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1.1. Motivation 

In the early modern period, great minds like Galileo Galilei and Newton unravelled the 

complexity of the world and paved the way for the fundamental achievements of mankind. 

However, the industrial revolution and the ever-increasing pace of knowledge production have 

led to such individual efforts being replaced by teamwork. A prime example of this change is 

Thomas Edison’s Menlo Park in New Jersey, where he set up one of the first innovation-related 

laboratories aimed at creating solutions to technological problems through collective learning. 

The incandescent light bulb is just one of the numerous inventions patented by his team. The 

process of knowledge production has become even more complex in recent years (Broekel 

2019). For instance, the European Organization for Nuclear Research (CERN), where scientists 

and technical staff in the field of particle physics collaborate in joint research projects, employs 

more than 2500 people from 24 countries (CERN 2016).  

The above examples demonstrate that human society has increasingly excelled in 

putting existing knowledge and materials together in an efficient manner to solve problems and 

overcome challenges (Weitzman 1998). This implies that the process of knowledge creation is 

embedded in the aggregation of knowledge relations derived from the process of collective 

learning (e.g. knowledge sourcing). Thus, the nature of knowledge sourcing and its key features 

(e.g. sectoral and place specificities) have been of great interest to researchers in the past one 

hundred years (Schumpeter 1911; Marshall 1920; Jacobs 1970; Romer 1990). Notwithstanding 

the straightforward argument that knowledge relations bring about innovation, a surprisingly 

small number of regions and countries have excelled in doing so. More importantly, while a 

quick glance at recent reports by the OECD, the World Bank and the European Commission 

reveals that development policies are shifting towards acknowledging the significance of 

knowledge transfer, a large number of policy interventions have failed to stimulate knowledge 

sourcing and consequently improve economic performance and innovative behaviour (Fornahl 

and Hassink 2017). This is the motivation behind this PhD thesis, which focuses on the 

following two questions: What are the key driving forces of knowledge transfer? How do these 

forces vary between sectors? 

 

1.2. On knowledge networks in time and space 

Innovation is a combinatorial process, in which novelty emerges by combining or recombining 

existing knowledge and materials (Schumpeter 1911; Weitzman 1998). Alfred Marshall was 

the pioneering scholar who underlined the importance of geographic co-location in such 

processes in his seminal book The Principles of Economics. He argues (Marshall 1920, 225): 

 

‘when an industry has thus chosen a locality for itself, it is likely to stay there long: so 

great are the advantages which people following the same skilled trade get from near 

neighbourhood to one another. The mysteries of the trade become no mysteries; but are 

as it were in the air, and children learn many of them unconsciously.’  

 

Supported by theoretical and empirical works over the last hundred years, it is now 

widely accepted that geographical co-location facilitates the formation of informal interactions, 

https://en.wikipedia.org/wiki/Galileo_Galilei
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cooperative local networks, labour mobility, spin-off creation (Ter Wal and Boschma 2011) 

and non-interactive learning (Glückler 2013). Accordingly, Storper (1995, 1997) uses the term 

‘regional world’, thereby tackling the nation-state duality and delineating regions as stepping 

stones for development. For instance, the much celebrated case of Silicon Valley mostly owes 

its success to an agglomeration that consists of a large number of companies specialized in the 

field of semiconductors and information technology embedded in various formal and informal 

knowledge relations (Saxenian 1990, 1991). Alternatively, Jacobs (1970) argues that the 

significance of co-location is deeply rooted in externalities derived from diversity, which 

provides an optimum environment ‘where adding new work to older work proceeds vigorously’ 

(p. 50). This triggers the creation of a new division of labour and the combinatorial process of 

innovation creation. 

While theoretically cities and regions range between two extremes of pure 

specialization (Marshall’s externalities) and diversification (Jacobs’ externalities), scholars 

debate what type of externalities trigger more efficient innovation and growth. Glaeser et al. 

(1992) empirically investigate 170 US cities and show that technological spillover is more 

likely to occur between than within industries. Conversely, van der Panne (2004) demonstrates 

that the Marshallian specialization is of more relevance in the context of intensive and small 

R&D companies in the Netherlands. Beaudry and Schiffauerova (2009) extensively review 

empirical works on this issue and conclude that the empirical studies used databases that do 

not provide enough resolution in order to distinguish between Marshall’s and Jacobs’ 

externalities, which implies that the positive impact of agglomerations on knowledge spillover 

is a combination of both effects. In one way or the other, in the 1990s spatially ‘sticky’ 

knowledge called for a wide range of territorial innovation models, such as new industrial 

spaces (Scott 1988), industrial districts (Pyke 1992; Michael Enright 1998), learning regions 

(Florida 1995; Morgan 1997), regional innovation milieu (Camagni 1991; Maillat 1995) and 

regional innovation system (RIS) (Cooke 1992; Doloreux 2002; Asheim and Gertler 2006).  

Yet, scholars argue that co-location is ‘neither a necessary nor a sufficient condition 

for’ knowledge sourcing to occur (Boschma 2005, 62). This claim has been backed by an 

increasing number of empirical studies (Simmie and Hart 1999; Oinas and Malecki 2002; 

Owen-Smith and Powell 2004; Giuliani 2007; Morrison 2008; Fitjar and Rodríguez-Pose 

2016). Accordingly, geographic co-location is only one of the key factors that trigger 

knowledge sourcing. Building on the French ‘Proximity Dynamics’ group, Boschma (2005) 

identifies five proximity dimensions that increase the odds of two organizations establishing a 

collaborative tie.  

• Geographical proximity – the extent to which two organizations are geographically 

close or co-exist in the same geographical area.  

• Social proximity – the extent to which two given organizations or individuals are 

embedded in the same social networks and have common past experiences. Social 

proximity facilitates the creation of trust and synergy effects, and lowers transaction 

costs (Granovetter 1985; Coleman 1988; Uzzi 1997).  

• Organizational proximity – the level of similarity in control and autonomy in 

organizational arrangements (Boschma 2005). Organizational proximity can be defined 
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based on the extent to which organizations follow similar routines and procedures 

(Broekel and Boschma 2012).  

• Cognitive proximity – the degree of overlap in technological and cognitive domains of 

organizations, whereby they are able to exploit and absorb the exchanged knowledge 

(Cohen and Levinthal 1990; Nooteboom 1999).  

• Institutional proximity – the level of similarity in informal constraints and formal rules 

under which organizations interact (North 1990).  

Balland et al. (2015) and Broekel (2015) argue that the five proximity types have a 

temporal dimension and thus proximity should be analysed from an evolutionary point of view. 

This implies that the degree and impact of proximities can change over time, and that proximity 

dimensions can complement or substitute one another under different circumstances (Lazzeretti 

and Capone 2016; Capone and Lazzeretti 2018).  

Moreover, knowledge is sourced in the social networks in which organizations and 

individuals are embedded (Granovetter 1985; Uzzi 1997). Thus, one could go beyond the 

dyadic nature of proximity dimensions and argue that the forces derived from the structure of 

a given knowledge network might have an impact on how new knowledge ties are created and 

dissolved. The notion of endogenous structural effects is given by the path-dependent nature 

of network evolution, and immanent in the fact that organizations and individuals mostly 

establish their subsequent ties based on the attributes of the ties that are already established 

(Glückler 2007). A large body of literature in economic geography addresses the following 

three endogenous effects. 

• Status effect (or ‘preferential attachment’): Barabasi and Albert’s (1999) study on 

complex networks empirically demonstrates that networks grow by new nodes being 

added to the network in a ‘self-organizing’ fashion, resulting in a scale-free degree 

distribution in the network. More precisely, a new node is more likely to form a tie to 

nodes that have a higher degree centrality. 

• Transitivity (or ‘triadic closure’): this effect is based on a number of theories in social 

sciences such as the strength of weak ties (Granovetter 1973), balance theory (Heider 

1958) and social capital (Coleman 1988). Transitivity lies at the heart of human 

interactions illustrating the fact that if A has a relation to B, and A also has a relation to 

C, then over time there is likely to be a relation between B and C.  

• Multi-connectivity: this effect holds when collaborators are more likely to be connected 

by various direct and indirect ties (Powell et al. 2005). As a result, this increases the 

resilience of a network because a multi-connected network splits into isolated 

components only when a large number of ties are dissolved. This implies that multi-

connectivity increases the cohesion of a network and enables nodes to bridge structural 

holes (Burt 1992). 

In sum, the proximity framework and the network literature theoretically argue and 

empirically show that embeddedness in local and non-local networks are among the key factors 

driving collective learning. This explains why even co-located firms vary in their learning and 

innovation performances, with actors that are more central in local and global networks being 

more successful than firms in peripheral positions (Owen-Smith and Powell 2004). The 

remainder of this section is devoted to presenting research gaps and the research questions. 
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1.3. Gaps in the literature and research questions 

The duality of spatial and a-spatial dimensions of knowledge sourcing and the dynamic 

interplay between them have recently attracted a lot of attention. For instance, Glückler et al. 

(2016, 6–7) claim that: 

 

‘despite the potential of combining the relational and the geographical perspectives 

there has been long unintended silence between the two fields in knowledge studies 

[…] the mutual conditionality between space and networks is thus a fascinating and still 

unexplored area of research’. 

 

In economic geography, the concept of proximity goes beyond focusing only on the 

effect of geography-related spillovers and takes into account the relevance of other dimensions 

in knowledge sourcing (Boschma 2005; Balland, Boschma, and Frenken 2015). However, 

scholars in sociology elaborate on the concepts of norms, status and homophily (e.g. Lazega et 

al. 2012), social relations (Granovetter 1973; Burt 1992) and social contexts (Feld 1981) to 

understand how social networks evolve. Moreover, scholars in management and transition 

studies argue that collaboration patterns differ due to fundamental differences across 

‘technological regimes’ and sectoral specificities (Pavitt 1984; Breschi, Malerba, and Orsenigo 

2000; Kogut 2000; Malerba 2002; Malerba and Adams 2013). Although one can observe 

similarities in different disciplines (e.g. proximity in economic geography and homophily in 

sociology), there seems to be a need for studies that go beyond the boundaries of a given strand 

of literature and investigate the joint effects of the various effects identified in various 

disciplines (see Figure 1.1 for a stylized representation). This thesis is thus situated at the nexus 

of the abovementioned strands. It consists of seven chapters1, each of which identifies and 

bridges gaps in the existing research on knowledge sourcing. The remainder of this chapter 

provides a brief overview of such gaps and how these are addressed by the subsequent chapters. 

 
1 The chapters are based on working papers co-authored by Tom Brökel and Lars Mewes (Chapter 2), Tom 

Broekel (Chapter 3), Wojciech Dyba (Chapter 4) and Erlend Osland Simensen (Chapter 5). Chapter 6 is based on 

a single authored working paper. 
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Figure 1.1 Stylized representation of the streams of literature regarding learning and innovation 

Note: the size of the boxes corresponds to the number of articles found on the Web of Science 

based on keywords  

 

Chapter 2 investigates the impact of space on the likelihood and effectiveness of 

knowledge exchange. The rise of globalization and improvements in communication and 

transport systems brought about the ‘death of distance’ argument. That is, the relevance of 

geography in collective learning processes is argued to have decreased (e.g. Friedman 2005). 

Conversely, several scholars (e.g. Balland and Rigby 2016; van der Wouden 2018; Broekel 

2019) argue that the ever-increasing complexity of knowledge calls for a greater importance of 

this dimension in collective learning. While there are several studies that empirically show the 

relevance of the geographical dimension for knowledge exchange, an empirical study on this 

issue considering a long time period has been lacking, which motivates the main research 

question (RQ) underlying Chapter 2: 

 

RQ Chapter 2: How does the impact of geographical proximity for knowledge sourcing 

develop over time? 

 

The chapter utilizes a unique dataset covering co-inventive patent data over more than 

170 years. The empirical analysis centres on a gravity model operationalized by a set of zero-

inflated negative binomial regression models. While it seems that inventors benefit from the 

advent of modern telecommunication and transport systems, this study clearly rejects the idea 

of the ‘death of distance’. The empirical findings clearly underline the continuous importance 

of geographical proximity for the initialization of interregional knowledge exchange. Indeed, 

it is shown to have gained importance over time for the intensity of these exchanges. 

Chapter 3 focuses on the impact of social contexts on the knowledge sourcing behaviour 

of organizations. While a large number of studies have investigated the relevance of the 

proximity dimensions and network endogenous structural effects, innovation studies and 
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regional science have little to say about the effect of the various social contexts in which 

organizations are embedded. In Chapter 3, it is argued that the universal definition and 

importance assigned to factors shaping knowledge sourcing in these literatures need to be 

complemented with a place-specific perspective. Accordingly, Chapter 3 sheds light on the 

following research question: 

 

RQ Chapter 3: Alongside universal factors, how do social contexts impact the 

development of inter-organizational knowledge networks? 

 

To empirically capture the effect of social contexts, we investigated the evolution of 

the knowledge network among organizations of the Berlin biotech industry. These 

organizations are located in city areas that were part of the former East and West Germany 

respectively. Accordingly, they developed and are embedded in distinct social contexts, which 

still characterize these locations more than 30 years after reunification. The knowledge 

sourcing of organizations is approximated by the means of a multiplex knowledge network 

based on patents, scientific publications and R&D projects between 1992 and 2016. We 

evaluated the evolution of the network (tie formation and tie dissolution) with a separable 

exponential random graph model (STERGM) (see Broekel et al. 2014 for a review of the 

methodology). By controlling for universal tie formation forces at the dyad (e.g. geographical 

proximity) and network (e.g. transitivity) levels, we isolated the effect of social context. 

Despite a large degree of labour mobility and top-down subsidization of East–West 

collaborations, we found that in recent years ties within the same social context (i.e. East–East 

and West–West knowledge ties) were more likely to have been established. In contrast, this 

does not seem to influence the persistence of ties. 

A similar shortcoming in the contemporary literature as highlighted in Chapter 3, also 

motivates Chapter 4. In this case, it is put forward that the contemporary literature has a 

somewhat biased view on how processes of knowledge sourcing function in industrial clusters, 

because most empirical evidence is derived from the analysis of successful cases and 

prospering high-tech regions in developed Western countries. This research gap is summarized 

by the chapter’s research question: 

 

RQ Chapter 4: What are the dominant drivers of collective learning in clusters located 

in ‘lagging’ regions dominated by low-tech industries? 

 

The question is approached by exploring knowledge sourcing networks in the Swarzędz 

and Kępno clusters in the Wielkopolska region of Poland. The empirical data was obtained 

through a primary data collection utilizing roster-recall and ‘snowball’ methods. The findings 

show that firms and associated organizations fail to establish extra-regional knowledge ties 

despite the two clusters being in a mature phase with local sources of novelty being mostly 

exhausted. This contrasts with the expectations of the cluster lifecycle model (Menzel and 

Fornahl 2010), which conjectures that organizations in this situation reach out to new sources 

of knowledge beyond their own region. Moreover, and also in contrast to the predictions of the 

cluster lifecycle model, we found that small and medium-sized firms and local institutions are 

the main agents of learning and innovation. However, they lack the capabilities to establish the 
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necessary interregional knowledge ties. In light of this, the study paves the way for potential 

policy targeting knowledge networks in such regions with a high risk of lock-in. 

Chapter 5 focuses on the importance of sectoral attributes that may also shape collective 

learning processes and how these evolve over time. While the proximity framework enables 

the exploration and analysis of how actors establish collaborative ties of knowledge sourcing, 

there has not been much cross-fertilization between this literature and sectoral systems of 

innovation. Consequently, this chapter seeks to establish this bridge by conceptually linking 

the proximity literature to sectoral studies by investigating the effect of proximity dimensions 

across sectors.  

 

RQ Chapter 5: How does the impact of proximities on tie formation change over time 

and how does the impact vary between sectors? 

 

The empirical research used a dataset of R&D projects subsidized by the Research 

Council of Norway between 2005 and 2016 to analyse the dynamic impact of a set of proximity 

dimensions on collaborative tie formation in four Norwegian sectors (biotech, oil and gas, 

marine and maritime). The empirical findings obtained through the use of the gravity model 

suggest that while institutional proximity had a positive impact on the initiation of collaboration 

in all sectors, the impact of cognitive proximity and its magnitude varied between sectors and 

across time periods. It thus shows that knowledge sourcing has a sector-specific dimension. 

This empirically supports the theoretical argument developed by, among others, Kogut (2000) 

that the evolution of a collaboration network is highly influenced by technological, social and 

institutional factors. 

Finally, Chapter 6 presents a conceptual framework built on the findings of the 

preceding empirical studies. This framework takes into account the previously identified 

dynamic interplay between knowledge networks and clusters, and links these to the cluster 

lifecycle model by considering endogenous micro-forces immanent in knowledge sourcing. It 

includes six tie formation mechanisms, namely proximity dimensions, transitivity, 

assortativity, preferential attachment, exclusion and multi-connectivity. Hence, the integrated 

framework delivers a number of research avenues to integrate the spatial and a-spatial 

dimensions in one empirical setting. The chapter also discusses the failures of recent network-

related cluster policies and suggest ways of alleviating these problems. 

Chapter 7 discusses the main findings of the preceding chapters and points out a number 

of limitations and unresolved problems. It thereby suggests a number of ways that future 

research might be able to overcome the remaining challenges and hence how it will be able to 

further sharpen our understanding of the driving forces of collective learning. The following 

table provides an overview of the seven chapters. 
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 Sectoral 

dimension 

Individual 

properties 

Proximity 

dimension 

Structural 

dimension 

Temporal 

dimension 

Chapter 2: The Rise of the Near – 

The Evolution of the US 

Interregional Inventor Network 

1836-2010 

 

 
 

× 
 

× 

 

 

 

× 

Chapter 3: Still in the Shadow of 

the Wall: The Case of the Berlin 

Biotechnology Cluster 

 

× 

 

× 

 

× 

 

× 

 

× 

Chapter 4: Structure and 

Significance of Knowledge 

Networks in Two Low-tech 

Clusters in Poland 

 

× 

 

× 

 

× 

  

 

Chapter 5: Proximity Dynamics 

across Sectors – Evidence from 

Norway 
 

 

× 
 

 

× 

 

× 

  

× 

Chapter 6: Endogenous effects 

and cluster transition: a 

conceptual framework for cluster 

policy 

 
 

 

× 

 

× 

 

× 

 

× 

 

Chapter 7: Conclusion × × × × × 

Table 1.1 Brief overview of the thesis chapters 
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Chapter 2  

Rise of the near – the evolution of 

the US-interregional inventor 

network 1836-2010 
 

Abstract: The rise of globalization coupled with ever-increasing advances in various 

technologies has cast doubt on the relevance of geographical proximity for knowledge 

spillovers, bringing about the ‘death of distance’ argument. While this argument has 

been rejected by several empirical works, existing studies employ a rather static 

perspective to prove the significance of geographical proximity. The present paper adds 

to this literature by challenging the ‘death of distance’ argument from a dynamic point 

of view. Existing studies show that geographic distance still impacts interregional 

knowledge interactions. However, it has not yet been tested whether, as claimed by the 

dynamic ‘death of distance’ argument, its impact has decreased over time due to the 

revolutions in transport and communications. Using an extended US patent database, the 

present research investigated interregional inventor collaborations between 1836 and 

2010 and identified the driving forces behind their spatio-temporal evolution. Using a 

series of zero-inflated negative binomial regression models, we found geographical 

proximity to have a stable positive impact on the establishment of interregional 

collaborations. In addition, its importance for their intensity has grown, clearly rejecting 

a ‘death of distance’ process being at work over the last 170 years. Our findings also 

underline the growing importance of technological proximity, as inventors from regions 

with similar technological portfolios are more likely to collaborate. Lastly, we confirm 

that there is a mostly complementary relationship between geographical and cognitive 

proximities. 
 

Keywords: network evolution, interregional collaboration, proximity dimensions 
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2.1. Introduction  

In the 1990s, prominent authors proclaimed the ‘end of geography’ (O’Brien 1992) the 

‘vanishing of distance’ (Reich 2002), and the ‘borderless world’ (Ohmae 1999) for modern 

economic activities. The ‘death of distance’ (Cairncross 2001) hypothesis states that 

geographic distance has become less important due to huge technological leaps in electronic 

communication technologies, the drop of communication and transport costs to virtually zero, 

and an ever-increasing globalized production network. Indeed, we can communicate with 

every person in the world who has access to communication infrastructure independent of 

location. We can ship goods all around the globe at virtually no cost. In this sense, the world 

has indeed been flattened (Friedman 2005).  

However, there are also arguments for the opposite to hold. In economic geography, 

the growing prominence of the concepts of proximities and relational approaches highlights 

the role of space for knowledge creation and exchange (Bathelt and Glückler 2003; Boschma 

2005; Bathelt and Glückler 2011; Balland, Boschma, and Frenken 2015). Empirically, 

economic activities in general, and innovation activities in particular, are shown to strongly 

concentrate in space and this concentration seems to be on the increase (Audretsch and 

Feldman 1996; O hUallichain 1999; Florida, Gulden, and Mellander 2008; Sonn and Storper 

2008), which has been summarized as a ‘spiky world’ (Florida 2005). Yet, these arguments 

can only explain why geographic distance still matters. However, they provide only limited 

reasons why geographical proximity may have actually become even more important. 

The present paper follows recent arguments in the knowledge complexity literature and 

discusses the extent to which the importance of geographical proximity for knowledge-related 

interactions has changed over time. It adds to the literature by presenting an investigation of 

this relationship on the basis of data covering more than one and a half centuries. In contrast, 

previous empirical studies testing the ‘death of distance’ cover only relatively short time 

periods (Balland, Vaan, and Boschma 2013; Paci, Marrocu, and Usai 2014; Broekel 2015; 

Lazzeretti and Capone 2016; Belso-Martínez et al. 2017; Menzel, Feldman, and Broekel 2017; 

Makkonen et al. 2018). Hence, these cannot assess the dynamic part of the ‘death of distance’ 

hypothesis; that is, whether ‘geographic distance is dying’2 over time. 

The present research made use of a novel dataset covering US (interregional) co-

inventive patent data between 1836 and 2010 and employed gravity regression models. Our 

results not only suggest rejecting the ‘death of distance’ but also support the ‘rise of the near’: 

geographical proximity has increasingly become important for the intensification of 

interregional relations. A similar observation (albeit not as strong and consistent) is made for 

technological proximity, which complements the effects of geographical proximity during 

most of the observed time period. That is, geographically proximate regions with overlapping 

technological profiles are more likely to intensify their collaboration than regions proximate 

in only one of these dimensions. While it confirms the dynamic nature of proximities and their 

interrelatedness (Balland, Boschma, and Frenken 2015; Broekel 2015), it also underlines the 

 

2 More precisely, it should be formulated as the ‘the importance of geographic distance for knowledge 

exchange is dying’. However, here we stick to the more popular (and imprecise) formulation. 
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simplistic perspective of the ‘death of distance’ argument, which ignores other types of 

proximities in general and the relation of geographical proximity to these in particular. 

The paper is structured as follows. Section 2 presents a brief review of the literature on 

knowledge network formation, with a particular focus on the proximity approach. Section 3 

presents the patent database and the research method. The results are presented and discussed 

in Section 4. Section 5 concludes the paper. 

 

2.2. Knowledge exchange over space and time 

2.2.1 The ‘death of distance’ and the rise of the proximity debate 

In the 1990s, the rise of electronic communication technologies, the fall of communication 

costs to virtually zero, the increase in the globalization of economic activities and the growing 

extent of collaboration in knowledge generation made prominent authors proclaim the ‘death 

of distance’ (see for a review Rietveld and Vickerman 2003). While most cases are backed by 

primarily anecdotal evidence, such visions challenged the widely accepted view of geography 

in general and geographical proximity in particular as one of the most important factors, if not 

the most important, shaping the production and diffusion of knowledge in space and time. 

Based on the classic work of Hägerstrand (1967) and Rogers (2003), the constraining role of 

geographic distance on knowledge diffusion and exchange lay at the heart of prominent 

concepts in national and regional innovation systems (Cooke, Gomez Uranga, and Etxebarria 

1997), localized knowledge spillovers (Jaffe 1986, 1989) and (regional) knowledge networks 

(Bianchi and Bellini 1991). In response to this challenge, researchers reassessed the role of 

geographic distance in knowledge diffusion, generation and exchange processes from 

theoretical and empirical perspectives (Jaffe, Trajtenberg, and Henderson 1993; Bottazzi and 

Peri 1999; Bode 2004). 

Boschma (2005) summarizes the role of geographical proximity as being ‘just’ one 

critical dimension of proximity facilitating knowledge exchange. More precisely, ‘[...] 

geographical proximity per se is neither a necessary nor a sufficient condition for learning to 

take place [...]’ (p. 62). Accordingly, other types of proximity play similar if not more 

important roles. While these four types of proximities challenged the role of geographic 

distance theoretically, the empirical evaluation resulted in clear support for the importance of 

geographical proximity alongside the other types of proximity (Balland 2012; Broekel and 

Boschma 2012; Broekel and Hartog 2013). In line with the proximity argument, these studies 

clearly rejected the death of distance argument by empirically (re-)confirming the importance 

of geographic space for knowledge generation, exchange and diffusion. In addition, they 

extended the concept of geographic distance from being a ‘mere’ obstacle to knowledge 

diffusion, to a factor that is linked to other forms of proximities within a complex set of 

substitutive and complementary relations (Singh 2005; Autant-Bernard et al. 2007; Ponds, van 

Oort, and Frenken 2007; Broekel 2015). 

 

2.2.2 A dynamic view on the death of distance and proximities 

However, the death of distance argument does not necessarily translate into geographic 

distance not playing a role at all. It may also be seen as geographical proximity becoming 
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relatively less relevant over time. Clearly, transport and communication possibilities changed 

during the 19th and 20th centuries, characterized by ground-breaking inventions (Gordon 2016). 

In particular, at the end of the 19th century the ‘transportation revolution’ took place (Taylor 

1989). Overland and oversea transport became significantly faster and more secure and 

reliable. In addition, the expansion of railway networks made many more places much more 

accessible, such as the Midwest of the US (Atack et al. 2010). 

However, there is at least one force with the potential to counter the reduction in 

transport/transaction costs. Non-arguably, the world has become more complex. This also 

applies to R&D activities, as technological advancement and innovation become increasingly 

harder to accomplish. The complexity of technologies increases due to the cumulative nature 

of knowledge. Each generation of technologies and knowledge is created on the basis of what 

has been established by its predecessors (Aunger, 2010; C. A. Hidalgo, 2015; Howitt, 1999; 

Nelson & Winter, 1982). This is evidenced by, for example, technologies expanding their 

range of functions. For example, “[d]igital control systems [of aircraft engines] interact with 

and govern a larger (and increasing) number of engine components than [previous] 

hydromechanical ones” (Prencipe 2000, 904). Another aspect in this context is that 

technologies are becoming more tightly integrated, which means that R&D activities must 

cover and consider multiple technologies, making these activities more complex and 

demanding (Fai and Tunzelmann 2001). Particularly the last two points (increasing integration 

of multiple technologies and greater functionality) relate growing technological complexity to 

collaborative R&D. Complex technologies are argued (Hidalgo and Hausmann 2009; Balland 

and Rigby 2016) and empirically confirmed (Broekel, 2019) to require more collaboration in 

their development. These technologies’ inherent larger knowledge diversity necessitates joint 

efforts by specialized experts (Pavitt 1998; Carbonell and Rodriguez 2006). Consequently, 

when technological development becomes more complex over time, it can be expected to 

entail more collaboration (Hidalgo 2015; Lata, Proff, and Brenner 2017; Broekel 2019). Put 

simply, R&D processes have become more collaborative in nature, which is backed by 

empirical studies (e.g. Wuchty, Jones, and Uzzi 2007; van der Wouden 2018). Accordingly, 

collaboration has gained in importance and we argue that this particularly applies to local 

collaboration.  

The primary reason for this is again the increasing complexity of technological 

development. Specialized experts in different fields are required to work together due to 

growing complexity, which implies that they have to overcome cognitive differences when 

integrating greater knowledge diversity. Geographical proximity is a strong facilitator in this 

context by lowering transaction and transport costs as well as allowing for frequent face-to-

face contacts (Audretsch and Feldman 1996). It also biases knowledge seeking towards 

spatially closer knowledge sources (Broekel and Binder 2007). Moreover, it stimulates the 

development of other types of proximity that further ease interaction, communication and 

knowledge exchange (Boschma 2005; Balland, Boschma, and Frenken 2015; Broekel 2015).  

In sum, because growing complexity necessitates interactions for knowledge exchange, 

and the latter is easier, efficient and, most importantly, more likely in geographic vicinity, we 

expect that geographical proximity will gain in importance over time, notwithstanding the 

advantages of the ICT and transport revolutions (see for similar arguments, Sorenson, Rivkin, 

and Fleming 2006; Balland and Rigby 2016). 
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2.2.3 Empirical evidence on long-term development 

To establish whether geographical proximity has really changed in importance for knowledge-

related interactions, one needs to consider a long time period, because the dramatic decreases 

in transport and communication costs have been under way for some time now. However, most 

studies on this matter rely on data covering limited time periods (Ponds, van Oort, and Frenken 

2007; Hoekman, Frenken, and van Oort 2009; Scherngell and Barber 2009, 2011; Balland 

2012; Broekel and Boschma 2012). Among these, Balland et al. (2013), Menzel et al. (2017) 

and Ter Wal (2014) observe knowledge-related interactions over the longest time period. Ter 

Wal (2013) tracks the development of the patent co-inventor network in the German 

biotechnology sector for more than 30 years. He shows that the effect of geographical 

proximity on knowledge exchange interactions decreased over this time period while that of 

social proximity grew. Similarly, Balland et al. (2013) discovered shifts in the importance of 

proximity dimensions along the lifecycle of the video game industry covering a period of 20 

years. In contrast to Ter Wal (2014), they found the formation of knowledge relations being 

increasingly driven by geographical and cognitive proximities, and less so by organizational 

and institutional proximities. Menzel et al. (2017) explored the changing properties of the 

patent co-inventor network in the Research Triangle Park in the US over a period of 20 years. 

Their empirical results suggest a rather stable influence of proximities over time.  

Accordingly, the findings covering substantial time periods are rather inconclusive, 

demanding additional empirical assessment. The present research filled this gap by analysing 

the relative relevance of proximities on the establishment and intensity of knowledge exchange 

relations in the USA between 1836 and 2010.  

 

2.3. Empirical approach 

2.3.1 Data 

In a common fashion, we relied on patent data to model knowledge generation and exchange. 

Analysing patents (besides R&D alliance networks and scientific publications) has become 

one of the most straightforward methods for studying collaborative innovation processes (e.g. 

Jaffe, Trajtenberg, and Henderson 1993; Cantner and Graf 2006; Ter Wal 2014). Co-patenting 

implies collaborations in the development of novel products or processes. These collaborative 

efforts usually entail substantial knowledge exchange and mutual learning (Ter Wal and 

Boschma 2009) and hence, meaningful knowledge (exchange) relations. 

We used two patent databases: (1) HistPat (Petralia, Balland, and Rigby 2016a), which 

covers historical patents registered by the United States Patent and Trademark Office 

(USPTO) from 1790 to 19753; and (2) the USPTO digital database, which covers patents from 

1975 onwards (Li et al. 2014). These two databases are complementary and can be merged 

(Petralia, Balland, and Rigby 2016b). The result provides a database covering more than 170 

 

3 The examination of patent applications was not implemented until 1836. Thus, we studied patents 

from 1836 onwards. 
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years of data with information on the date of patent grant, the technological classes and the 

places of origin. We used Core-Based Statistical Areas (CBSA) as functional regions4 to 

aggregate invention activities. However, it is unknown whether these locations refer to the 

applicant or the inventor. Hence, in contrast to modern patent data, geographic locations are 

not inventor- or applicant-specific but a mix of both. In the earlier years, this is unlikely to be 

a problem as applicants and inventors mostly overlap because most patents were granted to 

individuals. In later years, this is likely to change, as an increasing share of patents are granted 

to firms, implying that inventor and application locations do not necessarily coincide 

geographically. Lacking a way to identify inventors and applications, this drawback could not 

be resolved. Moreover, we had to focus exclusively on interregional relations, as we could not 

differentiate distinct actors located within regions. This also implies that proximities were 

modelled at the regional level, whereas inventors are individuals and organizations. We 

followed this established practice in the field (Hoekman, Frenken, and van Oort 2009; 

Scherngell and Barber 2009; Broekel and Hartog 2013). We constructed interregional 

networks on the basis of patents assigned to multiple regions. More precisely, we selected the 

CBSA as the spatial units of our analysis, implying that they constitute the nodes of the 

network with links being distinct regions occurring simultaneously on patents. Following a 

common assumption in the literature, we considered each patent the result of five years of 

knowledge exchange and mutual learning (Fleming, King, and Juda 2007; Ter Wal 2014; 

Menzel, Feldman, and Broekel 2017). Hence, for each year, we aggregated all patents with an 

application date falling within the time period (t-4 to t), generating 170 observations of a time 

window (1836 to 2010) of US interregional co-inventions. Figure 2.1 and Figure 2.2 illustrate 

the spatial distribution and the number of patents and collaborations between 1836 and 2010.  

 

4 These regions include 933 metropolitan and micropolitan statistical areas. 
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Figure 2.1 Interregional co-invention network 

Note: the dots correspond to the number of patents in each CBSA and the lines represent the 

600 most repeated collaborations (the first map demonstrates all collaborations in the time 

window corresponding to the year 1840) between inventors in the given 5-year time window 

Source: authors’ illustration based on HistPat (Petralia, Balland, and Rigby 2016a) and 

USPTO digital database (Li et al. 2014) 
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Figure 2.2 The number of patents (dots) and collaborations (line) between 1836 and 2010 
Note: the number of collaborations in this graph is based on a 5-year time window 

Source: authors’ illustration based on HistPat (Petralia, Balland, and Rigby 2016a) and 

USPTO digital database (Li et al. 2014) 

 

2.3.2 The development of knowledge generation and exchange in the US 

The empirical literature on proximities in the fields of economic geography and regional 

sciences is dominated by European contributions (for a list of studies, see von Proff et al. 

2014), which also implies that most empirical evidence is based on the European context. In 

addition, the US context allows us to observe changes in proximities (and in particular that of 

geographical proximity) at a different magnitude. While the modes of transport might have 

changed in a similar manner in the European context (invention of the train, car and aeroplane), 

the basic geography of knowledge production and exchange in the USA has changed more 

dramatically due to its expansion to the west. Notably, while the East Coast was traditionally 

the technological centre, the upper Midwestern states was transformed into one of the 

technologically most advanced regions at the turn of the 19th century (Chandler 1977, 1990; 

Teaford 1994). The continuous expansion also put new locations on the map, as they had 

become relatively easily accessible by rail (e.g. San Francisco) (Atack 2017). Train 

connections fostered interregional trade and people’s mobility and thereby facilitated spatial 

knowledge diffusion and exchange. Not surprisingly, the first significant increase in East 

Coast–West Coast patent collaborations in US history (from >50 in 1860 to >300 in 1880) 

occurred around the time the first railways connected the two coasts (Appendix 1). Similar 

patterns can be observed when regular air transport connections were established and when 

low-cost carriers emerged (Figure 2.1). In particular air transport altered the ranking of places’ 

reachability and thereby is likely to have reduced and/or shuffled the effect of geographical 

proximity. For instance, at the end of the 1930s, New Yorkers could reach Los Angeles by 

plane in 18 hours, but needed to travel over land for a full day to reach Philadelphia (Paullin 

1932). 

Other exogenous shocks that are likely to have impacted the geography of knowledge 

generation and diffusion are the Great Depression, the two world wars and the 1973 oil crisis, 
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all of which led to a massive decrease in invention activities in the US (see Figure 2.2).5 

Although the Great Depression negatively impacted invention activities in general, it enabled 

multiple industries and sectors to make tremendous advances in the 1930s, leading to ‘the most 

technologically progressive decade of the century’ (Field 2003). The exponential increase in 

the number of inventions in this area was primarily related to the recombination of scientific 

breakthroughs developed in the late 19th century and to the growing support of R&D activities 

by the government and universities. 

The geography of US knowledge production continued to change in later years. 

Teaford (1994) describes the industrial downfall of regions in the Midwest from the 1950s 

onwards, whereby formerly prosperous cities (e.g. Detroit, Chicago and Cleveland) turned into 

‘the capitals of the Rust Belt’. In contrast to the declining Midwest, California became the 

most populated state in the US from the 1960s onwards. Regions in the Midwest not only had 

shrinking populations and industries, but also lost their position as research centres, as the 

invention activities started to agglomerate in the coastal regions (see Figure 2.1). While the 

‘second industrial revolution’ was built on improvements in chemistry and engineering, the 

‘third industrial revolution’ is concerned with information technology (Gordon 2016). In 

particular the rise of Silicon Valley increased the relative importance of the west of the US 

(for a detailed review see Storper et al. 2015). In many instances, what led to these shifts was 

not the relocation of R&D activities, but the emergence of new technologies (in new locations) 

and the decline of old technologies (in old places) altering the relative position of regions. 

 

2.3.3 Method  

We employed the gravity model to explain the existence and intensity of interregional 

collaborations. In the 1960s, the gravity model became popular for analysing trade between 

countries (e.g. Hasson and Tinbergen 1966). We followed recent applications in using the 

model to account for the establishment and intensity of interregional co-invention (Maggioni, 

Nosvelli, and Uberti 2007; Scherngell and Barber 2009, 2011)6. In essence, the model is an 

adapted regression approach in which variables at the node level (e.g. the population of 

regions) and the dyad level (e.g. geographic distance between two regions) are related to the 

intensity of interregional co-inventive activities. Hence, the model differs from ‘standard’ 

regressions in that the observations are region pairs7 and the estimation of statistical 

significance considers the existence of relational dependency structures in the errors (for a 

review see Broekel et al. 2014). 

The intensity of co-invention (inventor collaboration) between two regions (our 

dependent variable) is a discrete variable with zero representing no collaboration and non-zero 

integers reflecting the number of collaborations between each region pair. The variable 

includes a large number of zeros, which violates one of the basic assumptions of the Poisson 

 

5 Note that the merging of two databases coincides with the Oil Crisis that some decrease in patent 

numbers might by due to changes in the underlying data. 
6 The main reason for not using dynamic network analysis tools (e.g. stochastic actor-oriented models) 

is difficulties in fitting and converging more than 100 models using the same sets of variables.  
7 The number of observations is 0.5*n*(n-1), where n is the number of regions (nodes). 
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regression model. To deal with this overdispersion and the excessively large number of zeros, 

we applied the zero-inflated negative binomial regression model, which has been shown to fit 

well to such data on collaboration between spatial units (Hoekman, Frenken, and van Oort 

2009). The zero-inflated negative binomial regression model provides two sets of coefficients, 

one for the count model (count part) and one for the zero-inflated model (logistic part) (for a 

technical review see Long 1997). It is worth mentioning that the zero-inflated model predicts 

the absence of collaboration and therefore its coefficients need to be interpreted accordingly. 

In this case, the zero-inflated model gives insights into the relevance of the explanatory 

variables for the existence of an interregional collaboration. In contrast, the count model 

reveals their importance for the intensification of collaborations conditional on their existence. 

 

2.3.4 Independent variables  

To explain the existence and intensity of interregional collaboration, we considered a number 

of explanatory variables at the dyad and node levels. 

 

Dyad-level independent variables 

Most importantly, we included multiple measures of geographical proximity. Following Lata 

et al. (2017), we firstly defined GEO by taking the logarithm of the Euclidean distance between 

regions in kilometres. The second measure of distance is STATE, which takes a value of one 

when two regions are located within the same US state and zero otherwise. This variable, 

however, has two interpretations, as it captures not only geographic but also institutional 

distance, which is important for the interpretation. Thirdly, a nonlinear relation between 

geographic distance and knowledge sourcing has to be taken into account. Unfortunately, we 

lacked precise data on car and air transport connections over time and had to leave an 

investigation into their impact for future research. Hence, we constructed the variable RAIL, 

which considers whether or not two regions are connected by railway. It takes the value of one 

if both regions are connected and zero otherwise.  

We followed the literature in approximating ‘cognitive’ distance between two regions 

by means of their ‘technological’ distances as represented by the Spearman’s rank correlation 

of the patent portfolios of regions8. The correlation coefficients indicate how similar 

interacting regions are in terms of their technological schemes. We multiplied the variable by 

minus one in order to express the result in terms of distance (TECH)9.  

As pointed out above, the dynamic interplay between various dimensions of 

proximities has not yet been analysed over longer time periods. To shed light on this, we added 

an interaction term (GEO_X_TECH) by multiplying GEO by TECH. Hence, the variable 

obtains large values for long-distance interregional collaboration between regions with very 

dissimilar technological profiles. 

 

 

 

 

8 Patent portfolios are created based on the IPC codes at the 4-digit level. 
9 To avoid confusion, we express all variables in terms of distance (not proximity). 



 

22 

Node-level independent variables 

In addition to these relational (dyadic) variables, we considered a range of factors at the 

regional (node) level. First, the size of regions was approximated by population count, as large 

regions are more likely to engage in co-inventive activities. Population usually correlates with 

the presence of better infrastructure (in particular sea- and airports), and easier and therefore 

cheaper opportunities for interregional collaborations. The data on regional population 

between 1836 and 2010 was obtained from the United States Census Bureau (1996)10. 

However, the data is not available on an annual basis but only for each decade. In other words, 

the two population-based measures of the size of regions belonging to a specific region-pair 

(POP_1 and POP_2) change only between decades. 

Regions with large inventive activities are more likely to establish links to other 

regions, which is captured by PAT_1 and PAT_2, representing the number of patents assigned 

to two interacting regions.  

Notably, we made a distinction between two sets of variables: static and dynamic ones. 

The value of static variables is fixed across all time periods, i.e. GEO and STATE. In contrast, 

the value of dynamic variables differs across time periods, i.e. TECH, RAIL, POP_1, POP_2, 

PAT_1, PAT_2, and GEO_X_ TECH. For instance, during the railway boom in the late 19th 

century, we observe a rapid change in the railway connectivity (RAIL) compared to more 

recent years. Table 2.1 provides the descriptive statistics of the static and dynamic variables11. 

 

 
10 We also used the U.S. Population Data for more recent years, which are available at: https://www.census.gov/ 

(visited: 20.02.2018). 
11 All continuous variables are in logarithmic form. 

https://www.census.gov/
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Table 2.1 Descriptive statistics 
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2.4. Results and discussion12 

This section focuses on the results obtained with the zero-inflated negative binomial regression 

model. As discussed in the previous section, this model provides two sets of coefficients: the 

binary (logistic) model and the count (negative binomial) model. Both are discussed alongside 

each other. We estimated a separate regression model for each five-year time window spanning 

174 years. To present the results in an accessible fashion, we exponentiated the coefficients 

and their upper and lower margin of errors13 in order to plot 34 coefficients in terms of odds 

ratios14. The coefficients (together with their margin of errors) above and below one 

demonstrate statistically significant positive and negative impact of explanatory variables. 

This allows us to see how the effect of each variable changes over time. In Appendix 2, the 

model for the last period with all corresponding statistics is reported. 

2.4.1 The rise of the near 

Our main focus was on the long-term development of the impact of geographical proximity 

on interregional collaboration and its interplay with technological proximity. Figure 2.3 

illustrates the development of the coefficient of geographic distance (GEO). Except for one 

period, the coefficients are statistically significant and positive in the zero-inflated model and 

significantly negative in the count model. Notwithstanding an immense advance in 

telecommunication and transport systems, geographic distance still constrains interregional 

collaboration. Clearly, we can reject the strong hypothesis of the death of distance: 

geographical proximity continues to be a relevant driver of interregional inventor 

collaborations. Crucially, the magnitude of GEO in the count model increases from the early 

1980s onwards.  

 

 

 

 
12 We manipulated, analysed and visualised the data with the following packages in R: Plyr (Wickham 2011), data 

table (Dowle and Srinivasan 2017), reshape (Wickham 2007), pscl (Jackman 2017; Zeileis, Kleiber, and Jackman 

2008), and ggplot2 (Wickham 2009). 
13 The margin of errors reflects a 95% confidence interval. 
14 The coefficients are estimated for each 5-year time window to cover 170 time windows, i.e. between 1840 and 

2010. 
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Figure 2.3 The estimated coefficients for geographic distance (GEO) 

Note: the coefficients are reported with the corresponding margin of errors for the zero-inflated 

model (Panel A) and the count model (Panel B). The blue error bars indicate a significant 

coefficient and the grey error bars an insignificant coefficient. 

 

We obtained similar results for regions that are part of the same state (STATE). 

Excluding the first three periods, all coefficients of the zero-inflated part are significantly 

negative. Yet, the magnitude of the impact is somewhat lower in recent years compared to the 

impacts in the 19th century, which indicates that being in the same state had a stronger impact 

on the (first) establishment of interregional collaborations. Corresponding to the findings for 

GEO, STATE is positive and increases in the count model. In contrast to GEO, STATE might 

also capture institutional proximity; we therefore put more weight on the results for GEO, with 

STATE serving primarily as support. 

Our results show that geographical proximity has gained in importance as driver of 

interregional collaboration in the last 30 years – the 30 years with probably the largest 

reduction in interregional communication and transport costs, which led to interregional 

interactions increasing to unprecedented levels (Cairncross 2001). In this respect, we can also 

reject the softer version of the death of distance (Friedman 2005) hypothesis: geographical 

proximity is not only relevant but also matters to a growing extent. Being located near other 

inventors (at least at the interregional level) increases the chances of collaboration and thereby 

all the benefits related to this. 

There are a number of potential explanations for our findings. First, an increase in 

technological specialization of regions combined with an ever-growing concentration of high-

tech activities in a few regions might have reduced the number of potential collaboration 

partners outside one’s own region (Balland and Rigby 2016). Secondly, the increasing 

complexity of knowledge and innovation that is also reflected in patent data (Broekel 2018), 

might require more intensive face-to-face contacts for the exchange of tacit knowledge 

(Balland and Rigby 2016). Future research will have to focus more strongly on the underlying 

mechanisms for this finding. 

In summary, most findings in the literature suggest the growing importance of 

geographical proximity for knowledge-related collaboration, whereby there seem to be 
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differences between Europe and the US as well as between technologies. Our study is the first 

to show that distance is not only very much ‘still alive’, but is also becoming more important 

for a wider field of activities and has been doing so for more than 170 years of invention 

history. More comparative research is needed to identify the sources of variations in the 

findings.  

 
Figure 2.4 The estimated coefficients for STATE 

Note: the coefficients are reported with the corresponding margin of errors for the zero-inflated 

model (Panel A) and the count model (Panel B). The blue error bars indicate a significant 

coefficient and the grey error bars an insignificant coefficient. 

 

To obtain an alternative view on geographic distance, we included an approximation 

of travel distance by the means of the existence of railway connections. At least in the late 19th 

and the early 20th century, railway connections made it much more easy to interact across 

geographic distances (Paullin 1932). However, the relevance of railways was greatly reduced 

due to the introduction of highways and air travel in the 20th century (Agrawal, Galasso, and 

Oettl 2014). The coefficients of the variable (RAIL) remain insignificant in almost all periods. 

Given that we already control for geographic distance and the dominance of railways for non-

passenger related transport, this result is not surprising. Adding to this, most interregional 

collaborations and railway connections were concentrated in the northern East Coast in the 

19th century (see Appendix 1). Hence, most railways connect geographically proximate 

regions. Figure 2 6 shows that the ratio of the number of collaborating region pairs with no 

railway connection to the number of collaborating region pairs connected by trains is over two 

in the mid-19th century and decreases over time. This implies that the interregional 

collaboration network expanded in space much faster than the railway system. This adds to 

the impression of the railway system being less relevant for the expansion of the interregional 

co-invention network.  
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Figure 2.5 The estimated coefficients for RAIL 

Note: the coefficients are reported with the corresponding margin of errors for the zero-inflated 

model (Panel A) and the count model (Panel B). The blue error bars indicate a significant 

coefficient and the grey error bars an insignificant coefficient. 

 

 
Figure 2.6 The ratio of the number of collaborating region pairs not connected by railways to 

the number of collaborating region pairs connected by railways 

 

2.4.2 The increasing importance of cognitive proximity 

In addition to geographical proximity, we were interested in the role of technological distances, 

as this has been argued to be of crucial importance for the establishment and potential benefits 

of collaboration (Boschma 2005; Broekel and Boschma 2012). The results for the 

technological distance variable (TECH) are shown in Figure 2.7. The zero-inflated model 

(Figure 2.7[A]) obtains a significant and positive coefficient for most periods. Notably, the 

magnitude of the coefficient increases from the early 1950s onward. The count model (Figure 

2.7[B]) suggests a negative relation of technological distance with the intensity (count model) 

of interregional collaborations. Interestingly, the magnitude of effect in the zero-inflated 
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model appears to be stronger. It suggests that initiating collaboration between two 

technologically distant regions requires more effort compared to the situation of two 

technologically distant regions intensifying their already existing collaboration. 

Again, we suspect that the triangle of specialization, collaboration and complexity of 

technologies is the primary reason for this observation (Hidalgo 2015; Balland and Rigby 

2016). To cope with growing complexity, actors have to gain expertise by specializing, which 

in turn necessitates more collaboration to get access to sufficient knowledge variety. This 

collaboration between experts primarily takes place between experts  

with similar backgrounds, namely at relatively small technological distances. 

Crucially, some actors (knowledge gatekeepers) are required to bridge distinct groups of 

technologically related experts to provide access to diversity. Accordingly, a growing number 

of collaborations are being formed between similar actors, as indicated by technological 

distance being increasingly negative for collaboration propensity. Interestingly, this process 

seems to be more strongly related to the third industrial revolution, with the primary 

innovations originating from communication technologies and their related knowledge bases, 

viz telecommunications, active solid-state devices, multiplex communications and 

semiconductor device manufacturing (Rifkin 2011). However, empirical evidence for this 

argument is thin. Morescalchi et al. (2015) indeed found such a negative effect of technological 

distance on interregional collaborations between European regions. In contrast, Lata et al. 

(2017) did not observe any trend regarding the impact of technological distance on distant co-

inventive activities. They argue that the impact is probably not dominant as ‘increasing 

specialization and interdisciplinarity mutually counterbalance.’ Given our much longer time 

period of observations, we can confirm this negative role of technological distance for 

interregional collaboration, at least for the US.  

 
Figure 2.7 The estimated coefficients for technological distance (TECH) 

Note: the coefficients are reported with the corresponding margin of errors for the zero-inflated 

model (Panel A) and the count model (Panel B). The blue error bars indicate a significant 

coefficient and the grey error bars an insignificant coefficient. The first four coefficients (with 

large margin of errors) have been omitted. 
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Like other types of proximities, geographical and technological proximity might be 

statically and dynamically related (Boschma 2005; Broekel 2015), and hence their effect may 

be partly conditional on the respective other. We explored this by estimating a second model 

in which we added an interaction term by multiplying GEO by TECH. Figure 2.8 visualizes 

the results of the interaction term. Its coefficients in the zero-inflated model are significantly 

negative between 1860 and 1875, with the independent effects of geographic and technological 

distance being significantly positive or insignificant. This suggests that during this period, both 

proximities are characterized by a rather substitutive relationship. However, the effect 

becomes insignificant at the turn of the 20th century. From the early 1960s onwards, three 

variables (geographic distance, technological distance and the interaction term) are all 

significantly positive and the magnitude of their effects has increased in recent years. This is 

in line with a rather complementary relationship. The same holds for the count model in the 

last 35 years. This means that collaborations covering smaller geographic distances are 

increasingly characterized by smaller technological distances as well. This may reflect the 

geographical concentration of similar or related activities in specific parts of the US with, for 

instance, the East Coast regions specializing in biochemistry, biophysics and biomedical 

engineering. However, it may also be the result of the regional aggregation. While the East 

Coast might be more specialized in biochemistry and related activities and the West Coast in 

media and communication technology15, their technological profiles will differ resulting in 

any East Coast–West Coast relation being assigned large values of technological distances. 

However, individual collaboration may still take place between actors active in the same 

technological fields and hence, represent rather low technological distances.  

 

 

 

 

 

 

 
15 These activities are examples as they have the highest location quotient in several states on the East and West 

Coasts, based on the data on occupational employment statistics available at: 

https://www.bls.gov/ncs/ors/orsprofiles.htm (visited: 02.08.2018). 
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Figure 2.8 The estimated coefficients for geographic distance (GEO), technological distance 

(TECH) and their interaction (GEO-X-TECH) 

Note: the coefficients are reported with the corresponding margin of errors for the zero-inflated 

model (Panel A) and the count model (Panel B). The blue error bars indicate a significant 

coefficient and the grey error bars an insignificant coefficient. The first four coefficients (with 

large margin of errors) have been omitted. 
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2.4.3 General results and control variables 

The population variables POP_1 and POP_2 behave as expected (Figure 2.9). For most of the 

observations, the zero-inflated part coefficients are significantly negative. Accordingly, 

regions with larger population size (i.e. urban regions) are more likely to establish co-patent 

relationships, implying that inter-urban relationships are more likely to appear in the 

interregional US co-inventor network. Yet, the count part estimation shows a contrary effect, 

as the coefficients are significantly negative in most periods until the 1960s. In the last three 

periods, however, the coefficients turned positive and statistically significant, suggesting that 

the size of regions becomes more important for interregional collaborations. Together, this 

indicates that urban regions are more likely to link to each other. However, until the 1960s, 

the intensity of their relations developed less than between urban–rural and rural–rural region 

pairs. 

 

 
Figure 2.9 The estimated coefficients for population (POP_1 and POP_2) 

Note: the coefficients are reported with the corresponding margin of errors for the zero-inflated 

model (Panel A) and the count model (Panel B). The blue error bars indicate a significant 

coefficient and the grey error bars an insignificant coefficient. 
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Figure 2.10 shows the relevance of the magnitude of regional invention activities (as 

captured by PAT_1 and PAT_2) as well as their changes over time. The coefficients of the 

zero-inflated part are significant and negative from the late 19th century, which implies that 

regions with many patents are more likely to initiate interregional co-inventive relations. 

Clearly, this result is in line with our expectations, as larger patent numbers have a higher 

potential for interregional co-inventions. Interestingly, this effect is lacking in the models for 

the mid-19th century. We interpret this finding such that during this period co-inventive 

relations were increasingly established between regions with dissimilar magnitudes of 

invention activities, while at the turn of the 20th century similar sized regions were more likely 

to collaborate. This fits the idea of the West Coast regions, with relatively low patent numbers 

at this time, establishing the first relations with the much larger East Coast regions, in terms 

of invention activities, and vice versa. At the beginning of the 20th century, these size 

differences became less relevant for the evolution of the network. This interpretation is backed 

by the significant and positive coefficients of the count models, implying that once 

interregional collaborations have been established, their intensity increases with the magnitude 

of regional invention activities.  
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Figure 2.10 The estimated coefficients for the number of patents (PAT_1 and PAT_2) 

Note: the coefficients are reported with the corresponding margin of errors for the zero-inflated 

model (Panel A) and the count model (Panel B). The blue error bars indicate a significant 

coefficient and the grey error bars an insignificant coefficient. 

 

In summary, the control variables behave more or less as expected, which underlines 

their validity. 

 

2.5. Conclusion 

Many studies analyse the drivers of knowledge network evolution with a focus on different 

kinds of proximities. Most of these studies model proximities in a static fashion, implicitly 

assuming that they and their influence on network evolution remain constant over time. Only 

recently has this view been challenged with arguments and empirical investigations supporting 

a dynamic understanding of proximities (Balland, Vaan, and Boschma 2013; Ter Wal 2014; 

Broekel 2015). However, these studies are limited to observations of a maximum of 30 years. 

As some dimensions of proximities might require much longer time periods to change 

substantially, there is still little understanding of how they and their impact on knowledge 
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network evolution change over time. This particularly concerns geographical proximity. 

Prominently, Friedman (2005) argues that major political changes (e.g. the fall of the Berlin 

Wall) and technological advances (e.g. the invention of the internet) have created forces that 

‘flattened’ the world, implying that geographic distance has lost or, at least, is losing its 

relevance as an obstacle to interaction and collaboration. Bluntly, this is summarized in the 

death of distance phrase. By the same token, Castells (1996) argued that the advent of modern 

telecommunication systems paved the way for decentralization and organizing economic 

activities through complex networks, which seem to span geographic space with little friction. 

The present research contributes to this debate by investigating the evolution of the 

interregional co-inventor network of US regions between 1836 and 2010. Its focus was on the 

(changing) impact of technological and geographic distance on the existence and intensity of 

interregional collaboration. Our findings clearly reject the death of distance hypothesis and 

rather suggest the opposite. Both proximity types – geographical and technological – have 

become more important over time. Put differently, we showed that over the last 174 years, 

‘nearness’ has not lost its importance for the intensity of knowledge-related interactions, and 

in fact it has never been more important than it is today, despite all advances in transport and 

communication technologies.  

In addition to confirming the importance of geographical proximity, this paper provides 

further evidence on the dynamic nature of different forms of proximity and on their impact on 

knowledge-related interactions. For instance, we have presented some empirical evidence for 

geographical and cognitive proximity not always being characterized by a complementary 

relationship. In certain time spans, they were either unrelated or even bound by a substitutive 

relation.  

There are a number of shortcomings that should be pointed out. The most important is 

the use of patent data, which is known to reflect only a fraction of innovation and collaboration 

activities. However, as there is no other data source available covering such time spans, this 

drawback was unavoidable. Another issue, which however might be overcome in future 

studies, is the aggregation at the regional level. As of now, no information on inventors or 

applicants is available for the HistPat database, which restricted us to exploring interregional 

collaboration. This not only introduced the danger of ecological fallacy but also means that we 

did not examine collaboration activities within regions, which are however no less relevant. 

Nevertheless, our findings give rise to a number of questions that need to be addressed 

in future research. First, empirical evidence suggests that complexity determines the relevance 

of geographical proximity for knowledge exchange and diffusion (Balland and Rigby 2016). 

Whether this is a rather recent phenomenon or a stable pattern over time is yet to be explored.  

Secondly, the US experienced several waves of immigration over the last 200 years. 

Empirical studies suggest that regions in which most immigrants settled during the 19th and 

the early 20th century have enjoyed economic prosperity in the long run (Rodríguez-Pose and 

Berlepsch 2014, 2015). In this light, studying the impact of immigration on knowledge 

sourcing patterns will improve our understanding of how sociocultural diversity influences 

spatial interactions and knowledge diffusion.  

Thirdly, Sokoloff’s (1988) findings on the impact of railways on the innovative 

activities of distant areas in the early 19th century call for an examination of the influence of 

roads and air transport development on interregional collaborations, in order to get a better 
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understanding of how and why interregional collaborations emerge and intensify. While we 

tested for the impact of railways on interregional inventive activities, the results turned out to 

be uninformative in the late 19th and the 20th century, most likely because railways were being 

established subsequently to other transport types (e.g. roads) and, at least in the US, were being 

used primarily for non-passenger related transport.  

Lastly, our findings suggest that knowledge is becoming increasingly ‘sticky’ in 

technological and geographic dimensions. That is, experts in one field are less likely to 

collaborate with experts in other fields and/or with experts in distant locations. As a 

consequence, the knowledge creation landscape is likely to become even more ‘spiky’ (Florida 

2005; Balland and Rigby 2016). This is likely to spur regional inequality and the danger of 

(regional) technological lock-ins. Accordingly, regional and innovation policy needs to 

address this challenge by, for instance, supporting the embeddedness of peripheral regions in 

interregional knowledge networks and facilitating interdisciplinary R&D projects. 
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2.6. Appendices 

 
Appendix 1. The expansion of the railway system in the US 

Source: authors’ illustration based on Atack (2017). 
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 Dependent variable: 

Number of interregional collaborations (patents) 

 Zero-inflation model 

(2010) 

Count model 

(2010) 
   

GEO 0.598***     -0.635*** 
 (0.021) (0.011) 
   

TECH 3.630***     -3.809*** 
 (0.217) (0.136) 
   

RAIL 0.155*    -0.718*** 
 (0.084)    (0.069) 
   

POP_1 -0.426***    0.069*** 
 (0.021) (0.012) 
   

POP_2 -0.379***    0.029* 
 (0.021) (0.011) 
   

STATE -1.289***     0.807*** 
 (0.082) (0.042) 
   

PAT_1 -0.319***     0.482*** 
 (0.017) (0.011) 
   

PAT_2 -0.294     0.430*** 
 (0.019)   (0.012) 
   

Constant 10.786***    -2.501*** 
 (0.312)   (0.188) 
   

Log(theta)              -0.296*** 
  (0.019) 
   

Number of nodes (regions) 933 

Observations  

(potential interregional 

collaborations) 

434,778 

Nonzero observations 

(interregional collaborations) 
17122 

Log Likelihood -71,250.990 

AIC 142541.1 

 *p<0.1; **p<0.05; ***p<0.01 

Appendix 2. The estimated coefficients for the model in the last period (2010) with all 

corresponding statistics 

 



 

38 

 

 

Chapter 3  

Still in the shadow of the wall? the 

case of the berlin biotechnology 

cluster 
 

Abstract: The evolution of knowledge networks has recently received a lot of attention. 

In particular, empirical studies have shown that different types of proximities and 

network structural properties play a decisive role in the formation of ties. The present 

paper contributes to this literature by arguing that while the main proximity dimensions 

(i.e. geographical, social, cognitive, organizational and institutional dimensions) and 

network structural effects are crucial, they may not capture the full range of localities’ 

influence on the evolution of knowledge networks. We support our argument with an 

empirical study on the development of the biotechnology knowledge network of Berlin 

from the early 1990s till 2016. The network was created by combining data on co-

patenting, co-authorship and joint R&D projects. Forces driving the evolution of the 

network were identified with separable temporal exponential random graph models 

(STERGMs). In addition to the ‘usual suspects’ (main proximity dimensions and 

structural factors), we found that the network is still developing in the ‘shadow of the 

wall’. The different social contexts of the city are hampering the establishment of 

collaborative ties between the former East and the former West Germany even 30 years 

after the country’s reunification. 

 

Keywords: collaborative ties, knowledge network, network evolution, the Berlin biotech 

cluster  
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3.1. Introduction  

The development of the former East and West Germany after reunification has been studied 

from a wide range of perspectives (van Hoorn and Maseland 2010; Vogel et al. 2017; Hardy, 

Skirbekk, and Stonawski 2019; Wenau, Grigoriev, and Shkolnikov 2019), with the reoccurring 

observation of limited economic convergence (Maier and Cavelaars 2004). One can argue that 

the underperformance of the innovation system in former East Germany limits firm’s and 

regions’ opportunities to diversify into economically attractive sectors and to develop 

competitive products and services (e.g. Wagner 2016). The underperformance of the East 

German innovation system is a consequence of the lower level of R&D activities (Fritsch and 

Slavtchev 2011; Broekel 2012). However, the two systems seem to have failed to converge in 

other dimensions as well. Jun et al. (2016) showed that the East German knowledge network 

was much more centralized than its West German counterpart before reunification. These 

differences disappeared only slowly as few direct ties between the two parts were established 

in the first 20 years after reunification. Rather, organizations outside Germany functioned as 

bridges in the early years (Jun, Buchmann, and Mueller 2016). While the integration of the two 

networks (and thereby innovation systems) has continued, it seems to have slowed down 

significantly since the mid-1990s (Jun et al. 2017). Consequently, there are still substantial 

differences between the former East and West Germany, which, for instance, is shown in 

differences in the embeddedness of regions in interregional knowledge networks (Fritsch and 

Graf 2010). 

Contemporary studies emphasize the importance of different types of proximity and 

network structural properties for the spatial evolution of knowledge networks (Boschma 2005; 

Glückler 2007). While these also find consideration in the present study, we argue that in 

addition it is important to take into account context as an additional explanatory dimension. In 

doing so, we hope to reanimate the discussion on the importance of localities (Cox 1998) and 

the geo-history of places (Paasi 1991). We argue that these can complement the focus of 

contemporary studies on dominant proximity dimensions (i.e. geographical, social, cognitive, 

organizational and institutional) and network dynamics, as they may give rise to unique and 

place-specific ‘social foci’ (Feld 1981), which in turn shape the evolution of knowledge 

networks. 

This study presents an analysis of the evolution of the knowledge network of the 

biotechnology industry in Berlin between 1992 and 2016. For the empirical construction, we 

combined relational information on patents, scientific publications and R&D projects. In 

addition, we used the separable temporal exponential random graph model (STERGM) to 

identify factors facilitating tie creation and those contributing to their persistence. 

Our results confirm that in addition to the basic organization-level characteristics as 

well as network structural effects, geographical, institutional and social proximities played a 

role in the evolution of the network. Moreover, their relevance is confirmed as varying over 

time (Balland, Vaan, and Boschma 2013). Crucially, our findings highlight that the existence 

of different social contexts in the city is still reflected in the dynamics of the knowledge 

network.  

This paper is organized as follows. Section 2 gives an overview of common theoretical 

approaches used to explain the evolution of knowledge networks, with a particular focus on 
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the proximity framework and network theoretical arguments. This section also presents 

additional approaches that we argue to be complementary to these rather universal factors. 

Section 4 concentrates on the empirical part of the study by introducing the data and method 

employed, and the construction of the empirical variables. Section 5 presents and discusses the 

findings. Section 6 concludes the paper. 

 

3.2. Driving forces of network evolution 

Disentangling how organizations and individuals establish collaborative (knowledge) ties has 

become a flourishing line of research. Its motivation can be found in collaborative ties being 

seen and empirically confirmed to substantially contribute to a combinatorial process whereby 

organizations put knowledge pieces together in order to increase the odds of novelty and 

innovation (Powell, Koput, and Smith-Doerr 1996; Weitzman 1998; Ahuja 2000; Giuliani 

2007; Giuliani 2013). 

In recent years, the proximity framework has gained a prominent position as a 

theoretical basis for explaining the evolution of knowledge-exchange collaboration networks. 

The concept of proximity is closely related to that of homophily and focuses on the degree of 

similarity between organizations in one or several dimensions. Boschma (2005) condenses 

these into five proximity dimensions, which are argued to increase the odds of two 

organizations establishing a collaborative tie. The first – geographical proximity – is the extent 

to which two organizations are geographically close in terms of physical distance. Cognitive 

proximity captures the extent to which two organizations overlap in their technological and 

cognitive backgrounds, which lays the basis of their ability to absorb and exploit each other’s 

knowledge (Cohen and Levinthal 1990; Nooteboom 1999). Social proximity refers to the 

importance of the embeddedness of individuals and organizations in social contexts, which 

fuels synergy effects and the establishment of trust, and consequently lowers transaction costs 

(Granovetter 1985; Coleman 1988; Uzzi 1997). Organizational proximity reflects the degree 

of similarity in autonomy and control in organizational arrangements (Boschma 2005). Finally, 

institutional proximity underlines the degree of similarity in formal rules and informal 

constraints between organizations (North 1990).  

While additional types of proximity have been discussed in the literature, these five 

have particularly stimulated the emergence of a rich set of empirical studies investigating their 

relative importance in the evolution of knowledge networks. For instance, Balland et al. (2015) 

empirically confirm the positive impact of a number of proximity dimensions on business and 

on technical knowledge ties. Capone and Lazzeretti (2018) demonstrate that proximities’ 

effects vary in magnitude for triggering the establishment of ties, with social proximity being 

the most influential one. Interestingly, Molina-Morales et al. (2015) and Belso-Martínez et al. 

(2017) report the negative impact of two proximity dimensions on tie formation. In the case of 

the foodstuff cluster in the Valencia region, the impact of cognitive and institutional 

proximities was found to be negative while social, organizational and geographical dimensions 

positively correlate with the odds of tie formation. Juhász and Lengyel (2017) distinguish 

between the processes of tie establishment and tie persistence. They empirically prove that 

geographical proximity drives tie formation while cognitive proximity contributes to tie 

persistence. Broekel and Bednarz (2019) partly confirm this, by identifying cognitive, 
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geographical and institutional proximity to support the establishment of knowledge ties, while 

institutional proximity also matters for the dissolution of ties. 

Yet, the relevance of proximities is not stable over time (Balland, Boschma, and 

Frenken 2015; Broekel 2015). In addition, proximity dimensions can complement or substitute 

one another. For instance, Tanner (2018) empirically shows that the effect of geographical 

proximity on knowledge exchange changes over time in the Danish wind power cluster. In a 

similar vein, Lazzeretti and Capone (2016) demonstrate that social and institutional proximities 

are the main drivers of tie formation in the early phase of the Cultural Goods cluster in Italy. 

Over time, however, the effects of these two proximity dimensions are replaced by those of 

cognitive and geographical proximity. 

In complementarity with the proximity framework, network science contributes 

theories and empirical findings to the study of knowledge networks. This literature particularly 

highlights two endogenous network effects, namely cohesion and status effects16. Cohesion 

effects refer to the inclination of individuals and organizations to create new ties based on their 

actual embeddedness in a given social network. This tends to increase the number of cliques 

and the overall network density as new ties are created through reciprocity and triadic closure 

(Boschma and Frenken 2010; Giuliani 2013). The ubiquity of cohesion effects reflects the 

significance of trust and the need to have a higher degree control over the exchange of valuable 

knowledge  (Uzzi 1997). For instance, in the case of the wine cluster in Chile, Giuliani (2007; 

2013) shows that cohesion effects (i.e. triadic closure and reciprocity) account for the 

subsequent structure of the informal network. By the same token, Stefano and Zaccarin (2013), 

Belso-Martínez et al. (2017) and Juhász and Lengyel (2017) found that triadic closure had a 

positive impact on tie formation. It becomes clear that in particular triadic closure shows 

substantial similarity with the idea of social proximity (Ter Wal 2014). While they are not 

identical from a theoretical perspective, they can be expected to be empirically correlated. 

Status effects, which are also known as preferential attachment, refer to the 

establishment of ties being driven by the number of ties that organizations have already 

established. In many networks, a small number of organizations become even more central at 

the expense the majority of organizations, which occupy peripheral positions (Barabási and 

Albert 1999). Balland et al. (2015) empirically confirm the significance of preferential 

attachment in the formation of inter-firm ties in a business knowledge network in a cluster in 

Spain. Stefano and Zaccarin (2013) demonstrate that preferential attachment has no impact on 

co-authorship and co-invention networks in the Trieste area in Italy. A similar effect is 

observed by Menzel, Feldman and Broekel (2017) in the evolution of the knowledge network 

in the Research Triangle Park in the USA. Lazega et al. (2012) argue that status effects gain 

importance over cohesion effects in situations of high uncertainty, and knowledge sourcing 

becomes reliant upon the status of individuals and organizations. 

While both literatures (proximity framework and social network theories) have received 

substantial attention when studying knowledge networks (Balland et al., 2013; Boschma, 2005; 

Glückler, 2007; Torre & Rallet, 2005), we argue that they do not fully take into account the 

 
16 Multi-connectivity (Powell et al. 2005) and threshold effects (Giuliani 2013) are alternative structural effects. 

We refrain from discussing them here as they have attracted relatively less attention in economic geography and 

are partly explained by cohesion effects and status effects, respectively.  
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importance of place-related factors. Put differently, by underlining the importance of the 

abovementioned forces, they overlook more place-specific factors that are nevertheless helpful 

for our understanding of the evolution of networks. Using the terminology of the proximity 

framework, this can be translated into ‘cultural proximity’, which captures the commonalities 

and differences among individuals embedded in places with various historical events and 

institutional settings (e.g. Accetturo et al. 2019; Ji et al. 2019). 

As we put forward in the following section, context represents a complementary 

analytical dimension. We argue further and show that its explanatory power can only be 

assessed and isolated by taking into account the more ‘universal’ factors (the main proximity 

dimensions and structural effects); in other words, by controlling for them in empirical studies.  

Crucially, context is not thereby free of theory. In particular, insights from the ‘social 

foci’ literature (Feld 1981) appear to be a powerful complement to the five proximity 

dimensions and network theories when it comes to considering context in the evolution of 

(social) networks. In the social foci literature, it is argued that specific social environments 

stimulate the creation of ties among organizations when they share common or similar ‘social 

foci’. A social focus is thus ‘any social, psychological, or physical entity around which joint 

activities of individuals are organized’ (Feld 1981, 1025). In other words, it is a kind of frame 

that keeps groups of individuals together. This idea is similar to Heider’s (1946) balance theory, 

according to which ‘sentiments’ among individuals need to be in harmony to make ties between 

them last. Feld argues further that social ties are established and sustained based on the 

compatibility of foci in which individuals are embedded. This implies that transitive relations 

do not necessarily result from having a common third; they may rather have their basis in the 

compatibility of pre-existing foci.  

The social foci literature argues that, in contrast to most proximity measures at the dyad 

level, the interplay among individuals with specific entities influences their interaction 

activities. That is, at least in theory, organizations may interact relatively independent of any 

kind of shared characteristic or intervention of other individuals. Workplaces, families and 

voluntary organizations are typical examples of such foci (Feld, 1981). The difference from 

(social) proximity becomes clearer when considering that two individuals can jointly 

participate in multiple foci to different degrees, while social proximity is conceptualized in a 

rather one-dimensional way. In the social foci framework, individuals can simultaneously have 

a different type of relation depending on the context they are in. For instance, they might be 

very close at work but distant in their private lives. Hence, social foci allow the consideration 

of content and multilayer (and multilevel) relations that are insufficiently represent by the one-

dimensional proximity conception.  

By considering multi-layered relations, the social foci theory explains, for instance, the 

observation that social relations tend to deviate from the strong separation into cliques that are 

to be expected when homophily/social proximity are the sole drivers of the evolution of 

networks (Lynn and Podolny 2011). Like proximities and network structural effects, social foci 

have a temporal dimension. While the joint participation of individuals and organizations in 

common or compatible foci stimulates new ties, new ties may in turn facilitate the emergence 

of new foci. 

While the conceptual framework of social foci is used and perceived as helpful in 

empirical works in sociology (Feld and Grofman 1990) and management (Lynn and Podolny 
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2011), it has so far received little attention in the study of (spatial) knowledge networks. In 

part, this may be due to its conceptualization at the individual level, while in the literature on 

(spatial) knowledge networks, the focus is mostly on inter-organizational relations. However, 

we believe that it can be used to link the traditional ‘localities debate’ in economic geography, 

which highlighted the relevance and specificities of places (Cox and Mair 1988, 1991) to 

current network studies. Concepts such as industrial districts (Scott 1985), the spatial division 

of labour (Massey 1984) and moral communities (Damer 2011) are based on the idea that 

localities have to ‘be conceptualized as a structure of local social relations in the realist sense’ 

(Cox 1998, 28). In the present study, it is therefore argued that social foci matter for the 

evolution of an inter-organizational knowledge network, and the extent to which it matters is 

empirically tested. We thereby underline that it is important when studying knowledge 

networks to take into consideration social contexts, which otherwise might get overlooked or 

condensed into general factors. 

 

3.3. Berlin, a divided city, and biotechnology  

The emergence and growth of the biotech sector in Berlin has been influenced substantially by 

the history of the city. During the Cold War, the city experienced more than four decades of 

political and three decades of physical division. Soon after the division, West and East Berlin 

became places to convey the ideal ‘new reality’ from both sides: in West Berlin, Potsdamer 

Platz was a hive of luxurious commercial activities, whereas in East Berlin Stalinistic buildings 

and gigantic wall paintings were erected, portraying the values of the opposite world 

(Arandelovic and Bogunovich 2014). This political conflict brought about an unprecedented 

socioeconomic transformation of the structure of the city and its surrounding areas. In West 

Berlin, the headquarters of many large banks and insurance companies moved to the American 

sector for more secure investments, engendering the ‘economic miracle’17 in southern Germany 

(Dangschat 2016; Gornig and Häussermann 2016).  

In East Berlin, the central area was redesigned and allocated to administrative and 

government buildings. Due to the political turmoil, both West and East Berlin lost more than 

10 per cent of jobs in the secondary sector. Thus, both sides had to deal with productivity 

bottlenecks, which is highlighted by the relative low value added per employee in West Berlin 

and the old-fashioned technological regime that dominated East Berlin (Dangschat 2016). For 

many years, this was covered up by subsidies. With the fall of the Berlin Wall and the 

subsequent slashing of the subsidization of Berlin in 1989, it was shown that companies in both 

parts of Berlin were not competitive (Arandelovic and Bogunovich 2014; Gornig and 

Häussermann 2016). As a result, between 1990 and 1996 Berlin lost, among others, 20 per cent 

of jobs in R&D-intensive industries, and it still lags far behind in high-tech sectors compared 

to Hamburg, Munich and Frankfurt (Krätke 2016). Clearly, the economic structure of the city 

was ill prepared for a successful diversification into high-tech activities. 

Regarding the biotech sector, the general structure of the national innovation system in 

Germany also contributed to the late emergence of this sector in Berlin, namely in the 1990s. 

While Germany was home to several large pharmaceutical companies (e.g. Hoechst, Schering, 

 
17 In German: Wirtschaftswunder. 
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Bayer and BASF), a disadvantageous legal environment and an unsupportive social context 

hampered the diversification of large companies and the emergence of biotech spin-offs and 

start-ups (Lehrer 2005). The severity of this is reflected in the share of patents filed by new 

technology-based firms (3 per cent) and the relatively low number of active biotech firms in 

Germany (thirteen times fewer than the one in the US) in the early 1990s (Lehrer 2005).  

A shift in policy changed this situation. First, new support programmes made an effort 

to encourage and promote biotech start-ups, which clustered around large companies and 

publicly funded research institutes in the mid- and late 1990s (Dohse 2000). For instance, the 

BioRegio competition in 1995 gave rise to 17 incubators in German regions (including in 

Berlin). These supported the private biotech sector and stimulated a wide range of interactions 

between start-ups, venture capitalists, banks and publicly funded research institutes (BMBF 

1996). Second, to overcome the long-lasting effects of the East–West divide, complementary 

programmes at the EU and the national level were created to integrate peripheral and central 

regions within Germany and Europe (e.g. the European Framework Programmes for Research 

and Technological Development). 

In the early years of the emergence of the biotechnology sector, universities and public 

research institutes acted as the focal points and building blocks of this new sector. From the 

late 1990s onwards, the new policies started to become effective and the number of small and 

medium-sized biotech enterprises started to increase in Berlin. Eventually, Berlin became one 

of Germany’s five biotech clusters (Ter Wal 2014). The emergence of the cluster thereby falls 

into the growing phase of the biotech sector, in which the explorative approach was replaced 

by knowledge integration as a dominant mode of innovation activity in the late 1990s (Nesta 

and Saviotti 2006). 

However, the local biotechnology innovation system in Berlin faced difficulties in 

integrating and overcoming the East–West divide. For instance, Kulke (2008) investigated the 

case of Adlershof (a micro-cluster in Berlin) in more recent years and found that although this 

location has succeeded in attracting a large number of firms, universities and public research 

institutes, it has failed to develop local collaborative ties and knowledge transfer.  

In sum, the biotechnology sector in Berlin did not emerge on its own or via private 

initiatives, but was largely stimulated through top-down policies (Dohse 2000). While this 

policy was successful in helping the growth of the sector in the city, existing research does not 

suggest the existence of a vibrant local milieu and strong local knowledge network (Kulke 

2008). This raises several important questions: First, what does the knowledge network in this 

city look like and how did it develop over time? Secondly, what were the factors that shaped 

its evolution?  

Given that the biotechnology sector in Berlin only started to develop after the mid-

1990s, the Wall did not directly impact or prevent knowledge-sharing activities. However, we 

argue that there is still a ‘shadow of the wall’, in the form of an East–West difference in 

knowledge networks 30 years after reunification. This ‘shadow’ is hypothesized to be rooted 

in the two parts of the city’s specific contexts that has created distinct social foci and identities 

shaping the evolution of inter-organizational knowledge networks within Berlin. While part of 

this context-specificity can be captured by the different proximity dimensions, exclusively 

abstracting it as such ignores many of the insights and implications that can be drawn from a 

social network analysis. 
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The division of a country for 40 years and the implementation of distinct social, 

economic and political systems resulted in substantial socioeconomic differences between the 

two parts of Germany that are still observable today (BMWi 2018). Moreover, they have had 

a long-lasting effect on the people. Sociological studies have shown that people growing up in 

the former East and West German regions differ significantly in several characteristics. For 

instance, Woderich (1999) summarizes a number of studies and presents a list of such divergent 

characteristics, including that the former East Germans tend to appreciate economic growth 

and performance more than people from the former West Germany. However, they are 

generally less in favour of the market economy. They are also more optimistic with respect to 

technological development and tend to feel more frequently that they are second-class people. 

Crucially, many of these distinct characteristics of people from the former East Germany are 

not directly related to life in the former GDR, but rather to the tumultuous period of rapid 

transformation following reunification. Nevertheless, they manifest some differences in 

behaviour. For example, it has been reported that media consumption diverges between people 

in the former East and West Germany (Jandura and Meyen 2010). Moreover, they differ 

somewhat in their spare-time activities (Schmidt and Wilhelm) and lifestyles (Spellerberg 

1996).  

While some of these differences can be explained by a discrepancy in socioeconomic 

structures, research seems to conclude that there is something like an ‘East German identity’, 

or cultural differences between the former East and West, which are however far from clearly 

defined (Le Gloannec 1994; Blum 2000; Blank 2003; Kubiak 2018). Nevertheless, such 

differences are most likely to be translated into varying social foci (Meyer, Becker, and van 

Dick 2006). It is thus reasonable to hypothesize that knowledge-related interactions across 

these differences, for example between the former East and West German organizations, are 

more difficult and less likely than within the respective parts of Germany.  

We moreover argue that these differences are not entirely captured by the five types of 

proximity put forward by Boschma (2005). Of these proximities, institutional proximity seems 

to be the closest to representing the difference between the former East and West Germany. 

However, as pointed out, institutional proximity ranges from ‘laws’, ‘formalized’ rules to 

‘habits’ and ‘lower levels of trust’. Its one-dimensional character ignores the context-specific 

and unique nature of this situation. This does not mean that the different types of proximity are 

not relevant in this setting or that they lack analytical power. We rather argue the contrary: only 

by considering and empirically controlling for these general factors can we isolate specific 

circumstances.  

The case of Berlin thereby presents a fascinating case study, as it condenses East–West 

differences into a one city case. Indeed, differences between the former East and West Germany 

are also reflected in the city, as highlighted by the vote on a potential merger of the federal 

states of Berlin and Brandenburg. While it found in majority in the former West Berlin, it did 

not do so in the former East Berlin (René 1998). Moreover, Wippermann (1996) goes even 

further by arguing that both parts of the city are characterized by their own identities, whereby 

the Western identity is rooted in the 40 years of isolation and that of the former East Berlin in 

having been the capital of the DDR. To what extent do such differences matter for the evolution 

of the biotechnology collaboration network? This is empirically approached in the following 

sections.  
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Figure 3.1 The distribution of firms and organizations (dots) in the biotech sector in Berlin 

 

3.4. Empirical approach18 

3.4.1 Data 

Knowledge networks are frequently approximated using secondary data, for example patent 

data, publications and R&D projects (Autant-Bernard, Massard, and Cowan 2014). Each source 

entails a number of advantages and disadvantages (for a review see Hagedoorn and Cloodt 

2003). While most studies make use of only one data source, we aimed at getting the most 

complete picture of a collaboration network by combing different data sources. Put differently, 

we created a multiplex knowledge network (e.g. Stefano and Zaccarin 2013; Lata, Scherngell, 

and Brenner 2015) based on collaborations that include at least two collaborators in Berlin or 

its surrounding regions at the NUTS-3 level. More precisely, we combined the information on 

knowledge-related interactions in the Berlin biotech cluster from the following three databases: 

• Patent data. We used the OECD REGPAT database. The database contains information 

on the date of a patent application, its technological classes, involved inventors and 

applicant(s). We focused on patents granted after 199019. Information concerning 

 
18 We used the following packages in R to manipulate, visualize and analyse the data : Plyr (Wickham 2011), data 

table (Dowle and Srinivasan 2017), reshape (Wickham 2007), ggplot2 (Wickham 2009), networkDynamic (Butts, 

Ayn, and Krivitsky 2016), network (Butts 2008), ergm (Hunter et al. 2008), tergm (Krivitsky and Goodreau 2016) 

and stargazer (Hlavac 2018). 
19 The three databases (patents, publications and joint R&D projects) were established after 1990 and are not 

representative of collaboration activities in the former East Germany. Moreover, the agglomeration organizations 

in biotechnology did not exist in Berlin before 1990. 
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patenting in biotechnology (biotech) was refined by selecting patents assigned to 

International Patent Classification (IPC) codes for biotechnological activities20. We 

assume that there is a knowledge tie between two given organizations when they 

worked on a patent. It is worth noting that organizations (nodes) mostly consist of firms 

and university departments where researchers co-locate in the same building. Although 

two university departments in Berlin are organizationally proximate, we define them as 

two separate nodes because researchers in these two departments do not interact on a 

daily basis. Also, although our collaboration network represents inter-organizational 

relations, this includes a few individuals who filed for joint patents independently. 

• Scientific publication. For knowledge-related interactions based on co-publications, we 

made use of the Web of Knowledge21. From this, we extracted all scientific articles 

with at least two authors affiliated to organizations in Berlin or its surrounding NUTS-

3 regions. The search was further limited to publications classified into the research 

area ‘Biotechnology and Applied Microbiology’. Information on authors’ affiliations 

were obtained through an advanced search on the Web of Science. We consider a 

knowledge-related relation to exist when at least two authors of an article are listed as 

working at two distinct firms or university departments.  

• Subsidized joint R&D projects. Lastly, we collected information on subsidized joint 

R&D projects from the so-called subsidies catalogue22. This database lists all R&D 

projects that were subsidized by one of the three German federal ministries: the 

Ministry of Education and Research (BMBF), the Federal Ministry of Economics and 

Technology (BMWi) and the Federal Ministry of the Environment, Nature 

Conservation and Nuclear Safety (BMU) (for a detailed review see Broekel and Graf 

2012). As we are exclusively interested in inter-organizational relations, we 

concentrated on joint projects23, excluding all individual projects. As with the above 

data, we filtered for projects in the field of biotech with at least two participants residing 

in Berlin or its surrounding NUTS-3 regions24.  

 

We combined the different information at the organizational level, whereby universities 

were split into departments. The data at hand represents a multiplex two-mode network with 

organizations being affiliated to patents, publications and subsidized joint R&D projects. We 

projected the two-mode to a binary one-mode network indicating knowledge-related 

interactions between organizations.  

 
20 The IPC codes were retrieved from: OECD Patent Databases, Identifying Technology Areas for Patents 

https://www.oecd.org/sti/inno/40807441.pdf (visited: 09.01.2019). The biotech IPC codes are: A01H1/00, 

A01H4/00, A61K38/00, A61K39/00, A61K48/00, C02F3/34, C07G (11/00, 13/00, 15/00), C07K (4/00, 14/00, 

16/00, 17/00, 19/00), C12M, C12N, C12P, C12Q, C12S, G01N27/327, G01N33/(53*, 54*, 55*, 57*, 68, 74, 76, 

78, 88, 92). 
21 Available at: https://apps.webofknowledge.com  
22 In German: Förderkatalog; available at: 

http://foerderportal.bund.de/foekat/jsp/StartAction.do?actionMode=list 
23 In German: Verbundvorhaben or Verbundprojekt 
24 In addition to the abovementioned databases, we used the official websites of the organizations 

Biotechnologie.de and Life-Sciences-Germany.com to collect data for the explanatory variables (e.g. size, age). 

 

https://www.oecd.org/sti/inno/40807441.pdf
https://apps.webofknowledge.com/
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To explore the dynamics of the collaboration network, we followed an established 

method of aggregating network data in discrete non-overlapping time intervals (Li et al. 2014; 

Ter Wal 2014; Bergé 2016; Menzel, Feldman, and Broekel 2017). We assumed that each patent 

and scientific publication is the result of five (t-4 to t) years of interaction. In contrast to patents 

and publications, the database on subsidized R&D projects includes information on the start 

and end date of projects. This implies that we do not need to assume the length of R&D projects 

because the exact dates are given. Based on this, we created five networks that are based on 

pooled data for the corresponding time windows, namely 1996, 2001, 2006, 2011 and 201625. 

Table 3.1 presents descriptive statistics on the characteristics of the collaboration network in 

the five time periods. The density of the collaboration network decreases at the beginning due 

to the entry of new organizations into the network. In the later time periods, the stagnation of 

the entry rate and an increase in the intensity of relations engender a higher network density. 

Interestingly, more than one third of ties are labelled as East–West and this share does not 

change much in the later time periods. This came as a surprise because a long period of political 

and institutional separation could potentially cause inertia, and this takes some time to be 

overcome by organizations on different sides of the former Berlin Wall. Over time, one could 

expect more East–West collaborations. Yet, our network visualizations and descriptive 

statistics show the opposite.  

 
25 Since there are a limited number of collaborative ties in the two years after reunification (i.e. in 1990), we focused on 

networks from 1992 onwards. 
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Figure 3.2 The Berlin biotech knowledge network over time and its degree distribution (bottom 

right) 

Note: the black line represents the Berlin administrative boundaries. The position of nodes 

corresponds to their geographical locations. Red nodes are located in the former East Germany 

and blue ones in the former West Germany. The size of nodes corresponds to their size, 

measured by the number of employees. 
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Time window 1996 2001 2006 2011 2016 

Number of nodes 57 145 194 188 160 

Number of ties 59 186 339 388 330 

Number of 

organizations per 

project (average) 

2.43 2.42 2.49 2.68 2.9 

Public organizations 

(share) 
0.44 0.48 0.55 0.68 0.74 

Scientific publications 

(share) 
0.4 0.53 0.59 0.79 0.93 

East–West ties (share) 0.35 0.34 0.45 0.42 0.34 

Density 0.037 0.018 0.018 0.022 0.026 

Number of 

components 
15 27 25 13 10 

Largest component 

(share) 
0.18 0.45 0.66 0.85 0.81 

Average geodesic 

distance (largest 

component) 

1.822 3.91 3.941 3.874 3.799 

Clustering coefficient 0.573 0.376 0.359 0.338 0.323 

Gini coefficient for 

the degree 

centrality of 

organizations 

0.308 0.402 0.465 0.48 0.423 

Table 3.1 Descriptive statistics 

 

3.4.2 Model  

The statistical modelling of the evolution of networks does not follow the logic of standard 

econometric methods because complex dependency relations characterize such data (Broekel 

et al. 2014). There are at least two approaches to the analysis of network dynamics: SIENA 

and exponential random graph models. We opted for the latter, as recent work has shown this 

approach to be more suitable in many empirical settings (Leifeld and Cranmer 2019). 

Exponential random graph models (ERG models, also known as p* models) use Markov 

random graph theory to approach the problem of interdependence (Robins et al. 2007; Broekel 

et al. 2014). Elaborating on the concept of exponential graph, an ERG model in its basic form 

is defined as (Robins et al. 2007): 

 

Pr(𝑋 = 𝑥) = (
1

𝑘
)𝑒𝑥𝑝 {∑ (η𝐴g𝐴(x))

𝐴
}    (1) 

 

Pr(𝑋 = 𝑥) is the probability of the network (X), which is constructed through the 

exponential random graph modelling, being equal to the observed network (x). η𝐴 represents 

network configurations A at the node, dyad and network levels. g𝐴(x) corresponds to the 

network statistics. We used Markov chain Monte Carlo maximum likelihood to fit the model. 

As basic ERG models are designed for cross-sectional networks, Hanneke and Xing (2007) 

adapted this approach to the modelling of dynamic networks, creating so-called temporal ERG 
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models. Later, Krivitsky and Handcock (2016) extended this to separable temporal ERG 

models (STERGMs). STERGMs enable researchers to tackle questions regarding network 

evolution. As a discrete-time model of evolving networks, it formulates sets of separate 

parameters for tie formation and tie dissolution, which are independent in each time step and 

dependent across time steps (Krivitsky and Goodreau 2016). The model then analyses both 

processes (formation and dissolution) collectively and calculates the final coefficients 

(Krivitsky and Goodreau 2014). Separating the formation and dissolution processes is useful 

because, in real-world networks, nodes (e.g. organizations) form and dissolve ties for different 

reasons. Hence, this model enables researchers to test the relative importance of factors driving 

the evolution of networks for each process independently.  

 

3.4.3 Variables  

Contextual level variable  

As argued above, the former East and West Berlin represent various social foci and are more 

likely to show distinct collaboration behaviours, especially with respect to collaboration across 

the former border. The dyad-level variable nodematch.SAME takes a value of one if both 

organizations are from the former East Germany or both are from the former West Germany. 

Otherwise it takes the value of zero. The variable captures the extent to which collaborations 

are more likely to be formed (or to be more persistent) if the two organizations are located on 

the same side (former East or West). 

 

Node and dyad level variables 

Size is one of the most critical factors determining the capabilities of organizations to 

collaborate and innovate (Tether 2002). We defined organization size as a categorical 

dimension of the numbers of employees. We followed the literature (e.g. see Buchmann and 

Pyka 2014) and defined three variables representing distinct size categories: SIZE.1 (small): 

fewer than 50 employees; SIZE.2 (medium): between 50 and 250 employees; and SIZE.3 

(large): more than 250 employees. SIZE.1 served as benchmark in the estimations, implying 

that SIZE.2 and SIZE.3 entered the model as binary variables. 

We made a distinction between public research organizations and private companies. 

Private companies aim at maximizing their economic returns and try to enhance their 

competitiveness through patenting and secrecy. In contrast, public organizations (universities 

and public research institutes) orientate themselves towards the free dissemination of their 

knowledge. This distinction implies differences in routines and behaviours. Similar to Broekel 

and Boschma (2012), we defined institutional proximity on this basis. INST is a binary dyad-

level variable, which is one for all pairs of public organizations and zero otherwise. We also 

approximated geographical proximity by the log-transformed physical distance between two 

organizations measured in kilometres (GEO). 

Organizations go through the routines that they have developed in the course of their 

activity or inherited from parent organizations (Boschma and Martin 2010). Hence, age and 

the number of already existing projects are likely to play a significant role in how organizations 

form and preserve ties. In particular, young firms show different knowledge sourcing patterns 

as compared to experienced firms (Ilaboya and Ohiokha 2016). Young firms tend to take more 
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risky decisions to compensate for their lack of absorptive capacity and financial resources. We 

captured this with the log transformed years of existence (AGE) and the log transformed 

number of previously acquired subsidized R&D projects (PROJ).  

 

Network level variables 

Motivated by sociology and network theory, we also considered a range of structural network 

factors in the STERGM. The first is the variable edges, which should always be included in 

such models. It adds the number of observed ties in the network as a statistic to the model. It 

enhances the ability of the model to fit the simulated network to the observed one (Broekel and 

Hartog 2013). Existing social relations are known to have a strong impact on the way 

organizations establish future relations. We captured this effect of friends of friends tending to 

be friends as well, with a measure of triadic closure (for a review see Robins, Pattison, and 

Wang 2009). More precisely, we used the geometrically weighted edgewise shared partner 

(gwesp) statistic (for technical details see Hunter et al. 2008). We set the decay parameters to 

0.4 and 0.5, respectively. It accounts for the fact that, empirically, having few shared partners 

is more common than having many. It also reduces the likelihood of model degeneracy (Hunter, 

2007). As triadic closure captures the strength of social relations and the density of 

communities (Ter Wal 2014). Accordingly, lacking a more direct measure, we interpreted it as 

a very rough approximation of social proximity. 

In addition, we considered preferential attachment as structural network effect, as it has 

been shown to be a driving force of change in networks (Barabási and Albert 1999). Preferential 

attachment implies that networks evolve by new nodes entering that are more likely to establish 

ties to nodes with higher degrees of centrality (Derudder et al. 2010). The geometrically 

weighted degree (gwdeg) adds a statistic to a STERGM, capturing ‘anti-preferential 

attachment’ effect (Hunter et al. 2008). We fixed the corresponding decay parameter at 0.1, 

which gives the best model fit. 

 

3.5. Results and discussion 

3.5.1 Empirical modelling approach 

Figure 3.3 visualizes the knowledge network in 5-year time windows and the composition of 

joint projects between organizations and firms in the former East (red nodes) and the former 

West (red nodes) Germany. To apply the STERGM to this network, we analysed its evolution 

in four models. This implies that we ran a separate STERGM for each transition from one 

period to another26. This greatly improved the ability of the model to fit the empirical data, 

especially when the network changes rather drastically. The STERGM also requires that the 

network has the same number of nodes in each time period. We therefore included only nodes 

(organizations) in each model with at least one tie in one or both time periods. While it is 

common sense that organizations enter and leave networks, only recently have scholars begun 

 
26 5-year time periods seem to give the best result because shorter time periods consist of a low number of ties 

and the network does not show a certain degree of change. This causes convergence problems.  
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to address this issue (Juhász and Lengyel 2017). We leave this for future research to explore it 

in more detail. 

The STERGM provided two sets of coefficients: one set for the contribution of factors 

to tie formation and one for tie persistence27. However, for the first model (Model 1), we 

excluded the persistence part due to a small number of dissolved ties between the first two time 

periods.  

 
Figure 3.3 Statistical models for the evolution of knowledge network 

Note: red nodes are located in the former East Germany and blue ones in the former West 

Germany 

 

To access the goodness of the models, one can rely on the Bayesian information 

criterion (BIC) and Akaike information criterion (AIC). However, we used models with 

varying structural configurations, consequently making BIC and AIC less accurate. We 

therefore evaluated the goodness of fit by comparing the attributes of the simulated networks 

(the degree distribution, edgewise shared partner and minimum geodesic distance) against 

those of the observed network (Hunter, Goodreau, and Handcock 2008). Appendix 1 provides 

the corresponding graphics for the formation and persistence parts of all models. The graphics 

indicate that the estimations are reliable as the observed network statistics mostly fall within 

the confidence intervals obtained using the simulated networks. Accordingly, our empirical 

approach can actually model the evolution of the observed network well, and hence can be used 

to assess the relevance of explanatory factors. 

 

 

 

 

 

 

 

 

 
27 In the ERGM literature, the second part is called dissolution. In this paper, we call it ‘persistence’ because 

positive and statistically significant coefficients express persistence of ties (see, Handcock et al. 2015 for a 

review). 
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 Formation Persistence 
 (1) (2) (3) (4) (2) (3) (4) 

edges -8.877*** -6.723*** -6.733*** -8.584*** -3.179 0.652 1.766 
 (0.963) (0.565) (0.521) (0.659) (2.102) (1.688) (1.269) 

gwesp.fixed.0.4 1.969*** 1.900*** 2.417*** 2.444***    

 (0.244) (0.160) (0.154) (0.178)    

gwesp.fixed.0.5     1.965*** 1.439*** 1.664*** 
     (0.468) (0.291) (0.273) 

gwdeg.fixed.0.1 6.417*** 5.111*** 5.955*** 7.764*** 1.643** 0.117 0.997** 
 (1.856) (1.200) (1.180) (2.115) (0.646) (0.480) (0.427) 

edgecov.GEO 0.109* 0.202*** 0.178*** 0.134*** -0.007 0.297*** 0.049 
 (0.058) (0.031) (0.027) (0.032) (0.102) (0.083) (0.050) 

nodematch.INST -0.436* 0.181 0.271* 0.497** -0.231 0.149 -0.402 
 (0.245) (0.167) (0.159) (0.194) (0.504) (0.354) (0.316) 

nodematch.BERLIN 0.875* 0.037 -0.600*** -0.416* -0.819 0.702 -2.188*** 
 (0.475) (0.265) (0.163) (0.223) (0.909) (0.572) (0.464) 

nodematch.SAME 0.457** -0.304* 0.094 0.499*** -0.237 -0.650* 0.384 
 (0.212) (0.157) (0.147) (0.168) (0.513) (0.365) (0.294) 

nodefactor.SIZE.2 0.041 0.252** 0.032 -0.394** -0.080 0.631* -0.201 
 (0.234) (0.127) (0.129) (0.164) (0.409) (0.338) (0.201) 

nodefactor.SIZE.3 0.105 0.213* -0.150 0.055 0.181 0.077 -0.224 
 (0.204) (0.122) (0.121) (0.139) (0.455) (0.252) (0.236) 

nodecov.PROJ 0.981*** 0.562*** 0.482*** 0.620*** 0.440* 0.082 0.107 
 (0.180) (0.077) (0.073) (0.085) (0.233) (0.155) (0.128) 

nodecov.AGE 0.131 0.078 -0.063 -0.015 -0.203 -0.273 -0.549*** 
 (0.093) (0.069) (0.065) (0.088) (0.260) (0.191) (0.167) 

Akaike Inf. Crit. 572.157 1,429.774 1,743.218 1,285.292 129.802 235.343 335.749 

Bayesian Inf. Crit. 637.846 1,508.818 1,830.077 1,372.751 159.705 273.812 378.218 

 *p<0.1; **p<0.05; ***p<0.01 

Table 3.2 STERGM results 

 

3.5.2 Node-level factors and proximity dimensions  

Table 3.2 presents the results of the tie formation models (formation 1 to 4) and for tie 

persistence (persistence 2 to 4). Before we addressed our main research questions, we checked 

the relevance of the control variables. In this study, control variables capturing the effect of the 

size and age of organizations and companies were of crucial importance because these are not 

equally distributed in Berlin and surrounding municipalities. For instance, Humbolt University 



 

55 

which is located in East Berlin – was founded in 1810, whereas two large research 

organizations (Technical University of Berlin and Free University of Berlin) were established 

after the second World War. The same might apply to the size of the organizations. These 

needed to be controlled in order investigate whether the collaborative tie formations and 

persistence are solely driven by such effects. 

At the node level, SIZE.2, which approximates medium sized organizations (50 to 250 

employees), and SIZE.3, which represents large organizations (more than 250 employees), gain 

insignificant coefficients for tie formation except for the one of SIZE.2 in Model 2. The effect 

of SIZE.2 on tie formation is reported negative in Model 4. Similarly, the effect of SIZE.2 and 

SIZE.3 are found to be insignificant regarding the persistence of ties. This comes as a surprise, 

as the size of organizations is correlated with their inclination to create and sustain 

collaborative ties in other empirical studies. This might be the result of how we constructed the 

two size variables. As explained, we defined nodes at the department level and therefore their 

corresponding size decreases compared to the number of research staff at a given university.  

We find positive and statistically significant coefficients for nodecov.PROJ, which 

indicate organizations with success in obtained subsidized projects being more likely to 

establish collaborative ties. Alternatively, this is due to less experienced organizations tending 

to establish ties with experienced ones (older and more successful at getting grants). They 

thereby seek to tap into these organizations’ skills and know-how base (Lucena-Piquero and 

Vicente 2019). A similar effect is not reported for the coefficients reflecting the effect of 

nodecov.PROJ on the persistence of ties. Furthermore, the coefficients of nodecov.AGE are 

found to be insignificant in both the formation and persistence parts, except for the one of tie 

persistence in the last model. Since the results for the tie persistence models are insignificant, 

we therefore refrain from interpreting them. 

At the dyad level, we were particularly interested in the effect of the different types of 

proximities. Our finding indicates the relevance of geographical proximity (GEO) over time. 

Our results challenge those of Ter Wal (2014), who found the decreasing relevance of 

geographical proximity over time in the biotech sector in Germany. Our result suggests that 

geographical proximity has played a significant role in knowledge sourcing in the Berlin 

biotech cluster, and the magnitude of this effect has not changed across the last three models. 

Interestingly, the impact of geographical proximity on tie persistence is not as robust as the one 

on tie formation, because positive and a statistically significant coefficient is reported only in 

Model 3. This implies that while geographical proximity is a crucial factor for the establishment 

of ties, it does not necessarily assure the persistence of collaborations. Using an alternative 

measure of geographical proximity based on the co-location in Berlin suggests the negative 

impact of this variable on tie formation and tie persistence in Model 3 and Model 4, 

respectively28. Two potential mechanisms might account for these divergent results. Tanner 

(2018) theoretically argues and empirically shows that geographical proximity is always a 

crucial factor for driving tie formation. Yet, this form of proximity expands over time, meaning 

that the relevance of co-location in the same city can be replaced by that of co-location in the 

same region. Alternatively, James et al. (2015) argue that organizations with a peripheral 

 
28 In an alternative model, we defined BERLIN at the node level. The result and the overall goodness of fit did not 

change to a considerable degree. 



 

56 

position gain a more central position in a local knowledge network through the process of 

knowledge anchoring. This engenders a variation in knowledge sourcing patterns, in which a 

larger number of organizations are prone to collaborate with the ones at the periphery in order 

to tap into the sources of novelty.  

 
Figure 3.4 Coefficients of GEO with a 95% confidence interval 

 

 
Figure 3.5 Coefficients of BERLIN with a 95% confidence interval 

 

Institutional proximity is found to facilitate tie formation in Model 4. This partly 

confirms studies by Lazzeretti and Capone (2016) and Belso-Martínez et al. (2017). It implies 

that organizations operating within the same institutional framework are less likely to establish 

lasting relations. We believe that this (somewhat unexpected) effect is related to the policy of 

public organizations (e.g. university departments) to try to tap into different sources of 

knowledge, which shows in fluctuations in collaboration partners (e.g. Trippl and Otto 2009). 

In addition, to the extent that the network dynamics are driven by subsidized R&D projects, it 
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is relatively uncommon for the same pairs of organizations (in biotechnology) to be awarded a 

joint grant in subsequent periods (Roesler and Broekel 2017). 

 

 
Figure 3.6 Coefficients of INST with a 95% confidence interval 

 

3.5.3 Network-level factors  

At the network level, the variable edges obtains a significantly negative coefficient in all 

formation models, which is in agreement with most existing studies (Broekel & Hartog, 2013). 

It implies that the observed network tends to be less dense than a random network. 

Interestingly, this effect is not observed in the persistence models (except for Model 3).  

Our rough approximation of social proximity – triadic closure (gwesp) – is significantly 

positive in all models29. It suggests that social embeddedness is a strong explanatory factor for 

the establishment and persistence of collaboration. The finding supports a wide range of 

previous studies. For instance, Giuliani (2011, 2013) and Giuliani et al. (2018) show that triadic 

closure coupled with reciprocity is one of the most important endogenous network effects. 

Similarly, Juhász and Lengyel (2017), Stefano and Zaccarin (2013) and Belso-Martínez et al. 

(2017) confirm its importance for tie formation. Our study adds, however, to the much smaller 

number of analyses on tie persistence. As in our case, Juhász and Lengyel (2017) find support 

for triadic closure supporting tie persistence.  

 
29 Transforming a two-mode into a one-mode network tends to increase triadic closure when the number of project 

participants exceeds three (Broekel & Hartog, 2013). This was, however, rarely the case in this study because the 

average number of project participants is below three in all instances (see Table 3.1). 



 

58 

 
Figure 3.7 Coefficients of triadic closure (gwesp) with a 95% confidence interval 

 

The variable gwdeg proxies an ‘anti-preferential attachment’ effect. A positive 

coefficient indicates a tendency of organizations to create knowledge ties to other organizations 

with similar numbers of existing ties. Our results reject the idea of preferential attachment 

driving the evolution of this knowledge network. This is in contrast with many works that find 

an insignificant effect (Stefano and Zaccarin 2013; Menzel, Feldman, and Broekel 2017) or 

positive effect (Roesler and Broekel 2017) of preferential attachment. Most likely, this is 

explained by the lack of a dominating organization in the Berlin biotechnology sector and the 

generally low integration of the intra-city network, with local organizations instead 

collaborating with partners outside the city.  

 

 
Figure 3.8 The estimated coefficients for anti-preferential attachment (gwdeg) with a 95% 

confidence interval 
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In sum, these findings show that most factors behaved according to our expectations or 

that, if they diverge from this, there are good reasons for this divergence. Therefore, we are 

confident that our empirical approach and models can be used to study the potential effects of 

the former Berlin Wall on the evolution of the network.  

 

3.5.4 Still in the shadow of the wall? 

The variable SAME gains significance in two models for tie formation (Models 1 and 4). 

Interestingly, the coefficient is insignificant in Model 2, which corresponds to a network 

transition between time periods 1997–2001 and 2002–06, and significantly positive in Model 

4, namely time periods 2007–11 and 2012–16. This implies that organizations are generally 

less likely to establish collaborations between the former East and the former West Berlin than 

within each part of the city.  

As discussed in Section 3, there was a top-down political aim to develop the biotech 

sector in Germany (Dohse 2000) and in Berlin (Kulke 2008). Such supports were gradually 

withdrawn in the early 2000s (Dohse 2000). It is plausible that insignificant results in Models 

2 and 3 are caused by the top-down policy of the federal government that supported 

collaboration involving partners from the former East and the former West Germany in the 

mid- and late 1990s. After the effect of this policy faded away, the East–West division seems 

to re-emerge. In any case, the ‘shadow of the wall’ seems to be very much present in the last 

period, that is, almost 30 years after reunification. 

Interestingly, we do not observe a similar effect in the persistence models. Potentially, 

once organizations have overcome this boundary and the attraction of their East- and West-

specific social foci, collaborations become fruitful because organizations manage to exploit 

their heterogeneity. However, the result also shows that there are no structural reasons for East–

West collaborations not to work; that is, there is no fundamental reason for organizations not 

to engage in such relations. 

 

 
Figure 3.9 Coefficients of SAME with a 95% confidence interval 
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To verify the robustness of our findings, we ran an alternative model. We restricted the 

network to its main component30. The results do not change substantially. However, we observe 

that the coefficient of SAME changes. Organizations in the main components are mainly large 

firms and university departments, and can therefore be expected to be more sensitive to policy 

measures. The results of this specification support our arguments regarding the effects of the 

support policies. While Model 2 (corresponding to time periods with top-down policy 

interventions) provides a negative and statistically significant coefficient for SAME and 

indicates the dominance of East–West relations between mostly large and public organizations, 

the sign of SAME changes as the policy support was withdrawn31. 

 

3.6. Conclusion 

The aim of the present research was to study the driving forces behind the evolution of the 

inter-organizational R&D collaboration network of the Berlin biotech cluster in the years after 

reunification. We modelled the network by considering information about patents, publications 

and subsidized R&D projects. Separable temporal exponential random graph models were 

employed to identify factors supporting the formation of ties and their persistence. We 

considered a range of proximity dimensions and structural network effects. However, our focus 

was on the potential effects of the former division of the city. More precisely, we argue that 

this has created distinct social foci that still influence the knowledge sourcing behaviour of 

organizations. We also point out that such consequences of places are inadequately captured 

by the main five proximity dimensions and structural network effects. Our empirical study 

shows that place-specificities and universal factors complement each other in explaining the 

evolution of the network.  

If not stimulated by R&D support schemes, ties between organizations in the former 

East and the former West Berlin tend to be less likely than between those in the respective parts 

of the city. Given that 30 years have passed since reunification, the existence of substantial 

labour mobility within the boundaries of the city, and various support policies at the national 

and local level, this finding came as a surprise. It seems that the Berlin innovation system is 

still not fully integrated and that the former division of the city is continuing to hamper 

knowledge diffusion and collaboration. 

However, the present study has several limitations that need to be pointed out. While 

we theoretically argue about the differences between the former East and the former West 

Germany, our case study was mostly limited to the boundaries of Berlin because about 90% of 

the organizations and companies investigated in this study are located in Berlin. Thus, future 

research can take our findings as a point of departure and conduct a similar but larger scale 

study. We also believe that having combined multiple data sources in the construction of the 

networks gives a more complete picture of the true network. Yet, this also implies that we do 

not know whether the observed effects are related to all or just one particular type of network 

 
30 The main component of the knowledge network consists of nodes, which have at least one tie in both time 

periods. 
31 Model 1 does not converge due to the low density of the network as a result of excluding ties between small 

and large organizations.  
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relations (co-patenting, co-authoring or joint participation in R&D projects). We did try to 

estimate models for networks based on only one type of information, however, none of these 

converged separately due to the networks’ high degree of fragmentation. A similar limitation 

prevented us from using use shorter (but more) time periods, and from including more than two 

time periods in one STERGM estimation. The latter point particularly highlights that ‘good’ 

network data is still hard to come by in economic geography. Concerning data, future studies 

should try to include information on labour mobility, which is a strong factor to explain East–

West collaborations (or the lack thereof) (e.g. Buenstorf, Geissler, and Krabel 2016). 

Despite these shortcomings, this study has some important implications. It highlights 

that Germany remains divided after 30 years, as does its innovation system. Our findings 

moreover underline the effectiveness of support policies. Simply speaking, programmes that 

explicitly target this division are likely to succeed in overcoming it. However, what is less clear 

is how to make their effects last. Accordingly, policy needs to make greater efforts and have 

great patience when it seeks to overcome such deeply rooted social structures. As our study 

shows, this applies even to those within a single city. Hence, given the larger differences across 

European regions compared to the former East and the former West Berlin (Farole, Rodríguez-

Pose, and Storper 2011), even greater efforts and even more patience is needed for the 

integration of European regions and European cohesion policy. 
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3.7. Appendices 

The formation part. 

Model (1) 
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Model (2) 
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Model (3) 
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Model (4) 
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The persistence part. 

Model (2) 
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Model (3) 
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Model (4) 
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Chapter 4  

The structure and significance of 

knowledge networks in two low-tech 

clusters in Poland 
 

Abstract: The co-location and networking of firms and institutions, also known as 

clustering, positively influences the innovativeness of firms. Cluster literature provides a 

one-sided understanding of how clusters function due to an overemphasis on clusters in 

high-tech and developed economies at the expense of clusters in low-tech industries in 

less-developed regions. The present research applied social network analysis (SNA) to 

examine two furniture clusters in the Wielkopolska region in Poland. Our findings 

demonstrate that: 1) the critical is the impact of institutionalization on the mechanisms 

of knowledge flows, Marshall’s externalities and, as a consequence, the innovativeness 

of firms; 2) the underlining clusters do not show the tendency to build cluster–external 

linkages, opposing the dominant premise in the cluster literature. In the absence of 

national and international relations, managers of small and medium-sized firms and local 

institutions are the main sources of novelty for clusters during the sustaining stage of 

their lifecycle. The findings pave the way for initiatives aimed at creating and developing 

knowledge networks in lagging and catching-up regions in Europe, particularly those 

specialized in low-tech sectors. 

 

Keywords: cluster lifecycle, furniture cluster, knowledge network, low-tech industry, 

social network analysis 
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4.1. Introduction 

The co-location of firms and institutions, also known as clusters, positively influences informal 

interactions, learning and cooperative local networks (Audretsch and Feldman 1996). Social 

networks in clusters are widely considered the driving forces of knowledge sourcing and 

innovation (Boschma and Ter Wal 2007). However, most research focuses on high-tech sectors 

in prosperous regions of North America and western Europe (Giuliani 2013). We know little 

about how a cluster functions in terms of knowledge sourcing and innovativeness in less 

developed regions, especially in mature, low-tech industries. Having a more nuanced 

understanding of such processes can contribute to the development of policies in lagging 

regions. 

We thus sought to answer two questions: (1) How do knowledge networks differ 

depending on the institutionalization of cooperation in a given low-tech cluster? (2) How does 

the position in the knowledge network impact the innovativeness of the firms? We answered 

these questions by studying two furniture clusters in Wielkopolska in Western Poland32, using 

social network analysis (SNA) as a research method. 

 

4.2. Clusters in the sustaining stage  

Marshall (1920) argues that the co-location of firms causes input and output linkages, skilled 

labour pooling and knowledge transfer. Cluster ‘dimensions’ change over time: as a cluster 

grows, not only do new firms, institutions and relations appear, but also knowledge stocks 

become more advanced and coherent (Stough 2015). Exogenous forces dictate changes in 

clusters. These forces could be a change in the market or a scientific breakthrough. Thus, 

clustered firms respond to new forces in order to survive and grow. Altering firms’ routines 

and knowledge sourcing patterns renews cluster characteristics. Menzel and Fornahl (2010) 

use firms’ sizes, knowledge sourcing pattern, change in the rate of new entries into a cluster 

and employment as benchmarks to define the different stages in a cluster lifecycle. 

Clusters that are in the sustaining stage of their lifecycle (e.g. the automobile cluster in 

southern Germany) play a significant role in the economic prosperity of a region by providing 

stable employment growth and knowledge spillovers. However, mature clusters are likely to 

lose their capability to renew themselves in terms of novelty and innovativeness. This 

phenomenon, which is also known as lock-in (e.g. the steel and coal cluster in the Ruhr area), 

endangers regional futures.  

Despite the significance of mature clusters for regional development, there is little 

knowledge on how to avoid lock-in during the sustaining stage. First, regional policy actors in 

less developed regions lack the knowledge to comprehend how firms gain new knowledge in 

traditional sectors (Giuliani 2013). Secondly, various initiatives have different impacts on 

knowledge sourcing and on cluster development trajectories in the long run (Lindqvist, Ketels, 

and Sölvell 2013). This aspect has not been investigated in mature clusters in developing 

regions. The few studies on clusters in the sustaining stage show that old firms rely heavily on 

 
32 As an example of a region with economy to a large degree based on traditional sectors, with GDP in 2016 of 

less than 75% of the EU average, so an example of ‘lagging’ or ‘catching-up’ region. 
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their long-standing collaborating partners and are not capable of building new relations 

(Hassink, 2005). At this stage, technological lock-in hampers further diversifications, while the 

key firms leave the cluster and entrepreneurial activities rarely emerge (Richter & Park, 2015). 

Against this background, we mapped and explored how knowledge networks are 

structured in the two low-tech clusters in western Poland. We explored knowledge network 

configurations to enrich our understanding of how cluster entities initiate mutual learning. 

Finally, we analysed the knowledge sourcing pattern and its significance for innovation in 

clusters that are in the sustaining stage. 

 

4.3. Methodology and case study 

Visualizing and investigating knowledge networks is part of the relational approach that has 

been gaining importance in regional studies in the last two decades (see, for example, Bathelt 

and Glückler 2011). One of the key tools for exploring knowledge networks is SNA. It allows 

us to investigate knowledge sourcing mechanisms by drawing dyads, namely bilateral links 

between knowledge sources and knowledge receivers that reveal patterns of the new 

knowledge acquisition that is necessary for firms to innovate (Giuliani and Petrobelli 2011). 

We selected two furniture clusters in Wielkopolska – a historic and administrative 

(NUTS 2) region in western Poland with a high level of furniture production and export. The 

furniture sector is established as a smart specialization focus both at the national and the 

regional level of Wielkopolska (‘interiors of the future’). The selected furniture clusters are 

located in Swarzędz commune and Kępno poviat, where the proportion of furniture firms 

significantly exceeds the national average, as confirmed by high values of the location quotient 

(8.82 and 12.23, respectively33).  

In order to investigate knowledge networks in the two clusters, we used two different 

research perspectives articulated in SNA (Wasserman and Faust 1994). In Swarzędz, 

interviews were conducted in firms that were part of a cluster initiative; that is, in 2011 they 

signed a letter of involvement in a formal cooperation agreement. The initiative allowed firms 

to apply for external funds for projects concerning cooperation with research institutions, 

training conducted by specialized external firms and participation in fair trades, thereby 

enabling various forms of knowledge interchange. At the beginning of each interview, a list of 

all the firms and the three institutions participating in the cluster initiative was presented to the 

manager, who was then asked: 1) With whom of those on the list did you speak or correspond 

in order to get useful information about furniture production? 2) Have you introduced any 

changes (product, process, organizational or marketing innovations) in your business over the 

last two years? The first question is part of a ‘roster recall’ method in SNA, since a person 

recalls the relationship with all the other agents inside a certain network (here: cluster 

initiative). The relations between the nodes are non-directed (bilateral). 

 
33 The location quotient was calculated as the proportion of furniture firms in the territorial unit: Swarzędz 

commune/Kępno poviat in the set of all firms registered in this unit, divided by the proportion of all furniture 

firms in the set of all firms registered in Poland. LQ=1 means the average proportion, LQ>1 means the excess of 

the phenomenon. 
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In the second cluster, which did not have an institutionalized cooperation agreement, 

we first asked one of the local leaders – the director of the Society of Kępno Land Friends, who 

has been living and working in Kępno in various administrative units for over 30 years – to 

name the three most important and well-known furniture firms in the area so that we could ask 

their managers from whom they or their workmates acquire new knowledge. 

Each respondent in Kępno gave a list of agents, that is, firms and institutions that were 

sources of technological knowledge for their firm. Then the managers of the firms indicated by 

the first respondent were asked the same question. These managers gave a list of other agents, 

which expanded the circle of entities that were part of a knowledge network within the furniture 

cluster, and so on, and so forth. This method of network analysis is called a ‘snowball’, as the 

network of agents involved in the investigated issue (here a knowledge network in a furniture 

cluster) grows with every interview until a certain saturation point (e.g. mentioning the same 

entities) is reached. All furniture firms were also asked how many innovations they had 

introduced in the previous two years. Table 4.1 provides a brief description of the case studies 

and our empirical approaches. 

 

 Swarzędz Cluster Kępno Cluster 

Characteristic 

features 

Micro, small and medium-sized 

firms, mostly with long traditions 

and united in a local guild, highly 

spatially concentrated 

Firms of all sizes including several 

large ones, without formal 

cooperation, many export-oriented, 

located in a larger area 

SNA approach Roster recall – interviews with all 

firms in cluster initiative: assessing 

all cooperating firms as knowledge 

sources when looking at the list 

Snowball – starting with three 

firms named by one of the local 

leaders, then interviewing firm 

representatives indicated as 

cooperation partners and 

knowledge sources, to create a 

network 

Number of 

interviews 

12 furniture firms – members of a 

cluster initiative 

26 furniture firms located close to 

each other 

Table 4.1 Two research perspectives for investigating knowledge networks in clusters 

 

The answers were then put in a table and used in further analysis of knowledge 

networks. We measured the centrality of firms, namely the number of direct relations (ties) to 

all other agents (nodes) in the network and correlated it with the innovativeness of the firm, as 

reported by a firm representative during the interview (using Cramer’s V correlation 

coefficient, as one variable – the existence or non-existence of a tie – is in a nominal scale). 

Computations and visualizations were made using Ucinet VI and Netdraw software (Borgatti, 

Everett, and Freeman 2002). 
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4.4. Knowledge networks and firm’s innovativeness in two 

furniture clusters in Poland 

The results of the interviews allowed knowledge networks to be drawn for both clusters: the 

firms and the institutions (nodes) were connected by relations (links) showing from what 

sources novel technological knowledge for innovative activity was acquired (Figure 4.1 and 

4.2). The first network is more dense and all firms claim to have created some relations with 

other firms as well as the three research institutions taking part in the cluster initiative. The 

second cluster consists of several cliques created by firms around various institutions 

cooperating with the furniture industry. Links between firms are occasional. Therefore, a higher 

network density, measured by the number of ties out of all possible ties, was observed in the 

first network (0.562; std. dev. 0.496) than in the second network (0.139; std. dev. 0.346). Table 

4.2 illustrates the clusters’ characteristics. 

 
Figure 4.1 Knowledge network in the Swarzędz furniture cluster 

Note: circles represent firms (the size of a symbol reflects the size of a firm: micro/small, 

medium or large); squares represent the cooperating institutions  
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Figure 4.2 Knowledge network in the Kępno furniture cluster 

Note: circles represent firms (the size of a symbol reflects the size of a firm: micro/small, 

medium or large); squares represent the cooperating institutions.  

 

 

Cluster Network 

density 

Role of institutions 

in knowledge 

networks 

Number of 

innovations 

introduced 

Correlation 

(Cramer’s V): 

firms’ centrality 

and 

innovativeness 

Swarzędz 

furniture cluster 

0.562 (std. 

dev. 0.496) 

Local guild plays a 

role in bringing 

firms together 

34 0.62 (p=0.05) 

Kępno furniture 

cluster 

0.139 (std. 

dev. 0.346) 

External institutions 

offered individual 

consulting services 

77 0.39 (p=0.05) 

Table 4.2 Cluster characteristics – results of the research 

 

The second part of the analysis was devoted to the role of knowledge gained through 

the cluster in introducing various innovations in firms. In the first cluster, 12 interviewed 

managers said they had introduced a total of 34 innovations, while in the second cluster 26 

firms had innovated 77 times. The two most innovative firms had introduced eight and 11 

innovations, respectively. In both cases, innovations comprised new or significantly improved 

products (furniture series, equipment, machines), organizational changes (e.g. cooperation with 

designers, different organizational structures) and new processes and ways of promoting their 

products. Product and organizational innovations were most common, but marketing and 

process innovations also were reported. A correlation was then calculated between the 

centrality of individual firms in knowledge networks and the number of implemented 

innovations. In the Swarzędz cluster the result was 0.62 (p=0.05) and in Kępno it was 0.39 

(p=0.05). The positive correlation coefficients show that in both cases the more central the 

position of a firm in the knowledge network (the more links to various knowledge sources), the 

more innovative the firm. However, while in Swarzędz most respondents stated that new 
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products or changes in their production or organization methods would not have been possible 

without the new external knowledge gained through personal contacts in clusters, in Kępno 

most respondents claimed that other sources of knowledge (internet, trade fairs) were more 

important. 

 

4.5. Discussion: the significance of knowledge networks in 

clusters 

The research shows that Marshall externalities are an important source of knowledge for the 

firms in the two investigated clusters, but the institutionalization of cooperation (contacts 

through the cluster in Swarzędz) proved important for the scale and type of those externalities. 

We found differences in the composition of knowledge networks in the Swarzędz and Kępno 

furniture clusters. In Swarzędz, a formalized collaboration coordinated by a formal entity 

created mutual trust and, as a consequence, initiated knowledge flows. In Kępno, where 

relations concerning cooperation and knowledge flows are purely market-driven, ties are less 

frequent: firms seek new knowledge mainly from external, specialized institutions and only 

occasionally cooperate with local firms. Some large firms subcontract part of their production 

(one part of a value-added chain, or one set or kind of products) to medium or small firms 

primarily to fulfil their commitments to their business partners (in many cases, foreign 

partners). Consequently, the smaller the firm, the more links it had to other firms. Three large 

firms that took part in the study were self-sufficient in their activities and acquired new 

knowledge only from cooperating with business environment institutions: a high level of 

competition between dominant firms favoured individual ways of gaining new knowledge. 

According to the respondents, ‘business does not like publicity’ and being afraid of losing the 

competitive advantage, they avoid any contact with their local competitors34. This challenges 

a fundamental premise in the cluster literature, which identifies trust as one of the 

characteristics of mature clusters (Iammarino and McCann 2006) where collective actions and 

reciprocal learning take place effortlessly. 

Furthermore, significant differences in knowledge network density between the two 

clusters were observed. A higher value of the Swarzędz network suggests that the 

institutionalization of cooperation leads to more opportunities for the acquisition of valuable 

knowledge. In Kępno, without institutionalization, there are fewer opportunities for collective 

learning/ knowledge dissemination and therefore for various knowledge externalities for the 

surrounding area. Despite this, several large companies in Kępno perform well, with some 

using their own channels of knowledge acquisition to expand their production and, as a 

consequence, achieving better results than the other companies in their cluster. Our results are 

in line with the findings of Potter and Watts (2014), who empirically show that Marshall’s 

externalities still play an important role in terms of knowledge sourcing in the mature metal 

cluster in Sheffield. 

 
34 It may be connected with informal, most popular way of doing deals in communist, centrally-planned economy 

which Poland was before 1989. 
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Finally, by facilitating knowledge sourcing, the two clusters enabled the firms to 

implement various innovations. The more active (central) the firms were in this process (the 

more central position they managed to get), the more innovative they became. This suggests 

that it is worth participating actively in knowledge networks, as the new knowledge helps to 

introduce positive changes. Especially in the institutionalized Swarzędz cluster, firm 

representatives declared that innovations would not be introduced without knowledge sources 

accessed through the cluster. A positive correlation between the value of firms’ centralities in 

knowledge networks and innovations suggests that for many firms it was worth taking part in 

the projects of cluster initiatives, in order to access valuable knowledge 

 

4.6. Conclusions 

This study showed that clusters in less-developed regions function differently in terms of 

knowledge transfer and innovation than high-tech, growing clusters. We found, first, that 

Marshall’s externalities are the main source of knowledge for firms located in low-tech clusters 

in the sustaining stage. However, contrary to the dominant literature on cluster lifecycle, we 

did not observe a tendency to build national and international relations among firms. Secondly, 

the initiatives by local institutions facilitate the process of knowledge transfer and innovation, 

counteracting the possible lock-in effects. Thirdly, we found that embeddedness in the local 

knowledge networks plays a much more significant role than the co-location in terms of 

knowledge sourcing. Lastly, small and medium-sized enterprises engage more strongly in 

knowledge exchange. 

This study highlights the need to provide new supportive mechanisms for new entries 

into the mature clusters as a source of novelty in the long run. Worth supporting are also various 

initiatives aimed at the institutionalization of cooperation, as they help to develop and share 

knowledge between cluster stakeholders, leading to innovations.  

Future research that replicates interviews at different time intervals could provide a 

dynamic knowledge network overview, which would enrich our understanding of how these 

networks evolve. Finally, more similar case study research is needed to develop a more 

comprehensive policy framework for clusters in low-tech sectors. 
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Chapter 5  

Proximity dynamics across sectors – 

evidence from Norway 
 

Abstract: The literature on sectoral systems of innovation evidences the crucial 

importance of sectoral specificities in innovation. The proximity framework also enables 

the exploration and analysis of how various actors establish collaborative ties. However, 

there has not yet been much cross-fertilization between the proximity literature and 

sectoral systems of innovation. The goal of the present research was twofold. First, to 

conceptually integrate the proximity literature into sectoral studies by underlining the 

differences and commonalities across sectors. Secondly, to use a dataset of R&D projects 

subsidized by the Research Council of Norway (RCN) between 2005 and 2016 to analyse 

the impact of proximity dimensions on collaborative tie formation in four Norwegian 

sectors (biotech, oil and gas, marine and maritime) over time. The results indicate the 

varying impact of cognitive and geographical proximities on the formation of 

collaborative ties across sectors and over time, which seems to be correlated with the 

sectoral dynamics and the complexity of knowledge in underlying sectors.  

 

Keywords: proximity dimensions, sectoral system, innovation, R&D collaborative ties 
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5.1. Introduction 

Innovation is understood as a combinatorial process, where novelty emerges by combining or 

recombining existing knowledge and materials (Schumpeter 1911; Weitzman 1998). There is 

an increasing need to collaborate with other firms and public research organizations, because 

inter-organizational relations enable firms to keep up with the ever-increasing complexity of 

technologies and the combinatorial requirements of innovation (Manniche, Moodysson, and 

Testa 2017). Therefore, unravelling the complexity of knowledge networks, as a means of 

combining or recombining knowledge and materials, is one of the main challenges in 

understanding the contemporary economy (Bathelt and Glückler 2018). For instance, empirical 

studies show that the position of an actor in a knowledge network correlates with its innovative 

performance (Breschi and Lissoni 2009; Cantner, Conti, and Meder 2010; Lazer and Friedman 

2016).  

The literature on sectoral innovation systems has made a significant contribution to the 

understanding of how sectors vary in terms of innovation activities and the patterns of 

technological change (Breschi, Malerba, and Orsenigo 2000; Malerba 2002, 2005). It 

highlights the great heterogeneity of sectors and industries with respect their innovation 

processes and knowledge sourcing35 patterns. However, most empirical studies on 

collaborations and collective learning investigate just one region or industrial district. They do 

not address the multiplicity of sectors in one cohesive empirical setting (e.g. Giuliani 2011; 

Balland, Belso-Martínez, and Morrison 2015; Lazzeretti and Capone 2016; Capone and 

Lazzeretti 2018; Giuliani, Balland, and Matta 2018). When analysing complex interfering 

factors in fragmented empirical studies, it is a challenging task to separate general mechanisms 

from context-specific ones. Given various interfering factors in these studies, it is difficult to 

identify the ones that foster collaboration within sectors.  

While the proximity literature (Boschma 2005; Torre and Rallet 2005) provides a novel 

conceptual framework to investigate the drivers of knowledge sourcing, this has not been used 

to provide a better understanding of how the process of knowledge sourcing unfolds across 

sectors. We therefore set out to use the proximity approach to understand the commonalities 

and differences of knowledge sourcing patterns between sectors. Also, we aimed to empirically 

answer the following questions. How and to what extent do proximity dimensions influence 

the establishment of collaborative ties across sectors? Does the magnitude of effects regarding 

different proximity dimensions vary over time? 

We investigated a unique dataset of R&D projects subsidized by the Research Council 

of Norway (RCN)36 between 2005 and 2016. The database includes various fields, such as the 

name and type of collaborators, the scientific domains of collaborations and the duration of 

each project. Elaborating on this database, we applied the gravity model to analyse the dynamic 

impact of proximity dimensions on the formation of collaborative ties within four sectors: (1) 

biotech, (2) oil and gas, (3) marine and (4) maritime. Our results show the dynamic impact of 

 
35 The process of searching required knowledge and expertise by individuals and organizations.  
36 In Norwegian: Norges forskningsråd 
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geographical and cognitive proximity dimensions across sectors and time windows. More 

specifically, while the findings suggest the significance of co-location in the same 

agglomeration across sectors for the initiation of collaboration, the relevance of non-local 

relations and cognitive proximity varies between sectors.  

This paper is structured as follows. Section 2 provides a discussion on the relevance of 

sectoral innovation systems and presents a brief overview of the proximity framework. It also 

presents a conceptual scaffold that brings these two streams of literature together. Section 3 

describes the empirical approach and the R&D activities in Norway. Section 4 presents the 

results and discusses the findings relevant to proximity dimensions in the four sectors in 

Norway. Section 5 concludes the paper. 

 

5.2. Sectoral systems of innovation and proximity dimensions  

The sectoral approach is central in innovation studies and underlines the substantial role of 

sectoral actors, their interdependencies and their collective cognitive boundaries as the drivers 

of change in a given sector (Breschi, Malerba, and Orsenigo 2000; Malerba 2002). Schumpeter 

stresses that firms are subject to sectoral characteristics in their innovation patterns 

(Schumpeter 1911). More recently, Malerba (2002) defined sectoral change as a co-

evolutionary process in which 'the elements of a sectoral system are closely connected ... 

change over time results in a co-evolutionary process of its [sectors'] various elements' (p. 

259). This implies that the evolutionary development of sectors is partly determined by shifts 

in their cognitive boundaries, through inter-organizational collaborations. Malerba (2005) and 

Malerba and Adams (2013) further argue that the main agents of sectoral change are: (1) actors 

and networks, (2) knowledge and technologies, and (3) institutions. The attributes of these 

agents and the interplay between them determine a particular development trajectory for a 

sector. While this framework introduces the building blocks of sectoral systems, it does not 

account for how the complex process of knowledge sourcing (e.g. creating collaborative ties) 

functions and evolves – a process that lies at the heart of a sector’s innovation processes and 

thereby contributes greatly to the future evolution of these systems.  

Pavitt (1984) was a pioneering scholar who created a taxonomy based on the innovative 

behaviour of firms, namely supplier-dominated, scale-intensive, specialized suppliers and 

science-based firms. Later, he added one more group to his taxonomy to represent information-

intensive firms (e.g. banking sector). While this taxonomy provides an analytical tool to 

understand how innovative behaviours and, to some extent, knowledge sourcing occurs across 

sectors, there are a number of issues that need to be addressed to better understand differences 

and commonalities across sectors regarding knowledge sourcing.  

The first problem concerns the way in which Pavitt developed the taxonomy. He 

observed innovative behaviour patterns at the firm level and grouped them at the industrial 

level, engendering a high degree of variance within each group (Archibugi 2006). The second 

problem originates from his classification of firms based on the premise that firms have stable 

cognitive boundaries. Yet, through knowledge sourcing, firms evolve and might move from 

one taxonomy group to another, because knowledge has a cumulative nature and potentially 

changes the cognitive boundary of a given firm (Malerba 2002). The third problem concerns 

multi-technology or multi-products firms that can potentially be categorized in more than one 
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group (Archibugi 2006). For instance, Siemens is a well-known German company active in 

various fields ranging from telecommunications and energy to healthcare and biotechnology. 

The domain of activities of such firms goes beyond the sectoral boundaries and Pavitt’s 

taxonomy. 

Recent studies have aimed at alleviating these issues by focusing on sector-specific 

technological regimes, knowledge bases, cumulativeness and appropriability conditions 

(Breschi, Malerba, and Orsenigo 2000; Asheim and Coenen 2005; Dosi, Marengo, and Pasquali 

2006; Castellacci 2008). For instance, Castellacci (2008) builds on the concept of technological 

paradigm and ‘industry-specific regimes, trajectories, and vertical linkages’ to provide a 

sectoral taxonomy that is more flexible than Pavitt’s. While Castellacci emphasizes the 

relevance of knowledge sourcing (‘interactions’ in his language) in industries close to ‘new 

technological paradigm’ compared to the ones dominated by ‘less dynamic trajectories’, he 

says nothing about how these interactions differ across sectors and evolve over time. 

This gap calls for an extension of the sectoral innovation framework that also includes 

the key driving forces of knowledge sourcing. This would stimulate an increased understanding 

of sectoral heterogeneity, as well as include sectors’ divergent structural configurations, their 

technologies and their cognitive schemes. We argue in this paper that this extension can be 

built on the basis of the proximity approach, which provides a strong conceptual framework 

for studying collaborative activities. 

The proximity literature provides a conceptual framework to investigate knowledge 

sourcing, while taking multi-layered interdependencies into consideration. Boschma (2005) 

theoretically argues that co-location is ‘neither a necessary nor a sufficient condition for 

learning to take place’ (p. 62). He also discusses how knowledge sourcing is impacted by five 

dimensions, namely geographical, cognitive, institutional, organizational and social proximity. 

Geographical proximity reflects how close two given organizations are located, or 

alternatively, whether or not they are located in the same geographical area (see Micek 2018 

for a review). Cognitive proximity reflects how similar actors interpret and use new knowledge, 

based on their interpretation schemes and absorptive capacities (Cohen and Levinthal 1990; 

Nooteboom 2000b; Boschma 2005). Institutional proximity reflects the commonalities and 

differences at the macro level dominated by norms, values, recognized practices and the rule 

of law (Edquist and Johnson 1997; Boschma 2005). Alternatively, institutional proximity can 

be defined based on the similarity of routines and procedures that organizations follow (Broekel 

and Boschma 2012). Organizational proximity is concerned with the extent to which 

organizations are similar in terms of the autonomy and control in their organizational 

arrangements (Boschma 2005). Social proximity refers to the extent to which organizations 

have shared experiences and are located in the same social networks. These organizations 

benefit from lower transaction costs and increased synergy effects, trust and altruistic 

behaviours (Granovetter 1985; Coleman 1988; Uzzi 1997).  

The proximity framework has attracted a great deal of attention in innovation studies 

and economic geography. A large number of empirical studies have implemented this 

framework in order to comprehend the complexity of collaborative networks. Several studies 

take a static approach and show the positive impact of proximity dimensions on knowledge 

sourcing (Broekel and Boschma 2012; Balland, Belso-Martínez, and Morrison 2015; Molina-

Morales et al. 2015; Belso-Martinez 2016). Few recent studies take a dynamic approach and 
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explore the impact of proximity dimensions on knowledge sourcing in industrial clusters (e.g. 

Lazzeretti and Capone 2016), as well as the interplay between proximity dimensions (Balland, 

Vaan, and Boschma 2013; Paci, Marrocu, and Usai 2014; Broekel 2015).  

We argue that this proximity framework provides an excellent basis for understanding 

and empirically identifying differences in knowledge sourcing (driven by proximities) between 

sectors. Figure 5.1 demonstrates how a sectoral system can be understood through the lens of 

the proximity literature, paving the way for conducting empirical work to better understand 

how proximity dimensions impact sectoral evolution (Boschma and Martin 2010; Boschma 

2018)37.  

 

 
Figure 5.1 Stylized illustration of sectoral systems 

Note: based on Malerba and Adams (2013) and Boschma (2005) 

 

The relevance of geographical proximity for learning and knowledge diffusion has its 

origin in Alfred Marshall’s argument that co-location paves the way for labour pooling and 

knowledge spillover. Building on this idea, a large body of literature shows that geographical 

proximity facilitates the process of tie formation (Micek 2018). In the case of the Toy Valley 

cluster in Spain, Balland et al. (2015) investigated the driving forces of tie formation in 

technical and business networks. They empirically show that geographical proximity facilitates 

knowledge sourcing performance in both networks. Molina-Morales et al. (2015) and Belso-

Martínez et al. (2017) found similar results in a foodstuffs cluster in the Valencian region. 

Juhász and Lengyel (2017) also observed the significantly positive impact of geographical 

proximity in the printing and paper product cluster in Hungary. Capone and Lazzeretti (2018) 

and Lazzeretti and Capone (2016) studied a high-tech cluster in Tuscany, and demonstrate that 

the impact of proximity dimensions on knowledge sourcing changes over time, with an 

 
37 The impact of geographical and cognitive proximity on the formation of collaborative ties are of the main 

interest in this study. 
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increasingly positive effect of geographical proximity. Among the few studies at the sector 

level, Balland et al. (2013) demonstrate the positive impact of geographical proximity in the 

case of the global video game industry. 

Conversely, several scholars argue that the relevance of geographical proximity is due 

to the fact that this proximity dimension facilitates mutual learning, by giving rise to social 

interaction and trust building (Jaffe, Trajtenberg, and Henderson 1993; Singh 2005; Giuliani 

2011, 2013; Giuliani, Balland, and Matta 2018). In the case of German biotechnology, Ter Wal 

(2014) empirically shows that the relevance of geographical proximity decreased over time and 

was replaced by triadic closure, which can capture the effect of the social proximity. In the case 

of a wine cluster in Chile, Giuliani (2011) found empirical evidence that social interactions 

play a more crucial role in learning, compared to a mere geographical co-location. A similar 

effect is reported in a more research-related fields in the Trieste area in Italy (Stefano and 

Zaccarin 2013). In the case of Danish wind power, Tanner (2018) similarly argues and 

empirically shows that geographical proximity is a crucial factor for learning, whereas its 

configuration changes over time. Thus, Micek (2018) argues that the concept of geographical 

proximity goes beyond the mere geographical distance between actors and should be seen in 

relation to the embeddedness of firms and individuals in a common spatial context, which 

fosters mutual learning. 

Contrary to empirical findings on geographical proximity, the existing empirical studies 

on how cognitive proximity affects the formation of collaborative ties show rather 

contradicting results. This might be partly because the differences across sectors directly 

translate into diverse cognitive settings, and consequently various impacts on collaborative tie 

formation. The extant literature on cognitive proximity points towards two critical factors.  

First, the impact of cognitive proximity on knowledge sourcing is determined by the 

dominant nature of knowledge and its complexity in a given sector. Complex knowledge is 

sticky and is thus less likely to be transmitted over a large distance (Balland and Rigby 2016). 

This is not the case in sectors dominated by ‘simple’ knowledge, which can be documented in 

different forms and diffused over distance (Sorenson, Rivkin, and Fleming 2006).  

Secondly, the relevance of cognitive proximity for establishing collaborative ties 

changes over time, as industries mature. Ter Wal and Boschma (2011) argue that the growing 

phase of an industry is characterized by a high degree of uncertainty, because there is no 

dominant standard or an established market. Therefore, actors mostly rely on their informal 

social relations and cognitive proximity plays a crucial role in establishing a new tie. This 

theoretical argument draws attention to the dynamic nature of proximity dimensions, where 

one dimension can substitute or complement another one (Balland, Boschma, and Frenken 

2015; Broekel 2015). Balland and Rigby (2016) studied patenting behaviour in the US between 

1975 and 2010 and found evidence that supports this theoretical argument. They show that 

there is a direct link between the geographical distribution of activities and the complexity of 

underlining knowledge bases, as more complex activities agglomerate in large cities and 

metropolitan areas. This might be due to geographical proximity compensating for the lack of 

cognitive proximity in a growing number of research-related sectors, which require 

collaborations with an increasing team size consisting of experts from different scientific fields 

(Balland, Boschma, and Frenken 2015).  
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This brief review of empirical studies shows how the relevance and magnitude of 

effects of proximity dimensions vary across sectors and over time. The differences might be 

due to the fact that sectors have various properties in terms of the structure of sources of 

technology, requirements of users, possibilities for appropriation (Pavitt 1984), knowledge 

bases (Asheim and Coenen 2005) and the degree of maturity of underlying industries (Klepper 

1997). Therefore, it is reasonable to assume that the relevance of proximity dimensions changes 

across sectors. Notwithstanding the fruitfulness of the proximity framework for several fields 

of innovation studies, there has not been much cross-fertilization between the proximity 

literature and sectoral systems of innovation (Boschma 2018). In other words, we still have 

little knowledge of how different dimensions of proximity form and transform knowledge 

networks in different sectors (Boschma and Martin 2010; Boschma 2018). Thus, the remainder 

of this article focuses on the impact of different proximity dimensions on knowledge tie 

formation within sectors in one empirical setting. 

 

5.3. Empirical setting 

5.3.1 Data 

Norwegian research funding is distributed through two channels, namely basic research 

funding for research institutions and the Research Council of Norway (NCR)38. The present 

research used participation in the R&D projects subsidized by the RCN between 2005 and 2016 

as the data source. This database includes 35,663 projects, of which 23,183 were carried out 

by more than one organization (i.e. were joint projects). We assumed that participants in a joint 

project create bilateral knowledge ties and mutually learn from one another, whereby we 

mapped knowledge exchange between various actors. These projects were conducted by 4,623 

actors,39 ranging from private firms to publicly funded organizations40.  

This database also provides one or more tags for each project showing the domain of 

activities in one or several fields. The RCN allocates multiple tags to every funded project, 

based on project descriptions and the domain of knowledge of research project. There are three 

levels of tags (‘topic group’, ‘topic’ and ‘subtopic’), and the lowest level has more than 125 

tags. Many of these subtopics are sector specific. We categorized four sectors at the subtopic 

level and used this categorization to determine to what sectors each project belonged. Since a 

project could span several sectors, it allowed us to observe whether firms and organizations 

collaborate in more than one sector. This is of great importance, because it allowed us to move 

beyond the traditional view of firms as being isolated in a given sector and capture sectoral 

interdependencies. Table 5.1 shows the number of collaborative ties (each pair of two given 

organizations) within and across sectors at the aggregate level. As can be seen, between two 

and eight per cent belonged to more than one sector; the highest overlap was between the 

 
38 The EU framework programme is an additional research scheme which is of much smaller magnitude, compared 

to the two main research programs in Norway. 
39 After careful data cleaning, 4% of the actors could not be identified and were removed from the database. 
40 We categorized actors in 13 categories: (1) association and industry organizations, (2) banks, (3) private firms 

and companies, (4) county level administrations, (5) government agencies, (6) independent research institutes, (7) 

municipalities, (8) NGOs, (9) public hospitals and health organizations, (10) public-private cluster organizations, 

(11) schools and museums, (12) university and university colleges (“høyskole”), and (13) Others. 
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marine and the maritime sector, and the lowest between oil and gas and biotech. This attribute 

of data played a crucial role because we disaggregated this data at the actor level and used this 

to create a cognitive portfolio for each actor, taking sectoral interdependencies into account.  

 

 Biotech Oil & gas Marine Maritime 

Biotech 9520    
Oil & gas 143 8134   
Marine 482 563 13546  
Maritime 248 201 735 8889 

Table 5.1 The number of collaborative ties at the aggregate level 

 

The average duration of R&D projects is 3.092 years. Figure 5.2 shows the position of 

actors, as well as the collaborative ties at the beginning of four time periods, each spanning 

three years. Most organizations are located in or near one of four large Norwegian cities (Oslo, 

Bergen, Trondheim and Stavanger).  
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Figure 5.2 Position of actors and collaborative ties in R&D projects in Norway 

Note: only highly repeated collaborations are shown 

 

5.3.2 Sectors 

In recent years, the RCN has shifted its funding focus towards the long-term research and 

higher education plan developed by the Norwegian parliament (Regjeringen 2018). The RCN 

steadily increased research funding from NOK 6.3 billion in 2011 to NOK 7.8 billion in 2015. 

The council serves under the Ministry of Education and Research, and half of the funding 

comes from this ministry and the Ministry of Trade and Industry.41 The only specific industrial 

sectors mentioned in the long-term plan are the oil and gas, marine and maritime sectors. These 

are Norway’s three largest industrial sectors, and the Norwegian innovation system was 

originally designed by and has evolved based on them (Reve and Sasson 2012). We analysed 

 

41 The purpose of the Norwegian Research Council is stated on its webpage: The Research Council provides 

advice on how and in which areas to target investments in Norwegian research efforts. We have been charged 

with strengthening the knowledge base and encouraging research that can help to solve the Grand Challenges. 

The Research Council of Norway (2018) works to add value to the research system by facilitating research that 

actors in the system could not successfully achieve working on their own. 

 



 

87 

these three sectors to determine whether there are different dynamics between these sectors 

that are not only caused by their maturity levels. As a reference sector, we included biotech as 

one of the sectors built on an increasingly growing industry. This sector is regarded as one of 

the highly innovative fields and has attracted a great deal of attention in recent years, both in 

innovation research and in Norwegian research funding (Kunnskapsdepartmentet, 2011). 

 

Biotech 

In Norway, the biotech industry and its related field of research is rather small compared to 

other countries. The industry mostly consists of small, innovative start-ups (Lie, 2014). In the 

Norwegian research system, medicine and health represent one of the largest research areas. 

However, the lack of a strong industry means that most projects are conducted by publicly 

funded actors. The most substantial contribution of this sector to the Norwegian economy are 

joint projects in the aquaculture industry (The Research Council of Norway 2016), where there 

is an increasing need for knowledge concerning fish health and environmental issues related to 

salmon farming.  

 

Oil and gas sector  

This sector makes an enormous contribution to the Norwegian economy. The sector includes 

not only the major companies that run the oil and gas fields, but also the companies that provide 

them with services. Over the last 50 years, a substantial part of the Norwegian industry 

infrastructure has increasingly become directly or indirectly involved in oil and gas activities. 

The health of the oil and gas sector fluctuates with oil prices. Between 2005 and 2014, it was 

consistently in good health, with a small drop during 2008. However, in 2014, the price crashed 

and the industry faced a crisis, leading to the downscaling of all industries related to the oil and 

gas sector (Petroleum 2018). Accordingly, the turmoil might have resulted in increased interest 

in long-term projects, due to companies’ increased access to personnel and willingness to invest 

in alternative future markets. Similarly, applying for government funding for long-term 

research could be more attractive when internal funding is scarce. 

 

Marine sector  

The marine sector in Norway relates to all production of seafood, including fisheries and 

aquaculture. This sector has experienced strong development in recent years. Its export value 

has tripled over a ten-year period. At the same time, this sector has encountered difficulties, 

particularly in salmon aquaculture. Issues with salmon lice, pollution and escapes have put the 

sustainability of the industry into question and halted the growth of production volume 

(Hersoug 2015). In order to maintain its reputation and competitiveness, the sector has tapped 

into broader knowledge sources to be able to deal with these issues, such as marine ecology, 

nutrition science, breeding, oil and gas engineering, artificial intelligence, medicine and 

pharmaceuticals. Since the sector has been identified as a primary growth industry in Norway, 

we expect that these issues have received more research attention in recent years (NFD 2017). 

 

Maritime 

Norway has the world’s second largest offshore fleet. The modern maritime sector dates back 

to the end of the 19th century. Maritime is also the second largest exporting sector in Norway, 
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after oil. The share of this sector in the Norwegian economy is significant and was reported to 

be stable between 2005 and 2015 (Menon, 2017). The maritime sector has increasingly 

supplied the Norwegian oil and gas industry with vessels and technical solutions. In fact, most 

of the growth in this sector is related to the oil and gas industry. As a result, it was adversely 

impacted when the oil price plummeted in 2014. ‘From 2004 to 2014, almost all of the growth 

occurred in the part of the maritime industry providing services to the oil industry. After the 

oil price drop, 10,000 jobs disappeared in the maritime industry by 2015. This represented one 

out of ten jobs. When the totals for 2016 are available, they are likely to represent two out of 

ten jobs in the industry.’ (Menon, 2017, p. 3). 

Tables 5.2 and 5.3 provide a brief overview of R&D projects in the biotech, oil and gas, 

marine and maritime sectors across the time windows. In the following sections, we model and 

interpret the driving forces behind the establishment of collaborative ties, from a proximity 

perspective. 
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Table 5.2 Overview of the R&D database in Norway 

* Small actors: < 50 employees; medium-sized actors: 50–250 employees; large actors: 250 

employees 
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Table 5.3 Overview of the R&D network in Norway 

Note: smallworldness is calculated for the largest component of the network. Core–periphery 

is a Gini coefficient. 

 



 

91 

5.3.3 Variables 

Given the scale and the number of observations, we used the gravity model operationalized by 

a series of regression models, where the unit of analysis was an actor pair (Appendix 1 provides 

further clarification on the method). Since we were interested in modelling the establishment 

of collaborative ties, the dependent variable was a dummy variable. It takes the value of one 

when there is a collaborative tie between a pair in a given time window, and zero otherwise. 

Since the concept behind the gravity model has a multiplicative form, we could implement this 

in a linear model, by log-linearizing the original model. This indicates that we needed to 

express non-categorical variables in logarithmic forms. The remainder of this section 

introduces the independent and control variables at the dyad and node levels. 

 

Proximity variables42  

The concept of proximity can be very well expressed at the dyad level, because proximity is 

the extent to which two economic agents are close at different levels or share a common 

property (Boschma, 2005). Notwithstanding the common use of the Euclidian distance to 

define geographical proximity, it does not capture the non-linear relation between geographical 

distance and knowledge sourcing. Sonn and Storper (2008, 1021) note: ‘[...] time and costs are 

not linearly related to distance. Rather, they resemble a step function in which marginal costs 

rise very steeply once an overnight step is required. [...] distance should therefore be defined 

as a discontinuous variable with distinctive thresholds values. This is especially the case in 

Norway, because 20 per cent of the population live in the four largest cities, where most 

universities, firms and research organizations are clustered. In order to tackle this problem, we 

distinguished between local and non-local knowledge sourcing, in order to capture the effect 

of geographical proximities.  

In this light, we created a dummy variable (SAME_ AGGLOM) that captures the local 

knowledge sourcing. SAME_AGGLOM takes the value of one when two interacting actors are 

located in the same agglomeration43, and it takes the value of zero otherwise. Alternatively, 

DIF_AGGLOM captures non-local interactions between four large agglomerations in Norway. 

It takes the value of one for collaborating actors located in different agglomerations and the 

value of zero otherwise. ONE_AGGLOM is a dummy variable that distinguishes between 

collaborations with one collaborator located in an agglomeration and one collaborator not 

located in one of the four agglomerations (taking the value of one). By doing so, the location 

of both collaborators in non-agglomeration areas served as a baseline variable, compared to 

which the effect of other geographical proximity variables could be measured.  

We defined a proxy for institutional proximity (INST_P), based on the communalities 

and differences in the routines and procedures of organizations. Broekel and Boschma (2012) 

argue that public and private organizations diverge in terms of their objectives and strategies. 

Therefore, INST_P is a dummy variable. It takes the value of one when both interacting 

 
42 We model three proximity dimensions excluding the organizational and social proximities, because we lack 

required data for creating a proxy for these proximities. 
43 Agglomerations are the four largest cities in Norway (Oslo, Bergen, Trondheim, and Stavanger) in Norway with 

their surrounding municipalities.  
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organizations are publicly funded or privately funded. When one actor is publicly funded and 

one is privately funded, it takes the value of 0. 

Cognitive proximity is the extent to which two actors are capable of understanding and 

interpreting exchanged information (Cohen & Levinthal, 1990), which is essential for 

collaboration (Nooteboom, 1999). As mentioned, the Norwegian R&D database includes data 

on the domains of activity for each project. Building on this, we disintegrated these domains 

of activities and assigned them to each project participant. This provided cognitive portfolios 

for all participants. The cognitive portfolio is a function of the intensity and diversity of 

projects, in which a given participant has taken part. A proxy for cognitive proximity (COG_P) 

was defined as a continuous variable, based on the number of overlapping domains of activities 

(log-transformed) that collaborators have in their R&D portfolios. 

 

Control variables  

These variables were designed in order to control for individual effects that might bias the 

results of the econometric model. In order to define a proxy for the size of organizations, we 

created SIZE based on a widely used method (see e.g. Buchmann & Pyka, 2014.) SIZE is a 

categorical variable that takes three values:  

• Category 1 (small): < 50 employees, 

• Category 2 (medium): 50–250 employees 

• Category 3 (large): > 250 employees. 

TYPE is a discrete variable at the collaborator level taking values between one and 

thirteen, which represents a fine-grained differentiation type of interacting collaborators44 in 

order to control for the differences of the routines and procedures of interacting organizations.  

The importance of agglomeration in terms of skilled labour pooling (Marshall, 1920), 

competitiveness (Porter, 1998) and labour division (Jacobs, 1969) has been widely discussed. 

These factors are of great importance when it comes to knowledge sourcing (Carlino and Kerr 

2015). AGGLOM is a dummy variable. It takes the value of one when an actor is located in an 

agglomeration and takes the value of zero otherwise. It is worth noting that control variables 

were defined at the organization (node) level and include two sets of the same variables at the 

origin and destination of each collaborator pair (for the descriptive statistics of variables, see 

Table 5.4; for the correlation matrix, see Appendix 2).  

 

 

 

 

 

 

 

 

 
44 The fine-grained differentiation consists of the following types: firm, independent research institute, university, 

knowledge sharing agencies (e.g. school and museum), association, bank, county level administration, 

government agency, municipality, NGO, public hospital and health organization, public/private cluster 

organization, and others. 
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 N Mean St. Dev. Min Pctl(25) Pctl(75) Max 

SAME_AGGLOM 1,647,144 0.098 0.298 0 0 0 1 

DIF_AGGLOM 1,647,144 0.233 0.423 0 0 0 1 

ONE_AGGLOM 1,647,144 0.488 0.500 0 0 1 1 

INST_P 1,647,144 0.700 0.458 0 0 1 1 

COG_P 1,647,144 1.538 0.567 0.000 1.099 1.946 3.738 

SIZE_ ORIGIN 1,644,929 1.861 0.879 1.000 1.000 3.000 3.000 

SIZE_ 

DESTINATION 
1,647,140 1.588 0.806 1.000 1.000 2.000 3.000 

TYPE_ORIGIN 1,647,144 2.717 2.100 1 2 2 13 

TYPE_ 

DESTINATION 
1,647,144 2.448 1.727 1 2 2 13 

AGGLOM_ 

ORIGIN 
1,647,144 0.459 0.498 0 0 1 1 

AGGLOM_ 

DESTINATION 
1,647,144 0.434 0.496 0 0 1 1 

Table 5.4 Descriptive statistics of the variables of interest 

Note: organization pairs are the units of analysis in this study. They correspond to (n*(n-1))/2, 

where n is the number of organizations. 

 

5.4. Results and discussion 

This section focuses on the results of the gravity model operationalized by a set regression 

models. To probe the significance of temporal dimension and sectoral specificity, we ran the 

model at the aggregate level several times, controlling for different factors in each iteration. 

Table 5.5 shows the model results. Model 1 only captures the effects of three proximity 

dimensions. The first two rows of this model show a positive and statistically significant effect 

of the co-location of actors in one agglomeration and different agglomerations, which 

illustrates the importance of both local and non-local relations in agglomerations compared to 

the relations located in non-agglomeration areas. The impact of the location of only one 

collaborator in each collaborator pair is negative on the establishment of collaborative ties. The 

effect of institutional and cognitive proximities is also negative.  

Model 2 includes only the control variables, showing positive impacts of the variables 

on forming collaborative ties. This is consistent with our expectations, which is supported by 

the literature in economic geography and innovation studies. Conversely, by adding the control 

variables, the negative impact of institutional (INST_P) and cognitive proximity (COG_P) 

becomes positive in Model 3, while the positive impact of intra- and inter-agglomeration 

remains constant and statistically significant. Models 3–6 include fixed effects on sectors and 

time windows, in order to control for unobserved heterogeneity across sectors and over time. 

While Model 6 with fixed effects on both sectors and time windows provides the best goodness 

of fit, the sign and significance of reported coefficients remain robust against these 

specifications.  
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Dependent variable: a dummy variable (each organization pair that has 

collaborated in at least one R&D project takes the value of one, otherwise takes 

the value of zero) 

 Baseline 

(1) 

Controls 

(2) 

Full Model 

(3) 

Full Model 

(4) 

Full Model 

(5) 

Full Model 

(6) 

SAME_AGGLOM 1.509***  0.862*** 0.839*** 0.816*** 0.809*** 
 (0.010)  (0.015) (0.015) (0.015) (0.016) 

DIF_AGGLOM 0.816***  0.233*** 0.215*** 0.219*** 0.202*** 
 (0.009)  (0.014) (0.014) (0.015) (0.015) 

ONE_AGGLOM -0.211***  -0.235*** -0.237*** -0.240*** -0.241*** 
 (0.008)  (0.009) (0.009) (0.010) (0.010) 

INST_P -0.274***  0.299*** 0.314*** 0.391*** 0.396*** 
 (0.008)  (0.009) (0.009) (0.009) (0.009) 

COG_P -0.090***  0.184*** 0.168*** 0.343*** 0.329*** 
 (0.007)  (0.007) (0.007) (0.007) (0.007) 

SIZE_ ORIGIN  0.758*** 0.778*** 0.757*** 0.539*** 0.522*** 
  (0.005) (0.005) (0.005) (0.006) (0.006) 

SIZE_ DESTINATION  0.903*** 0.907*** 0.901*** 0.638*** 0.634*** 
  (0.005) (0.005) (0.005) (0.005) (0.005) 

TYPE_ORIGIN  0.070*** 0.086*** 0.082*** 0.074*** 0.070*** 
  (0.002) (0.002) (0.002) (0.002) (0.002) 

TYPE_DESTINATION  0.128*** 0.141*** 0.143*** 0.108*** 0.109*** 
  (0.002) (0.002) (0.002) (0.002) (0.002) 

AGGLOM_ORIGIN  0.522*** 0.283*** 0.255*** 0.137*** 0.123*** 
  (0.009) (0.011) (0.011) (0.011) (0.011) 

AGGLOM_ 

DESTINATION 
 0.615*** 0.304*** 0.303*** 0.197*** 0.205*** 

  (0.009) (0.011) (0.011) (0.011) (0.011) 

Sector fixed effects NO NO NO YES NO YES 

Time fixed effects NO NO NO NO YES YES 

Constant -3.241*** -7.726*** -8.131*** -7.584*** -10.365*** -9.808*** 
 (0.013) (0.019) (0.025) (0.028) (0.031) (0.034) 

Observations 1,647,144 1,644,925 1,644,925 1,644,925 1,644,925 1,644,925 

Log Likelihood 
-

266,087.200 

-

229,724.700 

-

225,711.500 
-221,050.800 -191,360.700 -188,544.000 

Akaike Inf. Crit. 532,186.300 459,463.400 451,447.000 442,131.700 382,751.400 377,124.000 

R2 (adjusted) 0.02 0.11 0.12 0.13 0.21 0.23 

 *p<0.1; **p<0.05; ***p<0.01 

Table 5.5 Result of the regression models at the aggregate level 
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Following the longitudinal empirical studies by Balland et al. (2013), Lazzeretti and 

Capone (2016), and Broekel and Bednarz (2019), we ran the model for each time window45 

and sector separately, in order to capture the extent to which the magnitude of effects varies 

over time. Appendix 3 shows the goodness of fits. To present the results more clearly, we 

visualize the results by plotting the coefficients of each variable with its 95% confidence 

interval for each time window. Therefore, we show the magnitude of the effects across time 

windows and whether these effects are statistically significant. 

 

5.4.1 The dynamic impact of proximity dimensions 

We start by analysing the results regarding the impact of geographical proximity46 on the 

establishment of inter-organizational collaborative ties. We created a proximity measure at the 

agglomeration level, capturing the effect of co-location in the same agglomeration on inter-

organizational collaboration (SAME_AGGLOM). The results indicate that co-location in an 

agglomeration has a positive impact on the formation of collaborative ties. The positive impact 

remains constant across the time windows in biotech, oil and gas and maritime. We observe a 

slight decrease in the weight of this effect in the marine sectors. Ter Wal (2014) shows that the 

effect of geographical proximity diminished and was replaced by social proximity in the case 

of the biotech industry in Germany. Conversely, our findings suggest that the geographical co-

location has a consistent positive impact on knowledge sourcing. Our findings are supportive 

of those of Balland et al. (2013) in the case of the global video game industry. They also 

demonstrate the growing importance of geographical proximity over time. 

However, the result on the relevance of non-local collaborations (DIF_AGGLOM) 

reveals a higher degree of heterogeneity. While the geographical location of collaborators in 

different agglomerations contributes to inter-organizational collaborations across the four 

sectors, the change in magnitude of effects follows different patterns across sectors. We 

observe a decreasing importance of non-local collaboration in the biotech, marine and maritime 

sectors. In other words, as geographical distance crosses the agglomerations boundaries, the 

likelihood of getting involved in a common R&D project decreases. In the case of biotech, this 

result corresponds to the theoretical expectation. This is because biotech is a prime example of 

a highly complex sector and includes an increasing number of high-tech research areas (Ter 

Wal 2014).  

This is also consistent with the findings presented by Balland and Rigby (2016), which 

show that complex activities tend to cluster in space. However, a similar pattern in the maritime 

and, to a larger extent, the marine sector is surprising, because these are well-established fields 

of activities that consist of mature technologies. Most companies and research actors in Norway 

are based in one of these agglomerations. Therefore, this result might be due to the geographical 

particularities of Norway.  

 
45 Four time windows include all collaborative ties in the following time windows: 2005-2007, 2008-2010, 2011-

2013, and 2014-2016. 
46 As explained before, the baseline variable for the geographical proximity is the location of both organizations 

in non-agglomeration regions, and thus, the effect of proximity variables should be interpreted compared to the 

baseline variable. 
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This finding might also point towards a policy effect, and the attributes of a given 

national innovation system as an alternative factor, that increases the relevance of geographical 

proximity. We, however, refrain from drawing such a conclusion and leave it as an open 

question for future research. The oil and gas sector remains stable over time. This might be due 

to the sectors’ maturity in the Norwegian knowledge system. Over the years, Norway has built 

a very well-functioning knowledge network around its profitable petroleum industry, but with 

a set of dominating knowledge actors (Simensen & Thune, 2018). This might have resulted in 

a rigid network with a low number of entries and exits. 

The last variable related to the impact of geography (ONE_AGGLOM) captures the 

effect of the location in an agglomeration of only one collaborator in each pair. Interestingly, 

this effect is negative across all sectors’ time windows. There is similar heterogeneity to that 

of DIF_AGGLOM across sectors. The effect of this variable becomes increasingly more 

negative in the biotech, marine and maritime sectors, while the magnitude of effects remains 

constant in the oil and gas sector. There seems to be a potential explanation for this negative 

effect. It might be due to the relevance of absorptive capacity (Cohen and Levinthal 1990), 

implying that firms and institutes located in peripheral areas do not have the competences 

required to establish a collaborative tie with those in large cities. This is of crucial importance 

for innovation policy, since the landscape of innovation has become increasingly spiky, 

bringing about  
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Figure 5.3 Impact of geographical proximity (SAME_AGGLOM) on the establishment of inter-

organizational collaborative ties 

Note: error bars represent the margin of error corresponding to a 95% confidence interval 
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Figure 5.4 The impact of the location of organizations in different agglomerations 

(DIF_AGGLOM) on the establishment of inter-organizational collaborative ties 

Note: error bars represent the margin of error corresponding to a 95% confidence interval 
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Figure 5.5 The impact of the location of only one organization (in each organization pair) in an 

agglomeration (ONE_AGGLOM) on the establishment of inter-organizational collaborative 

ties 

Note: error bars represent the margin of error corresponding to a 95% confidence interval 

 

Cognitive proximity is of great interest when it comes to sectoral dynamics. Our results 

indicate different patterns and changes in the magnitude of effects across sectors. This result is 

supportive of the main argument behind the sectoral innovation system, which underlines the 

issue of sector specificity (Malerba 2002, 2005). This implies that sectors are functioning under 

different technological regimes and innovation activities are not necessarily similarly 

organized across sectors. This emphasizes the importance of considering sectoral 

characteristics when conducting studies on the dynamics of knowledge collaboration.  

The impact of cognitive proximity on the formation of collaborative ties in biotech is 

positive and statistically significant. The biotech sector is perhaps the archetype of a 

knowledge-intensive sector (Ter Wal 2014). The positive effect of cognitive proximity on 

collaborative tie formation and a slight increase in its magnitude over time was expected, due 

to both the nature of the sector and the structure of this sector in Norway. While biotech is 

already established and getting involved in R&D projects might be the most common strategy 

among organizations in this field (Owen-Smith and Powell 2004), the underlying knowledge 

base is complex and involvement in projects requires a certain degree of field-related 

knowledge and absorptive capacity. This finding is consistent with the conceptual framework 
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developed by Ter Wal and Boschma (2011), which argues that cognitive proximity plays a 

crucial role in establishing collaborative ties in growing industries.  

The cognitive proximity in the marine sector also has a positive and statistically 

significant impact on the formation of inter-organizational relations. However, the magnitude 

of the effects increases more quickly across the time windows compared to biotech. It is an 

unexpected and interesting finding that this sector resembles biotech more than the oil and gas 

industry. While a high degree of codification decreases the relevance of cognitive proximity 

for knowledge sourcing (Cowan, Jonard, and Özman 2004), the opposite is reported in the case 

of the marine sector.  

Although this is one of the oldest sectors in Norway, the importance of cognitive 

proximity might be the result of the change in the industry towards more advanced vessels and 

a large increase in salmon farming. There has been an exponential increase in demand for 

Norwegian fishing products and substantial changes in the composition of actors in the R&D 

network. The growth of salmon farming (now a substantial part of this industry in Norway) has 

resulted in a wide range of industry-specific challenges. The boom in farmed fish has led to an 

increased focus on issues related to the impact on the wild salmon population, local 

environmental issues in coastal waters, and alarming problems associated with salmon lice and 

related diseases. Because salmon farming is one of Norway’s core industries, government 

actors have targeted these challenges in recent years. The upturn in the industry has, coupled 

with stricter governmental regulations, forced actors to adapt their strategies to confront new 

challenges (Sarpebakken and Ubisch 2017). This has also motivated a larger number of firms 

and organizations (partly subsidized by the Norwegian Research Council) to collaborate with 

the biotech sector in tackling the challenging issues (Hersoug 2015). Examples of such 

collaborations are marine biotechnology and health-related research communities that focus on 

solving the disease and environmental issues. Given the ever-increasing complexity of cutting-

edge technologies, these projects require the teamwork of experts with small cognitive 

distances, that is, experts from the same or related fields (Nooteboom 2000b; Hidalgo 2015; 

Balland and Rigby 2016).  

The oil and gas sector demonstrates a negative impact of cognitive proximity on inter-

organizational collaborations. We interpret this effect as a result of forces at the national and 

international levels. This sector represents the largest industrial sector in Norway (Prestmo, 

Strøm, and Midsem 2015), with a diverse range of actors collaborating to develop technologies 

for extracting offshore oil and gas. The oil and gas sector functions mainly through 

collaborative engineering projects involving heavy equipment, massive machine tools and the 

related infrastructure. While it has the characteristics of a mature industry, the sector has 

experienced considerable turbulence over the last 10 years. Between 2005 and 2016, it first 

experienced an enormous boost followed by a market shock, due to the collapse of oil prices 

in 2014. The industry had expanded between 2009 and 2014, when the oil price was 

exceptionally high. The negative coefficients of cognitive proximity indicate a larger number 

of interactions between actors with various technological portfolios. 

Contrary to biotech, this sector’s long history and the strong degree of codification of 

knowledge enables actors with diverse knowledge backgrounds to get involved in R&D 

projects. It is plausible that the structure of the Norwegian continental shelf has called for more 

advanced petroleum extraction methods (Engen, Simensen and Thune, 2018). This has 
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increased the need for new technologies in this sector and led to an increasing number of 

interactions with actors from other fields, such as ICT and robotics. The 2014 drop in the oil 

price could have further amplified this effect, because companies probably had to shift from 

oil- and gas-related activities to other knowledge domains and markets when uncertainty in the 

sector was high.  

The maritime sector has experienced a transition in terms of the impact of cognitive 

proximity on establishing inter-organizational collaborative ties. The effect is negative in the 

first two time windows and insignificant in the last two. Compared to other sectors, this pattern 

resembles that of the oil and gas sector. This may be due to the dependence of the sector on the 

oil and gas sector. For instance, many maritime-related companies have traditionally provided 

services to the oil and gas industry. In recent years, these companies have been involved in 

developing solutions for the aquaculture industry and renewable energy projects. This involves 

applying knowledge about sea structures to larger and more complex fish farms further out to 

sea and offshore wind farms (Mäkitie et al., 2018). The change in the impact of cognitive 

proximity on the formation of collaborative ties could be a result of two opposite development 

mechanisms. One mechanism is going in the direction of collaborating with more similar actors 

to develop technology for their core market (e.g. shipping), while the other is going in the 

direction of collaborating with actors from other knowledge areas, such as the marine sector 

(Hersoug 2015). In addition, as mentioned above in the case of the oil and gas sector, 

experimentation with a more long-term research programme could have been intensified due 

to the uncertainty about the current business strategy of organizations in this sector. 
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Figure 5.6 The impact of cognitive proximity (COG_P) on the establishment of inter-

organizational collaborative ties 

Note: error bars represent the margin of error corresponding to a 95% confidence interval 

 

Three of the four sectors in this study are arguably mature, yet they show various 

network dynamics. Sectoral attributes derived by endogenous and exogenous factors seem to 

have an impact on the knowledge sourcing patterns. Experimentation and exploration in the oil 

and gas sector and the sector’s need for more engineering-related knowledge, perhaps together 

with their search for new markets, have created incentives for organizations to collaborate with 

cognitively distant actors. The growth of the marine sector, however, seems to have been 

fuelled by a development in the opposite direction. The increasing need to develop advanced 

fish farms has led to more involvement in knowledge-intensive collaborations. The 

environmental and fish health issues call for solutions in biological and health-related 

knowledge domains. This might explain why the importance of cognitive proximity has 

increasingly become similar to its importance in the biotech industry. Our findings suggest that 

sectors constantly change as a reaction to exogenous factors such as institutions, market 

conditions and technological changes. This might account for the varying knowledge sourcing 

patterns across sectors with a similar degree of maturity and knowledge composition (Klepper 

1997; Manniche, Moodysson, and Testa 2017). Sectors also adapt their knowledge sourcing 

activities as a reaction to the internal dynamics and external forces in the innovation system. 
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Moreover, the empirical results suggest that there is an evolutionary dimension to 

proximity dimensions. This is of critical importance, since it has been ignored in most studies. 

Only recently have some works theoretically argued (Balland, Boschma, and Frenken 2015) 

and empirically showed (Broekel 2015) that the dynamic nature of proximity dimensions 

should be taken into account. Yet, a precise understanding of the evolution of proximity 

dimensions is lacking. The results contribute to the growing literature and illustrate how the 

proximity dimensions evolve in various sectoral settings. 

 

5.4.2 Control variables  

We now briefly report and discuss the findings regarding the control variables (see Appendix 

4 for more details). The effect of institutional proximity is similar across the four sectors and 

the magnitude of the effect does not change considerably over time. The models also have three 

sets of control variables at the collaborator level. SIZE_ORIGIN and SIZE_DESTINATION 

approximate the impact of the size of organizations on inter-organizational relations. The 

positive results indicate that large organizations are more likely to initiate an inter-

organizational collaboration. This does not come as a surprise, because larger organizations 

have more resources and more incentives to collaborate.  

The second sets of control variables check whether there is a distinction between public 

institutes and private ones in terms of establishing new collaborative ties (TYPE_ ORIGIN and 

TYPE_DESTINATION). The results clearly indicate that publicly funded organizations are 

more likely to initiate collaborations, which is in line with previous literature (e.g. Owen-Smith 

and Powell 2004; Trippl and Otto 2009; Patton and Kenney 2010). Finally, AGGLOM_ORIGIN 

and AGGLOM_DESTINATION control for the impact of agglomeration on the capability of 

organizations to create inter-organizational ties. The estimations clearly show the positive 

impact of large cities and urban regions on promoting joint R&D collaborations.  

 

5.5. Conclusion 

The aim of the present research was twofold. First, to address a conceptual issue in the sectoral 

system of innovation literature (Malerba 2009), whereby the multi-layered interdependencies 

of sectoral actors in knowledge sourcing cannot be empirically observed. Following Boschma 

(2005), we postulate that knowledge sourcing is embedded in five proximity dimensions within 

sectors. Secondly, to conduct an empirical work in order to gain a better understanding of the 

dynamic impact of proximity dimensions on four sectors in Norway. While proximity literature 

has received a great deal of attention, most empirical studies have been limited to geographical 

areas (Molina-Morales et al. 2015; Lazzeretti and Capone 2016; e.g. Belso-Martínez et al. 

2017). Our study provides empirical evidence on how sectors and proximities co-evolve, which 

was lacking in the literature (Boschma, 2018). 

Furthermore, we have shown that sectoral approaches have mostly used static 

classifications (NACE codes or industry classification benchmark) to point out the sectoral 

differences. However, such classifications provide little information about sectors’ specificity, 

dynamics and knowledge sourcing patterns. For instance, Coad (2019) observes no sectoral 

pattern regarding R&D intensity using a conventional sectoral classification. However, by 
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controlling for limitations originating from sectoral classifications, our results point towards 

the varying relevance of cognitive and geographical proximity dimensions regarding the 

establishment of collaborative ties across sectors and over time.  

We conjecture this variance to be a result of sectoral dynamics coupled with the 

complexity of underlying knowledge in a given sector. For instance, in the case of the marine 

sector, a new set of regulations and the growth of the sector increased the importance of 

cognitive proximity in establishing collaborative ties. While the cognitive proximity mostly 

has a negative impact on inter-organizational collaboration in the oil and gas and maritime 

sectors, the marine sector shows characteristics similar to the biotech sector, which is known 

as a growing knowledge-intensive industry (Owen-Smith and Powell 2004).  

The same applies to the impact of geographical proximity. While co-location in the 

same agglomeration constantly contributes to knowledge sourcing, non-local relations have 

become less important in sectors with an increasing degree of complexity of the underlying 

knowledge and sectoral dynamics. By supporting a few recent studies that assert the need to 

take into account the dynamic nature of proximities (Balland, Vaan, and Boschma 2013; Ter 

Wal 2014; Broekel 2015), our study adds the relevance of sectoral dynamics to this framework. 

In general, it is difficult to observe the outcomes of network dynamics merely from the rationale 

behind Pavitt’s (Pavitt 1984) sectoral patterns or in the lifecycle literature (Klepper 2007), or 

to postulate expectations from the type of knowledge bases in sectors (Asheim and Coenen 

2005). Thus, future studies that aim at defining a new taxonomy of sectors based on their 

knowledge sourcing attributes can take this study as a point of departure. 

Of course, the present research was not perfect in any form and the shortcomings need 

to be addressed by future research. First, we did not control for potential changes in the design 

of R&D policy during the twelve-year time period. While a radical change in the funding 

scheme in the Norwegian national policy is not reported in the literature, such changes could 

potentially bias our results. Thus, future studies can use our findings as a point of departure to 

study how various policy schemes in the Norwegian innovation systems and sectors co-evolve. 

Second, our findings show the changing impact of the cognitive dimension across 

sectors and time windows. This issue calls for studies that investigate sectors in relation to the 

complexity of their knowledge bases by taking a combinatorial approach (Asheim, Grillitsch, 

and Trippl 2017; Manniche, Moodysson, and Testa 2017), as well as its impact on the decision 

of sector actors to choose a particular channel of knowledge sourcing.  

Third, a quick glance at results reveals that there seems to be a negative correlation 

between the relevance of cognitive proximity and non-local relations. Thus, we suggest that 

the study of the joint effect of proximity dimensions is also a topic that merits future research. 

The co-evolution of proximity dimensions has been ignored to a considerable degree in the 

proximity literature (among few sudies, see Juhász and Lengyel 2017). The complementarity 

and substitutability of proximities have a strong implication for innovation policy, since one 

dimension can be replaced or reinforced by the other to strengthen the formation of 

collaborative ties.  

Fourth, the present research modelled inter-organizational relations at the dyad level 

and disregarded tie formation mechanisms forced by network structure (e.g. transitivity as a 

proxy for social embeddedness). To our knowledge, applying more advanced inferential 

network models (e.g. RSiena) to a case study of this scale is computationally intensive and 
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requires the further advancement of models. The advent of new statistical network models 

paves the way for understanding the impact of a knowledge network (as a whole and its 

communities) on the decision of sector actors in knowledge sourcing. Lastly, given the 

structure of the data, we covered only twelve years of R&D activities in four sectors. The ever-

increasing abundance of relational data covering a longer period of time (e.g. see Petralia, 

Balland, and Rigby 2016a) will enable future research to include longer time periods and thus 

capture the transition phase of industries from one cycle to another.  
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5.6. Appendices 

Appendix 1. Statistical method. 

Researchers have several analytic tools for analysing relational data by means of inferential 

statistics (for a review see Broekel et al. 2014). Since the hypotheses are built upon the 

interaction of spatial units, spatial interaction models provide potent analytic tools with which 

to specify the key determinants of network change. The gravity model was derived from 

Newton's law of universal gravitation (see for a detailed review of the model Head and Mayer 

2014). In the 1960s, this model became popular among those who wished to analyse trade 

between countries (e.g. Hasson and Tinbergen 1966). The model implies that larger economies 

(size is mostly measured in terms of GDP) in close proximity, trade more often than to distant 

smaller ones. The basic model is defined as follows: 

𝑋𝑖𝑗 = 𝐾
𝑌𝑖

𝛼 𝑌𝑗
𝛽

𝐷𝑖𝑗
𝜃       (1) 

Xij represents trade volume between two countries i and j; Y is the size of the 

economies; Dij is the Euclidean distance between two countries; and K is a constant. Since the 

gravity model is not a pure statistical model, the model was conducted by using ordinary least 

squares (OLS) (Broekel et al. 2014). We can take the logarithms of both sides and transform 

Equation 1 into a linear form. Adding two new variables stands for any hidden factors at the 

node and dyad levels. 

lnXij = lnK +  αln𝑌𝑖 +  βln𝑌𝑗 −  θ𝑙𝑛𝐷𝑖𝑗 +  δZ + 𝑢𝑖𝑗    (2) 

Using the gravity model has several advantages. First, the model is not confined to 

analysing trade flows based on the size and distance of the economies and it can be augmented 

to include numerous variables at both the node level (e.g. population) and the dyad level (e.g. 

inventors’ collaborations in the context of this paper). Secondly, defining distance takes 

different forms, namely geographical, cognitive, organizational, institutional and social. 

Thirdly, the model can easily be extended to a panel analysis, which is of critical significance 

for the purpose of this study. Lastly, compared to other dominant methods (e.g. the exponential 

random graph model), the gravity model provides better leverage and reliability when case 

studies include a large number of actors (nodes). 
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Appendix 2. The correlation matrix. 
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Appendix 3. The goodness of fits 
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Appendix 4. The estimated coefficients for control variables with the margin of error 

corresponding to a 95% confidence interval 
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Chapter 6  

Endogenous effects and cluster 

transition: a conceptual framework 

for cluster policy 
 

Abstract: The clustering of firms in related fields has a positive impact on economic 

performance and innovative behaviour. The cluster lifecycle model provides a 

framework in order to add an evolutionary dimension to this ongoing debate. This model 

conjectures that clusters undergo various phases, in each of which they exhibit distinct 

characteristics in terms of size, economic performance and knowledge sourcing pattern. 

While there is strong evidence of a dynamic interplay between knowledge networks and 

clusters, we know little about how the structural configurations of a knowledge network 

engender cluster transition, and how these dynamics can be captured and integrated into 

policies. First, this paper contributes to this debate by providing a conceptual framework 

that accounts for cluster evolution based on endogenous micro-forces that are immanent 

in a knowledge sourcing structure. This rests on six endogenous effects: proximity 

dimensions, transitivity, assortativity, preferential attachment, exclusion and multi-

connectivity. Secondly, this article underlines the failures of recent network-related 

cluster policies and discusses how the developed framework alleviates these issues. 

 

Keywords: cluster lifecycle, endogenous effects, cluster actors, knowledge sourcing 

network 
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6.1. Introduction 

It is a common consensus that the co-location of firms and supportive institutions in related 

fields has a positive impact on economic performance and innovative behaviour (Audretsch 

and Feldman 1996). Clustering facilitates knowledge spillovers, input and output linkages, and 

skilled labour pooling (Marshall 1920), and increases firms’ competitiveness (Porter 1998) and 

spinoff activities (Buenstorf and Klepper 2009; Klepper 2010). Scholars argue that there is a 

rather strong interplay between the evolution of clusters and that of knowledge networks 

(Glückler 2007; Menzel and Fornahl 2010; Ter Wal and Boschma 2011). This implies that 

improving our understanding of the dominant drivers of knowledge network evolution 

contributes to the knowledge of how clusters evolve over time.  

Despite numerous studies, the cluster literature is rather weak when it comes to 

demonstrating why a cluster emerges and declines as a result of the configuration of its 

knowledge network. By the same token, the driving forces of cluster diversification are not yet 

well articulated (Lorenzen 2005). Also, the literature does not clearly delineate the dynamic 

interplay between space and networks over time (Lorenzen 2005; Glückler and Doreian 2016; 

Glückler, Lazega, and Hammer 2018). To address such issues, two cluster lifecycle models 

have been developed to provide a better understanding of the process of cluster evolution. 

The first model was developed by Menzel and Fornahl (2010), who scrutinize cluster 

change by taking evolutionary dimensions into account (Boschma and Fornahl 2011). This 

model defines benchmarks for cluster lifecycles based on the age and rate of firm entries and 

exits as well as the capability of cluster actors to establish local and extra-local collaborative 

ties. This model is criticized because ‘aging’ and ‘life-course’ are not properly defined and it 

bears the danger of articulating cluster cycles as a deterministic historical sequence (Martin 

and Sunley 2011). Also, while this model includes networks as one of the main components of 

clusters and acknowledges various network structures across four cluster cycles, the dynamic 

interaction of clusters and networks is not well defined. This implies that the cluster lifecycle 

model does not integrate the impact of network properties in its framework in order to account 

for cluster evolution based on both endogenous and exogenous forces (Trippl et al. 2014; Carli 

and Morrison 2018).  

The second model was developed by Ter Wal and Boschma (2011), who integrate the 

notion of industry lifecycle, networks and the heterogeneities of firms regarding their 

capabilities. They argue that the cluster is not limited to its geographical boundaries and it has 

a dynamic interplay with both extra-regional knowledge sources and changes in underlying 

industries. They argue that clusters reveal various structural properties as they mature, ranging 

from an unstable (fragmented) structure in the early phase, to a core–periphery and a dissolving 

network in the growing and decline phases. While this model points towards the relevance of 

network structure and partly integrates the principles of network theory into the framework of 

how firms, networks and clustering co-evolve, it says nothing about the variety of micro-forces 

and their impacts identified in empirical studies in economic geography (see Appendix 1 for a 

list of empirical studies). Similar to the model developed by Menzel and Fornahl (2010), the 

conceptual framework does not add to our understanding of how this could potentially 

contribute to the design of reality-tailored cluster policy interventions. 
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The new lifecycle approach thus conceptualizes cluster evolution based on micro forces 

that emerge from interactions between main cluster components, namely actors, networks and 

institutions (Fornahl, Hassink, and Menzel 2014). In line with this new approach, this paper 

bridges two gaps in the literature. First, it builds on network theory and modifies the cluster 

lifecycle model by integrating the concept of endogenous effects into the two abovementioned 

models, whereby these effects and clusters interact and their dynamic interplay determines the 

consequent properties of evolving elements. The developed framework rests on six endogenous 

effects: proximity dimensions, transitivity, assortativity, preferential attachment, exclusion and 

multi-connectivity. These effects are contextualized in the cluster studies and are then applied 

to the cluster lifecycle model. This article thus seeks to create a conceptual framework to 

answer the following questions. (1) How do endogenous effects reshape the structural 

configurations of a knowledge network and the knowledge sourcing patterns of cluster actors 

over time? (2) How do endogenous effects in a cluster account for the transition of clusters into 

a new phase?  

Second, this paper underlines the so-called interventionist network-related cluster 

policies and discusses the failures of such policies. Accordingly, this framework suggests a 

new approach to cluster policy and identifies a set of required inputs for policymakers. This 

approach implies that policymakers can take full advantage of the functionality of endogenous 

forces to design timely strategies to facilitate knowledge sourcing within and across clusters as 

well as avoid and overcome lock-in situations. 

This paper is organized as follows. Section 2 presents a review of the cluster literature 

and the relevance of dynamic and network perspectives. Section 3 applies the concept of 

endogenous effects to the cluster lifecycle model and determines how these effects and clusters 

co-evolve. Section 4 discusses how cluster policy benefits from this framework and how it 

minimizes the failure of network-related cluster policies. Section 5 concludes the paper and 

underlines a number of issues for future research. 

 

6.2. On clusters and network dynamics 

6.2.1 Clusters: the unit of analysis I  

Clusters are geographical co-locations of related firms and associated organizations in one or 

several related industries (Marshall 1920; Porter 1998). This gives a basis for defining the first 

unit of analysis and its essential entities. 

Regional context concerns the presence and the impact of other clusters in a region, soft 

and hard infrastructures, development policies, and local and national institutions. These 

components shape the ‘sociocultural milieu’ at the micro- and meso-levels (Maillat 1995). 

Granovetter (1985) argues that economic activities are embedded in the social context. This 

embeddedness accounts for the creation of shared values and common interpretive frameworks 

(Bathelt and Glückler 2011, 131) as well as the generation of ‘local buzz’ (Bathelt, Malmberg, 

and Maskell 2004) within a cluster. 

Firms are the main elements of any cluster and they differ in terms of size, routines, 

skilled labour, relations and absorptive capacity (Cohen and Levinthal 1990). In a cluster, firms 

produce similar products or services, compete with one another and increasingly share common 
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interpretive schemes (Richardson 1972). This points towards the temporal dimension of 

learning, because firms are rather cognitively distant from one another in an emerging industry. 

Over time however, this cognitive gap is reduced due to co-location and through other channels 

of knowledge sourcing (Ter Wal and Boschma 2011).  

Associated organizations (e.g. universities) play a decisive role in a cluster because 

they act as intermediaries between different actors and as knowledge brokers. While private 

companies try to maximize their benefits through patenting and secrecy, associated 

organizations (as non-profit organizations) aim to maximize access to the provided knowledge 

and know-how. Thus, Broekel and Boschma (2012) define institutional distance based on 

commonalities in routines. In other words, associated organizations position themselves at a 

distance from firms regarding routines, and provide firms with complementary services.  

Networks and their dynamics take different forms in a cluster. Visser (2009) specifies 

four types of inter-firm relations: 1) pure spillovers (Marshall’s spillovers); 2) price 

negotiation; 3) vertical and horizontal relations among firms, suppliers and clients; and 4) 

learning networks47. Firms can also go beyond the boundaries of an agglomeration in order to 

tap into novel knowledge. These relations act as ‘pipelines’ and transfer novelty into a given 

cluster. Figure 6.1 is a stylized illustration of clusters demonstrating the abovementioned 

components.  

 
Figure 6.1 Stylized illustration of a cluster 

Source: own illustration  

 

6.2.2 Endogenous effects: the unit of analysis II 

Dyad level effects: proximity dimensions 

The proximity framework conjectures that belonging to the same spatial unit (geographical 

proximity) or social network (social proximity), similarity in interpretation schemes (cognitive 

proximity), rules and laws (institutional proximity), and routines and the degree of coordination 

(organizational proximity) increase the likelihood of a knowledge tie being established between 

two given economic agents (Boschma 2005; Torre and Rallet 2005). Proximity dimensions 

 
47 This study focusses on knowledge networks and refrains from analysing the impact of other types of networks. 
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evolve over time and they transform, reinforce and substitute one another (Balland, Boschma, 

and Frenken 2015; Broekel 2015). For example, senior managers of different firms accidentally 

meet due to geographical proximity and, therefore, a social relation could potentially be 

formed. Over time, social relations decrease cognitive distance and might lead to formal 

collaborations.  

The proximity literature has been supported by a large number of empirical studies. For 

instance, Tanner (2018) empirically shows that geographical proximity is a crucial driver of 

knowledge exchange whose configuration and extent change over time. Lazzeretti and Capone 

(2016) assess the extent to which five proximity dimensions impact innovation networks over 

time. They indicate that social and institutional proximities are the main drivers of tie 

formations. However, crucial proximities in the formation of ties change over time, as 

geographical and cognitive proximities become the most influential driving forces. Moreover, 

the impact of all proximity dimensions becomes weaker over time. Capone and Lazzeretti 

(2016) and Ferriani et al. (2013) underline the significance of social ties and embeddedness in 

triggering innovation and the formation of multiplex economic ties. By the same token, Molina-

Morales et al. (2015) observe the significance of social and geographical proximities whereas 

this is not found for cognitive and institutional proximities. 

 

Network-level effects 

Going beyond the dyadic nature of proximity dimensions, the structural properties of 

knowledge network structure also influence the way future ties are formed. Transitivity is one 

of the most researched network properties. It implies that individuals are more likely to 

establish a tie with someone with whom they are already connected through a third person, 

reflecting the effect of social processes such as embeddedness and social capital (Granovetter 

1973; Coleman 1988; Uzzi 1997).  

Preferential attachment indicates that the evolution of a network is a direct function of 

its structure, where the probability of having new ties is a function of the number of ties that 

each node has already established (Barabási and Albert 1999). This implies that central nodes 

attract a higher share of new ties at the expense of peripheral ones.  

Contrary to the preferential attachment model, assortativity holds when actors establish 

ties with alters who have identical structural position, namely a similar number of already 

established ties48. While preferential attachment is reflected by the shape of the degree 

distribution of nodes, assortativity is presented by the positive (and disassortativity by the 

negative) degree correlation of connected nodes (Rivera, Soderstrom, and Uzzi 2010; Ahuja, 

Soda, and Zaheer 2012). Several studies have investigated the impact of transitivity, 

assortativity and preferential attachment. For instance, Stefano and Zaccarin (2013) found 

transitivity to be the main driver of network change but no effect of preferential attachment.  

Exclusion merits attention when there is a competitive situation, because in such 

situations a tie is created by excluding another node from a knowledge network (Borgatti et al. 

2009). In the context of this paper, firms only cooperate with a limited number of partner 

 
48 It is worth noting that assortativity could also imply the similarity of nodes in terms of their attributes, which 

we define under proximity dimensions in this framework. 
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because having and maintaining a knowledge relation (e.g. a joint research project) is costly 

(Boschma and Frenken 2010).  

Multi-connectivity contrasts preferential attachment and provides an alternative 

explanation for network evolution. Multi-connectivity holds when a network evolves in a 

manner whereby it includes multiple direct and indirect links between diverse nodes (Powell 

et al. 2005; Robins, Pattison, and Wang 2009; Pallotti, Lomi, and Mascia 2013). This implies 

that multi-connectivity connects fragmented cliques as a whole. This effect enables nodes to 

bridge structural holes (Burt 1992). The following figure is a stylized representation of 

endogenous effects. 

 
Figure 6.2 Stylized illustration of endogenous effects and network transition 

Source: own illustration 

 

While a number of empirical studies contribute to our understanding of how clusters 

and network properties co-evolve (for a brief overview, see Appendix 1), cluster literature still 

lacks a comprehensive framework that concurrently underlines temporal and relational 

dimensions. Also, these findings cannot be translated into policy measures. To address these 

problems, this paper builds on Menzel and Fornahl’s (2010) and Ter Wal and Boschma’s 

(2011) cluster lifecycle model and integrates the principals of network theory into the cluster 

transition research.  

 

6.3. Cluster transition and endogenous effects 

6.3.1 Emerging phase 

In the emerging phase, mostly small firms with diverse knowledge bases operate in one 

geographical area (Menzel and Fornahl 2010). It is not a straightforward task to identify an 

emerging cluster because regions do not exhibit distinct signs in this phase. The dominance of 

Marshall’s and Porter’s externalities in the literature has caused confusion between cluster 
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externalities and triggering factors. For instance, Elola et al. (2016) empirically show that 

triggering factors that engender the emergence of a cluster do not matter when the cluster 

matures (Elola et al. 2016). More specifically, Brenner and Mühlig (2013) distinguish three 

promoting factors in emerging clusters: prerequisites, self-augmenting events and triggering 

events. They claim that the factors, which were introduced by Marshall and Porter, are not of 

relevance for the emerging phase because such externalities are immanent in cases that have 

reached a critical mass. For example, in the case of high-tech industries, a cluster emerges due 

to a new discovery, the presence of highly educated labour and an appropriate entrepreneurial 

environment (Patton and Kenney 2010). This implies that a limited number of firms trigger the 

existence of a cluster and new entrants are diversified in origin and experience. New economic 

actors might be new firms entering the region, entrepreneurs and joint ventures. (Dahl, 

Østergaard, and Dalum 2010)  

The triggering role of spinoffs has become more obvious and some scholars call the 

emerging phase the reinforcing process of spinoffs (e.g. Shohet 1998), viz ‘[a] new work 

[being] added to older work’ (Jacobs 1970). In this context, the existence of one or several 

firms along a specific technological path might have momentous consequences for the future 

of a region (Menzel and Fornahl 2010). These firms create a cognitive basis for a region and 

help the region to create its own economic landscape in the long run. Klepper (2007; 2010) and 

Buenstorf and Klepper (2009, 2010) challenge Marshall’s original idea and argue that spinoff 

activities are the main trigger of clustering. This implies that new entrants could also emerge 

from a parent firm and inherit pre-existing practical knowledge and routines. For instance, 

Klepper (2007) shows how the TV industry in the US was developed based on related 

industries. Yet, Klepper could not empirically rule out all Marshallian externalities that might 

be tightly linked with spinoff activities (Boschma 2015). For instance, they could not control 

for the fact that spinoff may benefit from knowledge sourcing in a given geographical area 

because spinoffs ‘… also learned from other tire firms in the region’ (Buenstorf and Klepper 

2010, 113).  

Generally, innovation policies could play a role in increasing the odds of cluster 

emergence (Link and Scott 2003; Longhi 2010; Berg 2014; Martin and Coenen 2014). Thus, 

some scholars believe that institutional requirements precede (rather than follow) the 

emergence of a cluster (Fornahl, Hassink, and Menzel 2014). For instance, publicly funded 

organizations such as universities and government organizations can substantially trigger the 

emergence of a cluster. Considering the well-articulated case of Silicon Valley as an example, 

besides the spinoff activities, cluster prosperity is indebted to Stanford University and its 

Research Park (Saxenian 1994). Contractual relations are limited in this phase because creating 

and maintaining formal relations is costly, and most start-ups and entrepreneurs cannot afford 

such costs. However, some knowledge-based spinoffs might keep in touch with their parent 

universities by conducting joint research projects (Patton and Kenney 2010).  

The radical behaviours of firms in knowledge sourcing engender a constant variation 

in density, structure and the degree distribution of the knowledge network (Ter Wal and 

Boschma 2011), which brings about a fragmented knowledge network consisting of cliques 

and structural holes. The lack of a cohesive structure impedes the functioning of endogenous 

effects at the network level. However, social and geographical proximities are the key drivers 

of cluster transition from an embryonic stage to a critical mass. In this context, uncertainty is 
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high and the dominant mode of knowledge is tacit (Ter Wal and Boschma 2011). While the 

minimum level of cognitive proximity is an essential prerequisite for learning (Nooteboom 

1999), firms encounter difficulties in knowledge sourcing (Ter Wal and Boschma 2011). As a 

result, firms shape relations to institutionally similar partners mostly based on their social 

contacts and random coincidences derived from geographical proximity (Lazzeretti and 

Capone 2016; Hinzmann, Cantner, and Graf 2017).  

 
Figure 6.3 Stylized illustration of a cluster in the emerging phase 

Source: own illustration 

 

6.3.2 Growing phase 

In the growing phase, one or several firms find a niche in the market. As a result, firms grow 

in size and the number of entries and spinoffs increases substantially. The pioneering firms set 

dominant standards (Ter Wal and Boschma 2011). As the size of clusters increases, knowledge 

spillover eases the learning process and pioneering firms crystallize the thematic boundary of 

core activities (Menzel and Fornahl 2010). Accordingly, firms adapt themselves to the new 

environment in order to survive and have a higher market share. This accounts for why new 

entrants with unrelated knowledge bases might be outperformed (Giuliani and Bell 2005). Over 

time, co-location and social networks facilitate the learning process, and firms bridge the 

cognitive gap more easily and locate themselves closer to one another along the cognitive 

dimension. As the number of actors and the density of social networks increase, Marshall’s 

externalities emerge. Newly established associated organizations play a significant role in the 

codification of tacit knowledge, as well as increasing the knowledge spillovers. In addition, the 

growing cluster is coupled with a higher degree of customer–supplier contacts and 

specialization. This condition gives rise to the Porter’s externalities and, consequently, to a 

higher degree of dispersion of firms along the institutional dimension. 
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At this point, in order to overcome the problem of uncertainty, firms follow their 

routines in knowledge sourcing, which is mostly immanent in the emerging phase of a cluster. 

This implies that firms are likely to collaborate with actors with whom they share a common 

past. Several studies show that informal social networks play a crucial role in transferring 

knowledge among firms due to their common past (e.g. Agrawal, Cockburn, and McHale 

2006). Thus, transitivity closes open triads and social embeddedness gains importance over 

pure geographical co-location (Stefano and Zaccarin 2013; Ter Wal 2014; Giuliani, Balland, 

and Matta 2018). At the core of technological boundaries, pioneering firms with a higher 

degree of centrality in a knowledge network attract more ties because they are the sources of 

knowledge and know-how (Giuliani and Bell 2005). Therefore, preferential attachment is the 

dominant driving force in a growing cluster (Orsenigo et al. 1997). In reality, however, the 

degree distribution does not perfectly coincide with the Barabasi–Albert model49 because most 

firms have limited resources to establish a large number of relationships. As a result, firms at 

the core initiate collaborations that are beneficial to them. This excludes other potential partners 

from the core of the knowledge network and changes the network based on its actual structural 

properties (Gulati and Gargiulo 1999). 

The above arguments are in line with a number of recent empirical studies in economic 

geography. Belso-Martinez (2016) shows that well-known firms have less inclination to build 

a connection with recently established firms. Local knowledge networks gradually increase in 

density due to two main factors. First, there is a temporal dimension to endogenous effects, 

which implies that these forces could substitute or complement one another (Balland, Boschma, 

and Frenken 2015; Broekel 2015). For instance, Juhász and Lengyel (2017) empirically show 

that while proximity dimensions and transitivity are the drivers of tie formation, only the joint 

effect of cognitive proximity and transitivity accounts for tie persistence. Secondly, the rich-

get-richer effect derived from preferential attachment forces new entrants to occupy peripheral 

positions. This unfavourable position in a knowledge sourcing network increases the odds of 

exiting a cluster. These two forces coupled with the ever-increasing growth of the underlying 

industry pave the way for the transition of a given cluster to the sustaining phase. 

 
49 The Barabasi–Albert model conjectures that the probability of tie formation is a function of the number of ties 

that a node has already established. 
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Figure 6.4 Stylized illustration of a cluster in the growing phase 

Source: own illustration 

 

6.3.3 Sustaining phase 

In the sustaining phase, employment growth and the rate of entries into and exits from clusters 

stagnate, and surviving firms inside clusters enjoy the advent of supportive institutions (Menzel 

and Fornahl 2010). The strong overlap of knowledge bases among leading firms lowers the 

chance of radical innovation in a region due to the lack of an optimum degree of cognitive 

distance for knowledge transfer (Nooteboom 2000a; Molina-Morales et al. 2015). In the 

sustaining phase, clusters comprise ‘rich’ institutional environments in which firms are highly 

embedded as a result of developing a common language, common norms and values, and 

intense interactions (Staber 2010). The process of institutionalization could remove the hurdles 

of knowledge sourcing and play a positive role in the formation of new ties in a mature industry 

(Iammarino and McCann 2006). 

Since firms at the periphery of the knowledge network already left the cluster, the 

remaining firms at the cognitive core of the knowledge network run the risk of being trapped 

in a cognitive lock-in situation (Ter Wal and Boschma 2011) in which cluster actors rarely 

exchange novel knowledge and innovation processes encounter difficulties. The dense network 

of a cluster calls for building ties with actors in the extra-regional sphere in order to tap into 

the sources of novelty through contractual ‘pipelines’ (Owen-Smith and Powell 2004). In doing 

so, a number of cluster actors need to act as technological gatekeeper and bridge the structural 

hole by creating a tie with the outsiders. This allows not only a specific firm but also other local 

firms to benefit from novel knowledge through already established local ties and the 

mobilization effect. In practice, however, empirical evidence shows that firms with global ties 
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do not always pass novel knowledge on to the other local firms and function as ‘external stars’ 

(Morrison 2008; Giuliani, Balland, and Matta 2018). 

Reaching out for novelty also has an impact on a local thematic boundary. Publicly 

funded organizations and some large firms integrate other standards and values into the 

thematic boundary (Menzel and Fornahl 2010). Crespo et al. (2016) indicate that the cluster 

can manage to foster innovation as long as there is an adequate degree of ‘disassortativity’ (a 

core–periphery structure) in the cluster. At this point, large firms increasingly rely on R&D 

projects and non-local cooperative networks in order to acquire new knowledge (Powell, 

Koput, and Smith-Doerr 1996). In this context, firms might even leave the agglomeration in 

order to increase their absorptive capacity and reposition themselves in the knowledge network, 

and benefit from the lower costs in cheaper areas. Ter Wal (2014) empirically shows that social 

embeddedness gains importance over geographical proximity over time. Conversely, Balland 

et al. (2013) show that cognitive and geographical proximity gain in importance as the main 

channels of knowledge sourcing. Such differences might be the result of sector specificity 

because the former study was based on science-based fields of activity with a relatively high 

degree of codification (biotech), whereas the latter case was based on creative fields of activity 

(the video game industry) with a high degree of tacitness. 

The interplay between network endogenous effects brings about complexity. Giuliani 

(2011) demonstrates that geographical proximity triggers reciprocity and transitivity. Over 

time, these two effects account for the informal hierarchical structure within the cluster. 

Similarly, Belso-Martinez et al. (2017) show the relevance of several endogenous network 

forces together with proximity dimensions. Their findings show that transitivity, reciprocity 

and organizational, social and geographical proximities are relevant driving forces of tie 

formation in the advanced stage of the cluster. Similar to the growing phase, this phase is also 

featured by the functioning of several positively correlated effects including social proximity, 

multi-connectivity, transitivity and assortativity (Powell et al. 2005; Lynn and Podolny 2011; 

Ferriani, Fonti, and Corrado 2013; Giuliani 2013; Balland, Belso-Martínez, and Morrison 

2015; Giuliani, Balland, and Matta 2018) and the lack of optimum cognitive distance to 

promote beneficial knowledge sourcing (Molina-Morales et al. 2015). This structure is an 

influential factor for triggering the decline of clusters. Only a limited number of fortunate 

clusters can counterbalance the complementary endogenous effects by creating knowledge ties 

with peripheral local actors or partners in the extra-regional sphere.  
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Figure 6.5 Stylized illustration of a cluster in the sustaining phase 

Source: own illustration 

 

6.3.4 Declining phase 

In the declining phase, firms start to exit a cluster or move to other fields of activities rather 

than related ones in the cluster. Also, the number of entries into a cluster follows the national 

rate (Trippl et al. 2014). Start-ups rarely emerge and the employment rate decreases. Moreover, 

a cluster is not able to grow due to exhausted endogenous technological competences (Menzel 

and Fornahl 2010). Clusters encounter neither diversification nor radical exogenous change 

(e.g. a scientific breakthrough). Thus, firms suffer severely from their strong embeddedness 

and lack of novelty (Menzel and Fornahl 2010). For instance, Grabher (1993) studied the Ruhr 

area and showed that there were optimal Marshall’s externalities in the coal and steel industrial 

district in terms of infrastructure, skilled labour force and learning processes. The Ruhr area 

could not, however, revitalize its growth potential due to a strong ‘functional lock-in’ which 

was mainly the result of specialization and the lack of diversity in the industrial district. In this 

phase, the dominance of a common language, norms and trust create a strong atmosphere for 

reciprocal learning and trade, collective actions and lobbying for government support 

(Iammarino and McCann 2006). There is, however, a flip side to this because a dense 

embeddedness and cognitive lock-in in a cluster hampers the transmission of novel knowledge 

to a cluster. This fact explains the rare rate of radical innovation in old industrial districts.  

In the declining phase, the local knowledge network is rather dense (Fornahl, Hassink, 

and Menzel 2014) and suffers from a high degree of assortativity (Crespo, Suire, and Vicente 

2016), where knowledge cannot be exchanged between actors at the core and the periphery. 

Also, under surviving circumstances, while the knowledge network is neither fragmented nor 

dysfunctional, fortunate organizations with extra-regional ties are likely to act as ‘external 
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stars’ rather that technological gatekeepers (Giuliani, Balland, and Matta 2018). This leads to 

an even higher degree of assortativity whereby clusters are doomed to remain in a lock-in 

situation (Crespo, Suire, and Vicente 2016) unless exogenous factors (e.g. policy measures) 

change these unfortunate structural properties. 

 
Figure 6.6 Stylized illustration of a cluster in the declining phase 

Source: own illustration 

  

Endogenous effects 
Emerging 

phase 

Growing 

phase 

Sustaining 

phase 

Declining 

phase 

Exclusion  +   

Assortativity   + + 

Transitivity   + + + 

Preferential attachment  +   

Multi-connectivity   +  

Geographical* + + +  

Social* + + +  

Cognitive*  +   

Organizational*   +  

Institutional* +   + 

Table 6.1 Overview of dominant endogenous effects along the cluster lifecycle 
*Proximity dimensions. 

 

6.4. Policy implications  

The preceding sections of this paper have provided a conceptual framework to articulate how 

endogenous effects and clusters co-evolve. While scholars have embraced the concept of 

clustering and its relevance for policies (Hassink and Shin 2005; Brenner and Schlump 2011), 
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the impact of cluster policy has rarely been addressed from a systematic point of view 

(Boschma and Fornahl 2011, 1296). This section therefore builds on the developed framework 

to focus on network-related cluster policies. It has been shown that policy can restructure the 

knowledge sourcing network within a cluster (e.g. Li, Bathelt, and Wang 2011). The main 

question is why some cluster policies facilitate knowledge sourcing and better economic 

performances in the long run while others fail to do so.  

For instance, Yu et al. (2015) report on a success story in the case of the Rizhao 

Economic and Technology Development Area in China, where the development of an eco-

industrial sector coupled with a set of regulations and subsidies between 1991 and 2011 

indirectly triggered 31 inter-firm joint activities and brought about environmental and 

economic benefits. Conversely, Kulke (2008) investigated the case of Berlin-Adlershof and 

argues that while the cluster policy was successful in terms of creating incentives for companies 

to co-locate, it has not necessarily facilitated knowledge exchange and mutual learning. In a 

more recent study, Hoop (2018) examines the case of the Hassan Bio-Fuel Park in India, where 

the rationale for this project was to trigger various knowledge sources. The result shows that 

this clustering failed to achieve both its objectives, that is, to improve wellbeing and facilitate 

the flows of ecosystem services.  

We take Borrás and Tsagdis’ (2009) argument as a point of departure. These authors 

distinguish two cluster interventionist approaches, namely ‘cluster policy’ and ‘policies for 

clusters’. While the former has a narrow focus and concentrates on the role of local authorities, 

the latter rests on a broader focus by defining clusters as complex systems with actors 

embedded in various networks. In this light, a substantial reason for the failure of network-

related policies might be the narrow approach of cluster policies, which focuses only on 

creating incentives for firms to agglomerate and increase network density, and ignores the 

relevance of the structural configurations of knowledge networks (Vicente 2017; Lucena-

Piquero and Vicente 2019).  

To tackle this issue, a cluster observatory programme needs to be implemented to 

provide information on context specificity (e.g. the attributes of the local innovation system 

and institutional setting), main actors and their attributes (e.g. publicly or privately funded) as 

well as their knowledge ties. Cantner et al. (2018) argue how overlooking such specificities 

might lead to a simplistic cluster policy evaluation that is not capable of addressing cluster 

differences and their transition phases. This issue has been partly addressed in a cluster policy 

in Germany, called the German leading-edge cluster competition. Rothgang et al. (2017) show 

in their empirical study that this policy has increased firm-level R&D expenditure and 

engendered the establishment of a higher number of knowledge relations at the cluster level. 

Of course, clusters do not follow the same deterministic path over time, and exogenous and 

endogenous factors induce deviations from the typical cluster lifecycle model. Cluster policy 

can, however, use the attributes of the stylized phases as benchmarks to identify the position 

of a given cluster along its evolutionary path.  

Apart from the importance of a cluster network observatory programme, the developed 

framework calls for two complementary strategies for cluster policy. Firstly, building on 

Cantner and Vannuccini’s (2018) argument, cluster policy should distinguish between two 

interventionist network-related approaches: intensifying (an exploitative approach) and 

restructuring (an explorative approach) knowledge networks. Interventionist policies intensify 
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knowledge networks when the knowledge network is highly fragmented or when the cluster is 

diversifying into an emerging or growing industry (early cluster phases). Conversely, policies 

have to promote the forces of restructuring the network structure when clusters reach a certain 

degree of maturity and ‘innovation slowdown’ in order to increase the degree of disassortativity 

and the odds of path creation, namely overcoming lock-in (late cluster phases).  

Secondly, cluster policy should acknowledge and underline dominant endogenous 

effects in each phase of cluster evolution as the driving forces of network change. It is worth 

noting that, so far, the application of network theory has been ex post by using network 

visualization and quantitative analysis in order to evaluate the impact of policies 

(Schmiedeberg 2010; Rothgang et al. 2017), whereas the current framework takes an ex ante 

approach to trigger required changes for cluster prosperity.  

In the early phases of a cluster, the mere co-location of firms and organizations does 

not necessarily translate into knowledge sourcing at the local level (Davis 2011; Giuliani 2011). 

Thus, the main aim of policy should centre on the intensification of the knowledge network by 

facilitating knowledge transfer, where local actors can easily build on their geographical 

proximity and social contacts for knowledge sourcing. This requires ‘soft’ policy measures 

(intermediation and coordination) that promote trust building and reciprocity (Cantner and 

Vannuccini 2018) in order to strengthen the local knowledge network (Calignano, Fitjar, and 

Kogler 2018). This is obviously a matter of concern to emerging (and to a lesser extent to 

growing) clusters because it substantially decreases uncertainty and eases knowledge sourcing. 

Also, it is essential that authorities seek and underline networks that associate with the relevant 

knowledge bases of the local economy for ‘smart specialization’ (Glückler 2007; Foray, David, 

and Hall 2011). For instance, Hassink and Shin (2011) review the case of the shipbuilding 

cluster in South Korea and demonstrate how policy measures support shipbuilding as a targeted 

sector by means of large investments. This support has caused the formation and growth of the 

cluster in more recent years.  

Policymakers also need to attempt to support knowledge-based start-ups and promote 

risk taking and the entrepreneurial discovery process (Hausmann and Rodrik 2003; 

Mieszkowski and Kardas 2015) because these forces play a crucial role in the establishment of 

knowledge ties and ease knowledge diffusion (Audretsch and Keilbach 2004). While beneficial 

cluster initiatives trigger the emergence of a cluster, these measures should be reduced as soon 

as the number of firm entries into a cluster increases exponentially, implying a transition to the 

growing phase and the formation of a cohesive knowledge network. The knowledge network 

in this phase is characterized by a strong core–periphery structure. Thus, the main aim of cluster 

policy should focus on avoiding lock-out. First, cluster initiatives should include actors with 

peripheral positions in the knowledge network to maximize innovative performances. For 

instance, Lucena-Piquero and Vicente (2019) suggest that policymakers should design a 

selection mechanism, whereby the participation of young small and medium-sized firms in 

joint projects are a given. Secondly, cluster policy should seek to facilitate and build on the 

codification of dominant knowledge bases (e.g. patents and scientific publications) in order to 

attract more actors to the cluster and stabilize the position of the cluster in the extra-regional 

sphere. For instance, in the context of European clusters, Autant-Bernard et al. (2013) posit 

that advisory activities should encourage local firms to participate in European collaborative 

programmes. 
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The late phases of clusters are characterized by a strong embeddedness and cognitive 

lock-in. In such situations, the common practice is to build on actual social capital and establish 

supportive associations and direct interventionist policy. While such efforts have a positive 

impact on surviving cluster actors, the fruitfulness of these actions for cluster growth is not 

empirically supported (Giuliani, Balland, and Matta 2018). Thus, the main aim of the cluster 

policy should be to restructure the intra- and inter-cluster knowledge networks in order to 

maximize the likelihood of novelty diffusion and new path creation (Boschma and Frenken 

2010). In doing so, cluster policies need to combine two strategies. First, the importance of 

structural disassortativity (core–periphery) of the knowledge network should be taken into 

consideration. Secondly, it is essential to promote the capability (fitness) of influential actors 

in order to overcome their strong embeddedness and establish new collaborative ties with 

cognitively distant actors (Broekel, Fornahl, and Morrison 2015). To increase structural 

disassortativity, it is essential to ‘rewire’ the knowledge network, because the knowledge 

capital of actors with peripheral positions is not efficiently diffused in the cluster given the 

dominance of core players. Peripheral actors also need such direct relations with dominant 

actors as a basis for radical innovation (Hervás-Oliver et al. 2017).  

Policy should also create incentives for ‘external stars’ to act as technological 

gatekeepers (Giuliani, Balland, and Matta 2018). Rosenkopf and Padula (2008) argue that the 

hierarchical structure of knowledge sourcing networks can only be achieved if proximity 

dimensions (homophily, in their language) weaken other effects. This implies that policy 

should promote proximity dimensions other than geographical and social ones because these 

two dimensions are strongly correlated with other effects. Trippl and Otto (2009) show that 

Styria (Austria) managed to recover by using its research institutes as the bridging measures 

for bringing novel knowledge to the cluster. Contrary to Styria, this decisive component was 

lacking in the metal cluster in Saarland (Germany), which partly accounts for the failure to 

revitalize the latter cluster. In a similar vein, Owen-Smith and Powell (2004) show the 

importance of knowledge ties between universities and firms in the Boston biotech community. 

Thus, this type of relation best suits mature clusters as a means of forming a new growth path 

and triggering a new transition phase (Lucena-Piquero and Vicente 2019).  

Moreover, the focus should be placed on complementarity issues, namely issues 

whereby either actors are cognitively distant and cannot learn from one another, or the 

combinatorial outcome of their skills and know-how do not lead to a new path (Cantner and 

Vannuccini 2018). Thus, education, human capital and infrastructure investments, the 

promotion of universities–firms collaboration, and temporary proximity have to be the main 

outlines of a given renewal agenda (Moodysson 2008; Brenner and Schlump 2011; Davids and 

Frenken 2017) in order to increase the absorptive capacity of local firms (Cohen and Levinthal 

1990; Autant-Bernard, Fadairo, and Massard 2013). More importantly, increasing and building 

on diversity plays a crucial role in the lock-in phase because dominant knowledge bases in the 

cluster are based on mature industries, and therefore network endogenous effects are among 

the key drivers of change to overcome a lock-in situation (Santner 2017). Taken together, this 

section has laid out a toolkit for grappling with the issues associated with designing 

interventionist network-related cluster policies (see Table 6.2 for an overview). 
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 Emerging phase Growing phase Sustaining phase Declining phase 

Required data 

for a cluster 

network 

observatory 

- context specificity of a given cluster; 

- cluster actors and their attributes; and 

- formal and informal knowledge ties between actors (capturing the structural 

properties of a knowledge network). 

Interventionist  

approach 
Intensifying Intensifying Restructuring Restructuring 

Cluster policy 

Increasing the 

number of actors 

(nodes) and the 

odds of tie 

formation 

- Science and 

technology 

parks 

- Supporting 

knowledge-

based start-ups 

and risk-taking 

strategies 

- Promoting 

entrepreneurial 

culture and 

entrepreneurial 

discovery 

process 

Increasing multi-

connectivity 

- Promoting 

social 

interaction at 

the local level 

Minimizing 

exclusion 

(avoiding lock-

out) 

- Intra-cluster 

joint 

research 

projects 

- Facilitating 

knowledge 

codification 

(e.g. patents) 

Increasing 

structural 

disassortativity 
(avoiding lock-in) 

- Non-local 

research 

projects 

- Disciplinary 

temporary 

proximity (e.g. 

technical fairs) 

Increasing the 

fitness of the 

actors (nodes) 

- Education and 

human capital 

investment 

- National and 

international 

exchange 

programs 

Increasing the 

structural hierarchy 

(overcoming lock-in) 

- Non-local research 

projects 

- Interdisciplinary 

temporary 

proximity (e.g. 

technical fairs) 

Increasing the number 

and diversity of actors 

(nodes) 

- Supporting start-ups 

in unrelated 

knowledge bases 

- Attracting skilled 

labour force and star 

scientists 

- Promoting 

experimentation and 

technological search 

- Promoting 

entrepreneurial 

discovery process 

 

Table 6.2 Overview of relevant interventionist network-related policy approaches and 

measures 

 

6.5. Conclusion  

While the cluster lifecycle model provides a fruitful framework to pave the way for a better 

understanding of cluster evolution, we know little about the endogenous forces driving the 

evolution of clusters. This article has thus thrown light on the impact of the micro dynamics of 

knowledge networks and integrated these dynamics into the two cluster lifecycle models 

developed by Menzel and Fornahl (2010) and Ter Wal and Boschma (2011). By drawing on 

six endogenous effects (proximity dimensions, transitivity, assortativity, preferential 

attachment, exclusion and multi-connectivity), this article has added to our understanding of 

how clusters and knowledge networks co-evolve. This provides a timely framework for further 

empirical works by pronouncing the relevance of the structural properties in terms of 

knowledge sourcing.  

Acknowledging the relevance of exogenous factors, the notion of endogenous effects 

at the dyad and structural levels plays a complementary role in order to provide a better 
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understanding of the drivers of change in clusters. The implication of this framework for cluster 

policy has been discussed in the previous section. This discussion has indicated that cluster 

policy needs to make a distinction between strategies in the early and late phases, and focus on 

intensifying knowledge ties in the former phases and restructuring knowledge networks in the 

latter ones. This calls for a change in the approach of cluster policy because traditional 

approaches ignore the varying needs of clusters over time in different contexts (Fornahl and 

Hassink 2017, 1–9) and mostly focus on increasing the density of a given knowledge network 

(Vicente 2017). The proposed framework, however, suggests that development policies need 

to build on the dominant driving forces within a given cluster that emerge from its micro 

dynamics. Having mentioned the main contributions, it is worth mentioning that this 

framework represents an ideal model and is deterministic in nature (Martin and Sunley 2011). 

Yet, the main goal of this framework is to build on the functionality of endogenous effects to 

define benchmarks for clusters along their evolutionary paths. Of course, policymakers need 

to take context and sector specificities into consideration when designing interventionist 

policies. 

There is still much to be done. While there are several empirical studies on clusters and 

their evolution from a network perspective, there are still significant gaps that need to be filled:  

• This framework was developed based on the assumption of reciprocity and the equal 

value of collaborative ties. In reality, however, this is not always the case. This raises a 

number of questions concerning how the quality of ties and the degree of reciprocity 

interact with endogenous effects (Giuliani 2011, 2013).  

• Proximity dimensions are multiplicative in nature, meaning the joint effect of two or 

more dimensions may greatly exceed their individual effects. Yet, knowledge on the 

dynamic interplay between proximity dimensions is limited (Broekel 2015). Future 

research needs to focus on such joint effects and their relevance for knowledge network 

and cluster evolution.  

• Avoiding the ‘pitfalls of case studies’, a new line of research should be devoted to cases 

in developing countries. Several empirical findings demonstrate that the dominant 

driving forces of cluster evolution in such cases diverge from what is dominant in the 

literature on clusters in developed countries (Gancarczyk 2014; Abbasiharofteh and 

Dyba 2018; Giuliani, Balland, and Matta 2018). The same also applies to low-tech 

clusters, as the literature mostly focuses on high-tech prospering clusters and overlooks 

the diversity and dynamics of sectoral systems (Malerba and Vonortas 2009).  

• Network evolution entails processes of tie formation, tie dissolution and tie persistence. 

Most empirical works as well as this conceptual practice focus on endogenous effects 

as the driver of network change in clusters. Yet, much less is known about the processes 

behind tie dissolution and persistence in clusters (Juhász and Lengyel 2017) and their 

contribution to cluster evolution. Statistically speaking, the advent of advanced 

analytical tools (e.g. TERGM and SIENA) enables researchers to raise such questions 

(for a review, see Broekel et al. 2014).  

• Clusters are embedded in a larger socioeconomic context (regional and national 

innovation systems), including other clusters and actors. This issue has been overlooked 

by the cluster lifecycle argument (Trippl et al. 2014). Thus, another line of research 
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should be devoted to understanding how endogenous effects co-evolve across clusters 

in a wider context by adopting a multiscalar perspective. 
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6.6. Appendix 

 Case study Method Approach Measure Result 

Giuliani  

(2011) 

 

The wine 

cluster in 

Chile 

Quantitative 

(SAOM*) 

Dynamic Transitivity 

reciprocity 

The mechanisms of 

transitivity and 

reciprocity account for 

the informal hierarchical 

structure within the 

cluster. 

Stefano 

and 

Zaccarin 

(2013) 

Co-

authorship 

and co-

invention in 

the Trieste 

area 

(multiplex 

approach) 

Quantitative 

(ERGM**) 

Static Transitivity 

(triangle AAB and 

K-triangle ABA) 

and 3-Star 

Transitivity plays a 

crucial role in tie 

formation, whereas 

preferential attachment is 

found to be insignificant. 

Ferriani et 

al. (2013) 

Italian 

multimedia 

cluster in 

Bologna 

Quantitative 

(SAOM*) 

Dynamic Social interaction 

and economic 

interactions 

Social interactions have 

a relatively stronger 

impact on the formation 

of multiplex ties. 

Giuliani  

(2013) 

A wine 

cluster in 

Chile 

Quantitative 

(SAOM*) 

Dynamic Cohesion effects 

(reciprocity and 

transitivity) 

Reciprocity and 

transitivity contribute to 

the core–periphery 

structure of cluster 

networks, where actors 

with a higher degree of 

fitness (accumulated 

resources) take central 

positions. 

Balland et 

al.  

(2015) 

The Toy 

Valley 

cluster in 

Spain 

Quantitative 

(SAOM*) 

Dynamic Embeddedness 

status 

Proximity*** 

Status is a driving force 

for the formation of 

inter-firm links in 

business knowledge 

networks, and proximity 

plays a decisive role in 

the formation of 

technical knowledge 

networks. 

Embeddedness has a 

similar impact on both 

networks. 

James et 

al. (2015)  

Automotive 

sector in 

Västra 

Götaland, 

Sweden 

Qualitative Dynamic Network size 

Composition  

pace of change 

Over time, knowledge 

anchoring benefits from 

the self-enforcing local 

knowledge networks and 

actors at the peripheral 

position. 

Molina-

Morales et 

al. 

(2015) 

A 

foodstuffs 

cluster in 

the 

Valencia 

region, 

Spain 

Quantitative 

(ERGM**) 

Static Transitivity 

Node degree (out- 

and in-degree) 

Proximity 

dimensions*** 

 

The study proves the 

negative impact of 

cognitive and 

institutional proximities 

on tie formations, 

whereas social and 

geographical proximities 
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facilitate the formation 

of collaborative ties. 

Crespo et 

al.  

(2016) 

Clusters in 

the 

European 

mobile 

phone 

industry 

Quantitative 

 

Dynamic Hierarchy  

assortativity 

Hierarchy and 

assortativity account for 

different performances 

of clusters. Clusters can 

prevent lock-in as long as 

they sustain a minimum 

degree of 

disassortativity. 

Lazzeretti 

and 

Capone  

(2016) 

The cluster 

of high 

technology 

applied to 

cultural 

goods in 

Tuscany, 

Italy 

Quantitative 

(SAOM*) 

Dynamic Proximity 

dimensions*** 

Social and institutional 

proximity are the main 

drivers of network 

change in the early 

stages. Geographical and 

cognitive proximities 

become the most 

influential factors in 

forming innovation 

network over time. 

Belso-

Martinez 

et al. 

(2017) 

 

The 

foodstuff 

cluster in 

Valencia, 

Spain 

Quantitative 

(ERGM***) 

Static Transitivity, 

reciprocity, and  

proximity 

dimensions*** 

Transitivity, reciprocity, 

organizational, social 

and geographical 

proximity are relevant 

driving forces of network 

formation at the 

advanced stage of the 

cluster. 

Menzel et 

al. (2017) 

The 

Research 

Triangle 

region of 

North 

Carolina, 

USA 

Quantitative 

(SAOM*) 

Dynamic Transitivity, 

preferential 

attachment, and 

assortative mixing 

No fundamental change 

was observed during and 

after dot-om bubble in 

terms of explorative or 

exploitative tie 

formations. 

Juhász and 

Lengyel 

(2017) 

The 

printing 

and paper 

product 

cluster in 

Kecskemét, 

Hungary. 

Quantitative 

(SAOM*) 

Dynamic Geographical 

proximity, 

cognitive 

proximity, 

transitivity, 

reciprocity, and 

cyclicity. 

Transitivity, 

geographical proximity, 

and cognitive proximity 

joined with having a 

common third contribute 

to tie formation whereas 

cognitive proximity is 

essential for tie 

preservation. 

Capone 

and 

Lazzeretti 

(2018) 

The cluster 

of high 

technology 

applied to 

cultural 

goods in 

Tuscany, 

Italy 

Quantitative 

(ERGM**) 

Static Proximity 

dimensions*** 

The findings show that 

proximity dimensions 

have various impacts on 

different modes of ties. 

Also, social ties have a 

strong impact on 

innovative 

performances. 

Giuliani et 

al. (2018) 

The 

Cordoba 

cluster in 

Argentina 

Quantitative 

(SAOM*) 

Dynamic Social drivers (e.g. 

transitivity), 

institutional drivers 

(e.g. cluster 

policy), agentic 

The underperforming 

cluster shows a local 

core–periphery (not 

fragmented) structure, 

implying that the cluster 
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drivers (e.g. 

gatekeeper/external 

star) 

has a functioning 

network where dominant 

actors turn to external 

stars instead of diffusing 

knowledge at the local 

level. 

Tanner 

(2018) 

Danish 

wind power 

clusters 

Qualitative 

(innovation 

biography 

approach) 

Dynamic Geographical 

proximity 

Geographical proximity 

is essential for exchange 

knowledge and idea. Yet, 

its configuration changes 

over time. 

 

Appendix 1. Summary of the most relevant literature on the network dynamics in clusters. 

* Stochastic actor-oriented models 

** Exponential random graph models 

*** Proximity dimensions: cognitive proximity, institutional proximity, social proximity, 

geographical proximity and organizational proximity 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

136 

 

 

Chapter 7  
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7.1. Discussion of main findings  

Knowledge sourcing is a process of seeking required knowledge and expertise, whereby 

organizations and individuals can potentially innovate, overcome bottlenecks and improve 

their economic performance. This is a complex process in which various spatial and a-spatial 

factors interact over time (Glückler, Lazega, and Hammer 2016). The joint effect of such an 

evolutionary process determines the pattern of how organizations and individuals create and 

dissolve their knowledge ties. The aim of this thesis is to contribute to a better understanding 

of how this process unfolds over time and space. In addition, the empirical evidence provided 

by the studies presented in it can help innovation policymakers to design tailor-made strategies 

to overcome bottlenecks in knowledge sourcing and increase the odds of innovative success. 

In particular, the thesis focused on critical dimensions that are shaping knowledge sourcing, 

namely node characteristics, dyadic characteristics, sector specificities and network structural 

factors. The following subsections summarize the main findings regarding these dimensions. 

 

7.1.1 Node characteristics 

The thesis approaches knowledge sourcing from a knowledge network perspective. In this 

approach the process of knowledge sourcing can be perceived as a network (also called a 

knowledge network) in which actors are nodes and interactions among them (e.g. co-

inventorship) represent ties. Depending on the purpose of the study on knowledge sourcing 

activities, these characteristics refer to those of individuals, organizations or even regions. In 

the present thesis, organizational as well as regional characteristics are in the foreground.  

With respect to regional characteristics, the thesis provides insights by means of a case 

study of an interregional co-inventorship network. At the interregional level, some 

characteristics of a given region seem to be relevant regarding the extent to which inventors in 

that region participate in interregional collaboration. The size of a region has increasingly 

become an important factor that contributes to the capability of inventors to participate in joint 

projects. It is intuitively clear that inventors located in large cities and agglomerations have 

better access to soft and hard infrastructures. For instance, most large cities have universities 

and research institutes, which facilitate interregional knowledge sourcing to counterbalance the 

exhaustion of local sources of novelty. While it is plausible that the size of regions should have 

the same impact on the intensity of collaborations, our findings show a more complex pattern 

over time. The size of regions had a negative impact on the intensity of collaborations till the 

early 1950s in the US, whereas the sign of the effect has changed in more recent years. It was 

conjectured that this reflects the specificity of the geography of our case study, where large 

cities are located far away from one another. This might challenge the persistence of inventors’ 

relations till the early 1950s. It seems that the advent of commercial air travels compensates 

for geographical distance, because the effect of the size of regions on the intensity of relations 

converges with the ones of tie establishment.  

Contrary to the size of regions, the innovativeness of regions plays an important role in 

both the establishment of new ties and their intensity. This underlines the path dependency in 

innovative behaviours of regions. It is plausible that this path dependency contributes to the 

variance of regions regarding innovation output, because ‘smart’ regions tend to build on their 
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own competences and establish more relations and preserve the old ones, whereas less 

innovative regions lag behind. Our study of co-inventorship data covering more than 170 years 

revealed that the gap between regions has been increasing as the distribution of innovative ties 

shifts towards a pareto distribution, meaning a small number of regions have a large portion of 

collaborative ties. This supports the argument that the ‘spiky’ landscape of knowledge creation 

(Florida 2005; Balland and Rigby 2016) increases regional inequality even more sharply over 

time. 

The relevance of node-level characteristics was also evaluated with respect to 

organizational characteristics. In this case, nodes are organizations like research institutes, 

university departments and firms. Similar to regions, the first crucial factor that has been of 

concern in empirical studies is the size of organizations. Back in the early 20th century, 

Schumpeter (1911) argued that larger firms are more likely to have a higher degree of 

innovativeness because they are capable of allocating more resources and labour to research 

and exploring new ideas. Yet, our findings demonstrate a more complex pattern and do not 

confirm a fixed pattern across different empirical studies. In one case, we observed that this 

factor was a positive contributor to knowledge sourcing only in limited time periods. These 

time periods are the ones in which organizations enjoy government subsidization. The same 

also applies, albeit to a lesser extent, to the persistence of collaborative ties. It is plausible that 

the positive effect of size in these periods reflects the type of organizations, because publicly 

funded organizations (e.g. university departments) are on average larger than privately funded 

ones and are more likely to attract public funding. In another case study, however, the positive 

association between the size of organizations as well as being publicly funded, and the 

establishment of knowledge ties was observed. This trend was constant over time. Such 

variances across case studies might reflect sectoral specificities, which are discussed in more 

detail in the following subsection. 

Interestingly, the exploration of informal advice ties in Chapter 4 provided a completely 

different result because our findings, based on interviews with companies, show that smaller 

private companies have a greater incentive to create relations. One can argue that small and 

medium-sized companies try to compensate for their limited resources by being more active in 

informal knowledge sourcing.  

Lastly, the experience of organizations was found to be a crucial factor. Experience can 

be defined based on, for example, the number of years that a given organization has been active, 

or on the number of projects it has been involved in over the course of its existence. Our 

findings, however, show that these factors do not represent the same attribute regarding the 

experience of organizations. While we observed the strong effect of the number of projects on 

the extent to which organizations get involved in new projects, the number of years of activity 

does not necessarily have a crucial impact on knowledge sourcing. In a similar vein, 

involvement in a larger number of projects has a positive impact on the persistence of 

collaborative ties, whereas organizations that have been active for a larger number of years 

seem to be less likely to preserve their knowledge ties in more recent years.  
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7.1.2 Proximity dimensions and sectoral specificities 

One of the main goals of this thesis was to study the relevance of the dyadic level for knowledge 

sourcing, namely the relations between source and recipient in knowledge sourcing. As pointed 

out above, these can be organizations or regions. 

In this context, the thesis was particularly interested in investigating how different 

proximity dimensions influence the establishment of knowledge ties over time and in various 

contexts (e.g. different sectors). While the conducted empirical studies cover different types of 

data (patents, R&D projects and interviews), different scales (city, agglomeration and country 

levels) and different types of ties (co-inventor, inter-organizational and advice ties), our 

dynamic approach shows that the positive impact of geographical proximity is not diminishing 

over time. This finding clearly rejects conjectures based on anecdotal evidence, which claim 

that the relevance of geography is diminishing and that it can be replaced by telecommunication 

and transport networks (e.g. Cairncross 2001). Interestingly, we observed that while the 

positive impact of geographical proximity remains constant over a long period, the magnitude 

of effects of this proximity dimension has become greater in more recent years. In other words, 

notwithstanding recent advancements in telecommunication and transport systems, co-location 

matters even more today than it did in the early and mid-20th century for intense collaborations 

between inventors. 

We also investigated the impact of geographical proximity on tie formation across 

different sectors in order to underline the impact of sectoral properties on the relevance of this 

proximity. As expected, the co-location of organizations in the same agglomeration (a large 

city and the surrounding municipalities) has a positive impact on the formation of collaborative 

ties over time and across sectors (i.e. biotech, oil and gas, marine and maritime). Yet, the impact 

of the geographical location of two organizations in different agglomerations is rather complex. 

While the effect is positive, the change in magnitudes of effect varies across sectors. For 

instance, we observed the increasing negative impact of geographical distance on knowledge-

based collaborations, whereas a similar pattern was not observed in mature sectors (e.g. oil and 

gas). Thus, we conjecture that this might be related to sectoral dynamics and the complexity of 

underlying knowledge in a given sector (Malerba 2002, 2009; Balland and Rigby 2016; 

Broekel 2019). The critical impact of geographical proximity is not limited to formal 

collaboration. Again, the findings on advice networks in a low-tech sector point towards the 

relevance of geographical proximity in seeking advice, because all advice ties were limited to 

the local scale. 

In addition to geographical proximity, cognitive proximity was of interest in this thesis. 

Our empirical findings demonstrate that in most cases there is a positive correlation between 

cognitive proximity and the odds of tie formation. Contrary to the impact of geographical 

proximity, the effects seem to change over time. Our results show that similarity in the 

technological portfolios of each of two given regions increases the odds of the establishment 

of collaborative ties. More precisely, similarity in technological portfolios has increasingly 

gained importance in the establishment of ties, whereas its positive impact has remained 

constant over time in terms of the intensity of collaborative ties. By comparing the effects of 

cognitive proximity across sectors, our results point towards differences among sectors 

regarding the effect of cognitive proximity on tie formation. This implies that the impact of 
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cognitive proximity has become increasingly important in knowledge-based sectors (e.g. the 

biotech sector) and has become less relevant in mature sectors (e.g. the oil and gas sector). 

Thus, we conjecture that the impact of cognitive proximity is influenced by the complexity of 

a given sector, which is in line with the ever-increasing complexity of knowledge-based sectors 

and a high degree of codification in mature sectors.  

Lastly, we observed the positive impact of institutional proximity on the establishment 

of ties in all empirical studies, whereas the impact on the persistence and intensity of 

collaborative ties is not consistent across various empirical settings. In an interregional co-

inventorship network, we observed that being under the same rule of law has a positive impact 

on creating knowledge ties. Interestingly, this reveals varying effect sizes regarding the 

establishment and intensity of collaborative ties over time. While institutional proximity has 

become increasingly crucial for maintaining collaborative relations in recent years compared 

to the situation in the early 20th century, in the last three decades this proximity dimension 

seems to have had a decreasing impact on the establishment of ties.  

The empirical investigation of inter-organizational collaborations at the national level 

presented in this thesis showed the positive effect of institutional proximity. This effect is 

invariant across sectors that are characterized as knowledge-based and involved in mature 

activities. There also seems to be no difference in the effect size over time. One might argue 

that this reflects the nature of formal collaborations at the national level, in which mostly 

university departments and research institutes have a higher chance of receiving R&D funding 

and collaborating with privately funded firms is less common. We also investigated the effect 

of this proximity dimension at the cluster and agglomeration levels. These studies provided 

various results. While the findings at the cluster level reveal the importance institutional 

proximity regarding knowledge transfer, the longitudinal study at the agglomeration level 

shows the positive impact of institutional proximity on tie formation only in more recent years. 

Similarly, this proximity dimension does not have a substantial effect on tie persistence. This 

finding contradicts those of Lazzeretti and Capone (2016), who show that institutional 

proximity is the main driver of network change in a cluster’s early stage. It also does not support 

the findings of Molina-Morales et al. (2015), who show that institutional proximity has a 

negative impact on knowledge sourcing. This is worth noting that one should take sectoral and 

contextual differences into account when comparing empirical findings derived from different 

studies. In addition, this proximity dimension is operationalized differently in various empirical 

studies. This is taken up in the section devoted to methodological issues (Section 7.2). 

While the multiplicative nature of proximity dimensions is not the main focus of this 

thesis, the empirical studies provide insights into this emerging debate (Balland, Boschma, and 

Frenken 2015; Broekel 2015; Juhász and Lengyel 2017). The results show that there is a 

temporal dimension to the joint impact of geographical and cognitive proximity dimensions: 

geographical and cognitive proximity dimensions behave differently in relation to each other 

over time. While geographical and cognitive proximities seem to have reinforced each other or 

behaved independently in most time periods, they substituted one another only in a few 

numbers of time windows. Since we studied the knowledge network at aggregate level, we 

refrain from interpreting the results. However, this finding substantiates the dynamic interplay 

of proximity dimensions. 
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Underlining the specificities of sectors in Chapter 5 revealed an inverse relation 

between the impact of geographical distance and that of cognitive proximity in knowledge-

intensive sectors. This might reflect the complexity of these sectors, because it shows that they 

require the presence of both geographical and cognitive proximity, and the lack of one 

dimension could potentially hamper the process of knowledge sourcing. This is not observed 

in more mature sectors in which codified knowledge can be transmitted over larger distances 

between cognitively proximate organizations.  

These observations are of critical importance for policymakers, as better knowledge of 

the interactions among proximity dimensions provides an analytical tool to compensate for the 

lack of one proximity dimension by promoting the correlated one. This issue is discussed in 

the final section, which draws on empirical findings and provides suggestions for 

interventionist network-related policies. 

 

7.1.3 Structural properties  

The rise of relational economic geography (Bathelt and Glückler 2003) has led to a large 

number of empirical studies on knowledge networks. These studies have shown that the 

position of organizations or individuals in a knowledge network determines the extent to which 

they demonstrate innovativeness (see Appendix 1 in Chapter 6 for a list of empirical studies). 

In addition, the structural properties of a given network partly determine how organizations 

establish their future knowledge ties (Glückler 2007).  

In line with the theoretical argument, the empirical findings show that embeddedness 

in a given knowledge network has a positive influence on the establishment of social ties. The 

same effect applies to the persistence of collaborative ties. This effect was found to be 

consistent over time. This implies that knowledge sourcing is strongly embedded in the social 

context because future ties are created (and preserved) through the shared collaboration 

partners. This is in line with the theoretical arguments developed in balance theory (Heider 

1958), social capital theory (Coleman 1988) and the strength of weak ties theory (Granovetter 

1973). This shows the effect of the structure of knowledge sourcing network on the decision 

of organizations regarding with whom they will collaborate in the future.  

While the positive effect of transitivity on tie formation has been shown in various 

economic geography studies (Giuliani 2011, 2013; Stefano and Zaccarin 2013; Balland, Belso-

Martínez, and Morrison 2015), the impact of transitivity on the persistence of collaborative ties 

is rarely reported in the literature. We show that two potential organizations are more likely to 

stop (or not to extend) their collaboration as soon as their shared collaborator cuts a tie to one 

of them.  

Beside transitivity, we also investigate whether or not preferential attachment drives 

the evolution of network. Contrary to the much celebrated preferential attachment effect 

(Barabási and Albert 1999), we empirically showed that this effect is not the driving force of 

network change. Rather, organizations are more likely to establish relations with peers that 

have a similar number of already established ties. While it is intuitively understandable that a 

collaboration knowledge network evolution cannot completely follow a preferential attachment 

process because each potential collaborator has limited resources to devote to creating and 

preserving a joint research project, the relevance of structural (Boschma and Frenken 2010) 
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homophily shows that a preferential attachment process even in a limited form is not a given. 

Our findings are in line with those of Stefano and Zaccarin (2013) and partly with those of 

Balland et al. (2015), who also show that the evolution of a knowledge network does not follow 

a preferential attachment process. Yet, observing the opposite process at work was not 

expected. The same also applies, albeit to a lesser extent, to tie persistence, implying that 

organizations with similar structural properties are more likely to preserve their collaborations 

over time. This might be because only a limited number of organizations can attract public 

funding and stand out based on their competences or by chance. Over time, the funded 

organizations are more likely to attract more funding because of their experience. This brings 

about a highly assortative network in which highly connected nodes exchange knowledge at 

the expense of poorly connected ones. In the long term, this hampers the ease of knowledge 

sourcing and increase the odds of being trapped in a lock-in situation (Vicente 2017). This issue 

is discussed in the final section, which underlines the critical role of policy in preventing the 

development of such an unfortunate knowledge network structure. 

 

7.2. Methodological contributions  

In addition to the contributions outlined above, the thesis also provides a number of 

methodological contributions. Regarding data collection and data type, it has been customary 

for scholars to use secondary data (e.g. a patent database) for a specific year or for a short time 

period in order to create and analyse the process of knowledge sourcing. While a large number 

of studies use this approach in the literature, it can be criticized on several grounds.  

First, knowledge networks are a combination of various sets of relations and using just 

one type of relation might not capture the main components and actors of a given knowledge 

network. To alleviate this issue, in Chapter 3 we merged three databases on patenting, 

subsidized R&D projects and scientific publications and jointly analysed them to provide a 

better understanding of dynamic knowledge sourcing. 

Secondly, knowledge networks are dynamic phenomena and have a temporal 

dimension. This implies that knowledge networks should be studied and analysed from an 

evolutionary point of view. Three empirical studies in this thesis were based on longitudinal 

data in order to take the temporal dimension of knowledge sourcing into account. For instance, 

Chapter 2 was based on a database on co-inventorship in the US that covers data on 

collaborations over 170 years. This is novel, as other studies in the literature have a maximum 

span of 30 years (e.g. Balland, Vaan, and Boschma 2013; Broekel 2015; Menzel, Feldman, and 

Broekel 2017). 

Thirdly, primary data need to be collected in order to juxtapose results with those based 

on secondary data. Therefore, Chapter 4 was based on primary data, collected by interviews in 

two clusters in Poland. Interestingly, the results are not completely in line with the literature, 

which is dominated by studies using secondary data. This demonstrates the need to use both 

primary and secondary data to provide a more balanced view on the aspects under investigation. 

Regarding proximity measures, we aimed at creating variables that better capture the 

effect of geographical and cognitive proximities. In order to define a proxy for geographical 

proximity, we focused on a number of geographical factors that facilitate mutual learning and 

collaboration but do not necessarily correspond to geographical distance between two given 
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individuals or organizations (Micek 2018). For instance, Duschl et al. (2015) alternatively use 

travel distance between places instead of orthodromic distances (e.g. kilometres) for defining 

geographical proximity. In a similar vein, while we used geographical distance as a measure of 

geographical proximity, we added a variable to control for the transport network between 

regions as well as a complementary variable for co-location in larger spatial units.  

Moreover, the measure regarding cognitive proximity was mostly based on the 

similarities in NACE codes (for instance, see Balland, Belso-Martínez, and Morrison 2015; 

Juhász and Lengyel 2017) or on being active in the same scientific field (Lazzeretti and Capone 

2016; for instance, see Capone and Lazzeretti 2018). These measures, however, overlook the 

fact that the cognitive boundaries of organizations change over time as they collaborate. 

Alternatively, we created a measure for cognitive proximity based on organizations’ past 

experience. In doing so, we disaggregated the scientific domains of R&D projects to 

organizations and created a categorical variable that corresponds to the extent to which two 

given organizations are involved in projects in similar scientific domains. This goes beyond 

binary and pre-defined variables for measuring cognitive proximity and takes into account the 

fundamental role of learning in shaping cognitive boundaries. 

Regarding analytical tools, the empirical studies in this thesis benefited from recent 

methodological advances in social network analysis. We include the spatial, relational and 

sectoral (at least in some cases) aspects of knowledge sourcing in one empirical setting. In 

Chapters 2 and 5, we used the gravity model, which is one of the main statistical methods to 

model network evolution in regional science (Broekel et al. 2014). In Chapter 2, the concept 

of gravity model was operationalized by a set of zero-inflated negative binomial regression 

models. By combining negative binomial and logit distributions, this model assumes that the 

absence of relations (knowledge ties) is the result of two different processes. This allowed us 

to make a distinction between the driving forces behind the establishment of collaborative ties 

(the zero part of the model) and the intensity of collaborative ties (the count part of the model). 

This distinction has been ignored in previous empirical studies to a considerable degree, 

because most attention has been paid to the establishment of collaborative ties. This is 

important, because tie establishment and tie intensity might be derived from and affected by 

various factors.  

While the gravity model is a fruitful analytical tool for modelling network evolution, it 

does not enable the measurement of the impact of endogenous effects derived from the 

structure of a given knowledge network, nor the disentanglement of the drivers of tie formation 

and tie dissolution. In one study, we used a separable temporal exponential random graph 

model (STERGM) to tackle this challenge in modelling the evolution of networks. Several 

studies in the literature used ERGM to control for interdependencies among nodes in 

establishing new ties (Stefano and Zaccarin 2013; Molina-Morales et al. 2015; Belso-Martínez 

et al. 2017; Capone and Lazzeretti 2018). Using STERGM for modelling knowledge networks 

provides two additional benefits.  

First, a dependent variable is a binary network in a conventional ERGM. By using a 

temporal ERGM, the dependent variable is actually network evolution, namely tie formation 

and tie dissolution across two or several time windows. This gives us a strong analytical tool 

to model network evolution.  
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Secondly, the term ‘separable’ in STERGM implies that the model makes a distinction 

between the processes of tie formation and tie dissolution. Although it is obvious that 

individuals and organizations start and end collaborative ties for different reasons, this has been 

ignored in most empirical studies, which statistically model the evolution of knowledge 

networks (Broekel and Bednarz 2019). In practice, the model provides two sets of coefficients 

to separately account for these two processes of tie formation and tie dissolution, which are 

independent within and dependent across time windows. Taken together, our results derived 

from distinguishing the drivers of the establishment and intensification of knowledge ties as 

well as the drivers of tie formation and dissolution show that these forces are not necessarily 

corelated. Thus, future studies in economic geography need to be clear about what aspect of 

knowledge networks they aim at studying, and what type of empirical model can properly 

address these aspects. The following section underlines some conceptual and methodological 

challenges and discusses several avenues for future research. 

 

7.3. Limitations and recommendations for future research 

7.3.1 Unsolved problems and remaining challenges  

Having mentioned the contributions to the literature, there are still a number of unresolved 

problems and open questions for future research. In all studies that involved longitudinal data, 

we used secondary databases (e.g. R&D projects and patents) as a proxy for innovation. 

Regarding R&D projects, one can argue that large firms and publicly funded organizations 

benefit from R&D funding in most cases, and this rules out small firms and entrepreneurs in 

knowledge sourcing. 

Regarding patents, Archibugi and Planta (1996), among others, argue that while patents 

are a useful source of data for longitudinal empirical studies, one should take into account that 

patents mostly do not give information on organizational and service innovations. Furthermore, 

not all innovations are patentable. Software is a prime example of an innovative product that 

is protected by copyright and not included in a given patent database. Accordingly, patents do 

not necessarily entail a similar degree of innovativeness. For example, in the case of the HistPat 

database (Petralia, Balland, and Rigby 2016a; Petralia, Balland, and Rigby 2016b), only a 

limited number of patents – such as the electric lamp filed by Thomas Edison and the iPhone50 

filed by Steve Jobs – revolutionized one or more fields of activities, whereas numerous patents 

had been filed as a strategic behaviour of companies or had not been successfully disseminated 

or commercialized. Besides, we did not control for the extent to which patents introduce 

technological novelty. This is of crucial importance in the context of ‘path creation’ and 

overcoming lock-in situations. In addition, it is not clear how long a given co-inventorship 

collaboration takes. Thus, researchers need to assume the length of collaborations (e.g. Ter Wal 

2014; Menzel, Feldman, and Broekel 2017), which could potentially bias the empirical results. 

Lastly, it is a challenging task to distinguish applicants from inventors in historical patent 

databases.  

 
50 The technical name mentioned in the patent document is ‘touch screen device, method, and graphical user 

interface for determining commands by applying heuristics’. 
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Future studies of knowledge networks in the long term could use our findings as a point 

of departure and take the abovementioned aspects into consideration in order to gain a better 

understanding of how a given knowledge sourcing network evolves. Using new definitions of 

knowledge networks and alternative secondary databases over time could benefit research in 

the years to come. For instance, it has been a challenge to track knowledge sourcing in creative 

industries (e.g. the video game industry), because interactions between collaborators are rarely 

reflected in widely used secondary databases, such as those of patents and R&D projects. 

Balland et al. (2013) created a knowledge network in the video game industry in an alternative 

way, by using the data on joint projects to introduce a video game.  

In addition, primary data are more useful for investigating context specificity as well as 

for causality analysis. Conversely, secondary data enable researchers to conduct empirical 

research on a large scale to test the relevance of universal effects (e.g. transitivity) and identify 

outliers. In this thesis, all studies (except that in Chapter 4) were based on secondary databases. 

Our empirical studies show what factors are influential in knowledge sourcing and how the 

relevance of these factors varies over time and space. Complementary to the provided empirical 

works can be a qualitative comparative analysis using primary data to go deeper and analyse 

the detailed effect of the identified influential factors and why these are given in a specific case 

and not in another. Juxtaposing the findings derived from both types of data gives a better 

understanding of how the process of knowledge sourcing unfolds over time. For instance, 

Chapter 3 shows that knowledge ties are more likely to be established within the former East 

and West Berlin, respectively, than between the former East and West Berlin. We conjectured 

that this effect might be the result of the existence of different social contexts in Berlin. Future 

qualitative analysis can confirm (or reject) this conjecture and contribute to our understanding 

of how such a process unfolds over time. 

One of the main areas of focus of the empirical studies was on the concept of proximity 

and the relevance of its dimensions in knowledge sourcing. The focus of these studies was 

mainly centred on geographical, cognitive and institutional proximities, and we could not 

completely capture the effect of social and organizational proximities due to the lack of data. 

We did, however, operationalize the effect of network embeddedness on the creation and 

persistence of ties that can be interpreted as a measure of social proximity (Giuliani 2011, 2013; 

Stefano and Zaccarin 2013; Balland, Belso-Martínez, and Morrison 2015). Thus, future studies 

based on longitudinal data including all five proximity dimensions could potentially advance 

our knowledge of how proximity dimensions and knowledge networks co-evolve. Also, in line 

with the argument developed by Balland et al. (2015) and Broekel (2015), who point towards 

the dynamic nature of proximity dimensions, we empirically showed that the relevance and the 

nature of proximity dimensions change over time. For instance, geographical proximity can be 

defined as the extent to which two given organizations and individuals can easily interact. 

While the concept remains relevant, its nature and span over space might have been changed 

by the establishment of railroads and commercial air travel (Sokoloff 1988; Tanner 2018). 

Although we did not find a significant effect of railroad system on the establishment and 

intensity of interregional collaborations, future studies could investigate the impact on such 

collaborations of the establishment and growth of commercial air travel. In a similar vein, 

future studies could also study the impact of the development of transport networks at the city 

level (e.g. a subway network) on how individuals and organizations participate in joint projects. 
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While the papers regarding the co-evolution of proximities were explorative, our 

findings can be used as a starting point for future studies that aim at unravelling the complexity 

of how proximity dimensions co-evolve. Future studies also need to go beyond the mere 

exploration of the relevance of various proximity dimensions in knowledge sourcing and aim 

at understanding why a specific dimension facilitates knowledge sourcing in one context and 

is not relevant in other cases. Right now, we know little about what causes these variances 

across sectors and geographies or how policy measures might affect them. Only by answering 

such questions can innovation policy take full advantage of the proximity framework. 

Contrary to the findings on the effect of geographical proximity, the effect of cognitive 

proximity was found to vary over time and across sectors. Balland and Rigby (2016) 

empirically show that complex activities tend to agglomerate in large cities. Since complex 

activities have become increasingly interdisciplinary and require a higher degree of interaction 

among experts from different fields, it is plausible that geographical proximity compensates 

for the lack cognitive proximity. In a similar vein, we observed the decreasing relevance of 

geographical distance in the biotech sector, whereas this does not change to a considerable 

degree in mature sectors such as the oil and gas and maritime sectors. We also showed that 

inventors are increasingly more likely to establish interregional knowledge ties when potential 

collaborators are located in regions that have similar technological portfolios. This effect might 

be found to be more pronounced if we replicate the study for each sector or disaggregate 

knowledge ties based on the complexity of activities. Building on the complexity framework 

(Hidalgo and Hausmann 2009; Broekel 2019), future studies could thus investigate the dynamic 

interplay between proximity dimensions and endogenous network micro-forces, and the 

complexity of a given sectors across various spatial scales. 

Furthermore, the empirical studies included in this thesis remain agnostic about labour 

mobility given the lack of data. While this factor seems to play an important role in the 

innovative performance of regions and organizations (e.g. McCann and Simonen 2005), this 

limitation seems to exclude the process of localized knowledge spillover and the evolution of 

tacit knowledge networks in the conducted empirical studies. For instance, including data on 

labour mobility in the Berlin biotech cluster (Chapter 3) could potentially contribute to a better 

understanding of how two distinct knowledge networks in the former East and West Berlin 

have co-evolves since the fall of the Berlin Wall. Accordingly, including data on immigration 

and ethnic diversity paves the way for a better understanding of the dynamics of knowledge 

sourcing in the long term. For instance, Rodríguez-Pose and Berlepsch (2014, 2015) show that 

the most prosperous areas of the US today are those areas that attracted more immigrants in the 

early 20th century. Thus, investigating interregional and inter-organizational networks 

regarding such factors merits future research.  

These place-dependent factors do not seem to be very well integrated into empirical 

studies in economic geography, which is dominated by studies investigating the impact of 

proximity dimensions and endogenous network effects (e.g. transitivity). While one chapter in 

this thesis underlines one place-dependent factor and its impact on knowledge sourcing, many 

more aspects call for future research. In this context, one potential research question would be 

how the sociocultural portfolios of regions and cities account for the way in which 

organizations and individuals establish knowledge ties, and for the structural configurations of 

interregional knowledge networks at the aggregate level.  
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7.3.2 Empirical issues  

Although proximity dimensions are clearly defined and point towards various commonalities 

among individuals, organizations and regions (Boschma 2005), the first methodological 

challenge is related to the operationalization of proximity dimensions. Empirical studies have 

operationalized these dimensions differently based on various rationales and the availability of 

data. This is also the case for the empirical studies presented in this thesis. For instance, in two 

studies we operationalized institutional proximity as similarity in the type of organizations and 

firms (privately or publicly funded), whereas this proximity dimension was operationalized by 

the co-location of two inventors in the same state in the US in another study. Thus, the varying 

outcomes on the effect of proximity dimensions might be partly the result of different way of 

creating variables. This issue needs be taken into account when one compares the effect of 

proximity dimensions across empirical studies. This calls for a new study that compares 

multiple operationalizations across empirical studies to discuss what captures the effect of a 

given proximity dimension more efficiently.  

Micek (2018) provides an extensive literature review on geographical proximity and 

discusses the advantages and disadvantages of various empirical operationalizations. He argues 

that a wide range of methods have been used. Based on his extensive review, ‘physical 

proximity’ and ‘co-existence of entities in the same spatial unit’ are often used in the literature, 

whereas measures based on ‘perceived proximity’ and ‘proximity fostering communication’ 

are rarely used. He argues that the latter group of operationalizations provides a better measure 

of geographical proximity. To complement Micek’s study, new studies need to provide insight 

into other proximity dimensions as well. Only then will economic geographers gain a better 

overview of what types of operationalization they need to capture a specific aspect of proximity 

dimensions.  

In addition, studying the evolution of knowledge networks and analysing the drivers of 

collaborative tie formation is mostly done with the projection of a two-mode network (e.g. 

collaboration in the same R&D project) to a one-mode network. Although bipartite network 

projection has been extensively applied in the network literature, this method is concerned with 

losing some information (Zhou et al. 2007). Accordingly, this makes the result for the impact 

of clustering not reliable, and requires a number of robustness checks. This issue is not limited 

to the empirical works in this thesis and applies to many empirical network studies in the 

literature. Therefore, this calls for new methods that alleviate this problem. In doing so, some 

scholars in network studies have developed more advanced methods of network projection that 

provide first insights into projection methods (e.g. see Newman 2001; Zhou et al. 2007). These 

methods maximize the ability to preserve the critical attributes of original networks. Also, the 

method called ‘network of places’ seems to be another potential solution for the projection 

problem (Pizarro 2016; Lucena-Piquero and Vicente 2019). In this method, nodes are clustered 

into super-nodes in a projected network based on their structural equivalence. This method 

assumes that nodes with the same structural properties (e.g. co-occurred in the same R&D 

projects) have similar attributes compared to those with different structural properties, and thus 

the relations between super nodes are studied.  

While the abovementioned method provides an interesting approach to solve the 

network projection problem, it cannot be used in dynamic statistical modelling. For instance, 
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STERGM includes two or more networks that have the same number of nodes, whereas the 

size of ‘places’ changes over time as two super-nodes merge or one super-node splits into two 

or more nodes. Thus, future methodological contributions need to address this issue and find a 

way to use this method in statistical network modelling. Another potential solution might be to 

analyse two-mode networks. Only recently, Broekel and Bednarz (2019) use STERGM for 

two-mode networks to analyse an R&D network in Germany. In this study, they use two-mode 

network and simulate ties between projects and organizations and not among projects and 

among organizations. This method can provide an alternative way of modelling knowledge 

networks. 

Moreover, while exponential random graph models enable one to control for structural 

effects, we could apply this model in only one empirical study due to a number of challenges. 

The convergence of a given ERG model is highly dependent on the network size and the type 

of variables. In other words, there are persisting convergence problems in models that include 

a large number of nodes (e.g. organizations) or continuous variables at the dyad level. This was 

a serious limitation for our empirical studies presented in Chapters 2 and 5, because we 

investigated networks comprising more than 900 nodes and created continuous variables to 

capture proximity dimensions. Also, including more than two networks in each model increases 

complexity and ERG models cannot converge properly and in time. These limitations hamper 

further investigation of knowledge networks at a larger scale, whereby the impact of the 

embeddedness of organizations in a geographical area and in an interregional knowledge 

network on knowledge sourcing and their interplay could be investigated. The further 

development of statistical network models should pave the way to answering the remaining 

questions that require the investigation of large knowledge networks to study the process of 

knowledge sourcing at national and international levels. 

Another methodological issue is associated with the dimensionality of network data. A 

large number of indices can be calculated in order to account for the structural properties of a 

given network. Yet, including various indices decreases the predictive power of a statistical 

model. Similarly, adding more network-level variables decreases the goodness of fits and the 

overall robustness of empirical models such as STERGM. In Chapter 6, we conceptually 

defined a number of mechanisms in which new ties are formed based on the current structural 

properties of a network. In the empirical study, while transitivity and multi-connectivity are 

conceptually various structural properties, these two variables are highly correlated in some 

time windows and they cannot be used both indices in one empirical model.  

Moreover, while a large body of literature underlines the impact of the structure of 

knowledge network on the performance of organizations (e.g. Powell, Koput, and Smith-Doerr 

1996; Giuliani 2007), knowledge of how the joint effect of network properties enhances the 

ability to learn and generate novelty is limited. Thus, the methods for reducing the 

dimensionality of network data merit attention for the further development of statistical 

network modelling. New efforts in this direction could take, for example, the method of 

archetypal network (Ragozini, Palumbo, and D’Esposito 2017) as a point of departure, which 

can take network indices at micro (node), meso (community) and macro (structural) levels; and 

categorize networks based on their structural commonalities and differences. This method, 

however, does not take into account the varying relevance of structural properties across sectors 
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and over time. Thus, the selection of relevant structural properties in knowledge sourcing 

across various contexts is a challenge that needs to be addressed by future research. 

 

7.4. Policy implications  

Two of the empirical studies in this thesis implicitly show the impact of policy measures on 

the pattern of knowledge sourcing at national and regional levels. Regional innovation policies 

mostly focus on facilitating knowledge sourcing and the establishment of knowledge ties in a 

given geographical area. Since the mid-1980s, this approach has become a conventional 

practice because it is widely accepted that geographical proximity eases knowledge sourcing 

and increases the odds of generating innovation (Fornahl and Hassink 2017). These policies 

take different forms in agglomerating firms and organizations. The Leading-Edge Cluster 

Competition51 is a prime example of this type of policy, whereby the Federal Ministry of 

Education and Research (BMBF) supports German clusters that are dominated by firms and 

organizations active in biotech or related fields (Rothgang et al. 2017).  

In addition to regional innovation policies, alternative policies aim at triggering 

knowledge sourcing at national and international levels because regions that only build on local 

sources of novelty are doomed to face a lock-in situation. For instance, the Framework 

Programmes for Research and Technological Development (FP) is a policy measure at the 

European level that attempts to encourage joint research projects between European regions. 

The empirical findings provided in this thesis underline the relevance of a number of factors 

that have been ignored to a considerable degree in both innovation policy approaches.  

Recently, scholars have argued that innovation policies have to strategically underline 

innovation related issues by taking two factors into account: (1) identifying and addressing 

specific obstacles in underlying innovation systems; (2) identifying and satisfying firms’ needs 

based the position of a given cluster along the cluster lifecycle (Fornahl and Hassink 2017, 1–

2). Yet, the importance of proximity dimensions and the structural properties of knowledge 

sourcing networks has still not been acknowledged in innovation policies. For instance, the 

OECD (2017) suggests to ‘boost labour productivity by fostering innovation and continuing to 

intensify the links between domestic firms and public research to global innovation networks 

and value chains...’ (p. 1). Our findings, however, show that inventors and organizations in 

some sectors tend to increasingly limit their knowledge sourcing in spatial terms. They also 

show that the place-related factors play a crucial role in whether or not two firms establish a 

knowledge relation. Thus, Chapter 6 provides the rationale for interventionist network-related 

policies and claims that to increase the efficiency of such policies, policymakers first need 

further information on the main actors in a given innovation system, place and sector related 

factors, relevant proximity dimensions and the structural properties of a given network. This 

calls for a better collaboration of regional scientists and economic geographers, and 

policymakers to develop a standardized method of data collection and make it available for 

innovation policy. 

In addition, although social network analysis has mostly been used to visualize and 

explore the past and actual properties of knowledge ties in innovation systems, Chapter 6 

 
51 In German: Spitzencluster-Wettbewerb. 
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suggests that policymakers need to consider the principles of network theory and the proximity 

framework when designing policy measures. This suggests that newly formed innovation 

systems, such as a cluster in the emerging phase, need policy measures that build on 

geographical and social proximities to increase the density of a knowledge sourcing network. 

Conversely, a declining innovation system, such as a region in a lock-in situation, call for other 

measures that build on organizational and cognitive proximities to increase the hierarchy of a 

knowledge sourcing network. This might be why policies aimed at increasing the density of a 

knowledge network in a declining cluster are doomed to fail (Vicente 2017).  

Our empirical findings show that firms and organizations tend to create knowledge ties 

with peers that have a similar number of already established ties (anti-preferential attachment 

mechanism). This implies that over time the degree of assortativity increases and this network 

structure might increasingly hamper the diffusion of novel knowledge among firms and 

organizations. Vicente (2017) argues that as only a limited number of firms and organizations 

can benefit from public funding, at the expense of their peers, their previous experience paves 

the way to getting further grants. Over time, these fortunate firms collaborate more often with 

one another, whereby other firms take peripheral positions or become isolated ‘islands’. This 

might account for why knowledge sourcing networks tend to show an increasing degree of 

assortativity over time. 

Thus, a network observatory programme is required to collect data on knowledge 

sourcing patterns over time and inform policymakers about the extent to which there is a need 

for structural restructuring. Having said that, the empirical cases provided in this thesis 

demonstrate that the evolution of knowledge is a complex process, because exogenous factors 

interact with a wide range of factors at the context, node, dyad and network levels. Thus, a 

better understanding of such processes will increase the information available to policymakers, 

which may translate into more efficient policies.  

As an example, we found (Chapter 3) that firms and organizations in the former East 

and West Berlin collaborated surprisingly well in the mid-1990s, even after more than 30 years 

of political division and performing under completely different institutional settings. We 

observed that the knowledge sourcing pattern has undergone an unfortunate change in recent 

years because there seems to be a division between firms and organizations based on where 

they are located. In other words, it is plausible that after R&D funding was withdrawn, the real 

effect of the former Berlin Wall became noticeable. This raises the question whether German 

R&D policy in terms of bringing the former East and West Germany together was efficient. 

This calls for collecting data in a systematic manner that allows the exploration and analysis of 

the attributes of an innovation system before, during and after a policy measure. This approach 

has been partly implemented in the case of the German Leading-Edge Cluster Competition, 

which enables the effect of a policy measure to be studied over an extended period. For 

instance, Cantner et al. (2013) investigated three cohorts of this project (in 2008, 2010 and 

2012) and evaluated the efficiency and the knowledge sourcing patterns of the involved public 

and private actors. It should be noted that the importance of network-related factors does not 

rule out the importance of place-based policy. The structural property of a knowledge network 

is one critical dimension and it should be analysed along with other influential factors at the 

node, dyad and sectoral levels outlined in this chapter. The relevance of structural properties is 

emphasized here only because this factor has been overlooked in most policy decisions. 
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Nederlandse samenvatting 

In de vroegmoderne tijd gaven grote geesten als Galileo Galilei en Newton inzicht in de 

complexiteit van de wereld en bereidden zij de weg voor de fundamentele prestaties van de 

mensheid. Maar als gevolg van de industriële revolutie en de almaar toenemende snelheid 

waarmee kennis wordt geproduceerd en steeds complexer wordt is steeds meer teamwork 

nodig. Dat impliceert dat kenniscreatie gedeeltelijk is ingebed in kennisverbanden die zijn 

afgeleid van het proces van kennisvergaring (het proces waarbij wordt gezocht naar vereiste 

kennis en expertise). Daardoor is de academische wereld de afgelopen jaren sterk 

geïnteresseerd geraakt in de aard en eigenschappen van kennisvergaring (bijv. sectorale 

kenmerken en kenmerken van plaats) (Schumpeter 1911; Marshall 1920; Jacobs 1970; Romer 

1990). Maar hoewel een snelle blik op recente rapporten van de OESO, de Wereldbank en de 

Europese Commissie laat zien dat in ontwikkelingsbeleid steeds meer oog is voor het belang 

van kennisoverdracht, heeft een groot aantal beleidsinterventies geen stimulerend effect gehad 

op kennisvergaring en derhalve geen verbetering opgeleverd met betrekking tot economische 

prestaties en innoverend gedrag (Fornahl en Hassink 2017). Dat is aanleiding om in deze 

dissertatie de volgende kernvragen te stellen: Wat zijn de voornaamste drijvende krachten 

achter kennisoverdracht? Hoe variëren deze krachten per ruimtelijke schaal en sector?  

Hoofdstuk 1 functioneert als inleiding: er wordt een kort literatuuroverzicht gegeven en 

er worden lacunes in het onderzoek besproken. In dit hoofdstuk worden de onderzoeksvragen 

gepresenteerd die in de daaropvolgende hoofdstukken worden beantwoord.  

In hoofdstuk 2 wordt onderzocht wat de impact is van plaats op de waarschijnlijkheid 

en effectiviteit van kennisuitwisseling. De toenemende mondialisering en verbetering van 

communicatie- en transportsystemen heeft geleid tot het ‘dood van afstand’-argument, dat erop 

neerkomt dat geografie steeds minder belangrijk is geworden voor kennisvergaring (bijv. 

Friedman 2005). In tegenstelling daartoe beargumenteren verschillende wetenschappers (bijv. 

Balland and Rigby 2016; Broekel 2019) dat als gevolg van de toenemende complexiteit van 

kennis meer clustervorming nodig is om collectief te kunnen leren. Maar hoewel verschillende 

onderzoeken empirisch laten zien hoe de geografische dimensie relevant is voor 

kennisuitwisseling, was er tot nu toe nog geen empirisch onderzoek gedaan waarbij over een 

lange periode naar deze kwestie werd gekeken. Dat was aanleiding voor de volgende 

hoofdonderzoeksvraag: 

 

Onderzoeksvraag hoofdstuk 2: Op welke manier verandert de impact van geografische 

nabijheid op kennisvergaring in de loop van de tijd? 

 

Wij hebben een unieke dataset onderzocht die gegevens bevat over octrooien die zijn 

voortgekomen uit gezamenlijk uitvinderschap tijdens een periode van meer dan 170 jaar. We 

hebben het aantrekkingskrachtmodel toegepast, dat was geoperationaliseerd met een set 

negatief binomiale regressiemodellen onderhevig aan nulinflatie. Hoewel het lijkt alsof 

uitvinders profiteren van de opkomst van moderne telecommunicatie- en transportsystemen, 

wordt bij dit onderzoek het ‘dood van afstand’-argument duidelijk verworpen. De bevindingen 

wijzen erop dat geografische nabijheid van belang blijft voor het vormen van kennisverbanden 

en zelfs van meer betekenis wordt voor de intensiteit waarmee kennis wordt uitgewisseld. 
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In hoofdstuk 3 ligt de nadruk op de impact van sociale contexten op het gedrag van 

organisaties bij kennisvergaring. Hoewel er veel onderzoek is gedaan naar de relevantie van 

dimensies van nabijheid en endogene structurele effecten, wordt in onderzoeken naar innovatie 

en regionale onderzoeken weinig gezegd over de effecten van de verschillende sociale 

contexten waarin organisaties zijn ingebed. Dat impliceert dat de universele dyade en endogene 

structurele krachten moeten worden gekoppeld aan plaatsspecifieke factoren om tot een 

volledig ontwikkelde analysemogelijkheid te komen die inzicht verschaft in de drijvende 

krachten achter kennisvergaring. In het licht daarvan ligt de nadruk op de volgende vraag: 

 

Onderzoeksvraag hoofdstuk 3: Welke impact hebben verschillende sociale contexten 

op de manier waarop organisaties kennisverbanden aanleggen? 

 

Om het effect van sociale contexten empirisch vast te leggen, hebben we de evolutie 

onderzocht van een kennisnetwerk in het biotechcluster in Berlijn, waarin organisaties 

afkomstig uit het voormalige Oost- en West-Duitsland waren ingebed in geheel verschillende 

institutionele en culturele contexten. We hebben een meerlagig kennisnetwerk gecreëerd door 

gegevens te verzamelen over octrooien, wetenschappelijk publicaties en O&O-projecten van 

tussen 1992 en 2016. We hebben gebruik gemaakt van het ‘separable exponential random 

graph’-model (STERGM), waarbij we de evolutie van het netwerk (d.w.z. de vorming en het 

verdwijnen van verbanden) als afhankelijke variabele hebben gebruikt (zie Broekel et al. 2014 

voor een bespreking van de methodologie). Door te controleren op universele drijvende 

krachten achter verbandvorming op het niveau van de dyade (bijv. geografische nabijheid) en 

het netwerk (bijv. transitiviteit), hebben we de effecten vastgesteld van contextgerelateerde 

factoren. Onze empirische bevindingen wijzen erop dat, ondanks een hoge mate van 

arbeidsmobiliteit en subsidiëring van bovenaf van samenwerking tussen Oost en West, in meer 

recente jaren meer kennisverbanden tussen Oost en Oost en tussen West en West zijn gevormd. 

In hoofdstuk 4 wordt besproken dat de literatuur een vertekend beeld geeft van de 

manier waarop het proces van kennisvergaring in industriële clusters functioneert, doordat de 

meeste empirische onderzoeken zijn gebaseerd op clusters in welvarende regio’s en 

ontwikkelde westerse landen. Daarom stellen wij de volgende onderzoeksvraag: 

 

Onderzoeksvraag hoofdstuk 4: Wat zijn de dominante drijvende krachten achter 

kennisvergaring in ‘achterblijvende’ regio’s die worden gedomineerd door lowtech 

technologieën? 

 

Om die vraag te beantwoorden hebben we netwerken voor kennisvergaring onderzocht 

in het Poolse woiwodschap Groot-Polen. Daarbij zijn ‘roster-recall’- en ‘sneeuwbal’-methodes 

gebruikt om gegevens te verzamelen in de clusters in Swarzędz en Kępno. Onze bevindingen 

tonen aan dat bedrijven en daarmee geassocieerde organisaties geen kennisverbanden buiten 

de regio aangaan, ook al zijn beide clusters volgroeid en zijn lokale bronnen voor noviteiten 

uitgeput. Hoewel het clusterlifecycle-model (Menzel en Fornahl 2010) ervan uitgaat dat 

organisaties in volgroeide clusters nieuwe bronnen van kennis buiten de regio benaderen, blijkt 

uit onze bevindingen dat in deze twee volgroeide clusters het midden- en kleinbedrijf en lokale 

instituten de voornaamste bronnen zijn van leren en innovatie, en er niet noodzakelijkerwijs 
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interregionale kennisverbanden worden aangegaan. Deze resultaten maken de weg vrij voor 

initiatieven voor het opstellen van beleid voor kennisnetwerken in regio’s waarin het risico op 

‘lock-in’ groot is, met name diegene gespecialiseerd in lowtech-industrieën. 

In hoofdstuk 5 wordt gewezen op het belang van sectorkenmerken die verschillen 

opleveren in de manier waarop collectief leren ontstaat en zich ontwikkelt. Hoewel het 

nabijheidskader het mogelijk maakt om te onderzoeken en te analyseren hoe verschillende 

actoren samenwerkingsverbanden aangaan, is er nauwelijks kruisbestuiving geweest tussen de 

nabijheidsliteratuur en sectorale innovatiesystemen. Daarom heeft dit hoofdstuk in de eerste 

plaats als doel om de nabijheidsliteratuur conceptueel te integreren in sectoronderzoek en 

vervolgens deze empirische vraag te beantwoorden:  

 

Onderzoeksvraag hoofdstuk 5: Hoe verandert de impact van nabijheidsdimensies op de 

vorming van verbanden in de loop van de tijd binnen verschillende sectoren? 

 

Wij hebben een dataset gebruikt van O&O-projecten die tussen 2005 en 2016 zijn 

gesubsidieerd door de Noorse onderzoeksraad om de dynamische impact te analyseren van 

nabijheidsdimensies op de vorming van samenwerkingsverbanden in vier Noorse sectoren, 

namelijk biotech, oil and gas, de mariene sector en de maritieme sector. Ons onderzoek levert 

een bijdrage aan het inzicht in de manier waarop sectoren en nabijheden gezamenlijk 

evolueren. Een analyse op basis van het aantrekkingskrachtmodel liet zien dat, hoewel 

institutionele nabijheid een positieve impact heeft op het aangaan van samenwerkingen binnen 

alle sectoren, de impact van cognitieve nabijheid en de omvang daarvan per sector en tijdvak 

variëren. Dat wijst erop dat het patroon van kennisvergaring binnen een bepaalde sector geen 

deterministisch traject volgt en mogelijk inherent is aan de sectorale dynamiek.  

In hoofdstuk 6 wordt een conceptueel kader gepresenteerd dat is gebaseerd op de 

bevindingen uit de vier empirische onderzoeken die in de voorgaande hoofdstukken zijn 

gepresenteerd. Hoewel er bewijs is voor een dynamische wisselwerking tussen 

kennisnetwerken en clusters, hebben we weinig inzicht in de manier waarop de structurele 

configuraties van een kennisnetwerk leiden tot clustertransitie, of hoe die dynamiek kan 

worden vastgelegd en geïntegreerd in beleid. Het clusterlifecycle-model biedt een kader 

waarmee een evolutionaire dimensie kan worden toegevoegd aan deze lopende discussie. Toch 

is de impact van nabijheidsdimensies en endogene structurele effecten (mechanismen van 

verbandvorming) in dit model niet bijzonder goed gedefinieerd. Dit hoofdstuk levert in de 

eerste plaats een bijdrage aan deze discussie door een conceptueel kader te bieden dat een 

verklaring geeft voor de evolutie van clusters op basis van endogene microkrachten die inherent 

zijn aan een structuur voor kennisvergaring. Dat is gebaseerd op zes mechanismen voor 

verbandvorming: nabijheid, transitiviteit, assortativiteit, preferentiële hechting, exclusie en 

dimensies van multiconnectiviteit. Ten tweede wordt in het hoofdstuk gewezen op het falen 

van recent netwerkgerelateerd clusterbeleid en wordt besproken hoe het ontwikkelde kader een 

oplossing biedt voor deze problemen. 

In hoofdstuk 7 worden de belangrijkste bevindingen besproken die in de voorgaande 

hoofdstukken zijn gepresenteerd en wordt gewezen op een aantal beperkingen en onopgeloste 

problemen. Naar aanleiding daarvan worden in dit hoofdstuk meerdere mogelijkheden voor 
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verder onderzoek gesuggereerd en wordt besproken hoe dit vervolgonderzoek ons inzicht in de 

drijvende krachten achter kennisvergaring zal vergroten.  
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