
 

 

 University of Groningen

How to swim with sharks?
Yan, Yan

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2018

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Yan, Y. (2018). How to swim with sharks? The antecedents and consequences of coopetition. [Thesis fully
internal (DIV), University of Groningen]. University of Groningen, SOM research school.

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 25-05-2023

https://research.rug.nl/en/publications/890f8c7b-7176-4f71-970b-9feaba87c11f


49 

 

 

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. 

3 Chapter 3 
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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. 

Focal 
firm 
A

B E

C D

Focal 
firm 
A

B

E

F

G

H

C D

Coopetition network 1 Coopetition network 2

 

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.  
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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

j

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): 
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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
 ( )
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Technological diversity P In
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  , 

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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