion and provides superior access to non-redundant information that is more 

additive than overlapping (Ahuja, 2000). Differences in structural autonomy therefore increase 

information asymmetry between two partners. Both of the asymmetries can increase the 

likelihood of opportunistic actions, influencing the governance mode choice. 

4.3.1. Relative Centrality and Coopetition Governance 

Centrality indicates to what degree firms occupy strategic positions in networks by virtue of 

being involved in many linkages (Gnyawali et al., 2006). Of the various kinds of centrality, 

eigenvector centrality is particularly relevant to network status (Bonacich, 2007). Studies 

define eigenvector centrality in terms of the status of a focal firm recursively related to the 

statuses of the firms the focal firm is connected to (Bonacich, 1987; Lin et al., 2009; Ruhnau, 
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2000). Specifically, eigenvector centrality attributes a value to each actor such that an actor 

receives a large value if it is strongly connected with many other nodes that are themselves 

central within the network (Mehra et al., 2006). Because more central firms have more and 

shorter paths to other firms, they can access and acquire more network resources. Centrality is 

therefore associated with social status (Cook, 1977; Yeniyurt and Carnovale, 2017). Higher 

relative centrality between coopetitors means that high-status firms collaborate with low-status 

firms, thereby resulting in high status asymmetry between them. 

We argue that, in case of high relative centrality, the associated status asymmetry between 

coopetitors is likely to trigger more opportunism concerns. A firm with high status is always a 

sought-after actor and attracts more competitors seeking to collaborate with it (Ahuja, 2000; 

Dong et al., 2017; Gnyawali and Madhavan, 2001). In this case, superior status would provide 

the firm with high availability of alternative partners, thus increasing the lower-status firm’s 

perceived opportunistic behaviors. In this case, the lower-status firm is likely to prefer an equity 

structure to prevent the opportunistic actions of the higher-status firm. At the same time, the 

low-status firms in the collaboration are perceived to be more openly parasitic (i.e., 

opportunistic, freeloading, exploitative) (Chung et al., 2000; Fiske et al., 2002). The coopetitor 

with lower status is likely to channel its efforts toward private benefit extraction rather than 

toward joint value creation. When the status asymmetry is high, the firm with high status may 

have low trust and confidence in its coopetitor with low status and might, therefore, prefer to 

use equity governance to monitor and control this coopetitor. In summary, high status 

asymmetry is likely to trigger more opportunism concerns, thereby making equity governance 

more attractive than non-equity governance. Accordingly, we propose the following 

hypothesis: 

Hypothesis 1: The greater the relative centrality between coopetitors, the greater the 

likelihood of equity-based coopetition designs. 
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4.3.2. Relative Structure Autonomy and Coopetition Governance 

A structurally autonomous firm spans structural holes between competitors that are otherwise 

disconnected. For example, if firm A allies with both competitors B and C, while B and C do 

not ally directly to each other, then A spans a structural hole existing between B and C. In 

other words, B and C can link with each other only through broker firm A. In coopetition 

networks, a structurally autonomous firm spans structural holes by linking competitors that 

were not otherwise linked together. Burt’s classic work showed that a firm bridging structural 

holes–the gaps between its partners otherwise disconnected in the network–is likely to 

perform better because of its superior access to heterogeneous information (Burt, 2004, 2009). 

A firm spanning structural holes in coopetition networks receives unique but diverse 

competition information from its ties with competitors (Gnyawali and Madhavan, 2001). A 

firm’s access to such information will depend upon whether it spans structural holes. This 

information differential between two coopetitors is termed as information asymmetry. 

The information asymmetry associated with relative structural autonomy creates clear 

incentives for opportunistic behavior (Afuah, 2013). On the one hand, network members that 

bridge more structural holes in a network may decide to use the power their position creates 

opportunistically for self-gain (e.g., tertius gaudens behaviors) rather than for the interest of 

the network (Sparrowe et al., 2001). The inferior firm has a strong reason to perceive that its 

inability to assess diverse information can also be opportunistically exploited by the superior 

firm. In a context of high information asymmetry, the alliance can be seen as a learning race 

(Hamel, 1991), and the superior firm is likely to have high potential to be the leader in this 

learning race. The inferior firm may therefore fear that, when the superior firm has finished 

learning from the inferior firm, the former is inclined to terminate the alliance (Inkpen and 

Beamish, 1997). The inferior firm might therefore prefer an equity ownership structure, as 

such a structure is more difficult to dissolve. 
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On the other hand, we argue that the superior firm is also likely to turn to equity 

arrangements to reduce its opportunism concerns. Researchers have recognized the 

bidirectional effects and mutual influence of partners’ opportunistic behaviors on the focal 

firm’s opportunistic behavior (Das and Rahman, 2010). Specifically, information asymmetry 

increases the inferior firm’s fear of the superior firms’ opportunism (Wathne and Heide, 2000), 

which, in turn, may increase the inferior firms’ own possibility of opportunistic behaviors 

(Das and Rahman, 2010). Considering this logic, the superior firm might realize that as it 

apprehends opportunisms of the inferior firms, the superior firm may, in turn, also take actions 

to prevent opportunistic behaviors in situations of information asymmetry. Furthermore, 

information diversity influences both the incentives and the ability of coopetitors to behave 

opportunistically and, therefore, the threat of leakage in a coopetition. When the superior firm 

has highly diverse information, the inferior firms’ incentives to behave opportunistically 

increase since the inferior firms have more to gain from such behavior (Sampson, 2004). 

Given these challenges that are associated with a strong structural position in terms of 

information asymmetry, the superior firm is likely to turn to the equity design. Hence, we 

propose the following hypothesis: 

Hypothesis 2: The greater the relative structural autonomy between coopetitors, the 

greater the likelihood of equity-based coopetition designs. 

4.4. Methodology 

4.4.1. Data 

To test our arguments, we rely on a dataset from the global solar photovoltaic (PV) industry 

from 1995 to 2015. The PV industry is a proper context for this study due to the strong rise in 

the use of coopetition strategies as key tools to implement the growth and innovation of firms 

(Kapoor and Furr, 2015), allowing us to track the PV firms’ coopetition activities. 
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We used the LexisNexis database and Securities Data Company (SDC) Platinum database 

to identify collaborations among PV firms. Based on the LexisNexis database, we coded a total 

of 1,115 alliance agreements in the PV industry in the period from 1995–201511. We also 

searched the SDC dataset using the same PV related items and acquired 514 solar PV alliances 

in 1995-2015. Among these alliances, 419 alliances are present in the LexisNexis database and 

95 alliances are not. Following this procedure, we finally obtained 1,210 unique solar PV 

alliances. 

Our competition data are taken primarily from Orbis, a rich firm-level dataset that also 

provides information on the major sectors of the companies according to their main business. 

For example, the Orbis database divides all firms into 20 major sectors (e.g., machinery, 

agriculture, banks, chemicals, electricity). We consider that if two firms belong to the same 

major sector, they are competitors. Further, if they are in an alliance with each other, they are 

coopetitors. Out of the 1210 alliances, we obtained 381 dyad-year level coopetition 

observations. In our sample, the average duration of all coopetition agreements with exact 

termination information is 4.30 years, providing support for the assumption of the 5-year 

duration of a coopetition. Since the exact time of relation-termination sometimes cannot be 

acquired, we took a conservative approach and assumed that alliance relationships would 

sustain for five years, consistent with prior empirical work on the alliance durations (Gulati and 

Gargiulo, 1999; Jiang et al., 2018).  

To construct our control variables, we drew from the European Patent Office’s (EPO) 

PATSTAT database for patent data. The EPO Worldwide Patent Statistical Database has been 

developed by the European Patent Office cooperating with the OECD (Grimpe and Hussinger, 

2014). The PATSTAT database has a worldwide coverage, containing data from 84 patent 

offices, covering all inventor countries and spanning a time period stretching back to 1880 for 

                                                 
11 Please refer to chapter 2 for a more extensive discussion. 
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some countries and offices (Wagner et al., 2014). It is considered to be one of the most 

comprehensive patent databases currently available. Each patent can be classified into one or 

more technology classes, indicating the specific technological area of the patent. At this step, 

we found 36,459 patents filed by our sampled firms in the PATSTAT database.  

Furthermore, we collected financial data from the Compustat database, which is 

frequently used for both research and decision making. However, the Compustat database 

covers only the public firms in an industry. ORBIS is a comprehensive database with 

accounting and financial information from both public and private firms across the region that 

we wish to examine. Hence, we used the Orbis database to complement the Compustat 

database. 

4.4.2. Measures 

Coopetition governance 

The dependent variable, coopetition governance, was coded “1” if a coopetition involved 

the use of equity and “0” if it did not (Phene and Tallman, 2012; Ryu et al., 2017). 

Specifically, equity-based coopetition includes joint ventures and equity investment, while the 

other includes other coopetition forms, such as licensing agreements, technology agreements, 

marketing and distribution agreements, manufacturing agreements, and R&D agreements. The 

fundamental feature that distinguishes equity coopetition from non-equity coopetition is that 

equity sharing relates to shared ownership and is effective in reducing exposure to 

opportunistic behavior.  

To test our arguments about the impact of the relative network position on coopetition 

governance, we utilized two measures widely used in the prior network research: (i) 

eigenvector centrality and (ii) structural autonomy. These two network measures correspond 

to different types of resources benefits from networks: centrality is related to status whereas 

structural autonomy is related to information diversity (Koka and Prescott, 2002). 
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Relative centrality 

To assess a firm’s centrality in the coopetition network among firms, we measured the 

centrality of the firm within this inter-firm network by calculating the (normalized) 

eigenvector routine in UCINET 6, which calculated centrality as the summed linkages to 

other firms weighted by their centrality (Bonacich, 1972). The higher the eigenvector 

centrality value of an actor, the more the network actor is connected to actors who have been 

already linked with many others. Because both direct and indirect ties are taken into 

consideration, the eigenvector value is an appropriate measurement of the availability of 

information and the potential for influence because “direct and indirect ties provide access 

both to people who can themselves provide support and to the resources those people can 

mobilize through their own network ties” (Adler and Kwon, 2002). To make this eigenvector 

value comparable across networks, we followed the standard empirical practice of 

normalizing this value (Sparrowe et al., 2001). Specifically, we used the following formula to 

calculate the eigenvector centrality:  

  1

1

1k k

i

k

c , R   






  , 

where  c ,   refers to a vector of centrality values for firms,   is an arbitrary scaling 

factor,   indicates a weight, and 1 means a column vector of ones. The magnitude and sign 

of this variable demonstrates the weight given to the centrality of others connected to the focal 

firm in calculating the centrality of the focal firm. Because 0  , the focal firm who 

connects to highly central firms is also highly central (Bonacich, 1987). Finally, since we 

calculated the relative centrality in the coopetition network, we use the absolute difference of 

eigenvector centrality between two focal firms as the index of relative centrality. 

Relative structure autonomy 
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We calculate relative structural autonomy in three steps. First, we measure the lack of 

spanning structural holes by using Burt’s network constraint measure (Burt, 2009), as follows: 

 
2

k ij ik kjConstraint p p p , k i, j    

In the above equation, ijp  indicates the strength of the tie between firms i and j, while 

ik kjp p  is the sum of the indirect coopetition tie strength in the connection of i and j, all 

through firm k. In the second step, we follow Wang et al. (2014) to measure structural hole 

access as two minus the constraint value of the firm (where the constraint value was non-zero), 

transforming this variable from a measure of lack of spanning to one of spanning (Zaheer and 

Bell, 2005).  

2k kStructure Holes Constraint  , 

A high aggregate constraint value indicates a situation where one has built a redundant 

coopetition network in which its coopetitors are linked with each other. Thus, our measure of 

structural hole spanning (two minus the constraint measure) will indicate low network 

redundancy as follows: a high hole spanning score represents less redundancy; conversely, a 

low hole spanning score indicates higher redundancy in a firm’s coopetition networks. In the 

third step, since we calculated the relative structural autonomy in the coopetition network, we 

use the absolute difference of structural autonomy between two focal firms as the index of 

relative structure autonomy. 

1 2 1 2k k k kRelative Structure Holes Structure Holes Structure Holes  , 

Control variables 

We included a number of variables that may influence the coopetition governance. The 

likelihood of an equity governance decision in an alliance may be affected by the firms’ 

technical knowledge (Bosse and Alvarez, 2010). For example, firms with more technical 
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knowledge prefer the equity design because of their high concerns about knowledge leakages. 

Consistent with this literature, we calculated relative technical knowledge stock by using the 

absolute difference between the total numbers of inventions of two focal firms in the year t - 5 

to t - 1, which measures the firm-level average intensity of cumulative patenting activities. 

Following Bosse and Alvarez (2010), we controlled for the relative firm age as the absolute 

age difference between the two focal firms. Because the internal structure is important in 

preventing uncertain risks (Osborn and Baughn, 1990), we controlled for the relative 

collaboration density by calculating the absolute difference between the ratio of actual 

co-inventing ties among internal knowledge workers within a firm to the total number of 

co-inventing ties in that firm, which indicates the connectivity of intrafirm collaboration ties. 

The firm efficiency measures each firm’s ability to convert resources into sales performance. 

We followed prior studies and used stochastic frontier analysis to calculate each firm’s 

efficiency using the four following indicators: fixed assets, number of employees, number of 

inventors and year dummies (Dutta et al., 2005; Zheng et al., 2015). We calculated the 

efficiency for each firm as the ratio of its efficiency to the efficient frontier, which captures 

the most efficient firm in our sample (i.e., efficiency equals 1). Employees and R&D 

expenditure should be controlled because they reflect the absolute availability of resources 

(Zheng et al., 2015). The relative employees variable is the absolute difference between the 

average numbers of employees in the focal period. Relative R&D is the absolute difference 

between the average annual R&D expenditure of two focal firms. We also controlled for the 

effect of current coopetitors on the governance negotiation outcome. The relative direct 

coopetitors variable is the absolute difference between the number of coopetitive relationships 

of two focal firms. Diversity along the skill and competence-based dimensions of a firm is a 

relevant predictor of its actions and outcomes (Golden and Zajac, 2001). Technology breadth 

and market breadth have been found to potentially affect value appropriation (Diestre and 
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Rajagopalan, 2012). We use the following formula to measure technology breadth: 

   i j i jT T T T   , where iT  is defined as the profile of the technological classes of firm i 

in the year t-5 to t-1. Thus, the technology breadth measures the number of technological 

areas that two focal firms operate outside their common areas. Similarly, We use the 

following formula to measure market breadth:    i j i jM M M M   , where iM  is 

defined as the profile of product categories of firm i in the year t-5 to t-1. The product 

categories are indicated by SIC Codes. Thus, market breadth measures the number of 

production areas that two focal firms operate outside their common areas. Patent stock, Firm 

age, Employees and R&D were log-transformed to remove skewness for all the analyses. All 

the variables are measured at the firm dyad level. 

4.4.3. Analysis strategy 

A logit model was conducted to assess the impacts of the independent variables on the 

likelihood of a coopetition tie being equity based. The general specification of this model is as 

follows: 
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where  1iP M   means the probability that coopetition i is equity based and iX  represents 

the vector of independent variables. The beta coefficients in this model represent the change in 

the logarithmic odds of the dependent variable when there is one unit change in the independent 

variable. A variable’s positive coefficient indicates its propensity to promote equity coopetition. 

On the other hand, a variable’s negative beta coefficient indicates its propensity to promote 

non-equity-based coopetition. 

4.5. Results 

Table 4.1 shows the descriptive statistics and correlations among all the variables. The 
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descriptive statistics present pre-standardized means and standard deviations, though all 

variables are standardized for the subsequent regression analyses. The mean VIF for a linear 

model is 1.42 with a maximum of 2.08; these numbers are well below the suggested thresholds 

where multicollinearity may introduce problems. 
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Table 4.1. Descriptive Statistics and Correlations 

 Mean SD 1 2 3 4 5 6 7 8 9 10 11 

1 Equity 0.344 0.475 1           

2 Knowledge stock 85.628 241.367 0.004 1          

3 Firm age 33.683 35.598 0.010 -0.077 1         

4 Collaboration density 0.239 0.374 -0.095 0.496*** 0.006 1        

5 Firm efficiency 0.293 0.376 0.060 0.388*** -0.093 0.265*** 1       

6 Employees 52.230 109.401 -0.009 0.099 -0.047 0.157** 0.228*** 1      

7 R&D 721.327 1385.430 -0.055 -0.028 0.174** 0.126** 0.229*** 0.448*** 1     

8 Direct coopetitors 0.429 0.896 0.031 0.227*** -0.088 0.049 0.056 0.044 -0.093 1    

9 Technology breadth 18.403 45.735 0.027 0.589*** -0.104 0.289*** 0.242*** 0.121** 0.099* 0.201*** 1   

10 Market breadth 2.459 2.481 0.009 0.001 -0.039 0.047 0.062 0.177*** 0.355*** -0.083 0.263*** 1  

11 Centrality .003 0.013 0.182*** -0.057 -0.076 -0.072 0.045 0.019 -0.061 0.374*** -0.040 0.145** 1 

12 Structural autonomy 0.133 0.238 0.135** 0.139** -0.029 0.051 0.005 -0.057 -0.043 0.565*** 0.123* -0.032 0.161** 

Note: + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001. All the variables are measured by relative value at the dyad level. 
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Table 4.2 reports the results of the Logit regression. All variables are standardized before 

their entry into regression. Model 1 in Table 4.2 is a baseline specification including only the 

control variables, and Models 2 and 3 introduces two core independent variables to test our two 

hypotheses. Model 4 is the full model. Hypothesis 1 predicts a positive relationship between 

relative centrality and equity coopetition design. Model 2 in Table 4.2 shows that relative 

centrality takes a positive sign and is statistically significant, supporting H1 ( = 0.709, p < 

0.05). Hypothesis 2 predicts a positive effect of relative structure autonomy on equity 

coopetition design. Consistent with our expectation, the coefficient of relative structure 

autonomy in Model 3 is positive and statistically significant ( = 0.445, p < 0.05), supporting 

H2. These findings persist in the fully specified Model 4. 

Table 4.2. Regression Results 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Knowledge stock 0.078 0.156 0.088 0.174 -0.147 0.246 

 (0.216) (0.219) (0.218) (0.222) (0.097) (0.233) 

Firm age 0.107 0.124 0.113 0.135 -0.020 0.155 

 (0.168) (0.171) (0.169) (0.174) (0.073) (0.174) 

Collaboration density -0.395* -0.381* -0.420* -0.412* -0.005 -0.383* 

 (0.196) (0.199) (0.198) (0.203) (0.078) (0.202) 

Firm efficiency 0.211 0.146 0.231 0.168 0.126+ 0.125 

 (0.194) (0.178) (0.197) (0.181) (0.075) (0.199) 

Employees 0.197 0.190 0.254+ 0.254+ 0.003 0.247+ 

 (0.148) (0.150) (0.153) (0.156) (0.067) (0.155) 

R&D -0.116 -0.066 -0.142 -0.091 -0.126+ -0.042 

 (0.163) (0.166) (0.168) (0.173) (0.071) (0.178) 

Direct coopetitors -0.060 -0.292 -0.366 -0.744** 0.400*** -0.850** 

 (0.160) (0.204) (0.222) (0.292) (0.093) (0.333) 

Technology breadth 0.122 0.167 0.136 0.201 -0.110+ 0.235 

 (0.148) (0.151) (0.150) (0.154) (0.069) (0.158) 

Market breadth 0.152 0.041 0.159 0.031 0.257*** -0.100 

 (0.162) (0.180) (0.164) (0.185) (0.074) (0.211) 

Centrality  0.709*  0.797*  1.133* 

  (0.350)  (0.357)  (0.573) 

Structural autonomy   0.445* 0.562** -0.150 0.610** 

   (0.198) (0.211) (0.087) (0.219) 

Geographic density     -0.218**  

     (0.072)  

Coopetition ties     0.204**  
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     (0.075)  

Constant -0.785*** -0.739*** -0.848*** -0.817*** -0.068 -0.829*** 

 (0.202) (0.212) (0.207) (0.219) (0.089) (0.208) 

Log likelihood -113.41 -108.11 -110.80 -104.29 0.24 (R2) -108.78 
Note: + p < 0.1; * p < 0.05; ** p < 0.01; *** p < 0.001.  

All the variables are measured by relative value at the dyad level. 

Standard errors are in parentheses. 

However, there is a possibility that the key independent variables relative centrality and 

structural autonomy might be endogenous. Some researchers have suggested that the network 

position that firms occupy is related to various environment-specific and firm-specific factors 

that may also affect their coopetition strategy (Bengtsson and Kock, 2000; Bouncken and 

Fredrich, 2016; Gnyawali et al., 2006). Because the coopetition network embeddedness might 

be affected by some unobservable elements that are not in the choices of control variables, 

centrality and structural autonomy might have strong correlation with the error term in the 

regression model. We test for exogeneity of the two independent variables: centrality and 

structural autonomy. Using the Stata command “estat endogenous”, we found that in our all 

regression models, the Wu-Hausman test statistics show that the p-values are greater than 0.10 

for structural autonomy, which indicates that our data reject structural autonomy as an 

endogenous variable (e.g., p = 0.34 in full model). As such, the variable structural autonomy is 

treated as an exogenous variable in the current analysis. However, the Wu-Hausman test 

statistics show that most of the p-values are smaller than 0.10 for structural centrality (e.g., p = 

0.06 in full model), which shows the endogeneity of centrality. To cope with that, we use the 

IV-2SLS regression method. The first step we performed is to find appropriate instruments. An 

appropriate instrument should not have a direct impact on the main dependent variable (i.e., the 

equity coopetition design). However, it should directly correlate with our endogenous variable 

(i.e., centrality). We use Geographic Density and Coopetition Ties as our instruments. 

Geographic Density is calculated as the total number of solar PV firms co-located in the same 

countries or regions where the two firms are. Coopetition Ties is calculated as the total number 
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of coopetition ties between all sample firms in each period. These two instruments were used 

because the number of surrounding firms and relationships are more likely to influence the 

network property of two focal firms, but they are less likely to influence the design of their dyad 

coopetition. From an empirical perspective, we first include the two instruments, Geographic 

Density and Coopetition Ties, as main regressors and then run the regression model on the 

equity dummy variable. Although this regression is required in the IV estimation, it can be seen 

as a pre-test and the analysis result suggests that Geographic Density and Coopetition Ties do 

not have direct statistically significant impacts on the equity coopetition design. Second, we 

performed the first-stage IV analysis, which indicate that both Geographic Density and 

Coopetition Ties have significant effects on centrality. The result of first-stage IV estimation is 

displayed in Model 5 in Table 4.2. Third, we also test for under-identification (i.e., the 

Anderson canonical correlations test) and weak instruments (i.e., the Cragg-Donald Wald F 

test). The Anderson canonical correlations test shows that p-values in the under-identification 

test are smaller than 0.01, and the Cragg-Donald Wald F value is 17.64, which suggest the 

sufficient relevance of the two instruments with centrality (Stock and Yogo, 2002). The result of 

the second-stage IV estimation is displayed in Model 6 in Table 4.2. Our result remains 

supported in the robustness check. 

4.6. Discussion and conclusions 

We investigate how the coopetition network affects coopetition governance, focusing on 

whether the relative coopetition network results in resource symmetry and raises the 

possibility of using the equity design in coopetition. Although the previous coopetition 

research highlighted the importance of the coopetition network, few studies systematically 

examine the impact of the coopetition network on coopetition governance. The results support 

our prediction that, within a coopetitive relationship, greater relative network centrality and 
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structural autonomy increase the likelihood that a coopetition is equity-based. 

The core contribution of this study is that we connect coopetition network research and 

coopetition dyad research. The threat of opportunism in coopetition has spurred many studies 

in management, strategy, and innovation. First, the majority of studies have focused on 

coopetition network research, especially the effect of the coopetition network structure on the 

organization’s behavior and performance, such as centrality, structural holes and size 

(Bouncken and Fredrich, 2016; Sanou et al., 2016). This line of research suggests that the 

different position of a firm in a coopetition network shapes its bargaining power, status, 

resources and information. Another line of research focuses on coopetition dyad research, 

especially regarding how a firm chooses a coopetitor to maximize their value creation and 

minimize their value appropriation (Gnyawali and Park, 2009; Padula and Dagnino, 2007; 

Wilhelm, 2011). 

However, these two lines of research are relatively independent from each other. Some 

scholars, however, have realized that formulating and governing the relationship of two firms 

has to consider the broader network, in which this relationship is embedded. For example, 

Polidoro et al. (2011) argued that network properties, such as centrality, can result in status 

asymmetry, thereby increasing the risks of relationship dissolution. Ahuja et al. (2009) 

suggested that the asymmetries of network centrality can affect the design of dyad joint 

ventures. In this study, we contribute to connecting the network-level and dyad-level research 

by including coopetition network structures as important antecedents of governance choices. 

This study introduces coopetition network centrality and structural autonomy as sources of 

asymmetries and opportunistic behaviors, showing how these asymmetries impact dyad-level 

equity governance designs.  

The findings also have practical implications for firms’ managers and policy makers. The 

findings confirm that the coopetition network of firms can influence their coopetition 
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governance decision. Managers should attend to, for instance, the structures of the coopetition 

network in which their firms are embedded. For example, when engaging in coopetition with 

more central firms in the coopetition network, a firm could adopt equity-based agreements to 

control and monitor these coopetitors. As coopetition continues to grow in importance, the 

ability to build the coopetition network and choose the right coopetition governance structure 

may be one of the critical skills for the managers of the future. For policy makers, the status 

and information asymmetries should be considered in effective policymaking in terms of the 

coopetition network. They might make policies to influence the coopetition network 

structures and help firms to encounter these asymmetries.  

This study, similar to others, has several limitations and points to several opportunities for 

future research. First, we have not explored other types of network embeddedness (e.g., density) 

of coopetition networks as antecedents of coopetition governance. Future research could 

examine if the role of other different network embeddedness in affecting coopetition 

governance differs. Second, this paper only focused on the ownership mode as a coopetition 

governance mode, but future research could study more dimensions of coopetition governance, 

such as designing the coopetition scope and task interdependence. Third, although our 

hypothesis concerning the equity structure of coopetition relied on an established and 

empirically validated argument that coopetition network characteristics result in status and 

information asymmetry, our data did not allow us to observe the status and information of firms 

involved in coopetition. The results support the theoretical arguments, yet a better and deeper 

understanding of the mechanisms that underlie the observed impacts of coopetition network 

structures is needed to further validate and test the causal inferences of our study. Last but not 

the least, one interesting open question of this study is the role of the country-level environment. 

For example, for choices of ownership modes, international business research has already 

indicated the importance to consider institutional variables. It is important for future research to 
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consider the geographical context in this area. 
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Chapter 5 Discussion of Dissertation 

In this concluding chapter, we first discuss how the findings of the three studies contribute to 

the initial research aim. Subsequently, we elaborate on the primary methodological 

contributions of the dissertation. We also discuss practical contributions. Finally, we provide 

important avenues for future research. 

5.1. Overview of Findings  

In chapter 2, we explicitly consider the heterogeneity of coopetitors in terms of technological 

and market overlap with the focal firm. We found that a focal firm with more technological 

overlap with coopetitors is more likely to absorb its coopetitors’ knowledge to generate 

technological performance, but up to a certain point, it may become counterproductive when 

technological overlap is increasing, as it confronts more technological value appropriation risks 

than technological value creation opportunities. Furthermore, a firm’s market overlap with 

coopetitors moderates this inverted U-shaped relation between technological overlap and 

technological performance. Specifically, the inverted U-shaped relation steepens as the market 

overlap increases, indicating the technological value creation and appropriation mechanism of 

technological overlap will be intensified in a setting of high market overlap.  

In chapter 3, we explored the significance of a firm's indirect coopetition network in 

knowledge recombination. We find that the size of the indirect coopetition network negatively 

5 Chapter 5 
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influences the recombinant capabilities. We further find that when a firm’s internal CN 

small-world quotient increases, the relationship between the size of the indirect coopetition 

network and knowledge recombinant capabilities becomes less negative. In the post hoc 

analysis, we observed an inverted U-shaped relation between the size of a firm’s direct 

coopetition network and its knowledge recombinant capabilities. These results provide 

support that decomposition of a firm's coopetition network (i.e., direct versus indirect ties) 

and identification of the content transmitted through each type of tie is particularly important. 

The findings also highlight the importance of considering the interactions between internal and 

external network structures.  

In chapter 4, we explored the impact of the firms’ network position on the governance 

choice in specific coopetitive dyads. We empirically test our hypothesis at the dyad level in the 

global solar photovoltaic industry between 1995 and 2015. The results support our prediction 

that increased relative centrality and structural autonomy between coopetitors increase the 

possibility of using equity structures in coopetitive relationships. These results indicate that, to 

better understand governance decisions at the dyad level, it is crucial to fully consider the 

broader and wider network structure in which this dyad is embedded. 

5.2. Theoretical Contributions 

We conducted three projects in which we ventured well beyond the traditional scope of the 

extant coopetition studies. Below, we discuss how this dissertation contributes to an improved 

understanding of coopetition by generating new insights into (i) the fundamental trade-off 

between value creation and appropriation in coopetition and (ii) the network aspects of 

coopetition. 

5.2.1. Value Creation and Appropriation in Coopetition 

Our study contributes to the perspectives of value creation and appropriation in coopetition. 
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Value creation can be seen as a collective activity in which the parties jointly build a basis for 

improving its potential, while value appropriation is considered to be an individual activity, 

where individual actors compete for appropriating the total value that has been collectively 

created (Estrada et al., 2016; Ritala and Hurmelinna-Laukkanen, 2013). The tension between 

value creation and value appropriation has received increasing scholarly attention in 

coopetition research (e.g. Bengtsson, Raza-Ullah and Vanyushyn, 2016; Ritala, 2012; Park et 

al., 2014a). For example, Estrada et al. (2016) showed that coopetition strategy is successful 

when internal knowledge diffusion and formal knowledge protection are both present, 

because firms can obtain knowledge combination values while preventing unintended 

knowledge leakages. Ritala (2012) argued that the tension in coopetition may be dependent on 

the business environment factors, such as market uncertainty, network externalities and 

competition intensity. Park et al. (2014a) suggested that maintaining a balance between the 

extent of competition and cooperation can help in managing coopetition tension. 

We enrich the ongoing debate on the tension or trade-offs between value creation and 

appropriation in coopetition research in two important ways. In Chapter 2, by juxtaposing value 

creation and appropriation mechanisms, we emphasize the role of coopetitor heterogeneity. 

Prior research has mainly considered competitors as a rather homogenous group. In this study, 

we deviated from extant coopetition research by explicitly conceptualizing coopetitors as a 

heterogeneous group. In particular, we argue that value creation and appropriation between a 

focal firm and its competitors can substantially vary depending on their technological and 

market overlap with coopetitors. This project demonstrates that it is important for coopetition 

research to study the roles of two types of heterogeneity in the coopetition portfolio in the value 

creation and appropriation processes. Our findings show that the two types of heterogeneity of 

coopetitors are not independent but are intertwined in their impact on a firm’s breakthrough 

inventions. Together, these findings indicate that to improve our theoretical understanding of 
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coopetition and its performance implications, it is important to acknowledge the heterogeneity 

among coopetitors and how this can shape the value creation and appropriation mechanisms.  

Whereas we focused on the direct coopetition ties in chapter 2, we moved to the indirect 

coopetition ties in chapter 3. We propose that an extensive indirect coopetition network might 

increase value appropriation risks rather than generate additional value creation opportunities. 

Our findings in chapter 3 note that the previous coopetition research, exclusively focusing on 

the direct coopetition network, might have underestimated the total value appropriation risks 

of coopetitive activities. In summary, considering the indirect coopetition network provides us 

with a more thorough understanding of the value appropriation risks associated with 

coopetition, which cannot be seen when exclusively focusing on direct coopetition. Moreover, 

this project highlights that the strength of the value appropriation risks resulting from external 

coopetition networks is contingent on the internal network structures. In summary, the findings 

of chapter 3 suggest that, to further improve our theoretical comprehension of the value creation 

opportunities and value appropriation risks of coopetition, it is important to consider different 

types of networks and their interactions. 

5.2.2. Toward a Network Perspective on Coopetition 

Firms are increasingly establishing cooperative relationships with their competitors, leading to 

the formation of coopetitive networks. Scholars have recently noted the need to study 

coopetition using the network perspective (Gnyawali et al., 2006; Hyacinthe et al., 2016). They 

argued that the coopetition network possesses some unique structural and competitive 

characteristics, which require scholarly attention. Gnyawali et al. (2006), for example, showed 

that coopetition network structures of two actors in networks could reflect their resource 

asymmetries and that these asymmetries are related to the firms’ competitive behaviors. 

Hyacinthe et al. (2016) examined the impact of centrality of a firm in the coopetition on the 

firm’s competitive aggressiveness and market performance. 
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    We build on the coopetition literature and develop a network perspective on coopetition. 

First, in chapter 3, we make a clear distinction between direct and indirect coopetition 

networks and, therefore, contribute a more holistic network perspective on coopetition 

research. Some network researchers have argued that both direct and indirect ties also play 

vital roles for firm behavior and performance (Ahuja, 2000; Hirst et al., 2015; Singh, 2005), 

while the coopetition networks research, relatively speaking, overlooked the impact of 

indirectly linked coopetitors (Hernandez et al., 2015), such as their value appropriation risks. 

We advance the coopetition network research by studying the impact of indirect coopetition 

networks on the knowledge recombinant capabilities of focal firms. Our central contribution is 

to use a network perspective and introduce the indirect coopetition network to provide us with 

a better understanding of the value appropriation risks associated with coopetition.  

Second, our work offers an internal and external network view of coopetition, which is 

rarely studied in the coopetition literature. We propose that the impact of an external 

coopetition network is contingent on the internal network structures of firms. We show that the 

impacts of the direct and indirect coopetition networks on knowledge recombinant capabilities 

vary depending on the structure of the collaboration and technology networks, adding another 

layer in understanding coopetition. We complement the previous coopetition insights by 

pointing to the focal firms’ internal structure as an additional intervention mechanism to 

address value appropriation concerns at the network level. Further, considering value creation 

and appropriation in external coopetition, this study highlights the different moderating 

mechanisms of internal network structures from both social-based and technology-based search 

perspectives. This paper responds to Wang et al. (2014)’s call for attention to these two types of 

knowledge-based searches. Interestingly, the results show that a small-world structure of CN 

and TN exerts contradictory moderating effects on the relationships between direct and indirect 

coopetition networks and knowledge recombinant capabilities. 
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    Finally, in chapter 4, we improve our theoretical understanding of a coopetition network 

and examine how it affects coopetition governance. Although the recent network literature has 

begun to emphasize how network characteristics influence the focal firm’s value capture rights 

in negotiations (Ozmel et al., 2017), our work extends the impact of the coopetition network 

property to the dyad level by linking the coopetition network to how two focal firms design 

their coopetition mode. We suggest that a firm’s position in a coopetition network not only 

influences its resources but also presents implications for its relationship design with other 

coopetitors. Although collaboration networks among rivals are just one type of network among 

various different types of networks, it has unique patterns of resource and information flows in 

it. Firms are embedded in a coopetition network, which brings about both opportunities and 

constraints. Prior coopetition research has heavily focused on the performance implications of 

coopetition networks (Hyacinthe et al., 2016). However, much less attention has been paid to 

the actual governance implications of such networks, although appropriation concerns are 

likely to be very outspoken in this particular context. We connect insights from coopetition 

networks and coopetition governance, which can help us to understand how the coopetitors may 

address and respond to the increasing risk concerns from the coopetition network. 

5.3. Methodology Contributions 

The thesis offers a number of methodological contributions that have the potential to advance 

our knowledge of coopetition. First, we build a unique dataset by mapping all the alliances in 

the solar PV industry. Relying on solar PV-related items, we obtained alliance data formed 

between 1995 and 2015 in the solar PV field by manually coding 57,689 news articles within 

the LexisNexis database. The number of solar PV alliances obtained in LexisNexis is twice that 

in the SDC Platinum database, suggesting that the LexisNexis database is a necessary 

complement. Considering company name variance, we matched each firm with a unique BVD 
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ID in the Orbis database. This approach overcame some limitations of the commonly used SDC 

database, such as missing information about alliances, occasional errors, and lack of specific 

industry classifications (e.g., the solar PV industry) (Anand and Khanna, 2000; Schilling, 

2009).  

Second, we suggest that the network methodology provides a better empirical 

understanding of coopetition activities. For example, in chapter 3, we constructed coopetition 

networks and examined the roles of the direct and indirect connections of focal actors in a 

firm’s knowledge recombination activities. In chapter 4, we applied the logic of the coopetition 

network perspective to dyadic coopetition governance. To test our arguments about the effect of 

the relative network position on coopetition governance, we used two network measures: (i) 

eigenvector centrality and (ii) structural autonomy. These two distinct network measures 

correspond to different types of network benefits: eigenvector centrality corresponds to status 

whereas structural autonomy is related to information. In summary, social network theory helps 

to propose new research questions in coopetition research, and social network methodology, 

such as an advanced toolbox, enables us to address these research questions empirically. It is 

time to fully exploit these opportunities in coopetition research. 

Third, analysis of patents is a core aspect of our methodological approach. We collected 

worldwide patent data related to solar PV from the PATSTAT database. To calculate 

breakthrough inventions, we aggregated patents to the patent family level and relied on patent 

citations to measure the novelty of the inventions. Studying patent families provides a more 

accurate approach than studying a single patent office, as solar PV firms tend to patent widely 

worldwide. Further, patents represent codified knowledge that has been publicly revealed 

through the publication of patent documents. Each patent is assigned to several standard 

technological subclasses through observing some specific technological components and topics 

related to the patent. We relied on patent classifications to construct our internal network 
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measures. In this way, we deviated from prior citation-based studies on technology networks, 

which solely rely on citation networks (Chang et al., 2009). This approach can overcome the 

citation bias from different patent offices.  

5.4. Practical Contributions 

Based on our findings, we recommend that managers apply a network perspective when 

considering coopetition and its role in innovation strategies. Using a coopetition network 

perspective is critical for firm managers because, if managers only look at traditional dyadic 

relationships, or even the traditional direct dyadic relationships, they ignore several benefits or 

vulnerabilities arising from a firm’s broader coopetition network. Thus, effective design and 

management of coopetition networks requires paying attention to structural network issues that 

move beyond traditional dyadic (and triadic) approaches.  

First, as for choosing nodes (coopetitors) in a network architecture, effectively 

determining coopetitors (both direct and indirect) can play an important role in helping a firm 

build and maintain an innovation advantage by maximizing value creation and minimizing 

value appropriation. When the goals of allying with coopetitors are to develop breakthrough 

inventions, our study points to the relevance of choosing moderately similar coopetitors in 

terms of technology. Moreover, the evidence suggests that to maximize knowledge 

recombination, firms should not ignore the coopetitors that are indirectly linked with the first 

tier coopetitors of the focal firm. They should limit their openness to those direct coopetitors 

who expose the focal firm to extensive indirect risks.  

Second, our analyses indicate that managers should pay attention to the potential 

opportunism risk from structural imbalance in coopetition networks. These considerations and 

concerns play a role in the design of coopetition networks.  

Third, the structural embeddedness (e.g., centrality and structural holes) levels of potential 
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coopetitors are important factors to consider when the focal firm aims to prevent unintended 

knowledge leakage. Managers need to understand how to make effective governance decisions 

when alliance members have the potential to act opportunistically.  

Fourth, our results indicate that to maximize the returns on external networks, managers 

also need to pay attention to their internal collaborative networks. Shaping a firm’s internal 

collaboration network (by promoting specific interpersonal collaboration) or internal 

technology network (by amending technological topics and trajectories) is also an important 

decision that can affect the value creation and appropriation processes. Although preliminary, 

our analysis suggests that a complete and accurate understanding of the firms’ innovation 

strategy requires the adoption of a network perspective that considers the external coopetition 

networks and internal networks. 

5.5. Future Research Directions 

Based on the studies in this dissertation, we identify important avenues for future research. First, 

complementing secondary data with more primary data on this topic is a fruitful avenue for 

future research. Specifically, in chapter 2, whereas we heavily relied on value creation and 

appropriation arguments in our theorizing, the nature of our data did not allow for explicitly 

measuring these mechanisms. In chapter 3, since we use historical patent data, we cannot 

directly observe social interactions.  

Second, other important variables and mechanisms need to be investigated in future 

studies. For example, in chapter 2, by focusing on the technological and market overlap, we 

mainly theorized how the selection of particular coopetitive partners influences the focal firms’ 

ability to address associated value creation opportunities and value appropriation risks. 

However, existing research provides evidence that such issues can also be actively managed by 

implementing particular structural or relational governance mechanisms. In other words, focal 
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firms could counteract the potential risks of a certain partner in terms of technological and/or 

market overlap by introducing particular governance mechanisms. In-depth research into the 

interaction between the composition of the coopetition portfolio and the active management of 

such a portfolio, therefore, is a fruitful avenue for future research. In chapter 4, we focus on 

centrality and structural autonomy, which are the most common measures of a firm’s network 

structures, but there are other network structures, such as cohesion and strength of ties. Future 

research could attempt to understand if the role of other different network embeddedness in 

affecting coopetition governance differs. 

Finally, coopetition could favor different types of innovation and capabilities. In this 

dissertation, we already looked at the influence on breakthrough inventions and knowledge 

recombinant capabilities, but other forms of innovation and capabilities should be analyzed, 

such as exploratory or exploitive innovation. Does the coopetition network have different 

effects on exploratory and exploitative innovation? Further research is needed in this domain to 

help us fully understand how coopetitive relationships in exploratory and exploitative 

innovation facilitate or hinder either the creation or appropriation of value. 
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Chapter 7 Summary 

Coopetition strategy has been a core issue in strategic alliance research as firms are 

increasingly involved in simultaneous pursue of cooperation and competition. Empirical 

studies on the relationship between coopetition strategy and firm innovation are rare. Some 

research suggests that coopetition is beneficial to firm innovation, while some other studies 

show the contrary that firm innovation may suffer due to the knowledge leakage and strong 

contradictions inherent in such relations. Therefore, there is a clear need to look in depth at 

whether and to what extent coopetition strategy would be beneficial for firm innovation 

performance. Further, previous studies mainly focused on the influence of coopetition strategy, 

while very few empirical studies have systematically examined how to govern coopetitive 

relationships. The purpose of this thesis is to substantially advance our understanding of 

coopetition in innovation and create new insights about coopetition governance. To address 

these research objectives, we conduct three empirical projects on coopetition strategy, using 

unique and extensive data from the solar PV industry. 

7.1. Project 1: Not Every Coopetitor Is the Same 

Although the importance of coopetition in helping firms to develop their abilities to 

effectively pursue innovation has been recognized (Gnyawali and Park, 2009), current 

theoretical and empirical research often conceptualized coopetitors as a homogenous group. 

We, however, expect that the level of coopetition may vary considerably in different 
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dimensions, and these variations can affect the impact of coopetition on breakthrough invention. 

To address this important research gap, we introduce our key constructs — i.e., technological 

and market overlap with coopetitors. Drawing on the value creation and value appropriation 

literature, we investigate how a firm’s technological and market overlap with coopetitors 

influence its breakthrough inventions.  

First, we hypothesize the inverted U-shaped relationship between a firm’s technological 

overlap with coopetitors and its breakthrough inventions. We argue that, as technological 

overlap between the focal firm and its coopetitors increases, it will experience more 

opportunities to recombine knowledge with marginal diminishing returns and experience 

higher risks of unintended knowledge transfer. In our second hypothesis, we propose that 

market overlap with coopetitors moderates this curvilinear relationship, such that the inverted 

U-shape is steepening when market overlap with coopetitors is higher than lower. 

Using a sample of 323 firms in the global solar PV industry, we show that the focal firm’s 

technological overlap with coopetitors has an inverted U-shaped relationship with its 

breakthrough inventions. Moreover, we find that higher market overlap with coopetitors 

steepens this inverted U-shaped relationship. The results show the value creation and value 

appropriation mechanisms of technological overlap are amplified by market overlap. This 

study extends current coopetition research by making more fine-grained distinctions between 

coopetitors. We move away from extant coopetition research by conceptualizing coopetitors as 

a heterogeneous group. This study also provides a possible solution for firms to build a 

coopetition portfolio by optimizing the multifaceted overlap with their coopetitors, in order to 

maximize value creation opportunities and minimize value appropriation risks. 

7.2. Project 2: Toward a Network Perspective on Coopetition 

Coopetition research traditionally focused on direct coopetition activities, assuming that 

the direct coopetition network determines value creation and appropriation in knowledge 
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recombination. In contrast, taking the social network literature, we argue that when a firm’s 

indirect coopetition network and internal network structures are considered, its knowledge 

recombination capabilities may change considerably.  

Based on insights from knowledge network theory, we argue that the indirect coopetition 

network strengthens the bargaining power of the focal firm’s direct coopetitors, thereby 

weakening the focal firm’s ability to appropriate value from coopetition and increasing the risks 

of knowledge leakage from the focal firm to the direct competitors. Therefore, the indirect 

coopetition network is expected to hamper the knowledge recombinant capabilities of the focal 

firm. Furthermore, we expect that when a firm’s internal CN small-worldliness is high, its 

associated social complexity gives rise to knowledge ambiguity and inimitability, allowing the 

focal firm to prevent the leakage of its knowledge to direct coopetitors. In contrast, we propose 

that when TN small-wordiness is high, disclosing some components triggers a high 

appropriation risk that direct competitors can have a rich understanding of the broader 

technological portfolio of the focal firm. 

Using a longitudinal data set collected in the global solar PV industry (1995–2016), we 

find the size of a focal firm’s indirect coopetition network has a negative relationship with its 

knowledge recombinant capabilities. This relationship is positively moderated by firms’ 

internal CN small-world Q. We contribute in two major ways to extant coopetition literature. 

First, considering both direct and indirect coopetition networks, our findings show that the 

value appropriation risks of engaging in coopetition might be higher than prior research would 

indicate. Second, we highlight that the extent to which external coopetition networks lead to 

value appropriation risks is contingent on the internal network structures. 

7.3. Project 3: How Does the Coopetition Network Affect Coopetition Governance? 

Whereas prior research has focused on the performance implications of coopetition, this 

project shifts attention to the governance of coopetitive relationships. Following social network 
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insights, we explore the impact of firms’ coopetition network position on the governance choice 

in specific coopetitive dyads. Specifically, we focus on two networks characteristics — i.e., 

centrality and structural autonomy — and examine their impact on the governance structure of 

coopetitive relationships.  

Coopetition network structures can impact its resource asymmetries among coopetitors in 

a network. Based on this, we develop theoretical arguments that in case of high relative 

centrality, the associated status asymmetry between coopetitors is likely to trigger more 

opportunism concerns. Similarly, we argue that the information asymmetry associated with 

relative structural autonomy creates more incentives for opportunistic behavior. Given these 

opportunism challenges that are associated with asymmetries, the coopetitors are likely to turn 

to the equity design. 

We test our theoretical predictions in the global solar photovoltaic industry. We provide 

empirical evidence that the increased relative centrality and structural autonomy between 

coopetitors increase the possibility of using equity structures in coopetitive relationships. By 

documenting the importance of firms’ coopetition network positions in coopetitive governance 

design, this study provides new insights into how firms can manage the substantial value 

appropriation concerns that are associated with coopetitive strategies. 

7.4. Theoretical, Methodological and Practical implications 

Several conclusions of a theoretical, methodological and practical nature are drawn in this 

section. This dissertation makes a significant contribution to coopetition research. Frist, we 

advance the understanding of value creation and value appropriation in the innovation 

collaboration with coopetitors. We considered the coopetitor heterogeneity and juxtaposed 

value creation and appropriation mechanisms by introducing a firm’s technological and market 

overlap with coopetitors in this thesis. Acknowledging the heterogeneity of coopetitors can 

help us depict the value creation and appropriation mechanisms more clearly. 
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Second, this dissertation highlights how the innovation performance and coopetition 

design of firms are influenced in important ways by the coopetition networks in which they are 

embedded. Prior research exclusively emphasized direct coopetition network. As such, there 

are still some theoretical and empirical gaps in our understanding of value creation and 

appropriation with coopetitors in indirect coopetition network. To respond to the challenges, we 

focused on indirect coopetition network and investigated its potential value appropriation risks 

and possible remedies from organizing internal network structures.  

Methodologically, a better and comprehensive understanding of coopetition activities 

presented in this dissertation indicates the need for network methodology. Incorporating social 

networks methodology into coopetition analysis leads to a more comprehensive view 

performance implication and behavior of the firm. Using network analysis is important for 

coopetition research because such methodology has the potential to advance the development 

of more encompassing theories of relationships among coopetitors and to make a better 

understanding of value creation and appropriation process. 

This dissertation also has several practical implications. The first practical implication 

comes from our finding that, practitioners should beware of the heterogeneity of coopetitors. In 

particular, there is a need to pay attention to the technological and market overlap of coopetitors 

with the focal firm. When the focal firm’s technological overlap with coopetitors is moderate, 

the focal firm has the highest breakthrough invention performance. In addition, market overlap 

may intervene this process. This finding suggests that firm managers may be better able to 

recognize the degree of technological and market overlap with its coopetitors. 

Furthermore, special attention of managers should be focused on external coopetition 

network of the focal firm. This dissertation help managers to gain better insights for managing 

opportunism from indirect coopetitors, who play importantly in the coopetition networks and 

may become a mechanism for opportunistic behaviors. At the same time, this finding also 



142 

 

indicates that the specific structure of internal knowledge networks could alleviate the negative 

effects of indirect coopetition networks on performance. Thus, this finding may make firms and 

mitigate the influences of value appropriation and achiever higher performance.  



143 

 

 

 

 

 

 

 

 

Hoofdstuk 8 Samenvatting 

Coöpetitiestrategie is een centraal thema in onderzoek naar strategische samenwerking 

omdat bedrijven steeds meer gelijktijdig samenwerking en concurrentie nastreven. Empirische 

studies naar de relatie tussen coöpetitiestrategie en bedrijfsinnovatie zijn schaars. Sommige 

studies maken aannemelijk dat coöpetitie bevorderlijk is voor bedrijfsinnovatie, terwijl andere 

het tegenovergestelde laten zien, namelijk dat bedrijfsinnovatie schade kan ondervinden van 

het weglekken van kennis en van ernstige tegenstrijdigheden die inherent zijn aan zulke relaties. 

Er is dus onmiskenbaar behoefte aan diepgaand onderzoek naar de vraag of en in welke mate 

coöpetitiestrategie bevorderlijk is voor bedrijfsinnovatie. Eerdere studies waren vooral gericht 

op de invloed van coöpetitiestrategie; er is maar zelden systematisch gekeken naar het bestuur 

van coöpetitieve relaties. Dit proefschrift heeft als doel onze kennis over de invloed van 

coöpetitie op innovatie te vergroten en nieuwe inzichten te genereren in het besturen van 

coöpetitie. Met het oog op deze onderzoeksdoelstellingen voeren we drie empirische projecten 

op het gebied van coöpetitiestrategie uit, waarbij we gebruikmaken van unieke en uitgebreide 

gegevens uit de sector van de fotovoltaïsche zonne-energie. 

8.1. Project 1: Niet alle ‘concullegas’ zijn gelijk 

Hoewel erkend wordt dat coöpetitie bedrijven beter in staat stelt doeltreffend te innoveren 

(Gnyawali & Park, 2009), worden coöpetitoren in bestaand theoretisch en empirisch onderzoek 

vaak voorgesteld als een homogene groep. Wij denken echter dat de mate van coöpetitie in 
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verschillende dimensies aanzienlijk kan verschillen en dat die verschillen van invloed kunnen 

zijn op de impact van coöpetitie op baanbrekende innovaties. Om deze onderzoekskloof te 

overbruggen, presenteren wij onze belangrijkste denkbeelden, technologische en 

marktoverlapping met coöpetitoren. Met behulp van literatuur over waardecreatie en 

waardetoe-eigening onderzoeken wij de invloed van technologische en marktoverlapping 

tussen een bedrijf en coöpetitoren op de baanbrekende innovaties van dat bedrijf.  

Ten eerste nemen we aan dat de relatie tussen de technologische overlapping van een 

bedrijf met coöpetitoren en de baanbrekende innovaties van dat bedrijf de vorm van een 

omgekeerde U hebben. We betogen dat naarmate de technologische overlapping tussen de focal 

firm (centrale ketenspeler) en zijn coöpetitoren toeneemt, de focal firm meer gelegenheden zal 

hebben tot het opnieuw combineren van kennis met marginale afnemende opbrengsten en 

hogere risico's van onbedoelde kennisoverdracht. Onze tweede aanname is dat 

marktoverlapping met coöpetitoren zodanig van invloed is op deze kromlijnige relatie dat de 

omgekeerde U-vorm steiler wordt naarmate de marktoverlapping met coöpetitoren hoger is in 

plaats van lager. 

Op basis van een steekproef van 323 bedrijven in de wereldwijde sector van fotovoltaïsche 

zonne-energie tonen we aan dat de relatie tussen de technologische overlapping van het bedrijf 

met coöpetitoren en baanbrekende innovaties van het bedrijf een omgekeerde U-vorm heeft. 

Bovendien concluderen we dat een grotere marktoverlapping met coöpetitoren deze 

omgekeerde U-vorm steiler maakt. De resultaten tonen aan dat de mechanismen van 

waardecreatie en waardetoe-eigening van technologische overlapping worden versterkt door 

marktoverlapping. Deze studie gaat verder dan bestaande onderzoek naar coöpetitie in het 

maken van een fijnmaziger onderscheid tussen coöpetitoren. Anders dan bestaand onderzoek 

naar coöpetitie, zien we  coöpetitoren als een heterogene groep. Deze studie reikt bedrijven 

mogelijk ook een oplossing aan om een coöpetitieportefeuille op te bouwen door de 
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rijkgeschakeerde overlapping met hun coöpetitoren te optimaliseren, met als doel zo veel 

mogelijk kansen voor waardecreatie te creëren en de risico’s van waardetoe-eigening zo veel 

mogelijk te beperken. 

8.2. Project 2: Naar een netwerkperspectief inzake coöpetitie 

Onderzoek naar coöpetitie was van oudsher gericht op directe-coöpetitieactiviteiten, ervan 

uitgaande dat waardecreatie en -toe-eigening op het gebied van het opnieuw combineren van 

kennis worden bepaald door het directe coöpetitienetwerk. Op grond van de literatuur over 

sociale netwerken betogen wij echter dat, als er gekeken wordt naar het indirecte 

coöpetitienetwerk en de interne netwerkstructuren van een bedrijf, de mate waarin dat bedrijf in 

staat is om kennis opnieuw te combineren, aanzienlijk kan veranderen.  

Op basis van inzichten uit de sociale-netwerktheorie stellen wij dat het indirecte 

coöpetitienetwerk de onderhandelingspositie van de directe coöpetititoren van de focal firm 

versterkt, waardoor het vermogen van de focal firm om zich waarde toe te eigen uit coöpetitie 

wordt verzwakt en het risico van het weglekken van kennis van de focal firm naar de directe 

concurrenten wordt verhoogd. Naar verwachting zal het indirecte coöpetitienetwerk dus de 

mate belemmeren waarin de focal firm in staat is de kennis opnieuw te combineren. Daarnaast 

verwachten we dat als de interne ‘small-worldliness’ van het samenwerkingsnetwerk van een 

bedrijf hoog is, de daarmee samenhangende sociale complexiteit zal leiden tot ambigue en niet 

te imiteren kennis, waardoor de focal firm kan voorkomen dat zijn kennis weglekt naar directe 

coöpetitoren. Wanneer de small-worldliness van het technologische netwerk hoog is, 

veroorzaakt het openbaar maken van bepaalde componenten een hoog toe-eigeningsrisico 

–directe concurrenten kunnen uitgebreid kennis nemen van de bredere technologische 

portefeuille van de focal firm. 

Op basis van longitudinale data verzameld in de wereldwijde fotovoltaïsche zonne-energie 

sector (1995-2016) constateren we dat er een negatieve relatie bestaat tussen de grootte van het 
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indirecte coöpetitienetwerk van een focal firm en de mate waarin die focal firm in staat is kennis 

opnieuw te combineren. Deze relatie wordt positief beïnvloed door het interne small-world Q 

van het samenwerkingsnetwerk van bedrijven. We dragen op twee belangrijke manieren bij aan 

onderzoek over coöpetitie. Ten eerste blijkt uit onze bevindingen, ten aanzien van zowel directe 

als indirecte coöpetitienetwerken, dat de risico's van waardetoe-eigening door coöpetitie, 

weleens hoger zouden kunnen zijn dan eerder onderzoek suggereert. Ten tweede belichten we 

dat de mate waarin externe coöpetitienetwerken risico’s van waardetoe-eigening veroorzaken, 

van invloed is op de interne netwerkstructuren. 

8.3. Project 3: Wat is de invloed van het coöpetitienetwerk op de beheersing van 

coöpetitie? 

Waar eerder onderzoek gericht was op de implicaties van coöpetitie voor de prestaties, 

verlegt dit project de aandacht naar het besturen van coöpetitieve relaties. Vanuit het perspectief 

van sociale netwerken onderzoeken we de betekenis van  de positie van coöpetitienetwerken 

voor de keuze van bestuursmodellen in specifieke coöpetitieve partnerschappen. We richten 

ons met name op twee netwerkeigenschappen – centraliteit en structurele autonomie – en 

onderzoeken de impact daarvan op de bestuursstructuren in coöpetitieve relaties.  

Coöpetitieve netwerkstructuren kunnen van invloed zijn op de uiteenlopende toegangen 

tot middelenvan coöpetitors in een netwerk. We ontwikkelen theoretische argumenten die 

stellen dat bij een hoge relatieve centraliteit, de statusasymmetrie tussen coöpetitoren 

waarschijnlijk meer problemen op het vlak van opportunisme zullen veroorzaken. Omgekeerd 

stellen we dat de informatie-asymmetrie die verband houdt met relatieve structurele autonomie 

meer prikkels genereert voor opportunistisch gedrag. Gezien deze met asymmetrieën 

samenhangende opportunismeproblemen zullen coöpetitors dus waarschijnlijk hun toevlucht 

nemen tot het equity design. 

We beproeven onze theoretische voorspellingen in de wereldwijde sector van de 
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fotovoltaïsche zonne-energie. We leveren empirisch bewijs dat de verhoogde relatieve 

centraliteit en structurele autonomie tussen coöpetitoren de kans vergroten dat equity-structuren 

in coöpetitieve relaties worden gebruikt. Door het belang van coöpetitieve netwerkposities van 

bedrijven in coöpetitieve beheersingsplannen te documenteren, levert deze studie nieuwe 

inzichten in hoe bedrijven de grote problemen inzake waardetoe-eigening die samenhangen 

met coöpetitieve strategieën het hoofd kunnen bieden. 

8.4. Theoretische, methodologische en praktische implicaties 

In deze paragraaf wordt een aantal theoretische, methodologische en praktische conclusies 

getrokken. Dit proefschrift levert een belangrijke bijdrage aan het onderzoek naar coöpetitie. 

Ten eerste vergroten we de kennis van waardecreatie en waardetoe-eigening op het gebied van 

innovatiesamenwerking met coöpetitoren. We hebben stilgestaan bij de heterogene 

samenstelling van de groep coöpetitoren en hebben mechanismen van waardecreatie en 

waardetoe-eigening naast elkaar gezet door de technologische en marktoverlapping van een 

bedrijf met coöpetitoren in dit proefschrift aan de orde te stellen. Door te erkennen dat de groep 

coöpetitoren heterogeen is, kunnen we een duidelijker beeld schetsen van de mechanismen 

voor waardecreatie en waardetoe-eigening. 

Ten tweede belicht dit proefschrift hoe de innovatieprestaties en de coöpetitieplannen van 

bedrijven in belangrijke mate worden beïnvloed door de coöpetitienetwerken waarin ze zijn 

ingebed. Eerder onderzoek was uitsluitend gericht op het directe coöpetitienetwerk. Er bestaan 

als zodanig nog steeds theoretische en empirische lacunes in onze kennis over waardecreatie en 

-toe-eigening met coöpetitoren in het indirecte coöpetitienetwerk. Om de uitdagingen aan te 

gaan, hebben we ons gericht op het indirecte coöpetitienetwerk en hebben we onderzoek 

gedaan naar de mogelijke risico’s van waardetoe-eigening en mogelijke oplossingen door het 

organiseren van interne netwerkstructuren.  

In metholodologisch opzicht wijst een beter en alomvattend begrip van 
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coöpetitieactiviteiten dat in dit proefschrift wordt gepresenteerd op een behoefte aan 

netwerkmethodologie. Door sociale-netwerkmethodologie toe te passen in coöpetitieonderzoek, 

krijgen we een completer beeld van de gevolgen voor de prestaties en het gedrag van het bedrijf. 

Voor coöpetitieonderzoek is het belangrijk gebruik te maken van netwerkonderzoek omdat 

dergelijke methodologie de ontwikkeling van veelomvattender theorieën over relaties tussen 

coöpetitoren bevordert en een beter inzicht oplevert in het proces van waardecreatie en 

-toe-eigening. 

Dit proefschrift heeft ook verschillende praktische implicaties. De eerste heeft te maken 

met onze bevinding dat beroepsbeoefenaren alert moeten zijn op de heterogeniteit van 

coöpetitoren. Er moet vooral aandacht geschonken worden aan de technologische en 

marktoverlapping van coöpetitoren en de focal firm. Bij een matige technologische overlapping 

van de focal firm met coöpetitoren, presteert de focal firm het beste op het gebied van 

baanbrekende innovaties. Marktoverlapping kan in dit proces ook meespelen. Deze bevinding 

suggereert dat bedrijfsleiders mogelijk beter in staat zijn de mate van technologische en 

marktoverlapping met zijn coöpetitoren te herkennen.  

Managers dienen bovendien speciale aandacht te hebben voor externe 

coöpetitienetwerken van de focal firm. Dit proefschrift helpt managers beter inzicht te krijgen 

in het beheersen van het opportunisme van indirecte coöpetitoren die een belangrijke rol spelen 

in de coöpetitienetwerken en een mechanisme kunnen worden voor opportunistisch gedrag. 

Deze bevinding toont gelijktijdig aan dat de specifieke structuur van interne kennisnetwerken 

de negatieve effecten van indirecte coöpetitienetwerken op de prestaties kan verzachten. 

Bedrijven kunnen de effecten van waardetoe-eigening op basis van deze bevinding dus 

verzachten en betere prestaties leveren.  
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APPENDIX A 

To test the right and left shift of the turning point of the inverted U curve when CN and TN 

small-word Q is high, we assessed whether the value 
*X

M




 as a whole is significantly different 

from zero and used “nlcom” command recommended by Haans et al. (2016). According to their 

paper, if 2 2

0 1 2 3 4 5Y X XM X M M           , then 
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1 4 2 3

2

2 42

X

M M

   

  





(here, M refers to the moderating variable). We found that the turning 

point of the inverted U relationship between the direct coopetition network and knowledge 

recombinant capabilities significantly moves left or right when CNQ or TNQ is high (CNQ: z = 

2.05, p < 0.05; TNQ: z = -2.18, p < 0.05). Furthermore, we tested the up and down shift of the 

turning point. Since Haans et al. (2016) did not provide the test, we derive a formula as follows: 
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 Using this method, we found that the up or down shift of the turning point are miniscule 

(CNQ: z = -1.30, p > 0.1; TNQ: z = 0.04; p > 0.1). 
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APPENDIX B 

Knowledge recombinant capability 

 
Size of direct coopetition network 

Figure B1. Interaction Plot of the Direct Coopetition Network and Internal CNQ 

 

 

Knowledge recombinant capability 

 
Size of direct coopetition network 

Figure B2. Interaction Plot of the Direct Coopetition Network and Internal TNQ 


