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Abstract: 
There is ample, cross-disciplinary evidence suggesting that network ties are key to promoting 
novelty. However, the network paradigm in organization and management theory offers 
conflicting views on what types of interorganizational ties are most valuable for organizations 
that are pursuing novel outcomes. Drawing on the contingent view of social capital, this study 
disentangles the contribution of ‘bonding’ and ‘bridging’ network ties in the context of two 
critical conduits of novelty: new ventures and technological change. Empirical findings from a 
meta-analysis of 351 effect sizes nested in 67 independent samples reveals a consistent pattern of 

network ties‒performance variations. Focusing on a two-by-two matrix that encompasses distinct 
conduits of novelty—new ventures and technological change—and different levels of pressures 
for novel outcomes—low vs. high expectation—we found two ideal profiles of network 

ties‒context. Bridging ties are the best fit for the population of new ventures that have low 
pressure related to technological change. By contrast, bonding ties are more valuable for 
established firms for which technological change requires competition for competitive advantage. 
Moreover, we uncovered a pair of suboptimal equifinal designs: bonding and bridging ties are 
equally beneficial for the performance of new ventures that face technology-intensive 
environments. Surprisingly, network ties are not significantly associated with performance of 
established firms in less technology-intensive environments, which are typically characterized by 
lower pressure for novel outcomes. 
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INTRODUCTION 

Since Schumpeter’s (1934) seminal work linking discontinuity, competition, and development, the 

concept of ‘novelty’ has promoted a fecund debate in organization and management theory. Some 

scholars emphasized that embracing novelty is arduous for individual actors. Getting ‘new things done’ 

is a dynamic and uncertain activity (Van de Ven, Polley, Garud, & Venkataraman, 1999) that entails 

dealing with organizational dilemmas (Benner & Tushman, 2003), paradoxes (Smith & Lewis, 2011), 

and unfamiliar contexts (Fleming, 2001). Others argued that—although problematic (Knudsen & 

Levinthal, 2007)—making a ‘long jump’ in the space of alternatives uniquely fosters performance and 

long-term adaptation (Levinthal, 1997). However, either view reflects a broader conception of novelty 

as a socially situated phenomenon (Becker, Esslinger, Hedtke, & Knudsen, 2005). Indeed, several 

disciplines agree that social relationships are key to uncovering breakthrough ideas (Csikszentmihalyi, 

1999) as well as to developing them (Podolny & Stuart, 1995; Shapin, 1995) and getting audience 

acceptance (Baumann, 2007; Latour, 1979). 

Drawing on the concept of social capital—i.e., the sum of the actual and potential resources 

embedded within, available through and derived from a network of relationships (Nahapiet & Ghoshal, 

1998)—organization and management theory has emphasized the role of network ties in fostering two 

critical conduits of novelty: ‘new ventures’ and ‘technological change’ (Van de Ven et al., 1999). As a 

result, there is ample empirical evidence suggesting that network ties are crucial to creating successful 

new ventures (e.g., Baum, Calabrese, & Silverman, 2000; Beckman, 2006; Ozcan & Eisenhardt, 2009; 

Rindova, Yeow, Martins, & Faraj, 2012) or to prospering in environments that require high levels of 

endogenous technological change (e.g., Lavie, 2007; Rowley, Behren,s & Krackhardt, 2000; Stuart, 

1998, 2000). 

However, this body of literature seems to be fundamentally fragmented. First, studies remain 

divided on what form of network ties—whether bonding ties (which enforce closure mechanisms) or 

bridging ties (which trigger brokerage mechanisms) (Burt, 2005)—is most valuable for organizations 

that are pursuing novel outcomes. Second, prior research has indicated that exploiting novel outcomes 
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requires individual organizations to deal with peculiar functional demands in terms of pressures for 

creativity (Hargadon & Sutton, 1997), learning (Powell, Koput, & Smith-Doerr, 1996), uncertainty 

absorption (Gulati & Higgins, 2003), or quality signaling (Podolny, 2001). However, it is not clear 

whether those functional demands equally constrain performance when distinct novelty conduits—

namely, new ventures and technological change—are considered. Third, prior studies have mirrored a 

contingent view of social capital, according to which network ties’ adequacy “need[s] to be bound by 

particular populations” (Rowley et al., 2000: 384). Yet, scholars favored a simple contingency approach, 

assessing the fit of specific forms of network ties against one novelty conduit at a time—i.e., new 

ventures vs. established firms (Semrau & Sigmund, 2012), or technology-intensive vs. less technology-

intensive environments (Rowley et al., 2000). This neglects the possibility that distinct conduits of 

novelty place heterogeneous—yet equally binding—functional demands upon organizations. 

The purpose of our study is to disentangle the value of alternative forms of network ties—i.e., 

‘bonding’ and ‘bridging’ ties—for populations of organizations that deal with distinct novelty contexts 

(Becker et al., 2005). We do so by articulating and testing a conceptual model of network ties–novelty 

context fit that is rooted in the contingent view of social capital (Adler & Kwon, 2002; Burt, 1997; 

Hansen, Podolny, & Pfeffer, 2001; Koka & Prescott, 2008; Podolny, 1994). A meta-analytic research 

design allowed us to systematically study variation of network ties–performance within and across 

quadrants of a two-by-two classification matrix that encompasses unique combinations of novelty 

conduits—i.e., new ventures and technological change—and varying levels of pressures for novel 

outcomes—i.e., low vs. high. 

We hold that solving the theoretical conundrum of network ties–novelty context fit is important for 

several reasons. First, because new ventures and technological change play a pivotal role in markets and 

contemporary society (Ketchen, Ireland, & Snow, 2007) and because network ties are increasingly seen 

as a design variable (Gulati, Puranam, & Tushman, 2012; Lavie, 2006), it is critical to gain a theoretical 

understanding as to context in which the pattern of network ties is most valuable for organizations 

(Rowley et al., 2000). Second, disentangling the value of distinct forms of network ties vis à vis multiple 
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pressures for novel outcomes—as it is for new ventures competing by technological change—can 

illuminate the presence of multiple fit issues (Gresov, 1989) in interorganizational research and, in turn, 

guide a more realistic approach toward network-tie design (Gulati et al., 2012). Third, if not 

contradictory (Reagans & McEvily, 2008), bonding and bridging ties can be regarded at least as 

interorganizational responses competing for the same resources, namely managerial attention. 

Clarifying what form of network tie is the best alternative in a given context may provide organizations 

with a twofold benefit: that is, adopting the most effective design while focusing managerial attention, 

thus improving efficiency in network-tie formation/maintenance process (Hallen & Eisenhardt, 2012). 

The paper is organized as follows. Pooling arguments from network perspectives in organization 

research (Gulati, Lavie, & Madhavan, 2011), strategic entrepreneurship (Stuart & Sorenson, 2007), and 

technological change (Ahuja, 2000a), the first section briefly reviews how organizations can leverage 

network ties to address the functional demands that organizations face in environments with high 

expectations for novelty. Then, we develop hypotheses about the fit of alternative forms of network 

ties within and across four unique novelty contexts (see Figure 1, below). The next section reports 

empirical results from a meta-analysis of 351 network ties–performance effect sizes nested in 67 

independent samples drawn from the literature streams of social network theory (e.g., Ahuja, 2000a), 

alliance performance (e.g., Stuart, 2000), and interorganizational sociological research (e.g., Gulati, 

1995) published between 1992 and 2012. We conclude by discussing the implications of our findings 

for the network ties–performance literature and interorganizational research in strategic 

entrepreneurship and technological change fields. 

THEORY 

According to Schumpeter’s view inherent in his ‘Development’ article (Becker et al., 2005), 

organization and management research considered new ventures and technological change to be the 

main conduits of novelty (Van de Ven et al., 1999); in other words, they functioned as carriers of new 

combinations that endogenously destroyed ‘old ways of doing’ and replaced them with newly created 

ones (Schumpeter, 1934). By largely relying on subjective judgments and heuristics (Bingham, 
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Eisenhardt, & Furr, 2007), new ventures are more likely to exploit truly novel combinations than are 

established firms (Tushman & Anderson, 1986), which tend to draw on conservative/bureaucratic 

decision-making arrangements (Knudsen & Levinthal, 2007). In parallel, technological change creates a 

shift in the knowledge that underlies an industry’s product (Abernathy & Utterback, 1978); this often 

opens entirely new markets and can even redefine an industry (Tripsas & Gavetti, 2000). 

Although there is general agreement that new ventures and technological change are intertwined 

phenomena (Ketchen et al., 2007), these two conduits of novelty present heterogeneous functional 

demands. In their pursuit of novelty, new ventures entail creating new resources or combining existing 

ones in original ways (Ireland, Hitt, & Sirmon, 2003) while dealing with resource-poor situations (Baker 

& Nelson, 2005), limited managerial attention (Hallen & Eisenhardt, 2012), and lack of legitimacy 

(Aldrich & Baker, 2001). Success in technology-intensive environments largely depends on an 

organization’s ability to spur novel outcomes by acquiring and integrating complex knowledge that is 

embedded in highly interactive (Dougherty & Dunne, 2011; Powell et al., 1996; Rosenkopf & Schilling, 

2007) and dynamic systems (Eisenhardt, Furr, & Bingham, 2010). 

Despite their differences, both new venture creation and technological change are socially situated 

processes (Cattani, Ferriani, & Lanza, 2012; Garud, Jain, & Kumaraswamy, 2002; Hargadon & Douglas, 

2001; Haveman, Habinek, & Goodman, 2012; Singh & Fleming, 2010). As for new ventures, several 

studies have emphasized the role of network ties (for a review see Hoang & Antoncic, 2003; Jack, 2010) 

and culture as social structures that (may) foster entrepreneurship (Kwon & Arenius, 2010). Moreover, 

the strategic entrepreneurship literature stream has illuminated the role of agency in forming network 

ties (Hallen & Eisenhardt, 2012; Ozcan & Eisenhardt, 2009; Stuart & Sorenson, 2007; Vissa, 2011) that 

help new ventures to ameliorate resource deficiencies (Hallen, 2008) or signal their quality to 

stakeholders (Dushnitsky, 2010). As far as technological change, there is vast empirical influence that 

suggests that interorganizational interaction is key to creating new knowledge (for a review see Phelps, 

Heidl, & Wadhwa, 2012). Furthermore, network ties are crucial to transforming fresh knowledge into 

valuable technologies (Hansen, 1999; Obstfeld, 2005) and, ultimately, to capture the value of knowledge 
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advancements (Katila, Rosenberger, & Eisenhardt, 2008). Hence, network ties are expected to help 

firms address the peculiar functional demands placed upon new ventures and organizations that are 

attempting to fulfill technological change goals. 

However, it is less clear what form of network ties can be purposefully leveraged within and across 

distinct novelty contexts. Network research in the organization and management field has long been 

bifurcated into two strands (Ahuja, 2000a; Burt, 1997; 2005; Walker, Kogut, & Shan, 1997): one 

focusing on bonding network ties and another focusing on bridging ties, drawing on Coleman’s (1988) 

‘closure’ and Burt’s (1992) ‘brokerage’ arguments, respectively. Bonding ties—i.e., embedded networks 

with many connections linking ego's alters (Ahuja, 2000a; Walker et al., 1997)—enhance firm 

performance by promoting cooperation among members (Gulati, 1995), fostering tight forms of 

reciprocal monitoring (Becattini, Bellandi, Dei Ottati & Sforzi, 2003), facilitating access to social 

resources (Aldrich & Baker, 2001), and providing reliable streams of information on current and 

prospective partners (Eisenhardt & Schoonhoven, 1996). By contrast, bridging ties—i.e., ties spanning 

a gap among cohesive groups and dissimilar actors (Burt, 1992)—nurture firms’ performance by 

providing a focal actor with access to  more diverse information, early access to that information, 

control over information dissemination (Burt, 1992), and the opportunity to bring elements from 

separate production spheres together (Hargadon & Sutton, 1997). It is now acknowledged that bonding 

and bridging ties are not necessarily at odds (Burt, 2005), but that each form can be more conducive to 

firm performance in specific contexts (Adler & Kwon, 2002). However, ample empirical evidence 

shows that both bonding and bridging network ties are significantly correlated with firm performance 

within the context of novelty. 

Determining what form of network ties is most valuable in a given situation is important because 

diverse factors might force individual organizations to favor one form over another. First, both 

bonding and bridging ties entail advantages, but imply profoundly different processes that create 

difficult-to-solve tensions (Burt, 2005: 108): (i) closure creates social capital by piggybacking on third 

parties whereas network bridges are defined by the absence of third parties; (ii) in the closure argument, 
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information is valuable when it is redundant whereas, in the brokerage argument, information is 

valuable when it is not redundant; (iii) closure is about forcing alters to behave in prescribed ways 

whereas brokerages force focal actors to improve their vision by escaping the demands of alters. 

Second, forming new ties (Hallen, 2008; Hallen & Eisenhardt, 2012) or maintaining existing ones (Burt, 

1992; Coleman, 1988) is a costly activity that reduces private returns form networks. Moreover, 

contingent factors such us managerial attention and prior endowments of ties may amplify the cost of 

tie formation/maintenance (Hallen & Eisenhardt, 2012) for particular populations of organizations. 

Taken together, these arguments suggest that even if organizations are able to solve closure-brokerage 

tensions (Reagans & McEvily, 2008), bonding and bridging ties can be regarded as alternative forms of 

network ties because they compete for the same resources: namely, managerial attention. 

HYPOTHESES DEVELOPMENT 

In the following sections, we superimpose the advantages of bonding and bridging network ties upon 

the functional demands related to different novelty contexts cutting across a two-by-two classification 

matrix (see Figure 1 below). According to the contingency view of social capital (Adler & Kwon, 2002; 

Burt, 1997; Hansen, Podolny & Pfeffer, 2001; Koka & Prescott, 2008; Podolny, 1994), we hypothesize 

that the stronger network ties–performance relationship is attributed to “the internal consistency, or fit, 

among the patterns of relevant contextual and structural factors” (Doty, Glick & Huber, 1993: 1196). 

In so doing, our conceptual model embraces a multiple fit perspective (Gresov, 1989; Gresov & 

Drazin, 1997): it simultaneously assesses the fit of alternative forms of network ties—based on bonding 

and bridging ties—vis à vis multiple contextual factors—i.e., distinct novelty conduits. Figure 1 reports 

our predictions for network ties–performance variation under four novelty contexts—Quadrants I-

IV—coupled with unique combinations of novelty conduits and environmental pressures for novel 

outcomes. 

------------------------------------- 
Insert Figure 1 about here 

------------------------------------- 

Network Ties Fit among New Ventures in Less Technology-Intensive Environments 
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Despite the wide recognition that new ventures’ external relationships can be a valuable resource (for a 

review see Hoang & Antoncic, 2003; Jack, 2010), there is less agreement as to which form of network 

tie is most beneficial for their performance (e.g., Elfring & Hulsink, 2007; Hite & Hesterly, 2001; 

Semrau & Sigmund, 2012). However, considering the specific set of functional demands inherent in 

less technology-intensive environments, we argue that it is bridging ties (as opposed to than bonding 

ties) that contribute most to new ventures’ performance. First, whereas bonding ties favor action by 

securing human, financial, and social resources to new economic initiatives (Coleman, 1988), ties that 

bridge structural holes provide actors with heterogeneous information sets and strategic latitude to act 

entrepreneurially (Burt, 1992). Because this population of new ventures do not cope with technological 

change issues—hence, they do not have to integrate specialized knowledge embedded in dyads and 

networks (Powell et al., 1996)—the need to be open to “diverse, often contradictory, information and 

interpretations (Burt, 2005)” can be more compelling than the need to leverage others’ critical resources 

(Eisenhardt & Schoonhoven, 1996) or to ameliorate internal resource deficiencies (Hallen, 2008). 

Indeed, the information advantages associated with bridging ties engender actors to assess shortages 

and surpluses in the market and, by responding to these asymmetries (Shane & Venkataraman, 2000), 

to obtain resources, recombine them, and sell the output in view of a profit. A second advantage of 

bridging otherwise disconnected social groups is the chance for a new venture to act as a broker (Burt, 

2005), introducing existing combinations where they were not previously known (Lingo & O'mahony, 

2010). In the process, they may create new products that are original combinations of existing 

knowledge from different segments of the environment (Hargadon & Sutton, 1997). Third, brokerage 

work can create difficult-to-categorize outputs whose appeal to the target audience increases with the 

level of disconnectedness of new actors introducing the output (Phillips, 2011). Finally, bridging 

network ties provides organizations with operational flexibility and strategic latitude, both of which are 

essential to exploiting ephemeral information asymmetries in a timely manner (Shane, 2003). On the 

basis of these arguments, we therefore propose the following: 

Hypothesis 1: In the population of new ventures that face less technology-intensive environments (Quadrant II), the 
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relationship between bridging network ties and performance is stronger than the relationship between bonding network 

ties and performance. 

Network Ties Fit among Established Firms in Technology-Intensive Environments 

There is abundant empirical evidence that suggests that network ties boost firm performance in 

technology-intensive environments (e.g., Lavie, 2007; Stuart, 2000), where knowledge is complex 

(Phelps et al., 2012) and embedded in highly interactive (Dougherty & Dunne, 2011; Rosenkopf & 

Schilling, 2007) and dynamic systems (Eisenhardt et al., 2010). Moreover, studies have shown that 

network ties can be especially beneficial for established firms (Rosenkopf & Nerkar, 2001) to avoid 

competency traps (Levinthal & March, 1993). Yet, it is not clear what form of network ties can be 

regarded as beneficial for established firms that are striving for endogenous technological change. By 

relying on small-world (Fleming & Marx, 2006), creativity (Hargadon & Sutton, 1997), or information-

transmission (Lazer & Friedman, 2007) arguments, a number of scholars have argued that bridging ties 

provide unique advantages to this population of organizations, enabling them to initiate courses of 

action that diverge from the status quo. However, we argue that bonding ties can be more valuable than 

bridging ties because, in this precise novelty context, performance largely depends on the organization’s 

ability to marshal technological change on a continuous basis (Agarwal & Helfat, 2009) while dealing 

with complex, distributed knowledge (Powell et al., 1996) and substantial levels of technological 

uncertainty (Podolny, 2001). First, bonding ties provide unique information advantages. Organizations 

embedded in a dense network can easily keep track of ‘who knows what,’ being able to map current and 

prospective partners (Gulati, 1995). Moreover redundant paths in the network—i.e., bandwidth—can 

offset the risk of lock-in or bias in the information circulating within social groups by granting faster 

access to information (Aral & Van Alstyne, 2011). This can be especially important for established 

firms that are attempting to exploit technological change, whose performance depends not only on 

access to novel and controversial information, but also—more precisely—by how frequently, quickly, 

and efficiently they are able to access this information. Second, bonding ties unlock the learning 

potential of network ties because they facilitate interorganizational knowledge transfer (Mowery, Oxley, 
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& Silverman, 1996) and promote close social interaction that is key to fully understanding another’s 

technology (Steensma, Howard, Lyles, & Dhanaraj, 2012). Furthermore, reputation creates incentives 

for knowledge transfer by instilling expectations in the recipient of the knowledge that the current 

disclosure decision will be reciprocated in future interactions. Third, bonding network ties reduce 

transaction costs, which are particularly salient for established firms that often manage large, 

heterogeneous portfolios of interorganizational ties. By mitigating the risk of opportunism—which is 

especially pronounced in technology alliances and increases with task uncertainty (Kale, Singh, & 

Perlmutter, 2000)—social control mechanisms provide an informal mechanism of governance that 

substitute for costly contractual arrangements (Sobrero & Schrader, 1998). Finally, bonding network 

ties foster the performance of established firms by acting as an uncertainty-absorption mechanism. As 

organizations face environmental changes, crucial core changes—which are likely to be risky, 

controversial, expensive, and perhaps irreversible—should be contemplated. Cooperative interaction 

and intense dialogue fostered by bonding ties can improve adaptation strategies. Therefore, even if 

strong ties may not provide a firm with an exhaustive picture of environmental changes and potential 

adaptive responses, they are more valuable than weak ties in helping the firm to grasp the implications 

of environmental discontinuities and to evaluate potential responses to these discontinuities (Kraatz, 

1998). On the basis of these arguments, we hypothesize the following: 

Hp2: In the population of established firms that face technology-intensive environments (Quadrant IV), the 

relationship between bonding network ties and performance is stronger than the relationship between bridging network 

ties and performance. 

Network Ties Fit among Established Firms in Less Technology-Intensive Environments 

The performance of established firms in less technology-intensive environments primarily depends on 

the firms’ relative abilities to efficiently pool resources. Hence, organizations are subject to low pressure 

for novel outcomes. Bonding interorganizational ties best serve exploitation goals by acting via several 

mechanisms. First, the redundancy of interorganizational ties ameliorates resource dependence issues 

(Boyd, 1990); a firm that is central in the industry network can therefore reach external resources using 



 12 

different paths and this increases its bargaining power vis à vis less connected competitors. Second, 

network prominence offers the opportunity for political behavior such as cooptation of distributed 

resources in a firm’s environment (Selznick, 1949). This can be an important source of competitive 

advantage because, in many mature, capital-intensive environments, input factors are non-substitutable 

or difficult to achieve. Third, dense networks can promote production efficiency by providing actors 

with a deep understanding of a specific technology, which is a necessary condition for refining and 

improving it (Allen, 1983). For instance, Von Hippel (1987) indicated that informal knowledge transfer 

among professionals played a key role in for process innovation in the US steel industry. Fourth, the 

closure mechanism promotes shared visions and fosters repeated interactions that offer both reliable 

and resource-saving mechanisms to coordinate with external partners in many mature industries with 

systemic technologies (Dyer, 1996). Thus, we propose the following: 

Hp 3: In the population of established firms that face less technology-intensive environments (Quadrant III), the 

relationship between bonding network ties and performance is stronger than the relationship between bridging network 

ties and performance. 

Network Ties Fit among New Ventures in Technology-Intensive Environments 

Hypotheses 1, 2, and 3 postulate an ideal profile approach (Gresov & Drazin, 1997), according to 

which there is one-on-one correspondence between the functional demands created by the novelty 

context and the advantages endowed y a given form of network ties. Indeed, we state that bridging 

network ties are the best response for new ventures operating in less technology-intensive 

environments (Hypothesis 1), whereas bonding network ties best suit established firms operating in 

technology-intensive (Hypothesis 2) and less technology-intensive environments (Hypothesis 3). 

However, assuming an ideal profile approach may be inconsistent when heterogeneous functional 

demands face a population of organizations (Gresov, 1989), as in the case of new ventures striving for 

endogenous technological change (Kazanjian, 1988). First, in such a novelty context, performance 

crucially depends on the firm’s ability to build on complex and distributed knowledge (Powell et al., 

1996) while proposing resource combinations that are genuinely new with respect to those already 
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offered by established firms (Roberts, 1991). Bonding ties are valuable because they provide new 

ventures with an in-depth understanding of the knowledge basis that underlies an industry (Mowery et 

al., 1996), and this, in turn, increases the likelihood of assessing salient issues and discovering possible 

solutions (Fleming & Sorenson, 2004). Moreover, the closure mechanism ameliorates the trade-off 

between the variety of information and the cost of accessing it (Aral & Van Alstyne, 2011); this is a key 

issue for new ventures, which have severe limitations of managerial attention. In parallel, ties that 

bridge structural holes uniquely benefit performance by exposing new ventures to varied information, 

which helps these ventures to identify genuinely new opportunities at the intersection of different 

segments of the environment, such as different technological fields (Fleming & Marx, 2006). Second, 

new ventures need to manage interdependent resource needs (Casciaro & Piskorski, 2005; Katila et al., 

2008) while preserving the strategic latitude to exploit radically new technologies (Almeida & Kogut, 

1997). Bonding ties uniquely foster performance by helping new ventures to fill resource deficits and 

can be especially important in technology-intensive environments, wherein knowledge is complex and 

resides in dyads and networks rather than in proprietary silos (recall Hypothesis 2). With this 

considered, bridging ties can be equally beneficial for new ventures. As Burt (2005: 163) observed, “the 

conflicting demands of multiple groups frees you from excessive demand in any one group.” Thus, the 

brokerage mechanism is critical in order for new ventures to exploit radically novel technologies 

because it avoids excessive and unidirectional social pressures (Festinger, 1954) that may incline actors 

toward conformance (Janis, 1982); it also avoids biased evaluation of new technological outputs 

(Podolny & Stuart, 1995). Moreover, pursuing a new technology within an open network can reduce 

the visibility of the new economic initiative and, in turn, lower the risk for the venture to become a 

‘bigger target’ for its opponent firms (Jensen, 2008). Third, new ventures in technology-intensive 

environments cope with distinct dimensions of uncertainty that require them to optimize their varying 

network ties. A first dimension of uncertainty is related to the likelihood of technical success and the 

costs associated with success (McGrath, 1997). Bridging ties can signal to external constituents—e.g., 

organizations with complementary resources or markets—that organization-specific issues are being 
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recognized and dealt with by searching for heterogeneous information across distinct sets within the 

task environment (Beckman, Haunschild & Phillips, 2004; Podolny, 2001). A second dimension of 

uncertainty is associated with judging the quality of an entrepreneurial opportunity (Hsu, 2007). 

Because young organizations lack a track record, external constituencies are not able to infer the quality 

of the new economic initiative using an organization-specific probability distribution of success vs. 

failure (Stuart, Hoang, & Hybels, 1999). The closure mechanism can substitute for the absence of such 

information by providing new ventures with symbolic and social resources—e.g., reputation, trust, and 

socially accepted standards of quality (Baum et al., 2000)—that signal the quality of the entrepreneurial 

opportunity to external constituencies. 

Taken together, these arguments suggest that new ventures in technology-intensive environments 

face a design quandary: organizations cannot embrace one set of functional demands and ignore the 

other because distinct sets equally constraint performance. Hence, we point out that bonding and 

bridging network ties are equifinal (or functionally equivalent) interorganizational designs. Explained 

another way, they are alternative paths that lead to the same or a very similar outcome in the same 

context (Galunic & Eisenhardt, 1994; Gresov & Drazin, 1997); that is: 

Hypothesis 4: In the population of new ventures that face technology-intensive environments (Quadrant I), the 

relationship between bonding network ties and performance and the relationship between bridging network ties and 

performance have the same magnitude of effect. 

The arguments presented above also implicitly suggest that addressing one set of functional 

demands must come at the expense of not addressing another (Gresov, 1989) because the imperatives 

of each demand need to be satisfied with alternative forms of network ties. Thus, we expect that new 

ventures that are dealing with technology-intensive environments prioritize distinct sets of functional 

demands with the set chosen as most important determining what network ties to design. The 

consequence is that only suboptimal pairs of network ties–context variables are available because one 

set of functional demands will be underattended (Drazin & Gresov, 1997). Drawing on this theoretical 

argument and empirical evidence indicating that organizations that face inconsistent demands have 
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poorer performance than do organizations that face consistent demands (Gresov, 1989; Payne, 2006), 

we hypothesize the following: 

Hypothesis 5a: In the population of new ventures, the relationship between bridging network ties and performance is 

weaker in technology-intensive environments (Quadrant I) than in less technology-intensive environments (Quadrant 

II), wherein an idea profile of network ties–novelty context is available. 

Hypothesis 5b: In the population of organizations that face technology-intensive environments, the relationship 

between bonding network ties and performance is weaker for new ventures (Quadrant I) than for established firms 

(Quadrant IV), wherein an idea profile of network ties–novelty context is available.  

METHOD 

Data and Sample 

We identified candidate studies for our meta-analysis using several approaches. First, we performed a 

document search on the ISI Web of Knowledge online repository. Our query retrieved articles that 

contained the words ‘social capital,’ ‘bonding,’ ‘bridging,’ 'network ties,’ ‘closure,’ ‘structural holes’ or 

‘brokerage’ in the title, abstract, or keywords section of the document. Due to the large number of 

instances satisfying these conditions—over 300,000 studies—we chose to balance the cost of screening 

activities and sample representativeness by focusing on a subset of 37 leading management and 

economic sociology journals.1 Viewing Burt’s seminal 1992 work on structural holes as the initiation of 

the bonding vs. bridging network ties conversation, we designed our document search to span from 

January 1992 to October 2012. This choice enabled us to consistently code studies along the form of 

network ties dimension. Our document search provided a set of 1,297 studies. 

As a second step, we cross-checked our outcomes with those in Adler and Kwon’s (2002) article 

summarizing the social capital literature at the intersection of the management field, and other thematic 

reviews focusing on the morphology of interorganizational ties (Parmigiani & Rivera-Santos, 2011), 

TMTs and social capital (Johnson, Schnatterly, & Hill, 2013), the network effect on economic 

performance (Gulati et al., 2011), and the influence of networks on new ventures (Hoang & Antoncic, 

2003; Jack, 2010; Street & Cameron, 2007; Stuart & Sorenson, 2007) or technological innovation 
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(Phelps et al., 2012; Powell & Grodal, 2005); we also performed this check on articles that summarized 

methodological issues in social capital (Payne, Moore, Griffis & Autry, 2011) and network research 

(Carpenter, Li & Jiang, 2012). This led to the inclusion of 38 additional articles, increasing the number 

of studies to 1,335. 

Based on the abstracts, we first excluded all studies falling beyond the theoretical scope of our 

study (e.g., studies covering network ties formation [Vissa, 2011], network evolutionary issues 

[Rosenkopf & Padula, 2008], or the influence of network ties on organizational decision outcomes 

[Rao, Davis, & Ward, 2000]), theoretical studies (e.g., Hite & Hesterly, 2001), and empirical studies 

building on case-study evidence (e.g., Uzzi, 1997). This led us to exclude 951 studies. 

Among statistical or econometric studies within the scope of our meta-analysis, we selected those 

matching the following requirements. First, we retained articles that dealt with the performance at the 

firm or business-unit level2 (e.g., Tsai, 2001). Thus, we excluded works that addressed the influence of 

network ties on performance outcomes at the level of individual (100 studies [e.g., McFadyen & 

Cannella, 2004]), dyad (five studies [e.g., Gulati & Sytch, 2007]) or team/project (50 studies [e.g., 

Ancona & Caldwell, 1992; Obstfeld, 2005]) performance. Second, studies had to focus on economic 

performance. According to the organizational congruence literature,3 we chose a ‘global’ measure of 

performance to detect the fit effect linking network ties to variation in novelty contexts. With this 

considered, we excluded 90 studies that addressed the influence of network ties on innovation 

performance (e.g., Phelps, 2010), and 15 studies that focused on firm-level outcomes such as ‘capability 

development’ (McEvily & Zaheer, 1999), ‘technological distinctiveness’ (Yli-Renko, Autio, & Sapienza, 

2001), ‘opportunity recognition’ (Bhagavatula, Elfring, van Tilburg, & van de Bunt, 2010), or ‘access to 

private equity’ (e.g., Batjargal & Liu, 2004). Third, studies had to operationalize performance using a 

continuous measure, such as ROA (e.g., Rowley et al., 2000) or a measurement scale (e.g., Lee, Lee, & 

Pennings, 2001). Therefore, we excluded 16 empirical works that examined the impact of network ties 

on organizations’ survival (e.g., Batjargal, 2007). Fourth, we excluded studies based on heterogeneous 

samples—i.e., samples with both new ventures and established firms and/or firms from both less 
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technology-intensive and technology-intensive environments—or that did not provide sufficient 

information to code sample-specific variables. At this stage, we discarded 38 studies—the ‘Coding 

Scheme’ section provides details about coding criteria and rationales for study exclusion. 

After all studies were evaluated for eligibility, we were left with 70 studies. However, an in-depth 

investigation of a series of sample-specific features revealed that this set of studies did not have a 

corresponding equal number of independent samples: multiple works relied on the same dataset,4 and 

another subgroup provided several independent effect sizes, leveraging multi-industry data.5 The final 

dataset therefore consisted of 351 effect sizes nested in 67 independent samples, which resulted in a 

cumulative sample of 8,944 organizations.6 The electronic Appendix ‘A’ reports the complete list of 

studies included in the meta-analysis. 

Coding Scheme 

The first coding operation dealt with determining whether the effect size mirrored the bonding or 

bridging form of network ties. After a careful reading of the theory, conceptual model, and ‘measures’ 

sections of every paper, we drew on our conceptualization of bonding and bridging network ties. We 

considered variables such as ego-network density, redundancy of ties, closure, local-frequent contacts, 

and reciprocity to be bonding network ties. Using the same logic, we considered variables such as 

structural holes, brokerage, and distant-infrequent contacts to be bridging network ties. We represented 

the form of network ties using a dummy variable (Cohen & Cohen, 1983); bridging network ties served 

as the reference category. 

We used information included in the ‘data and sample’ section of each study to code samples along 

the novelty conduit dimensions. We coded a sample as made of ‘new ventures’ if one or both of the 

following requirements were met. First, the study had an explicit focus on new ventures (e.g., Beckman, 

2006). Second, descriptive statistics in the results section of the articles indicated that the ‘firm’s age’ 

variable had a mean of seven years or less and a standard deviation that was below three years; this 

meant that the ‘oldest firms’ in the sample were ten years old (one standard deviation above the mean), 

which is smaller than the threshold of 12 years (i.e., when scholars believe entrepreneurial firms begin 
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to experience slower rates of growth) (Drazin & Kazanjian, 1993) and increasing formalization (Walsh 

& Dewar, 1987). We coded a sample as composed of established firms if one or more of the following 

criteria were met. First, the study had an explicit focus on large firms, such as Fortune 500 companies 

(e.g., Geletkanycz & Hambrick, 1997). Second, the ‘firm’s age’ variable—reported among descriptive 

statistics in the original study—had a mean of 14 years or more and firms were publicly listed7 (Dalziel, 

Gentry, & Bowerman, 2011; Lavie, 2007; Lavie et al., 2011; Lavie & Miller, 2008; Soh, 2003; Soh et al., 

2004). Using effects coding (Cohen & Cohen, 1983)—which allowed us to compare each group’s effect 

sizes with the grand mean of the sample—we represented established firms’ ‘scores’ as a string of 

minus ones, whereas new ventures were represented as a string of plus ones. 

The taxonomy provided by the OECD ‘Science, Technology and Industry Scoreboard’ 

(Hatzichronoglou, 1997) allowed us to classify our 67 independent samples—which encompassed 

several industries8—into two technological contexts. A first group refers to technology-intensive 

environments and comprises the set of knowledge-intensive services (i.e., ‘computer and related 

activities,’ ‘post and telecommunications,’ ‘research and development,’ and ‘investment banking’) and 

high-technology manufacturing industries (i.e., ‘aerospace,’ ‘computers, office machinery,’ ‘electronics-

communications,’ ‘pharmaceuticals,’ and ‘scientific instruments’). A second group refers to relatively 

low technological contexts such as services that are less knowledge intensive (i.e., ‘wholesale trade and 

commission trade,’ ‘retail trade,’ ‘hotels and restaurants’ and ‘land transport’) as well as manufacturing 

industries ranging from medium technological intensity (i.e., ‘motor vehicles,’ ‘electrical machinery,’ 

‘chemicals,’ ‘other transport equipment,’ ‘non-electrical machinery,’ ‘rubber and plastic products,’ 

‘shipbuilding,’ ‘other manufacturing,’ ‘non-ferrous metals,’ ‘non-metallic mineral products,’ ‘fabricated 

metal products,’ ‘petroleum refining,’ and ‘ferrous metals’) to low technological intensity (i.e., ‘paper 

printing,’ ‘textile and clothing,’ ‘food, beverages, and tobacco,’ and ‘wood and furniture’).9 Four articles 

(Geletkanycz & Hambrick, 1997; Gulati, 1995, 1999; Zhang & Li, 2008) presented multi-industry 

empirical evidence, but—contrary to Rowley and colleagues’ (2000) study—did not provide an effect 

size for each industrial context. In those cases, we leveraged the sectorial dummy variables available in 
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the correlation matrix to pair an effect size with each sub-sample as suggested by Cohen and Cohen 

(1983).10 This procedure enabled us to compute nine independent correlation coefficients. Using effects 

coding (Cohen & Cohen, 1983), we represented lower technology-intensive ‘scores’ as a string of minus 

ones, whereas technology intensive ‘scores’ were represented as a string of plus ones. 

In addition to substantive factors, our coding procedures involved a series of methodological and 

technical features at the research design level. Effects included in the sample revealed variations in the 

level at which the conceptual model was specified (Klein & Kozlowski, 2000): some studies followed a 

single-level approach (Klein & Kozlowski, 2000: 39), in which both network ties and firms’ 

performance were conceptualized at the firm level; whereas others used a cross-level approach (Klein & 

Kozlowski, 2000: 39), in which performance was conceptualized at the firm level and network ties were 

conceptualized at a lower level—e.g., the CEO’s network ties. Single-level studies represented the 

baseline category for our dummy variable (Cohen & Cohen, 1983). 

As far as data sources, we found a first group of studies that assessed firm- or individual-level 

network ties by focusing on archival data—e.g., interlocking directorates or alliances—whereas a 

second group of studies drew on a key informant strategy—e.g., a CEO providing accounts of personal 

or organizational ties. Studies leveraging archival source data served as the baseline for our dummy 

variable (Cohen & Cohen, 1983). 

We coded information concerning the operationalization of variables to control for the influence of 

measurement choices on the magnitude of effect sizes. In the case of network ties, we relied on the 

recent review by Carpenter and colleagues (2012) and distinguished between network structure 

constructs—which capture network structural features—and network application constructs—which 

focus on actors’ attempts to use the networks they possess. Among the network structure constructs, 

typical variables included betweenness centrality, closeness centrality, network constraint, or structural 

equivalence. Among network application constructs, variables referred to actor’s network utilization 

(see Acquaah, 2007), in which items such as “to what extent do you use your ties with xxx in your firm” 

are captured on seven-point Likert-type. Network application constructs were used as the baseline 
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category for the related nominal variable. As for firm economic and financial performance, we 

distinguished between objective measures and self-reported scales. Among the objective measures of 

performance, the most common were sales growth, ROA, and ROI. Examples of self-reported scales 

were managers’ assessments of the firm’s growth or economic-financial performance compared to that 

of competitors. This category served as the baseline for the related dummy variable (Cohen & Cohen, 

1983). 

To guarantee a consistent application of the coding criteria, two authors coded all of the papers 

separately; an inter-coder comparison led to nine disagreements that were reconciled through in-depth 

discussion. 

Meta-Analytic Procedure and Modeling 

The general framework of estimation is Rosenthal’s ‘Type D’ meta-analysis (Rosenthal, 1991: 60) of 

Pearson’s ‘r’ correlations, whose purpose is to test whether effect sizes differ in a systematic and 

predictable fashion, according to variation of a substantive factor. Such a procedure is particularly 

suited to test our conceptual model, which contrasts the magnitude of effect sizes on the background 

of the hypothesized network ties-novelty context fit. 

Our estimation procedure involved two steps showing different degrees of statistical complexity. In 

the first step, we aimed to compare effect sizes using a simple ‘one effect per relationship per study’ 

meta-analysis (Rosenthal & Rubin, 1986). In the second step, we leveraged multivariate statistical 

analysis to contrast the value of different forms of network ties while ruling out fixed effects for 

novelty conduits—that is, network ties–performance variations between new ventures and established 

firms and between intensive and less intensive technological environments—and potential confounds 

caused by study artifacts. 

Drawing on our conceptual model, in the first step, we grouped effect sizes into four homogenous 

blocks, each of which reflected a unique novelty context (recall Figure 1, Quadrants I-IV) that had been 

derived from the combination of novelty conduits and levels of pressure for novel outcomes. For each 

block, we estimated two effect sizes: one for the bonding network ties–performance relationship and 
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one for the bridging network ties–performance relationship. In both cases, we conducted inferential 

procedures using a random-effects method, thus assuming that the true effect can differ across samples 

(DerSimonian & Laird, 1986). 

Before conducting estimates, we applied some transformations to the raw data. First, to ensure that 

effect sizes were independent, we averaged multiple correlations within a study to obtain one effect size 

per relationship per study (Rosenthal & Rubin, 1986). Second, we took study artifacts into account by 

assigning larger weights to more precise effects: that is, effects with lower estimated standard errors. 

Unfortunately, we were unable to correct for additional study artifacts. For instance, correction for 

construct validity, which is diffused in organization and management theory meta-analysis (Geyskens, 

Krishnan, Steenkamp, & Cunha, 2009: 403), was not performed because the majority of studies in our 

sample rely on objective indicators, hence assuming that constructs are measured without error. Third, 

if we were not able to retrieve pairwise correlation data (4 cases out of 67), we transformed the 

regression slopes linking social capital to firm performance into product–moment correlations using 

the approach suggested by Peterson and Brown (2005). Finally, we transformed each effect size to a 

Fisher’s z before pooling values. There are two advantages to such a transformation: first, the 

distribution of z-values is nearly normally distributed, and second, its variance does not depend on the 

population correlation value. We then transformed the Fisher’s z’s back into correlations before 

compiling them to be reported. 

In the second step of the analysis, we relied on the tradition of multilevel statistical modeling in the 

meta-analysis area (Kalaian & Raudenbush, 1996; Raudenbush, Becker, & Kalaian, 1988; Raudenbush 

& Bryk, 1985) and treated effect sizes as level-one observations nested in second order units (i.e., 

independent samples). The rationale behind the choice to handle individual effects was as follows. First, 

whereas combining multiple effects within a study can produce information loss (Cheung & Chan, 

2004), multilevel modeling allowed us to explain effect-size heterogeneity using both effect-specific 

covariates (i.e., attributes that vary within samples) and sample-specific covariates (i.e., attributes that 

vary between independent samples only). Second, such a modeling strategy enabled us to explain effect-
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size heterogeneity by drawing on multiple sources and levels of variability while correcting standard 

errors for non-independence of observations (Erez, Bloom, & Wells, 1996). The third argument is 

substantive in nature and concerns the proper testing of the hypothesized network ties–novelty context 

fit. As highlighted by the methodological literature on organizational congruence (Davison, Kwak, Seo, 

& Choi, 2002), random slopes (i.e., regression slopes that vary according to higher-level unit attributes) 

can be fruitfully used to test moderation hypotheses involving a cluster-level intervening variable. 

Fourth, multilevel regression analysis preserves the logic of the random-effect meta-analysis by enabling 

the modeling of a variance component (e.g., Skrondal & Rabe-Hesketh, 2004) that varies across clusters 

of observations (i.e., independent samples). This technique can therefore be very useful when it is 

unreasonable to assume that all of the heterogeneity is explained with the inclusion of covariates, and 

the possibility of residual heterogeneity must be acknowledged (Van Den Noortgate & Onghena, 

2003). 

------------------------------------- 
Insert Figure 2 about here 

------------------------------------- 

Figure 2 illustrates the structure of the model, which draws on the general latent variable 

framework (Muthén & Asparouhov, 2011). The within-level part of the model uses effect-level 

information to estimate the influence of a specific form of network ties on the magnitude of the effect 

size, controlling for sample-specific elements such as data source, level of conceptual model 

specification, and measurement choices. The empty circle positioned on the ‘Effect size’ variable 

indicates the presence of a random intercept (‘i’), meaning that each study’s true effect size could vary 

around the grand mean represented by the fixed intercept of the model. The filled circle on the 

‘Network ties form–Effect size’ path indicates the presence of a random slope (‘s’), meaning that the 

influence of specific forms of network ties vary across novelty contexts (recall Figure 1, Quadrants I-

IV). The between-level part of the model uses sample-specific attributes to explain the sources of 

heterogeneity in effect sizes. Note that both the random slope and the effect size are treated as latent 

continuous variables and are regressed on the observed sample-level covariates. Moreover, residuals of 
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the latent variables are assumed to be correlated. 

Our multilevel model includes weights in order to give the more precise studies more influence in 

the analysis. We derived our weighting scheme from methodological works on sampling weight in 

complex models (Asparouhov, 2005; Pfeffermann, Skinner, Holmes, Goldstein, & Rasbash, 1998; 

Stapleton, 2002), and works dealing with the application of random-effects models to meta-analyses 

(Goldstein, Yang, Omar, Turner, & Thompson, 2000). Assuming that the weights are uncorrelated with 

the random effects, we included the inverses of the square roots of the variance as the explanatory 

variable for the random effects. 

RESULTS 

The ultimate goal of our meta-analysis is to reveal the pattern of network ties–performance within and 

across novelty contexts. In this section, we first illustrate empirical results achieved using a simple ‘one 

effect per relationship per study’ meta-analysis (Table 1). Next, we report network ties–performance 

estimates from a more complicated statistical model (Tables 2, 3 and 4), drawing on the multilevel 

approach to meta-analysis. 

One Effect per Relationship per Study Meta-Analysis 

Table 1 illustrates the results achieved using the ‘metafor’ package (Viechtbauer, 2010) for ‘R.’ In 

accordance with Figure 1, results are organized around four blocks, which represent unique novelty 

contexts. Within each block, we report two average corrected correlation coefficients (hereafter ‘rc’): 

one for the bonding network ties–performance relationship and one for the bridging network ties–

performance relationship. To ensure statistical independence of observations, we collapsed the entire 

set of 351 pairwise correlations into 106 unique effect sizes by averaging multiple correlations within a 

sample (Rosenthal & Rubin, 1986). 

------------------------------------- 
Insert Table 1 about here 

------------------------------------- 

The first pair of rcs concerned the network ties–performance relationship in the group of new 

ventures facing less technology-intensive environments (recall Hypothesis 1). As shown in the upper 
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section of Table 1, the average corrected correlation was 0.11 for bonding network ties (95% CI = 0.02 

− 0.19, k = 7) and 0.28 for bridging network ties (95% CI = 0.06 − 0.46, k = 6). Although empirical 

results seem consistent with our expectations—Hypothesis 1 stated that for this group of firms the 

correlation between bridging social network ties and performance would be stronger than that between 

bonding network ties and performance—the two effects cannot be purposefully compared (Rosenthal 

& Rubin, 1982). In fact, variance estimates of the true effect size (see the right-hand side of Table 1) 

indicated that the corrected correlations represent an average rather than a common effect in the 

population for both bonding (Q = 11.35, p = 0.078) and bridging network ties (Q = 61.31, p < .001). 

The second pair of rcs concerned network ties–performance effect sizes in the group of established 

firms that operate in technology-intensive environments (see Hypothesis 2). As expected, the effect size 

for bonding network ties, which was equal to 0.19 (95% CI = 0.10 − 0.28, k = 22), was larger than that 

for bridging network ties, which was 0.08 (95% CI = −0.01 − 0.17, k = 15). As for the previous pair of 

correlations, individual correlations considerably varied across studies (Q = 180.34, p < .001 and Q = 

42.06, p < .001 for bonding and bridging network ties, respectively). Thus, effects sizes involving 

different forms of network ties could not be purposefully compared. 

The third pair of rcs concerned network ties–performance effect sizes in the group of established 

firms that faced less technology-intensive environments (see Hypothesis 3). As expected, the average 

corrected correlation for bonding network ties, which was equal to 0.14 (95% CI = 0.03 − 0.24, k = 

13), was larger than the average corrected correlation for bridging network ties, which was 0.02 (95% 

CI = −0.07 − 0.12, k = 15). However, independent rs could not be compared because of the 

heterogeneity of effects relating to the bonding network ties–performance relationship (Q = 29.452, p 

< .003). 

Effect sizes included in the fourth block refer to the network ties–performance relationship in the 

group of new ventures that faced technology-intensive environments (recall Hypotheses 4). The rc for 

bonding network ties was 0.20 (95% CI = 0.14 − 0.26, k = 20) and 0.18 for bridging network ties (95% 

CI = 0.10 − 0.27, k = 16). In this quadrant too, a simple ‘one effect per study per relationship meta-
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analysis’ was not adequate to contrast independent rs because both point estimates were average effects 

rather than common effects in the population. (Q = 41.22, p = 0.002; Q = 53.29, p < .001for bonding 

and bridging network ties, respectively). 

Hypotheses Testing via Multilevel Modeling 

The empirical pattern that emerged from our simple ‘one effect per relationship per study’ (Table 1) 

meta-analysis seemed consistent with our predictions. However, mean corrected correlations were 

average effects rather than common effects in the population. Hence, a simple mean-comparison test 

was not a viable strategy to contrast different effect sizes (Rosenthal & Rubin, 1982). We overcame this 

issue by relying on the flexibility of multilevel modeling, which allowed us to condition effect-size 

heterogeneity on key study artifacts and a sample-specific erratic component (recall Figure 2). 

Table 2 reports estimation results achieved using Mplus 7.0 (Muthén & Muthén, 2012). In this step 

of the analysis, we focused on the whole set of 351 effect sizes, nested in 67 independent samples, that 

were distributed as follows: 106 (30%) for new ventures in technology-intensive environments (Figure1, 

Quadrant I); 87 (25%) for new ventures in less technology-intensive environments (Quadrant II); 44 

(13%) for established firms in less technology-intensive environments (Quadrant III); and 114 (32%) 

for established firms in technology-intensive environments (Quadrant IV). Model 1—our baseline 

specification—was a random-intercept model with no covariates in which each sample’s true effect size 

could vary around the grand-mean represented by the fixed intercept of the model. In Model 2, we 

added fixed effects at the within-level to capture the influence of study artifacts on the magnitude of 

effect sizes. In a hierarchical fashion, in Model 3 we introduced additional fixed effects for substantive 

factors: that is, the form of network ties (modeled at the within-level) and variables referring to novelty 

conduits (modeled at the between-level). Finally, in Model 4 we included a random slope on the path 

‘Network ties form–Effect size’ path (recall the upper section of Figure 2) and tried to explain 

differences in the random slope on the basis of the hypothesized network ties–novelty context fit 

(recall the lower section of Figure 2). According to our conceptual model, we postulated that variables 

relating to different novelty conduits have a joint influence on effect sizes, over and above the linear 
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combination of their main effects. 

------------------------------------- 
Insert Table 2 about here 

------------------------------------- 

Results from Model 1, reported at the far left side of Table 2, were informative in a twofold way. 

First, estimates for the within-level residual variance (p < 0.001, lower section of Table 2) indicated that 

effect sizes varied markedly around the grand mean (intercept = 0.17; 95% CI = 0.14 – 0.21). Second, 

the grouping structure accounted for a significant part of the total variance of effect sizes (estimated 

ICC for the null model = 0.440). Taken together, these results encourage a multilevel investigation of 

the sources of variation in the network ties–performance relationship (Lee, 2000) As far as within-level 

estimates, results from Model 2 indicated that studies that pursued a cross-level conceptual model (i.e., 

studies that regressed firm performance on individuals’ network ties) had smaller effect sizes (see ‘Level 

of model specification’ covariate, η2 = −0.14; p = 0.021) than studies that used single-level conceptual 

models. Regression slopes referring to other study artifacts were not statistically significant at this stage. 

Concerning our substantive factors, Model 3 suggested that the form of network ties (η5 = 0.03; p = 

0.595) per se was not a predictor of the magnitude of effect sizes. Analogously, the between-level part of 

this model showed that effect sizes do not systematically deviate from the grand mean with shifts in 

novelty conduits (recall that we use effects coding for contextual variables). Neither the main effects for 

new ventures (‘NV’, β1 = 0.01, p = 0.577) and technology-intensive environments (‘TIE’, β2 = 0.01, p = 

0.760), nor their statistical interaction (β3 = −0.02, p = 0.395) significantly influenced the magnitude of 

effect sizes. 

Model 4 revealed additional insights in respect to Models 2 and 3. First, measuring network ties 

with network analysis indicators tended to produce larger correlations (η4 = 0.05; p = 0.014). Second, 

network ties–performance relationship tended to be stronger—ceteris paribus—for new ventures than for 

established firms (β1 = 0.08; p = 0.013). As far as the substantive aspects, the joint evaluation of AIC 

and BIC indexes (Hamaker, van Hattum, Kuiper, & Hoijtink, 2011) suggested that Model 4 results had 

a significantly better fit with data than did competing specifications. Indeed, estimates reported in the 
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‘Cross-level effects’ section of Table 2 suggested that both NV (γ1 = −0.09, p = 0.014) and TIE (γ2 = 

0.07, p = 0.034) had a statically significant influence on the random slope. In other words, differences 

in effect sizes involving distinct forms of network ties could be best explained by focusing on 

interactions among contextual conditions and specific forms of network ties. 

Although these results are worth noting, they cannot be directly used to test our set of hypotheses. 

In fact, our predictions imply complex constraints on regression coefficients linking contextual 

variables to the random slope. Hypotheses 1-3 postulated an ordering of different coefficients that 

could formulate informative hypotheses (Tsonaka & Moustaki, 2007); Hypothesis 4 required that 

regression coefficients be constrained to zero in Quadrant I. Thus, we tested Hypotheses 1-4 by 

defining an additional parameter as the difference of path coefficients—i.e., a phantom variable 

(Rindskopf, 1984)—and by using the Wald statistic to test its statistical significance (Cheung, 2009). 

Hypothesis 1 stated that in the population of new ventures dealing with less technology-intensive 

environments (Figure 1, Quadrant II), higher correlations would be expected between bridging network 

ties and firm performance. In statistical terms, this required assessing whether—in this precise novelty 

context—the cross-level effect for bonding network ties was lower than that for bridging network ties. 

Hence we tested the null hypothesis: 

H0: γ1 – γ2 – γ3 
= 0 

against our informative hypothesis: 

HI: γ1 – γ2 – γ3< 0 

where γ1, γ2 and γ3 are the regression parameter linking—respectively—the NV, TIE, and NV*TIE 

variables to the random slope (see the lower panel of Figure 2). The left-hand side of the equation 

concerns the conditional effect for bonding network ties whereas the right-hand side refers to the 

conditional effect for bridging ties.11 As reported in the upper section of Table 3, the Wald chi-square 

test (4.95; p = 0.026) suggested rejecting the null hypothesis that bonding and bridging network ties are 

equally correlated to performance in Quadrant II. Furthermore, the left-hand side section of Table 3 

indicated that the linear combination of parameters included in this specific restriction was negative and 
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statistically significant (−0.18; 95% CI = −0.31 - −0.05). Taken together, these results provide empirical 

support for Hypothesis 1. 

------------------------------------- 
Insert Table 3 about here 

------------------------------------- 

Hypothesis 2 stated that in the population of established firms facing technology-intensive 

environments (Figure 1, Quadrant IV), the correlation between bonding network ties and firm 

performance would be higher than that between bridging network ties and performance. In statistical 

terms, Hypothesis 2 required testing the null hypothesis: 

H0: – γ1 + γ2 – γ3 
= 0 

against our informative hypothesis: 

HI: – γ1 + γ2 – γ3 
< 0 

The Wald chi square test (5.18; p = 0.022) led to rejecting the null hypothesis that bonding and 

bridging network ties are equally correlated to performance in Quadrant IV. As expected, the linear 

combination of parameters included in this restriction was positive and statistically significant (0.14; 

95% CI = 0.04 − 0.24). Thus, Hypothesis 2 received empirical support. 

Hypothesis 3 stated that in the population of established firms dealing with less technology-

intensive environments (Figure 1, Quadrant III), the correlation between bonding network ties and 

firm performance would be higher than that between bridging network ties and performance. In 

statistical terms, Hypothesis 3 required testing the null hypothesis: 

H0: – γ1 – γ2 + γ3 
= 0 

against our informative hypothesis: 

HI: – γ1 – γ2 + γ3 
< 0 

The Wald chi square test (0.58, p = 0.446) indicated that the null hypothesis cannot be rejected. 

Therefore, Hypothesis 3 was not empirically supported. 

Hypothesis 4 stated that in the population of new ventures dealing with technology-intensive 

environments (Figure 1, Quadrant I), bonding and bridging network ties would be similarly correlated 
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to firm performance. In statistical terms, this equates to the following linear restriction: 

H0: γ1 + γ2 + γ3 
= 0 

As reported in the lower section of Table 3, the Wald chi square test (0.00; p = 0.944) suggested 

that the null hypothesis that bonding and bridging network ties would be equally correlated to 

performance in Quadrant I cannot be rejected. Thus, Hypothesis 4 received strong empirical support. 

------------------------------------- 
Insert Table 4 about here 

------------------------------------- 

Hypothesis 5a stated that the correlation between bridging network ties and performance would be 

stronger in the population of new ventures dealing with less technology-intensive environments than in 

the population of new ventures attempting to cope with technology-intensive environments. We tested 

this hypothesis by focusing on the subset of effects involving new ventures, referring to Quadrants I 

and II of Figure 1. As reported in Table 4, Model 5, the estimated parameter for the TIEs path was 

positive and statistically significant (γ2 = 0.12; p = 0.049). This means that, keeping the NV variable 

constant, the conditional effect of bridging network ties decreased with an increase in the technological 

intensity of the industry, from low to high. Hence, our multilevel model provided empirical support for 

Hypothesis 5a. 

Hypothesis 5b stated that the correlation between bonding network ties and performance would be 

stronger in the population of established firms dealing with technology-intensive environments than in 

the population of new ventures dealing with technology-intensive environments. We tested this by 

focusing on the subset of effects involving technology-intensive environments corresponding to 

Quadrants I and IV of Figure 1. As reported in Table 4, Model 6, the estimated parameter for the NVs 

path was negative and, albeit marginally, statistically significant (γ1 = −0.08; p = 0.083). This means that, 

keeping the TIE variable constant, a shift in NV—which passes from new to established firms—

decreased the conditional effect of bonding network ties. Hence, our multilevel model provided 

empirical support for Hypothesis 5b. 

------------------------------------- 
Insert Figure 3 about here 
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------------------------------------- 

Figure 3 summarizes our empirical pattern by plotting predicted effect sizes for unique 

combinations of alternative forms of network ties and novelty contexts. A visual inspection of our 

results clarified two key aspects of the magnitude linking network ties to performance. First, the 

absolute value of correlations greatly varied within and across contexts, encompassing effects that 

ranged from low (Quadrant III) to medium (Quadrants I, IV) and medium-high (Quadrant II) 

magnitude (Lipsey & Wilson, 1993). Second, this chart illuminated the decrease in effect sizes when 

network ties–context ideal profiles are not available. In a suboptimal equifinality context (Quadrant I), 

the correlation between bridging network ties and performance was fifty percent lower with respect to 

the ideal profile depicted in Quadrant II; by contrast, the correlation involving bonding network ties 

diminished thirty percent with respect to the ideal profile depicted in Quadrant IV. 

DISCUSSION 

Since Schumpeter’s (1934) analysis linking discontinuity, competition, and development, the discourse 

on novelty has occupied a prominent position in organizational and management theory (Rosenkopf & 

McGrath, 2011). Some scholars have focused on the perils of novelty (Benner & Tushman, 2003; Van 

de Ven et al., 1999) whereas others have illuminated its unique value for firms (Levinthal, 1997). 

However, either view emphasized that novelty was a socially situated process (Cattani et al., 2012; 

Garud et al., 2002; Hargadon & Douglas, 2001; Haveman et al., 2012; Singh & Fleming, 2010). 

Accordingly, a large number of studies (Gulati et al., 2012a; Lavie, 2006) have suggested that 

organizations should intentionally manage their network of interorganizational ties in order to exploit 

the value of novelty while dealing with novelty-related functional demands. Although scholars 

uncovered important elements about the mechanisms behind different forms of network ties (Adler & 

Kwon, 2002; Burt, 1997; Hansen, Podolny, & Pfeffer, 2001; Koka & Prescott, 2008; Podolny, 1994), a 

fundamental question remains unanswered: what form of network ties is most valuable under specific 

novelty contexts? Should organizations leverage the mechanism of closure or the brokerage one? In 

other words: to bond or to bridge? 
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Drawing on this overarching question, we articulated a comprehensive conceptual model of 

network ties form–novelty context fit with a threefold aim. First, providing a better theoretical 

understanding of when the pattern of network ties is most beneficial by focusing on two critical conduits 

of novelty, such as new venture creation and technological innovation (Van de Ven et al., 1999). 

Second, conducting ‘strong inference’ (Rosenthal, 1991) about the comparative value of alternative 

forms of network ties within and across peculiar contexts, combining different conduits of novelty and 

varying levels of pressure for novel outcomes. Finally, illuminating a neglected yet important issue in 

network research, such as the problem of suboptimal equifinality (Gresov, 1989; Gresov & Drazin, 

1997) in interorganizational design. We faced this last problem by analyzing the multiple functional 

demands imposed upon new ventures in technology-intensive environments—recall Quadrant 1, 

Figure 1. 

Our meta-analysis of 351 effect sizes from 67 independent samples revealed the existence of two 

network ties–novel context ideal profiles and a pair of suboptimal equifinal designs. Bridging network 

ties were best suited to addressing the functional demands placed on new ventures in less technology-

intensive environments—recall Hypothesis 1—whereas bonding network ties fit the contexts of 

established firms competing in an environment of technological change—recall Hypothesis 2. As far as 

Hypothesis 4, our results suggested that bonding network ties and bridging network ties offer equifinal 

designs (i.e., different organizational responses leading to the same outcome under the same 

conditions) to new ventures coping with technology-intensive environments. Moreover, our empirical 

findings provided empirical support for Hypotheses 5a and 5b, arguing that no single form of network 

ties is able to address inconsistent demands, and this constrains organizations from achieving high 

network ties–performance correlations. Hypothesis 3, which maintained the adequacy of bonding 

network ties for established firms in less technologically intensive environments, was not empirically 

supported. 

Our findings suggest a number of thematic conclusions. First, they illuminate the presence of ideal 

profiles in network ties–performance fit relationships in light of prior strategic entrepreneurship 



 32 

(Eisenhardt & Schoonhoven, 1996) and technological change literature (Ahuja, 2000a). Second, they 

suggest the potential of a functional equivalence approach (Gresov & Drazin, 1997) in advancing the 

contingent view of network ties. Finally, they provide methodological insights for the study of the 

network ties–performance relationship (Gulati et al., 2011). We draw on these themes and highlight 

their relevance for research at the intersection of interorganizational design, strategic entrepreneurship, 

and technological change. 

Distinct Conduits of Novelty, Distinct Forms of Network Ties  

Network researchers have suggested that a better understanding of the effects of network ties on firm 

performance can be obtained by examining configurations of different forms of network ties and the 

contingencies that sharpen their effects (Mehra, Dixon, Brass, & Robertson, 2006; Oh, Chung, & 

Labianca, 2004). Our comprehensive conceptual model of network ties–novelty context fit contributes 

to this conversation in the following ways. Tests of Hypotheses 1 and 2 indicated that ideal profiles of 

network ties–novelty contexts do occur (recall Figure 1, Quadrants II and IV) but are not found with a 

one-on-one coupling of a single contextual factor and a specific form of network ties. This highlights 

both strengths and weaknesses of the contingent value of network ties (Adler & Kwon, 2002; Burt, 

1997; Hansen et al., 2001; Koka & Prescott, 2008; Podolny, 1994). Meta-analytic evidence from 20 

years of research provides strong empirical support for the key theoretical tenet of the contingent view, 

according to which the value of a certain form of network ties “need[s] to be bound by particular 

populations” (Rowley et al., 2000: 384). However, this finding highlights that a simple contingency 

approach may be insufficient to identify populations of organizations dealing with a homogenous set of 

functional demands. Hence, spurious findings may have masked the network ties fit–performance 

relationship in the prior literature and fed the theoretical conundrum about ‘when a form of network 

ties matters.’ Drawing on the idea that network ties fit can depend on multiple contextual factors, we 

showed that no theoretical conundrum exists: (i) organizations that experience high demand for novel 

outcomes along one novelty conduit at a time (recall Quadrants II and IV) can design their networks 

ties according to an ideal profile response; yet (ii) distinct conduits of novelty require organizations to 
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leverage different forms of network ties. 

Focusing on the specific context of new ventures coping with less technology-intensive 

environments (Quadrant II), we showed that bridging network ties offer an idea profile response. This 

finding suggests that, for this population of new ventures, prior strategic entrepreneurship literature 

probably overemphasized the importance of access to network resources, and, in turn, the vital role of 

bonding network ties. Indeed, when the characteristics of the knowledge underlying an industry’s 

technology does not require organizations to deal with specialized, dispersed knowledge (Powell et al., 

1996) or to manage mutually interdependent tasks across organizational boundaries (Sobrero & 

Roberts, 2001), bridging ties provide ventures with strategic latitude and unique information advantages 

to exploit original yet ephemeral and time-constrained heterogeneous opportunities. Future research 

may expand on this finding by clarifying the mechanisms through which bridging ties contribute to new 

ventures’ performance in less technology-intensive environments. To date, it is unclear to what extent 

brokerage benefits firm performance by acting on the supply side (i.e., granting access to 

fresh/heterogeneous information that creates opportunities in the form of genuinely new products) or 

on the demand side (i.e., providing new ventures with information control that helps them to discover 

entrepreneurial opportunities by introducing existing combinations where they are not yet known). 

Established firms that compete in technology-intensive environments can also draw on an ideal 

profile response to design their network of ties. Yet, bonding ties are most valuable in this novelty 

context. This finding may appear counterintuitive because a large number of technological innovation 

studies have stressed the importance of bridging ties for uncovering breakthrough technologies 

(Fleming & Marx, 2006; Fleming, Mingo, & Chen, 2007b). However, justifications arise for our findings 

when the specific needs of mature firms striving for change in a highly dynamic environment are taken 

into account. Bonding network ties augment organizations’ ability to screen for (Gulati, 1995) and 

access (Mowery et al., 1996) complementary knowledge. Moreover, the bandwidth of bonding ties 

increases the rate at which actors can access heterogeneous information (Aral & Van Alstyne, 2011). 

Taken together, these arguments suggest that bonding mechanisms act on performance not only by 
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favoring novel resource combinations but also by reducing their marginal cost for organizations. This 

calls into question the efficiency of alternative network strategies (Hallen & Eisenhardt, 2012); this is a 

particularly salient issue for established firms, which manage large portfolios of network ties in an 

attempt to avoid ossification of the internal search processes. A second justification for our finding 

concerns the issue of levels in network research (Borgatti & Foster, 2003; Brass, Galaskiewicz, Greve, 

& Tsai, 2004; Moliterno & Mahony, 2011). Prior studies have sustained the potency of bridging ties for 

organizations coping with dynamic environments (Rowley et al., 2000) by leveraging learning and 

creativity arguments developed at the individual level of analysis (Burt, 1992; 2005; Granovetter, 1973). 

However, those arguments might not hold for established firms, whose success in technology-intensive 

environments depends on collective cross-functional learning—best addressed by bonding ties 

(Obstfeld, 2005; Tortoriello & Krackhardt, 2010)—rather than extraordinary performance of individual 

R&D members (Fleming et al., 2007b). 

Multiple Novelty Conduits, Suboptimal Equifinality 

Shifting the focus to new ventures aiming to exploit new technologies (recall Hypothesis 4), our results 

indicated that bonding and bridging network ties are functionally equivalent responses: that is, 

alternative interorganizational responses that lead to the same outcome under the same conditions 

(Gresov & Drazin, 1997; Van de Ven & Drazin, 1986). Moreover, we illuminated that no single form 

of network ties is able to address the inconsistent set of functional demands faced by new ventures in 

technology-intensive environments (recall Hypotheses 5a, 5b) and this keeps organizations from 

achieving a ‘high’ network ties–performance relationship. Drawing on this finding, we point out that a 

functional equivalence approach (Drazin & Gresov, 1997) can advance the conversation of network 

ties–novelty context fit in a twofold way. First, this theoretical framework casts a new light on prior 

empirical evidence that appears ambiguous or mixed. The fact that different forms of network ties have 

similar influence on performance in the same situation undermines the predictive value of contingency 

theory (Galunic & Eisenhardt, 1994). Conversely, by adopting a functional equivalence approach, we 

build on prior aberrant empirical findings to (i) explain why alternative forms of network ties constitute 
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equally effective responses in the same situation, and, ultimately, to (ii) reconcile the theoretical 

conundrum of ‘what form of network ties matter when.’ Second, by embracing a suboptimal 

equifinality view and drawing on the longstanding argument that new ventures exploiting technological 

change face a series of ‘twin challenges’—e.g., exploring radically new technologies while delivering 

commercial milestones (Kazanjian, 1988) or creating technological rents while solving the rent 

extraction puzzle (Katila et al., 2008)—we illuminated a paradox in interorganizational design: the value 

of network ties increases with higher pressures for novel outcomes yet, when organizations navigate 

multiple novelty conduits, conflicting demands prevent them from achieving a high network ties–

performance relationship and force decision makers to deal with a design quandary. 

Future research could further develop our observation about the similar value of bonding and 

bridging network ties among new ventures coping with technology-intensive environments. Framing 

the presence of equally reasonable alternatives as a rational choice problem, future studies could 

investigate the comparative costs for building and maintaining different forms of network ties, thus 

helping to identify the most efficient strategy among equally effective alternatives (Hallen & Eisenhardt, 

2012).  Following a different approach, future studies may also shed light on why, in cases of 

equifinality, some firms opt for a specific interorganizational design, hence privileging one set of 

functional demands over another. Determinants could lie, for example, at the organizational level (such 

as entrepreneurial teams' endowment of prior network ties) or at the individual level (such as cognitive 

traits and personality of entrepreneurs) (Baum & Locke, 2004). Addressing this issue is important to 

determine whether equal alternatives in the short term have different long-term consequences because 

bridging ties’ value decays as ventures expand and reach the maturity stage (recall Quadrant IV). 

Methodological Implications 

In addition to substantive themes of discussion, our results have methodological implications. The first 

one concerns the multilevel approach to network theory (Moliterno & Mahony, 2011) and social capital 

of organizations (Borgatti & Foster, 2003; Oh et al., 2004). According to Payne and colleagues (2011), 

network constructs and relationships can be employed purposefully to bridge the proverbial micro–
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macro divide in organizational and management studies (Rousseau, 2011). Although this research could 

pave the way for substantial research opportunities, important “levels” issues should be accounted for12 

(Gulati et al., 2011) because network and social capital theories primarily developed with reference to 

individual actions (Granovetter, 1973) or broader systems such as nations (Portes, 1998). We contribute 

to this discourse by identifying a boundary condition for the multilevel study of the network ties–firm 

performance relationship. Specifically, our results (see Table 2, Model 4) indicated that the level of 

specification for the conceptual model affects the magnitude of effect sizes. Studies with a single-level 

approach—which conceptualize both the network construct and the performance construct at the firm 

level—had a higher effect than did studies that drew on cross-level conceptual models (Klein & 

Kozlowski, 2002: 39)—in which the performance was conceptualized at the firm level whereas the 

network construct was conceptualized at the individual level of analysis. Two non-exclusive 

explanations can be advanced for this result. As outlined by Blyler and Coff (2003), apical members can 

rely on their own network of ties not to foster organizational rent but to maximize their share of 

organizational rent. In addition to incentives issues, organizational challenges may arise in socializing 

information and resources afforded by individual organizational members’ ties. This may occur both in 

new ventures, in which entrepreneurial teams often deal with internal faultlines (Santoni, Fini, Grimaldi, 

& Wright, 2013), as well as in established firms—especially in large, multi-divisional firms—wherein 

intraorganizational barriers may hinder gatekeeping work of individual organizational members 

(Davison, Hollenbeck, Barnes, Sleesman & Ilgen, 2012). In sum, our findings call for more attention to 

the process through which an individual resource, such as social capital, coalesces at higher levels to 

form an organizational resource. 

A second methodological implication concerns the influence of research design issues on the 

network ties–performance relationship (see Table 2, Model 4). We found that measuring ties with 

network structure constructs—i.e., measures that capture network structural features (Carpenter et al., 

2012: 1335)—tends to produce larger effect sizes than does using network application constructs—i.e., 

measures focusing on actors’ attempts to use the networks that they possess (Carpenter et al., 2012: 
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1336). Although both measurement strategies are equally effective alternatives in the area of 

interorganizational research (Carpenter et al., 2012), future scholars may want to consider this source of 

effect-size variation when comparing findings across studies. 

Limitations 

The present study is not without limitations. Throughout our study, we assumed that individual 

organizations are able to reconfigure their network of ties. Although this assumption is common in 

studies on organizational networks (Gulati et al., 2012a) or social capital latu sensu (Adler & Kwon, 

2002; Tsai & Ghoshal, 1998), we lacked in-depth knowledge of the mechanisms that allow timely 

creation or reconfiguration of one’s ties. Future studies could clarify the boundary conditions of the 

current normative theories, focusing on the cognitive aspects that allow decision makers to understand 

what ties are available to their business (Casciaro, 1998), or on the organizational, cultural, or 

environmental variables that influence the plasticity of ties (Davis, 2008). 

A second limitation concerns our measurement strategy. Meta-analysis turned out to be particularly 

effective, enabling us to offer an exhaustive pattern of social tie–performance variations—something 

that empirical studies based on primary data could only achieve through a costly multi-group and/or 

diachronic research design. However, we were forced to adopt crude measures as each novelty conduit 

was simply coded as ‘present’ or ‘absent.’ Entrepreneurship research acknowledges that new ventures 

go through different stages, each of which is characterized by unique aspects of strategy and structure. 

Similarly, recent contributions in the organizational learning literature have indicated that dynamic 

environments—like technology-intensive environments—encompass several contextual dimensions 

(Davis, Eisenhardt & Bingham, 2009), such as ambiguity, complexity, velocity, and predictability, each 

having unique effects on performance. 

CONCLUSION 

A long-standing argument in organization and management theory is that network ties are key to 

exploiting novelty-related opportunities and coping with novelty-related concerns. However, as 

network research has continued to accumulate, scholars have offered conflicting analyses on the 
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potency of different forms of network ties in distinct novelty contexts. In the present study, we 

attempted to reconcile conceptual discrepancies by articulating and testing a conceptual model of fit 

that linked the value of bonding and bridging ties to unique combinations of novelty conduits (i.e., new 

ventures and technological change) and levels of pressure for novel outcomes (low vs. high). Our 

results also discerned the influence of study artifacts. We uncovered that the level at which the 

conceptual model is specified and the way network ties are operationalized change the magnitude of the 

network ties–performance relationship. 
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NOTES 

Notes Referring to the Body of the Article 

1 Specifically, our query retrieved articles from the following journals: Academy of Management 

Journal (86 instances); Asia Pacific Management Journal (30 instances); Administrative Science 

Quarterly(69 instances); British Journal of Management (15 instances); California Management Review 

(10 instances); Decision Sciences (13 instances); Entrepreneurship and Regional Development (51 

instances); Entrepreneurship Theory & Practice (46 instances); Harvard Business Review (42 instances); 

Industrial and Corporate Change (21 instances); IEEE - Transactions on Engineering Management 

(23); Industry and Innovation (12 instances); International Business Review (25 instances); International 

Small Business Journal (36 instances); Journal of Business Logistics (4 instances); Journal of Business 

Research (55 instances); Journal of Business Venturing (51 instances); Journal of International Business 

Studies (43 instances); Journal of Management Studies (58 instances); Journal of Management (36 

instances); Journal of Operations Management (13 instances); Journal of Small Business Management 

(17 instances); LongRange Planning (13 instances); Management Science (47 instances); MIT Sloan 

Management Review (13 instances); Organizational Dynamics (6 instances); Organization Science (99 

instances); Organization Studies (48 instances); Research Policy (70); review of Social Economy (7 

instances); Small Business Economics (44 instances); Scandinavian Journal of Management (11 

instances); Strategic Entrepreneurship Journal (13 instances); Strategic Management Journal (76 

instances); Strategic Organization (7 instances); Technological Forecasting and Social Change (40 

instances); Technovation (39 instances). 

2 When determining which studies to include in the final sample, we did not consider studies that 

assessed network ties on the basis of intra-corporation ties: that is, links to other business units within 

the same corporation (e.g., Andersson, Forsgren, & Holm, 2002). The rationale behind this choice was 

that these forms of ties may reflect the influence of headquarters’ design decisions. 

3As Gresov and Drazin (1997: 420) observe: ‘In the case of conflicting demands, criteria should be 

chosen that are more global in nature and that can potentially assess the attainment of multiple 

functions simultaneously. This, we believe, is the intent of financial measures, such as return on average 
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investment or equity, or increase in shareholder wealth.’ 

4 Combining information on sample size, empirical setting description and identity of authors we 

found two triplets ([Ahuja, 2000a, b; Ahuja, Polidoro & Mitchell, 2009] and [Lavie, 2007; Lavie, Kang 

& Rosenkopf, 2011; Lavie & Miller, 2008]) and six pairs of studies ([Acquaah, 2007, 2012]; [Baum, 

McEvily & Rowley, 2012; Baum, Rowley, Shipilov & Chuang, 2005]; [Gulati, 1995, 1999]; [Koka & 

Prescott, 2002; Koka & Prescott, 2008]; [Soh, 2003; Soh, Mahmood & Mitchell, 2004] and [Shipilov, 

2009; Shipilov & Li, 2008]) that were built on the same data. We thank the Journal of Management 

anonymous reviewer who made this suggestion. 

5 The studies by Rowley and colleagues (2000) and Tsai (2001) provided separate regression slopes 

for multiple independent samples. A group of four studies (Geletkanycz & Hambrick, 1997; Gulati, 

1995, 1999; Zhang & Li, 2008) did not provide correlations for each sample of firms. However, these 

can be achieved by computing partial correlation coefficients (Cohen & Cohen, 1983)—for analytical 

details see the ‘Coding Scheme’ section below. 

6 Studies that used repeated observations on the same statistical units contribute to our cumulative 

sample according to the number of unique organizations rather than the number of unique 

organizations/period observations. For instance, Ahuja ’s (2000a) work on alliances in the chemical 

sector provide 97 independent observations rather than 996 observations/year.  

7 At this stage, we excluded nine samples in which the distribution of firms’ ages indicated a 

heterogeneous sample. For example, in Yiu and Lau’s (2008) study, the mean firm age was 17.94 with a 

standard deviation of 17.88 years. Hence, we assume their sample contains both new ventures (mean 

minus one standard deviation is around zero years) and firms with an established position in the market 

(mean plus one standard deviation is around 36 years) . Two studies by Gulati, Sytch, and Tatarynowicz 

(2012b, 2012c)—which both relied on the same dataset—did not provide sufficient information to 

perform coding procedures. Thus, we excluded them from our final sample. 

8 ‘Cross industries study’ 17 (24.29%); ‘Pharma/Biotech’ 7 (10.00%); ‘Venture capital’ 1 (1.43%); 

‘Mutual funds’ 2 (2.86%); ‘New materials’ 2 (2.86%); ‘Food’ 2 (2.86%); ‘Investment banks’ 5 (7.14%); 
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‘Chemical’ 2 (2.86%); ‘Airlines’ 2 (2.86%); ‘ICT/Semiconductors’ 14 (21.43%); ‘Automotive’ 2 (2.86%); 

‘Industrial automation’ 1 (1.43%); ‘Textile/Apparel’ 1 (1.43%); ‘Professional service firms’ 2 (2.86%); 

‘Energy’ 2 (2.86%); ‘Medical and surgical instruments’ 1 (1.43%); ‘Electronic equipment’ 1 (1.43%); 

‘Metalworking’ 1 (1.43%); ‘Steel industry’ 2 (2.86%); ‘Total’ 67 (100.00%). 

9 At this stage, we excluded 25 studies (e.g., Batjargal, 2003) that had been conducted on 

heterogeneous samples (in other words, multi-industry data spanning low- and high-technological 

contexts according to the OECD classification). Moreover, two studies (De Carolis et al., 2009; 

Gronum et al., 2012) did not provide sufficient to perform coding procedures. Thus, we excluded them 

from our final sample. 

10 The procedure we used to derive multiple correlation coefficients was straightforward. Let 'rxy' be 

the correlation coefficient between network ties and performance, and 'd' be a dummy variable that is 

equal to '1' if the effect concerns statistical units from industry j, '0' otherwise. We can derive rxy from 

the following linear formula:
 

rxy = w1(rxy|d=0) + (1- w1)(rxy|d=1) [1] 

where w1 is the proportion of observations in the sample that are not from industry j, (rxy|d=0) is the 

network ties-performance correlation for the subsample of units outside industry j, and (rxy|d=1) is the 

correlation for units within industry j. If the correlation between d and rxy
 

is the difference between 

units from industry j and outside industry j in performance, we can rewrite [1] as follows: 

rxy
 

= w1(rxy|d=0) + (1- w1)[(rxy|d=0)
 

+ corr(rxy;d)] [2]
 

Solving for (rxy |d=0), it is possible to calculate the correlation between network ties and 

performance for the subsample of units outside industry j: 
 

(rxy|d=0) = (1/ w1) rxy - [(1- w1)/ w1)]corr(rxy;d) [3]
 

Substituting [3] into [1], we can also determine the correlation between network ties and 

performance for the subsample of units within industry j.
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11 Consider our regression equation: 

rij = η0 + η0j+ η1 data source + η2 
level of model specification + η3 dependent variable measure + η4 

independent variable measure + β2 TIE
 
+ β3 

NV*TIE + γ1 NV*network ties form + γ2 
TIE*network 

ties form + γ3 
NV*TIE*network ties form + u0j + rij 

where yij 
is the network ties-performance correlation ‘i’ in sample ‘j,’ η0  

is the fixed intercept, η0j  
is the 

the intercept specific to sample ‘j,’ u0j is the residual specific to sample ‘j,’ and rij 
is the residual for 

correlation ‘i’ in sample ‘j.’ Within each of the four Quadrants depicted in Figure 1, the expected 

correlation for bonding and bridging ties differed for the random slope only. However, the random 

slope for bridging ties was simply equal to 0 because we used dummy coding for the network ties form 

variable.
 

12 We thank the Journal of Management anonymous reviewer who made this suggestion. 

Notes Referring to Exhibits 

a Notes. Dashed lines indicate a statistical interaction; ‘i’ denotes a random intercept; ‘s’ denotes a 

random slope in the ‘Network ties–Effect size’ path; variables included in the ‘Within-level’ part of the 

model refer to effect-size-specific attributes; variables included in the ‘Between-level’ part of the model 

refers to effect-size-specific attributes; the residuals of ‘s’ and ‘Effect size’ are assumed to be correlated. 

b Notes. Meta-analytic estimates are based on correlations from 67 independent samples; reported 

results are from a random-effects meta-analysis (DerSimonian and Laird, 1986); estimator is MREL; 

Hp stands for ‘hypothesis’; k = number of independent samples; N = sample size; r = average 

correlation coefficient; rc = average correlation coefficient corrected for sampling error; Q = 

‘Cochrane’s Q’ statistic (df = k-1); I2 = I-squared statistic, indicating the percentage of variation in 

effect sizes attributable to heterogeneity; Tables B1 and B2, in ‘Appendix B,’ sensitivity analysis for 

publication bias and influential cases/outliers; estimates achieved with the ‘metafor’ package for R 

(Viechtbauer, 2010). 

† p < 0.10 
* p < 0.05 
** p < 0.01 
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*** p < 0.001 
c Notes. MLR: maximum likelihood parameter estimates robust to non-normality and non-

independence of observations; standard errors were computed using a sandwich estimator; standard 

errors are in brackets; weighting scheme is ‘Step A only’ (Pfefferman et al., 1998); effect-level weights 

are fixed at 1; study-level weight was equal to the square root of the inverse of within-study variance; 

notations follow Figure 2; coding conventions: ‘Data source’ (0 = ‘archival source’ / 1 = ‘key informant 

strategy’); ‘Level of model specification’ (0 = ‘single level’ / 1 = ‘cross level’); ‘Dependent variable’ (0 = 

‘measurement scale’ / 1 = ‘objective indicator’); ‘Independent variable’ (0 = ‘network application 

construct’ / 1 = ‘network structure construct’); ‘network ties form’ (0 = ‘bridging network ties’ / 1 = 

‘bonding network ties’); effects coding used for NV(-1 = ‘established firms’ / +1 = ‘new ventures’); 

effects coding used for TIE (-1 = ‘less technology intensive environment’ / +1 = ‘technology intensive 

environment’); sensitivity analysis in respect to missing values bias are reported in Table C1, ‘Appendix 

C.’ 

† p < 0.10 
* p < 0.05 
** p < 0.01 
*** p < 0.001 

d Notes. Notations are based on Figure2; ‘γ1’ is the regression path linking NV to the random slope 

‘s;’ ‘γ2’ is the regression path linking TIE to the random slope ‘s;’ ‘γ3’ is the regression path linking 

NV*TIE to the random slope ‘s;’ standard error for the phantom variable are reported in brackets. 

† p < 0.10 
* p < 0.05 
** p < 0.01 
*** p < 0.001 

e Notes. MLR: maximum likelihood parameter estimates robust to non-normality and non-

independence of observations; standard errors were computed using a sandwich estimator; standard 

errors are in brackets; weighting scheme is ‘Step A only’ (Pfefferman et al., 1998); effect-level weights 

are fixed at 1; study-level weight was equal to the square root of the inverse of within-study variance; 

notations follow Figure 2; coding conventions: ‘Data source’ (0 = ‘archival source’ / 1 = ‘key informant 
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strategy’); ‘Level of model specification’ (0 = ‘single level’ / 1 = ‘cross level’); ‘Dependent variable’ (0 = 

‘measurement scale’ / 1 = ‘objective indicator’); ‘Independent variable’ (0 = ‘network application 

construct’ / 1 = ‘network structure construct’); ‘network ties form’ (0 = ‘bridging network ties’ / 1 = 

‘bonding network ties’); effects coding used for NV(-1 = ‘established firms’ / +1 = ‘new ventures’); 

effects coding used for TIE (-1 = ‘less technology intensive environment’ / +1 = ‘technology intensive 

environment’). 

† p < 0.10 
* p < 0.05 
** p < 0.01 
*** p < 0.001 

f Predicted correlations based on results from Model 4, Table 2; covariates at the within-level are set 

to the sample mean; standard errors of prediction are reported.
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