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Abstract 
In this article, we advocate a theoretical perspective that views the firm’s ego-network as a configuration of 
multiple interdependent attributes, each granting resource advantages that may complement or substitute 
one another. Collecting empirical data from the German energy industry and using fuzzy-set Qualitative 
Comparative Analysis (fsQCA), we explore how five major network attributes (size, diversity, strength, 
innovativeness, and complementarity) combine to impact firm-level innovation. Based on the empirical 
results, we specify the orchestrating themes that constitute the “internal” and “external” fit of network 
configurations. Concerning internal fit, we identify a distinct pattern of complementing and substituting 
relations between network attributes. Specifically, we find that innovation performance results from the 
firm’s network combining network size or partner diversity or tie strength, and partner innovativeness or 
partner complementarity. Concerning external fit, we demonstrate that depending on firm size and internal 
intellectual capital, there are different “optimal” network configurations for different types of firms. 

Keywords 
fsQCA, innovation, network configuration, network resources, strategic networks 

Introduction 

Management scholars have long noted that the firm’s ego-network (i.e. its portfolio of direct ties to 
partner firms) affects a variety of performance outcomes, especially innovation. The strategic net-
work perspective emphasizes that depending on the structural, compositional, and relational attrib-
utes of their ego-networks, firms can acquire valuable external resources that allow them to gain an 
advantage over their competitors (Gulati et al., 2000). Among others, research found that size (e.g. 
Ahuja, 2000), innovativeness (e.g. Stuart, 2000), and diversity of the firm’s ego-network (e.g. 
Jiang et al., 2010) positively impact innovation performance. 
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669 Reck and Fliaster 

While past studies treated the effects of such network attributes as independent from one 
another, currently, this independence assumption has become subject of criticism. In particular, 
scholars noted that “(1) real-life organizations and networks consist of multiple characteristics 
simultaneously; and (2) the combined effect of these characteristics might be to some extent differ-
ent from analyzing characteristics separately” (Pullen et al., 2012a: 921). In addition to the inter-
play between network attributes, existing literature only sparsely discussed how different firms 
might profit from different network types. Past research has been criticized for perceiving firms as 
“black boxes” and treating firm-level differences merely as a source of empirical noise (Phelps 
et al., 2012). Especially in the contexts of innovation and knowledge transfer, only few studies 
have examined how differences in firm characteristics influence the performance effects of net-
work attributes (Pittaway et al., 2004). 

To remedy those shortcomings, a growing number of scholars call for a perspective of “systemic 
fit,” understood as the multivariate interaction between network attributes, that explains if and how 
those attributes complement or substitute one another (e.g. Andrevski et al., 2016; Koka and 
Prescott, 2002; Wassmer, 2010). Rather than examining the net effects of individual network attrib-
utes, those scholars shift the focus to the joint effects of network configurations, that is, specific 
attribute combinations (Pullen et al., 2012a). At this juncture, however, the configurational per-
spective on strategic networks is still in its infancy. In particular, little is known about the exact 
combinations of attributes that constitute high-performing network configurations, as well as on 
the “orchestrating themes” (Furnari et al., 2021: 9) that underpin the interactions between network 
attributes. 

In this article, we aim to contribute to this emerging stream of research by identifying high-
performing network configurations, by analyzing the logics of “fit” underlying those configura-
tions, and by exploring combinatory patterns of network attributes that occur across different types 
of innovation-enhancing networks. Specifically, we provide answers to the following two research 
questions: 

Research Question 1. What are the combinatory patterns that constitute the “internal fit” of the 
firm’s network configuration, that is, how do network attributes complement and substitute one 
another in affecting innovation? 

Research Question 2. What are the combinatory patterns that constitute the “external fit” of the 
firm’s network configuration, that is, how do “optimal” network configurations differ depend-
ing on the firm’s internal resources? 

Our article starts by reviewing the literature on strategic networks and firm-level innovation. 
We posit that while network scholars have embraced the concept of network configurations, pre-
vailing theoretical approaches are correlational rather than truly configurational. In response, we 
propose a (neo-)configurational perspective on firms’ ego-networks and explain the central tenets 
of such a perspective. Based on those considerations, we develop a research model to explore 
how various network attributes combine with one another and with firms’ internal resources to 
affect innovation. In an empirical study in the German energy industry, we draw on fuzzy-set 
Qualitative Comparative Analysis (fsQCA) and meta-set analysis (Misangyi and Acharya, 2014) 
to uncover four major types of effective network configurations. Based on the results, we specify 
combinatory patterns within those configurations and derive theoretical propositions describing 
those patterns. 



 

 

 

 

 

 

 

  

  

 
 

 

 

670 Strategic Organization 22(4) 

Theoretical background 

Ego-network attributes and firm-level innovation performance 

For long, research has assumed that inter-firm networks have a strong impact on firm-level innova-
tion (e.g. see Phelps et al., 2012, for an overview). The main rationale is that a network of inter-firm 
ties enables the focal firm to acquire valuable external resources (e.g. Zaheer and Bell, 2005). Such 
“network resources” are embedded in the relationships and the social structure in which firms 
operate (Gulati et al., 2000). They add to and enhance their internal resource bases and thus help 
improve performance outcomes (Lavie, 2007). In the context of innovation, network resources 
usually encompass intangible assets such as technological or market-related information, know-
how, and skills (Ahuja, 2000). 

The potential for obtaining resource advantages is particularly determined by the firm’s ego-
network, that is, the immediate set of partners (Phelps et al., 2012). Although the global structure 
of network connections can play an important role (e.g. Ahuja, 2000), the ego-network captures the 
firm-specific cooperation pattern and thus serves as the “natural” unit of analysis for firm-level 
outcomes (e.g. Rowley et al., 2000). Furthermore, the ego-network is the basic component of 
broader systems of inter-firm cooperation, such as industry networks (e.g. Phelps, 2010). Hence, 
ego-networks “are fundamental to understanding and interpreting the pattern and structure of the 
overall network” (Carnovale and Yeniyurt, 2014: 2). 

Regarding the impact on firm-level outcomes, literature contends that the ego-network “is a 
complex concept comprising multiple dimensions” (Wassmer, 2010: 150). Namely, ego-networks 
encompass a range of structural, relational, and compositional attributes that are closely linked to 
the resource advantages that firms may obtain. Network resources thus do not result from one sin-
gle attribute but originate in conjunction “from the characteristics of the relationships, from the 
structure of the ego-network itself, or from alters’ characteristics” (Zaheer et al., 2010: 65). 
Accounting for this, scholars have recently started to shift the focus toward network configurations 
that “can simultaneously incorporate various attributes that jointly determine the firm’s access to 
network resources” (Andrevski et al., 2016: 812). 

Research has yielded some first insight on what optimal network configurations might look like. 
Andrevski et al. (2016) and Pullen et al. (2012a) provide evidence that network attributes on the 
structural, relational, and partner level complement one another and must appear together for firm-
level innovation. Ter Wal et al. (2016) and Xie et al. (2016), in contrast, demonstrate that different 
network configurations, each encompassing a few selected attributes, can equally result in favora-
ble outcomes. In addition, a larger number of studies investigated bilateral interactions between 
network attributes. Those works show that some network attributes have mutually reinforcing 
effects (e.g. Pullen et al., 2012b), whereas others are redundant or even conflicting in their impact 
on performance (e.g. Gilsing et al., 2008). 

In sum, several network constructs have been shown to affect firm-level innovation, with a 
number of moderating effects added in. Still, more clarity is needed on how network attributes 
simultaneously and interactively impact innovation. Particularly, previous works have largely been 
restricted to two-way or at best three-way moderation between network attributes (Andrevski 
et al., 2016) and thus leave room for efforts to better explain the more complex, multilateral inter-
actions within network configurations. On that note, we argue that strategic network research 
would profit from an appropriate theoretical lens for capturing causal complexity. In what follows, 
we thus propose a (neo-)configurational perspective (Misangyi et al., 2017) on firms’ ego-net-
works and their impact on innovation. 



 

 

 
 
 

 
 

 

 

  
 

 
 
 

 

 
  

 

 
 

671 Reck and Fliaster 

Toward a neo-configurational perspective on firms’ ego-networks 

While scholars start to adopt the notion of network configurations, the majority of strategic net-
work literature is based on the correlation-theoretic approaches that traditionally dominate man-
agement research. In essence, correlational theories aim to isolate the net effects of explanatory 
variables (e.g. network attributes) on an outcome of interest (e.g. innovation) (Ragin, 2008). By 
this, they tend “to perceive the social world mainly in terms of linear relationships that take the 
correlational form of ‘the more of X, the more of Y’” (Delbridge and Fiss, 2013: 328). While this 
perspective has proven useful for studying many organizational phenomena, correlational theories 
are limited in their ability to represent causal complexity, that is, “situations where multiple explan-
atory factors combine in complex and at times contradictory ways, and where there is equifinality, 
that is, multiple alternative paths to an outcome” (Furnari et al., 2021: 3). 

Configurational theories, in contrast, focus on deriving typologies of distinct combinatory pat-
terns of explanatory variables (Delbridge and Fiss, 2013). Such approaches have a long tradition 
in strategy literature—including, for instance, Miles and Snow’s (1978) typology of prospector, 
analyzer, and defender firms. More recently, the introduction of set-theoretic methods of analysis 
(Ragin, 2008) brought configurational approaches into the broader focus of management schol-
ars, resulting in the emergence of the neo-configurational perspective (Fiss, 2011). This perspec-
tive aims to provide a clear theoretical lens and uniform methodological standards to enable 
researchers “to more adequately theorize and empirically examine causal complexity” (Misangyi 
et al., 2017: 257). 

In this article, we apply the neo-configurational perspective to the field of strategic network 
research. The basic idea behind this perspective is that organizational settings, such as the firm’s 
ego-network, follow a logic of conjunctural causation, that is, they are best understood as constel-
lations of interdependent attributes (Furnari et al., 2021). Accordingly, organizational outcomes, 
such as innovation performance, would result from the systemic fit of the overall configuration 
rather than from any attribute in isolation (Fiss, 2011). 

There are two aspects to this notion of systemic fit. On the one hand, configurations must pos-
sess “internal fit,” that is, congruence and consistency between the involved attributes (Grandori 
and Furnari, 2008). In our case, network attributes that display such consistency may be perceived 
as “optimal” configurations, that is, “combinations of network characteristics that fit together [. . .] 
and are related to high performance” (Pullen et al., 2012a: 919). The nature of such optimal con-
figurations depends on how network attributes complement or substitute one another (Andrevski 
et al., 2016). Some network attributes may represent “alternative ways” to foster innovation 
(Gilsing et al., 2008: 1722) so that their combination would provide little to none “extra benefits” 
(Rowley et al., 2000: 372), whereas other network attributes may display mutual enhancement 
(Gulati et al., 2011). 

On the other hand, configurations require “external fit.” In our case, this means that the effec-
tiveness of a particular network configuration depends on the firm’s characteristics and strategic 
requirements (e.g. Pittaway et al., 2004). Specifically, it can be assumed “that for each set of net-
work characteristics, there exists an ‘ideal’ set of organizational characteristics [. . .] that yields 
superior performance” (Pullen et al., 2012a: 919). The notion that the effects of network configura-
tions are contingent on firm-level factors further implies equifinality, the second important aspect 
of causal complexity (Furnari et al., 2021). Equifinality describes that an outcome may be achieved 
by several different pathways (Misangyi et al., 2017). 

In what follows, we employ the lens of the neo-configurational perspective to explore patterns 
of fit within network configurations, and between those configurations and the characteristics of 
the firm. In the process, we follow the approach to configurational theorizing proposed by Furnari 
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et al. (2021). They suggest that the development of configurational theories should encompasses 
three steps: scoping, naming, and linking. As a starting point, the scoping step involves the speci-
fication of a conceptual model that includes the key attributes that form the configurations to be 
examined. For us, this means to select a set of variables that represent the “building blocks” of the 
firm’s ego-network (Grandori and Furnari, 2008: 460). The naming step then draws on empirical 
observations to label configurations that lead to an outcome of interest, while the linking step cir-
cles back-and-forth between theory and empirical evidence to explain how and why the attributes 
within those configurations connect and operate together. The result of this procedure is theory in 
the form of “causal recipes,” that is, “formal statements explaining how the causally relevant ele-
ments combine into configurations in ways to produce a target outcome” (Park et al., 2020: 1497). 

Conceptual model 

Specification of network attributes 

Following Furnari et al. (2021), the first step of configurational theorizing is the definition of a 
theory-guided conceptual model. This model should “describe which elements are important for 
the outcome of interest to occur and why, as well as which elements are causally not relevant and 
may be stripped away” (Park et al., 2020: 1498). Greckhamer et al. (2018) proposed three criteria 
for the selection of attributes. Namely, explanatory attributes should (1) be strongly grounded in 
extant theory, (2) collectively cover the most relevant theoretical perspectives on the phenomenon, 
and (3) minimize conceptual overlap with one another. 

Up to this point, strategic network research has examined the effects of a broad range of net-
work attributes. Thereby, past studies tend to categorize themselves based on the component of 
network architecture that they examine, be it the structural characteristics of the network topology 
(e.g. Ahuja, 2000), the compositional characteristics of the firm’s partner portfolio (e.g. Jiang et al., 
2010), or the relational characteristics of network ties (e.g. Tiwana, 2008). As each stream focuses 
on one individual architectural element, strategic network research is somewhat fragmented and 
ambiguous regarding the terms, concepts, and variables employed (Wassmer, 2010). 

Consequently, there is currently no established uniform framework of network attributes that 
suits the purposes of our work. In our model building, we therefore decided to take one step back 
and start by delineating the underlying mechanisms, that is, the different types of resource advan-
tages that firms can obtain from their networks (Gulati et al., 2011). In a second step, we then select 
specific network attributes that distinctively relate to either one of the defined advantages (for a 
similar approach, see Andrevski et al., 2016). Following this logic, we arguably can ensure that all 
three criteria by Greckhamer et al. (2018) are met. 

In the main, network scholars somewhat concur on what resource-based mechanisms affect 
firm-level innovation. Studies tend to explain performance effects of network attributes based on 
two major types of resource advantage: (1) resource access, that is, “the transfer bandwidth of 
network resources,” and (2) resource quality, that is, “the value of network resources furnished by 
the partner” (Gulati et al., 2011: 220). Thereby, the two types of resource advantage are perceived 
as equally important. Zaheer and Bell (2005), for instance, argue that to understand the effects of 
firms’ networks, studies should not limit their viewpoints to either resource access or resource 
quality. Instead, innovation should be explained by the firm “accessing knowledgeable others” 
(Zaheer and Bell, 2005: 811). 

In line with this notion, we argue that a configurational model of the firm’s ego-network should 
incorporate both attributes that reflect advantages in resource access and attributes that reflect 
advantages in resource quality. In sum, we propose a five-dimensional framework: “network size,” 



 

 
 

 

  

 

 

 

 
 

673 Reck and Fliaster 

“partner diversity,” and “tie strength” for capturing access-related resource advantages; “partner 
innovativeness” and “partner complementarity” for quality-related advantages. Figure 1 illustrates 
the five attributes and summarizes our theoretical reasoning. 

Regarding resource access, we followed Koka and Prescott (2002), Gulati et al. (2011), and 
Phelps et al. (2012) who name three features of network resource access—“volume,” “diversity,” 
and “depth”—as the main causes of firm-level performance. Each of the access-related attributes 
included in our model reflects one of those characteristics and thus one specific mechanism of how 
companies gain innovation advantages from their ego-networks: 

1. Network Size: Network size (hereafter “NS”), that is, the number of partners in the firm’s 
network, is associated with the volume of network resources that the firm can access (Koka and 
Prescott, 2002). With a larger network, the firm can draw from a larger pool of ideas and exper-
tise to solve innovative problems (Ahuja, 2000). Also, it is more likely to become aware of new 
solutions and opportunities early (Powell et al., 1996). Although there seems to be some thresh-
old beyond which the benefit of NS diminishes (Rothaermel and Hess, 2007), most literature 
associates a larger network with higher innovation performance (Wassmer, 2010). 

2. Partner Diversity: Innovation further depends on the diversity of know-how that firms can 
access by their ego-networks. We chose to represent this by the network attribute of partner 
diversity (hereafter “PD”) which describes the extent to which alters operate in different market 
segments, use different technologies, or take different roles along the value chain (Degener 
et al., 2018; Jiang et al., 2010; Rothaermel and Deeds, 2004). A network with high levels of PD 
opens a larger number of perspectives on innovation challenges. Consequently, the firm obtains 
more opportunities to learn and experiment, may prevent being entrenched to solutions that 
reflect the current industry “orthodoxies,” and develop product concepts and designs with sub-
stantial degrees of novelty (Faems et al., 2005). 

We consider it important to mention that there is another network attribute that has been frequently 
linked to resource diversity: Burt’s (1992) concept of structural holes, that is, the degree to which 
the firm’s partners are not connected to one another. Structural holes reduce the redundancy of 
network contacts and are thus assumed to provide a range of information benefits (e.g. Zaheer and 
Bell, 2005). On the one hand, bridges across structural holes connect the firm to different clusters 
within the network and expose it to different kinds of knowledge (e.g. Ahuja, 2000). On the other 
hand, hole-rich ego-networks indicate that the firm is positioned at a confluence point in the social 
structure and thus is able to control and mediate various information flows (e.g. Gilsing et al., 
2008). This should generally result in greater and more timely access to relevant knowledge (e.g. 
Phelps, 2010). 

As Burt’s (1992) structural hole theory encapsulates a number of information benefits, the con-
cept of structural holes has been deployed in several research models and has been helpful in deriv-
ing insight on the overall functioning of networks. However, while the condensed theoretical 
nature of the structural hole concept is useful for determining the effects of the firm’s network in 
the aggregate, this same feature makes it difficult to disentangle specific resource mechanisms 
(Gulati et al., 2011). To minimize conceptual overlap in our model, we thus decided against includ-
ing structural holes and rather focus on concepts for which the link between network attribute and 
underlying resource advantage is more clear-cut. In the case of resource diversity, recent works 
have revealed that while related, structural holes and knowledge diversity in the firm’s network are 
conceptually and empirically distinct phenomena (e.g. Ahuja, 2000; Gulati et al., 2011; Phelps, 
2010). Phelps et al. (2012), for instance, thus suggest that compositional variables are more 
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675 Reck and Fliaster 

proximal indicators of access to diverse resources than structural holes. Following this line of rea-
soning, we include PD into our research model. 

3. Tie Strength: Firms can also benefit from tie strength (hereafter “TS”), that is, the degree to 
which there are proximity of interaction, reciprocity, and trust between the firm and its partners 
(Capaldo, 2007). TS relates to the depth of resource access, that is, the extent to which firms can 
draw intensively from individual sources of knowledge (McEvily and Marcus, 2005). In the 
innovation context, relevant knowledge tends to be “sticky,” that is, difficult to codify and trans-
fer (Tiwana, 2008). Strong ties help the firm overcome transfer problems by providing a context 
conducive for collaborative learning, joint problem-solving, and sharing of fine-grained knowl-
edge across organizational boundaries (Kale et al., 2000). 

Regarding resource quality, literature portrays two different value dimensions for network 
resources. On the one hand, resource quality can be depicted as a matter of “magnitude” (Bellamy 
et al., 2014). In this perspective, performance is mainly a function of the absolute value of network 
resources, that is, the degree to which partners possess the highest level of expertise compared to 
industry standards (Stuart, 2000). On the other hand, a substantial part of strategic network litera-
ture interprets resource quality as a matter of “good match” (Fang, 2011) or “additive fit” (Mindruta 
et al., 2016). Those works assume that “[t]he same resource may be of greater value to one organi-
zation than another” (Gulati et al., 2011: 214). Based on this distinction, we include the following 
two network attributes in our research model: 

4. Partner Innovativeness: Partner innovativeness (hereafter “PI”) describes “the level of tech-
nological know-how, unique knowledge, and other innovation-related capabilities a network 
partner has accumulated over time” (Bellamy et al., 2014: 361). This network attribute is a 
frequently used indicator in studies that view resource quality as a matter of magnitude (Baum 
et al., 2000; Lavie, 2007; Zaheer and Bell, 2005). Those works argue that “innovative firms 
possess the highest quality technological capabilities” (Stuart, 2000: 794). Therefore, high lev-
els of PI provide the firm with the most viable opportunities to learn from partner firms, repli-
cate ideas, and create novel insights from the interaction (Srivastava and Gnyawali, 2011). 

5. Partner Complementarity: Partner complementarity (hereafter “PC”) describes the degree to 
which partners contribute “unique strengths and resources of value to the collaboration” (Sarkar 
et al., 2001b: 360) and thus “are able to eliminate deficiencies in each other’s portfolio of 
resources” (Lambe et al., 2002: 144). This network attribute reflects how well the resource 
bases of the firm and its partners add to each other (Pullen et al., 2012b). Complementary 
resources from network partners may allow the focal firm to extend its internal resource base 
and create combinatorial rents by leveraging its core competencies (Hitt et al., 2000). 

Selection of firm characteristics 

Regarding firm characteristics, literature most prominently highlights the firm’s internal resource 
base as an essential contingency factor for the performance effect of networks. Phelps et al., (2012), 
for instance, note, “An organization’s internal resources can moderate the knowledge-creating ben-
efits it receives from its collaborations” (p. 1135). Srivastava and Gnyawali (2011), Wuyts and 
Dutta (2014), and Zaheer and Bell (2005) also suggest that firms can leverage resource advantages 
from their networks only if they possess a strong internal capability base. Summing up those 
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Figure 2. Research model. 

insights, Gulati et al. (2011) conclude that “an organization needs sufficient internal resources to 
create value from its network resources” (p. 221). Here, we focus on two facets of the firm’s inter-
nal resource base that are widely considered as theoretically relevant: (1) intellectual capital and 
(2) firm size. Alongside the five network attributes presented above, we include both variables into 
our research model (see Figure 2). 

First, research has frequently employed concepts such as innovative capabilities (Zaheer and 
Bell, 2005), R&D intensity (Operti and Carnabuci, 2014), or technological strength (Srivastava 
and Gnyawali, 2011) to investigate the interaction between firms’ resources and their networks. In 
essence, all those concepts can be interpreted as intellectual capital, that is, the sum of firm-inter-
nal know-how utilized for innovation (Subramaniam and Youndt, 2005). Firms with different lev-
els of intellectual capital might profit from different types of network configurations. For instance, 
to learn from highly innovative partners, firms might need high levels of internal expertise them-
selves (Operti and Carnabuci, 2014; Wuyts and Dutta, 2014; Zaheer and Bell, 2005). In contrast, 
advantages associated with other network attributes might be easier to appropriate. Those network 
attributes might help the firm innovate successfully even if it lacks profound internal expertise on 
its own (Hitt et al., 2000). 

Firm size is another dimension of the internal resource base that is theoretically relevant (e.g. 
Rothaermel and Deeds, 2004; Stuart, 2000). Firm size is related to well-elaborated innovation 
processes and sophisticated collaboration management routines (Demirkan et al., 2013). It also 
determines the “volume of activity” (Camisón-Zornoza et al., 2004: 337) in which the firm can 
engage when partnering with others. We thus view firm size “as an important element affecting the 
collaborations between firms” (Josefy et al., 2015: 770) and as a major contingency factor for the 
effectiveness of network configurations. 

Although relatively few works have examined the interaction between firm size and the firm’s 
network empirically, there is some evidence that optimal network configurations may differ for 
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large and small firms. Demirkan et al. (2013), for instance, found that large firms are better able to 
manage larger networks, and take advantage of a broad range of expertise. In contrast, Rauch et al. 
(2016) found that small firms may be better off with a network of few but closely knit partners 
since in such networks, costly conflicts may be prevented and deep access to partners’ expertise is 
ensured. We thus suppose that firms of different size will most likely benefit from different types 
of networks. 

Methodology 

As research methods should be consistent with the theoretical lens employed, this work draws on 
the configurational method of fsQCA (Fiss, 2011). The fsQCA approach relies on a set-theoretic 
logic to model the empirical relationships between attribute combinations and the outcome of 
interest. While an in-depth explanation of set theory is beyond the scope of our article (e.g. see 
Ragin, 2008), our methodology section provides brief explanations of the central features of fsQCA 
pertinent to our inquiry, namely, set membership, subset relations, and counterfactual analysis 
(Misangyi et al., 2017). Throughout, our approach follows the best practices for fsQCA in strategic 
management and organization research suggested by Greckhamer et al. (2018). 

Research setting 

The initial step in fsQCA studies is the definition of a sample of research cases. In contrast to 
correlation-theoretic methodologies which sample randomly to ensure representativeness, samples 
for fsQCA studies should result from purposive selection (Ragin, 2008). Research cases must be 
“theoretically relevant” to the phenomenon to be explained (Fiss, 2011). Particularly, the sample 
should adequately represent variation in the outcome of interest and the explanatory attributes 
(Greckhamer et al., 2018). 

As research population, we selected the 300 largest local energy providers in Germany. The 
energy industry is an attractive contextual setting, especially as the importance of innovation and 
collaboration between utilities grows continuously. As distributed small-scale systems of energy 
production increasingly threaten the “centralized model” of traditional energy providers, the indus-
try sector is amid a period of transformation (Eklund and Kapoor, 2019). For incumbents, there is 
a pressing need to explore new value propositions and engage in the challenging task of developing 
“a product or service that offers sufficient value to the customer to be attractive, but also generates 
sufficient value to the utility to be profitable” (Richter, 2013: 1232). On the technology side, this 
means that energy providers must find viable combinations of renewables, storage systems, and 
“smart” digital devices; on the business side, they must transition from commodity sellers to energy 
service providers (Dellermann et al., 2017). In all, the innovation challenge is largely architectural: 
utilities orchestrate component technologies into product and service bundles that must fulfill mar-
ket, regulatory, and organizational requirements (Schilling and Esmundo, 2009). Thereby, strategic 
networks are a major asset (Kolloch and Reck, 2017). 

Besides the high relevance for our research topic, there are further reasons for our sample selec-
tion. First, the organizational structure of utilities is not overly complex. Past literature argued that 
multidivisional firms can hardly be viewed as “unitary actors” in their strategic networking (Phelps 
et al., 2012: 1152). It is generally difficult to validly capture and interpret the networks of such 
firms. For firms that focus on a single field of business, the assumption of “unitary actors” is much 
more accurate. Second, our empirical study benefits from an adequate variation regarding the 
organizational context variables. Our population includes small, medium, and large firms (ranging 
from about 50 to 9000 employees). Also, German utilities differ considerably in their technological 
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and innovation skills (Richter, 2013). Finally, by focusing on a single industry, we ensure that net-
work indices can be compared meaningfully between firms (Rowley et al., 2000). Furthermore, the 
industry-specific nature of our sample controls for broader contextual factors that are not captured 
by our research model. 

Data collection 

Traditionally, the bulk of empirical studies employed archival data to capture firms’ strategic net-
works, drawing on alliance databases such as SDC (e.g. Andrevski et al., 2016; Lavie, 2007) and 
news retrieval sources such as Factiva (e.g. Phelps, 2010; Rowley et al., 2000). While this approach 
helps avoid the issue of informant biases, the use of archival data also has several shortcomings. In 
an extensive analysis of archival network data, Schilling (2009) demonstrated, for instance, that 
available alliance and news databases may suffer from inconsistent coverage, incompleteness, and a 
systematic overrepresentation of ties between large firms. She concludes that while archival data are 
still highly valuable and reliable for many study purposes, for some types of network research pri-
mary data collection is warranted. Specifically, primary data should be preferred when the analysis is 
at the firm rather than the industry level, when the sample includes many small and medium firms, 
and also for studies that require “accurate information about periphery firms” (Schilling, 2009: 257). 

Following these notions, we collected data by a survey of key informants. Using key informants 
to obtain network data on the firm level is a well-established approach in strategy research (e.g. 
Fonti et al., 2017; Rank and Strenge, 2018; Sammarra and Biggiero, 2008). One of the most impor-
tant concerns is to determine the appropriate informants within each firm. Taking into account the 
size and structure of our target firms, we decided to focus on CEOs as main sources of data (e.g. 
Wincent et al., 2010). Informants approached in other studies such as vice president of alliances or 
similar (e.g. Fonti et al., 2017) did not exist consistently across firms. This may have resulted in 
selection problems and the risk of informant role bias. 

Following best practices in strategic network research, we aimed to supplement the CEO’s 
response by further informants wherever possible (e.g. Fonti et al., 2017; Rank and Strenge, 2018; 
Wincent et al., 2010). We contacted at least one further senior manager per firm, focusing on 
informants responsible for innovation or related functions such as R&D and Marketing (Sammarra 
and Biggiero, 2008) and restricting our selection to either members of top management or their 
direct reports (Rank and Strenge, 2018). By this approach, we assembled a total of 661 contacts. 

After pretesting our questionnaire with 26 industry experts, we sent an email with the invite to 
participate in our online survey to all informants. In all, 128 complete responses were obtained. 
The data came from 93 firms (response rate: 31.0% at the firm level; 19.2% for the individual 
respondents). We controlled for non-response bias by comparing several observable characteristics 
(number of employees, sales, geographical region, firm age) of respondent and non-respondent 
firms. In general, larger firms (number of employees: t =2.04, p < .05, sales: t =2.02, p < .05) seem 
to be overrepresented in the final data. However, as our sample comprises 57 small (<300 employ-
ees), 25 medium (<1000), and 11 large utilities (>1000), variation requirements for fsQCA are 
clearly fulfilled (Greckhamer et al., 2018). 

As configurational theorizing requires researchers to possess in-depth knowledge about the 
research cases (Fiss, 2011), we collected secondary data on each firm included in the final sample. 
Following previous works (e.g. Aversa et al., 2015), we assembled a broad range of sources, some 
publicly available, some provided to us upon request by the respondents. We explicitly focused on 
information about the firms’ innovation and networking efforts. Overall, we consulted a minimum 
of 50 documents for each firm, among others, annual reports, project documentations, company 
websites, blog posts, and articles in specialized and generalist press. 
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Research variables and construct measurement 

Data on most research variables were collected based on item scales with 7-point Likert-type rat-
ings. The outcome variable innovation performance was assessed by three items (Yli-Renko et al., 
2001). As the energy industry lacks rich patent data and financial reports rarely include data on 
innovation performance, we followed the common approach of using managers’ self-report. To 
ensure the validity of this approach, we drew on objective data for triangulation. Namely, we 
scanned the winners and runner-ups of the four most important innovation awards in Germany as 
well as six major industry-specific innovation awards for the 3-year time span between 2016 and 
2018. In all, sample firms earned 25 nominations in this period. For each firm, we calculated a 
count measure that added up nominations earned. The rank correlations between the count measure 
and the self-ratings were significant and adequately large (Spearman’s ρ = .36, p < .001; Kendall’s 
τ = .30, p < .001). 

To depict the firms’ network, we implemented an egocentric design and employed an exchange-
based name generator as the conventional approach “to measure access to resources known or 
theorized to increase the likelihood of particular outcomes” (Perry et al., 2018: 87). Focusing on 
knowledge as the key resource in the innovation context, we phrased our name generator item 
based on Sammarra and Biggiero (2008). Specifically, we provided the respondents with the fol-
lowing instruction: 

Please name the firms from which your company received innovation-related knowledge within the last 
three years. This knowledge receipt may stem from formal exchange, e.g., during joint R&D projects, but 
also more informal exchange, e.g., from membership in innovation circles, among others. 

To minimize recall error and ensure that also weak ties are captured, we explicitly encouraged 
respondents to include as many partners as they deemed relevant (Rank and Strenge, 2018). 
Furthermore, we employed additional prompting techniques to improve recall completeness such 
as probing again for missing alters at the end of the network section of the questionnaire (Perry 
et al., 2018). 

By our name generator, we explicitly focus on the knowledge inflow of the focal firm. This 
approach takes into account that the networks of knowledge transfer are clearly asymmetric, that 
is, in any given network tie “knowledge seekers and sources can have different perceptions of the 
[. . .] interaction” (Sammarra and Biggiero, 2008: 811). In such networks, the self-report of knowl-
edge receipt is considered an accurate indicator for the existence of a network tie as “the knowl-
edge seeker is the best, perhaps the only, judge of the usefulness of knowledge received from a 
particular source” (Levin and Cross, 2004: 1482). In all, the sample firms reported 944 ties by 
which they received innovation-related knowledge. The variable NS was calculated as the number 
of ties that were stated for each firm (Wincent et al., 2010). 

As the firms in our sample would unlikely constitute a closed network (i.e., many would cite 
partners outside of the sample), we had to rely on name interpreter questions to obtain data on the 
firm’s partners. This “proxy reporting” is widely used in network studies (Perry et al., 2018). As 
PD, PI, and PC all describe aspects of partners’ knowledge and also imply subjective value (e.g. 
PC describes the content of partners’ knowledge relative to the firm’s own knowledge), measuring 
those partner attributes based on the assessment made by the knowledge receiver seems appropri-
ate following the reasons outlined above (Levin and Cross, 2004; Sammarra and Biggiero, 2008). 

On that note, we asked the respondent to rate each of their partners on a single item reflecting 
PD (Jiang et al., 2010), PI (Zaheer and Bell, 2005), and PC (Fang, 2011). The use of single item 
scales helps reduce respondent burden and proved to yield reliable and valid indices of network 
composition (Perry et al., 2018). To measure TS, we deployed a three-item scale based on Kale 
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Table 2. Construct specifications and item loadings. 

Item Load Mean SD 

Innovation 
performance 
(α = .76, 
CR= .82, 
AVE= .61) 

Intellectual capital 
(α = .84, 
CR= .87, 
AVE= .63) 

Partner 
diversity 
(α =n.a., 
CR=1.00, 
AVE=1.00) 
Partner 
innovativeness 
(α =n.a., 
CR=1.00, 
AVE=1.00) 
Partner 
complementarity 
(α =n.a., 
CR=1.00, 
AVE=1.00) 
Tie strength 
(α = .81, 
CR= .88, 
AVE= .70) 

We develop and introduce new product/service offerings 
in the market 
We regularly improve existing product/service bundles 
Our product/service offering is based on novel 
technologies 
Our employees are experts in their particular jobs and 
functions 
Our employees develop new ideas and knowledge 
Our employees are widely considered among the most 
skilled in our industry 
Our employees are creative and bright 
Please rate the uniqueness of this partner’s resources, 
skills, and expertise (i.e. the degree to which this partner’s 
resources differ from those of your other partner firms)! 

Please rate the innovativeness of this partner (i.e. the 
success of this partner’s efforts to develop and introduce 
new products, services, processes, and business models)! 

Please rate the complementarity between you and this 
partner firm (i.e. the degree to which this partner’s 
resources, skills, and expertise differ from and add to your 
own resource base)! 

In this relationship, we strive to create a win–win situation 
in which both firms have opportunities to learn and profit 
from each other’s expertise 
This relationship is characterized by personal 
communication and personal friendships at multiple levels 
This relationship is characterized by frequent interaction 
and intensive mutual knowledge transfer 

.761 3.97 1.37 

.802 4.53 1.33 

.777 3.75 1.25 

.725 4.54 1.53 

.793 4.31 1.57 

.844 4.34 1.60 

.817 4.52 1.54 
1.000 4.02 1.11 

1.000 4.07 1.42 

1.000 4.32 1.23 

.840 4.20 1.54 

.838 3.98 1.63 

.838 4.19 1.49 

α: Cronbach’s α; SD: standard deviation; CR: composite reliability; AVE: average variance extracted. 

et al. (2000). The reason for this is that strength of inter-firm relations is a construct that comprises 
several different dimensions and meanings that should be adequately covered by the measurement 
scales employed (Capaldo, 2007). For all four variables, we aggregated and averaged the respec-
tive ratings across all partners to obtain the overall indicator scores for PD, TS, PI, and PC on the 
level of the ego-network. 

To determine firm size, we used data on the number of employees, the size of the domestic 
distribution area, and sales volume in 2016. The three indicators cover different aspects of firm size 
and are used in official industry statistics (Berlo and Wagner, 2013). Data were obtained by firms’ 
annual reports. The variable intellectual capital was computed by the respondents’ ratings on a 
four-item scale based on Subramaniam and Youndt (2005). For all variables in our study, Table 1 
depicts means, standard deviations and correlations; Table 2 summarizes the items used in the 
scales. 

https://AVE=1.00
https://AVE=1.00
https://AVE=1.00
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We validated our measurement instrument based on conventional criteria. Cronbach’s alpha, 
composite reliability, average variance extracted (AVE) as well as all factor loadings surpassed the 
thresholds that are proposed in the literature (Bagozzi and Yi, 1988). To test for common method 
bias, we conducted Harman’s one-factor test (Podsakoff et al., 2003). The unrotated solution com-
prises seven factors explaining 68.4% of the variance (30.1% was the largest variance explained by 
a single factor). Thus, common method bias is unlikely a problem in our empirical data. 

For 33 firms, two or more respondents completed the questionnaire (35.5%). This number is 
well in line with previous survey-based network studies in strategic management that report 
between 15% (Fonti et al., 2017) and 40% (Rank and Strenge, 2018) of multi-informant firms. We 
assessed inter-rater reliability by calculating the percentage of item ratings in which a pair of 
respondents differs one point or less on the 7-point Likert-type scale (78.3% of ratings) (Schilke 
and Goerzen, 2010). For the relational data, we calculated the mean percentage agreement as 
proposed by Tsai and Ghoshal (1998), by dividing the number of ties that were named by both 
respondents by the number of all ties that were reported for the particular firm. The average mean 
percentage agreement was .78 in our study—a value that is well acceptable. For the Likert-type 
scale ratings on partners’ innovativeness, complementarity, diversity, and tie strength, inter-rater 
reliability was 75.5%. Based on these tests, we are confident that for both single- and multi-
informant firms the acquired data are robust and valid. For firms with more than one respondent, 
we thus used the mean ratings. 

Calibration of set membership scores 

The fsQCA requires all construct measures to be rescaled from interval scales into fuzzy-set mem-
bership scores ranging between 0 and 1. Those indicate the degree to which a research case is a 
member in the set of firms that display the case attribute in question. In our case, for example, the 
membership score for innovation performance represents the degree to which a utility is “in” or 
“out” the group of “high-performing firms.” Membership scores should “meaningfully represent 
differences in kind and differences in degree among cases” (Greckhamer et al., 2018: 488). This 
is achieved by defining calibration “anchors,” namely, a cross-over point that marks the border-
line between “in” and “out” as well as thresholds for full membership and full non-membership 
(Fiss, 2011). 

Our Likert-type measures were calibrated based on existing guidelines for the treatment of 
multi-item scales in fsQCA (Misangyi and Acharya, 2014). Namely, the minimum, midpoint, and 
maximum of the 7-point scale served as our calibration anchors (fully-out ≙ 1; cross-over ≙ 4; 
fully-in ≙ 7). Fuzzy-set membership scores for each research case and research variable were then 
assigned using the formula developed by Fiss (2011). For instance, a utility with an average value 
of 5.67 on the Likert-type scale for innovation performance receives a membership score of 0.83, 
indicating that this case is quite strongly “in” the set of “high-performing firms.” In contrast, a util-
ity with an average Likert-type score of 2.33 receives a membership score of 0.15, indicating that 
this case is quite strongly “out.” 

As neither NS nor firm size is measured on Likert-type scales, we could not rely on this calibra-
tion procedure. Following the principle that calibration should be based on anchors that are 
grounded in theory or contextual insight (Ragin, 2008), we assigned membership scores for the 
three indicators that measure firm size based on statistical data on the industry structure and the 
characteristics of local energy providers (e.g. Berlo and Wagner, 2013). For all three indicators of 
firm size, we used a four-anchor scale (number of employees: 0 ≙ <100 employees, 0.33 ≙ <300, 
0.67 ≙ <1000, 1 ≙ >1000; size of distribution area: 0 ≙ <50,000 inhabitants, 0.33 ≙ <200,000, 
0.67 ≙ <500,000, 1 ≙ >500,000; sales: 0 ≙ <€100 million, 0.33 ≙ <250, 0.67 ≙ <800, 1 ≙ >800). 
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Figure 3. Distribution of network size. 

We assigned the overall membership score when the firm surpassed the respective threshold for at 
least two of the three indicators. 

For NS, we lack congruent statements in literature that determine when a firm’s network is recog-
nized as large and when it is not. Hence, we had to rely on sample statistics for determining reason-
able calibration anchors (Verkuilen, 2005). Similar to previous research, the distribution of NS in our 
sample is skewed, reflecting a power law (Baum et al., 2004). The power law describes that in a typi-
cal network, most actors possess a small number of partners (“tail” of the distribution), fewer ones 
possess a medium number (“body”), and very few popular actors possess a high number of partners 
(“head”). All three categories of firms are clearly observable in the distribution in our sample (see 
Figure 3). Hence, we used the transition points to the “tail,” “body,” and “head” category as calibra-
tion anchors for network size (fully-out ≙ 1.5; cross-over point ≙ 11.5; fully-in ≙ 19.5). We employed 
these anchors to compute the fuzzy-set membership scores based on Fiss (2011). 

Fuzzy-set analysis 

The fsQCA conceptualizes causality in the form of subset relations between case attributes and 
outcomes (Ragin, 2008). First, if all (or almost all) cases that exhibit an outcome of interest also 
exhibit a particular configuration of attributes (or, in set-theoretic terms, if the outcome is a consist-
ent subset of the configuration), this indicates a relation of necessity. In our case, for instance, if all 
highly innovative utilities would possess a large network, this would indicate that NS must be 
present for innovation performance to occur and thus is a necessary condition. Second, if all (or 
almost all) cases that exhibit a particular configuration of attributes also exhibit the outcome (or, in 
set-theoretic terms, if the configuration is a consistent subset of the outcome), this indicates a rela-
tion of sufficiency. Put simply, if in our case all utilities with a large network would achieve high 
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levels of innovation performance, this would indicate that NS is a sufficient condition for innova-
tion to occur. 

To evaluate relations of necessity and sufficiency, fsQCA employs the set-theoretic measures of 
consistency and coverage (Fiss, 2011). Consistency serves an analogous purpose to significance in 
regression analysis. It displays “how closely a perfect subset relation is approximated” between 
outcome and case attributes (Ragin, 2008: 44). Coverage fulfills a similar purpose as R2 in regres-
sion analysis. Coverage measures the proportion of cases that are captured by a configuration of 
attributes and thus indicates the “empirical relevance or importance” of the configuration (Ragin, 
2008: 44). 

To analyze empirical data for subset relations, a truth table must be constructed that depicts all 
potential combinations of the explanatory variables (Ragin, 2008). Subsequently, all research cases 
are sorted into that truth table before lines with few empirical occurrences are eliminated based on 
a defined frequency threshold. The performance of the remaining configurations is coded based on 
a defined consistency threshold. In line with guidelines for handling samples with N < 100, we set 
the frequency threshold to 1, making sure that all combinations that were observed empirically 
were also included in the analysis (Greckhamer et al., 2018). Concerning the consistency thresh-
old, we followed the suggestions by Ragin (2008) and used values of .80 for raw consistency and 
.75 for proportional reduction in inconsistency (PRI) consistency. 

Based on this refined truth table, fsQCA extracts high- and low-performing configurations by 
counterfactual analysis (Fiss, 2011). In this procedure, fsQCA eliminates causally irrelevant attrib-
utes and systematically incorporates simplifying assumptions about counterfactual configurations, 
that is, configurations that lack empirical instances in the data (Ragin, 2008). The counterfactual 
analysis thereby produces two different solutions, the parsimonious and the intermediate solution. 
The parsimonious solution incorporates both easy and difficult counterfactuals and displays the 
“core” attributes of the configurations that lead to the outcome of interest (Fiss, 2011). Those core 
attributes represent “decisive causal ingredients” (Misangyi et al., 2017: 276) for which there is 
strong empirical evidence relative to the outcome. The intermediate solution only incorporates 
easy counterfactuals and indicates the “peripheral” attributes (Fiss, 2011). Those peripheral attrib-
utes support the effect of the core attributes but are rather expandable (Greckhamer et al., 2018). 

Results 

High-performing and low-performing configurations 

We first conducted a necessity analysis for all network attributes, intellectual capital, and firm size. 
Neither those variables nor their negation surpassed the recommended consistency benchmark of 
.90 (Greckhamer et al., 2018). Hence, none of those attributes is necessary for firm-level innova-
tion. The results of our sufficiency analysis demonstrate that there are eight configurations suffi-
cient for high innovation performance. Those can be further grouped into four major types (i.e. 
configurations that share the same core conditions). Furthermore, the sufficiency analysis uncov-
ered nine configurations that consistently lead to a low performance outcome. Table 3 reports all 
high- and low-performing configurations using Ragin and Fiss’ (2008) notation (see the notes 
below the table). To provide an example of how to interpret the notation, the first configuration 
(Solution 1) involves the presence of PC and TS as well as the absence of PD as core conditions, 
along with the absence of NS and PI as peripheral conditions. It is only successful for small firms 
with low intellectual capital. 

Table 3 further reports the measures of consistency and coverage for all identified configura-
tions (Ragin, 2008). Put simply, consistency measures represent the share of cases falling into the 
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given configuration that also feature the outcome of interest. The “Overall Solution Consistency” 
reports the same measure, this time calculated for the aggregated set of all identified configura-
tions. “Raw Coverage” displays the share of all cases in the sample that feature the given configu-
ration and the respective performance outcome; the “Unique Coverage” captures the same measure, 
this time calculated based on the cases that are uniquely covered by a given configuration (i.e. 
those cases are not covered by any of the other identified configurations). The “Overall Solution 
Coverage” refers to the raw coverage of the whole set of identified configurations for the respec-
tive outcome. In our case, the value of .77 for high innovation performance indicates that a large 
majority of high-performing cases in our sample are covered by the eight high-performing configu-
rations identified. 

In line with previous fsQCA studies, we conducted several tests to ensure the robustness of our 
results (Meuer et al., 2015). First, we reran the analysis with changed calibration anchors for the 
Likert-type scales. For firm size and network size, we also tested different calibrations. Second, we 
varied the criterion for raw and PRI consistency, and the frequency threshold. Finally, we used our 
triangulation measure for innovation performance as outcome variable in the analysis. In doing so, 
we created a two-anchor scale that assigned full membership if a firm was nominated for an inno-
vation award in the 2016–2018 period, and full non-membership if the firm was not. In all, the 
robustness checks reproduced the solutions that were found in the baseline analysis to a satisfac-
tory extent (see Table 4). 

Analysis of substitution and complementarity 

To explore how different network attributes combine as substitutes or complements, we followed 
the meta-set approach proposed by Misangyi and Acharya (2014). The term “meta-set” describes 
a conjunction of two or more case attributes via “fuzzy or” and/or “fuzzy and” operators (Ragin, 
2008). “Fuzzy or” allows for examining whether two or more case attributes serve as substitutes. 
For instance, if NS and PD are substitutes, only one of the two needs to be present for high innova-
tion performance (NS_or_PD). Thus, only the higher set membership score on the two attributes is 
of relevance for “fuzzy or” sets. “Fuzzy and,” in contrast, uses the minimum set membership score 
to merge case attributes so that the worst score of a case on each of the included attributes matters. 
“Fuzzy and” sets are used to represent complementarity between case attributes. 

In line with Misangyi and Acharya (2014), we systematically conducted a series of meta-set 
fsQCAs. We successively replaced sets of case attributes by their “fuzzy or” and “fuzzy and” meta-
sets, reran the sufficiency analysis, and assessed whether the subsequent solution outperformed the 
baseline solution (Table 3) regarding its fit to the data (i.e. whether the overall coverage was ⩾.77). 
If so, the meta-set is able to replace the separate case attributes without a loss of information. In 
that case, substitution/complementarity between the included explanatory variables can be stated. 

We first examined model specifications in which we entered each pair of network attributes as 
substitutes and then as complements. The results of this analysis are reported in Table 5. With 
respect to the interaction between the three access-related network attributes, we found that NS and 
PD as well as NS and TS combine as substitutes. Regarding the two quality-related attributes, the 
results indicate a substitutive interaction of PI and PC. Furthermore, our analysis revealed several 
meta-set relations between access- and quality-related network attributes. 

In the next step, we extended our analysis to examine (1) whether there are more complex meta-
sets of substitution and complementarity among the network attributes, and (2) if and how different 
internal resource configurations prescribe different network attributes. To explore such multilateral 
combinations, we started by testing all possible models in which between three and all five net-
work attributes were treated as substitutes, respectively, complements. Most prominently, the 
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Table 5. Meta-set analysis: internal fit. 

Substitute meta-sets Overall solution coverage Complement meta-sets Overall solution coverage 

NS_or_PD .80a NS_and_PD .75 
NS_or_TS .78a NS_and_TS .73 
PD_or_TS .74 PD_and_TS .76 
PI_or_PC .77a PI_and_PC .71 
NS_or_PI .79a NS_and_PI .80a 

NS_or_PC .70 NS_and_PC .72 
PD_or_PI .80a PD_and_PI .74 
PD_or_PC .71 PD_and_PC .73 
TS_or_PI .74 TS_and_PI .75 
TS_or_PC .78a TS_and_PC .75 

NS: network size; PD: partner diversity; TS: tie strength; PI: partner innovativeness; PC: partner complementarity. 
aOverall solution coverage larger than or equal to the baseline solution coverage of .77. 

model that included the meta-set NS_or_PD_or_TS exceeded the fit of the baseline model (cover-
age= .80). Hence, the three access-related network attributes act as substitutes. In addition, the 
analysis revealed that NS, TS, and PI combine as substitutes (coverage = .81). In contrast, none of 
the “fuzzy and” meta-sets exceeded the baseline coverage, indicating no complementary interac-
tion of multiple network attributes. 

Furthermore, we examined a series of models with meta-sets that included both “fuzzy or” and 
“fuzzy and” operations. Here, we started from a visual check of the baseline solution, noting that 
each high-performing configuration included at least one access-related and one quality-related 
network attribute. Translating this insight into a set-theoretic term, we arrived at 

( NS _ or _ PD _ or _ TS ) _ and _ (PI _ or _ PC ) 

We employed this meta-set in our analysis and observed the highest fit of all tested models 
(coverage= .82). We modified the meta-set by excluding network attributes and by switching the 
set operators. None of the modifications resulted in equal or better model fit. The model with 
(NS_or_TS)_and_(PI_or_PC) came closest (coverage= .80). 

Finally, we examined which network attributes work well with which internal resource configu-
rations. To this end, we constructed “fuzzy and” meta-sets that linked each network attribute to the 
presence and to the absence of each internal resource and conducted the corresponding series of 
analyses (see Table 6). Our results confirm that PI is valuable for firms with high intellectual capi-
tal, whereas TS and PC combine successfully with low intellectual capital. Large firm size in 
combination with NS, PD, and PI is sufficient for high innovation performance, while low firm size 
complements with TS. 

Discussion 

Interpretation of the identified high-performing configurations 

In line with best practices of configurational theorizing (Furnari et al., 2021), we start our discus-
sion by taking a detailed look at the identified configurations. In all, our data reveal that for each 
of the four possible scenarios of presence and absence of intellectual capital and firm size, a unique 

https://coverage=.80
https://coverage=.82
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Table 6. Meta-set analysis: external fit. 

Meta-sets (presence of firm Overall solution Meta-sets (absence of firm Overall solution 
characteristics) coverage characteristics) coverage 

IntellectualCapital_and_NS .73 
IntellectualCapital_and_PD .75 
IntellectualCapital_and_TS .73 
IntellectualCapital_and_PI .77a 

IntellectualCapital_and_PC .72 
FirmSize_and_NS .79a 

FirmSize_and_PD .78a 

FirmSize_and_TS .69 
FirmSize_and_PI .79a 

FirmSize_and_PC .73 

~IntellectualCapital_and_NS .76 
~IntellectualCapital_and_PD .74 
~IntellectualCapital_and_TS .81a 

~IntellectualCapital_and_PI .76 
~IntellectualCapital_and_PC .79a 

~FirmSize_and_NS .76 
~FirmSize_and_PD .75 
~FirmSize_and_TS .78a 

~FirmSize_and_PI .71 
~FirmSize_and_PC .74 

~: logical NOT; NS: network size; PD: partner diversity; TS: tie strength; PI: partner innovativeness; PC: partner 
complementarity. 
aOverall solution coverage larger than or equal to the baseline solution coverage of .77. 

archetype of network configuration is conducive to innovation (see Figure 4). In the following, we 
describe each of those archetypes and provide typical examples within our research cases that help 
illustrate how exactly the specific type of network benefits innovation: 

1. “Share & Care” network (Solution 1): This network configuration combines the presence 
of PC and TS as well as the absence of PD in its causal core. The focal firm has assembled 
a closely knit network of partners that are able to compensate its own deficiencies. This 
type of network works well for small firms and with little intellectual capital. Within our 
research cases, a typical example is a smaller utility (around 350 employees) operating 
from a rural part of Germany. In the network analysis, the firm reported seven trusted part-
ners which divide into two categories: (a) project developers for renewables, and (b) spe-
cialists for building automation. While the network is quite homogeneous, it assembles 
complementary resources. The network was heavily involved in one of the utility’s flagship 
innovation projects: the development of a nearly 100% self-sufficient renewable energy 
system for the city’s largest childcare facility. The system builds on a combination of pho-
tovoltaics, communal heating, battery, and smart building technologies and thus integrates 
the complementary expertise of the utility, the renewables specialists, and the facility engi-
neers. Recently, the project won a national-level award for the “Most Innovative Smart 
Energy Concept.” 

2. “Elite Circle” network (Solutions 2a–c): This configuration is characterized by the pres-
ence of PI and TS. Such an “elite circle” (Pisano and Verganti, 2008) enables continuous 
access to highly novel knowledge and is associated with profound relational capital and 
long-term cooperation. This network configuration benefits only one category of firms— 
small companies with high levels of intellectual capital. For this type of network, one 
research case clearly stands out as an example. The small firm (<300 employees) began to 
develop strong internal know-how when in the mid-2000s the current CEO was appointed. 
Among his first strategic actions, he mandated the installment of a dedicated department 
for product innovation. In the following, a major business magazine declared the firm 
“Germany’s Most Innovative Energy Provider.” Regarding its network, the utility is focused 
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Figure 4. Optimal network configurations depending on firm characteristics. 

on a small set of high-quality partners, including start-ups, research institutes, and multina-
tionals, all with background in the energy sector. With those long-term partners, the firm 
engages in a range of cutting-edge projects, for example, the development of a blockchain-
based app for private energy trading. The project is administered as a consortium with 
shared governance between the utility, a large multinational in the field of energy infra-
structure, and research institutes focused on energy IT. 

3. “Antennae” network (Solution 3a–b): The presence of NS and PI as well as the absence of 
TS are the main features of this network configuration. By providing many capable “anten-
nae” (Ahuja, 2000), this network should keep the firm informed about the newest develop-
ments in technological and market environments. This configuration typically is effective 
in the presence of intellectual capital and firm size. Our exemplary case for this type of 
network is one of the largest German utilities. The company invests heavily in R&D and 
possesses leading expertise in a range of technology fields, including energy infrastructure, 
e-mobility, smart metering, and renewables. The company reported 24 network ties, which 
is the largest ego-network in our sample. The networking efforts are explicitly focused on 
creating a broad range of “antennae,” as the following strategic initiative demonstrates: in 
2018, the utility issued a smart city innovation contest to attract high-tech start-ups to join 
the firm’s Internet-of-Things (IoT) platform as partners and grasp “the ideas and smart city 
solutions that rattle around worldwide” (CEO). Among others, the competition resulted in 
the utility entering the business field of bike tracking which fuels into the company’s efforts 
to develop the broader market for e-mobility. 
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4. “Portfolio” network (Solution 4a–b): This network configuration is characterized by NS 
and PC as core elements. The firm has assembled a “portfolio of different, though comple-
mentary, interorganizational arrangements for achieving innovation outcomes” (Faems 
et al., 2005: 247). This type of ego-network led to high innovation performance for large 
firms with both low levels (Solution 4a) and high levels of intellectual capital (Solution 4b). 
As an example, we have a larger utility (around 1000 employees). The company reported 
20 network ties, encompassing a broad range of partner types and expertise. A look at spe-
cific innovation projects demonstrates the portfolio character of this network and the firm’s 
deliberate search for the right partners in each of its innovative efforts. For instance, the 
utility cooperates with geologists and local mining companies in a project on geothermal 
heating, it participates in an innovation circle on the platform economy with other energy 
providers and leading software companies, and it engages in the development of daylight 
illumination technologies for office buildings and factory plants together with a hidden 
champion in LED systems. 

Low-performing network configurations. Although we deliberately focused on the high-performing 
configurations, valuable insights can also be gained from examining which networks led to low 
levels of innovation performance. Solutions 5a and 5b refer to small firms and show that without 
any of the five network attributes those firms do not achieve innovation performance. More inter-
esting are Solutions 6, 7a, 7b, and 8 that depict firms with weak intellectual capital and in many 
cases high levels of PI. Contrasting this pattern, Solutions 9a and 9b represent firms with high 
levels of intellectual capital and networks with high levels of PC but low levels of PI. Altogether, 
those solutions indicate that firms with different levels of internal know-how will profit from dif-
ferent types of resource quality in their network (see below for a more detailed discussion). Finally, 
Solution 10 illustrates small firms with strong intellectual capital that lack external resource access 
since they have neither strong ties nor a large network. Referring back to the configurations out-
lined above, this type of firm apparently lacks the “elite circle” or “antennae” network to fully 
enhance its internal know-how. 

By identifying those “archetypes” of high- and low-performing networks, our work provides 
first important contributions to the literature. In the narrow sense, we specify “blueprints” of the 
firm’s ego-network. By this, we help answer the crucial question of “what kinds of network con-
figurations facilitate innovation” (Pittaway et al., 2004: 147). In a more general sense, we demon-
strate that the relation between the firm’s strategic network and its innovation performance is 
characterized by equifinality. Our results show that there is no single “one-size-fits-all” configura-
tion that is (in-)effective for all types of firms. Instead of trying to establish “consensus as to the 
[singular] optimal network configuration” (Pittaway et al., 2004: 147), strategic network theory 
should thus account for the notion that depending on their internal resource base, different firms 
will require different networks. 

Theoretical implications on the internal fit of network configurations 

After identifying high- and low-performing networks, the next step of our configurational theoriz-
ing is to explore if there are “orchestrating themes” that describe the internal fit of those network 
configurations. To this end, our empirical results appear to substantiate a holistic formula for 
optimal network configurations in the context of innovation. Altogether, high innovation perfor-
mance is the consequence of the presence of NS or PD or TS, and the presence of PI or PC. In 
specifying this formula, we substantially extend current insights on how network attributes oper-
ate together. The few works that studied the internal fit of strategic networks either favored a 
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“pure substitute” (Xie et al., 2016), or a “pure complement” perspective (Pullen et al., 2012a). 
Contrasting those one-sided views, our results reveal that network attributes combine in more 
complex ways so that fit within network configurations results from a simultaneity of substitute 
and complement mechanisms. 

Thereby, our analysis reveals two main combinatory patterns. First, access-related and quality-
related network attributes appear to complement one another. All high-performing network con-
figurations combine at least one access-related and one quality-related attribute in their causal 
core; the meta-set analysis also supported the notion of a complementing relation between these 
two types of network attributes. Previous research on this interaction has produced conflicting 
findings. Scholars who advocate the substitute perspective argue that both access-related and qual-
ity-related network attributes provide the firm with resource advantages that each are “in itself 
beneficial” (Operti and Carnabuci, 2014: 1049). Put differently, from the substitute perspective, the 
two types of resource advantage offer alternative but individually sufficient ways for the firm to 
enhance innovation (Gilsing et al., 2008). Our findings contradict this perspective and support the 
complementarity rationale, demonstrating that innovation performance is the consequence of a 
network that grants both superior resource access and resource quality. 

The complementarity rationale implies that the absence of either of the two resource advantages 
will fundamentally limit the firm’s ability to innovate successfully. The mere access to partners’ 
resources is no guarantee for innovation success since the inherent quality of the accessible 
resources “sets an upper limit on the value that the organization can potentially extract from its 
network” (Gulati et al., 2011: 215). In turn, when partners possess valuable resources, the perfor-
mance impact will still be limited if the network characteristics do not allow the firm to channel 
those resources (Gulati et al., 2011) and/or if the range of accessible resources is small and homo-
geneous (Baum et al., 2000). Regarding the composition of high-performing network configura-
tions, we thus posit the following: 

Proposition 1. Access-related and quality-related network attributes act as complements. 
Innovation performance is the consequence of the presence of at least one of each type. 

As the second pattern, our study results indicate that both the three access-related network attrib-
utes (NS, PD, and TS) and the two quality-related network attributes (PI and PC) substitute one 
another. Regarding the former, this finding is in line with the empirical results of Koka and Prescott 
(2008) who argue that volume and diversity of network resources are different “types of benefits” 
that both help the firm outperform its competition but yield diminishing returns if combined. 
Similarly, Xie et al. (2016) found that NS, PD, and TS are equifinal pathways to innovation. From 
the strategic network perspective, our finding implies that firms have an opportunity to select 
between “alternative strategies” to achieve network resource access (Gilsing et al., 2008: 1722). 
Firms profit either from the sheer volume of knowledge provided by a large network, or from 
access to heterogeneous expertise, or from an in-depth transfer of complex knowledge enabled by 
strong inter-firm relations. In general, advantages in NS, PD, and TS are permutable for an inno-
vation-enhancing effect. 

Similarly, the two attributes of network resource quality—PI and PC—also substitute one 
another. This finding extends previous literature which has neglected the interplay between 
those two network attributes. Our analysis indicates that relying on innovative partners and rely-
ing on complementary partners represent two alternative strategies for the firm to create oppor-
tunities for learning and innovation. The finding is consistent with the arguments of Gulati et al. 
(2011: 214) who claim that the “inherent value of network resources” has two dimensions: the 
singular, “objective” value that originates from the magnitude of partners’ resources and the 
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combinatory, “subjective” value that originates from synergies between resources. Altogether, 
we formulate the following proposition: 

Proposition 2. NS, PD, and TS act as substitutes. The presence of either one is sufficient for 
innovation performance. The same applies for PI and PC. 

Theoretical implications on the external fit of network configurations 

Regarding the “external fit” of network configurations, our findings indicate that only firms with 
strong know-how and expertise are able to benefit from PI. Firms without substantial intellectual 
capital, on the contrary, strive to close their existing resource deficiencies by assembling a network 
of high PC. Thus, differences in intellectual capital determine which of the two quality-related 
network attributes are helpful for the firm. 

On the one hand, this finding provides further evidence to the arguments raised, for instance, by 
Srivastava and Gnyawali (2011) and Zaheer and Bell (2005). If the firm has strong intellectual 
capital, it will be better able to screen and evaluate cutting-edge external expertise. In turn, firms 
without strong intellectual capital will lack the capacity to absorb and learn from their partners’ 
innovative ideas. As relations with innovative partners require substantial efforts to build and 
maintain (Sarkar et al., 2001b), such relations might turn out as “high cost–low reward” invest-
ments and thus be even detrimental for “non-expert” firms (as illustrated, for instance, by Solutions 
6, 7b, and 8 of our analysis for low innovation performance). 

On the other hand, our empirical study demonstrates that also for firms with weak intellectual 
capital, there exist network configurations that allow for enhancing innovation performance, 
namely, when PC is present. In contrast to PI, PC apparently produces resource benefits that even 
firms with little innovation-related expertise may appropriate. This finding is both novel and 
intriguing as previous strategic network research rarely discussed how firms without profound 
internal expertise can configure their network to foster innovation. 

Although literature lacks an in-depth discussion on how firms with weak intellectual capital 
may profit from their ego-networks, there still are some indications that might help explain this 
finding. Ozcan and Eisenhardt (2009), for instance, argue that for new ventures that have not yet 
built a strong resource base, it will be advantageous to create partnerships that are based on “unique 
interdependencies,” that is, complementary resources possessed by potential partners. A network 
configuration that features high levels of PC “is effective because it clarifies roles for potential 
partners and mobilizes their action” and “structures and motivates interactions among partners” 
(Ozcan and Eisenhardt, 2009: 269). New ventures thus “need not initially form ties with the ‘best’ 
partners” (Ozcan and Eisenhardt, 2009: 269) but should focus on accessing complementary assets. 

Based on our empirical results, we believe that this line of reasoning will hold true for firms 
with weak intellectual capital in general. For firms that lack strong intellectual capital on their own, 
it will be difficult to maintain relationships to highly innovative partners because mutual benefits 
are unclear (Mindruta et al., 2016). In a complementary network, in contrast, the partners’ relative 
strengths act as orientation guide that is instrumental for creating idiosyncratic, that is, relation-
ship-specific, solutions to innovative problems (Lambe et al., 2002). Hence, at low levels of intel-
lectual capital, firms will benefit from searching for complementary capabilities in potential 
partners (Hitt et al., 2000). In all, we propose the following:, 

Proposition 3. For firms with strong intellectual capital, optimal network configurations are 
characterized by a high level of PI. In turn, firms with weak intellectual capital benefit from 
high levels of PC. 



 

  

 

 
 

 

 

 

694 Strategic Organization 22(4) 

Furthermore, our analysis reveals that differences in firm size mainly prescribe the access-
related attributes of innovation-friendly network configurations. Large firms profit strongly from 
large networks. This is plausible as larger firms should be able to handle a higher volume of net-
work activity as they have less restrictions to dispose financial and human resources to manage 
inter-firm relations (Demirkan et al., 2013). Moreover, Rauch et al. (2016) argue that a larger vol-
ume of external knowledge may help large companies overcome issues of inflexibility and 
rigidity. 

In contrast, small firms can enhance their innovation performance by assembling a smaller but 
closely knit partner network. Due to resource constraints, small firms might not have the capacity 
to deal with broad external information and cannot afford to engage in resource-consuming “adven-
tures” (Rauch et al., 2016). Furthermore, small firms might be exposed to considerable risks when 
a partnership goes wrong as they generally are more likely than large firms to “get unfairly exploited 
and actually suffer over the longer term” (Sarkar et al., 2001a: 704). Strong, embedded network 
ties are conducive to mitigate such risks (Kale et al., 2000) so that high levels of TS are especially 
valuable to smaller firms. In contrast, larger firms might not benefit as much from a strong-tie 
network as such a network bears the risk of inertia and getting entangled in existing relationships 
at the cost of exploring new partnering opportunities (Rauch et al., 2016). In all, we suggest the 
following: 

Proposition 4. For large firms, optimal network configurations are characterized by high levels 
of NS. In turn, small firms benefit from high levels of TS. 

Limitations and further research 

Our work has several limitations that indicate promising avenues for further research. First, as the 
firm and its ego-network are the unit of analysis, part of our data had to be converted to obtain 
firm-level indicators from relational data (Tsai and Ghoshal, 1998). Specifically, we aggregated 
partner-related and relational properties of network ties into mean values for each firm’s ego-net-
work. While such conversions are common in strategic network research, information on differ-
ences between single ties was not included in our statistical approach. Future works might conduct 
a more detailed analysis of such differences on the dyad level. 

Second, although we are confident in the selection and theoretical grounding of our research 
variables, it is still possible that we might have missed out on further influence factors. While 
fsQCA does not suffer from omitted variable bias in the same way as regression analysis does, 
leaving out a relevant condition may still decrease the explanatory power of configurational mod-
els (e.g. Fiss, 2011). Future research may thus examine if and how the configurations identified by 
us intersect with other network attributes—especially global network measures such as centrality 
(e.g. Gilsing et al., 2008)—and other “control” conditions on the firm and the industry level. 

Third, our empirical study was conducted exclusively in the context of the German energy 
industry. In general, fsQCA studies are merely able to illustrate midrange theories, that is, “theories 
of specific phenomena within a bounded scope” (Misangyi et al., 2017: 270). While we believe that 
our findings and theoretical conclusions hold valuable insights for network researchers across con-
texts, the specifics of the energy sector make us expect that the precise patterns of high- and low-
performing networks may differ in other industry settings. We encourage scholars to study other 
innovation- and collaboration-intensive industries such as software or medical engineering to 
explore whether the identified network configurations are robust across research contexts. 

Finally, we relied on cross-sectional data and self-report made in the majority of our sample 
firms by single informants. Although we took several measures to deal with potential biases, we 
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suggest that future research should draw on longitudinal data and consult a broader range of data 
sources. In sum, we hope that the results of our study have contributed to a better understanding of 
network configurations and their interplay with the firms’ internal resources in fostering innovation 
and encouraged future research on this important issue. 

Acknowledgements 

We thank associate editor Luca Berchicci and the two anonymous reviewers for their very constructive guid-
ance during the review process. The paper also benefited from the comments of participants at the annual 
meeting of the Academy of Management in 2019. 

Funding 

The author(s) disclosed receipt of the following financial support for the research, authorship, and/or publica-
tion of this article: This work was supported by the Research Center for Business Models in the Digital World, 
a cooperation between the University of Bamberg and the Fraunhofer Institute for Integrated Circuits IIS. 

ORCID iD 

Fabian Reck https://orcid.org/0000-0002-0149-0254 

References 

Ahuja G (2000) Collaboration networks, structural holes, and innovation. Administrative Science Quarterly 
45(3): 425–455. 

Andrevski G, Brass DJ and Ferrier WJ (2016) Alliance portfolio configurations and competitive action fre-
quency. Journal of Management 42(4): 811–837. 

Aversa P, Furnari S and Haefliger S (2015) Business model configurations and performance. Industrial and 
Corporate Change 24(3): 655–676. 

Bagozzi RP and Yi Y (1988) On the evaluation of structural equation models. Journal of the Academy of 
Marketing Science 16(1): 74–94. 

Baum JAC, Calabrese T and Silverman B (2000) Alliance network composition and startups’ performance in 
Canadian biotechnology. Strategic Management Journal 21(3): 267–294. 

Baum JAC, Rowley TJ and Shipilov AV (2004) The small world of Canadian capital markets. Canadian 
Journal of Administrative Sciences 21(4): 307–325. 

Bellamy MA, Ghosh S and Hora M (2014) The influence of supply network structure on firm innovation. 
Journal of Operations Management 32(6): 357–373. 

Berlo K and Wagner O (2013) Stadtwerke-Neugründungen und Rekommunalisierungen. Wuppertal: 
Wuppertal Institut für Klima, Umwelt, Energie. 

Burt RS (1992) Structural Holes. Cambridge, MA: Harvard University Press. 
Camisón-Zornoza C, Lapiedra-Alcamí R, Segarra-Ciprés M, et al. (2004) A meta-analysis of innovation and 

organizational size. Organization Studies 25(3): 331–361. 
Capaldo A (2007) Network structure and innovation: The leveraging of a dual network as a distinctive rela-

tional capability. Strategic Management Journal 28(6): 585–608. 
Carnovale S and Yeniyurt S (2014) The role of ego networks in manufacturing joint venture formations. 

Journal of Supply Chain Management 50(2): 1–17. 
Degener P, Maurer I and Bort S (2018) Alliance portfolio diversity and innovation. Journal of Management 

Studies 55(8): 1386–1422. 
Delbridge R and Fiss PC (2013) Styles of theorizing and the social organization of knowledge. Academy of 

Management Review 38(3): 325–331. 
Dellermann D, Fliaster A and Kolloch M (2017) Innovation risk in digital business models: The German 

energy sector. Journal of Business Strategy 38(5): 35–43. 
Demirkan I, Deeds DL and Demirkan S (2013) Exploring the role of network characteristics, knowledge 

quality, and inertia on the evolution of scientific networks. Journal of Management 39(6): 1462–1489. 

https://orcid.org/0000-0002-0149-0254


 

 

 

 

 

 

 

 

696 Strategic Organization 22(4) 

Eklund J and Kapoor R (2019) Incumbent strategies and firm value during the nascent period of industry 
change. Organization Science 30(2): 383–404. 

Faems D, Van Looy B and Debackere K (2005) Interorganizational collaboration and innovation. Journal of 
Product Innovation Management 22(3): 238–250. 

Fang E (2011) The effect of strategic alliance knowledge complementarity on new product innovativeness in 
China. Organization Science 22(1): 158–172. 

Fiss PC (2011) Building better causal theories: A fuzzy set approach to typologies in organization research. 
Academy of Management Journal 54(2): 393–420. 

Fonti F, Maoret M and Whitbred R (2017) Free-riding in multi-party alliances: The role of perceived alliance 
effectiveness and peers’ collaboration in a research consortium. Strategic Management Journal 38(2): 
363–383. 

Furnari S, Crilly D, Misangyi VF, et al. (2021) Capturing causal complexity: Heuristics for configura-
tional theorizing. Academy of Management Review. Epub ahead of print 25 October. DOI: 10.5465/ 
amr.2019.0298. 

Gilsing V, Nooteboom B, Vanhaverbeke W, et al. (2008) Network embeddedness and the exploration of 
novel technologies. Research Policy 37(10): 1717–1731. 

Grandori A and Furnari S (2008) A chemistry of organization: Combinatory analysis and design. Organization 
Studies 29(3): 459–485. 

Greckhamer T, Furnari S, Fiss PC, et al. (2018) Studying configurations with qualitative comparative analy-
sis. Strategic Organization 16(4): 482–495. 

Gulati R, Lavie D and Madhavan R (2011) How do networks matter? The performance effects of interorgani-
zational networks. Research in Organizational Behavior 31: 207–224. 

Gulati R, Nohria N and Zaheer A (2000) Strategic networks. Strategic Management Journal 21(3): 203–215. 
Hagedoorn J, Lokshin B, and Zobel AK (2018) Partner type diversity in alliance portfolios. Journal of 

Management Studies 55(5): 809–836. 
Hitt MA, Dacin MT, Levitas E, et al. (2000) Partner selection in emerging and developed market contexts. 

Academy of Management Journal 43(3): 449–467. 
Jiang RJ, Tao QT and Santoro MD (2010) Alliance portfolio diversity and firm performance. Strategic 

Management Journal 31(10): 1136–1144. 
Josefy M, Kuban S, Ireland RD, et al. (2015) All things great and small: Organizational size, boundaries of the 

firm, and a changing environment. Academy of Management Annals 9(1): 715–802. 
Kale P, Singh H and Perlmutter H (2000) Learning and protection of proprietary assets in strategic alliances. 

Strategic Management Journal 21(3): 217–237. 
Koka BR and Prescott JE (2002) Strategic alliances as social capital: A multidimensional view. Strategic 

Management Journal 23(9): 795–816. 
Koka BR and Prescott JE (2008) Designing alliance networks: The influence of network position, environ-

mental change, and strategy on firm performance. Strategic Management Journal 29(6): 639–661. 
Kolloch M and Reck F (2017) Innovation networks in the German energy industry. International Journal of 

Energy Sector Management 11(2): 268–294. 
Lambe CJ, Spekman RE and Hunt SD (2002) Alliance competence, resources, and alliance success. Journal 

of the Academy of Marketing Science 30(2): 141–158. 
Lavie D (2007) Alliance portfolios and firm performance. Strategic Management Journal 28(12): 1187–1212. 
Levin DZ and Cross R (2004) The strength of weak ties you can trust. Management Science 50(11): 1477– 

1490. 
McEvily B and Marcus A (2005) Embedded ties and the acquisition of competitive capabilities. Strategic 

Management Journal 26(11): 1033–1055. 
Meuer J, Rupietta C and Backes-Gellner U (2015) Layers of co-existing innovation systems. Research Policy 

44(4): 888–910. 
Miles RE and Snow CC (1978) Organization Strategy, Structure, and Process. New York: McGraw-Hill. 
Mindruta D, Moeen M and Agarwal R (2016) A two-sided matching approach for partner selection and 

assessing complementarities in partners’ attributes in inter-firm alliances. Strategic Management Journal 
37(1): 206–231. 



 

 

 

 

 

 

 

 

 

 

 

697 Reck and Fliaster 

Misangyi VF and Acharya AG (2014) Substituting or complements? A configurational examination of corpo-
rate governance mechanisms. Academy of Management Journal 57(6): 1681–1705. 

Misangyi VF, Greckhamer T, Furnari S, et al. (2017) Embracing causal complexity: The emergence of a neo-
configurational perspective. Journal of Management 43(1): 255–282. 

Operti E and Carnabuci G (2014) Public knowledge, private gain: The effect of spillover networks on firms’ 
innovative performance. Journal of Management 40(4): 1042–1074. 

Ozcan P and Eisenhardt KM (2009) Origin of alliance portfolios: Entrepreneurs, network strategies, and firm 
performance. Academy of Management Journal 52(2): 246–279. 

Park YK, Fiss PC and El Sawy OA (2020) Theorizing the multiplicity of digital phenomena. MIS Quarterly 
44(4): 1493–1520. 

Perry B, Pescosolido B and Borgatti S (2018) Egocentric Network Analysis. Cambridge: Cambridge 
University Press. 

Phelps CC (2010) A longitudinal study of the influence of alliance network structure and composition on firm 
exploratory innovation. Academy of Management Journal 53(4): 890–913. 

Phelps CC, Heidl R and Wadhwa A (2012) Knowledge, networks, and knowledge networks. Journal of 
Management 38(4): 1115–1166. 

Pisano GP and Verganti R (2008) Which kind of collaboration is right for you. Harvard Business Review 
86(12): 78–86. 

Pittaway L, Robertson M, Munir K, et al. (2004) Networking and innovation: A systematic review of the 
evidence. International Journal of Management Reviews 5(3–4): 137–168. 

Podsakoff PM, MacKenzie SB, Lee JY, et al. (2003) Common method biases in behavioral research. Journal 
of Applied Psychology 88(5): 879–903. 

Powell WW, Koput KW and Smith-Doerr L (1996) Interorganizational collaboration and the locus of innova-
tion. Administrative Science Quarterly 41(1): 116–145. 

Pullen AJ, de Weerd-Nederhof PC, Groen AJ, et al. (2012a) Open innovation in practice. Journal of Product 
Innovation Management 29(6): 917–934. 

Pullen AJ, de Weerd-Nederhof PC, Groen AJ, et al. (2012b) SME network characteristics vs. product innova-
tiveness. Creativity and Innovation Management 21(2): 130–146. 

Ragin CC (2008) Redesigning Social Inquiry. Chicago, IL: University of Chicago Press. 
Ragin CC and Fiss PC (2008) Net effects analysis vs. configurational analysis. In: Ragin CC (ed.) Redesigning 

Social Inquiry. Chicago, IL: University of Chicago Press, pp. 190–212. 
Rank ON and Strenge M (2018) Entrepreneurial orientation as a driver of brokerage in external networks. 

Strategic Entrepreneurship Journal 12(4): 482–503. 
Rauch A, Rosenbusch N, Unger J, et al. (2016) The effectiveness of cohesive and diversified networks: A 

meta-analysis. Journal of Business Research 69(2): 554–568. 
Richter M (2013) Business model innovation for sustainable energy. Energy Policy 62(11): 1226–1237. 
Rothaermel FT and Deeds DL (2004) Exploration and exploitation alliances in biotechnology. Strategic 

Management Journal 25(3): 201–221. 
Rothaermel FT and Hess AM (2007) Building dynamic capabilities: Innovation driven by individual-, firm-, 

and network-level effects. Organization Science 18(6): 898–921. 
Rowley T, Behrens D and Krackhardt D (2000) Redundant governance structures: An analysis of structural 

and relational embeddedness in the steel and semiconductor industries. Strategic Management Journal 
21(3): 369–386. 

Sammarra A and Biggiero L (2008) Heterogeneity and specificity of inter-firm knowledge flows in innova-
tion networks. Journal of Management Studies 45(4): 800–829. 

Sarkar MB, Echambadi R and Harrison JS (2001a) Alliance entrepreneurship and firm market performance. 
Strategic Management Journal 22(6–7): 701–711. 

Sarkar MB, Echambadi R, Cavusgil ST, et al. (2001b) The influence of complementarity, compatibility, 
and relationship capital on alliance performance. Journal of the Academy of Marketing Science 29(4): 
358–373. 

Schilke O and Goerzen A (2010) Alliance management capability: An investigation of the construct and its 
measurement. Journal of Management 36(5): 1192–1219. 



 

 

 

 

 

 

 

698 Strategic Organization 22(4) 

Schilling MA (2009) Understanding the alliance data. Strategic Management Journal 30(3): 233–260. 
Schilling MA and Esmundo M (2009) Technology S-curves in renewable energy alternatives. Energy Policy 

37(5): 1767–1781. 
Srivastava MK and Gnyawali DR (2011) When do relational resources matter? Leveraging portfolio techno-

logical resources for breakthrough innovation. Academy of Management Journal 54(4): 797–810. 
Stuart TE (2000) Interorganizational alliances and the performance of firms. Strategic Management Journal 

21(8): 791–811. 
Subramaniam M and Youndt AM (2005) The influence of intellectual capital on the types of innovative capa-

bilities. Academy of Management Journal 48(3): 450–463. 
Ter Wal AL, Alexy O, Block J, et al. (2016) The benefits of open-specialized and closed-diverse syndication 

networks for new ventures’ success. Administrative Science Quarterly 61(3): 393–432. 
Tiwana A (2008) Do bridging ties complement strong ties? An empirical examination of alliance ambidexter-

ity. Strategic Management Journal 29(2): 251–272. 
Tsai W and Ghoshal S (1998) Social capital and value creation: The role of intrafirm networks. Academy of 

Management Journal 41(4): 464–476. 
Verkuilen J (2005) Assigning membership in a fuzzy set analysis. Sociological Methods & Research 33(4): 

462–496. 
Wassmer U (2010) Alliance portfolios: A review and research agenda. Journal of Management 36(1): 141– 

171. 
Wincent J, Anokhin S, Örtqvist D, et al. (2010) Generalized reciprocity and firm-level advantage in strategic 

networks. Journal of Management Studies 47(4): 597–624. 
Wuyts S and Dutta S (2014) Benefiting from alliance portfolio diversity: The role of past internal knowledge 

creation strategy. Journal of Management 40(6): 1653–1674. 
Xie X, Fang L and Zeng S (2016) Collaborative innovation network and knowledge transfer performance. 

Journal of Business Research 69(11): 5210–5215. 
Yli-Renko H, Autio E and Sapienza HJ (2001) Social capital, knowledge acquisition, and knowledge exploi-

tation in young technology-based firms. Strategic Management Journal 22(6–7): 587–613. 
Zaheer A and Bell GG (2005) Benefiting from network position: Firm capabilities, structural holes, and per-

formance. Strategic Management Journal 26(9): 809–825. 
Zaheer A, Gözübüyük R and Milanov H (2010) It’s the connections: The network perspective in interorgani-

zational research. Academy of Management Perspectives 24(1): 62–77. 

Author biographies 

Fabian Reck holds a doctoral degree in business administration (Dr. rer. pol.) from the University of Bamberg, 
and a master’s degree in industrial engineering (MSc) from the University of Erlangen–Nuremberg. His 
research focuses on how incumbent firms from medium- and high-tech industries (e.g. software, machinery, 
automotive, energy) organize for digital transformation. His particular interest is in the role of strategic lead-
ership and interorganizational networks. He has published articles in leading management journals such as 
Journal of Management Studies and MIT Sloan Management Review, and his work was included in the Best 
Paper Proceedings of the Annual Meeting of the Academy of Management. 

Alexander Fliaster is Chair and Full Professor in Innovation Management at the University of Bamberg. He 
received his doctorate and habilitation in business administration from the Bundeswehr University Munich 
and held visiting professorships at the Toulouse Business School and the Indian Institute of Management in 
Bangalore, among others. The themes of his recent studies cover innovation leadership, adoption of digital 
and sustainable innovations and the impact of networks on collaboration and innovation. His research has 
been published in leading management journals such as Journal of Management Studies, Human Relations, 
R&D Management, European Management Review, and MIT Sloan Management Review. 




