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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 



21 

 

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: 
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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 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. 
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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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