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To the memory of my father

Ring the bells that still can ring
Forget your perfect offering

There is a crack, a crack in everything
That’s how the light gets in.

From: Leonard Cohen, “Anthem”
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Preface

It’s a sunny Saturday morning, early November 2006, in Antibes, Côte d’Azur. As I open 
the windows of my 16m2 rental apartment, a warm, though refreshing autumn breeze 
sweeps in. This afternoon I will definitely go to the beach and take a fresh dive in the 
Mediterranean Sea…

Quality of life is high in the Côte d’Azur. Perhaps surprisingly, these comfortable living 
conditions have played an important role in the initial emergence of the business park of 
Sophia-Antipolis, a stone’s throw away from the picturesque port town of Antibes. In the 
early 1970s it was mainly because of the sunny climate and high standard of living that 
American and Japanese multinational companies wanting to start a branch office in Europe 
were attracted to the Côte d’Azur. There a visionary entrepreneur just happened to have the 
idea to create a “City of Science, Culture and Wisdom”.

Through the course of the 1980s and 1990s geographical clusters, such as the business 
park of Sophia-Antipolis, have become a hot topic in economic geography. Firms in 
geographical agglomerations of related firms seem to outperform firms outside such 
clusters. As a consequence, these clusters appear to significantly improve competitiveness 
and economic growth of the regions in which they are located.

Economic geographers and other scientists inspired by the miracle called ‘clustering’ 
have devoted a great deal of attention to ‘knowledge networks’ as a key explanatory factor 
for the superior performance of clusters. These networks describe the pattern of knowledge 
exchange and collective learning among firms, other organizations or individuals. This 
study examines these knowledge networks. It analyses how these networks are structured 
and how they change over time, critically reassessing the role of geography and spatial 
clustering rather than taking its role for granted. The study aims to build a framework 
of co-evolution of clusters and networks that is empirically illustrated, by examining the 
spatial configuration of knowledge networks across various clusters and industries, in 
various countries, and through the course of time.

It goes without saying that I could not have achieved this aim without the indelible 
support from others, to whom I would like to express my gratitude here.

Ron, it has been a long time since I first came to you with rather vague ideas to 
undertake research for my master thesis in the South of Italy. Throughout the years our 
shared love for Italy not only resulted in exchanging elaborate anecdotes about Italy, 
foremost, it has been the stepping stone for a very fruitful and direction-giving supervisory 
relationship. Your enthusiasm has always acted as an important stimulus for me and your 
succinct insight, particularly concerning how to structure scientific texts, has proved an 
invaluable learning experience for me.

Koen, I greatly appreciated your strong involvement and engagement at any time during 
my PhD project. Through all kinds of practical advice and help, as well as strategic insights 
in how to frame my work, you have left a strong imprint on what has come to be my thesis.
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A more indirect though equally valuable influence on my thesis comes from my colleagues 
at Utrecht University, within Economic Geography and beyond. You have created a work 
environment in which not only useful discussions on work-related issues could thrive, 
but that has also acted as a rich resource for social activities, ranging from ‘a curling 
masterclass’ to innumerable ‘Italian dinners’. ‘Cari amici’, thanks for letting me, as a ‘semi-
Italian’, be part of your local community!

Two of my colleague-friends deserve a special note here. Sandra, being co-located for 
years in office 633 (geographical proximity) and having a joint fascination for networks 
(cognitive proximity) have resulted in a strong friendship tie that – I am confident – will 
persist even without geographical proximity. Jarno, I have greatly appreciated the many 
joint dinners, foreign trips and discussions we have had (on any topic one could think of). 
It has been a key ingredient of my time as a PhD student.

Furthermore, I would like to thank my colleagues in the collaboration project on 
Regional Innovation Systems from the University of Kassel (Prof. Frank Beckenbach) and 
Friedrich-Schiller University of Jena (Prof. Uwe Cantner). Special thanks also go to Prof. 
Jean-Luc Gaffard and Michel Quéré for having me at their institute, so nicely located in 
Sophia-Antipolis, for five months in 2006. In addition, I thank the VolkswagenStiftung and 
URU (Urban and Regional Research centre Utrecht) for funding my research.

Finally, I would like to express my pride in my brother and sisters, and in particular, 
my mother. After my father passed away several years ago, you have been very strong and 
courageous, providing a setting in which family life thrived as before, forming a solid basis 
from which to work on my thesis.

Anne ter Wal
London, September 2009
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1
Introduction

1.1 At the interface of clusters and networks

The business park of Sophia-Antipolis in the south of France is often conceived as one 
of the most successful and innovative high-tech clusters in Europe. The business park, 
specialized in Information Technology and Life Sciences, consists of roughly 1,400 
companies and research institutes that altogether employ around 30,000 people (SYMISA 
2009). During an interview conducted for this thesis, an engineer working for one of the 
main research centres in the field of Information Technology explained that nearly all of 
the institute’s collaborative Research and Development projects involved multinational 
companies outside the cluster. As an example, he mentioned that concerning the 
application of Information Technology to medical equipment all their partners were 
international firms such as Siemens, Philips, Toshiba and Mitsubishi. Also their main 
French partners, such as for example Renault and Alcatel, are not located in the business 
park. He estimated that only 10 percent of their industrial collaboration partners are located 
within the park.

This is somewhat surprising considering the large pool of potential partners in the field 
of Information Technology locally available in the cluster. Notwithstanding recent trends 
towards globalization and the increased ease of travel and communication over larger 
distances, this example certainly conflicts with the expectations one might have on the basis 
of theories on spatial clustering in economic geography.

The literature on spatial clustering goes back to the work of Alfred Marshall (1890) at the 
end of the 19th century. He described how firms could take advantage of being located in 
agglomerations with similar or related firms. Beside ‘tangible’ agglomeration advantages – 
such as the presence of specialized suppliers and a specialized local pool of labour – he also 
argued that firms in a cluster could benefit from knowledge that is “in the air”. This idea 
plays a key role in the literatures on industrial districts (Beccatini 1979), innovative milieux 
(Camagni 1991), learning regions (Asheim 1996), and regional innovation systems (Cooke 
2001). Trying to explain the success of innovative clusters and regions such as Silicon 
Valley, Italian industrial districts or the Cambridge region, this literature emphasizes 
that pervasive local knowledge exchange and extensive acts of local collective learning 
can largely explain the economic success of clusters. In this way the literature on spatial 
clustering provides a – partial – explanation of the unequal distribution of innovation in 
space. This research aims to contribute to the literature on spatial clustering by accounting 
for three main drawbacks this literature suffers from.

First, the central tenet in the literature on clusters is that firms in clusters can reap 
benefits from having access to knowledge that is “in the air”, freely accessible to all cluster 
firms and inaccessible to those outside. As a consequence, it is implicitly assumed that the 
knowledge networks, through which organizations and individuals interact and collaborate, 
show a great deal of overlap with the spatial pattern of clustering in an industry. In other 
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words: it is assumed that clusters and networks coincide. Hence, local relationships 
within clusters are strongly emphasized at the expense of non-local forms of interaction at 
larger geographical distances. A second, and related, shortcoming concerns the potential 
explanation of network structure. Since the cluster literature disregards the structure of 
networks within and across clusters, it does not address questions about the determinants 
of these structures. It is argued that firms in clusters have a competitive advantage over 
non-cluster firms, because they have exclusive access to the knowledge that circulates in 
the cluster and that is, hence, inaccessible to firms outside clusters. As a consequence, 
the performance of firms is mostly attributed to their location within or outside clusters. 
In other words, in the literature on clusters territorial explanations of firm performance 
prevail over firm-level explanations. Finally, the majority of studies treat the cluster as a 
static entity (e.g. notable exceptions being Maggioni 2002; Brenner 2004; Quéré 2007). 
The literature provides detailed qualitative descriptions of elevated levels of local interaction 
within clusters. However, questions about whether the level of local interaction and the 
orientation of cluster firms towards cluster-external sources of knowledge are subject to 
change over time are neglected.

This research aims to account for these shortcomings by taking a network approach 
to spatial clustering. Positioning itself at the interface of the literatures on clusters and 
networks, the study investigates to what extent and under which conditions clusters and 
networks coincide. It explicitly pursues to disentangle the concepts of clusters and networks 
analytically. As such, this study poses the question how to explain differences in network 
position among firms or individuals within and outside clusters. Furthermore, it examines 
how the geographical configuration of these knowledge networks and, hence, the extent to 
which clusters and networks coincide, is subject to change over time.

1.2 Defining clusters and networks

In the literature the cluster concept is ambiguously defined; some definitions include a 
certain level of interaction across local firms as a prerequisite for a spatial agglomeration 
of industrial activity to be called a cluster (Martin and Sunley 2003). By contrast, in this 
study clusters are defined as geographical concentrations of firms involved in similar or 
related activities. Such definition follows the ‘model of pure agglomeration’ on clusters by 
Gordon and McCann (2000) and does deliberately not take into account the extent to which 
firms in the agglomeration are interconnected through either buyer-supplier relationships 
or cooperation activities. This is also apparent in the definition of clusters by Visser (2009, 
p. 168): “Clusters refer to spatial concentration processes involving a set of related activities in 
which context firms may but need not cooperate”.

Cooperation and interaction among firms or other organizations, however, is a key 
element of the concept of networks, at least within the context of collective learning and 
knowledge exchange. In its most general definition a network describes “the interaction of 
any individual unit within the larger field of activity to which the unit belongs” (Kilduff and Tsai 
2003, p. 14). According to this definition, the network concept is inherently non-spatial, as 
the interaction pattern that a network describes is not a priori restricted to a certain spatial 
scale. Or as Visser (2009, p. 169) puts it: “Networks refer to (…) cooperation in the form of 
knowledge exchange between firms and other actors that may but need not develop these links at 
the local or regional level”. However, the definition by Kilduff and Tsai (2003) also expresses 
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the need to demarcate the field of activity to which nodes in a network belong. In the 
context of knowledge networks, the boundaries of a population of nodes are defined along 
geographical and cognitive lines. In geographical terms, one needs to decide on the spatial 
scale of analysis, being a specific cluster, a nation or even the entire world. In cognitive 
terms, one needs to define the boundaries of the industry or scientific discipline that forms 
the unit of analysis.

In short, this study conceptualizes the cluster as a spatial concept that describes 
the locational pattern of organizations and individuals in an industry. The network is 
conceptualized as a non-spatial concept that describes the interaction pattern among 
these organizations and individuals aimed at developing innovations. In the context of 
this study two types of networks are considered. The first type of network, analysed in 
one of the empirical chapters (Chapter 3), concerns a network that describes patterns of 
knowledge exchange between firms. In this network firms – predominantly of small size 
– are the nodes and informal and formal relationships of knowledge exchange represent 
the links among them. The other three empirical chapters (Chapters 4, 6 and 7) of this 
thesis focus on inventor networks. In these networks individual inventors – whose names 
are mentioned on patents – are the nodes. Joint production of knowledge as evidenced 
by collaboration on a single patent represents the links among the inventors. Both types 
of networks involve flows of knowledge and are used in this study to describe patterns of 
collective learning among firms or individuals. For the sake of brevity, the introduction and 
conclusion of this study coin the term “knowledge networks” when targeting both networks 
at the same time.

1.3 Aim and research questions

As explained above, the present study is positioned at the interface of clusters and 
networks. It analyses the spatial configuration of knowledge networks and its dynamics 
over time. More precisely, the aim of this study is to gain insight into the determinants of 
the formation of these networks. In pursing this aim, particular attention is devoted to the 
geographical dimension of network formation. Accordingly, the main research question of 
the study is formulated as follows:

What are the determinants of the formation of knowledge networks?

The main research question in this study can be split into two sub-questions: a static and a 
dynamic question.
•	 What	does	the	structure	of	knowledge	networks	look	like	and	what	are	the	determinants	

of this structure?
•	 How	 does	 the	 structure	 of	 knowledge	 networks	 evolve	 over	 time	 and	 what	 is	 driving	

these dynamics?
The static question focuses on the determinants of the structural properties of knowledge 
networks. It examines geographical proximity as a potential determinant of network 
structure. This geographical determinant is confronted with non-geographical explanatory 
factors. These include the heterogeneity of actors in terms of capabilities (Nelson and 
Winter 1982; Cohen and Levinthal 1990) and alternative forms of proximity, such as social 
and cognitive proximity (Rallet and Torre 1999; Nooteboom 2000b; Breschi and Lissoni 
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2003; Boschma 2005a). Therefore, this study can be characterized as a proximity approach 
to the analysis of the structure of knowledge networks.

The dynamic question relates to how knowledge networks change over time and what 
drives their dynamics. In this study the dynamic, long-term perspective is studied in two 
ways. First, an industry life cycle perspective (Abernathy and Utterback 1978) sheds light 
on how network dynamics are dependent on changing characteristics of the industry over 
time. Second, a ‘cluster perspective’ is taken to examine how the formation of networks 
depends on changes in the size and composition of a cluster. Both perspectives investigate 
the role of geographical proximity for the creation and dissolution of network linkages 
and, as such, take a proximity approach to the dynamics of knowledge networks. In this 
approach geographical explanations are confronted with non-geographical explanations. A 
distinction is made between endogenous mechanisms of network dynamics that depend on 
prior network structure (Snijders 2001) and exogenous mechanisms of network dynamics 
that relate to the geographical location of the nodes involved.

In answering the main question this research aims to contribute to the existing 
literature on clusters and networks in three respects. First, as stated previously, the 
study aims to disentangle the cluster concept and the network concept analytically and 
empirically (Giuliani and Bell 2005; Morrison 2008; Visser 2009). Rather than assuming 
that intensive forms of local cluster-based interaction exist, this study aims to map the 
structure and dynamics of local networks as well as the extent to which cluster-based actors 
are linked beyond the cluster’s boundaries. Like other recent studies on clusters that map 
knowledge networks within and across clusters (e.g. Giuliani and Bell 2005; Morrison 
2008), this study shows that firms in clusters differ considerably in the positions they 
occupy in networks of knowledge exchange. The networks through which actors collaborate 
and exchange knowledge do not necessarily include all local actors, but might, by contrast, 
also include actors located outside clusters. As a consequence, it is emphasized that 
geographical proximity is neither a necessary nor a sufficient condition for local collective 
learning to take place (Boschma 2005a).

Second, this research aims to formulate possible explanations for the unequal network 
positions of firms and individuals and the uneven structures of knowledge networks 
as a whole. In doing so, it attempts to complement the literature on both clusters and 
networks. Most cluster studies explain differences in innovation performance mostly by 
distinguishing cluster firms from non-cluster firms (e.g. Baptista and Swann 1998) and, 
hence, mostly disregard firm-level explanations of performance, such as network position. 
This study, instead, draws on insights from evolutionary economics, and represents firms 
and individual agents as heterogeneous in terms of their skills and capabilities and in the 
knowledge and experience they accumulated in the past (Nelson and Winter 1982). In 
response to earlier studies on the effect of capabilities or absorptive capacity on network 
position (Orsenigo et al. 1998; Stuart 1998; Ahuja 2000b), this study shows that these 
differences play a key role in explaining network position and network structure and, 
indirectly, also firm performance. This study also complements the literature on knowledge 
networks that largely neglects the role of geographical proximity in network formation. 
Thus, it introduces a spatial component in existing explanations of network structure in 
sociology, which traditionally have emphasized personal characteristics in explaining 
network formation and largely neglected the role of geographical location.

The third contribution of this study pertains to its dynamic focus on clusters and 
networks. Notwithstanding the fact that the number of studies on cluster dynamics (e.g. 
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Maggioni 2002; Brenner 2004) or network dynamics (e.g. Gulati 1995; Ahuja 2000a; 
Powell et al. 2005) is growing, the majority of studies on clusters or networks has a static 
character. Thus far, the literature on spatial clustering has not assessed the question in what 
stages of development a cluster might exhibit dense local structures of knowledge exchange 
and cooperation or in what stages of development non-local linkages are most likely to 
develop. Although the number of dynamic studies is certainly higher in the field of network 
studies than in the field of cluster studies, most existing research on knowledge networks 
analyses these networks only at a single point in time. Such ‘snapshot view’ of the network 
does not provide insight into the extent to which the observed structures are stable and how 
they come about. As a consequence, the question about how these networks are formed 
and how they evolve over time remains largely unexplored. Two of the empirical studies in 
this thesis explicitly take a dynamic focus on clusters and networks. These analyses reveal 
that the structure of the networks and the extent to which they are localized are subject 
to change over time. It is demonstrated that the – geographical and non-geographical – 
mechanisms that drive these network dynamics are not constant over time either. As such, 
this research contributes to the research program of Evolutionary Economic Geography as 
outlined by Boschma and Frenken (2006).

1.4 Outline

The main research question has been split into a static and dynamic question. Chapter 
2 provides the theoretical foundations of these questions and explains how they can be 
addressed through either survey- or patent-based research. Both questions are investigated 
empirically at two levels of aggregation. Two empirical studies in this research take an 
industrial cluster as a test case. Two other studies take an industry at the national scale 
as the unit of analysis. Each of the empirical studies fills one of the four boxes along the 
dimensions “static-dynamic”and “cluster-nation”in Table 1.1. The empirical analyses are 
either based on survey data using the roster-recall methodology to map networks or on 
patent data that are used as relational data (Breschi and Lissoni 2004).

Chapter 3 is a static study at the level of a cluster. It takes the industrial district of 
Barletta, a cluster of shoe producing firms in Southern Italy, as the empirical case. In 
mapping the network of inter-firm knowledge exchange, the study makes the distinction 
between local ties among firms within the cluster area and non-local ties beyond the 
cluster’s boundaries. It poses the question how a firm’s absorptive capacity affects its 
position in these local and non-local networks. In addition, the chapter demonstrates how 
the positions in these networks affect the firms’ innovative performance.

Chapter 4 is the second study from a static perspective, this time taking the national 
industry-level as the spatial scale of aggregation. Focusing on the network of collaborating 
inventors in German biotechnology, it examines the role of geographical, social and 
cognitive proximity in partner selection. In pursuing this aim, it takes the dyad (inventor 
pair) as the unit of analysis. Among other things, the study shows that inventors exhibit a 
strong tendency to connect with socially proximate partners.

The dynamic perspective on clusters and networks is introduced in Chapter 5. 
This theoretical chapter discusses the main shortcomings of the predominantly static 
literature on clusters and networks in economic geography. It proposes an exploratory 
theoretical framework on the co-evolution of clusters and networks. This framework 
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delineates how firms, clusters and networks jointly evolve during the industry life cycle as 
originally described by Abernathy and Utterback (1978) and elaborated by Klepper (1997). 
Subsequently, Chapters 6 and 7 test a selection of the mechanisms of network and cluster 
dynamics that are raised in Chapter 5 empirically.

Chapter 6 takes a high-tech business park as the spatial scale of analysis. The selected 
empirical case is the business park of Sophia-Antipolis in the south of France. Through 
the course of time this artificially created high-tech park has specialized in Information 
Technology and Life Sciences. The two industries in the park serve as a test case for 
investigating how the changing size and composition of a cluster affects the emergence and 
evolution of a local network of collective learning.

Chapter 7 is a dynamic study at the national industry level. It deals with collaboration 
networks among inventors in German biotechnology between 1970 and 1995. This 
industry has experienced a shift from knowledge exploration to increasing knowledge 
exploitation at the edge of the 1980s and 1990s (Audretsch 2001; Nesta and Saviotti 
2006). The study presents geographical proximity and triadic closure (the tendency to form 
closed triangles in a network) as potential drivers of network dynamics. The question is 
raised how their role in network dynamics changed over time, as the industry experienced 
the shift from exploration to exploitation. Stochastic estimation modelling techniques in 
SIENA (Snijders 2001), which have been specifically designed for the analysis of network 
dynamics, are applied to find an answer to that question. The results demonstrate that 
geographical proximity becomes less important as a driver of network dynamics as the 

Table 1.1: Schematic overview of chapters

CHAPTER 1 – INTRODUCTION

CHAPTER 2 – THEORETICAL INTRODUCTION 
The application of Social Network Analysis in economic geography

Spatial scale

Nature of analysis

Cluster Industry

Static
“Determinants of network 
structure”

CHAPTER 3 
The industrial district of Barletta, 
Southern Italy
Inter-firm network

CHAPTER 4
German biotechnology
Inventor-level network

Dynamic 
“Drivers of network change”

CHAPTER 5 Theory on dynamics of clusters and networks

CHAPTER 6
Sophia-Antipolis, France 
1970-2000 
Inventor-level network

CHAPTER 7
German biotechnology 
1970-1995 
Inventor-level network

CHAPTER 8 – CONCLUSION
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industry moves towards increasing knowledge exploitation, whereas the tendency towards 
the formation of closed triangles is strong throughout the period under investigation.

On the basis of these four empirical studies and the theoretical insights raised in 
Chapters 2 and 5, the concluding chapter will provide an answer to the main research 
question. Furthermore, it will reflect on how the present study fits within the framework 
of evolutionary economic geography. In addition, Chapter 8 will give an outline of the 
limitations of this study and formulate directions for future research. 
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2
Applying social network analysis in economic geography:

framing some key analytic issues

This chapter is a reprint of:
Ter Wal, A.L.J. & R.A. Boschma (2009), Applying social network analysis in economic 
geography: framing some key analytic issues. Annals of Regional Science 43 (3), pp. 739-756.
Reprint with kind permission of Springer Science and Business Media.
Date submitted: July 2007 – Date Accepted: March 2008

Abstract
Social network analysis attracts increasing attention in economic geography. We claim 
social network analysis is a promising tool for empirically investigating the structure 
and evolution of inter-organizational interaction and knowledge flows within and across 
regions. However, the potential of the application of network methodology to regional 
issues is far from exhausted. The aim of our paper is twofold. The first objective is to 
shed light on the untapped potential of social network analysis techniques in economic 
geography: we set out some theoretical challenges concerning the static and dynamic 
analysis of networks in geography. Basically, we claim that network analysis has a huge 
potential to enrich the literature on clusters, regional innovation systems and knowledge 
spillovers. The second objective is to describe how these challenges can be met through the 
application of network analysis techniques, using primary (survey) and secondary (patent) 
data. We argue that the choice between these two types of data has strong implications for 
the type of research questions that can be dealt with in economic geography, such as the 
feasibility of dynamic network analysis.

JEL Classification: D85 – O31 – R11

2.1 Introduction

Since the last decade, networks have gained a great deal of attention in regional economics 
and economic geography (Grabher and Ibert 2006). Only recently, social network analysis 
techniques have been applied in an effort to examine how the structure of interaction in 
regions and geographical clusters looks like. More and more researchers get convinced 
that networks are an appropriate conceptualization of inter-organizational interaction and 
knowledge flows. Hence, social network analysis is viewed upon as a promising tool for 
future directions in regional research. That is to say, now that it is possible to empirically 
assess the structure of networks, new possibilities have arisen to investigate inter-
organizational interactions and their evolution over time in a more quantitative manner.

Virtually all existing empirical studies on networks in clusters (e.g. Morrison 2008; 
Giuliani and Bell 2005) take a static perspective, depicting the network at a certain point in 



| 20 |

time. The wider field of network theory, on the other hand, recently experienced an upsurge 
of interest in the dynamics of networks (e.g. Snijders 2001; Baum et al. 2003). In this 
dynamic network analysis, concepts like preferential attachment play a key role. However, 
the application of dynamic network theory to inter-organizational networks (e.g. Orsenigo 
et al. 1998; Gay and Dousset 2005) still lacks a geographical component (Glückler 2007). 
Hence, it is especially in the combination of both trends where important theoretical 
and empirical challenges remain. In this paper, we claim that economic geography could 
contribute greatly to combining both trends, when taking an evolutionary perspective to 
networks within and across regions.

The aim of our paper is twofold. The first objective is to shed light on the untapped 
potential of social network analysis techniques in economic geography. We aim to set out 
in Section 2.2 some theoretical challenges concerning the static and dynamic analysis of 
networks in regional research. Doing so, we claim that especially three types of literature 
in economic geography can potentially benefit from social network analysis: the cluster 
literature, the regional innovation system literature, and the literature on agglomeration 
economies and knowledge spillovers. The second objective of our paper is to describe 
how these challenges can be assessed through the application of social network analysis 
techniques, using primary (survey) and secondary (patent) data. We argue in Section 2.3 
that the choice between these two types of data has strong implications for the type of 
research questions that can be dealt with in economic geography. Section 2.4 draws some 
conclusions.

2.2 Theoretical challenges: the role of networks in economic geography

Notwithstanding the growing number of regional studies applying social network analysis, 
the potential for the useful application of network theory and methodology is far from 
exhausted. Theoretical and empirical challenges remain, particularly in the application of 
network theory in three related fields of study in economic geography: inter-firm networks 
in clusters, regional innovation systems, and agglomeration economies. How network 
theory can contribute to a better understanding of these concepts will be explained in this 
section.1

A fundamental debate in economic geography concerns the question whether places are 
more relevant for the competitiveness of firms, or whether networks matter more (Castells 
1996). While the concept of ‘space of places’ expresses the idea that the location matters for 
learning and innovation (being in the right place is what counts), the concept of ‘space of 
flows’ focuses more on the idea that networks are important vehicles of knowledge transfer 
and diffusion (meaning that being part of a network is crucial). Surprisingly, this debate 
has, however, not been a real issue in the cluster literature until quite recently.

In a nutshell, the cluster literature claimed that regions are drivers of innovation and 
economic development: firms in clusters benefit almost automatically from knowledge 
externalities that are ‘in the air’, as Marshall once put it. This is because tacit knowledge 

1  We basically associate networks with inter-firm settings in which knowledge creation, knowledge 

diffusion and innovation take place. This implies we are not considering potential applications of network 

theory in other topics in economic geography, such as urban systems and infrastructure networks 

(Guimerà and Amaral 2004).
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travels more easily across short distances, and shared institutions at the cluster level 
further facilitate the effective transfer of knowledge. This is not to say that the cluster 
literature overlooked the importance of networks. On the contrary, extensive local networks 
connecting specialized firms were considered a key feature of clusters that contributed to 
their economic success. The problem was, however, that the cluster literature suggested 
that the space of place and the space of flows showed a great deal of overlap (Boschma and 
Ter Wal 2007). Knowledge externalities were geographically localized because knowledge 
networks were assumed to be confined to the boundaries of the cluster: all cluster firms 
were connected with each other and engaged in interactive learning, and no significant 
extra-cluster linkages were likely to exist (Boschma and Lambooy 2002). Cluster borders 
were conceived to enclose knowledge networks, and collective learning processes were tied 
to the place of the cluster.

When applying network theory, some of these strong assumptions of the cluster 
literature may be seriously questioned. Network theory suggests it is unlikely that a 
knowledge network encompasses all cluster firms: it is a rule rather than an exception 
that networks will be unevenly distributed among firms (e.g. Giuliani 2007b). In addition, 
(knowledge) networks are not territorial but social constructs that may cross the boundaries 
of regions. Knowledge diffuses through social networks which may be dense between local 
agents, but may also span across the world. Only recently, there is increasing awareness 
that extra-cluster linkages may be crucial for overcoming processes of lock-in in clusters 
(Asheim and Isaksen 2002). In addition, clusters have been analysed from a static 
perspective. A key question is how the configuration of a network in a cluster evolves over 
time, and what mechanisms might be held responsible for that. So, it is no wonder that 
clusters have become one of the key themes in economic geography in which network 
theory is applied. However, particularly in the application to regional issues, network 
research is still in its infancy. Currently, regional network research is involved in broadly 
three different sets of questions.

The first set of questions concerns the structure of interaction in a cluster. What does 
the structure of a cluster-based network look like? And what are the determinants of this 
structure? In the last decade, a number of network studies in clusters have been carried 
out. Giuliani and Bell (2005) showed on the basis of network analysis that firms in a 
Chilean wine cluster differ largely in their centrality in the local network of knowledge 
diffusion, and that quite a number of firms acted completely isolated from this network. 
In addition, they found that some cluster firms were also extremely well connected to 
organizations beyond the cluster’s boundaries. A study of Morrison (2008) identified 
the structure of knowledge-based interaction in the furniture district of Matera in 
Southern Italy. In particular, he showed that some large firms that were well-connected to 
organizations outside the district were acting as gatekeepers, passing the acquired external 
knowledge on through a network of local firms.

Further insight is needed in what explains the unequal distribution of network centrality 
across firms. Explanations can be found either at the micro-level of the firm or at the meso-
level of the dyad (a pair of firms). At the micro level heterogeneity among firms in terms 
of their cognitive capabilities – a central feature of evolutionary economic theorizing – 
might play a key role (Gulati 1999). For instance, Gay and Dousset (2005) found empirical 
evidence that firms with cutting-edge technology are usually positioned in the core of inter-
firm collaboration networks. Giuliani (2007b) argued that a firm’s absorptive capacity 
is an important determinant of a firm’s network position in a cluster. At the meso level 
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various forms of proximity can be brought forward as a possible explanation to why 
links exist between some firms and not between others (Boschma 2005a). Geographical 
proximity may affect the network structure: geographical distance may act as a barrier, 
and geography may also enhance other forms of proximity that enable firms to connect 
more easily. Social proximity may be a driver of network formation (Granovetter 1973): 
there is a higher probability that firms connect to individuals in other firms with whom 
they are socially connected (Sorensen 2003). Geography may still be relevant. A source of 
social connectedness between individuals is, for example, a shared working past. When 
an employee leaves a firm to work for another firm (labour mobility) or to start his own 
company (being a spin-off), social relationships are often maintained with their former 
colleagues, and these may induce the establishment of a knowledge network relationship 
between the firms involved. Since spin-off processes and labour mobility are mainly local 
phenomena, these are most likely to contribute to the formation of local networks.

Social network analysis has the potential to contribute further to the analysis of regional 
innovation systems (Cooke 2001). This literature claims that the innovation process is 
harmed when complementary organizations like research institutes, educational facilities 
and capital suppliers are not well developed and not well connected in a region. Conducting 
social network methodology, the concept of regional innovation system can be disentangled 
more systematically by mapping the network relations of these key agents with other agents 
within and outside the region. Doing so, key information is collected on how well these 
major organizations are connected, and at what spatial levels: do the key agents indeed 
form a system of innovation, which relationships are not well developed and, thus, form 
a bottleneck for the innovation process, and to what extent are these connections non-local 
and, thus, depend on non-local organizations and connections? An additional challenge for 
a network approach is to determine how place-specific institutions affect the structure of 
the network.

The second set of questions concerns how networks change over time (see also Ter 
Wal and Boschma forthcoming). Virtually no studies on the dynamics of the structure 
of networks in space exist. It is hardly ever questioned whether the network structure 
that is observed in static network studies is stable over time, or just a snapshot view of a 
volatile and evolving structure. In the dynamics of networks, preferential attachment 
might play an important role (Barabási and Albert 1999). The process of preferential 
attachment describes the growth of a network in which the probability that a new node 
will link to a certain other node is proportional to the number of links that node already 
has. An outcome of this probabilistic process is that central firms tend to become more 
central, whereas peripherally positioned firms tend to stay peripheral. Since some evidence 
suggests that inter-firm cooperation networks show a great deal of stability in terms of core-
periphery structures (Orsenigo et al. 1998), preferential attachment processes might have 
played a role in driving the evolution of the network. An interesting hypothesis, which has 
hardly been thoroughly tested, then would be that early entrants in a new industry, with 
superior technological capabilities, are the ones that are most central in the network. 
A contrasting line of thought is that preferential attachment is unlikely to shape the 
formation of a new knowledge network during the early stages of the industry life cycle: 
networks may be rather volatile, because there is no dominant design in the industry, 
among other reasons. Another issue that questions the relevance of preferential attachment 
is that current network theory is mainly concerned with the formation and growth of 
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networks: hardly any attention has been paid to the causes and consequences of changes in 
network size (Glückler 2007).

Beside preferential attachment there might be other structural forces at work that shape 
the evolution of inter-firm networks. Network theorists – and particularly those from the 
sociological tradition – argue that the partnering decision of actors in a network is often 
based on homophily (Skvoretz 1991). That is to say, the choice of partner is biased towards 
actors that are ‘similar’. In the context of inter-firm networks one can easily imagine that 
firms that are similar in terms of geographical location – i.e. that are located in the same 
region – are more likely to get linked than firms further apart. Hence, network formation 
does not only leave an imprint on geography: geography itself also impacts on network 
evolution. In addition to preferential attachment, geographical proximity may be a key 
driver of network formation. In that case, new firms will not necessarily connect with the 
most central firms, but will connect to those that are close by in a geographical sense. This 
tendency to choose geographically proximate partners might be subject to change over 
time, being dependent, for instance, on the extent to which an industry’s knowledge base 
has been codified (Cowan et al. 2004). However, it has been hardly assessed empirically 
what implications the changing importance of geographical proximity has for the structure 
of knowledge networks over time.

Similarly the mechanism of homophily as a potential driver of partnering decisions can 
be applied to other forms of proximity, like social and cognitive proximity. Firms tend to 
select partners that are socially or cognitively similar. A third structural force in network 
evolution can be triadic closure. Closure describes the tendency that partners of partners 
become partners among themselves. In contrast to the mechanism of preferential 
attachment a tendency towards closure produces dense cliques of strongly interconnected 
actors (Skvoretz 1991). In sum, no systematic research exists that has tested the effects of 
preferential attachment, homophily and closure on the spatial evolution of networks. It is 
still rather unclear what role firms’ cognitive capabilities, geographical proximity and social 
connectedness play in the spatial formation of networks. There is no doubt social network 
methodology provides a rich toolbox for testing these key propositions (Carrington et al. 
2005).

Consequently, further research is needed on how the structure of networks evolves over 
time and space and, particularly, how the evolution of networks is related to the evolution 
of clusters (Iammarino and McCann 2006; Ter Wal and Boschma forthcoming). It can 
be easily suggested that, for example, the importance of local versus non-local linkages 
for cluster development might change over time, for instance when during the course of 
the industry life cycle, knowledge shifts from being mainly tacit to more codified forms 
of knowledge (Cowan et al. 2004). Similarly, the structure of a network might change 
through entry and exit of firms, which might result in the creation or disappearance of a 
critical mass of firms engaged in local collective learning. Glückler (2007) suggested that 
the evolution of networks in industries or regions will be the outcome of an interplay 
between path-creating and path-disruptive forces. Whereas path-creating forces lead to 
the formation of dense components in a network – which in turn might lead to cognitive 
lock-in – path-disruptive forces enable a firm to escape such a situation by bridging itself 
to other components of a network (Burt 2004). However, these views need thorough 
empirical validation, in which social network analysis techniques might play a crucial role.

A third set of questions in network research focuses on the effects of a certain network 
structure. Here one could distinguish between the effects on its individual actors at the 
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micro level and the effects on the population as a whole at the macro level. At the micro 
level, studies measure the effect of network position on firm performance. Uzzi (1996) 
found that a mixture of embedded trust-based ties and arm’s length market-based 
ties was positively associated with firm survival. Similarly, Mitchell and Singh (1996) 
found that firms with inferior network positions were more likely to end their business. 
Later work in the field of organization studies confirmed a positive affect of network 
position on firm performance in terms of innovation. Whereas Ahuja (2000a) found 
that both direct ties, indirect ties and structural holes matter for innovation, Zaheer and 
Bell (2005) demonstrated that particularly firms that bridge structural holes in a network 
tend to be better capable to exploit their internal capabilities and innovate. In one of the 
first regional studies on the network effect Giuliani (2007a) proved for firms in local 
knowledge networks in wine clusters that centrality of firms in the network positively 
affected their innovative performance. However, large scale and convincing evidence 
on a positive or curvilinear (inverted U-shaped) relationship between network centrality 
and firm performance – as Uzzi (1996) suggested – has not been shown yet. Only a 
longitudinal view on networks will reveal the stability or volatility of the positions firms 
take in these networks and whether a relationship with firm performance or firm survival 
can be detected. To the best of our knowledge, such a hypothesis has not been tested yet. 
Supposing a strong and significant positive relationship between network position and 
firm survival exists, the evolution of the network has implications for the evolution of an 
industry. In case firm exits are selective as to where they occur, the relationship between 
networks and survival directly affects the spatial pattern of an industry. Consequently, a 
synthesis between industrial dynamics and network evolution is a promising avenue for 
future research in economic geography.

At the macro level, the concept of cognitive lock-in comes into play. Dense parts of a 
network in a cluster, for instance, carry the risk of getting locked in established ways of 
thinking and a lack of new knowledge coming in. Social network analysis techniques could 
be applied for empirically testing this phenomenon, which, till today, has been mostly 
addressed in theoretical and more qualitative terms. Doing so, network analysis could 
enrich a body of literature in economic geography that analyses the relationship between 
agglomeration economies and economic growth (Ellison and Glaeser 1997). Basically, 
it investigates whether sectoral specialization of a region is a good or a bad thing, and 
whether a more diversified regional economy generates more knowledge spillovers (i.e. 
Jacobs’ externalities). Since this literature exclusively focuses on the regional level, it does 
not account for (inter-sectoral) linkages with other regions that may bring new variety in 
the region. Doing so, the agglomeration economies literature overlooks the fact that new 
knowledge may flow into the region through the establishment of extra-local linkages, 
such as a diversified set of linkages with non-local partners. As such, sectoral lock-in at the 
regional level may be counterbalanced by the inflow of a high variety of knowledge through 
inter-regional connections. In addition, it may matter what kind of knowledge flows into 
a region: when the extra-regional knowledge is related, but not similar to the existing 
knowledge base of the region, it might particularly enhance interactive learning and 
regional growth (Boschma and Iammarino 2007). Network analysis may be a promising 
tool here, because it accounts for those effects in these models.

In sum, we expect that the use of social network techniques will enrich the literature 
on clusters, regional innovation systems and knowledge spillovers both theoretically and 
empirically in the years to come. However, huge analytical challenges remain, both in the 
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static and dynamic analysis of networks within and across regions. When using primary 
and secondary network data, strict conditions have to be met in order to be able to apply 
social network analysis effectively. The next section will address these conditions for both 
types of network data and explain which approach is most appropriate for which type of 
network research. Even then, we will argue that both types of network research have 
important pitfalls that need to be acknowledged when interpreting the results obtained 
from network analysis.

2.3 Methodological and empirical challenges in network analysis in economic geography

In the previous section, we argued that network analysis plays an increasing role in 
economic geography. This development, facilitated by the application of social network 
analysis in cluster research, has opened up new insights in how the structure of inter-
firm interaction looks like and, more importantly, it has enabled empirical research 
on the antecedents and effects of the differential positions firms occupy in such 
networks. However, the application of network theory – and hence of social network 
analysis techniques – is far from fully exploited. In this section, we explain how network 
methodology can contribute to a better empirical understanding of these applications. 
In Section 3.1, we discuss the roster-recall methodology, which is a prime example of 
primary data collection. Although we acknowledge there exist other ways of collecting 
network data, for instance through a snowball method, for the purpose of this paper we 
will exclusively concentrate on the roster-recall methodology. The main reason for doing so 
is that a snowball method will not identify isolates in the network. Hence it is considered 
inappropriate for network research in clusters, where isolates are likely to exist. In Section 
3.2, we concentrate on a widely used source of secondary network data: patent data. Other 
sources of secondary network data are also used and exploited in the literature, such as 
strategic alliance or joint-venture databases (Stuart 1998), co-publications (e.g. Ponds et al. 
2007), European Framework Programmes (e.g. Maggioni 2002), and internet flows (e.g. 
Oinas and Malecki 2002). Due to a lack of space, these will not be considered in this paper. 
Both the roster-recall methodology and patent data will be discussed extensively in terms of 
their potential for applying network analysis in economic geography.

2.3.1 Primary data collection: roster-recall methodology
In a number of studies on networks in clusters (e.g. Morrison 2008; Giuliani and Bell 
2005; Boschma and Ter Wal 2007), networks have been built on the basis of primary data 
collection. Data have been collected by means of interviews, in which the so-called ‘roster-
recall methodology’ played a major role. This methodology aims to collect full network 
data – as opposed to ego network data – on a pre-defined population of actors. In this 
methodology, each of the actors of the population is provided with a list of actors of the 
population. Preferably this roster includes all actors of the population, since listing just 
a selection might cause a bias of those pre-indicated firms being mentioned more often 
as a partner. In many cases, however, only principal actors are pre-listed, the list of actors 
otherwise getting too extensive. For each of the pre-listed firms in the roster, the respondent 
firm has to indicate whether or not he had a relationship of a pre-defined type.

In addition, the respondents are asked to recall all other firms they had this type of 
relationship with and add them to the list. First, this ensures that the complete network 
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will be identified as long as all population firms take part in the survey. Doing so, one 
compensates for the fact that not all local actors are pre-listed on the roster. Second, the 
‘recall’ part of the methodology makes it possible for the respondents to add external 
linkages. Although the population under investigation is regionally (or sectorally) bounded, 
this does not imply that the actors do not have relevant relationships beyond the survey 
area. In other words, information on links beyond the survey area indicates the importance 
of region-external interaction in comparison with regional interaction. Therefore, it is 
necessary to put the identified regional network in a wider context. However, measures 
of network structure like density, cliques or measures of the individual position of actors 
(forms of centrality or structural holes) can be computed only for the regional population of 
actors, for which complete network data have been gathered.

Primary network data research provides ample opportunities to empirically assess 
important issues for the study of regional networks. However, the methodology described 
is characterized by several strengths and weaknesses that make the procedure more 
appropriate for some kinds of network research than for others.

First, social network analysis on the basis of primary data certainly is the most 
statistically robust procedure when different kinds of relationships among the same set of 
actors need to be compared. Beside the fact that is virtually impossible to find a dataset 
that comprises two kinds of relationships across the same set of actors, with the roster-
recall methodology, one can relatively easily ask for two different kinds of relationships 
contemporarily and, hence, generate two or more networks for the same population. For 
instance, Giuliani (2007a) identified both a network of business relations and a network of 
knowledge-based relationships. She found that the first comprises virtually all local actors, 
whereas the latter is much more ‘uneven and selective’. Similarly, it can be investigated to 
what extent different kinds of networks show overlap. For instance, one can analyse the 
extent to which a social network of technicians of different firms is related to a network of 
cooperation at the level of the respective firms.

Second, the roster-recall methodology offers the opportunity to ask for several 
characteristics for each of the links. One might think of the importance, the frequency or 
the amount of money involved in the interaction. These data may serve as an input for a 
valued graph, in which each of the links is provided with a strength. In this way, one can 
prevent, for instance, that a cooperation project that lasted for only a week gets the same 
impact in the computations as collaboration that continued for five years. Alternatively, 
it is possible to decide ex-post to include only ties with an impact of a certain threshold. 
Databases of existing links (like strategic alliance databases) often do not contain further 
details on the links or the partners involved. Similarly, the survey-based nature of the 
methodology provides opportunities to gather additional information on the population 
that might otherwise be unknown. For instance, such information is crucial when 
investigating why some links exist whereas others are absent – the so-called determinants 
of matching in a network (Cantner and Meder 2006) – or when explaining why some firms 
turn out to be more central than others.

However, network research on the basis of primary data suffers from a number of 
shortcomings as well. First of all, a research on the basis of the roster-recall methodology 
will only be successful in case of a very high response rate. Social network analysis 
presupposes that complete network data are available. That is to say, all measures assume 
that all relationships for all actors of the population are included in the network. It is easy 
to imagine that the structure of the identified network will look rather different when one 
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of the most central actors in the network did not collaborate with the survey. However, part 
of the non-response might be compensated by the fact that, ideally, each link should be 
mentioned twice, by each of the two partners. In case this reciprocation occurs for (most of) 
the response part of the survey, one can still assume that the links of the non-respondents 
are identified when mentioned by their partners. On that condition, a response rate slightly 
below the maximum might still be sufficient to ensure the network data are complete. If 
this condition cannot be satisfied, one is forced to rely on ego-network data. These data only 
take the direct links of an actor (and the links between his direct associates) into account. 
On the one hand, this reduces the potential of social network analysis in terms of the 
centrality measures that can be used. The value of social network analysis precisely resides 
in the possibility to reveal the complete structure of a network and the position of actors 
in a wider structure. On the other hand, for large-scale surveys ego-network data will be a 
good alternative. Development of new software for the analysis of ego networks, like the 
E-Net program (Borgatti et al. 2002), will further stimulate the application of ego-network 
data in economic geography.

A second and related shortcoming is the time-intensive nature of the methodology. In 
order to ensure a high response rate, a postal survey usually is no option. In most cases, 
it will be rather complicated to use the roster-recall methodology by means of a telephonic 
survey, during which firms might not be willing to provide confidential information like 
the names of their cooperation partners. The best results are likely to be obtained through 
interviews. Due to the time-consuming character of interviews, such a survey method 
highly limits the size of the population that can be investigated. As a consequence, network 
analysis on the basis of primary data is most appropriate for small clusters of firms or 
relatively small sectors within a region. Then, it needs to be acknowledged again that the 
relevance of such a local network exercise depends on the importance of local linkages 
in comparison to cluster-external linkages. Decreasing the size of population under 
investigation will likely increase the relative share of relationships to actors beyond the 
population.

Third, there might be other reasons than non-response that make it questionable 
whether the identified network is a valid representation of the complete network. Which 
type of relationship a respondent will mention is dependent on the exact formulation of 
the type of relationship. Hence, asking for concrete relationships like ‘who do you go to 
for technical advice?’ (Giuliani and Bell 2005) or ‘with whom do you commonly develop 
new products?’ are to be preferred above questions of the type of ‘who do you cooperate 
with?’ or ‘who do you exchange knowledge with?’ But even when precisely formulated, 
respondents might not come up with a complete list of links, simply because they are 
not able to remember all relationships they had in the period under investigation. This 
might be particularly problematic when the ‘recall’ part of the methodology is relatively 
large in comparison with the ‘roster’ part. In addition, in case of large organizations, the 
respondent might not even be aware of all relationships a firm has had. Thus the proper 
identification of the network depends to some extent on who you speak with within the 
firm.

The fourth and final drawback we bring forward here concerns the static nature of the 
networks one can identify. Although it is possible to collect longitudinal network data by 
organizing a survey at multiple points in time, to the best of our knowledge such studies 
hardly exist (Van der Valk 2007). Furthermore, it is simply unfeasible and unrealistic to ask 
respondents about their relationships in the (remote) past. Consequently, it is difficult to 
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use primary network data for analysing how the network structure or the network position 
of actors have changed over time, while from an evolutionary point of view, the dynamics of 
a network constitute a crucial object of study. An alternative for primary data collection in 
network research is the use of patents as relational – secondary – data. How networks can 
be generated from patent data as well as the strengths and weaknesses of the methodology 
will be discussed in the next section.

2.3.2 Secondary data collection: patents as a source of network data
Notwithstanding its limitations, network research in economic geography on the basis of 
primary data has become a considerable research field. Another trend is the application of 
patent data as relational data. Jaffe et al. (1993) used patent citations to trace knowledge 
spillovers and examine their geographical reach. In response to their work, Breschi and 
Lissoni (2003) argued that it is not geographical proximity itself that causes knowledge 
spillovers to be localized. Instead, it is the underlying social networks of inventors and the 
mobility of inventors across firms that tend to be geographically localized and in turn cause 
knowledge spillovers to have a limited geographical reach. In providing empirical evidence, 
they were among the first to use patent data as relational data (see also Breschi and 
Lissoni 2004), provoking a trend in research on inventor networks (Balconi et al. 2004; 
Cantner and Graf 2006; Ejermo and Karlsson 2006). We build on their innovator-oriented 
approach to discuss the methodology that reconstructs networks on the basis of secondary 
data.

Patents contain a rich bulk of information that has scientific applications in various 
fields, ranging from scientometrics and technology studies to business administration and 
regional economics. Besides a detailed description of the patented product and many of its 
technological details, patent records provide information about the actor possessing the 
patents, the people that have been involved into its realization, as well as several citations 
to previous patents or scientific work. Furthermore, a patent record exhibits information 
on the technology class by means of an IPC-code (International Patent Classification) and 
on the year the patent was applied for and has been granted. Generally, the application year 
is used in order to date the patent. It might take some years before the granting procedure 
has been completed. Moreover, the application date is closer to the date of innovation.

For the purpose of building a network on the basis of patent data, particularly the 
information about the patent applicant and the inventors is valuable. Patent applicants 
or patent holders are the actors that legally possess the patent. These can be either firms, 
research institutes or private persons, although the vast majority of patents are held by 
private companies. Inventors are the people that have been involved in the development of 
the patented product. Both for the patent applicant and for its inventors, name and address 
details are provided.

This information is necessary for selecting the patents belonging to the region under 
investigation. Generally, the inventor’s home address is used to determine to which region 
a patent should be allocated and whether or not a patent should be included in a regional 
network analysis. The underlying reason for taking the inventor address as the selection 
criterion for localizing patents is that patents of multi-establishment companies are 
generally assigned to the company’s headquarter. Therefore, patents realized in the firms’ 
R&D subsidiaries will exhibit the headquarter address as the applicant’s address, whereas 
most of its inventors will be resident in the subsidiaries’ region (Verspagen and Duysters 
2004).



| 29 | 

Patents differ strongly in terms of their monetary value. According to a survey among 
10.000 inventors in 6 European countries, about 40 percent of patents is neither 
commercially exploited within the patent-holding organization nor licensed to other 
organizations (Giuri and Mariani 2005). Except for the fact that patented innovations 
inherently differ for their market potential, another underlying reason might be that firms 
have strategic motives other than the legal protection of intellectual property. Such strategic 
motives might relate to building up a patent portfolio in order to improve the position in 
negotiations with other firms or to improve the firm’s reputation and technological image 
(Blind et al. 2006). In the patent document itself, no information on its monetary value is 
available. However, there are various ways for measuring the value of patents, for instance 
by the number of citations it received (Trajtenberg 1990), or by the number of years the 
annual renewal fee has been paid (Pakes 1986). Such procedures can be useful in order to 
create a valued graph for a co-patenting network, in which the cells take differential values 
according to the ‘impact’ of a patent.

Depending on the purpose of the network analysis, the node in the network can be 
either the individual inventor or the patent applicant. Most regional network studies take 
the inventor as the node in the network. A regional network study at the inventor level 
fits well the argument of communities of practice. In high-tech clusters, communities of 
technicians and the social relationships within them are argued to play a crucial role in the 
innovation dynamics of the cluster (Dahl and Pedersen 2004).

Inventors are interlinked when they have worked together on a single patent (Breschi 
and Lissoni 2003). Assuming that inventors that worked on the same patent know 
each other, the complete network structure resulting from this exercise represents the 
underlying social network of inventors of the population under investigation. A social 
network of inventors that has been identified in this way does not take into account the 
boundaries of the firm. Although the inventors mentioned on a patent document do not 
necessarily work for the patent assigning company, a two-mode network that distinguishes 
between an inventor level and a patent level might compensate for this shortcoming. Such 
a network supposes links between inventors to exist in case they have worked for patents 
of one and the same company and supposes links between firms to exist in case there are 
inventors that have worked for patents of different companies.

An alternative approach in patent-based regional network studies is taking the firm as 
the node in the network. The basic assumption in patent-based network research at the 
firm level is that links can be established in two different ways. A link between two patent 
applicants exists in case of co-patenting, or in case of multi-applicant inventorship.

A co-patent is a patent applied for by two or more actors. Generally, this is a sign of 
innovation-based cooperation activity. However, the number of co-patents is relatively 
limited. In a survey among 10.000 inventors in 6 European countries, only 3.6 percent of 
all patents were a co-patent, whereas in 15 percent of the patents, inventors from another 
organization than the patent-holder had been involved. More than 20 percent of all patents 
even turned out to be the result of a collaboration with an external organization (Giuri and 
Mariani 2005). According to Hagedoorn (2003), this is due to the fact that companies view 
co-patenting as a ‘second best option’. Cooperating companies prefer to divide the patents 
resulting from a joint R&D project among them over applying jointly for all patents, 
because co-possessing a patent is legally complex, particularly when partners come from 
different countries. Mainly in case a limited number of patents result from short-term and 
relatively informal joint R&D-projects, firms tend to commonly apply for a patent. Due 
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to this behaviour, quite a substantial extent of inter-organizational cooperation remains 
invisible when just taking co-patenting as a proxy for joint R&D projects. This shortcoming 
might be partly – though considerably – compensated for when taking multi-applicant 
inventorship as an additional means of retracing inter-organizational knowledge-based 
relationships.

Multi-applicant inventorship is the case in which one or more inventors have been 
involved in the development of a patent at two or more different patent applicants. As a 
consequence, one inventor turns up at patents possessed by different applicants within 
the patent data file. Generally, this is interpreted as labour mobility (Laforgia and Lissoni 
2006). When a technician moves from the R&D department of one firm to the R&D 
department of another firm, he will be listed as an inventor for multiple firms. However, 
this argumentation only holds when the patents of the different firms are subsequent in 
time. In many cases this turned out not to be true. This is not really surprising bearing in 
mind that job mobility of European inventors is relatively low. Almost 80 percent of the 
inventors in a large-scale European inventor survey did not change jobs at all in a period 
of 6-10 years after the patent application (Giuri and Mariani 2005). Laforgia and Lissoni 
(2006) found in the study of patents of European biotechnology firms that only 20 
percent of multi-applicant inventorship can be explained as a pure case of labour mobility. 
The other 80 percent should have alternative explanations, two of which will be brought 
forward here.

First, firms engaged in a strategic alliance or any other innovation-based cooperation 
activity often decide to divide the patents resulting from the cooperation among them 
in order to avoid legal complexity in case of co-patenting (Hagedoorn 2003). In these 
cases, the inventors being involved in joint innovation projects will turn up at single-
owned patents of different companies. Consequently, in many cases multiple-applicant 
inventorship can be considered a hidden act of cooperation.

Second, multi-applicant inventorship might occur when patents are sold on the market 
for technology (Arora et al. 2001). Particularly small- and medium-sized firms might decide 
not to take the risk of – and make substantial investments for – exploiting the patent by 
bringing the product on the market, but to sell the patent to other, generally larger, firms 
and take immediate gains of the patent (Giuri and Mariani 2005). In such cases, the 
buying firms turn up as the patent applicant, whereas the inventors involved in the patent’s 
realization are working for the selling firm. Then, if the selling firm also applied for patents 
on itself, its inventors are likely to create a case of multiple-applicant inventorship, being 
caused by a market for technology relationship. For instance, as shortly noted already, most 
software patents are assigned to large manufacturing firms (Bessen and Hunt 2007). This 
might be the result of smaller software firms selling their patents as a license on the market 
for technology.

In general, up to 10 percent of all patents are a co-patent, but this figure shows major 
variation over time, over space, and across industries. The amount of cases identified as 
multi-applicant inventorship depends on the spatial scale of the analysis, since the larger 
the amount of patents under investigation, the higher the chance an inventor will turn 
up at multiple patents. Whether or not multi-applicant inventorship and co-patenting are 
both interpreted as a link in the reconstruction of the network depends on the purpose 
of the network analysis. Whereas taking only co-patenting gives the ‘purest’ picture of 
regional cooperation activity, it is not complete, because cooperation hidden in multiple-
applicant inventorship will be left out of the analysis. However, putting multiple-applicant 
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inventorship widens the interpretation of the linkages in the network, since not all cases 
represent cooperative relationships. However, since they all represent some form of 
knowledge flow between patent applicants – also in case of market for technology or pure 
labour mobility – the networks reconstructed on the basis of both types of relationships can 
be applied in research more generally investigating a region’s knowledge infrastructure.

Networks that are detected on the basis of patent data have opened up new opportunities 
for empirical research in the field of regional innovation systems and clusters. The main 
advantage of this methodology in comparison to the use of primary network data is the 
possibility to detect networks back in time. In combination with the development of new 
software for the dynamic analysis of social networks, like the SIENA program developed 
by Snijders et al. (2007), the treatment of patent data as relational data has enabled the 
dynamic analysis of knowledge networks. Whereas applying the roster-recall methodology 
results in a ‘snapshot’ view of a network, patent-based networks give insight in forces 
towards stability and change in network evolution. The SIENA software can estimate 
parameters for these structural forces – including preferential attachment, closure, and 
homophily – by simulating how the network evolved from one state into the other (for 
more technical details, see Snijders 2001). Particularly within regional studies with an 
evolutionary focus, the time-dimension is highly relevant. For instance, the relationship 
between the life cycle stage of a cluster and the structure and geographical reach of its 
knowledge network has been hardly assessed empirically. Patent-based networks enable the 
empirical investigation of such a relationship.

However, patent-based networks suffer from a number of shortcomings that limit 
the number of applications in regional research and have strong implications for the 
interpretation of the reconstructed networks. As in the case of network research on the 
basis of primary data, social network analysis techniques presuppose that complete network 
data on a certain population are available. Again, it needs to be questioned whether this is 
really the case.

First, the suggested procedure only reveals the cooperative links that have led to a 
patent. As regards to the inventor-level research, the technicians that are not involved 
in patenting will remain invisible, whereas in fact they might still play a major role in a 
network of technicians. At the level of the firm, only relatively formal inter-firm cooperation 
agreements will turn up in the network. More informal, though sometimes valuable, ways 
of inter-firm interaction will not be captured by this methodology. At the same time, the 
methodology is biased towards cooperation in applied and product-oriented innovation 
projects at the expense of more fundamental research in cooperation.

Second, patenting behaviour varies strongly across sectors. In some sectors, patents 
are a much more common way of protecting intellectual property than in others. Other 
sectors will more rely on secrecy or licensing in order to protect their innovations. Since the 
methodology assumes to result in a complete network, this implies that the methodology 
is only appropriate for sectors in which most innovations are patented. As a consequence, 
the pharmaceutical and semiconductor industries, for instance, are relatively good 
candidates for this methodology, whereas it is less appropriate for software industries and 
services. In the particular case of software, the number of patents in this field has increased 
substantially over the last decades (at least in the US). However, most software patents 
are possessed by large manufacturing companies and much less so by smaller software 
publishing firms. These large manufacturing firms generally have a large patent portfolio 
and generally apply for these patents for strategic reasons (Bessen and Hunt 2007).
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Third, patenting behaviour is closely related to firm size. Generally, large firms show 
a higher propensity to patent than small firms. This difference is partly explained by the 
relatively high cost of patenting. Both the money and the time needed to apply for a patent 
might be more easily gathered by larger firms that might have built experience in applying 
for patents through a broad patent portfolio (Giuri and Mariani 2005). In addition, larger 
firms are much stronger inclined to patent for strategic reasons (Blind et al. 2006). As a 
result, the networks that result from patent data are biased towards larger firms. Smaller 
firms will be underrepresented in the network. Their centrality in the network will be lower 
in the reconstructed network than in the complete, though partly invisible, network.

Finally, universities and research institutes are underrepresented in patent data as well. 
Universities do not have strong incentives to patent, since their aim is to diffuse rather 
than protect the generated knowledge. However, over the last years, a trend towards 
more university patenting is observed. This trend is visible both at university-owned and 
university-invented patents (in the sense that at least one inventor at a non-university-
owned patent is employed at a university) (Geuna and Nesta 2006). Still only a limited part 
of the innovations generated at universities will be patented. That is why some network 
studies, and particularly those interested in the role of universities in regional innovation 
systems or science-industry relationships, use co-publication data to reconstruct inter-
organizational networks in which universities and other research institutes will play a 
bigger role (Ponds et al. 2007; Blind et al. 2006).

In synthesis, reconstruction of regional innovation networks on the basis of patent 
data needs to be carried out with extreme care. Only when applied to the right sectors, 
patent data provide us with ample opportunities for a dynamic investigation of knowledge 
networks. Even then, one needs to acknowledge the limitations of the procedure as to 
which part of a network has been revealed and which type of actors and which type of links 
will be over- or underrepresented in the reconstructed network. However, when bearing in 
mind its limitations, treating patent data as relational data provides us with considerable 
opportunities to study the dynamics of regional innovation networks, which is, till today, a 
rather unexplored though promising field of study.

2.4 Conclusions

Inter-organizational interaction has always played a crucial role in the literature on regional 
innovation systems and clusters. However, the structure of this interaction has hardly 
been assessed empirically in more quantitative terms. At the same time, existing empirical 
studies on clusters and regional innovation systems have been mostly static. Whereas static 
network studies incorporating social network analysis techniques have emerged in the field 
of economic geography in the last couple of years, dynamic studies of spatial networks are 
virtually non-existent. However, both in terms of static and dynamic network research, a lot 
of challenges remain. These challenges can be organized along three sets of questions that 
should form the backbone in future regional network research.

The first set of questions refers to how interaction within and across clusters is 
structured and particularly how this structure has come into being. Further insight 
is needed how micro-level capabilities and meso-level proximities affect the spatial 
configuration of inter-firm networks. Related is the second set of questions, which 
concerns the evolution of networks across time and space. To what extent do inter-firm 
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networks evolve along the general principles of preferential attachment and homophily 
as set out by network theorists? And how do these drivers of network evolution relate to 
economic geographical factors like geographical proximity, social connectedness and 
cognitive capabilities? Finally, a third set of questions refers to the effects of networks 
on performance. At the micro level economic geographers can further contribute to 
the growing literature on the positive and negative effects of the positions firm occupy 
in local and non-local networks on their innovative performance. At the macro level, 
economic geographers can bring in a network approach to the literature on agglomeration 
economies and cluster development. There is increasing awareness that a dense local 
system of interactions may lead to cognitive lock-in and economic decline when it is not 
complemented by a wider network of non-regional linkages. Network analysis will further 
contribute to a better understanding of which types of extra-regional linkages matter most 
economically.

Social network analysis constitutes an appropriate analytic toolbox for economic 
geographers to meet these challenges and has created a growing demand for empirical 
network data. Both empirical network research on the basis of primary data and secondary 
data can play a central role in meeting these challenges. When carried out thoroughly 
(i.e., resulting in a very high response rate), primary data network research can generate 
a detailed network that reveals the real and complete structure of a spatial innovation 
network. However, due its highly time-intensive nature, it can only be applied to very 
limited samples. Moreover, the high requirements concerning response – to ensure that 
one identifies the complete network – makes this methodology unfeasible for large scale 
empirical work. Since asking organizations for the relationships in the past will not result 
in reliable information, this methodology is also inappropriate for longitudinal network 
analysis. Patent-based networks in this case are a better alternative. In these networks, 
links between firms can be identified back in time through co-patenting and co-inventing. 
However, this methodology is only appropriate for industries in which intellectual property 
is generally protected by patents. In addition, it is biased towards explicit and successful 
forms of inter-firm knowledge exchange.

Bearing these shortcomings in mind, we believe that social network methodology has 
a huge potential to enrich the literature on clusters, regional innovations systems and 
knowledge spillovers in the years to come. Basically, it has the potential to tackle some key 
problems these bodies of literature have been struggling with. In addition, network theory 
provides ideas for formulating new research questions, and social network methodology 
offers an advanced toolbox to address these questions empirically. The time has come to 
fully exploit these opportunities in economic geography.
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Abstract
The traditional district literature tends to assume that: (1) the competitiveness of firms 
depends on external sources of knowledge; (2) all firms in a district benefit from knowledge 
externalities; (3) relying on external knowledge relationships necessarily means these are 
confined to the district area. Our case study of the Barletta footwear district in the South of 
Italy suggests otherwise. Based on social network analysis, we demonstrate that the local 
knowledge network is quite weak and unevenly distributed among the local firms. A strong 
local network position of a firm tended to increase their innovative performance, and so did 
their connectivity to extra-local firms. So, it mattered being connected either locally or non-
locally: being co-located was surely not enough. Having a high absorptive capacity seemed 
to raise only indirectly, through non-local relationships, the innovative performance of 
firms.

Key words:
Knowledge networks, industrial districts, innovative performance, absorptive capacity, 
footwear industry

3.1 Introduction

Concepts like innovative milieux (Camagni 1991), industrial districts (Beccatini 1979), 
regional innovation systems (Cooke 2001), and learning regions (Asheim 1996) have 
underlined the importance of regions as key drivers of innovation. This body of literature 
stresses that key technological advances (and R&D activities) take place in only a limited 
number of regions worldwide. The general claim is that geographical proximity facilitates 
knowledge sharing and, thus, interactive learning and innovation. In doing so, it states that 
knowledge externalities in a district are ‘in the air’, as Marshall called it, available to firms 
located inside, but not to those outside the district. In addition, this body of literature often 
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suggests that all firms in the district benefit from these knowledge spillovers, because they 
are part of extensive local networks and belong to the same cultural environment.

There is increasing awareness that this traditional view on districts tends to 
overemphasize, and often even assumes, the role of geographical proximity in the transfer 
of knowledge between firms (Boschma 2005a; Boschma and Kloosterman 2005). In 
doing so, it tends to ignore the importance of knowledge creation within the firm, while 
it overestimates (local) external relations as key sources of knowledge (see special issue 
Economic Geography, 2001). Firms are often treated as being one and the same, overlooking 
the fact that firms widely differ in terms of absorptive capacity and economic power (Cohen 
and Levinthal 1990; Boschma and Lambooy 2002). Recent studies have demonstrated that 
leading firms or district groups affect or even dominate the degree and nature of knowledge 
transfer between local firms in districts (e.g. Lissoni 2001; Giuliani and Bell 2005; 
Malipiero et al. 2005). In addition, non-local relationships are considered to play a key 
role in avoiding lock-in both at the firm and the district level (Camagni 1991; Bathelt et al. 
2004). What can be learned from recent studies is that it would be wrong to assume that: 
(1) firms only depend on external sources of knowledge; (2) all firms in a district benefit 
from knowledge externalities; (3) relying on external relationships necessarily means these 
are confined to the district area (Breschi and Lissoni 2001).

In the paper, we account for these shortcomings when analysing knowledge 
relationships between firms in the footwear district of Barletta in the South of Italy. The 
objective of the paper is twofold. First, we conduct a social network analysis to draw the 
configuration of the knowledge network of the footwear district of Barletta, and we make 
use of non-parametric techniques to determine which factors (like the absorptive capacity 
of firms) may be held responsible for a firm’s position in the knowledge network. Second, 
we aim to assess which factors may have contributed to the innovative performance 
of footwear firms in the Barletta district. We explore the extent to which firm-specific 
features (such as the size and the absorptive capacity of firms), network positions of 
firms (horizontal and vertical relationships), and their location (local versus non-local 
relationships) contribute to the innovativeness of footwear firms in the Barletta district. So, 
despite the fact that spatial clustering of footwear production is observed, we do not take 
the role of geographical proximity for granted, but test its impact on firm’s performance 
empirically, controlling for the effects of firm-specific features and external non-local 
linkages.

The paper is structured as follows. In Section 3.2, we describe in a brief way the main 
shortcomings of the traditional view on industrial districts. In doing so, we bring together 
and build on insights from a range of disciplines, that is, cognitive science, social network 
theory, innovation studies, the organization literature (gatekeepers), and regional studies. 
In Section 3.3, the footwear district in the Barletta region is introduced, including a 
description of the nature and structure of the knowledge network. Section 3.4 presents the 
empirical results, and Section 3.5 draws some conclusions.

3.2 Firms, networks and places

In economic geography, there is a fundamental debate about whether places are still 
relevant for the competitiveness of firms, or whether networks matter more (Castells 
1996). This debate may also be linked to the geography of innovation. Whereas the concept 
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of space of places expresses the idea that the place or location matters for learning and 
innovation (being in the right place is what counts), the concept of space of flows focuses 
more on the idea that networks are key vehicles of knowledge transfer and diffusion 
(meaning that being in the right network is of utmost importance).

In the traditional industrial district literature, the space of places and the space of 
flows greatly overlap. Knowledge externalities were assumed to be readily available for 
district firms, because, among other things, knowledge networks were assumed to be 
geographically localized, encompassing all district firms, with no significant extra-regional 
linkages (Boschma and Lambooy 2002). Effective knowledge sharing was enhanced by 
social and cultural proximity between agents in the district. Local firms were assumed to 
be more willing to share knowledge and establish research partnerships with other local 
agents because common norms and values prevented cheating and opportunistic behaviour 
(Harrison 1992). In other words, because geographical and cultural proximity facilitated 
interactive learning, district borders were conceived to enclose knowledge networks, and 
collective learning processes were tied to the place of the district (Crevoisier 2004).

As a consequence, little attention was paid to the fact that district firms might differ2. 
Broadly speaking, district firms were characterized as small and medium-sized, having 
equal access to local knowledge being ‘in the air’. They were conceived to be connected 
to the local network of input-output linkages, and they shared similar levels of absorptive 
capacity unknown to non-local firms. Being in the right firm, the right place and the right 
network meant more or less the same. When conceptualizing a district like that, knowledge 
was a public and a club good at the same time, though spatially bounded. In those 
circumstances, there was no need to disentangle analytically the effects of firm-specific 
features, network positions and place on the performance of district firms. Below, we argue 
why such a position does not hold any longer.

3.2.1 Heterogeneous firms
As stated above, the district literature tends to overemphasize the role of firm-external 
linkages in the acquisition and creation of knowledge, at the expense of intra-firm 
processes of knowledge creation. This may partly be attributed to the fact that districts 
were composed merely of small and medium-sized firms lacking the resources for 
expensive R&D efforts. By contrast, empirical studies often show that firms value internal 
knowledge creation as a more important source of knowledge for innovation than 
external relationships (e.g. Sternberg and Arndt 2001; Weterings 2005). In addition, 
there is growing awareness that the two go together, meaning that the ability of a firm to 
understand and absorb external knowledge is dependent on its own knowledge base.

Consequently, it would be wrong to represent district firms as homogeneous agents 
(Lazerson and Lorenzoni 1999; Rabellotti and Schmitz 1999; Boschma and Lambooy 
2002). This awareness is expressed most strongly in literature on Italian industrial 
districts that presented evidence of the emergence of powerful leading firms and business 
groups through local mergers/acquisitions and direct investments/takeovers by foreign 
corporations (Dei Ottati 1996; Boari and Lipparini 1999; Whitford 2001; Cainelli et al. 
2006). Leading firms (like Benetton) often control the supply chain through their market 

2  In that traditional view, it was acknowledged, though, that an extensive division of labour between 

specialised firms was a key feature of industrial districts. However, this view did not say much about the 

way specialisation of firms might have hindered knowledge transfer between firms.
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power, coordinating activities of suppliers and subcontractors in the district. In addition, 
they perform R&D and other search activities, which means that knowledge creation is 
increasingly taking place within the confines of the leading firms. Leading firms are also 
well integrated in the world economy, having access to international knowledge networks, 
and possessing a capability to identify, understand, and absorb external knowledge.

Firms are also heterogeneous in their knowledge and competence bases (Nelson and 
Winter 1982). They are subject to cognitive constraints, which depend to a large extent on 
the knowledge and experience they have acquired in the past. Firms have different levels 
of absorptive capacity, meaning that they have different abilities to absorb, understand, 
and exploit external knowledge (Cohen and Levinthal 1990). Knowledge accumulates 
in the structure of firms, embodied in routines and human resources, which provide 
opportunities but also set constraints for firms to learn. Consequently, the absorptive 
capacity of a firm is a function of its stock of knowledge. Inter-firm learning is only possible 
when the cognitive distance between firms is not too great. For that reason, different levels 
of knowledge bases may result in different roles firms can perform in knowledge networks: 
leading firms will function as hubs in the district network, while weak firms will operate 
quite isolated from the district network because they have no capabilities that might be 
attractive to other firms nor do they have a capacity to understand and exploit knowledge 
coming from other firms (Giuliani and Bell 2005).

Recently, the literature has focused on the role of leading firms as gatekeepers of 
knowledge, who search for and absorb non-local knowledge, and transmit it into the district 
(Morrison 2004; Owen-Smith and Powell 2004). Technological gatekeepers may act as 
‘bridging enterprises’ linking the district to the outside world. As Malipiero et al. (2005) 
explain, leading firms have well-established contacts crossing the border of their own 
district. Since they have a superior knowledge base (as compared to other district firms), 
they are better equipped to identify and incorporate new knowledge external to the district. 
In addition, gatekeepers are able to process and decode the non-local external knowledge 
for local firms, favouring the dissemination of this knowledge into the district (Morrison 
2004). Having said that, local firms require a sufficient amount of absorptive capacity to 
enable such interactive learning to take place effectively. When leading firms share and 
exchange knowledge only with a few selected local partners, and other district firms lack 
the competences for effective knowledge transfer, knowledge will not spread widely among 
all district firms.

Our study of the Barletta district accounts for the fact that firms differ in economic 
power, competences and organizational strategies, and we expect this to be reflected in 
the specific configuration of the knowledge networks. In doing so, we explore whether 
gatekeepers exclude local firms from reaping knowledge spillovers, or whether they 
enhance processes of knowledge transfer, providing local firms access to sources of 
information external to the district. In addition, we account for firm-specific features (e.g. 
absorptive capacity) when assessing their impact on the innovative performance of footwear 
firms in the Barletta district.

3.2.2 Local and non-local networks
As described in the introduction, the view of regions as key drivers of innovation is very 
strong and well established in economic geography. It builds on the fact that geographical 
proximity facilitates knowledge sharing and, thus, interactive learning and innovation. 
In doing so, it assumes that knowledge does not spill over large distances: district firms 
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can benefit from knowledge externalities that are ‘in the air’, but that are not available to 
firms located outside the district. In addition, this body of literature stresses that all firms 
in the district can benefit from these knowledge spillovers, because they belong to the same 
cultural environment (Malmberg and Maskell 2002).

Next to simple co-location, networks may also function as key vehicles of knowledge 
transfer and knowledge diffusion. Since networks are demarcated in a non-territorial 
way, it would be wrong to assume that knowledge networks are geographically localized 
(Bunnell and Coe 2001). Breschi and Lissoni (2003) have suggested that not geography 
causes tacit knowledge to spill over between firms, but social connectedness of people in 
networks does. This implies that knowledge is unlikely to diffuse evenly in a district, and 
that knowledge networks may cross the boundaries of the district. Knowledge circulates 
and flows through networks (or ‘epistemic communities’) that consist of agents sharing 
cognitive capabilities and trust, but not necessarily the same location. In other words, 
networks do not require permanent co-location for interactive learning to take place (Torre 
and Rallet 2005). This implies that district firms are excluded from essential knowledge 
sharing when they are not part of knowledge networks (Lissoni 2001; Graf 2005). 
Accordingly, interactive learning and innovation is not a matter of being in the right place, 
but more about being member of the right network. In other words, it makes a difference 
whether the performance of district firms may be attributed to their network position 
(being in the right network), or to their geographical position (being in the right location).

There is growing awareness that geographical openness (being connected to extra-local 
knowledge networks) is a precondition for district firms to survive. Too much reliance on 
local knowledge sources may be harmful for interactive learning and innovation: when 
district firms become too much inward looking, their learning ability may be weakened to 
such an extent that they lose their innovative capacity and are unable to respond to new 
developments. This problem of lock-in may be solved or avoided by establishing non-
local networks, providing access to the outside world (Camagni 1991; Asheim and Isaksen 
2002). Empirical studies show that local and non-local relationships are important sources 
for interactive learning (Kaufmann and Tödtling 2002). Local relations may even be more 
beneficial when they are supplemented by non-local relations that bring new ideas into the 
district (Bathelt et al. 2004). As stated earlier, technological gatekeepers may fulfil this task 
in districts.

Giuliani (2005) suggests that one should make a clear distinction between business 
networks and knowledge networks in districts. The co-location of firms in districts tends 
to provide equal opportunities for each firm to interact with other firms. This is in line 
with the traditional view on industrial districts that emphasizes the existence of local 
pervasive networks in districts. By contrast, knowledge networks are expected to be more 
unevenly distributed in the district, depending on the level of the knowledge bases of the 
district firms. That is, the structure of knowledge networks tends to follow a power law 
distribution, shaped by a preferential attachment rule. According to Giuliani (2005), it is 
not geographical and relational proximity of firms per se (as reflected in local networks of 
interaction) that affects the innovative performance of district firms, but their absorptive 
capacity, because this determines their degree of centrality in the knowledge network.

In sum, knowledge creation and innovation may take place within the boundaries of a 
firm, within a network and within the confines of a district. So, district firms are expected 
to perform better when they have a higher absorptive capacity (or stronger knowledge base), 
when they are better connected, and when they participate in local networks. This will be 
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tested in our case study, in which we assess the impact of firm-specific features, network 
position and geography on the innovative performance of firms separately. Our study aims 
to determine the effects of each of them at the firm level, instead of assuming them at the 
regional level.

3.3 Knowledge relationships in the Barletta district

In this section, the Barletta footwear case is introduced. First, we provide some general 
information on the main characteristics of the footwear sector in the Barletta district. 
Then, we draw the main configuration of the knowledge network of the Barletta district by 
employing social network analysis (Wasserman and Faust 1994).

3.3.1 The footwear district of Barletta
In Italy, footwear production is concentrated in a number of industrial districts, of which 
the Barletta district is the main one located in the South of Italy. It is situated in the 
region of Apulia, just north of the city of Bari. The concentration of small and medium-
sized firms is focused on the production of casual shoes for lower market spheres, mostly 
provided with so-called injected soles. Some of the larger firms in the district are devoted to 
the production of the more advanced safety shoes that are developed for use in dangerous 
working circumstances.

As illustrated in Figure 3.1, the evolution of the Barletta footwear district in the post-
war period may be characterized as follows. After the Second World War, some pioneers 
introduced the mechanized technology of shoe production they had acquired through 
working experience in a more advanced footwear district in Northern Italy. From the 1960s 
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Figure 3.1: The evolution of the footwear district of Barletta, in terms of number of people 
employed, 1951-2001
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onwards, these pioneers’ activities provoked massive imitation and the Barletta district took 
off. Due to a growing demand in Europe for cheap, trendy shoes the market size expanded 
greatly in the 1970s and 1980s and the number of footwear firms and the associated 
number of employees grew steadily (d’Ercole 2000). From the beginning of the 1990s, 
however, the first signs of a slowdown began to appear. This negative trend proceeded and 
made the district end up in a severe crisis with many closing and declining firms at the 
turn of the century, due to a stronger orientation of global consumer demand toward ‘brand 
names’ and increasing competition from low-cost countries such as China. Many firms 
in Barletta responded by transferring their production capacity to Albania, which partly 
explains the decline in employment in the Barletta district (Amighini and Rabellotti 2006).

Only a limited number of enterprises made serious efforts to innovate by adapting 
their products to find new market niches or to modify the production process in order 
to decrease production costs. From the beginning of the 1990s, however, a considerable 
number of firms shifted to the growing market for safety shoes. This market segment can 
be characterized by a relatively high innovation potential, less competition from low-cost 
countries and a growing consumer demand in Europe (due to new regulations on working 
conditions). Also the district’s distinct leading firm produces safety shoes. Beside the fact 
that this is the only firm employing more than 100 persons, it is also leading in terms of its 
advanced technological knowledge base.

The most recent Census of Industry, carried out in 2001 (ISTAT 2001), made clear that 
the industrial district of Barletta officially consists of 369 firms in the footwear sector, 
with final firms and specialized suppliers both accounting for about 50 percent. These 
data however contain a very high number of firms that do not exist anymore. In reality 
the district consists of 58 existing and active final firms and a slightly higher number of 
specialized suppliers.

3.3.2 The knowledge networks of the Barletta district
We have investigated the structure of the knowledge relationships in the footwear sector 
of the Barletta district. With structure, we mean the intensity, the range, the type and 
the geographical range of knowledge relationships. That is, we have measured the depth 
of knowledge relationships (how important, how intensive), the breadth of knowledge 
relationships (how many, how diverse), and the degree of geographical openness (the 
importance of local versus non-local sources of knowledge). In doing so, we not only 
determine the position of each individual firm in the local network of footwear firms in 
the district (such as its degree centrality), we also draw the configuration of this knowledge 
network on the aggregate level. This provides answers to questions like: are there dominant 
players in the network, to what extent can the knowledge network be characterized as a 
local network, which cognitive subgroups exist in the region, to what extent does the 
network exceed the region’s boundaries, and who has access to knowledge drawn from 
outside the district?

We have been able to conduct structured interviews with 33 of the 58 final firms 
involved in footwear production in the Barletta district region, which consists of five 
municipalities. This means we got a good response of 58 percent of the total population. 
Although small firms are underrepresented in our sample, a goodness-of-fit test showed 
that the distribution of firms over the size classes does not differ significantly from the 
population’s size distribution. In other words, the sample can be considered representative 
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for the population as a whole. Our sample of 33 firms consists of 12 large firms (20 or more 
employees), 13 medium-sized firms (10-19 employees) and 8 small firms (1-9 employees).

In measuring knowledge relationships between firms in the survey, it is quite common 
to use the so-called ‘roster-recall’ method (Morrison 2004; Giuliani and Bell 2005). In this 
method, each firm is confronted with a list (or roster) on which the names of the largest 
firms were already given. The firm has to indicate on the list from which enterprises 
technical support and market knowledge was received, which organizations benefited 
from technical support and market knowledge provided by the firm, and with whom the 
firm was involved in research collaboration. Besides, the respondent is asked to recall the 
names of all other enterprises (both competitors, clients and suppliers; both local and non-
local) with which they were involved in a knowledge relationship and to add them to the 
list. Moreover, we collected information on three different characteristics of each of the 
knowledge relationships we identified: first on the importance of the contact for firms’ 
innovative performance as perceived by the entrepreneurs themselves, second on the 
question whether the exchange partner was a competitor, client or supplier and finally on 
the nature of the contact (degree of formality).

Applying this roster-recall methodology, two types of knowledge networks have been 
constructed: on market-strategic knowledge and on technical knowledge. The first type 

Figure 3.2: Local network on market issues in the industrial district of Barletta
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of knowledge includes knowledge about consumer preferences, market sales trends or 
product faults of the offered goods. The second concerns, for example, knowledge about 
new methods of production, new materials, new designing techniques and more efficient 
machineries.

As stated earlier, the resulting regional knowledge system is analysed though social 
network analysis, in which the network ties with other firms are examined. We make 
use of graph theoretical methods, which allow us to determine different dimensions of 
network structure (density, connectivity, coverage) and network position (degree centrality, 
and geographical openness). It is important to remind here that only horizontal inter-firm 
relationships have been taken into account, not vertical linkages. In Figure 3.2, we have 
depicted the local network of knowledge exchange of market issues in the Barletta footwear 
district. In Figure 3.3, the local knowledge network concerning technical issues is projected.

The graphs make clear that the network on market issues is much more developed 
than the one concerning technical issues. The technical network has a high number of 
disconnected firms, implying these are cognitively isolated from the rest of the district 
firms. Another striking feature is that the largest firm is entirely disconnected from the 
technical knowledge network. The differences between the market and the technical 
knowledge network can be further illustrated by the density of the network, expressed 

Figure 3.3: Local network on technical issues in the industrial district of Barletta
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as a ratio between the actual number of ties and the maximum number of potential ties 
(Wasserman and Faust 1994):

D = network density
L = number of ties
g = group size (population size)

The network on market knowledge has an average density of 0.0370, while this number is 
0.0167 for the technical network. The strong prevalence of market knowledge relationships 
over technical knowledge relationships is further illustrated when looking at the valued 
density, which is the density weighted by the importance of the contact as indicated by the 
entrepreneurs in a number from 1 to 5 (Wasserman and Faust 1994):

D = network density (in a valued graph)
vk = value of link k (as expressed by the entrepreneur)
g = group size (population size)

In that case densities are 0.0712 and 0.0222 for the market and technical knowledge 
networks respectively. Apparently, the densities between market and technical knowledge 
diverge, which implies that on average local knowledge relations on market issues are 
‘deeper’ (considered more important, more intensive) than technical knowledge ties.

The market knowledge network consists of one large component that is centred on the 
district’s leading firm and five smaller components connecting two or three enterprises 
each. The network covers 66 percent of the district enterprises, while 38 percent is part of 
the component centred on the leading firm. This group of interconnected firms contains 
a large number of relatively large firms. The firms connected to the main component of 
the network may profit from relevant market knowledge that circulates in the network in 
general, and that may be transferred through the network by the leading firm (functioning 
as a gatekeeper) in particular. The leading firm is highly exposed to district-external 
sources of knowledge and generally possesses detailed information on consumer requests 
on distant markets. The same mechanism may be at work for other connected principal 
firms that have a relatively wide array of non-local relationships. The 34 percent of local 
enterprises that are not connected at all to the local market knowledge network, however, 
are ascertained not to receive any relevant market knowledge from neighbouring firms.

For what the local network on technical issues is concerned: only 32 percent of all 
firms are involved in one way or another in inter-firm knowledge relationships. Even the 
leading firm is not connected to the district: it only cooperated at the technological level 
with a limited number of technologically advanced enterprises located outside the district. 
Consequently, the leading firm does not function as a technological gatekeeper for the other 
district firms. One can think of several reasons for why there is such a limited density 
and coverage of the technical network in the Barletta district. This may be due to the fact 
that – unlike the ideal-typical districts in the Third Italy – social capital – an essential 
precondition for knowledge exchange and collective learning – is lacking in this Southern 
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Italian case. Another reason might be that the innovation potential of shoes with injected 
soles is nearly exhausted and that, as a consequence, local firms compete mainly on fashion 
characteristics of the shoes. This is confirmed by the fact that the existing technological 
inter-firm linkages involve almost no actors in the field of shoes with injected soles, which 
is the main sector of the district.

Figures 3.2 and 3.3 only display the horizontal inter-firm ties within the district. The 
roster-recall method, however, also identifies vertical knowledge linkages and non-local 
(both horizontal and vertical) linkages. Table 3.1 shows the presence multiplied by the 
importance of inter-firm ties (average valued degree) for all types of inter-firm knowledge 
relationships we distinguish. In comparison with horizontal local knowledge relationships, 
vertical local knowledge relations are more widespread and considered more important 
when the transfer of technical knowledge is concerned. This may be due to the fact that 
the existing client-supplier relationships within the district automatically may induce some 
flows of technical knowledge and that the fear of unintended imitation by competitors 
that usually characterizes horizontal ties is lacking in case of vertical relationships. The 
difference between vertical and horizontal inter-firm relationships does not occur in case 
of market knowledge, where both vertical and horizontal ties were equally distributed and 
valued.

Relationships with external actors are important to remain competitive and to prevent 
a cognitive lock-in in existing routines. As said before, the leading firm is connected to a 
disproportional large number of non-local firms through intense knowledge relations. 
Beside the leading firm, a limited number of other, smaller firms are directly connected 
to extra-district sources of knowledge. In case of vertical relationships, district-external 
linkages were even rewarded higher than local relationships. The presence and importance 
of non-local knowledge linkages implies that inter-firm networking is not affected by 
geographical proximity only, and that the network configuration is not merely local.

Distant actors, mainly in other footwear districts in the Northern and Central parts of 
Italy, are involved in the district’s local network through direct linkages to a limited number 
of enterprises. Thus, many firms that do not have direct non-local knowledge linkages are 
dependent on their connections to the local knowledge network, through which district-
external knowledge obtained through other firms’ district-external relationships might 
circulate. By contrast, firms that are not connected to local actors may have independent 
knowledge linkages with district-external actors.

In summary, a slight majority of footwear enterprises in the district Barletta is involved 
in the local knowledge network on market issues. Non-local knowledge is brought into 
this local network by firms (such as the leading firm) that have district-external knowledge 
linkages. In the technological field, however, almost no knowledge exchange exists 
at the district level: firms tend to rely merely on individual (mainly vertical) non-local 
knowledge relationships. The leading and principal firms within the district do not diffuse 

Table 3.1: Average valued degree of firms’ ego networks

Market knowledge Technical knowledge

Horizontal Vertical Horizontal Vertical

Local ties 0.65 0.59 0.19 0.61
Non-local ties 0.25 1.10 0.07 1.16
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relevant technological knowledge through the district and, therefore, do not function as 
technological gatekeepers.

3.4 Results

The foregoing made clear that firms are heterogeneous concerning their position in 
knowledge networks. The question now is why firms differ in that respect, and whether this 
affects their performance. Section 4.1 examines the extent to which the absorptive capacity 
of firms, controlling for other firm-specific features (such as size), affects the position of 
Barletta’s footwear firms in the knowledge network. Section 4.2 examines the extent 
to which the network position of firms determines the innovative performance of firms. 
Due to the low number of cases, we make use of common non-parametric techniques, to 
investigate which factors may be held responsible for firms’ positions in the knowledge 
network, and which factors contribute to the innovativeness of footwear firms in the 
Barletta district.

3.4.1 Network position
In order to explain the network position of firms, we constructed a group of dependent 
variables that measure the network position of the firm. This group of variables concerns 
the valued degree of network relationships. This measure for network centrality is expressed by 
the number of inter-firm relationships a firm has (both horizontal and vertical), multiplied 
by the importance of the contact for a firm’s innovative behaviour as indicated by the 
entrepreneurs themselves (on a scale from 1 not important to 5 extremely important). 
This measure has been calculated in three different ways, by taking into account 1) the 
local knowledge relationships; 2) the non-local knowledge relationships; and 3) the local 
and non-local knowledge ties taken together. Applied both to the market and technical 
knowledge types of relationships this results in a group of six dependent variables.

Since our aim is to explain the network position of firms, we have measured a number 
of independent variables that account for firm-specific characteristics. The most important 
one is the absorptive capacity of the firm. Following Giuliani and Bell (2005), we expect 
that the absorptive capacity of a firm positively affects its network connectivity. With 
absorptive capacity, we mean the knowledge base of a firm that is required to absorb and 
exploit firm-external knowledge (Cohen and Levinthal 1990). As Giuliani and Bell (2005), 
we measured several variables and employed a Principal Component Analysis to construct 
a single component for a firm’s absorptive capacity. The following five variables were used 
to construct the final indicator (in brackets their weights in the component): (1) the level 
of technical education of the technical personnel (0.924); (2) the number of technicians 
engaged in product and process adaptation and innovation (0.776); (3) the number of years 
of experience in the sector of the technical personnel (0.736); (4) the number of former 
employers in the sector of the technical personnel (0.702); and (5) the type and intensity of 
R&D undertaken by the firm (0.592). The component explains 56.8 percent of the original 
variance of the five variables.

Besides absorptive capacity, the analysis includes other firm-specific features that might 
affect the network position of firms. The size of firms has been measured in terms of 
volume of production (number of pairs of shoes produced in 2004). The age of the firm 
has been expressed by the number of years since the establishment of the firm, while the 
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experience of the entrepreneur has been gauged by the number of years the entrepreneur 
has experience as an entrepreneur or employee in footwear or related sectors. Table 3.2 
presents the descriptive statistics of the variables.

Besides absorptive capacity, the analysis includes other firm-specific features that might 
affect the network positions of firms. The size of firms has been measured in terms of 
volume of production (number of pair shoes produced in 2004). The age of the firm has 
been determined by the number of years since the establishment of the firm, while the 
experience of the entrepreneur has been gauged by the number of years the entrepreneur 
has experience as an entrepreneur or employee in footwear or related sectors. Table 3.2 
presents the descriptive statistics of the variables.

Table 3.3 shows the outcomes of the non-parametric analyses. Firstly, we categorized 
the independent variables and tested with a Kruskal-Wallis test whether the averages 
of the centrality measures differed significantly over the different categories of firms. 
In Table 3.3, we have specified the means of each of the three categories for the variable 
absorptive capacity. For the remaining independent variables, we only mentioned the 
number of categories for each variable, as given by df+1 in Table 3.3. Secondly, we calculated 
the Kendall tau-b non-parametric correlation coefficient in order to show the direction 
of the relation between the independent and dependent variables. If both methods show 
significant results, one can conclude a significant relationship exists.

Following Giuliani and Bell (2005), we expect that firms with higher absorptive 
capacities are more central in the local network, and have a wider array of local and non-
local network relations. Table 3.3 shows a significant relationship between absorptive 
capacity and network position in a number of cases. Firms with high absorptive capacities 
have significantly more (or more important) non-local relationships, especially concerning 
technical knowledge. This is as expected, because having a high absorptive capacity means 
the firm is well equipped to identify and process external knowledge from non-local 

Table 3.2: Mean, standard deviation, minimum and maximum value of each variable

Mean Standard 
deviation

Min. Max. N

Network position
Valued degree of local relationships (market)  1.24  1.23  0.00  4.00 33
Valued degree of local relationships (technical)  0.80  1.18  0.00  5.00 33
Valued degree of non-local relationships (market)  0.68  0.86  0.00  4.00 32
Valued degree of non-local relationships (technical)  1.23  1.41  0.00  4.20 31
Valued degree of market relations (local + non-local)  1.91  1.63  0.00  6.00 32
Valued degree of technical relations (local + non-local)  2.03  2.13  0.00  9.00 31
Firm characteristics
Absorptive capacity  0.00  1.00  -1.34  2.05 25
Firm size (volume of production 2004 in 100.000 pairs)  5.14  6.55  0.10  35.00 31
Firm age (years)  18.85  14.37  0.50  59.00 33
Entrepreneur experience (index)  0.90  0.62  0.00  2.00 33
Innovative performance
Number of product innovations (corrected for firm size) 2.27 1.84 0.00 8.38 28
Number of process innovations (corrected for firm size) 0.60 0.61 0.00 2.10 28
Share of innovative sales in last year’s turnover 0.62 0.31 0.00 1.00 30
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sources (see also Drejer and Vinding 2007). Also the valued degree of both local and non-
local technical relationships together is positively and significantly related with absorptive 
capacity. There exists no significant relationship between absorptive capacity and network 
positions of firms as far as market knowledge is concerned, although the data in Table 
3.3 suggest a positive (but not significant) relationship. One possible reason is that our 
indicator of absorptive capacity (e.g. measured as technical personnel and education) is 
more biased towards technical knowledge.

We found no relationship between absorptive capacity of firms and their position in the 
local knowledge network. So, despite geographical and cognitive proximity, no important 
local knowledge relationships have been established. A plausible reason is that social 
and institutional proximity were lacking in the Barletta district (Boschma 2005a). This 
is not uncommon for a region situated in the South of Italy where social capital, being 
a potential bridging mechanism for local agents to overcome uncertainty, is often found 
missing (Putnam et al. 1993; Boschma 2005b). Another possible explanation for why 
there is no significant relationship between absorptive capacity and local network position 
of firms is that inter-firm relationships are considered less important than other sources 
of knowledge. This is confirmed by our data. Firstly, the footwear firms in the Barletta 
district indicated themselves that both local and non-local inter-firm linkages represent 
only minor external sources of knowledge. Instead, as Figure 3.4 shows, fairs, commercial 
agents and clients were considered more important in this respect. Secondly, the firms 
also acknowledged that they depended significantly more on internal knowledge creation 
for undertaking innovative activities, instead of relying on external sources of knowledge 
(among which inter-firm ties).

With respect to the other firm specific characteristics in Table 3.3, only firm size 
significantly affects the network position of firms in a number of cases. Especially the non-
parametric correlation coefficients show that larger firms have significantly more or higher 
valued network relationships. The significant relationship between absorptive capacity and 
network position may be due to the fact that larger firms have higher absorptive capacities. 
This is confirmed by the statistical significance of the non-parametric correlation coefficient 
Kendall tau-b between the two variables (0.506) at the 0.01 level. In contrast, a firm’s age or 

Figure 3.4: Average importance of knowledge sources as indicated by the Barletta footwear firms 
on a scale from 1 (not important) to 5 (very important)
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the experience of the entrepreneur (as a spin-off or a re-starter) has no effect on the current 
network position of the Barletta footwear firms.

3.4.2 Innovative performance
We finally examined the extent to which the network position of footwear firms (in terms of 
intensity and geographical range) has contributed to learning and innovation.

The innovative performance of the footwear firms has been measured by three 
indicators. The first indicator measures product innovation. As mentioned frequently by 
the respondents, in a mature industry as the footwear sector, the use of new fashionable 
materials is a major source of product innovation. It has been measured by the number of 
new materials adopted for footwear production in the last three years by the firm, divided 
by the log of the number of employees. This latter correction accounts for the fact that this 
measure tends to underestimate the performance of small firms. This is confirmed by 
our data: firm size was indeed positively correlated with this indicator, but the correlation 
disappeared after correction. The second measure accounts for process innovation, using 
the number of new, technically more advanced machines the firm adopted in the last 
three years. As the first indicator, this variable has been transformed by dividing it by log 
size. The third indicator measures innovative performance by the share of new products 
developed in the last three years in the total sales of the firm in 2004. This indicator is 
widely used in innovation studies because it takes into account the success of a product 
innovation for the firm concerned.

We expect that a firm’s network position positively affects its innovative performance. 
The network position of firms has been categorized in three different ways, depending 
on the geographical range of their knowledge relationships. In doing so, we can test the 
impact of location. To be more precise, it enables us to assess whether membership of a 
local knowledge network enhances the performance of firms, and whether non-local 
relationships contribute to learning and innovation.

Table 3.4: The relationship between local network position and innovative performance: Kruskal-
Wallis non-parametric test

Product 
innovations
(corrected for 
firm size)

Process 
innovations 
(corrected for 
firm size)

Share of 
innovative 
sales in 
last year’s 
turnover

local network (market knowledge) df = 2 χ 2 = 1.561 6.805 ** 1.301
- member of leading firm centred network N = 11 Mean 2.69 0.93 0.71
- other firms having local relationships N = 9 Mean 2.41 0.55 0.63
- locally disconnected firms N = 8 Mean 1.54 0.22 0.48

local network (technical knowledge) df = 2 χ 2 = 3.424 4.912 * 5.216 *
- member of leading firm centred network N = 6 Mean 3.12 1.13 0.78
- other firms having local relationships N = 11 Mean 2.65 0.59 0.71
- locally disconnected firms N = 11 Mean 1.44 0.33 0.45

* significant at the 0.10 level
** significant at the 0.05 level
*** significant at the 0.01 level
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The first categorization covers the local dimension of networks. We distinguish 
between firms that belong to the network component centred on the district’s leading firm 
(strongly locally connected), firms that have other (horizontal or vertical) local knowledge 
relationships (weakly locally connected), and firms that have no (horizontal and vertical) 
local knowledge relationships (locally disconnected). Table 3.4 shows the outcomes of 
the Kruskal-Wallis test: firms being member of the leading firm’s network perform best 
in terms of innovation, followed by firms having other local relationships and locally 
disconnected firms. With respect to the local network of technical knowledge, this is true 
for two of the three dependent variables. For the network on market knowledge, this 
pattern is, however, only significant for process innovation. Over the whole, one could say 
that having local knowledge ties in general, and being connected to a network with larger, 
technically more advanced firms in particular, raises the innovative level of the footwear 
firms in the Barletta district.

The second categorization concerns the non-local knowledge linkages. As shown in 
Table 3.5, it consists of firms having non-local knowledge relationships, and firms lacking 
them. By and large, footwear firms having knowledge relationships with firms beyond the 
district’s boundaries perform better than firms lacking district-external knowledge linkages. 
The differences are significant in three of the six cases identified. The outcomes till so far 
tend to suggest that it is important for innovative performance not only to be connected to 
neighbouring firms in the cluster, but also to have non-local knowledge relationships that 
can bring in new relevant external knowledge.

The third categorization combines the local dimension of the first categorization and the 
non-local dimension of the second. Hence, firms that are strongly connected to the local 
knowledge network (being member of the leading firm’s centred network) are divided 
between those that have non-local knowledge relationships and those that have not. The 
same procedure is applied to weakly connected and disconnected firms to the local 
knowledge network. The logic behind the sequence of the categories depicted in Table 3.6 
is as follows: the more firms are connected, the higher they are ranked. For instance, the 
most connected firms (with the highest rank) are those that are strongly locally connected 

Table 3.5: The relationship between geographical openness and innovative performance: Kruskal-
Wallis non-parametric test

Product 
innovations
(corrected for 
firm size)

Process 
innovations 
(corrected for 
firm size)

Share of 
innovative 
sales in 
last year’s 
turnover

non-local networks (market knowledge) df = 1 χ2 = 1.805 0.296 4.814 **
- geographically open firms N = 18 Mean 2.61 0.55 0.72
- geographically closed firms N = 10 Mean 1.66 0.70 0.45

non-local networks (technical knowledge) df = 1 χ2 = 4.721 ** 1.263 3.117 *
- geographically open firms N = 16 Mean 2.91 0.75 0.72
- geographically closed firms N = 11 Mean 1.33 0.40 0.49

* significant at the 0.10 level
** significant at the 0.05 level
*** significant at the 0.01 level
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and have non-local relationships as well. The data on the technical knowledge should be 
interpreted with caution, since the distribution over the categories is highly skewed.

The resulting pattern derived from this classification is presented in Table 3.6. The non-
parametric results are significant in three of the six cases. Broadly speaking, one could 
say that the more a firm is connected, the better its innovative performance. For instance, 
members of the core local network with access to the outside excel in innovation almost 
without exception, as opposed to isolated firms (both locally and non-locally). In addition, 
regarding technical knowledge, it holds for almost every category that geographically 
open firms perform better than geographically closed firms. This may be explained by the 
low density of the local technical network, which makes firms to rely more on non-local 
relationships. Local firms who do so perform considerably better than those who do not. 
An exception is the category of locally disconnected firms that do not perform better when 
connected with the outside world. With respect to market knowledge, an almost similar 
conclusion applies. For most of the categories concerning market knowledge – especially 
the firms that are weakly locally connected or even locally disconnected – it holds that 
geographical openness enhances their innovative performance considerably. This seems, 
however, not true for firms with strong local connections: non-local ties do not seem to 
improve further their high innovative performance.

To end with, we tested the impact of a series of firm-specific characteristics on innovative 
performance. We used the non-parametric correlation coefficient Kendall tau-b to examine 
whether firm characteristics are directly related to innovative performance. Table 3.7 

Table 3.6: The relationship between position in local and non-local networks and innovative 
performance: Kruskal-Wallis non-parametric test

Product 
innovations
(corrected for 
firm size)

Process 
innovations 
(corrected 
for firm size)

Share of 
innovative 
sales in 
last year’s 
turnover

Local and non-local networks (market) df = 5 χ2 = 5.524 9.343 * 5.774
- strongly locally connected + geogr. open N = 8 Mean 2.64 0.85 0.74
- strongly locally connected + geogr. closed N = 3 Mean 2.81 1.16 0.63
- weakly locally connected + geogr. open N = 6 Mean 2.83 0.34 0.74
- weakly locally connected + geogr. closed N = 3 Mean 1.57 0.95 0.43
- locally disconnected + geogr. open N = 4 Mean 2.23 0.26 0.64
- locally disconnected + geogr. closed N = 4 Mean 0.86 0.17 0.33

Local and non-local networks (technical) df = 5 χ2 = 7.041 10.497 * 9.292 *
- strongly locally connected + geogr. open N = 4 Mean 3.34 1.36 0.93
- strongly locally connected + geogr. closed N = 1 Mean 2.98 0.74 0.50
- weakly locally connected + geogr. open N = 9 Mean 3.05 0.72 0.73
- weakly locally connected + geogr. closed N = 2 Mean 0.83 0.00 0.60
- locally disconnected + geogr. open N = 3 Mean 1.95 0.00 0.39
- locally disconnected + geogr. closed N = 8 Mean 1.25 0.45 0.47

* significant at the 0.10 level
** significant at the 0.05 level
*** significant at the 0.01 level
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shows the results. Neither the age of the firm, nor the experience of the entrepreneur, 
nor the absorptive capacity of the firm has a direct impact on the innovative performance 
of the Barletta footwear firms. Given the latter result, our analyses seem to suggest that 
absorptive capacity has only an indirect influence on innovation. Since firms with high 
absorptive capacity have significantly more (or more important) non-local relationships, 
and firms with non-local relationships tend to perform better, it seems that absorptive 
capacity impacts indirectly on innovative performance through non-local (but no local) 
relationships.

3.5 Conclusion

The results of the Barletta case study have some interesting research implications. First 
of all, the study shows that cluster analysis should take the firm level seriously, instead of 
treating the firm as a black box (Maskell 2001). The data showed that there exists a large 
variety of firms in a cluster as far as their absorptive capacity and network connectivity is 
concerned, and this strongly affects their economic performance. Economies are featured 
by a variety of firms, some of them successful, others having a hard time to survive, and 
clusters are no exception to that rule. It implies that one should be careful in saying that 
knowledge externalities in districts are in the ‘air’, because knowledge tends to accumulate 
and remain inside the boundaries of firms and networks.

Another striking result was that only a limited number of local actors were part of the 
local knowledge network in the Barletta footwear cluster. Many local firms were not 
engaged in local networking activities at all, despite geographical proximity. Our study 
showed this had serious implications for their performance: a strong local network position 
of firms impacted positively on their innovative performance. So, it mattered being locally 
connected: being co-located was just not enough. What also mattered was being connected 
to non-local actors: firms having non-local knowledge relationships were more innovative 
than firms lacking such a window on the outside world. There was only poor evidence of 
leading firms acting as gatekeepers for the local firms: the core local network centred on 
the leading firm was selective, not pervasive, to paraphrase Giuliani (2005), and the leading 
firm of the district was even disconnected to the technical knowledge network.

Table 3.7: The relation between firm characteristics and innovative performance: Kendall tau-b 
correlation coefficient

22 ≤ N ≤ 33
New 
materials 
adopted

New 
machineries 
adopted

Share of 
innovative 
sales in last 
year’s sales

Firm age Kendall tau-b 0.182 -0.009 -0.064
Entrepreneur’s experience Kendall tau-b -0.024 0.178 0.550
Absorptive capacity Kendall tau-b -0.107 -0.171 0.035

* significant at the 0.10 level
** significant at the 0.05 level
*** significant at the 0.01 level
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Another key outcome was that the absorptive capacity of firms did not influence their 
position in the local knowledge network. This seems to suggest that a combination 
of geographical and cognitive proximity between firms does not automatically result 
in important local knowledge relationships. Nor could we observe a direct impact of 
absorptive capacity on innovation. However, our study showed that firms with high 
absorptive capacity were more connected non-locally, which is in line with our expectations. 
As firms with non-local knowledge relationships also tended to perform better, it might 
suggest that absorptive capacity impacts only indirectly, through non-local relationships, on 
the innovative performance of firms.

This study has taught us that we should be cautious not to take the impact of the 
place for granted, even in the case of a cluster. Our study provided strong evidence that 
it is essential to disentangle analytically the impacts of the firm, the network and the 
place on the performance of firms in a cluster. Only then can we determine whether 
geographical proximity matters or not (Boschma 2005a). This would mean that other 
issues not addressed in this paper should be accounted for as well. For instance, a 
remarkable outcome was that cognitive proximity did not favour local networking activities 
between firms. It might be that a lack of social capital or trust formed a major obstacle, 
but we did not examine this issue explicitly in our case study. Furthermore, it has been left 
unexplained why clustering of footwear production occurred in the Barletta region. It might 
have something to do with other mechanisms as potential sources of local knowledge 
spillovers, such as spin-off dynamics and labour market mobility. It may even be so that 
the reasons for clustering in such mature districts as the Barletta case have disappeared 
over time (Brenner 2004). To find out, an in-depth historical analysis of the evolution of the 
cluster is a prerequisite. Taking such an evolutionary perspective would really increase our 
understanding of whether geographical proximity matters or not in innovation processes in 
clusters (Boschma and Frenken 2006).
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4
Proximity and partner selection:  

matching amongst inventors in German biotechnology

4.1 Introduction
In the fields of innovation studies and economic geography it is widely agreed upon that 
innovation does not take place in isolation. Innovation is increasingly an outcome of 
collaborative action or team work (Wuchty et al. 2007). Particularly, in knowledge-intensive 
and strongly science-based industries such as biotechnology collaboration amongst 
inventors is of utmost importance to accomplish innovative aims (Powell et al. 1996). The 
key idea of Joseph Schumpeter that innovation is the outcome of recombination of prior 
knowledge and ideas lies at the foundation of this observation. Networks consisting of 
collaborating people that differ in their knowledge, skills, and ideas form the seedbed in 
which the recombination process takes place.

The importance of networks for innovation has spurred scientific research into the 
determinants of network formation. There is increasing interest in inter-organizational 
knowledge networks. A great deal of this type of research focuses on the question how 
heterogeneity in firms’ capabilities affects the positions firms occupy in these networks. 
Ahuja (2000b) argues, for instance, that the formation of inter-firm linkages in a strategic 
alliance network is an outcome of the interplay between inducements and opportunities. 
Firms with superior capabilities are the most attractive partners with whom to connect, 
although these firms might be selective in which partners they accept. Empirical research 
demonstrates that those firms that are superior in terms of the technologies they hold 
and that have made important technological advances tend to be positioned at the core of 
strategic alliance networks (Stuart 1998; Gay and Dousset 2005). Likewise, case studies 
on inter-firm knowledge exchange in geographical clusters show that firms with strong 
absorptive capacities tend to be central in these networks (Giuliani and Bell 2005). A 
central network position, in turn, tends to be positively related to the firm’s innovative 
performance (Powell et al. 1996; Giuliani 2007a), at least until a certain threshold. 
Occupying a central position in dense parts of a network might be detrimental for the firm 
as the novelty value of the knowledge circulating in the network tends to be negatively 
affected by a high density of strong ties in the network (Uzzi 1996).

Most of the studies on knowledge networks take the individual node and its 
characteristics as the unit of analysis. We argue that increasing insight into the 
determinants of network formation can be obtained when shifting the unit of analysis 
to the dyad or actor pair. At that level node characteristics are compared to those of the 
other nodes in the network. The key interest here concerns homophily effects. These 
effects, originating from social comparison theory in sociology (Festinger 1954), capture 
the tendency of nodes to get linked to nodes that are similar in one or more dimensions 
(McPherson et al. 2001).

In this paper we argue that this line of reasoning also applies to inventor networks. 
Here the theoretical underpinnings of homophily effects can be found in the literature 
on proximity and innovation (see Carrincazeaux et al. 2008 for an overview of the 
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literature). Hence, in this study on inventor networks the concept of proximity fulfils 
the role homophily plays in social comparison theory. In the literature on proximity it is 
argued that various forms of proximity affect the way in which interactive learning across 
multiple actors takes place. For example, Sorenson et al. (2006) show that knowledge of 
considerable complexity flows most easily between socially proximate and geographically 
proximate actors. Hoekman et al. (2009) find that the propensity of inventors and scientists 
from different regions to collaborate – on patents and publications respectively – increases 
with geographical and institutional proximity.

This paper connects to these studies by empirically examining the role of proximity in 
inventor networks. It aims to investigate why certain actors in an inventor network are 
linked, whereas others are not. The paper addresses this question through an empirical 
analysis of the role of geographical, social and cognitive proximity in link formation 
among inventors. The German biotechnology industry is taken as a test case. The industry 
exhibits a strong tendency to patent (Blind et al. 2006) and shows a marked pattern of 
spatial clustering in Germany (Zeller 2001). On the basis of USPTO patent data (Hall et 
al. 2001) we reconstruct the inventor network among German inventors in biotechnology 
as well as matrices denoting the geographical, social, and cognitive proximity among 
them. Regression techniques on the basis of the Quadratic Assignment Procedure (QAP) 
(Krackhardt 1988) are employed in order to assess the role of these of proximities in link 
formation at the dyad level.

The next section will briefly describe the literature on proximity and provides our 
theoretical expectations on the potential role of geographical, social, and cognitive proximity 
in network formation. Then, a methodological section follows, explaining how patent data 
are applied to construct networks and proximities and how a QAP regression is conducted. 
Subsequently, Section 4.4 provides the analysis and Section 4.5 concludes.

4.2 Proximity

The idea that two actors that are proximate in one way or another have a higher propensity 
to collaborate than two distant actors is rather intuitive. Consistent with this idea, an 
established tradition of research on the relationship between proximity and innovation 
has been developed (see Torre and Gilly 2000; Carrincazeaux et al. 2008). This literature 
emerged in France in the 1990s as a reaction to the literature on innovative milieux (Rallet 
1993). This approach to spatial clustering and innovation was criticized for its too strong 
emphasis on territorial specificities for innovation, for instance related to region-specific 
culture and institutions. Instead, the proximity literature attempted to explain localized 
patterns of innovation through geographical and non-geographical forms of proximity. It 
was argued that it is not location per se that matters for innovation but relations among 
agents, who differ in terms of their geographical proximity.

It was partly on the basis of this relational approach to innovation that the cluster 
concept was disentangled, representing it as a location where multiple forms of proximity 
might coincide. Successful clusters were conceptualized as agglomerations where 
geographical proximity enables firms to profit from spatially bounded knowledge spillovers, 
social proximity makes firms engage in local collective learning, and institutional proximity 
facilitates communication by virtue of shared norms, values, and rules of conduct (Maskell 
2001).
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These new insights induced an increasing number of theoretical and empirical studies 
that embraced the proximity concept, as a consequence of which a vast array of proximity 
forms were introduced. In a theoretical contribution to the proximity literature, Boschma 
(2005a) proposes to align the proximity concept into five dimensions of proximity: 
geographical, social, cognitive, organizational, and institutional. The first three of these 
proximity dimensions are considered in this study.

First, geographical proximity is strictly defined as the physical distance between 
individuals or organizations (Boschma 2005a). Notwithstanding fundamental 
advancements in ICT, the cost of face-to-face contact and the cost of coordination 
of cooperation increase with geographical distance. Hence, interactive learning and 
cooperation are eased by geographical proximity and, as a consequence, inventor networks 
tend to be localized to a certain extent. For instance, gravity models by Maggioni and Uberti 
(2007) and Hoekman et al. (2009) demonstrate that geographical proximity is positively 
associated to co-patenting and co-publishing at the interregional level in Europe. Also inter-
organizational networks (e.g. Lublinski 2003) and collaboration networks at the inventor 
level (e.g. Ejermo and Karlsson 2006) exhibit a clear tendency towards the formation of 
local linkages. This is particularly true for networks in industries, in which knowledge is 
predominantly tacit and embodied in human capital (Audretsch and Feldman 1996b) or 
characterized by a high level of complexity (Morgan 2004). The transfer of this type of 
knowledge is strongly facilitated through intensive face-to-face interaction and, hence, is 
most sensitive to geographical distance (Moodysson and Jonsson 2007). However, this does 
certainly not imply that permanent co-location of collaborating actors is strictly necessary. 
Innovation projects can be very well organized through forms of temporary geographical 
proximity (Torre and Rallet 2005; Torre 2008). More importantly, it needs to be emphasized 
that mere geographical proximity is neither a sufficient nor a necessary condition for 
interactive learning. Either it needs to be complemented by other forms of proximity, or it 
might even be substituted by other forms of proximity (Boschma 2005a).

A second form of proximity that plays a key role in this regard is social proximity. The 
concept of social proximity stems for the literature on embeddedness (Granovetter 1973; 
Uzzi 1996). It can be defined as the extent to which the relations between individual 
agents are characterized by the existence of trust, based on friendship, kinship or 
common past experience (Boschma 2005a). Breschi and Lissoni (2003) demonstrate that 
the geographically localized nature of knowledge spillovers is in actual fact largely due to 
knowledge transmission in strongly localized social networks. Likewise, Bell and Zaheer 
(2007) indicate that particularly friendship relations over larger distance are effective 
conduits of knowledge flows. Agrawal et al. (2006) show that social relationships among 
inventors endure over time, also if one of them moves to a different location or different 
organization. At the level of inter-organizational networks, Gulati (1995) indicates a 
similar persistence for collaboration linkages over time. Not only do firms exhibit a strong 
tendency to repeat collaboration with the same partners, firms also build linkages to 
firms they are indirectly linked to in the network of prior ties. The network of prior ties 
constitutes important network resources by providing information on the capabilities and 
reliability of potential future partners. As such, social proximity affects partner selection. 
Once a relationship is established, high levels of social proximity promote the transmission 
of knowledge with above average levels of complexity (Sorenson et al. 2006) or market-
related and technological uncertainty (Beckman et al. 2004).
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However, high levels of social proximity might also be harmful for successful 
cooperation. As Uzzi (1997, p. 59) puts it: “Overembeddedness can also stifle effective economic 
action if the social aspects of exchange supersede the economic imperatives”. In addition, long-
term and intensive cooperation might in the longer term induce a strong inward-looking 
focus that prevents noticing new opportunities. That is why Uzzi argues that a mix of 
strong, socially embedded, ties and weak ties will yield the largest information benefits. In 
a similar vein, Guimerà et al. (2005) argue that teams of inventors and scientists are best 
assembled through a mix of incumbent inventors and newcomers, with a limited degree of 
repetition of prior ties amongst incumbents.

The third form of proximity considered in this study is cognitive proximity. Cognitive 
proximity is positively associated to the probability of cooperation. People sharing similar 
knowledge and expertise can relatively easily communicate on complex issues in their 
field and, hence, may learn from each other (Nooteboom 2000a). Also when codified 
knowledge is at stake, a considerable level of cognitive proximity is required for effective 
communication and interactive learning to take place. One needs to know the codebook in 
which codified knowledge is transcribed in order to be able to absorb external knowledge 
(Cowan and Foray 1997). In other words, firms and individuals need a certain level of 
absorptive capacity to facilitate effective communication and learning (Cohen and Levinthal 
1990). Following this line of reasoning, Lane and Lubatkin (1998) introduce the notion 
of relative absorptive capacity that is needed to explain patterns of interactive learning at 
the dyad level. In a similar way, Mowery et al. (1998) argue that the level of technological 
overlap between firms is an important predictor of whether they engage in a strategic 
alliance.

Firms and individuals build up absorptive capacity through the accumulation of 
knowledge and experience (Cohen and Levinthal 1990). This implies that inventors that 
have a shared experience through collaboration also tend to become more similar in terms 
of their knowledge bases. As a consequence of that, cognitive proximity between them 
will increase (Cowan et al. 2006). Recent studies stress that too high levels of cognitive 
proximity might limit the opportunities for learning. Some complementarity of knowledge 
is required for novel elements in the learning process to be introduced. As a consequence, 
it is argued that cognitive proximity is related to innovation in a curvilinear (inverted 
U-shaped) fashion (Nooteboom et al. 2007). It also implies that the value of cooperation 
between inventors will decrease over time, as long-term cooperation will increase cognitive 
proximity between agents (Cowan et al. 2006).

In conclusion, the proximity literature argues that higher levels of social and cognitive 
proximity increase the likelihood of link formation at the dyad level. Both social and 
cognitive proximity tend to be positively related to link formation, although too high levels 
of social and cognitive proximity might be detrimental for the learning process. Both social 
and cognitive proximity can either complement or substitute geographical proximity, since 
this is neither a sufficient nor a necessary condition for interactive learning to take place.

4.3 Data and methodology

4.3.1 Network reconstruction with patent data
The object of the present study is the inventor network in German biotechnology. This case 
has been selected for two main reasons. First, the biotechnology industry is characterized 
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by a strong tendency to patent (Blind et al. 2006). As a result, patent data form a reliable 
source of data for this industry, providing a rather complete picture of collaboration 
activity focused at innovation. Second, the biotechnology sector in Germany shows a rather 
unequal spatial distribution. As Figure 4.1 shows, the inventors are spatially concentrated 
in a limited number of regions, such as Munich, the Rhine-Neckar Triangle around 
Heidelberg, Darmstadt, and Mannheim, and the Rhineland area around Düsseldorf and 
Wuppertal. The uneven spatial pattern makes this sector an interesting case for analysing 
the role of geographical and other forms of proximity in the formation of networks.

On the basis of multivariate regression analysis this paper attempts to explain why 
certain inventors collaborate, whereas others do not. Geographical, social, and cognitive 
proximity are taken as explanatory variables. Hence, the inventor-level cooperation network, 
specified as a binary adjacency matrix, is the dependent variable in the analysis. The 
proximity indicators are valued matrices that – in the case of social and cognitive proximity 
– are based on prior patents of the incumbent inventors in the network.

Patent data allow the researcher to zoom to the level of individual inventors. We use 
American patents from the USPTO office, as provided by the NBER database by Hall et al. 
(2001). Also German firms and inventors exhibit a strong tendency to apply for patents in 
the US due to the globalized nature of the industry and the crucial importance of the US 
market.

We follow other research on inventor networks (see for instance Fleming et al. 2007a) 
in using a five-year timeframe to reconstruct the adjacency matrix. The NBER database 
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Figure 4.1: Spatial pattern of inventors in Germany, 1991-1995
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contains all patents with granting years between 1963 and 1999, but inventor-level data are 
available only from 1974. Since not all patents applied for in the years 1996 to 1999 had 
been granted before the end of 1999, we excluded these years from our analysis and built 
the network with application years 1991 to 1995, the last five-year timeframe available in 
the dataset. For these years, we selected all patents with at least one inventor resident in 
Germany and classified as biotechnology (sub-class 33) by Hall et al. (2001). This database 
encompasses 702 unique patents and 1479 unique inventors.

Figure 4.2 shows how inventor-level collaboration networks are reconstructed (see also 
Balconi et al. 2004; Breschi and Lissoni 2003, 2004; Singh 2005; Fleming et al. 2007a; 
Fleming and Frenken 2007). Patents are assigned to patent applicants, which can be 
either firms, other types of organizations or sometimes individuals. Furthermore patent 
documents list the individual inventors that have been involved into its realization. In this 
study the inventor is taken as the unit of analysis in the network. Inventors are linked when 
they have collaborated on one or more patents. This representation of the network is a one-
mode projection of a two-mode or bipartite graph that distinguishes a patent level and an 
inventor level, as visualized in the lower part of Figure 4.2.

Thus, the level of the patent applicant is disregarded in this analysis. Patent data do not 
disclose the information of where the inventors are employed. It cannot be automatically 
assumed that inventors A to E in Figure 4.2 all work for applicant alpha. Certainly, in a 

Figure 4.2: Bipartite graph of patents and inventors

Top:  Bipartite graph of applicants (alpha to delta), patents (1 to 5), and inventors (A to M)
 with lines linking each patent to the respective inventors and applicants.
Bottom:  the one-mode projection of the same network onto just inventors.

Source: Balconi et al. (2004) and Breschi and Lissoni (2004) 
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considerable number of cases two collaborating inventors will be both employed at the 
patent applicant organization. However, this is far from automatic. A large-scale survey 
among European inventors demonstrated that on average more than 15 percent of the 
surveyed patents included inventors not employed at the patenting organization (Giuri et 
al. 2007). Moreover, Laforgia and Lissoni (2006) indicate that inventors often occur on 
patents of multiple firms due to labour mobility, patents sold on the market for technology, 
mergers and acquisitions, and academic inventors that collaborate with multiple industrial 
partners. The interest in this study precisely concerns those inventors that connect 
nodes pertaining to different organizations and, as such, decrease the fragmentation of 
the network as a whole. However, whether these connections are made through labour 
mobility, hidden acts of cooperation or patent licensing agreements is not explicitly taken 
into account. Thus, the inventor network analysed in this study is considered as a fine-
grained description of the overall pattern of collaboration within an industry at the national 
scale.

The generated network matrix also includes foreign inventors, in case they have 
collaborated with German inventors. Table 4.1 depicts the key characteristics of the 
network. Close to 30 percent of all inventors has its residence outside Germany. These are 
excluded from the adjacency matrix, since no information on their links to other foreign 
inventors is available. Inventors without patents prior to 1991 are also excluded from the 
adjacency matrix, since no information on their social and cognitive proximity to others 
can be collected. In this way, the analysis focuses on the core of the inventor network. The 
relationships among these inventors are specified in an adjacency matrix, which is the 
dependent variable in the regression analysis. It encompasses 425 repeatedly patenting 
inventors, henceforth referred to as incumbent inventors. In any network configuration as 
specified in Table 4.1 the main component – the largest group of inventors that can reach 
each other through direct or indirect links – encompasses about 30 percent of all inventors. 
It is acknowledged that the focus on incumbent inventors might cause a bias towards 
overestimating social and cognitive proximity effects, since – theoretically speaking – 
newcomers in the network are expected to have relatively low levels of social and cognitive 
proximity towards incumbent inventors. The geographical pattern of co-invention linkages 

Table 4.1: Key characteristics of network

  Whole network Incumbent inventors

Absolute Relative Absolute Relative

Network including foreigners
Number of nodes 1479 518
Number of links 3632 766
Size main component 366 24.70% 146 28.19%
Second largest component 38 2.60% 14 2.70%
Third largest component 34 2.30% 10 1.93%
Number of Foreigners 422 28.53% 93 17.95%

Network of German-based inventors
Number of nodes 1057 425
Number of links 1995 598
Size main component 318 30.09% 142 33.41%
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for the whole population of German inventors proved highly similar to the pattern for 
incumbent inventors.

4.3.2 Operationalization of proximity variables
The proximity variables are specified as square matrices of equal size as the adjacency 
matrix. The geographical proximity indicator is based on the distance “as the crow 
flies”between the inventors’ places of residence. Distances have been computed on 
the basis of the geographical coordinates at the locality level. Inventor location is 
generally taken as the place where an invention has been developed, since inventions 
developed in company subsidiaries are often assigned to the headquarters that might be 
situated in a different location (Acs et al. 2002; Ejermo and Karlsson 2006). In case an 
inventor had different addresses over the period 1991-1995 (3.0 percent of all German 
inventors) we selected the address that occurred at most patents, since it is not possible 
to specify multiple values per dyad in the dependent matrix. We rescaled and inversed 
the geographical distance measure in order to obtain a proximity indicator ranging from 
0  (located at the highest occurring distance of 750 km) to 1 (located in the same city of 
village).

The measures of social and cognitive proximity are based on the incumbent inventors’ 
prior patents. Certainly, an inventor with the same name in the complete USPTO patent 
database is not necessarily the same person. In order to overcome this problem, we 
followed a systematic approach whether or not to consider these patents in our database 
of prior patents. It is very likely that the inventor mentioned on a prior patent is the same 
person as the incumbent inventor, if a patent with the same name (1) also contains the 
same co-authors, (2) the respective inventor lived in the same location, (3) or the patent 
was applied for by the same firm as the German incumbents’ patents. The patent was 
considered a prior patent of an incumbent inventor, in case at least two of these criteria had 
been fulfilled. The search for prior patents was also conducted for foreign-based incumbent 
inventors. In this way, we obtained a database of prior patents, including 2110 unique 
patents and 518 unique inventors, of which 425 had their residence in Germany.

To compute our measure for social proximity, we generated the network of prior 
co-invention ties, covering the period from 1974 to 1990. Following Breschi and Lissoni 
(2003), we base our social proximity measure on the geodesic distance in the inventor 
network. Social proximity between inventors is expressed as the inverse of the geodesic 
distance between them in the network of prior ties. In that way, the proximity indicator 
ranges from 0 (unconnected in the network of prior ties, infinite geodesic distance) to 1 
(directly connected in the network of prior ties). This network of prior ties also includes 
prior patents from foreign inventors and patents from other sectors than biotechnology, 
since these inventors might influence the geodesic distance between German incumbent 
inventors.

Our cognitive proximity measure is based on overlap in the technology classes of the 
patent portfolio of individual inventors (see Mowery et al. 1998; Cantner and Graf 2006; 
Nooteboom et al. 2007 for analyses of technological overlap at the inter-firm level). We 
used the IPC technology classes at the four-digit level as an approximation of technology 
covered by a patent. Following the suggestion made by Benner and Waldfogel (2007), we 
took into account all IPC technology classes mentioned on the patent (on average 2,12 
classes per patent) rather than taking the first class only. As a consequence, our indicator 
of cognitive proximity captures the breadth of knowledge an inventor holds rather than the 
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depth of his or her knowledge (Wang and Von Tunzelmann 2000). Table 4.2 demonstrates 
the most frequently occurring IPC codes, which mostly pertain to the fields of organic fine 
chemistry, biotechnology, and macromolecular chemistry.

In order to obtain the cognitive proximity indicator, we constructed vectors for each 
inventor specifying in which of these technology classes his prior patents – with application 
years 1974 to 1990 – were classified. Since 107 different classes occurred on the total set 
of patents, the vector is a binary string of 107 digits. The proximity indicator is based on 
the number of overlapping technology classes between the individual patent portfolios 
of inventors. The indicator is expressed as a value between 0 (no overlapping technology 
classes) and 1 (a maximum occurring overlap of 15). We acknowledge that actor pairs with 
repeated ties have some overlap in technology class by definition, since their cognitive 
profile is partly based on the same patents. As a consequence, the cognitive proximity 
indicator will be correlated to the social proximity indicator. However, considering that 
inventors have 6.24 patents on average that result in a number of 4.76 classes per inventor 
on average (see Table 4.2), the overlap between the two measures remains limited. 
Moreover, some degree of statistical association is in line with the theoretical idea that 
cognitive profiles of collaborating people become similar over time (Cowan et al. 2006).

4.3.3 Explaining the dyad: Quadratic Assignment Procedure (QAP)
The analysis of the effect of proximity on link formation is performed in two ways. First, 
we conduct a descriptive analysis showing whether links at various levels of geographical, 

Table 4.2: Main IPC fields in cognitive proximity measure

Average number of prior patents per inventor 6.24
Average number of fields per patent 2.12
Average number of fields per inventor 4.76

IPC Number Percentage Technology field

C07D 527 12.76% Organic fine chemistry
A61K 521 12.62% Pharmaceuticals and cosmetics
C07C 328 7.94% Organic fine chemistry
C12N 275 6.66% Biotechnology
G01N 253 6.13% Analysis. measurement and control technology
A01N 243 5.89% Instruments
C12P 212 5.13% Biotechnology
C12Q 200 4.84% Biotechnology
C07K 193 4.67% Organic fine chemistry
C07F 147 3.56% Organic fine chemistry
C07H 119 2.88% Organic fine chemistry
C08G 87 2.11% Macromolecular chemistry, polymers
C07J 83 2.01% Organic fine chemistry
C08F 61 1.48% Macromolecular chemistry, polymers
C08K 59 1.43% Macromolecular chemistry, polymers
B01D 56 1.36% Chemical engineering 
C08L 51 1.24% Macromolecular chemistry, polymers
C12R 43 1.04% Biotechnology
Other 671 16.25% Other
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social, and cognitive proximity occur more often than could be expected at random link 
formation. Second, we estimate a multiple regression model, in which both dependent and 
independent variables take the form of a matrix. Individuals are restricted in the number 
of direct cooperation linkages they want or can maintain. As a consequence, the dyad-level 
observations of the dependent variable matrix are not independent, violating one of the 
requirements for standard regression techniques. Regression on the basis of the Quadratic 
Assignment Procedure (Krackhardt 1988) solves this problem (see Cantner and Graf 2006; 
Bell and Zaheer 2007; Birke 2007 for other applications of this procedure).

A QAP regression, carried out with the software package UCINET 6 (Borgatti et 
al. 2002), is performed in two steps. First, a standard multiple regression analysis is 
conducted taking the corresponding cells of the dependent and independent variables 
(dyads) as the unit of analysis. This results in ordinary parameter estimates and R-square 
values. In a second step, it randomly permutes rows and columns of the dependent 
matrix and computes the regression coefficients again. This permutation process, known 
as Y-permutation, is repeated multiple times (2000 times in this case). The outcomes of 
the permuted regression analyses are compared to the original regression coefficients to 
determine whether these coefficients fall within the range of random variation. This results 
in the computation of standard errors and significance values.

We both used the original Y-permutation method as described above and the more 
recent “Double Dekker Semi-Partialing”method. This latter method is more robust under 
multicollinearity. Instead of permuting the dependent matrix, it conducts permutation 
tests on one of the independent variables and partial regressions and permutations among 
combinations of independent and dependent matrices (Dekker et al. 2003). The two 
methods yielded nearly identical results. Therefore we only report the outcomes with the 
Double-Dekker semi-partialing method below.

4.4 Analysis

4.4.1 Actual versus random network
In social network analysis random networks are used as a benchmark to trace biases in 
the formation of networks. This section demonstrates to what extent inventors are inclined 
to collaborate with geographically, socially, and cognitive proximate alters. The number of 
actual ties created at specific proximity levels is compared to the number of ties that could 
be expected at random, given the distribution of proximities over all cells (dyads) in the 
matrix.

Table 4.3 demonstrates a positive association between geographical proximity and 
link formation, expressed in a QAP correlation coefficient of 0.092. Only links between 
inventors at a distance of 50 km or less occur more often than could be expected at random 
link formation. At longer distances collaborative linkages occur less than random expected; 
how much further than 50 km does not seem to matter a great deal. Interestingly, the 
average distance of repeated ties (131 km), denoting inventor pairs that already collaborated 
before 1991, is lower than the average distance of new ties (192 km). This might suggest 
that the average distance of inventor-level cooperation is increasing over time (see also 
Chapter 7).

Table 4.3 and Figure 4.3 show the role of social proximity in network formation. We 
detected a total number of 593 prior linkages – formed in the period 1974 to 1990 – among 
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the subset of German-based incumbent inventors. This is nearly equal to the number of 
ties in the observed network of 1991 to 1995. The main component of reachable pairs in the 
social network of prior ties consists of 205 nodes (48.2%). Furthermore, there are 55 nodes 
(12.9%) that are isolated in both the collaboration network of 1991 to 1995 and the network 

Table 4.3: Proximity in network formation

 Geographical 
proximity

Social 
proximity

Cognitive 
proximity

Average proximity per existing link 0.787 0.630 0.187
Average proximity random link 0.658 0.049 0.076

Pearson Significance Permutations

QAP Correlation “Geogr. proximity” 0.092 0.000 5000
QAP Correlation “Social proximity” 0.396 0.000 5000
QAP Correlation “Cognitive proximity” 0.107 0.000 5000

Geographical proximity Actual ties 
formed

Potential ties Random 
expected ties

Ratio Actual-
Expected

Proximity 0.00-0.53 (350-750 km) 23 24397 161.92 0.14
Proximity 0.53-0.60 (300-350 km) 15 9762 64.79 0.23
Proximity 0.60-0.67 (251-300 km) 28 12138 80.56 0.35
Proximity 0.67-0.73 (201-250 km) 42 8444 56.04 0.75
Proximity 0.73-0.80 (151-200 km) 44 10599 70.35 0.63
Proximity 0.80-0.87 (101-150 km) 14 6544 43.43 0.32
Proximity 0.87-0.93 (51-100 km) 16 7352 48.80 0.33
Proximity 0.93-1.00 (1-50 km) 303 9598 63.70 4.76
Proximity 1.00 (in same locality) 113 1266 8.40 13.45

Social proximity Actual ties 
formed

Potential ties Random 
expected ties

Ratio Actual-
Expected

Proximity 0.00 (prior unconnected pairs) 125 68997 457.94 0.27
Proximity 0.00-0.17 (geodesic distance >6) 5 10341 68.63 0.07
Proximity 0.17 (geodesic distance 6) 7 2931 19.45 0.36
Proximity 0.20 geodesic distance 5) 16 2350 15.60 1.03
Proximity 0.25 (geodesic distance 4) 27 2100 13.94 1.94
Proximity 0.33 (geodesic distance 3) 38 1707 11.33 3.35
Proximity 0.50 (geodesic distance 2) 56 1081 7.17 7.81
Proximity 1.00 (repeated ties) 324 593 3.94 82.32

Cognitive proximity Actual ties 
formed

Potential ties Random 
expected ties

Ratio Actual-
Expected

Proximity 0.00 (no overlapping classes) 48 35389 234.88 0.20
Proximity 0.07 (1 overlapping class) 110 26851 178.21 0.62
Proximity 0.13 (2 overlapping classes) 136 15708 104.26 1.30
Proximity 0.20 (3 overlapping classes) 111 7246 48.09 2.31
Proximity 0.27 (4 overlapping classes) 71 3006 19.95 3.56
Proximity 0.33 (5 overlapping classes) 77 1284 8.52 9.04
Proximity >0.33 (6-15 overlapping classes) 45 616 4.09 11.01
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of prior ties. The QAP correlation coefficient indicates that social proximity is very strongly 
associated to link formation. As indicated by the thick lines in Figure 4.3, more than half of 
the prior ties are repeated in the 1991-1995 period. In addition, also inventor pairs that are 
indirectly linked in the network of prior ties – at geodesic distances of 2, 3, and 4 – exhibit 
a non-random tendency to form direct connections in 1991 to 1995. This suggests that the 
network of prior ties is indeed used as a resource for the formation of new collaboration 
linkages among inventors.

Finally, also cognitive proximity is – with a QAP correlation coefficient of 0.107 – 
positively associated to link formation (Table 4.3). Inventors with a technological overlap 
of more than 2 classes show a higher propensity to collaborate than could be expected at 
random. Whereas collaborating inventors have an average technological overlap of 2.796, a 
random pair of inventors only has an average overlap of 1.137.

4.4.2 QAP regression
The descriptive statistics in the previous section demonstrate that all three proximity 
indicators are positively related to the probability of link formation. However, it cannot 
be assumed that these forms of proximity are independent. For instance, considering the 
general tendency of social networks to be localized we expect the social and geographical 
proximity indicators to be correlated. Table 4.4 confirms that geographical and social 
proximity are indeed positively and significantly correlated. As stated previously, the same 
is likely to be the case for social proximity and cognitive proximity. Inventors that have 
collaborated before have similar cognitive profiles and the same holds for actors at short 

Table 4.4: Multicollinearity matrix

 Geographical proximity Social proximity Cognitive proximity

Geographical proximity * 0.170
(0.000)

0.034
(0.076)

Social proximity * 0.307
(0.000)

Cognitive proximity *

Table 4.5: QAP multiple regression on link formation via Double Dekker Semi-Partialing Method 
Using four-digit IPC classification for cognitive proximity measure

R-square 0.158
Adjusted R-square 0.158
Probability 0.000
Number of observations 180200

 Unstandardized 
coefficient

Standardized 
coefficient

Significance

Intercept -0.0118
Geographical proximity 0.0097 0.0251 0.000
Social proximity 0.2689 0.3968 0.000

Cognitive proximity -0.0150 -0.0156 0.031
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geodesic distances in the network of prior ties. Therefore, we now turn to a multivariate 
analysis that aims to shed light on how these proximities jointly explain the formation of 
collaboration linkages.

Table 4.5 shows the QAP multiple regression analysis. The results are robust under 
different random seeds for the percolation element of the procedure. The model indicates 
that social proximity is the main predictor of network formation. This is strongly consistent 
with the earlier descriptive analysis that showed a high share of repeated ties and a strong 
tendency to form new linkages also at longer geodesic distances in the network of prior 
ties. The geographical proximity parameter also maintains a positive coefficient in the 
multivariate model. However, the coefficient is much lower than for the social proximity 
indicator. Thus, when controlling for social proximity inventors still exhibit a significant 
tendency to connect to geographically proximate partners.

Surprisingly, the effect of cognitive proximity turns negative in the multivariate model. 
Thus, when controlling for both social and geographical proximity, cognitively proximate 
actors do no longer show a positive tendency to get linked. Instead, there is a weak though 
significant negative effect of cognitive proximity on link formation. Rather than looking for 
partners with the same cognitive background, inventors are biased towards collaboration 
with those with a different cognitive background. These results support the Schumpeterian 
notion of invention as an outcome of recombination of different pieces of knowledge.

However, we acknowledge that this result needs to be interpreted with care. The effect 
of cognitive proximity on link formation is dependent on the aggregation level of the 
technology classification. Using more fine-grained classes or merging classes into broader 
categories could substantially affect the results. Broader technology classes increase the 
number of inventors that are cognitively proximate. Therefore, the QAP multivariate 
regression has been repeated with a cognitive proximity indicator based on a three-digit 
instead of a four-digit IPC technology classification. This indicator describes the overlap 
over 52 instead of 107 classes and ranges again from 0 (no overlapping technology classes) 
to 1 (a maximum occurring overlap of 8). Table 4.6 shows that the QAP regression 
model is highly similar to the model with the four-digit classification, signalling that the 
results obtained in the first model are robust. The negative effect of cognitive proximity 
on link formation is slightly stronger. This can be explained by the higher average level of 
proximity among inventors with the three-digit measure (0.164) than with the four-digit 
measure (0.076). Overall, the model with the three-digit cognitive proximity measure 

Table 4.6: QAP multiple regression on link formation via Double Dekker Semi-Partialing Method 
Using three-digit IPC classification for cognitive proximity measure

R-square 0.158
Adjusted R-square 0.158
Probability 0.000
Number of observations 180200

 Unstandardized 
coefficient

Standardized 
coefficient

Significance

Intercept -0.0098
Geographical proximity 0.0096 0.0247 0.000
Social proximity 0.2705 0.3991 0.000
Cognitive proximity -0.0187 -0.0289 0.001
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further supports the conclusion that inventors in German biotechnology search for 
partners that possess different rather than similar knowledge.

4.5 Conclusion

This study shows that in the German biotechnology sector of the early 1990s social 
proximity is the main predictor of the pattern of collaboration among inventors. Not only 
do these inventors show a strong inclination to repeat prior collaboration, they also use the 
network of prior collaborations as a resource to find new partners. As Gulati (1995, p. 620) 
stated, a network of prior ties is “an important source of information (…) about the reliability 
and capabilities of their current and potential partners”.

The social network of prior ties also partially captures geographical and cognitive 
proximity. When controlling for social proximity, a weak, though significant effect of 
geographical proximity on link formation remains. Notwithstanding the importance 
of social networks for tie formation, this seems to suggest that the localized nature of 
inventor networks is not completely the result of the localized nature of social networks. 
Other potential explanations such as the relative ease of frequent face-to-face contact at 
geographical proximity keep playing a role in explaining the matching process amongst 
inventors in the collaboration network.

More surprisingly, the effect of cognitive proximity on link formation turns negative 
in the multivariate model, whereas the univariate analysis showed a positive relationship 
between technological overlap among inventors and the propensity to collaborate. 
When controlling for social and geographical proximity, inventors tend to collaborate 
with partners that are cognitively different. Although the negative effect is rather weak, 
this finding is consistent with existing lines of reasoning in the literature on knowledge 
networks. To guarantee a certain degree of novelty and complementarity of knowledge 
it is necessary to connect to inventors with dissimilar knowledge bases. In such way, 
inventors might compensate for the strong tendency to collaborate with partners at short 
social distance and to repeat prior collaborations, which in the long run increase cognitive 
proximity and, as such, decrease future learning opportunities (Cowan et al. 2006).

We acknowledge these findings need to be interpreted with care. First, the analysis 
focuses only on one network in one industry, for one country, and at one point in time. 
In other industries and other countries the mix of proximities that drives link formation 
in inventor networks might be quite different. Therefore research in other contexts is 
necessary to generalize any result obtained. As suggested in the theoretical framework, 
the extent to which specific forms of proximity matter might also be dependent on the 
industry life cycle. Audretsch and Feldman (1996b) suggest, for instance, that geographical 
proximity is particularly relevant for successful interactive learning in young industries.

A second limitation of this study is the use of rather rough empirical measures of 
proximity. For instance, the decision whether or not to start collaborating might be more 
dependent on the perception of distance and travel time rather than the mere distance in 
kilometres. We also acknowledge that social network relationships among inventors are not 
fully captured by prior collaboration. Similarly, cognitive proximity goes well beyond having 
patents in the same technological fields. More detailed measures of cognitive proximity 
could, for example, take into account to what extent the technology classes an individual 
holds are related (see for instance Breschi et al. 2003; Gilsing et al. 2008).
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Notwithstanding these limitations, however, the study highlights the importance of the 
social networks that drive the formation of cooperation linkages among inventors and, 
hence, underlie the development of inventions. We strongly encourage future research 
on other cases and also feel the need to complement this type of research with qualitative 
studies. Such research (e.g. Moodysson and Jonsson 2007) could reveal the context and 
imperatives of partner selection in inventor networks. For instance, qualitative studies 
could provide insight into what type of management considerations underlie the assembly 
of R&D teams and the involvement of external partners. In this way, it could be revealed 
to what extent the choice of cognitively dissimilar partners is the outcome of a deliberate 
strategy. Another interesting question that could be addressed in future studies is how 
inventors build up and maintain the social networks that proved to be such an important 
predictor of inventor collaboration networks. 



| 71 | 

5
Co-evolution of firms, industries and networks in space

This paper is a reprint of:
Ter Wal, A.L.J. & R.A. Boschma (2009), Co-evolution of firms, industries and networks in 
space. Regional Studies, in press. Reprint with kind permission of Taylor and Francis.
Date submitted: November 2007 – Date accepted: June 2008 – Published online: May 
2009

Abstract
The cluster literature suffers from a number of shortcomings: (1) it often neglects that 
cluster firms are heterogeneous in terms of capabilities; (2) it tends to overemphasize the 
importance of geographical proximity and underestimates the role of networks; and (3) it 
hardly addresses the origin and evolution of clusters. The authors propose a theoretical 
framework that brings together the literature on clusters, industrial dynamics, the 
evolutionary theory of the firm, and network theory. It is described how clusters co-evolve 
with: (1) the industry to which they adhere; (2) the capabilities of the firms they contain; 
and (3) the industry-wide knowledge network of which they are part.

Key words:
Cluster evolution, network evolution, industrial dynamics, evolutionary economic geography

JEL classification: B52 – O18 – R00 – R11

5.1 Introduction

Since the 1980s, concepts such as industrial districts, clusters, learning regions, and 
regional innovation systems have conceived regions as drivers of innovation. Broadly 
speaking, the cluster literature claims that firms in a cluster benefit from knowledge 
externalities because geographical proximity facilitates (tacit) knowledge sharing, because 
cluster firms participate in extensive local networks, and because they belong to the same 
institutional environment. However, this way of conceptualizing and analysing clusters has 
become subject to increased criticism. Until recently, economic geographers did not pay too 
much attention to the fact that firms in a cluster differ widely in terms of size, power, and 
absorptive capacity. In addition, the role of geographical proximity in patterns of knowledge 
exchange tends to be overemphasized, whereas the effect of networks – by definition an 
a-spatial concept – tends to be underestimated (Boschma and Ter Wal 2007). Finally, most 
studies analyse clusters from a static perspective, while questions such as where clusters 
initially emerge, and why and how clusters and the advantages associated to them change 
over time are largely ignored.
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While addressing these shortcomings, we propose an exploratory theoretical framework 
on the evolution of spatial clustering in an industry. This framework is grounded in an 
evolutionary economic geography approach that tackles questions in economic geography 
with theoretical insights and concepts derived from evolutionary economics (see Boschma 
and Lambooy 1999). In this particular application to the evolution of spatial clustering, it 
is argued that the evolution of patterns of clustering within an industry is part of wider 
co-evolutionary processes. These processes involve, beside the clusters themselves, the 
evolution of the industry’s constituent firms at the micro level, of the industry as a whole 
at the macro-level, and of the patterns of knowledge-based interaction, as expressed in 
the industry network. In sketching this framework, the geography literature on clusters 
is linked to the evolutionary theory of the firm, the industrial dynamics literature, and 
network theory.

Section 5.2 gives a short review of the literature on clusters. Section 5.3 presents 
insights from the evolutionary theory of the firm that explain how firms internally differ 
– in particular in terms of dynamic capabilities. Subsequently, Section 5.4 combines the 
evolutionary theory of the firm with the literature on networks and explains how firms’ 
capabilities and their network positions are related through a bidirectional causality. It is 
argued what implications differences in firm capabilities might have for the role firms 
play in cluster-based knowledge interaction and for the position firms have in the industry 
network. Section 5.5 takes a dynamic perspective and relates the evolution of networks 
to industry dynamics. It is explained how networks evolve through the various life cycle 
stages of the industry and what role the bidirectional causality between firm heterogeneity 
and network position plays in this process. At the same time, attention is devoted to the 
implications of the evolution of firm heterogeneity, networks and industries for the 
evolution of spatial clustering in an industry, making the final step towards an evolutionary 
economic geography approach to spatial clustering.

5.2 Review of the literature on clusters

When referring to clusters, we have in mind the extensive literature on clusters, industrial 
districts, innovative milieux, regional innovation systems, and learning regions published 
in economic geography since the 1980s. While it is acknowledged that these concepts 
differ to some extent, they all stress the importance of local processes of collective learning, 
based on a high degree of embeddedness in clusters, in combination with the tacit nature 
of knowledge (Asheim 1996; Cooke 2001). The extensive literature on clusters has placed 
emphasis on four mechanisms of inter-firm knowledge flows that contribute to their 
strongly localized character.

The first mechanism concerns a high level of informal interaction within cluster-based 
communities of entrepreneurs and technicians (Dahl and Pedersen 2004; Grabher and 
Ibert 2006). Clusters are characterized by a high level of embeddedness that is expressed 
in a cohesive and rather closed social environment in which entrepreneurs and employees 
exchange knowledge through informal social networks. In addition, due to the specialized 
nature of clusters, most of the relevant knowledge is highly tacit and, therefore, difficult to 
transfer over large distances. Hence, all firms in a cluster have access to more or less the 
same knowledge and, hence, can profit from that accordingly (Asheim and Gertler 2004). 
This knowledge is inaccessible to firms beyond the boundaries of the cluster: the social 
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distance as well as the cognitive distance (that, in the case of clusters, may coincide with 
geographical distance) make that the cluster’s knowledge does not reach firms outside the 
cluster or cannot be properly understood (Boschma and Lambooy 2002).

The second mechanism concerns direct inter-firm links in cooperation networks. 
Because of the high-level of embeddedness, direct cooperation links between firms 
are likely to be strongly localized within the boundaries of the cluster. The presence of a 
social community of engineers and entrepreneurs that is interlinked through an informal 
social network, leads not only to implicit knowledge exchange on individual bases, but 
also to more explicit acts of collective learning taking place in local cooperative networks 
(Crevoisier 2004).

Thirdly, knowledge spills over from one firm to another through labour mobility. Next 
to knowledge flowing through formal and informal networks, appointing new employees 
is an important way to get access to external knowledge. This is especially relevant for 
acquiring knowledge in fields in which a firm is not already active (Song et al. 2003). Since 
mobile labour is inclined to stay in its home region, these knowledge flows tend to be 
geographically localized (Almeida and Kogut 1999; Malmberg and Power 2005).

Finally, the creation of spin-offs can be considered a mechanism of knowledge transfer 
that tends to be strongly localized (Dahl et al. 2003). Spin-off firms inherit knowledge and 
experience from their parent company (Klepper and Sleeper 2005). Since spin-offs are 
strongly inclined to establish their firms in close geographical proximity to their mother 
company (Klepper 2001; Sorensen 2003), these knowledge flows tend to be geographically 
localized as well.

This broad literature on clusters is consistent with the view that inter-firm mobility 
of high-skilled workers and spin-offs, formal and informal forms of collaboration, and 
other forms of knowledge exchange are factors that have contributed to the success 
of clusters (Breschi and Malerba 2001). Because of the four inter-firm knowledge 
transfer mechanisms, the cluster literature puts a strong premium on the geographical 
concentration of knowledge flows between firms within clusters. Consequently, clusters 
are put forward as key drivers of innovation (Malmberg and Maskell 2002). However, 
in stressing that flows of knowledge in clusters are highly concentrated in space, this 
literature tends to overlook three crucial issues.

Firstly, many cluster studies, particularly within the economic geography tradition, 
do not pay close attention to the fact that firms are highly heterogeneous in terms of 
capabilities, strategies, and routines (Nelson and Winter 1982). In that literature, clusters 
matter and not so much firms. The performance of firms is largely attributed to their 
location in the cluster, because of the localized character of knowledge transfer in clusters. 
Cluster firms are supposed to outperform non-cluster firms, although that is hardly ever 
put to the test. But more importantly, the capabilities of firms are most likely to differ 
within clusters, with major consequences for their performance. Therefore, it would be 
wrong to treat cluster firms as being the same, and to relate their performance almost 
directly to their location, without controlling for firm-specific features3.

3   That is not to say that the cluster literature has treated firms in clusters as completely homogeneous. 

On the contrary, a major claim of this literature is that clusters enable specialization and an extreme 

division of labour between cluster firms. This is because clusters provide social, cultural and geographical 

proximity that all reduce transaction costs, among other things. Maskell (2001) has extended this 

view, claiming that clusters also facilitate knowledge sharing between firms with different specialized 
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The second shortcoming in many of the cluster studies is that the role of geographical 
proximity is overemphasized. When it comes to cooperation networks, many studies on 
clusters implicitly assume that knowledge stemming from non-local sources is of inferior 
importance for firm competitiveness (Asheim and Isaksen 2002). More recently, it is 
increasingly acknowledged that extra-cluster linkages are important for innovation (Oinas 
and Malecki 2002) and might even be crucial for cluster firms to avoid lock-in (Bathelt 
et al. 2004). However, at the level of the cluster, there is little empirical evidence that 
clusters with strong local knowledge dynamics and a high degree of integration in global 
networks outperform other clusters in terms of growth (Krafft 2004). At the same time, 
social networks are assumed to be disclosed by the cluster boundaries and labour mobility 
flows to be essentially local. The degree to which these flows might cross over regional 
boundaries is often not addressed either in qualitative or quantitative studies on clusters. 
In other words, most of the cluster literature argues from the idea that it is the local 
environment of the cluster that affects the behaviour and performance of its constituent 
firms. If networks matter, their effects are believed to operate at the cluster level. However, 
networks are by definition a-spatial entities and, therefore, each of the four knowledge 
transfer mechanisms can be best conceptualized as mechanisms that are possibly, 
but not necessarily, of a local nature. Just as Hendry and Brown (2006) showed in their 
study of German clusters, firms may take advantage from being connected to a network – 
irrespective of where their partners are located – rather than from being located in a cluster.

The third drawback of the cluster literature is that most studies are static, notable 
exceptions being Maggioni (2002), Brenner (2004), and Menzel and Fornahl (2007). This 
implies that the question about where clusters come from and about why they emerged as 
they did received little or no attention from geographers. In addition, only limited attention 
has been paid to how clusters and inter-firm networks evolve, and whether the advantages 
that are associated with geographical clustering persist over time.

5.3 Variety across firms in clusters

It was argued above that heterogeneity of firms within a cluster is largely neglected in 
many cluster studies. Evolutionary economic theory offers valuable concepts and ideas to 
enrich the cluster literature by paying more attention to how firms differ internally and how 
these differences matter for the roles and positions of cluster firms in knowledge networks. 
Highlighting the variety across firms is the first step towards an evolutionary approach to 
geographical clusters.

The starting point here is the argument of Nelson and Winter (1982) that firms largely 
differ in their capabilities, strategies and routines. Differences in skills of individual 
organization members and firm strategies will, in turn, lead to the development of 
differences in routines and – at a more aggregate level – in firm capabilities. Routines and 
capabilities of firms are highly idiosyncratic and hence a source of competitive advantage. 

knowledge bases. Nevertheless, according to this line of reasoning, all cluster firms still benefit from 

the advantages that the cluster provides. It is argued herein that this is not likely to be the case, due 

to heterogeneity across cluster firms in terms of capabilities: some cluster firms have better internal 

capabilities and will do well, whereas others will decline and exit the market (Boschma and Lambooy, 

2002). 
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Important is the distinction between a firm’s capability to carry out highly frequent and 
strongly routinized daily tasks and its capability to change and develop these operational 
routines and capabilities (Dosi et al. 2000). According to this line of reasoning, a 
distinction should be made between substantive capabilities – defined as the ability to solve 
a problem – and higher-order dynamic capabilities – constituting a firm’s ability to change 
the way a firm solves problems (Zahra et al. 2006). The latter – dynamic capabilities – can 
be considered the drivers behind the creation or continuation of long-term competitive 
advantage (Henderson and Cockburn 1994). A firm has to make strategic decisions how to 
allocate its scarce resources over the commercial exploitation of its existing knowledge, on 
the one hand, and the exploration of alternatives on the other hand. Whereas for the first 
the returns are more certain and immediate, the latter is accompanied by much more risk 
and uncertainty, but at the same time necessary in the long run to cope with future market 
and technology developments (March 1991).

The concept of dynamic capabilities fulfils an important role in extending the 
explanation of divergent patterns of performance of cluster firms (Teece et al. (1997). Zollo 
and Winter (1999; 2002) perceived dynamic capabilities as a firm’s ability to replace or 
adapt a firm’s routinized activities of production by more effective operational routines. 
This implies that dynamic capabilities are a structural firm characteristic that conceals a 
firm’s ability to introduce innovations in a relatively stable way over time. In other words, 
dynamic capabilities give way to replicable processes of change that are encapsulated in a 
firm’s routines. In our framework, dynamic capabilities perform three different functions 
in the evolution of firms.

The first – and most general – type of dynamic capability is absorptive capacity. The 
external environment of a firm provides stimuli for a firm to change its focus and to 
reconfigure its resource base in order to keep up competition. One potential and important 
way to do so is by use of the external knowledge a firm obtains through its network 
linkages. Such external knowledge might contain important information how to redirect 
the development of a firm away from its evolution along existing paths, causing a more 
path-breaking change in its development (Eisenhardt and Martin 2000). However, some 
firms will be better able to build collaborative ties than others and some firms will be better 
able to take advantage of these ties once established. In other words, a firm’s absorptive 
capacity, defined as a firm’s ability to absorb, understand, and exploit external knowledge 
(Cohen and Levinthal 1990), is a highly relevant dimension of firm heterogeneity that 
is especially relevant for the evolutionary analysis of cluster firms. Although there is 
still much debate on how the concepts of absorptive capacity and dynamic capabilities 
are related (Foss et al. 2006), the present paper follows Zahra and George (2002) in 
recognizing absorptive capacity as a dynamic capability, with distinct cognitive and 
organizational dimensions.

The second role dynamic capabilities play in our framework of clustering can be 
considered a further specification of the first. Whereas absorptive capacity as a dynamic 
capability concerns the effective absorption and application of external knowledge in 
general, particularly firms that are able to change their network position potentially create 
a competitive advantage over other firms. As the technology base of the industry evolves, 
a fixed position in a dense part of the network in combination with the absence of weak 
links to other, more distant parts of the network lead to a decay of newness of information 
and knowledge that reaches the firm (Grabher 1993). The heterogeneity – or variety across 
firms – decreases through long-lasting relationships among these firms (Nooteboom 
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2000b). Eventually, stability in network position carries the risk of cognitive lock-in among 
the group of interlinked firms. In such situations it is important for firms to reposition 
themselves in the network. For instance, firms can get access to novel knowledge by 
bridging structural holes (Burt 2004; Ahuja 2000a) that connect prior unconnected or 
weakly connected parts of a network (Glückler 2007). A higher-order dynamic capability 
enables a firm to make this type of network change and hence to create new sources of 
external knowledge and a source of new variety across firms.

This network change might in turn have implications for the pattern of spatial clustering 
of an industry. As to the extent that the new inter-firm relationships are local in comparison 
with the prior relationships, the need to be spatially proximate is likely to change. If the 
new relationships are increasingly of a non-local nature, concentration of the industry in 
specific clusters might diminish, whereas an increase of local interaction might have the 
opposite effect.

A third dynamic capability, with special relevance to the cluster concept, concerns the 
ability of a firm to replicate its effective routines to new locations (Kogut and Zander 1992; 
Frenken and Boschma 2007). This can take place either when a firm moves entirely to a 
new location, when part of the firm’s activity is relocated, or when it starts a subsidiary in 
another place, for instance to serve a new market. These acts of relocation directly affect the 
pattern of spatial clustering of an industry, either reinforcing or diminishing the extent to 
which an industry is clustered in space.

5.4 Firm variety, networks and clusters

This section sets out which role networks play in clusters and critically assesses the role of 
geographical proximity in the patterns of interaction in which cluster firms are involved. 
In doing so, it takes a dynamic perspective, overcoming the predominantly static nature of 
most cluster studies. It is argued that variety across firms in terms of capabilities drives the 
evolution of networks through time.

In cluster studies, the cluster environment and the spatially bounded knowledge 
dynamics are conceived as the most important forces making clusters and their constituent 
firms performing well. In order to be an innovative firm, it matters where one is located. 
However, as stated above, inter-firm interaction is not necessarily confined to the cluster 
area. Therefore, the local nature of knowledge exchange between firms in clusters – being 
the result of social networks, direct cooperation, labour mobility, or spin-off relations 
– cannot be assumed beforehand. That is not to deny that each of these four types of 
inter-firm knowledge transfer mechanisms may have a certain bias to be local due to 
geographical proximity, but this will vary across regions, across industries, and across time.

With respect to the time dimension, the literature on how networks emerge and evolve 
throughout the evolution of an industry is still weakly developed (Malerba 2006). To begin 
with, one needs to specify the determinants of matching in a network. Ahuja (2000b), 
for instance, argues that the formation of strategic alliances depends on the interplay 
between inducements and opportunities of the firms involved. On the one hand, firms with 
superior capabilities to create new technology, products and processes and successfully 
commercialize them are attractive partners for other firms with which to start a strategic 
alliance. On the other hand, these firms themselves may not have strong incentives to 
engage in alliances with firms with inferior capabilities. Whereas firms having a strong 
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knowledge base – and superior dynamic capabilities – are attractive to be connected too, 
firms with weaker dynamic capabilities might not have any interesting knowledge to offer 
for others and, at the same time, might not be able to understand knowledge stemming 
from firms with strong dynamic capabilities (Giuliani and Bell 2005). Related to this is 
Stuart’s (1998) argument that prestigious firms – firms that have built a good reputation 
through important technological advances – are desirable partners in collaboration. As a 
consequence, they come to be located centrally in knowledge networks, provided they are 
willing to collaborate with less prestigious partners, for instance against attractive financial 
terms.

In order to be able to communicate and exchange knowledge effectively, the 
technological or cognitive distance between partners should not be too great (Nooteboom 
2000b). Likewise Lane and Lubatkin (1998) introduced the concept of relative absorptive 
capacity. They argued that it is the difference in absorptive capacity between related 
firms that determines the extent to which firms can learn from each other and hence the 
probability that a linkage between two firms is formed. Giuliani and Bell (2005) showed 
in their study of a Chilean wine cluster that knowledge diffusion in that cluster takes 
place mainly in a core group of firms with high absorptive capacities, whereas firms 
with inferior absorptive capacities remain isolated from the local knowledge network. 
Boschma and Ter Wal (2007) found evidence in their case study of the Barletta footwear 
cluster that absorptive capacity was positively related to the amount of non-local knowledge 
relationships. A central network position, in turn, tends to be beneficial for a firm (Powell 
et al. 1996). However, it needs to be acknowledged there might be a limit to the positive 
effect of centrality. Being centrally positioned in a dense network can be harmful for a firm 
since it limits the amount of novelty circulating in the network. That is why it is important 
for a firm to have a qualitative variety of linkages. Based on Granovetter’s (1973) theory 
of the strength of weak ties it is often argued that a combination of strong and weak ties 
ensures an optimal mix of socially embedded knowledge and novelty (Uzzi 1996; Gilsing 
et al. 2007). Small world networks (Watts and Strogatz 1998) are conceived as an efficient 
network structure that combines intensive trust-based knowledge exchange in local dense 
parts of the network with a sufficient degree of novelty stemming from more sparse distant 
ties (Verspagen and Duysters 2004).

The general argument that follows from the above is that a firm’s capabilities – relative 
to those of potential partners – are a crucial determinant for the formation of linkages. 
This implies that a firm’s capabilities – as, for instance, its absorptive capacity – are 
bidirectionally linked to firm performance (Malerba 2006). On the one hand, firms with 
a high absorptive capacity are attractive partners to be linked to in a network and hence 
are likely to be centrally connected in this network. On the other hand, a central network 
position is (to a certain threshold) argued to be positively related to performance and 
stimulates the further improvement of a firm’s capabilities. This, in turn, increases 
the attractiveness of a partner, which might make them even more centrally located in 
the network. In other words, the bidirectional causality between firm capabilities and 
network position provokes a self-reinforcing and path-dependent process in which firm-
internal capabilities and networks co-evolve throughout the evolution of an industry. As a 
consequence, cause and effect in the relation between capabilities and network position 
cannot be disentangled when looking to it from a static perspective.
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5.5 Evolving firms, networks and clusters along the industry life cycle

Networks co-evolve with firm capabilities: the bidirectional causality between firm variety 
and network position spurs the evolution of networks and capabilities along the life cycle 
of an industry. This section introduces the literature on industrial dynamics, putting 
the co-evolution of firms and networks within the wider evolution of the industry as a 
whole. Doing so, particular attention is devoted to the geographical dimension of this 
co-evolutionary process, as reflected in the pattern of spatial clustering of an industry. The 
industry life cycle model, as originally developed by Abernathy and Utterback (1978) and 
further elaborated by Klepper (1997), serves as the basic framework through which the 
co-evolution of firms, networks and clustering is described. In doing so, the framework 
extends the use of the industry life cycle in economic geography, linking it to network 
dynamics and the dynamics of a population of firm-specific routines4. It will be argued 
that all industries that are subject to processes of path dependency and increasing returns 
have a tendency to cluster spatially, no matter what the sources of path dependency are (e.g. 
spinoff dynamics, local knowledge accumulation, and network dynamics) (Arthur 1994; 
Ellison and Glaeser 1997; Swann et al. 1998; Brenner 2004). The section distinguishes 
between four stages of the life cycle of an industry, and it sketches how these affect the 
evolution of variety across firms in the industry, the network in which firms take part, and 
the pattern of spatial clustering.

5.5.1 First phase: the introductory stage
A new industry emerges when a number of pioneering firms – which can be either 
incumbent firms coming from a related industry or new start-up firms – introduce 
a radical innovation. At that time, the technological regime can be characterized by a 
high uncertainty with respect to the direction of technological development and the 
identification of the main players in the field (Storper and Walker 1989; Boschma and 
Lambooy 1999; Nooteboom and Klein-Woolthuis 2005). It is unclear which standards 
will become dominant in the emerging industry (Suarez and Utterback 1995). As a 
consequence, technological variety is high, and the pioneering firms will show considerable 
variety in their capabilities (Rigby and Essletzbichler 2006). Knowledge and technology 
are highly tacit and embodied in human capital in the introductory stage of the life cycle 
(Cowan et al. 2004). The technological regime, characterized by uncertainty and tacitness, 
is expected to result in instability and volatility at the network level and at the level of spatial 
clustering.

At the level of the network, the uncertainty associated with technological development 
makes firms eager to rely on inter-firm relationships. At the same time, however, the 
uncertainty and lack of knowledge about who are the main players in the field initially 
lead to a highly unstable network structure. Firms are likely to change links regularly by 
choosing new cooperation partners or attracting engineers originating from different 

4  Economic geography has a long tradition of applying the industry life cycle model. In the 1980s, this 

model was used to explain why new industries emerged in regions (such as the Sunbelt states in the US) 

that were very different from the regions where more mature industries had developed (Norton 1979; 

Markusen 1985; Storper and Walker 1989). Audretsch and Feldman (1996a) extended this model to the 

geography of innovation, showing evidence that the propensity of innovation activity to cluster spatially is 

shaped by the characteristics of the life cycle phases.
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companies because of this uncertainty. Thus, preferential attachment is not the main driver 
of network formation at this stage. The choice of partners in this process can be based 
on social networks (who do you know best) and chance events (accidental meetings with 
people who coincidentally happen to work on similar issues). Thus, one expects an unstable 
network in which the firms’ network positions tend to be normally distributed. This normal 
distribution is caused by the role of social networks and chance factors in partnering 
decisions.

The same line of reasoning holds for spatial clustering of firms in an emergent 
industry. The initial phase of industry development is characterized by unstable clustering 
patterns. The forces towards clustering in later phases are not yet in place to exert their full 
influence. The initial pattern of an industry is mainly dependent on where the pioneers 
of a new industry emerge. Evolutionary entry models (e.g. Arthur 1994) argue that new 
industries grow on the basis of spin-off dynamics and processes of imitation. This induces 
spatial clustering, because spin-off firms tend to start their activity in close geographical 
proximity to their parent company (Klepper 2001), and because successful imitation is 
most likely to take place in close geographical proximity to the pioneering firms. Therefore, 
spin-offs and imitation behaviour may set in motion an initial process of spatial clustering. 
Nevertheless, the question in which locations the spin-off and imitation mechanisms result 
in industrial clustering is to a high degree dependent on chance events. In the purest 
model of this kind, the role of region-specific features in explaining spatial clustering of an 
industry is completely ruled out.

More realistic models include region-specific factors as well. Regions may have to 
fulfil generic conditions such as infrastructure, a local labour force and the like in order 
to be a potential candidate for the new industry (Storper and Walker 1989; Boschma and 
Lambooy 1999). Regions without such generic conditions may have a lower probability to 
develop the new industry. Moreover, the location of a new industry may also be affected by 
a region’s prior industrial structure. There may be two influences that play a role here. First 
of all, there is increasing evidence that a new sector tends to grow out of existing, related 
industries. An example is the automobile sector that initially emerged mainly on the prior 
industrial structure of bicycle- and coach-making firms and the spin-offs they generated. 
The new industry came to be concentrated in regions such as the Coventry/Birmingham 
area that used to be specialized in those related industries (Boschma and Wenting 2007). 
Hence, who will be the early players of the new industry and in which locations they will 
concentrate might be partially dependent on the geographical pattern of prior regional 
specializations (Hidalgo et al. 2007). However, which related industries will provoke the 
emergence of a new industry remains unpredictable beforehand. Secondly, new industries 
may also emerge out of Jacobs’ externalities. Starting from the Schumpeterian idea that 
innovation basically is a recombination of knowledge and ideas, it is argued that regions 
with a diversified industry structure, as opposed to a specialized structure, are most 
conducive to breed new industries by means of exploiting so-called Jacobs’ externalities 
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(Jacobs 1969). Some regions will turn out to be better equipped in terms of a diversified 
structure than others5. Again, it is unpredictable ex ante which recombinations will lead to 
the emergence of a new industry and, hence, which regions exhibit the right mix of prior 
industrial activity. Due to this uncertainty – and due to the fact that a new industry can 
emerge either from related industries or from Jacobs’ externalities – many regions are a 
potential candidate to get pioneering entrepreneurial activity within their boundaries. The 
windows of locational opportunity concerning the emergence of a new industry are open 
for many regions, as long as some generic conditions are fulfilled (Storper and Walker 
1989).

In conclusion, in the initial phase of industry evolution, chance factors and unpredictable 
outcomes related to the pioneer’s social networks and the region’s industrial structure 
produce unstable and volatile patterns of interaction and firm location. The subsequent 
growth phase of the industry, however, is more characterized by forces towards stability in 
the industry knowledge network as well as in the pattern of spatial concentration of the 
industry.

5.5.2 Second phase: the growth stage
In the second phase of the industry life cycle, a dominant technological design emerges 
and the market for products in the new industry expands. As a result, the number of 
active firms in the industry grows rapidly, mainly through imitation behaviour and the 
formation of spin-off firms attracted by the high rents in an expanding market (Utterback 
1994). The increase in the number of firms through spin-offs and imitation, as well as the 
development of a dominant design, result in forces towards stability, both at the network 
level and at the level of spatial clustering.

At the level of the network, a tendency toward the formation of a stable core-periphery 
pattern can be observed, starting from the growth stages of the evolution of an industry. 
For instance, Orsenigo et al. (1998) showed that during the life cycle of the industry the 
network of strategic alliances in biotechnology was characterized by a highly stable core-
periphery profile. There are several forces that lead to the establishment of this stable 
pattern. As new firms enter the industry, the network will grow, and the mechanism of 
preferential attachment might be a crucial driving force. Preferential attachment describes 
a process of network growth in which new nodes select one of the existing nodes in the 
network with which to connect. The probability of a node to be selected is proportional 
to the number of links this node already has. As a consequence, firms that initially are 
centrally located in the network are likely to become even more central (see Barabási and 
Albert 1999). The preferential attachment process is nurtured by the following forces.

5   While discussing the potential fortunes of a diversified economy, Frenken et al. (2007) claim it makes 

sense to distinguish between a related variety effect and an unrelated variety effect. Related variety refers 

to a set of complementary sectors that share capabilities and competences to some degree. Because 

related sectors can more easily understand and absorb each other’s knowledge, inter-industry knowledge 

flows are more likely to take place between related industries. Accordingly, we expect that regions with a 

high degree of related variety have a higher probability to generate and develop real novel recombinations. 

Instead, regions with a high degree of unrelated variety will benefit mainly from a portfolio-effect: when 

one of its sectors is hit by an economic downturn, this will not negatively affect the other sectors in the 

region because they are unrelated.
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First, there is a strong first-mover advantage. The preferential attachment process is 
nurtured by the bidirectional causality between capabilities and network position, as 
explained in the previous section. Since firms with ‘cutting-edge’ technology are attractive 
partners with which to be linked, new entrants are inclined to link themselves to central 
nodes in the network. As a consequence, a fit-get-richer process in the network can be 
observed. Gay and Dousset (2005) found evidence that the firms that are continuously 
found in the core of the network are those that hold the key patents within the industry. 
Early players in an industry tend to establish themselves centrally in the network and are 
likely to retain this position throughout the evolution of the industry. Continuous flows of 
entry in the industry and, hence, in the network do not result in major deformations of this 
network structure: entry into the core of the network becomes increasingly difficult for new 
entrants as the network continues to grow (Orsenigo et al. 1998; Gay and Dousset 2005). 
As a result, the variety in firm capabilities between central and peripheral firms is growing. 
In addition, the positive effect of being an early entrant on firm survival (e.g. Klepper 1997) 
might be partly attributed to the fact that those firms can establish themselves early in the 
network and obtain a central position through preferential attachment. An exception to the 
rule is possibly formed by spin-off firms. New entrants in the industry might be better able 
to get a more central position in a network when they are a spin-off of an existing (core) 
firm. These firms have inherited successful routines from their parents (Klepper 1997), and 
they might have the opportunity to take over part of the network linkages of their parent 
company.

A second force leading to stable core-periphery patterns can be found at the exit side 
of industrial dynamics. Firms with inferior network positions are more likely to end 
their business and to exit the industry (Mitchell and Singh 1996). Conversely, centrally 
positioned firms have a higher probability to survive and the core-periphery pattern in the 
network will be reinforced. In order to validate this hypothetical relationship empirically, 
a firm’s network position should be included in models that aim to explain firm survival 
probability and industry dynamics. Beside time of entry in the industry and entrepreneurial 
experience (e.g. as a spin-off) (Klepper 1997, 2002b), the (evolving) position of a firm in 
a knowledge network might act as an additional explanatory variable for the survival 
probability of a firm. At the same time, the possibility that spin-off firms might take over 
relationships from their parent company might partly account for the higher survival 
probability that typically characterizes spin-off firms.

The stability of the network structure is further stimulated by the fact that the formation 
of new alliances is largely based on a network of prior alliances (Gulati 1995; Gulati and 
Gargiulo 1999). Prior direct alliances are likely to have led to the formation of trust and 
effective routines of cooperation. Additionally, the network of prior indirect alliances acts 
as a channel of information on opportunities for future cooperation and as reputational 
circuits concerning the reliability of potential future partners.

Orsenigo et al. (2001) argued that the stable core-periphery pattern is also nurtured 
through the path-dependent nature of technology development. The fact that the core 
of firms in a network might continue the development of technology along a certain 
technological path might strongly diminish the probability that competing technologies 
will establish themselves. Consequently, firms developing these technologies find difficulty 
in connecting themselves to the industry network and eventually might fail to survive. In 
other words, the emergence of collaborations in the early growth stages of the development 
of a new technology might lead to dominant standards. During subsequent stages of more 
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incremental change, the early developers of new standards are likely to position themselves 
in the core of the industry network (Suarez and Utterback 1995; Soh and Roberts 2003).

With respect to the spatial level, comparable forces towards stability are likely to be 
observed concerning the industry’s spatial pattern. In contrast to the first phase, in which 
no clear-cut pattern of spatial clustering is established, the growth stage of the industry is 
characterized by forces towards stability. Several forces that lead to the concentration of 
firms in clusters can be distinguished.

The first force is closely associated to the growth of the number of firms that 
characterizes the second stage of the industry life cycle. As explained above, in the 
introductory stage it is quite unpredictable where visionary entrepreneurs emerge and 
where the first successful firms generate other spin-off companies or provoke the strongest 
imitation behaviour. But as soon as they start to develop somewhere, these forces towards 
clustering are complemented by another force based on agglomeration advantages (Arthur 
1994). As soon as clustering occurs somewhere, various types of Marshallian externalities 
may come into being: a new infrastructure is built to cope with increasing demand, 
relevant knowledge spillovers become increasingly available, the labour market becomes 
more specialized, specialized suppliers emerge after some time, supportive institutions 
come into being, and so on (Boschma and Lambooy 1999). These agglomeration 
advantages make it increasingly attractive for new entrants to be located in the emerging 
cluster and, hence, further stimulate the evolution towards a stable pattern of geographical 
clustering (Brenner 2004). As a consequence, industrial concentration selectively takes 
place in a number of regions only. The more an industry is clustered, the more difficult it 
becomes for other regions to localize part of the emerging industry within its boundaries. 
In other words, as clustering proceeds, the ‘windows of locational opportunity’ close for the 
regions not taking part in the clustering of the new industry (Storper and Walker 1989).

The process of network growth through preferential attachment that generates a stable 
core-periphery network has also a distinct geographical component. During the growth 
stage, many firms enter the industry and want to connect to the industry network. The 
bidirectional relationship between capabilities and network position gives way to a 
process of network growth through preferential attachment, in which firms with superior 
capabilities come to be centrally located in the network. The new links that are added to 
the network might have a relatively strong tendency to be local, to be concentrated in a 
cluster. Because uncertainty is still high and the nature of knowledge remains considerably 
tacit, geographical proximity is especially relevant for knowledge exchange between firms 
(Cowan et al. 2004; Audretsch and Feldman 1996a). Tacit knowledge flows most easily 
through the mobility of people, which is likely to take place locally, or through repeated 
interaction among people, which is eased by geographical proximity as well. In addition 
to this direct effect, an indirect effect of geographical proximity may also stimulate local 
clustering. The uncertainty that is associated to the emergence of a new industry can be 
partly compensated for through social proximity – and the associated presence of trust – 
which are likely to coincide to a considerable degree with geographical proximity.

In conclusion, the growth stage of the industry life cycle coincides with stabilizing 
patterns of interaction in the industry network as well as stabilizing patterns of spatial 
clustering. This does certainly not imply that the evolution of networks and the evolution 
of clusters automatically and completely coincide. Although mechanisms of geographical 
proximity cause a bias of network links to be locally concentrated in clusters, dense 
and stable parts of the network need not show overlap with established clusters. As a 
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consequence, in addition to clusters characterized by a dense local network structure, there 
might exist clusters without strong local knowledge-based interaction, as well as stable and 
dense parts of a network that are dispersed over various geographical locations.

5.5.3 Third phase: the maturity stage
The growth of an industry is not infinite. At some point, the industry will show symptoms 
of maturity. Market size ceases expanding, the number of new entrants will decline 
rapidly, and the technological potential for further innovation decreases (Klepper 1997). 
Furthermore, the maturity stage of the industry is characterized by a shake-out process. 
That is to say, there is a massive wave of firm exits, because the size of firms matters 
more, and the nature of competition shifts from an emphasis on technology and product 
innovation to an emphasis on price and cost reduction (Utterback 1994).

At the level of the industry, the variety across firms declines through a massive shake-out. 
As stated previously, network position might impact positively on firm survival. If the (core 
of the) knowledge network coincides with the main geographical clusters of the industry, 
it is very well possible that, on average, firms in these clusters outperform those outside 
the clusters. For instance, Krafft (2004) demonstrated that during the recent shake-out 
in the ICT-industry, firms in the ICT-business park of Sophia-Antipolis, in the south-east 
of France, unlike comparable firms outside the cluster, continued to survive. The park as 
a whole even continued to grow, though at a lower rate than before. Krafft suggests that 
strong local knowledge dynamics could have been responsible for the fact that a shake-out 
did not occur in Sophia-Antipolis. Building on these ideas, it could be hypothesized that 
clusters that are characterized by strong local knowledge dynamics and a high degree of 
integration in global networks outperform other clusters in terms of growth, especially in 
the shake-out phase.

However, being peripherally positioned in a network or being located outside a cluster is 
not necessarily disadvantageous for a firm. It is certainly true that the more stable patterns 
of interaction among firms that emerged during the growth stage of an industry lead to 
trust-building and provide opportunities for following the lengthy trajectories that are 
needed to develop innovations. However, the tendency of stability at the level of networks 
and clusters – that do not necessarily coincide – might have some strong downsides as the 
industry life cycle proceeds towards maturity.

Firstly, lengthy interaction among firms in stable networks tends to decrease variety in 
capabilities across firms, which might result in a situation of cognitive lock-in. Wuyts et al. 
(2005) and Cowan et al. (2006) argued that through collaboration, firms’ competences will 
become more similar and the technological distance between the two will decrease. This 
will in turn diminish the opportunities for future learning. In addition, firms might get 
locked in established lines of thinking (Grabher 1993) when networks are stable over a long 
period of time. It is unlikely that such a situation of cognitive lock-in will be perturbed, 
because virtually no new external knowledge – from outside the rigid core structure of the 
network – comes in due to a lack of network change. As a consequence, firms might decide 
to break up the redundant network linkages, which will result in a declining network. In 
line with this hypothesis, Darr and Talmud (2003) found in the electronics industry that 
the technological dialogue between sellers and buyers was substantially more intense in 
a sub-sector with emergent technologies than in a more mature branch of the industry. 
However, even if relationships among firms endure, the information and knowledge that 
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flow through them gets less valuable through time because firms become more similar in 
what they know and in what technologies they possess.

Secondly, the necessity for explicit forms of inter-firm interaction decreases, because 
knowledge may become more codified in the maturity stage. As the industry evolves, its 
technological regime changes along with it (Dosi 1988; Malerba and Orsenigo 1996). 
Whereas technology and knowledge tend to be highly tacit and embodied in human 
capital during the first stage of the industry, they get more codified during the growth 
and particularly the maturity stage (Cowan et al. 2004). At the same time, uncertainty 
about how technology will develop decreases (Robertson and Langlois 1995). As a result, 
geographical proximity might be less necessary, while congestion costs or high rents 
in the cluster might make cluster firms decide to move to cheaper locations (Audretsch 
and Feldman 1996a). As a consequence, the mature character of an industry in terms 
of a decline of innovative activity is not merely due to exhaustion of the technological 
opportunities for further innovation, but it also relates to inertness in patterns of 
interaction among firms within the industry.

In such a situation of decreasing variety across firms and cognitive lock-in – being the 
result of the shakeout and the fixed patterns of interaction in dense parts of the industry 
network or within local clusters – firms might need their dynamic capabilities to survive 
in the long run. These dynamic capabilities can be exercised in two ways. First, firms can 
decide to delocalize (part of) their activity to other (cheaper) locations in order to avoid 
congestion costs and high land prices in the cluster. In order to replicate their successful 
routines to the new location effectively, firms need dynamic capabilities. The relocation 
decision of firms directly affects the spatial clustering of the industry, leading either to a 
more dispersed spatial pattern or to the emergence of new clusters. Secondly, firms need 
their dynamic capabilities when they want to change their network position radically. A 
new position in the industry network, for instance, connecting to a group of firms that are 
devoted to more up-to-date technology, might enable a firm to break through the situation 
of cognitive lock-in (Glückler 2007). In order to do so, a firm might even decide to relocate 
to another cluster within the industry that does not suffer yet from the negative spiral of 
cognitive lock-in.

In short, the maturity stage of the industry life cycle is characterized by a massive shake-
out which is highly selective about which firms exit the industry. Firms with a peripheral 
network position are more likely to exit the industry than firms in more central network 
positions and places. The result is that the variety across firms in the industry decreases. 
A tendency of cognitive lock-in is likely to emerge due to fixed patterns of interaction. This 
can take place either in dense and stable parts of the industry network, or in clusters with a 
dense interaction structure. Firms need dynamic capabilities to overcome such a situation 
of cognitive lock-in, changing either their network position or their location. Cognitively 
locked-in firms that are not able to do so are likely to be part of the industry’s shake-out.

5.5.4 Fourth phase: industry decline or the start of a new cycle
The maturity phase of the industry life cycle coincides with a shake-out process among the 
population of the industry and with increasing negative effects of the relatively stable core-
periphery profile of the industry network. In the fourth phase, two different scenarios are 
possible.

Firstly, if no radically new technologies are introduced, the industry will eventually 
decline. The market demand for the industry’s products might decrease rapidly, and 
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the innovative potential of the industry may become completely exhausted (Utterback 
1994). Eventually, the survivors of the industry are forced to exit the industry when 
they are not able to diversify to new industrial activities by exercising their dynamic 
capabilities. For individual firms, a situation of lock-in can also be perturbed through 
‘relocating’ themselves in other more vibrant parts of the network, or in more ‘up-to-date’ 
geographical locations by means of their dynamic capabilities. However, this might not be 
sufficient for breaking the inertness of the network and the industry at a more aggregate 
level. These stable patterns can be disturbed only through exogenous shocks such as the 
implementation of new basic technologies (Burkhardt and Brass 1990; Orsenigo et al. 
2001).

Secondly, in case there is an exogenous shock like the development of radical 
technological breakthrough, a new cycle of industry evolution and an associated evolution 
of networks can be provoked. Successive waves of new technologies might radically 
reshape the structure of an industry network (Gay and Dousset 2005). When such a 
breakthrough is developed by firms that are peripherally located in the network, this 
shock is an opportunity for them to improve their network position structurally (Ahuja 
2000b). Experienced firms, on the other hand, might react slowly on new challenges in 
the industry, for instance because of inferior dynamic capabilities or cognitive lock-in. As a 
consequence they might have to pass leadership to new pioneers and new entrants (Dosi et 
al. 2000), and lose their central network position. A radical reshuffling of the structure of 
the network might be the result. By contrast, when radically new technologies are invented 
by established firms, the existing structure of the network tends to be further reinforced 
(Soh and Roberts 2003). In line with this, Madhavan et al. (1998) distinguish structure-
reinforcing and structure-loosening exogenous shocks.

The firms causing the exogenous shock are not necessarily located in the existing 
clusters of the industry. Where this new activity emerges, is largely dependent on chance 
factors, as in the first phase. Since the pioneering firms bringing the new technology are 
likely to be located outside the current clusters, they might reshuffle not only the industry 
network, but also its spatial pattern. New clusters of firms with path-breaking technology 
can emerge outside the traditional core clusters (Storper and Walker 1989): new pioneering 
firms might emerge at the technological frontier, the core of the industry network will 
redirect itself around the new core of pioneers, and the new firms may set in motion 
clustering dynamics in new regions. As explained above, where a new industry emerges 
is not completely random. Viewing radical innovations as recombinations, new industries 
can emerge from Jacobs’ externalities or related industries. That is to say, either regions 
with a diversified economic structure or regions with related industries might have a higher 
probability to function as seedbeds for new industries. Due to the unpredictable nature of 
innovation, the question which regions exhibit the right mix can be answered only ex post.

When a new technological breakthrough is introduced, a new cycle of co-evolution of 
firms, networks, industries, and clusters might start. Dependent on the extent to which 
the ‘new’ industry has its roots in a previous one, the new cycle will involve new players 
and new clusters. Firms from the old technology that had superior dynamic capabilities 
might have been able to survive and to leap successfully to the new industry. By contrast, 
firms with inferior dynamic capabilities might eventually die, in particular when the new 
technology completely substitutes the prior one.
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5.6 Conclusion

It has been argued in this paper that most cluster studies suffer from a number of 
shortcomings. First, they often neglect that firms in a cluster differ in terms of internal 
capabilities. In the context of cluster firms, the present paper claims that absorptive 
capacity – conceptualized as a dynamic capability that captures the cognitive and 
organizational dimensions of absorbing external knowledge effectively – is an important 
dimension of this heterogeneity. Second, these studies tend to overemphasize the role of 
geographical proximity in patterns of inter-firm knowledge flows. As a consequence, the 
role of networks is often underestimated. Finally, the majority of cluster studies is static and 
does not address questions concerning the origins and evolution of clusters. In providing 
an evolutionary approach to spatial clustering, an attempt was made to overcome these 
shortcomings, setting up an exploratory theoretical framework on how clusters co-evolve 
with the industry to which they adhere, with the (variety of) capabilities of firms in that 
industry, and with the industry-wide knowledge network of which they are part.

The central idea in the framework proposed here is that the pattern of spatial clustering 
in an industry co-evolves with three entities: with the firm at the micro level, with the 
industry and its technological properties at the macro level, and with the network that 
describes the patterns of interaction among firms of the industry. A distinction was made 
between various phases of the industry life cycle: the introductory, the growth and the 
maturity phase. These phases are either followed by structural decline of the industry, 
or a ‘regenerative’ phase in which breakthroughs provoke the start of a new cycle. The 
hypothesized outcomes of this co-evolutionary process are summarized in Table 5.1.

At the level of the firm, the heterogeneity in capabilities is responsible for divergent 
patterns of firm network position and hence firm performance. At the same time, the 
evolution of networks and clusters affects the heterogeneity among firms by increasing or 
decreasing variety in capabilities. Furthermore, individual firms need dynamic capabilities 

Table 5.1: Co-evolution of firms, industries, networks and clustering

Firm Industry Network Clustering

Variety Number of 
firms

Technological regime

Tacitness Uncertainty

1. Introductory stage High Low High High Unstable No clustering

2. Growth stage Increasing Increasing High, but
decreasing

High, but
decreasing

Towards 
core-

periphery

Emergence of 
clusters

3. Maturity stage Decreasing Decreasing
(shake-out)

Low Low Network
Lock-in

Cluster
lock-in

4A Decline Decreasing Decreasing Low Low Dissolving 
network

Disappearing 
clusters

4B Start of a new cycle Increasing Low High High Unstable No clustering
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in later stages of the industry life cycle, characterized by a considerable risk of cognitive 
lock-in, in order change their network position or to relocate and replicate their routines to 
new – more vibrant – locations.

At the level of the industry, entry and exit dynamics might be selective in the extent to 
which they concern firms in clusters or not. This selectiveness directly affects the pattern of 
spatial clustering. In addition, the changing characteristics of the industry’s technological 
regime throughout the evolution of an industry result in changes in the necessity and 
hence the tendency for firms to cluster in space. The negative effects of clustering might 
even come to prevail over the positive effects as the industry evolves towards maturity.

At the level of the network, networks and clusters experience a similar pattern of 
evolution throughout the various stages of industry evolution. After initial clustering 
induced by spin-off and imitation dynamics, clusters and networks may become interlinked 
through the working of a bias in network growth towards the formation of local linkages. 
Among other things, this bias is based on the tacit character of knowledge and the high 
level of uncertainty during the growth phase. Both factors make knowledge-based 
interaction among firms easier in the case of geographical proximity. As a consequence, 
parts of the industry network tend to become localized in spatial clusters. However, since 
this is a probabilistic process, dense parts of the industry network do not necessarily show 
complete overlap with the pattern of spatial clustering.

It is important to note here that our exploratory evolutionary approach to clusters needs 
further development and refinement from a theoretical perspective. In particular, there is 
a need for empirical validation of the ideas suggested. Therefore, this contribution should 
be considered mainly as a research agenda, inviting researchers to tackle the numerous 
theoretical and empirical challenges.

Further refinement of our theoretical framework is particularly necessary with respect 
to the role of institutions. In order to streamline the approach, we hardly paid attention to 
the role of institutions, although it is acknowledged that institutions play a crucial role in 
clustering and network formation over time (Murmann 2003). Many research challenges 
remain in how an institutional set-up – at the level of cities, regions or nations – develops 
over time as new industries emerge and others decline. Maskell and Malmberg (2007) 
suggested that institutions in a region develop path-dependently in response to the special 
requirements of the region’s dominating industry. As industries evolve and new ones 
emerge, this path-dependency may turn into inertness, closing the way for alternative paths 
of development associated to the emergence of new industries.

The mechanisms underlying our framework on co-evolution of firms, industries, 
networks and clusters need thorough empirical testing. Although our framework is based 
to a certain extent on prior empirical research, a key challenge remains to validate the 
consistency of the framework as a whole, as well as several mechanisms of co-evolution 
that underlie it, by means of extensive empirical research across industries. Doing so, we 
believe the analysis of cluster evolution provides a promising and challenging research 
agenda in evolutionary economic geography for the years to come.





| 89 | 

6
Cluster emergence and network evolution: a longitudinal 

analysis of the inventor network in Sophia-Antipolis

6.1 Introduction

The business park of Sophia-Antipolis originates from the private initiative of Pierre Laffitte 
to turn a ‘greenfield’ site just off shore the Côte d’Azur into a high-tech park. Partly due to 
public support and marketing, high-tech activities started to be co-located there from the 
1970s onwards. International high-tech firms, mainly from Information Technology and 
Life Sciences industries, that wanted to adapt their products to the requirements of the 
European market, were attracted by favourable locational characteristics like the pleasant 
climate and the presence of an extensive tourist infrastructure. This implies that the 
‘cluster’ was originally nothing more than pure co-location of high-tech firms, completely 
lacking a local interaction structure. This has changed through the course of time. It is 
often argued that Sophia-Antipolis’ Information Technology sector is more and more 
characterized by local knowledge-based interaction among its firms and research institutes, 
whereas such interaction is less apparent and convincing in Life Sciences (Longhi 1999; 
Quéré 2007).

This story is very much in line with important findings in the recent literature on 
clusters. It is more and more agreed upon that it cannot be assumed beforehand that all 
firms in a cluster are involved in local networks of collective learning (Giuliani 2007b). 
The case of Sophia-Antipolis illustrates that geographical proximity is certainly not a 
sufficient condition for local collective learning to emerge; clusters and networks do not 
necessarily coincide. An important follow-up question, then, is under which conditions 
clusters exhibit a local collective learning milieu. One way of studying this relationship 
between clusters and networks is a longitudinal analysis. As a cluster emerges, grows 
and eventually declines, the conditions under which firms and individual inventors in 
that particular cluster interact in networks change as well. This study takes a closer look 
at the introductory and growth stages of the co-evolution of clusters and networks. By 
means of a longitudinal analysis of the example case of Sophia-Antipolis, this paper aims 
to demonstrate how local networks of collective learning evolved while the business park 
emerged and grew. It shows that the extent to which clusters and networks show overlap 
might be dependent on the nature and extent of firm clustering in space. In so doing we 
aim to deviate from the mainstream literature of static cluster studies and respond to 
the increasing need for studies that examine under which conditions local networks of 
collective learning emerge.

In order to accomplish these aims, we will proceed as follows. First, Section 6.2 
describes how Sophia-Antipolis emerged and grew from the 1970s onwards. This 
description is based on interviews with key actors at local authorities and research institutes 
and on secondary sources. Then, in Section 6.3 the evolution of co-inventorship networks 
throughout these years is detected on the basis of USPTO and EPO patent data. We 
consider co-inventorship networks as a proxy for local networks of collective learning. In 
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Section 6.4 these networks are analysed with social network analysis techniques, testing 
propositions on how they evolved in terms of their geographical orientation, connectivity, 
path length, and clustering coefficient. By looking at these four dimensions we claim to 
demonstrate if and how an integrated network of collective learning emerged in the two 
main sectors of Sophia-Antipolis: Information Technology and Life Sciences. Finally, 
Section 6.5 concludes.

6.2 The evolution of the business park of Sophia-Antipolis

Nowadays it is widely agreed upon that it is very hard to create clusters or innovation 
systems in an artificial way through planning or regional policy (Martin and Sunley 2003). 
Cohesive clusters and innovation systems are mostly considered as being the result of 
‘natural’ developments, which at best can be facilitated or further stimulated by policy 
initiatives. Sophia-Antipolis constitutes a quite unique example of a cluster in that it has 
been to a large extent created artificially. This section aims to describe the emergence and 
growth of Sophia-Antipolis from a qualitative perspective. It is based on interviews with 
key actors within the political and academic spheres of Sophia-Antipolis. To be precise, in 
October 2006 interviews were conducted at the five key public and semi-public authorities 
that are involved in economic development policy in Sophia-Antipolis6 and with the 
representatives of knowledge valorization of four main research institutes in the field of 
Information Technology and Life Sciences within Sophia-Antipolis7.

6.2.1 Emergence
Although Sophia-Antipolis is an artificially created cluster, the starting point was not 
in the public sphere. The very beginning of Sophia-Antipolis stems from the private 
initiative of Pierre Laffitte (Member of the Board of the “Ecole Nationale Supérieure des 
Mines de Paris”) in the late 1960s, early 1970s. He envisioned a City of Science, Culture, 
and Wisdom in the South of France where its participants would be attracted by the 
so-called Sunbelt effect, i.e. the pleasant climate and other comfortable living conditions. 
He acquired a forested plain between Antibes and Valbonne at the French Côte d’Azur in 
order to realize his plans. This area can be viewed upon as a ‘vacant space’ or ‘greenfield 
site’, lacking any industrial or university tradition (Longhi 1999). The first buildings arose 
in 1972.

The initial project ended up soon in severe budgetary problems. The high costs of 
providing the necessary infrastructure did not outweigh the benefits that accrued from 
the initiative. However, being interested to diversify the economy of the Côte d’Azur from 
mere tourism, the local public authorities supported the initiative already in an early stage 
and soon the project transformed completely from a private initiative into a public one. 
With this transformation the focus of the project shifted more explicitly towards high-

6  Department of Economic Development at the Regional Council (Conseil Général Alpes-Maritimes), 

Syndicat SAM, Team Côte d’Azur, Fondation Sophia-Antipolis.

7  INRIA (The French National Institute for Research in Computer Science and Control), Eurécom 

(a private research centre in communication systems), Ecole des Mines de Paris (Paris Institute of 

Technology). Nice Sophia-Antipolis University. INRA (French National Institute for Agricultural 

Research) refused cooperation. 
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tech activities, since this type of activity could easily complement tourism without causing 
negative externalities (e.g. pollution) to the region’s main economic resource (Quéré 2002, 
2007).

From the late 1970s, the agglomeration of firms and employment in the park took off 
(see Figure 6.1). This can be considered the first phase of development of the business 
park of Sophia-Antipolis and consisted mainly of the entry of extra-European firms that 
wanted to open an R&D facility in which they could adapt their products to the specific 
requirements of the European market. Although it did not result from an explicit strategy, 
particularly Information Technology firms – and to a lesser extent firms in the Life Sciences 
and Energy industries – turned out to be attracted to Sophia-Antipolis (Longhi and Quéré 
1997).

Three main reasons can be held responsible for this successful take-off (Quéré 2002). 
First, there are some structural characteristics of the region that made the Côte d’Azur – 
in itself a region without any prior industrial background – an attractive region for foreign 
investment. These characteristics included a pleasant climate and other natural conditions, 
the presence of an extensive tourist infrastructure, including an international airport, but 
also conference rooms, hotels etc. The newly established firms could benefit easily from 
this present physical infrastructure. Second, but not less importantly, the local authorities 
developed an explicit and active advertising strategy to promote Sophia-Antipolis as 
a high-tech business park, especially in the United States. A third factor that stimulated 
the increasing concentration of firms in Sophia-Antipolis was the explicit decentralization 
policy the French government exerted during the 1970s in order to promote economic 
development outside the traditional booming regions (Longhi 1999). In this light the early 
arrival of France Télécom in the area can be seen as a crucial development. France Télécom 
provided a modern and efficient fibre-optical network that worked out as an important pull 
factor for other Information Technology firms that could use this advanced infrastructure 
base to develop applications readily and efficiently (Lazaric et al. 2008).

In short, as is often the case in the early emergence of clusters (Arthur 1994; Maskell 
and Malmberg 2007), the initial concentration of firms in Sophia-Antipolis has shown to 
depend considerably on chance factors. First of all, the visionary pioneer Pierre Laffitte 
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happened to be located in the region. Moreover, the attraction of international firms’ 
subsidiaries to Sophia-Antipolis on the basis of its pleasant climate is at least remarkable, 
especially when considering the completely lacking industrial tradition in the region and 
the wide set of alternative locations across Europe. The subsequent take-off of the growing 
concentration of firms, however, has been much less dependent on chance factors. 
The active promotion strategy and the creation of the first agglomeration advantages 
– for instance related to France Télécom’s internet infrastructure – further stimulated 
the concentration of firms in Sophia-Antipolis. Or as Brenner (2004) puts it, local self-
augmenting processes were put in place, which reinforced the initial forces towards spatial 
clustering.

6.2.2 Intermediate crisis
At the end of the 1980s and beginning of the 1990s the growth process in terms of number 
of firms and employment started to slow down, particularly in Sophia-Antipolis’ main 
sector of Information Technology. The business park of Sophia-Antipolis started to suffer 
from a number of important shortcomings. First, it lost competitiveness relative to other 
regions concerning the attraction and keeping of international companies, since those 
companies changed and expanded their set of location requirements and got a deeper 
knowledge of the alternatives. Ireland and Scotland, for instance, could provide cheaper 
qualified labour in comparison to Sophia-Antipolis, while central cities such as Paris 
and London offered a closer proximity to customers and/or financial and administrative 
services (Quéré 2002). Whereas Sophia-Antipolis was highly competitive in the 
‘globalization regime’ of the 1980s, the park was in a much less advantaged position in the 
1990s. In the 1980s companies were to a large extent vertically integrated and firm location 
decisions were mainly based on costs and the presence of facilities. In the 1990s, however, 
these decisions started to be based more on locational features that might stimulate 
innovation (Longhi 2002; Lazaric et al. 2008), since high-tech firms acknowledged more 
the importance of knowledge from outside the company for reaching innovation. As a 
consequence of this shift in locational preferences, the growth of the number of companies 
in Sophia-Antipolis stagnated and some of the established companies even decided to 
relocate to other areas (Quéré 2002).

A second, related shortcoming concerns Sophia-Antipolis as a cluster of innovative 
activity. Beside the fact that through the course of time many companies had been 
attracted on site that did not focus explicitly on R&D and innovation, innovation in Sophia-
Antipolis took place exclusively within the boundaries of the firms. In other words: until 
the end of the 1980s at least, Sophia-Antipolis was not a cluster in the ‘Porter’ sense, 
where innovations accrue through interaction of related firms. By contrast, it was nothing 
more than a concentration of firms that were co-located on the basis of a similar set of 
pull factors. Apparently, the local agglomeration process of related firms is a necessary, 
but insufficient condition for constituting an innovation system (Longhi and Quéré 1997). 
Considering also, that most of the companies did not have their market locally, Sophia-
Antipolis could be viewed upon as a compilation of highly footloose firms (Quéré 2002). In 
other words: Sophia-Antipolis functioned as a ‘satellite platform’, as defined by Markusen 
(1996), where the companies due to their international background had a wide array of 
international relations beyond the cluster’s boundaries, whereas local interactions were 
almost completely absent (Longhi 1999; Lazaric et al. 2008).
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6.2.3 Growth
After the crisis in the early 1990s the Information Technology and Life Sciences industry 
in Sophia-Antipolis show a strongly divergent pattern of development. In the Information 
Technology industry it is exactly the ‘crisis’ of the disappearing international firms that 
triggered important endogenous developments. The relocating international companies left 
a pool of highly qualified labour that to a large extent did not move along with the company, 
but that wanted to stay in the Côte d’Azur region. Many of those people started their own 
companies. Consequently, the shock of the shrinking presence of multinationals provided 
a stimulus for stronger locally-based growth of the park that resulted in the emergence of 
technologically advanced SMEs (Quéré 2007).

This transformation from externally-driven to locally-based growth in the IT industry 
was further reinforced by the arrival of public and private education and research institutes 
in Sophia-Antipolis. Most of these institutes, like the University of Nice Sophia-Antipolis, 
INRIA (National Research Institute on Informatics and Automation), and CNRS (National 
Centre of Scientific Research), were not present on site already in the early stages of 
development of the park, but were established in a later stage only. The same holds for 
the European authority on Telecommunication Standards (ETSI) that has been located in 
Sophia-Antipolis since 1989. Considering that generally most of the attempts to build a 
science park start with the attraction of research institutes, this makes Sophia-Antipolis an 
atypical, ‘reverse’ science park (Quéré 2007). The research institutes have been attracted 
in the late 1980s on the basis of an explicit strategy of the national and regional authorities 
to promote synergies between science and industry. These synergies consist largely of 
building a highly qualified local labour market, but also of PhD students doing traineeships 
or projects in firms.

These new developments mainly concerned the Information Technology industry in 
Sophia-Antipolis. Three important differences between the Information Technology and 
Life Sciences sectors can be observed. First, there is a large difference in the total amount 
of concentration of firms between the two industries. As a result of the shift in IT from 
growth led by foreign multinationals to growth mainly based on local spin-offs and high-
tech start-ups, the crisis turned out to be only a relatively short interruption between the 
initial emergence of the cluster and the subsequent follow-up phase of extensive growth 
in this sector (see Figure 6.2). The period of transition from externally-driven to locally-
based growth took off from the first half of the 1990s onwards and still continues nowadays 
(for more details, see Quéré 2007; Lazaric et al. 2008). The concentration of Life Sciences 
firms was not strongly affected by the crisis, but at the same time did not show an increase 
in the second half of the 1990s like in the Information Technology sector. As Figure 6.2 
shows, the growth of the number of firms in the Life Sciences sector has always proceeded 
at a lower rate than in the Information Technology sector. The increase of the number 
of Life Sciences firms came to a hold in the 1990s. Nowadays, Information Technology 
firms constitute about 75 percent of Sophia-Antipolis’ high-tech companies, whereas Life 
Sciences firms make roughly 13 percent (SYMISA 2004). Consequently, from the middle 
of the 1990s onwards Sophia-Antipolis specialized progressively towards Information 
Technologies at the relative expense of Life Sciences companies (see Figure 6.2) and Energy 
and Earth Sciences.

Second, the increasingly locally-based growth in Information Technology made this 
sector diversify in terms of size. Whereas the park was strongly dominated by large firms 
in the early stages, the changing nature of the growth in the Information Technologies 
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industry resulted in an increasing share of small- and medium sized enterprises. The Life 
Sciences sector, however, nowadays is still largely dominated by relatively large subsidiaries 
of international pharmaceutical companies.

Third, the cognitive distance is smaller between firms in Information Technology than 
in Life Sciences. Partly due to the presence of the European Telecom Standardization 
Institute (ETSI), most of the Information Technology firms work in segments of the same 
value chain (Krafft 2004). Nowadays, Sophia-Antipolis’ IT sector consists of the three main 
building blocks infrastructure (equipments, networks, and hardware), platforms (interfaces 
and software), and applications (including services). These three building blocks are more 
or less equally present in Sophia-Antipolis and are strongly related to each other (Krafft 
2004). The interrelatedness of the products and services they develop positively affects 
the opportunities for collaboration and collective learning. This potential is perceived 
more and more as well by public and private stakeholders in IT in Sophia-Antipolis. An 
important private initiative in this respect is made by the Telecom Valley Association that 
aims to map competences of agents in the park and promotes the emergence of clubs and 
associations that attempt to link small firms, large firms, and research institutes in the field 

Figure 6.2: Growth in number of establishments and employees in Sophia-Antipolis 
Source: Quéré (2005)
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of Information Technology (Longhi 1999; Lazaric et al. 2008). In the Life Science sector, 
however, the cognitive distance between agents seems much larger. The activities within 
the sector range from drugs, biotechnology, and cosmetics to medical equipment and fine 
chemistry. Hence, the specializations among Life Sciences companies in the park differ 
largely and the potential for complementarities might be limited (Longhi 1999).

6.3 Co-evolution of clusters and networks

The foregoing section demonstrated that the Information Technology and Life Sciences 
industries within the business park of Sophia-Antipolis show a divergent evolution 
path in terms of the emergence and growth of the cluster. Not only has the total growth 
of the number of firms in Information Technology been bigger, from the first half of the 
1990s the growth also has been based increasingly on local spin-offs and high-tech start-
ups, whereas the growth of Life Sciences remained dependent mainly on the growth of 
multinational enterprises. We argue that these differences in the evolution path of spatial 
clustering have implications for the evolution of local networks of collective learning. 
When a cluster emerges and grows, the size and composition of its set of firms is subject 
to change. This has direct implications for the potential for local collective learning and can 
be considered the basic mechanism behind the coupling of cluster dynamics and network 
dynamics into a process of co-evolution. More specifically, two main mechanisms link 
the emergence and growth of a cluster to the evolution of its network of local collective 
learning.

First, the higher the local concentration of inventors active in a certain technology, the 
more opportunities for local collective learning emerge. A local concentration of firms 
doing similar things will facilitate knowledge about each other’s activities and, hence, the 
potential for collective learning at low cost (Malmberg and Maskell 2002). Since the total 
concentration of firms and research institutes is much larger for Information Technology 
than for Life Sciences, we expected a critical mass of agents for collective learning will only 
have been reached in Information Technology and not in Life Sciences (Longhi and Quéré 
1997; Quéré 2007).

Second, the formation of high-tech start-ups and the emergence of spin-off companies 
in the Information Technology sector might contribute to the emergence of a local 
collective learning milieu. Spin-offs and high-tech start-ups tend to maintain linkages 
with the incumbent firm. Since spin-offs inherit capabilities from the incumbent firm 
(Klepper 2002a; Klepper and Sleeper 2005) and – due to myopia (Levinthal and March 
1993; Maskell and Malmberg 2007) – tend to do relatively similar things as the incumbent 
firm – these firms have a potential for collective learning with the incumbent firm and its 
partners right from the start. Furthermore, both high-tech start-ups and spin-off firms are 
signs of the presence of a highly qualified and relatively mobile labour market. Mobility 
of highly qualified personnel across firms is an important channel of unintended, though 
valuable forms of collective learning (Almeida and Kogut 1999). The research institutes in 
Information Technology present on site play a key role in the creation and maintenance of 
this labour market.

Hence, based on the differences in the clustering process of Information Technology 
and Life Sciences industries we expect differences in whether and to what extent collective 
learning practices have emerged in the two main sectors of Sophia-Antipolis. For the 
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Information Technology industry we expect to observe a trend towards the emergence of 
a local collective learning milieu throughout the evolution of Sophia-Antipolis, though 
particularly when the growth regime switched from being mainly externally-driven to 
mainly locally-based in the middle of the 1990s. For the Life Sciences industry we expect 
not to observe any trend towards the emergence of a local collective learning milieu.

6.3.1 Dimensions of collective learning
We assess the network of collective learning in Sophia-Antipolis by looking at 
co-inventorship networks. Co-inventorship networks capture two important dimensions of 
a local network of collective learning. First, a co-inventorship network is a representation 
of the local structure of intended knowledge exchange between individual actors (Ejermo 
and Karlsson 2006). The fact that inventors are mentioned on a single patent document 
is a clear sign of knowledge-intensive team work, irrespective of the fact whether or not 
the inventors worked for the same firm or research institute at the time of invention. 
Second, a co-inventorship network has a strong social connotation. People who have 
worked together on the same innovation project (Breschi and Lissoni 2003) or who have 
worked for the same firm at the same time (Casper 2007) have a social relationship that 
tends to endure over time, even when they move to another firm or even to another region 
(Agrawal et al. 2006). These types of interpersonal networks are considered an important 
channel for the diffusion of technological knowledge (Zander and Kogut 1995; Dahl and 
Pedersen 2004). Breschi and Lissoni (2003) and Singh (2005) demonstrated that the fact 
that knowledge spillovers tend to be localized, is mainly due to the localized nature of social 
networks. The underlying network of co-inventorship relations – interpreted as a social 
network among engineers – could very well explain the localized pattern of patent citations. 
A cohesive network of this kind in a cluster – with indirect relationships between inventors 
in a network – is of utmost importance for knowledge to circulate (Nooteboom and Klein-
Woolthuis 2005) and can be considered a clear sign of the existence of a local collective 
learning milieu.

We will look at four different dimensions of such a network of collective learning. 
Among these we deliberately do not include density. Density is highly sensitive to the 
size of the network and cannot be compared among networks of different size. Almost 
as a rule density will decline for growing networks, since the growth of the number of 
possible links is quadratic when the number of nodes increases linearly. Also path length 
and clustering coefficient are sensitive to size. In contrast to density, however, these can be 
analysed longitudinally by comparing the actual values to the values you would expect in a 
random network of equal size. The four dimensions of collective learning we consider are 
geographical orientation, connectivity, average path length and clustering coefficient.

First, we look at the geographical orientation of the network of inventors. Since 
we include all inventors with whom local inventors have co-invented, our network 
encompasses also all linkages from local inventors to non-local (national or international) 
inventors. Bearing in mind the original international character of the business park we 
expect a strong international orientation in the emergence and early growth stages for 
both sectors. Due to the change from externally-driven to locally-based growth in Sophia-
Antipolis’ Information Technology sector we expect to see an increase in interaction 
between local inventors for this sector only. The propositions are formulated as follows:
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Proposition 1a: In Information Technology the inventor network has become more locally oriented 
throughout the growth of Sophia-Antipolis.

Proposition 1b: In Life Sciences the inventor network has not become more locally oriented 
throughout the growth of Sophia-Antipolis.

Here the focus is primarily on the emergence of local collective learning, although we 
acknowledge that it is extremely important for a cluster to be linked to the outside world as 
well. The importance of local interaction within a cluster should clearly not be overstated 
(Waters and Lawton-Smith 2008). An external gaze to world, bringing codified knowledge 
about scientific discovery and technological advancement in the wider industry, is of utmost 
importance for a cluster and its firms to remain competitive (Amin and Cohendet 1999; 
Asheim and Isaksen 2002).

A second dimension of collective learning is the cohesive nature of the inventor 
network. An integrated network of inventors allows knowledge to flow not only through 
direct linkages, but also through indirect linkages (Nooteboom and Klein-Woolthuis 
2005). Fleming and Frenken (2007) demonstrated for inventor networks in Silicon Valley 
and Boston that through the course of time multiple components in the network joined 
together and formed a giant component. We expect the locally-based growth in Sophia-
Antipolis to lead to increased connectivity in the network in Information Technology, 
whereas we do not expect to observe such a trend in Life Sciences. When looking to the 
evolution of connectivity in a network, we need to acknowledge that fast growing networks 
will find relatively more difficulty to retain a high level of connectivity than a constant 
or slow growing network, due to the fact that the number of potential linkages grows in 
quadratic terms in a linearly growing network. Since Information Technology in Sophia-
Antipolis is characterized by a much higher number of entrants than the Life Science 
sector, the tendency towards more connectivity might be partly counteracted by the growth 
of the network in terms of number of inventors. Casper (2007), however, found in his 
study of the inventor network in the San Diego biotech cluster that connectivity remained 
high, notwithstanding the massive growth of the network. Therefore, we formulate our 
expectations as follows:

Proposition 2a: In Information Technology connectivity of the inventor network has increased 
throughout the growth of Sophia-Antipolis.

Proposition 2b: In Life Sciences connectivity of the inventor network has not increased throughout 
the growth of Sophia-Antipolis.

The third and fourth dimensions of a local collective learning milieu relate to the presence 
of a small world structure (Watts and Strogatz 1998). A small world structure combines 
two network properties that tend to be beneficial for learning: structural holes and social 
capital (Verspagen and Duysters 2004; Cowan et al. 2006). Structural holes, which bridge 
otherwise unconnected or weakly connected parts of a network (Burt 2004), ensure the 
inflow of novel information into the denser parts of the network and are important to avoid 
situations of cognitive lock-in (Glückler 2007). Moreover, the presence of structural holes 
leads to a short average path length between actors in a network, which makes knowledge 
flow easily through a network. Dense local structures with many redundant ties, on the 
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other hand, are generally interpreted as a sign of social capital (Coleman 1988; Walker et al. 
1997). Hence the presence of this type of structures, expressed in a high average clustering 
coefficient, facilitates trust-based and frequent exchange of high-quality information among 
the actors involved. A small world network that combines a high clustering coefficient with 
a short path length then has both advantages of embeddedness and efficiency. Accordingly, 
Fleming et al. (2007a) demonstrated that a regional small world structure positively affects 
regional innovativeness. We view both short path length and high clustering coefficient as 
important characteristics of a collective learning milieu. Thus, we expect to observe a trend 
towards shorter path lengths and increasing clustering coefficients only in Information 
Technology and not in Life Sciences:

Proposition 3a: In Information Technology a trend towards decreasing average path length of the 
inventor network can be observed throughout the growth of Sophia-Antipolis.

Proposition 3b: In Life Sciences a trend towards decreasing average path length of the inventor 
network cannot be observed throughout the growth of Sophia-Antipolis.

Proposition 4a: In Information Technology a trend towards an increasing clustering coefficient of 
the inventor network can be observed throughout the growth of Sophia-Antipolis.

Proposition 4b: In Life Sciences a trend towards an increasing clustering coefficient of the inventor 
network cannot be observed throughout the growth of Sophia-Antipolis.

6.4 Data and methodology

Patent documents have come to be a rich source of information on knowledge production 
and innovation activity. Although it can be easily argued that patents do not capture the 
whole spectrum of innovation activity and therefore patent documents are not the ideal 
sources of information in that respect, the highly detailed information they contain 
provides ample opportunities for studying the geography of innovation activity. For 
instance, patents – which are not equally distributed in space – are widely used in 
economics as a measure of regional knowledge production (Acs et al. 2002). Moreover 
information on patent citations is used for tracing knowledge spillovers across firms and to 
investigate the role of geographical or other forms of proximity in their spatial pattern (Jaffe 
et al. 1993; Breschi and Lissoni 2003).

A relatively new use of patent data is their application to the reconstruction of 
cooperation networks back in time (Breschi and Lissoni 2003; Cantner and Graf 2006). 
In this paper we will use patent data to reconstruct the networks of collective learning in 
which inventors from Sophia-Antipolis have been involved.

6.4.1 Data
We have detected networks on the basis of two different patent sources. We used patents 
from the European Patent Office (EPO) for the period from 1978 till 2002 and American 
(USPTO) patent data from 1975 till 1999 (Hall et al. 2001). The patents have been dated on 
the basis of the application date – as opposed to the granting date – since this date is closest 
to the time the invention was created.
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Both for EPO and USPTO patent data all patents were selected on the basis of the 
inventor address. Taking the inventor address as the selection basis is an appropriate and 
commonly applied method for allocating patents to the geographical location in which the 
innovation has been factually developed, as long as the spatial unit of analysis is not too 
small – i.e. not smaller than a labour-market area. The reason for doing so is that patents 
developed by a subsidiary of a multi-establishment firm generally tend to be assigned to 
the headquarters, which are possibly located in a different region. For Sophia-Antipolis 
we defined the surrounding province of Alpes-Maritimes as its labour market area. As 
Figure 6.3 shows, the patent portfolio of Alpes-Maritimes has always been dominated by 
the Information Technology and Life Sciences sectors, both for EPO and USPTO patents. 
Since these two sectors are mainly concentrated in Sophia-Antipolis, the dominance of 
these sectors in the total number of patents from Alpes-Maritimes justifies the choice of 
this surrounding province as the spatial scale of analysis.

The constructed networks encompass all local actors and the non-local actors they are 
connected to. In that way it is possible to compare the extent to which the cooperation 
takes place purely within the local system with the extent to which the system and its 
actors are opened up to the external world by means of collaboration with actors outside 
the local system. Patents have been allocated to the Information Technology, Life Sciences 
or Miscellaneous categories on the basis of the main technology class mentioned on the 
patent document. For the EPO patents we have used the OST-INPI/FhG-ISI technology 

Figure 6.3: Number of patents and inventors for EPO and USPTO data sources
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nomenclature as developed by Schmoch et al. (2003) to recode the patent IPC technology 
classes into sector codes. Which sectors have been allocated to the IT and Life Sciences 
industries is explained in Appendix 1. For the USPTO patents we have made use of the 
classification as proposed by Hall et al. (2001). The two-digit subcategories that constitute 
the Information Technology and Life Sciences industries are specified in Appendix 2. Both 
for EPO and USPTO patents Information Technology has been broadly defined, including 
also related fields in Electronics like semiconductors.

Figure 6.3 shows the number of patents and inventors in 5-year moving averages for 
each of the data sources. In line with the general trend towards more patenting, these 
figures show a nearly constant increase in the number of patents. Strikingly, the crisis in 
the first half of the 1990s is visible in a decreasing growth rate of the number of patents. 
After this crisis, in the second half of the 1990s, one can observe a strong increase in this 
growth rate. The increased share of IT-patents in the total number of regional patents 
confirms this observation.

6.4.2 Network reconstruction
In inventor networks individual inventors are linked when they have worked together 
on a patent. Hence, the co-inventorship networks are a one-mode projection of a two-
mode (or bipartite) network between patents and inventors. Inventor-level networks 
have been generated in two different ways. The two methods differ from each other in 
the assumptions they make about how long links between inventors persist. This kind 
of assumption needs to be made, since no information on the dissolution of links can be 
extracted from patent data.

In the first procedure, we have built networks using a 5-year moving window procedure. 
This implies that a network of a particular year contains all co-inventorship linkages of this 
and the preceding four years. We used the networks that have been generated in this way 
to plot trends in terms of geographical orientation and fragmentation in the network. The 
second procedure concerns a cumulative network over the complete period of investigation. 
The assumption here is that social links between inventors persist over time (Agrawal et 
al. 2006), although it needs to be acknowledged that people might exit the region or the 
industry. Whereas the networks generated by the five-year moving window procedure 
could be considered more as an approximation of structure of the existent interpersonal 
knowledge flows and acts of cooperation in a region (Ejermo and Karlsson 2006), the 
cumulative inventor network is more an indication of the ever growing underlying social 
network that potentially functions as a network through which relevant innovation-related 
knowledge flows (Breschi and Lissoni 2003). Hence, we will use the five-year moving 
window procedure for the analysis of the cooperative structure of collective learning, 
whereas we use the cumulative inventor network for the analysis of small world properties.

We acknowledge that patents are not the ideal source of information for studying 
innovation activity or cooperation networks. They do not provide the complete network 
of cooperation in which the firms of Sophia-Antipolis have been involved. Cooperation 
activity that did not lead to a patent is not captured by the methodology. This implies, for 
instance, that more informal collaborations as well as unsuccessful collaborations are 
neglected. More importantly, Information Technology firms differ in their tendency to 
protect their innovations by patents. Especially software producers have a relatively low 
tendency to patent (Bessen and Hunt 2007) and consequently will be underrepresented 
in the constructed networks. The fact that small firms and research institutes tend to be 
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underrepresented in patents is largely compensated for by looking at the network of 
inventors as opposed to a network of applicants. Patents in which inventors from smaller 
firms or research institutes have been involved will often be possessed exclusively by large 
firms that have either bought the patent or were involved as a cooperation partner. The 
inventors of the small firms or research institutes that have been involved will nevertheless 
be put forward on the patent document.

6.4.3 Four dimensions of network evolution
As explained before, the evolution of the inventor networks in Sophia-Antipolis and the 
emergence of collective learning practices are assessed along four different dimensions of 
network structure. Each of these dimensions has been expressed in a separate proposition 
for both industries.

The first dimension is the geographical orientation of inventors in the network. Both the 
EPO and USPTO networks encompass all local inventors and all non-local inventors with 
whom they are linked. Therefore we distinguish network relationships at three different 
spatial scales: local-local, local-national and local-international interaction.

The second dimension relates to the connectivity – or inversely the fragmentation – 
of the networks. As Giuliani (2007b) showed it should not be assumed beforehand that 
knowledge networks in clusters are pervasive. Network fragmentation can be measured in 
various ways. First, we will use the fragmentation index. This is defined as the proportion 
of nodes in the network that cannot reach other. This is the case when two nodes belong to 
different components. Another measure of connectivity is the share of the network’s main 
component or largest components in terms of number of nodes (see also Cantner and Graf 
2006; Casper 2007; Fleming and Frenken 2007). We will use the fragmentation index and 
the share of the main component for the 5-year moving window networks.

The third dimension is average path length. This measure is plotted for the Main 
Component of the cumulative inventor network. Generally an average path length that is 
similar to the value that could be expected in a random network of the same size is taken as 
an indicator of small world properties (Watts and Strogatz 1998). Therefore we calculated 
the Path Length ratio that indicates to what extent the observed path length differs from the 
value you would expect to observe when the network is random.

The Path Length ratio is the average path length in the actual network over the expected 
path length in a random network of equal size. The more the PL-ratio approximates 1.0 
(path length as short as in a random network), the stronger the small world nature of the 
network (Uzzi and Spiro 2005). The actual path length is calculated as the average of the 
geodesic distance between all dyads in the network. In order to calculate the expected 
path length in a random network, we need to take the bipartite (two-mode) nature of our 
network into account. Instead of using the average degree and the number of nodes in the 
network for calculating the path length in the random network (as one would do in a one-
mode network), we take into consideration the number of inventors per patent (m) and the 
number of patents per inventor (n). For a one-mode projection of a two-mode network, 
such as the cumulative inventor network, the Path Length Ratio can be calculated as follows 
(Newman et al. 2001):
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d(ni,ni) = geodesic distance between node i and j
N = number of nodes (inventors) in the network
m = average number of inventors per patent
v = average number of patents per inventor

A high clustering coefficient is the fourth dimension of the network of collective learning 
that is considered. The CC ratio compares the actual clustering coefficient to the expected 
clustering coefficient of a random network of the same size. The further this ratio exceeds 
1.0, the more the network is of a small world nature (Uzzi and Spiro 2005). Again, the 
bipartite nature of the inventor network has implications for the way in which the actual 
and expected values of the clustering coefficient are calculated. Since all inventors that 
have worked together on a patent form a fully connected clique, the clustering coefficient 
is intrinsically much higher than in a one-mode network. Hence, calculating the average 
clustering coefficient, defined as the extent to which the alters of a node are connected 
among them, results in very high values. An alternative way of calculating the actual 
clustering coefficient is taking the number of closed triangles (completely connected 
triads) over the number of ‘potential’ triangles (a set of three nodes connected by at least 
two links). Similar to the expected random path length, the random clustering coefficient 
takes the average number of inventors per patent (m) and the average number of patents per 
inventor (n) into account. It is assumed that both m and n follow a Poisson-distribution. The 
formulas for calculating the actual and random clustering coefficient and the CC ratio are 
as follows (Newman et al. 2001): 

M = Number of patents
N = number of inventors
m = average number of inventors per patent
v = average number of patents per inventor
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6.5 Results

In Section 6.2 we formulated propositions for the four different dimensions of collective 
learning: geographical orientation, connectivity, average path length and clustering 
coefficient. In synthesis, we expected to observe a trend towards more local-local 
interaction, stronger connectivity, shorter path length and higher clustering coefficient for 
Sophia-Antipolis’ Information Technology sector. We expected not to observe these trends 
of the emergence of a local collective learning milieu in Life Sciences.

6.5.1 Geographical orientation
As expected, marked differences can be observed in the geographical orientation of the 
Information Technology and Life Sciences inventor networks (see Figure 6.4). In the IT 
industry the number of links is increasing very strongly. The increase takes place at similar 
rates for all spatial scales, at a relatively constant rate over time. Hence, local interactive 
learning is increasing, though certainly not at the expense of interaction at higher spatial 
scales. Although local collective learning has increased, Sophia-Antipolis’ Information 
Technology industry is still characterized by a strong connection to the outside world, with 
the extent of local-international interaction strongly increasing from the middle of the 
1990s onwards. Hence, we only find moderate support for proposition 1a.

The Life Sciences industry shows a different picture. Most striking is the relative limited 
total number of links and its moderate growth rate over time. Even when compensating for 
the lower total number of patents, the total amount of inventor interaction is substantially 
lower than in Information Technology (Figure 6.5). Similar to Information Technology we 
observe a trend towards more international interaction from the middle of the 1990s. In 
contrast to this industry, the increase in nationally and internationally oriented interaction 
reduces the share of local interaction, particularly in the EPO-based network. Therefore we 
find strong support for proposition 1b, since no trend towards more local interaction can be 
observed.

6.5.2 Connectivity
Connectivity has been plotted in two main ways. First, the fragmentation index measures 
the proportion of nodes that cannot reach each other. The second measure is the share 
of the Main Component and the Top-5 components in the total number of nodes in the 
network.

The fragmentation index is high for both industries. For Information Technology we 
observe an increased connectivity – i.e. a declining fragmentation index and an increase 
share of the Main Component – at the turn of the 1980s and 1990s (Figure 6.6). A closer 
look to the patents of this period reveals that the dominance of large firms (like Texas 
Instruments and IBM) in the total numbers was relatively high in these years. Through the 
course of the 1990s we see a strong decrease in connectivity. This decrease is related to the 
growth of the network in terms of inventors (and the exponential growth of the number of 
dyads), which makes it more difficult to retain high levels of connectivity. However, unlike 
the network of the San Diego Biotech cluster studied by Casper (2007), the connectivity 
of the IT inventor network in Sophia-Antipolis cannot keep pace with its strong growth 
in these years. Hence, we do not find support for hypothesis 2a. The inventor network in 
Life Science shows very constant levels of connectivity through time, both in the EPO- and 
USPTO-based networks. Although the inventor network in Life Science grows slightly over 
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Figure 6.4: Evolution of geographical orientation of actors in Sophia-Antipolis in terms of 
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Figure 6.5: Number of links per inventor
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Figure 6.6: Evolution of connectivity of the inventor network in Sophia-Antipolis
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time, and hence it is difficult to prevent a decline in connectivity, a trend towards increasing 
connectivity definitely cannot be observed. Hence, we support proposition 2b.

6.5.3 Path Length
We expected to observe a trend towards shorter average path length (as compared to the 
value of a random network of equal size) and towards a higher clustering coefficient (as 
compared to a random network with equal number of patents per inventor and inventors 
per patent). Figure 6.7 shows the Path Length Ratio and Clustering Coefficient Ratio for 
main components of the EPO inventor networks in both industries. The Ratios are reported 
as soon as the Main Component’s size exceeds 30.

The more the PL-ratio approximates 1.0, the easier knowledge flows through the 
network and the more the network evolves towards a small world structure. In Information 
Technology there is a clear trend towards shorter path lengths. Hence, the core of inventors 
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Figure 6.7: Evolution of PL- and CC-ratio in the inventor network in Sophia-Antipolis 
EPO patent data – 5-year moving window procedure. 
Lines are plotted for the Main Components, starting from MCs of more than 30 nodes
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in Information Technology gets a more coherent and efficient structure of interaction 
over time, with a sufficient level of structural holes. In Life Science the opposite trend can 
be observed: the PL-ratio moves away from 1.0 over time. No trend towards a coherent 
structure of core inventors can be observed. Thus we find strong support for propositions 
3a and 3b.

6.5.4 Clustering coefficient
The CC-ratio shows a different picture. The observed clustering coefficients – for both 
industries – are much lower than could have been expected in random bipartite networks 
of the same size. This implies that within-team clustering is high – due to the two-mode 
nature of the network in which all inventors on a patent form a clique in the network – 
whereas between-team clustering is lower than could have been expected in a random 
network (Uzzi et al. 2007). Hence, there is no trend towards a small world structure 
in terms of clustering coefficients. Therefore, eventually we do not find support for 
proposition 4a and full support for proposition 4b.

In synthesis, we observe marked differences between the inventor networks in 
Information Technology and Life Sciences in Sophia-Antipolis. Whereas a local collective 
learning milieu has evidently always been non-existent in Life Science, we observe a 
slight trend towards the emergence of a local collective learning milieu in Information 
Technology. Particularly, the sheer increase in local-local inventor interaction and the 
decrease in path length ratio are apparent. These findings are in line with Krafft (2004), 
who observed that the cyclical downturn the Information Technology industry experienced 
at the turn of the century did not affect the firm population in Sophia-Antipolis. Whereas at 
the national level of France a clear shake-out pattern of Information Technology companies 
could be observed, the number of Information Technology companies in Sophia-Antipolis 
continued to grow, though at a slightly lower pace. This development could be a sign of 
well-functioning local knowledge dynamics that positively affect the performance and 
survival of the firms involved (Krafft 2004).

6.6 Conclusion

Starting from the observation in the literature (e.g. Giuliani 2007b) that clusters do not 
necessarily exhibit a cohesive local network of collective learning, this paper addresses the 
question under which conditions these networks emerge within clusters. We aim to shed 
light on the question how differences in the evolution path of spatial clustering can have 
implications for the evolution of local networks of collective learning. In order to do so, 
we carried out a longitudinal case study of the cluster of Sophia-Antipolis at the French 
Côte-d’Azur in which we reconstructed the co-evolution of spatial clustering and networks 
of collective learning.

Sophia-Antipolis is one of the archetypes of successful European high-tech clusters that 
to a large extent have been created artificially. Through the course of time the business 
park has progressively specialized towards Information Technology and, to a lesser extent, 
Life Sciences. Whereas the growth of firms in the Information Technology industry has 
become stronger based on local spin-offs and high-tech start-ups from the early 1990s, the 
Life Sciences sector in Sophia-Antipolis does not grow any longer and is still dominated by 
relatively large subsidiaries of international firms. Due to the fact that nowadays IT firms 
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are more numerous and the sector comprises more spin-off and high-tech start-up firms 
than the Life Sciences sector, we expected a local collective learning milieu to have emerged 
only in Information Technology.

On the basis of USPTO and EPO patent data we reconstructed inventor networks from 
Sophia-Antipolis’ emergence in the late 1970s till 2002 for both Information Technology 
and Life Sciences. In Information Technology a slight trend towards the emergence of 
collective learning could be observed. Local-local inventor interaction increased massively 
over time, though not at the expense of interaction at higher spatial scales. Furthermore 
the inventor network got more coherent with the average path length – as compared to 
the path length in a random network of equal size – decreasing over time. However, the 
connectivity of the network declined over time due to the high number of entrants in the 
network and the clustering coefficient of the network has always been lower than in a 
random network of equal size. As expected, in Life Science no trend towards the emergence 
of a local collective learning milieu could be observed. The inventor network has always 
been very outward oriented, highly fragmented, with long path lengths and low clustering 
coefficients.

These outcomes have two important implications. First, the outcomes of this study 
suggest that the extent to and the way in which firms get concentrated locally highly 
affect the structure of the local inventor network in a cluster. The local concentration of 
Life Sciences firms did not lead to detectable forms of local collective learning within 
this industry. In Information Technology, on the other hand, local collective learning is 
increasingly taking place. The bigger total concentration of firms and the locally-based 
nature of its growth in more recent years have apparently been necessary conditions for 
local collective learning to emerge. Hence, the study demonstrates that geographical 
proximity is not a sufficient condition for local collective learning to take place.

Second, this study indicates that the emergence of a local collective learning milieu is 
a very incremental and long-lasting process, which in the case of Sophia-Antipolis has 
taken about 20 years. In Information Technology local collective learning practices have 
emerged only since the growth regime changed from the being the result of newly arriving 
foreign multinationals to a growth mainly based on local spin-offs and high-tech start-ups 
in the early 1990s. And even then it seems that the potential for local collective learning in 
‘Telecom Valley’ is still far from being exhausted.
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7
The dynamics of the inventor network in German 

biotechnology: geographical proximity versus triadic closure

7.1 Introduction

Nowadays, biotechnology is a very popular object of study in a variety of disciplines. 
Economists and management scientists are interested in the way in which innovations 
come to existence predominantly through joint efforts of firms in the field (e.g. Powell 
et al. 1996; Owen-Smith and Powell 2004; Gay and Dousset 2005; Roijakkers and 
Hagedoorn 2006). Most firms rely on collaborative action with other firms and scientific 
actors for developing innovations due to the costly, time-intensive and science-based 
nature of innovation search activity and its unpredictable ex-ante outcomes. This makes 
biotechnology an ideal case for studying inventor networks and its dynamics over time.

The biotechnology sector also attracted close attention of geographers and regional 
economists (Prevezer 1997; Zeller 2001; Lemarié et al. 2001). In many countries all over 
the world biotechnology firms tend to be spatially concentrated in a limited number of 
regions. To give just two examples: in the biotechnology industry in the United Kingdom 
firms are agglomerated mainly in the Cambridge area; in the United States biotech can 
mostly be found in California and around Boston. This makes biotechnology an ideal case 
for studying spatial clustering.

The observation that most high-tech industries, including biotechnology, show a 
marked and uneven spatial configuration does hardly receive any attention from network 
researchers. The emerging literature on the dynamics of knowledge networks (e.g. Gulati 
1995; Ahuja 2000a; Powell et al. 2005; Orsenigo et al. 2001), tends to neglect the potential 
role of geographical proximity in network formation. This paper aims to introduce a spatial 
component in the dynamic analysis of inventor networks. We argue that the importance 
of geographical proximity for network formation will change as a technology experiences a 
shift from exploration to exploitation. On the contrary, we expect the mechanism of triadic 
closure – leading to the formation of cliques in the network – to increase when knowledge 
exploitation becomes more important.

Thus far, we are unaware of any systematic research that has tested the effects of 
geographical proximity and triadic closure on the spatial evolution of inventor networks. 
Taking biotechnology in Germany between 1970 and 1995 as an example of a spatially 
agglomerated high-tech industry, we aim to find out to what extent geographical proximity, 
on the one hand, and triadic closure, on the other hand, act as driving forces in the 
network’s dynamics. We reconstruct the spatial dynamics of the inventor network on the 
basis of USPTO patent data. Subsequently, on the basis of simulation-based stochastic 
estimation models (Snijders 2001) we test empirically whether these mechanisms have 
played a significant role and whether their effect on network dynamics has changed over 
time.

The next section briefly introduces the specific context of the biotechnology industry 
as a science-based and knowledge-intensive industry that recently has experienced a shift 
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from a long-lasting phase of knowledge exploration into increasing knowledge exploitation. 
Section 7.3, then, reviews the existing literature on geographical proximity and network 
dynamics. It formulates hypotheses on the role of geographical proximity and triadic 
closure in the dynamics of the inventor network in German biotechnology. Subsequently, 
Section 7.4 describes how the spatial dynamics of the inventor network are reconstructed 
on the basis of USPTO patent data. The empirical analysis on the role of geographical 
proximity and triadic closure is then performed in two steps. First, Section 7.5 conducts 
univariate analyses that empirically demonstrate the individual roles of geographical 
proximity and triadic closure. Second, in Section 7.6 stochastic simulation modelling 
is applied in order to estimate parameters for various forces of network change in a 
multivariate analysis. Section 7.7 concludes.

7.2 Exploration and exploitation in biotechnology

Biotechnology can be considered an archetypical science-based industry (Pavitt 1984; 
Tamada et al. 2006). Today’s commercial applications in the field – ranging from medical 
drugs and food-processing to chemical substances – heavily rely on relatively recent 
scientific advancements in molecular and cellular biology (Powell et al. 1996). The origins 
of the field of biotechnology as we know it today date back to the discovery of the double 
helix structure of DNA in the 1950s and the subsequent discoveries of recombinant 
DNA and monoclonal antibody technology in the 1970s. In the 1980s scientists booked 
considerable progress in the development of genetic engineering (Liebeskind et al. 1996).

These new scientific discoveries had an enormous technological potential in various 
industries, though particularly in the pharmaceutical industry. Until the 1960s the 
knowledge base of the pharmaceutical industry had been dominated by organic chemistry 
(Gilsing and Nooteboom 2006) and drug development and food processing were largely 
based on random screening and trial and error practices (Gambardella 1995). In Germany 
large pharmaceutical companies like BASF, Bayer, and Hoechst prospered in this period 
(Lehrer 2005). The revolutionary discoveries in biotechnology had a strong competence-
destroying effect on the pharmaceutical industry, enabling a more rational approach 
to the development of new chemical substances and drug design (Powell et al. 1996). In 
the words of Nooteboom and Gilsing (2006): the pharmaceutical industry moved from 
knowledge exploitation on the basis of organic chemistry into a phase of knowledge 
exploration on the basis of molecular biology and genetic engineering.

Initially, in the late 1970s and 1980s small biotech firms, generally referred to as 
Dedicated Biotech Firms (DBFs), played a dominant role in the development of the 
biotechnology industry (Audretsch 2001; Powell et al. 2005). These small firms were 
largely university spin-offs and stood in close connection to academic research laboratories 
(Zucker et al. 1998; Lehrer 2005). The small firms specialized in biotechnology research 
and the development of applications in products and techniques with potential commercial 
value. However, they lacked the resources for extensive clinical tests and complex regulatory 
approval procedures (Gilsing and Nooteboom 2006). From the mid-1980s onwards large 
established pharmaceutical firms started to take their role here in giving financial support 
to DBFs, developing new technologies into safe and effective products and bringing 
them to the market (Audretsch 2001). This makes the emergence of biotechnology 
an ‘unusual case of competence destruction’ (Powell et al. 1996, p. 124); those large 
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pharmaceutical companies from the era of organic chemistry that successfully adapted 
to the ‘biotechnology revolution’ could retain dominant positions in the industry (Gilsing 
and Nooteboom 2006). Although in Germany large companies like BASF and Boehringer 
Mannheim entered the field of biotechnology rather late, large investments in research 
and development secured they could catch up and could maintain leading positions next to 
newly emerging DBFs (Krauss and Stahlecker 2001).

It is the distinct division of labour between established pharmaceutical firms, DBFs, 
and universities that gives the biotechnology field its collaborative nature (McKelvey 1997). 
As Powell et al. (1996, p. 118) note: “Sources of innovation do not reside exclusively inside 
firms; instead, they are commonly found in the interstices between firms, universities, research 
laboratories, suppliers, and customers”. Here, DBFs act as intermediaries between scientists 
and established firms (Liebeskind et al. 1996). In addition, Roijakkers and Hagedoorn 
(2006) found that in strategic alliance networks small biotechnology firms form the bridge 
between established pharmaceutical companies that otherwise would be unconnected.

The increased role of large pharmaceutical companies spurred a transition from 
exploration to exploitation in the biotechnology industry. After extensive clinical testing and 
long approval procedures the first biotechnology products reached the market in the late 
1980s and early 1990s (Audretsch 2001). The transition from exploration to exploitation 
in biotechnology can be described on the basis of two main changes in its technological 
regime (Malerba and Orsenigo 1997).

First, there has been a shift from a predominantly generic knowledge base to a more 
specialized knowledge base. Initially, the biotechnology industry was characterized by 
a high level of technological uncertainty, typical for the exploration stage of an emerging 
technology (March 1991). The uncertainty made it difficult to judge the commercial value of 
new scientific developments and to develop industrial applications (Liebeskind et al. 1996). 
Along these lines, Nesta and Saviotti (2005) find that in the 1980s knowledge diversity was 
driving innovation in biotechnology, whereas knowledge integration was a more important 
determinant of innovative activity in the 1990s. Knowledge integration – expressed as a 
measure of the coherence of the technologies a firm holds – has become an increasingly 
important determinant of the market value of biotech firms from the early 1990s onwards. 
They argue that this development signals a starting exploitation stage in the technology that 
follows a long-lasting phase of knowledge exploration (Nesta and Saviotti 2006). Similarly, 
Audretsch (2001) notes that from the late 1980s onwards large experienced pharmaceutical 
firms replaced their broad learning strategies of the exploration phase to a more focused 
approach targeting specific technologies and applications.

A second and related development has been a shift from a very tacit knowledge base 
to a more codified one. This development is illustrated by what is often referred to as the 
second biotechnology revolution (Gambardella 1995). From the late 1980s onwards the 
combination of new genetic engineering techniques and existing insights from molecular 
biology were increasingly used “as a research tool to enhance the speed and efficiency of 
the discovery process of new drugs” (Gilsing and Nooteboom 2006, p. 8). In this light, 
Rothaermel and Thursby (2007) note that the knowledge involved in these new methods 
– such as automatic gene sequencing – became increasingly codified in commercially 
available documents and instrumentation. This increased codification of the technology’s 
knowledge base implies a decreased ability to control knowledge flows and, hence, a greater 
risk of unintended knowledge spillovers, and imitation by competing firms (Gilsing and 
Nooteboom 2006; García-Muiña et al. 2009). This increased risk is reflected in intense 
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competition for patentable know-how. As Liebeskind et al. (1996, p. 429) note, strict 
property right regimes make that “only firms that are the first to discover a process or product 
can reap any financial rewards from it”.

7.3 The dynamics of an inventor network

The previous section has demonstrated that biotechnology has gradually shifted from a 
long-lasting exploration stage from the early 1970s onwards into an exploitation stage 
around the edge of the 1980s and 1990s. We argue that this change, expressed in a more 
specialized and more codified knowledge base, has implications for the spatial dynamics of 
the industry’s inventor network.

We distinguish network structural effects and attribute-related effects (Snijders 2001). 
Structural effects in network dynamics only depend on the prior structure of the network. 
Actors decide to create or dissolve links on the basis of the existing structure of the network 
and the position of the actors within it. In undirected networks such endogenous drivers of 
network dynamics include, for instance, preferential attachment and triadic closure. In this 
study we focus on triadic closure8. This can be defined as the tendency of new links to be 
formed between the direct network neighbours of a node, resulting in closed triangles in 
the network (Davis 1970).

Attribute-related effects, by contrast, depend on the network actors’ characteristics. 
Social comparison theory in sociology argues that actors base their choices with whom to 
connect on the characteristics of alters in comparison to theirs (Festinger 1954). We claim 
that the German biotechnology inventor network will not only evolve through endogenous 
forces that are purely dependent on prior network structures, but that the geographical 
attributes of the nodes play a role in this dynamic process as well. Hence, the analysis of 
network dynamics also includes exogenous mechanisms of network change, which in the 
context of this study are inextricably linked to the underlying geographical structure of 
the technological field. This section provides our theoretical expectations concerning the 
changing role of geographical proximity and triadic closure in the dynamics of the German 
biotechnology inventor network.

7.3.1 Geographical proximity
Economic geography and regional science have an established tradition of studying spatial 
clustering and the role of geographical proximity for innovation. Various studies point 
towards the positive effect of a firm’s location in a cluster on its innovative performance 
(e.g. Baptista and Swann 1998). Particularly high-tech industries show a strong tendency 
to cluster in space (Audretsch and Feldman 1996a). Concerning biotechnology Lemarié 

8  Various studies indicate that preferential attachment also applies to innovation networks at the inter-firm 

level (e.g. Gay and Dousset 2005; Powell et al. 2005). However, we argue that preferential attachment 

does not apply to networks at the individual inventor level. There is a strong upper limit to the number 

of direct collaborations an inventor can or wants to engage in. This is supported by the data. The patent-

based inventor network in German biotech does not exhibit scale-free properties at any point in time. 

Furthermore, for those cases in which newcomers connect to incumbent inventors there is no statistically 

significant association between the incumbent inventor’s degree and the number of attracted new links 

from newcomers. 
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et al. (2001) observe that the creation of new biotech firms in France is strongly localized. 
Similarly, Zeller (2001) notes that the pattern of biotech firms in Germany is highly 
unequal and concentrated in a limited number of regions only.

The theoretical foundation of the cluster concept was laid by the economist Alfred 
Marshall at the end of the 19th century. He identified three major advantages firms can reap 
through their location in a cluster with similar firms. First, firms have access to a localized 
pool of specialized labour. Second, the firms benefit from the presence of specialized 
suppliers that are attracted by the concentration of their client firms. Third, the firms 
take advantage of knowledge externalities; they have access to knowledge that exclusively 
circulates within the boundaries of the cluster. This latter advantage is of particular 
relevance to high-tech industries, where timely access to knowledge on recent technological 
developments and scientific progress is a key competitive advantage.

Various case studies of industrial districts, innovative milieus, and regional innovation 
systems have highlighted the importance of local collective learning practices and local 
knowledge exchange between firms for the competitiveness of clusters and its constituent 
firms (e.g. Asheim 1996). Consequently, networks have come to play a key role in the 
explanation of the strength of clusters. Traditionally, firms in clusters were argued to have 
full and unique access to the knowledge that resides in these local knowledge networks. 
More recently, however, the mapping of local networks in clusters through the application 
of social network analysis techniques has provided the insight that networks are neither 
homogeneously spread across clusters (Giuliani 2007b), nor are confined to the clusters’ 
boundaries (Morrison 2008, see also Chapter 3). Following this earlier work at the interface 
between clusters and networks, we conceive clusters and networks as separate entities. The 
presence of an extensive and cohesive network of knowledge exchange within clusters – 
encompassing all local firms – cannot be assumed beforehand. Not only do some firms in 
clusters act isolated from local networks, some firms outside clusters are in fact connected 
to these networks through non-local linkages. Hence, geographical proximity is neither a 
sufficient, nor a necessary condition for links in inventor networks to exist (Rallet and Torre 
1999; Boschma 2005a). As a consequence, the pattern of spatial clustering in an industry 
and the network in which its actors interact are two separate entities that do not necessarily 
show overlap, let alone completely coincide.

This is not to say that geographical proximity does not affect the formation of inventor 
networks in any way. Network relations are more easily established and maintained at 
short distance than at large distance. Hence, one expects network relationships to be more 
common over short distances (Maggioni et al. 2007; Hoekman et al. 2009). In other words, 
geographical proximity is a dyadic – or pair wise – node attribute that might affect the 
evolution of the network. Therefore, we formulate the first hypothesis as follows:

Hypothesis 1a: Geographical proximity between inventors positively affects the probability they get 
connected in the inventor network.

The extent to which geographical proximity matters for network formation will be 
dependent on the nature of the knowledge base. Audretsch and Feldman (1996a) argue 
that in the exploratory stages of a new technology, when knowledge tends to be highly 
tacit, firms and individuals benefit most from geographical proximity. Tacit knowledge, 
strongly embedded in human capital, is most easily exchanged through repeated face-to-
face interaction or the mobility of people, which both in turn are easier and more frequent 



| 114 |

at short geographical distances (Zander and Kogut 1995; Moodysson and Jonsson 2007; 
Torre 2008). When an industry grows and matures, knowledge gets more codified and 
is, hence, more easily transferable over larger distances (Cowan et al. 2004). This is why 
Audretsch and Feldman (1996a) expect geographical proximity among firms will become 
less important to the performance of firms in later – exploitative – stages of the industry 
life cycle. According to this line of reasoning we expect the distance over which inventors 
collaborate in German biotechnology to increase over time. To be more precise, we expect 
the importance of geographical proximity as a driver of network dynamics to decline, as 
biotechnology moves from exploration to exploitation. Therefore, hypothesis 1b is stated as 
follows:

Hypothesis 1b: The effect of geographical proximity as a driver of network dynamics declines over 
time, as biotechnology experiences a shift from knowledge exploration to increasing knowledge 
exploitation.

7.3.2 Triadic closure
A structural force in network dynamics is triadic closure. Closure describes the tendency 
that partners of partners become partners among themselves, resulting in the formation of 
closed triads in the network (Davis 1970). At the dyad level this implies that prior indirect 
ties – at geodesic distance two – turn into direct ties. The fundament of the mechanism 
is the tertius iungens or the ‘third who joins’, “connecting people in one’s social network by 
either introducing disconnected individuals or facilitating new coordination between connected 
individuals” (Obstfeld 2005, p. 102).

A tendency towards closure produces dense cliques of strongly interconnected actors in 
the network (Skvoretz 1991). In sociological research the presence of cliques is generally 
interpreted as a sign of social capital (Coleman 1988; Kilduff and Tsai 2003). Closed 
social structures tend to promote greater trust among individuals (Uzzi 1997). Groups of 
strongly interconnected actors – with a large number of redundant ties – generally show a 
high level of mutual trust (Walker et al. 1997; Buskens 2002). In this regard, Reagans and 
McEvily (2003) demonstrate that strong social cohesion around a relationship reinforces 
the willingness and motivation to invest time, energy and effort in sharing knowledge with 
others. Consequently, trust in dense parts of the network facilitate intensive exchange of 
complex or sensitive knowledge (Zaheer and Bell 2005). Therefore, we expect that two 
inventors that have a common partner have a higher probability to get connected than 
those that do not have a common partner:

Hypothesis 2a: Having a collaboration partner in common positively affects the probability two 
inventors get connected in the inventor network.

In contrast to closed triangles, open structures like structural holes are generally associated 
to higher levels of creativity (Fleming et al. 2007b). In case the link that closes a triad is 
missing, there is a structural hole in the network (Burt 2004). Defined as such, a tendency 
towards the formation of structural holes is the inverse effect of triadic closure. The node 
that acts as the bridge between the other two nodes has an information-rich position 
with access to a variety of information, stemming from two distinct sources that do not 
communicate with each other. Various network studies show that structural holes have a 
positive influence on innovation (e.g. Ahuja 2000a; Zaheer and Bell 2005), but the overall 
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evidence whether it is structural holes or closure that matters for creativity and innovation 
is far from clear-cut. In a study on inventor-level collaboration Fleming et al. (2007b) find 
that structural holes are indeed positively associated to creativity and innovation. However, 
they also find that cohesive structures tend to promote innovation in case one of the 
collaboration partners bring broad experience into the collaboration, has recently worked 
for multiple organizations, or works with external colleagues. In that way, the input of 
diverse knowledge into the collaboration that is generally associated to structural holes is 
captured by differences in the experience of the inventors, whereas the increased levels of 
trust associated to closure are maintained.

Shifting the level of analysis to the industry, we argue that the importance of triadic 
closure increases when a technological field shifts from exploration to exploitation. At 
this transition, the necessity of trust for collaboration increases. The increased level of 
codification that typically accompanies knowledge exploitation has serious implications 
in terms of the appropriability of knowledge. The risk of involuntary knowledge spillovers 
increase with the level of codification (Saviotti 1998). Such unintended knowledge 
spillovers come at a high cost in high-tech fields like biotechnology, where it matters to be 
the first to bring new industrial applications to the market and strict patent regimes ensure 
the first-mover to reap the benefit associated to them (Liebeskind et al. 1996). However, 
notwithstanding the fact that patents legally protect the innovation, they do by no means 
cancel out the risk of involuntary knowledge spillovers. In actual fact, the codification of 
the new knowledge embodied in the innovation by means of a detailed description on the 
patent facilitates the use of that knowledge by others, albeit in a slightly modified form.

In situations of high risk and high cost of opportunistic behaviour, organizations have 
a clear preference to form embedded ties, which may result in network closure (Gargiulo 
and Benassi 2000). Closed network structures act as a “repository of information on the 
availability, competencies, and reliability of prospective partners” (Gulati and Gargiulo 1999, 
p. 1440) and, as such, reduce search costs and the risk of opportunistic behaviour. In 
the context of US venture capital networks Sorenson and Stuart (2008) find that, when 
higher risks are at stake, actors will be inclined to form network relationships with 
socially proximate individuals. Beckman et al. (2004) argue that in a situation of strong 
market uncertainty at the (early) exploitation stage, for instance concerning consumer 
preferences, the need for trust is high. Consistent with this line of reasoning, Vanhaverbeke 
et al. (forthcoming) find that the presence of redundant network relationships has a 
positive effect on knowledge exploitation, and not on the exploration of new technological 
knowledge. Consequently, we expect network closure to become increasingly important in 
the German biotechnology inventor network:

Hypothesis 2b: The effect of triadic closure as a driver of network dynamics increases over time, as 
biotechnology experiences a shift from knowledge exploration to increasing knowledge exploitation.

7.4 Data

The empirical analysis is based on patent data. Patent data are increasingly used in 
scientific research as relational data (Breschi and Lissoni 2004). We used patent data to 
reconstruct inventor networks in retrospection. Biotech firms have always exhibited 
a strong tendency to protect their innovations through patents (Blind et al. 2006). Strict 
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property right regimes are in place to ensure innovators to reap the financial benefits 
that are connected to their costly discoveries (Liebeskind et al. 1996). This makes patent 
data a reliable source of longitudinal data on innovation for this sector. We use American 
patent data from the US Patent and Trademark Office (USPTO). Since the US is the largest 
market for industrial applications in biotechnology (Powell et al. 1996) and many German 
biotechnology firms have R&D facilities in the US (Krauss and Stahlecker 2001), it is 
common practice for German biotech firms to apply for patents at USPTO.

The source of the patent data is the publicly available NBER Patent Citations Data File 
(Hall et al. 2001). These data contain all USPTO patents with granting dates ranging from 
1963 till 1999. We use the application date for dating patents, since this date is closest to 
the time of invention. All patents with application year 1996 or later have been excluded 
from the dataset; not all patents applied for in these years were granted before 1999. 
Due to this time lag the patent dataset does not provide a full picture of patent activity for 
these years. We did not add patent data from other sources in order to avoid compatibility 
problems across data sources.

Figure 7.1: Number of patents, inventors and co-invention links 
Figures based on a 5-year moving window procedure

0

1

2

3

4

1965 1975 1985 1995

Number of inventors per patent (µ)

Number of patents per inventor (v)

0

1000

2000

3000

1965 1975 1985 1995

Number of patents

Number of inventors

Number of links

75
76



| 117 | 

The dataset contains information at three different levels: characteristics of the 
patent itself, of the patent holder (the assignee or applicant) and of the people that have 
been involved into its realization (the inventors). Since the inventor-level database 
starts from 1974, the information on inventors for the years 1963-1974 has been added 
manually from the USPTO website’s Patent Full-Text Database. All patent data have been 
checked thoroughly on obvious typing errors in the inventors’ names. This is crucial for 
reconstructing the networks in the software package UCINET (Borgatti et al. 2002), in 
which the linking algorithm is based on unique inventor names.

We selected all patents in subcategory 33 (biotechnology, as defined by Hall et al. 
2001), which encompasses the USPTO-defined patent classes 435 (molecular biology and 
microbiology) and 800 (multicellular living organisms and parts thereof). From this subset 
of patents we retrieved all patent data with at least one inventor resident in Germany. In the 
dataset each of the inventors on a patent was listed separately, making the ‘patent-inventor-
combination’ (PIC) the unit of analysis.

Foreign inventors that co-occurred with German inventors on a patent were excluded 
from the database. Since the information on their co-invention linkages to other foreign 
inventors is lacking, we disregard co-invention linkages to foreigners and limit the spatial 
scale of analysis to German-based inventors. For most of the observation period foreign 
inventors still play a marginal role. Their share in the total number of inventors in the 
database increases from under 5 percent until 1975, through roughly 10 percent in the 
1980s to more than 25 percent from 1993 onwards.

The German biotech patent data file obtained this way, covering the application years 
from 1961 to 1995, has 4498 records. It contains 1620 distinct patents, involving 2103 
unique German inventors. Boehringer Mannheim, Hoechst, and Bayer are the main patent 
assignees in the German biotech patent database. Figure 7.1 shows that the number of 
patents and the number of inventors is increasing rapidly over time. With the number of 
inventors per patent and the patents per inventor being fairly constant, the growth of the 
network is mainly the result of the increasing number of patents over time.

In these networks two inventors are linked if they have worked on the same patent. For 
assessing collaborative innovation activities this co-invention level is the most detailed 
and pure level of collaborative innovation available through patent data. Patent data allow 
for creating networks at the applicant level, at which links are defined by inventors that 
occur at patents of different applicants (see also Chapter 2; Ter Wal and Boschma 2009). 
However, considering the fact that patents developed by subsidiaries are often assigned to 
the company’s headquarters, an inventor-level network analysis is more appropriate for 
studying the spatial structure of the network.

Certainly, in such a network at the level of individuals, inventors that co-occur on 
a patent are likely to work for the same company. However, for various reasons it is far 
from automatic that all inventors mentioned on a patent work for the patent’s applicant. 
First, Giuri et al. (2007) demonstrated on the basis of a large-scale survey among European 
inventors that on average more than 20 percent of all patents involved some form of 
collaboration with an external organization, mostly not mentioned on the patent; about 
15 percent of the surveyed patents included external co-inventors. Second, quite often 
inventors appear on patents of more than one applicant. In a survey among European 
biotechnology firms Laforgia and Lissoni (2006) found out that about 20 percent of these 
cases of ‘multiple-applicant-inventorship’ are due to labour mobility. The remaining 80 
percent are largely due to mergers and acquisitions or concern inventors who also occur on 
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Figure 7.2: Evolution of spatial clustering of inventors in German biotechnology (1970-1995)
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the patents of universities and public research institutes. In addition, many patents are sold 
on the market for technology. Particularly small firms, including DBFs, often decide not to 
make the substantial investment to commercially exploit the patent but to sell the patent to 
larger firms (Giuri et al. 2007).

For the reconstruction of the inventor networks we have applied a five-year moving 
window procedure. Each yearly network observation contains all co-invention links for that 
year and the preceding four years. Hence, in line with other studies on inventor networks 
(e.g. Fleming et al. 2007a) we assume that co-invention linkages exist during five years. It 
is reasonable to assume that knowledge flows between collaborating inventors persist for 
some time, even after the collaboration has finished.

We take the place of residence of the patent’s inventors to determine the location 
of innovation in biotechnology. We deliberately disregard the location of the patent 
applicant; large companies tend to assign the patent to the headquarters, even in case 
the patent might have been developed in one of the company’s subsidiaries outside the 
headquarters’ region. Notwithstanding the possibility that some inventors might live in 
another region than where they work, inventor location is generally agreed to be a more 
reliable approximation of where the innovation was developed (Acs et al. 2002; Ejermo 
and Karlsson 2006). The distance between two inventors is expressed in distance “as the 
crow flies” between their places of residence, calculated on the basis of city geographical 
coordinates.

7.5 Descriptive analysis

On the basis of USPTO patent data we reconstructed the spatial dynamics of the German 
biotechnology inventor network. This section provides some descriptive analyses that 
shed light on the role of geographical proximity and triadic closure in the dynamics of the 
German biotechnology inventor network.

7.5.1 Geographical proximity
In order to describe the role of geographical proximity in the dynamics of the biotech 
inventor network, we need to know the pattern of spatial clustering of inventors in the 
field. Nowadays the German biotechnology industry is highly concentrated in a number of 
regions. The cluster of biotechnology firms in and around Munich is generally considered 
to be one of the main and most successful cores of the industry in Europe (Zeller 2001).

On the basis of the location of German inventors on biotechnology patents we have 
mapped the evolution of spatial clustering in the industry between 1970 and 1995. The 
pattern of spatial concentration in German biotechnology is expressed in the number of 
inventors per spatial unit per year, where we take German districts (NUTS3; N=439) and 
German regions (NUTS2; N=22; the administrative unit between districts and federal 
states) as spatial units. Figure 7.2 shows the evolution of spatial concentration in the 
industry.

Through the course of time five main clusters of biotechnology inventors have emerged 
(see Figure 7.2c): the Rhineland area with Wuppertal, Cologne, and Düsseldorf as its main 
centres; the Rhine-Neckar triangle around Heidelberg, Darmstadt, and Mannheim; Munich 
and the area around the Starnberger See; the capital city of Berlin; and the small university 
city of Marburg. This pattern of concentration is consistent with earlier studies on spatial 
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concentration of German biotechnology (Zeller 2001; Krauss and Stahlecker 2001). We 
notice that all five clusters were already present in the 1970s, when biotechnology was not 
even known as such, and that the pattern of spatial concentration in these five clusters has 
been very stable over time.

For each year we calculated a Herfindahl index at both spatial scales to capture trends 
towards spatial concentration or deconcentration (Figure 7.2b). From the early 1970s the 
core of the Rhineland and Rhine-Neckar clusters spreads to neighbouring districts, which 
causes a drop in the Herfindahl index at the NUTS3-level (districts). Slight variations are 
observable in the relative dominance of clusters over time. In 1985, for instance, the Ruhr 
cluster becomes more dominant at the expense of Munich; after that these roles swap 
definitively with the Rhine-Neckar triangle and Munich coming to dominate the field. Only 
from the 1990s onwards the spatial pattern of the German biotechnology industry becomes 
slightly more dispersed. From this period onwards cities such as Freiburg, Tübingen and 
Bielefeld emerge as secondary centres of biotechnology. As a consequence, the Herfindahl 
index at the high spatial scale NUTS2 (Figure 7.2c) shows a decreasing trend from the early 
1990s.

The left graph in Figure 7.3 indicates the changing geographical distance of collaboration 
over time, expressed in kilometres. The right graph in Figure 7.3 shows the ratio of the 
observed distance and the expected distance if German inventors would link randomly, 
given the spatial distribution of inventors at that point in time. Both graphs show a 
continuous increase of the average geographical distance between collaborating inventors. 
A Bonferroni test was carried out to test the statistical significance of this trend. Generally, 
the observed average distance differs significantly from the distance observed four to seven 
years earlier. Hence, thus far, our univariate analyses seem to confirm our hypotheses 1a 
and 1b, showing an increasing trend in the distance over which inventors collaborate.

7.5.2 Triadic closure
The descriptive statistics thus far point towards an important, though decreasing role of 
geographical proximity in network dynamics. This section tests the role of the network 
structural effects of triadic closure in the network dynamics of the German biotechnology 
inventor network. For this purpose, we distinguish incumbent inventors from network 
entrants for the networks at each point in time. Incumbent inventors are defined as those 
inventors that were also part of the preceding (non-overlapping) network observation point 
five years earlier. The categories being mutually exclusive, entrants are all other inventors at 
a certain network observation.

If triadic closure plays a role in network evolution, we expect a high number of potential 
triangles at t-5 to be closed at time t. Every pair of nodes that is connected by a path of 
length 2 (through one intermediary) is a potential triangle. The tendency for triadic closure 
is expressed as the ratio of the observed number of closed triangles over the number of 
random expected closed triangles. The latter is obtained by calculating the share of new 
possible links that close a triangle among all possible new linkages in the network. Then, if 
new links are formed randomly, this share would be equal for actual new ties, and hence, 
the random expected number of closed triangles is expressed as the product of the share of 
potential new ties that close a triangle and the actual number of new ties among incumbent 
inventors that were formed between t and t-5.

Figure 7.4 demonstrates the role of triadic closure in the dynamics of the network. At any 
point in time the number of observed triangles among incumbent inventors in the network 
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is higher than the number of random expected ones, providing support for hypothesis 2a. 
The extent to which this is the case – i.e. the tendency for triadic closure – differs across 
time. The ratio of triadic closure fluctuates around a value of 8. Apart from the period 
between 1985 and 1990 we can observe a slightly increasing tendency for triadic closure. 
Hence, on the basis of this univariate test we do not find convincing support for hypothesis 
2b that the role of triadic closure increases over time. In order to test the role of triadic 
closure in response to geographical proximity, we conduct a multivariate test by means of a 
stochastic estimation model of network evolution in SIENA.

7.6 A stochastic model of network evolution

7.6.1 Methodology
The univariate analyses in the previous section has brought (moderate) support for the 
decreasing role of geographical proximity and the increasing role of triadic closure in the 

Figure 7.3: Geographical proximity (1970-1995)
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spatial dynamics of the German biotechnology inventor network. In order to test how 
these mechanisms jointly drive the dynamics of the network, we apply a stochastic network 
simulation procedure. We use the program SIENA (Simulation Investigation for Empirical 
Network Analysis), as developed by Snijders et al. (2001; 2007). This program has been 
specifically designed for the statistical analysis of dynamic networks. It simulates network 
evolution in between subsequent network observations and estimates parameters for 
selected mechanisms of network dynamics. In this way the program detects the forces that 
have driven the evolution of a network from one state into the next.

As in the univariate analyses, each network observation covers the co-invention links for 
a five-year interval, covering the period between 1970 and 1995. Accordingly, we also use a 
five-year time lag for the subsequent network observations between which the dynamics are 
simulated. In that way, subsequent network observations do not show overlap in terms of 
the patents on which they are based.

The analyses are limited to the networks among incumbent inventors. Considering 
the complete time span between 1970 and 1995, we define incumbent inventors as those 
inventors that occur multiple times and over different years. Inventors enter and exit the 
network only once; this implies that inventors with a time lag of more than 5 years between 
subsequent occurrences appear as network isolates in intermediate network observations. 
The selection on incumbent inventors is made in order to decrease the volatility of 
inventors entering and exiting again within a short timeframe, which might endanger a 
stable simulation and estimation procedure in SIENA. It implies that two different network 
datasets are used for each year between 1975 and 1990: one with those inventors that were 
active in the preceding period and one with those that will remain active in the subsequent 
period. For each network observation a square binary matrix indicates the existing linkages 
between inventors. A geographical distance matrix specifies the distance between the 
inventors for each observation year, rescaled to integer values between 0 and 255.

Since the sequence of events that have made the network evolve between two 
observations is unknown, the SIENA program simulates how the network has evolved from 
one state into the next. This simulation process takes place on the basis of Monte Carlo 
repetition, the default number of repeated simulations of the network evolution process 
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being 1000. In the simulation of the network evolution process ties can be created or 
dissolved and node attributes can change. Each of these changes can take place multiple 
times. Hence, the possibility that links are created and again dissolved in between two 
observation points is left open. For undirected networks there are various algorithms 
that define the decision rules of a single simulation run. For our model we selected the 
‘unilateral initiative and reciprocal confirmation’ algorithm, in which a new link is 
created or dissolved when one actor takes the initiative and the other actor confirms. This 
algorithm is closest to reality, more so than the ‘forcing model’, for instance, in which a link 
change that is proposed by one actor is automatically accepted by the other.

A Methods of Moments estimation procedure is used to estimate parameter values 
for the selected network evolution mechanisms. Each parameter is associated to a target 
statistic, which describes the visible outcome of the effect. The target statistic of the closure 
effect, for instance, is the observed number of closed triads. SIENA iteratively searches 
the parameter values that lead to a minimal deviation between the generated and observed 
values for these target statistics. This estimation is a stochastic process, since the repeated 
network simulation runs are not fully identical. Repeated estimations might lead to slightly 
different outcomes. Therefore the simulation process has to be rerun at least twice in 
order to check whether stable outcomes have been obtained. The extent to which model 
estimation converges to stable outcomes is specified for each parameter by a convergence 
t-statistic. Values under 0.100 generally indicate good convergence (Snijders et al. 2007). 
We only report estimation models for which this condition has been met for all parameters.

7.6.2 Analysis
The descriptive analysis of the inventor network in German biotechnology suggests that 
geographical proximity has played a role in the evolution of the network. Particularly in 
the exploration stage of the industry inventors seem to be inclined to collaborate with local 
partners. Through the course of time non-local collaboration activity has clearly increased. 
Triadic closure has played a significant role in network dynamics throughout the whole 
observation period, though a convincing trend of its increasing role could not be detected.

The stochastic estimation procedure in SIENA investigates the joint effect of 
geographical proximity and triadic closure in network evolution. Table 7.1 shows the 
outcomes of the stochastic estimation model in SIENA for the non-overlapping network 
observations, starting from 1975. Figure 7.5 graphically depicts the parameter estimates for 
triadic closure and geographical distance also for the intermediate, overlapping network 
observations. The dotted lines indicate the lower and upper bound of the 95 percent 
confidence interval. For the observation 1970-1975 the stability in the network – expressed 
in the number of links retained – was too low for the estimation to converge. The upper 
part of Table 7.1 shows that for the remaining network observations the number of links 
retained account for more than half of all links at time t. All reported models are based on 
repeated estimations and convergence is good (t <|0.1|) for all models. Robustness of the 
results has been tested; estimation models on the basis of the “Forcing model” algorithm 
have yielded very similar results to those reported.

Four parameters have been estimated. The first two parameters are generally included in 
any estimation model (Snijders et al. 2007). The rate of change parameter accounts for the 
number of links that are created or dissolved. The rate of change was highest between 1975 
and 1985 and considerably drops in the subsequent time periods.
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The second parameter is degree. This parameter accounts for the observed density in the 
model and is generally considered to be the ‘baseline’ parameter that indicates the general 
tendency of nodes in the network to increase or decrease the number of direct links 
(Snijders et al. 2007). It can be interpreted as the ‘cost’ or ‘benefit’ of having additional 
linkages, irrespective of other mechanisms that make nodes decide to create or dissolve 
linkages. For the German biotechnology inventor network the parameter is consistently 
negative and significant, which implies that inventors find it ‘costly’ to increase the number 
of collaboration partners.

The third parameter concerns the importance of geographical distance as a mechanism 
of network dynamics. The parameter is negative and significant for nearly all network 
simulations, apart from the observations from 1985-1990 until 1988-1993. This confirms 
the first hypotheses concerning the importance of geographical proximity and its 
decreasing impact over time.

The fourth parameter is the network structural effect of triadic closure. In line with 
hypothesis 2a the parameter is positive and significant for all observations. As Figure 7.5 
shows, the size of the effect is increasing over time. This is in line with our theoretical 
expectations and supports hypothesis 2b that triadic closure would become increasingly 
important as a driver of network dynamics in the exploitation stage of biotechnology with 
high levels of knowledge codification and high cost of opportunistic behaviour. Apparently, 
as the industry grows inventors decide to collaborate not necessarily with local partners. 
Instead, they increasingly select new partners they come to know through their current 
partners, paying less attention to whether they are geographical proximate or close.

Table 7.1: Determinants of network evolution: a stochastic estimation model in SIENA 

1975-1980 1980-1985 1985-1990 1990-1995

Network change
Number of nodes 49 96 122 214
Links created 17 64 45 87
Links dissolved 47 76 77 109
Links retained 50 78 111 178
Links t – t+1 97 → 67 154 → 142 188 → 156 287 → 265

Parameter estimates
Rate of change 1.4676 ***

(0.1866)
1.5069 ***

(0.1174)
1.0932 ***
(0.0937)

0.9571 ***
(0.0629)

Degree -2.2926 ***
(0.0992)

-1.8339 ***
(0.0638)

-1.7881 ***
(0.0718)

-2.0348 ***
(0.0512)

Geographical distance -0.0233 ***
(0.0031)

-0.0087 ***
(0.0021)

-0.0042
(0.0034)

-0.0094 ***
(0.0022)

Triadic closure 0.0785 ***
(0.0236)

0.4152 ***
(0.0376)

0.4812 ***
(0.0423)

0.6259 ***
(0.0546)

Model
Number of iterations 1651 1647 1823 1660
Convergence t 0.042 0.037 0.060 0.021
Correlation triadic closure and 
geographical distance

-0.463 -0.410 -0.340 -0.441

*** Parameter is significant at 0.01 level
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7.7 Conclusion

This study has analysed the spatial dynamics of the inventor network in German 
biotechnology over time. On the basis of stochastic estimation modelling we detect a 
shift in emphasis of how inventors select a collaboration partner. Whereas they initially 
tend to collaborate with geographically proximate partners, they increasingly direct their 
partner selection towards the principle of the tertius iungens (Obstfeld 2005). That is to say, 
inventors increasingly utilized the network’s resources by forming collaboration linkages to 
partners of their partners. In the early, explorative stage of the technology field the network 
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was organized mainly along geographical lines. During the further, more exploitative stage 
inventors increasingly exploited the network’s endogenous resources by turning indirect 
linkages into direct ones. In other words, over time geographical proximity becomes less 
prominent as a driver of network dynamics, whereas triadic closure gains importance in 
that regard.

These outcomes are in line with our theoretical expectations. We hold the changing 
nature of the technology’s knowledge base responsible for this shift. After a long-lasting 
phase of knowledge exploration in the 1970s and 1980s, this technology experienced a 
transition towards knowledge exploitation in the 1990s in the form of a growing number 
of commercial applications (Audretsch 2001; Nesta and Saviotti 2006). We argue that this 
transition has implications for the spatial dynamics of the inventor network in the industry. 
The transition from exploration to exploitation entailed a shift from generic to specific 
knowledge and from tacit to increasingly codified knowledge (March 1991; Malerba and 
Orsenigo 1997) that change the conditions under which the formation of collaborative links 
among inventors takes place (Gilsing and Nooteboom 2006).

Geographical proximity between inventors is mostly relevant in a situation of knowledge 
exploration, when knowledge is predominantly tacit. Tacit knowledge, strongly embedded 
in human capital, is most easily exchanged through repeated face-to-face interaction or the 
mobility of people, which both in turn are easier and more frequent at short geographical 
distances (Zander and Kogut 1995; Torre 2008). By contrast, triadic closure gains relevance 
in a situation of knowledge exploitation, with higher levels of knowledge codification and 
the associated risk of unintended and costly knowledge leakages (Gargiulo and Benassi 
2000). The closed triads that closure produces act as vehicles of trust that enable the 
exchange of sensitive knowledge (Uzzi 1997; Buskens 2002; Zaheer and Bell 2005). 
Hence, these closed network configurations are more relevant at knowledge exploitation 
than at knowledge exploration.

These results bring two main contributions to the literature on network dynamics. 
First, the dynamics of an industry network have an undeniable spatial component. 
However, the way geography impacts the evolution of networks is not constant through the 
course of time. Therefore, we hold the view that research at the interface of geographical 
clustering and inventor networks should not take the role of geographical proximity in 
network formation for granted. Future research is necessary to verify whether a shift from 
geography-dependent drivers of network dynamics to endogenous network drivers is also 
observable in other science-based or knowledge-intensive industries.

Second, the study points toward the strong relevance of the type of knowledge involved 
in collaboration for the way network dynamics unfold. In essence, under certain conditions 
regarding the nature of knowledge the role of geographical proximity in network change 
seems to be almost ruled out. Therefore we take the stance that studies on the dynamics of 
inventor networks cannot disregard the nature of the knowledge involved. We encourage 
future research that further scrutinizes the relation between knowledge dynamics and 
network dynamics, going beyond the raw distinction between tacit and codified knowledge 
we have stuck to in this paper.

Future research could complement this study in several ways. An important direction 
for future work would be to broaden the range of endogenous and attribute-related drivers 
of network dynamics. Sociology offers a much wider array of endogenous network effects 
than triadic closure alone that have potential theoretical relevance for the dynamics of 
inventor networks. In that regard, one could think of betweenness effects that express 
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actors’ preference to position themselves between unconnected others (Burt 2004; Snijders 
et al. 2007). At the time of writing, this effect was not yet available in SIENA for the 
analysis of undirected networks. Another endogenous network effect could be the tendency 
to form direct linkages with actors at geodesic distance higher than two. Such tendency 
could be interpreted as an expression of social proximity (see also Chapter 4). In terms 
of attribute-related effects, one could think of other forms of proximity. For instance, the 
inclination of inventors to collaborate with cognitively similar or dissimilar peers could be 
captured as an attribute-related parameter, provided good data on individuals’ competences 
and knowledge bases is available. 
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8
Conclusion

8.1 Answers to research questions

This study is positioned at the interface of spatial clusters and knowledge networks, where 
the latter are defined as networks of inter-firm knowledge exchange or collaboration 
networks among individual inventors. The relationship between geographical proximity 
and the formation of knowledge networks has been investigated by applying social network 
methods to the analysis of spatial clustering. In the introduction to this thesis (Chapter 1), 
the main research question has been formulated as follows:

What are the determinants of the formation of knowledge networks?

This question connects to a recent upsurge of interest in networks in economic geography. 
As Chapter 2 describes, social network analysis offers ample theoretical concepts and 
methodological tools that can be used to critically assess the role of geographical proximity 
and spatial clustering in the formation of knowledge networks. The main research question 
has been split into two sub-questions that form the core of an evolutionary economic 
geography approach to clusters and networks. These questions form a central guideline for 
finding an answer on the main research question of this study.
• What does the structure of knowledge networks look like and what are the determinants 

of this structure?
•	 How	 does	 the	 structure	 of	 knowledge	 networks	 evolve	 over	 time	 and	 what	 is	 driving	

these dynamics?

To answer these questions the role of geographical proximity is not taken for granted. 
Instead, the often assumed role of geographical proximity is questioned and empirically 
tested by confronting it with other potential explanations of network structure and network 
dynamics within and across spatial clusters.

These research questions are assessed by means of two theoretical chapters and four 
empirical studies. The outcomes of these studies indicate that the role of spatial clustering 
and geographical proximity for the formation of networks changes over time. Among other 
factors, their role is dependent on the industry characteristics that change over the industry 
life cycle. Both sub-questions will now be answered in detail below, after which the research 
implications of these outcomes will be discussed in Section 8.1.3. Subsequently, Section 
8.2 sketches the limitations of the study and formulates directions for future research. It 
will also reflect on how the present study connects to the evolutionary economic geography 
approach, as outlined by Boschma and Frenken (2006).
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8.1.1 The structure of networks and its determinants
Most industries are characterized by an unequal spatial distribution of firms. Particularly 
high-tech industries tend to cluster in space (Audretsch and Feldman 1996b), but the 
Italian industrial district model shows that also more traditional sectors can show marked 
spatial patterns. Although it is often assumed that firms and individuals within spatial 
clusters tend to engage in intensive forms of local collective learning, this has hardly been 
put to the test (Giuliani and Bell 2005; Giuliani 2007b). In this research social network 
analysis techniques are applied to map and analyse the structure of networks of cooperation 
and knowledge exchange within and across clusters.

The central question here is: what does the structure of knowledge networks look like 
and what are the determinants of this structure? The networks that are considered in 
answering this sub-question relate to the industrial district of Barletta (Chapter 3) and 
the German biotechnology sector (Chapter 4). Whereas the first represents a network of 
knowledge exchange across firms in the mature footwear sector, the latter constitutes an 
example of a collaboration network among individual patenting inventors in a young, 
high-tech industry at the national scale. Hence, the two types of networks differ in three 
respects. First, one type of network encompasses relations of knowledge exchange among 
firms, whereas the other concerns collaboration among individual inventors. Second, one 
network maps local and non-local relations within a cluster, whereas the other represents 
the network for an industry within an entire country. Finally, one network concerns a 
traditional sector with mature technology, whereas the other concerns a young high-tech 
industry.

The explanations of network structures described here can be delineated in terms of a 
geographical, social, and cognitive component. The geographical component of network 
structure concerns the preference of actors to form geographically proximate network 
linkages over non-local and geographically distant ones. The study in the Barletta district 
in Chapter 3 shows, however, that the local network of knowledge exchange between firms 
in the cluster is rather weakly developed. Some firms occupy more central positions than 
others and, at the same time, some local firms even operate disconnected from the local 
network. This implies that some firms in a cluster will be better able than others to reap 
the benefits that accrue from having access to the knowledge that circulates in the network. 
Furthermore, the cluster firms strongly differ in terms of their non-local knowledge 
relationships. Some firms in the cluster are strongly connected to firms beyond the cluster 
boundaries in other parts of Italy or even abroad, whereas others are only locally connected. 
The application of social network analysis techniques thus reveals that the interaction 
structure of firms exchanging knowledge on market-related or technical issues does 
not strongly coincide with the cluster area. Hence, the study suggests that geographical 
proximity is neither a sufficient nor a necessary condition for firms to get connected. 
Social and cognitive proximity might be required as complementary conditions for the 
formation of local linkages or might even act as substitutes for geographical proximity at 
the formation of non-local linkages.

This result is further supported by Chapter 4. This study has analysed the determinants 
of matching among German patenting inventors in the biotechnology sector in the early 
1990s. That is, various proximity indicators that characterize the inventor pair are taken 
as potential explanatory factors for the partnering decisions in inventor teams. The 
analysis demonstrates that, when controlling for social proximity and cognitive proximity, 
a weak though significant effect of geographical proximity on link formation remains. This 
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suggests that being physically close still eases frequent and intensive face-to-face contacts, 
which in turn facilitate the exchange of tacit forms of knowledge (Zander and Kogut 1995; 
Moodysson and Jonsson 2007). However, the overall results also indicate that the role of 
geographical proximity in explaining patterns of knowledge exchange or collaboration 
among firms or individuals should not be overemphasized. Social and cognitive factors 
need to be considered in finding further explanations of the structure of knowledge 
networks.

In the German biotech study in Chapter 4 social proximity turned out to be the main 
predictor of tie formation between inventors. The network of prior ties plays a dominant 
role in explaining the pattern of collaborating inventors. The length of the path through 
which two inventors are connected in the network of prior ties is conceptualized as an 
expression of social proximity. A large share of collaboration linkages in earlier periods 
is repeated. In addition, the inventors appeared to be strongly inclined to create direct 
collaboration linkages to inventors with whom they were indirectly connected in the 
network of prior ties at moderate geodesic distances. Hence, the network of prior ties 
acts as an importance resource of information concerning the suitability and reliability of 
potential partners, as suggested by Gulati (1995). This implies that the fact that inventor 
networks tend to be localized to a certain degree is not only the outcome of the mere 
preference to collaborate at short physical distance, but seem to be the result of localized 
social networks as well. Also in Chapter 3 on the industrial district Barletta, social proximity 
might play a role. Although not explicitly studied in this case, low levels of social proximity 
within the local cluster – expressed in a lack of trust and low levels of social capital – might 
in fact explain the rather weak and sparse structure of the local network of knowledge 
exchange. During the interviews many entrepreneurs in the district explained to be 
strongly restrictive in terms of local knowledge exchange due to low perceived levels of trust 
towards co-located firms.

The structure of knowledge networks also has a distinct cognitive dimension. This 
cognitive dimension has been addressed in two different ways. Chapter 3 has focused 
on absorptive capacity, measured as a Principal Component that describes the level of 
accumulated knowledge and experience of firms’ technical personnel and the intensity 
of R&D activity. The study has analysed whether firms with strong absorptive capacities 
have more local or non-local network relationships. In Chapter 4 the focus shifts to the 
dyad level of inventor pairs. The extent to which inventors have similar knowledge is 
captured by a cognitive proximity indicator. The distinction between the actor-level concept 
of absorptive capacity and the dyad-level concept of cognitive proximity relates to the 
distinction between the depth of knowledge (how much) and the breadth of knowledge 
(how diverse) (Wang and Von Tunzelmann 2000).

The study of the industrial district of Barletta in Chapter 3 takes absorptive capacity 
as an indicator of the depth of the knowledge base of firms. In this way, it underlines 
the importance of firm heterogeneity in terms of internal capabilities for the position 
they occupy in local and non-local networks. Those firms that built up strong absorptive 
capacities through the accumulation of prior knowledge and experience turned out to be 
strongly connected to non-local firms. Surprisingly, the firms’ levels of absorptive capacity 
did not significantly relate to their position in the – weak – local network of knowledge 
exchange. This might have been caused partially by the fact that the technologically 
leading firm in the district – with a strong absorptive capacity – refrained from cluster-
based interaction concerning the exchange of technical knowledge. The analysis on the 
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German biotechnology industry also shows that cognitive proximity, defined as overlap in 
technology classes in the patent portfolio of individual inventors, is positively related to 
the propensity of link formation between inventors. However, when controlling for social 
proximity, to which cognitive proximity is positively and significantly related, the effect of 
cognitive proximity on link formation turns weakly negative. Although the results need 
to be interpreted with care, this seems to suggest that inventors exhibit a preference for 
cognitive distant partners who possess knowledge they do not have themselves. Such 
finding is in line with the Schumpeterian notion of invention and innovation as new 
combinations of existing pieces of knowledge. These cognitive distant ties would ensure 
the inflow of novel and complementary knowledge in dense cliques of socially proximate 
inventors (Nooteboom et al. 2007), necessary to avoid a too strong inward-looking focus 
and cognitive lock-in (Grabher 1993).

8.1.2 The dynamics of networks and its driving forces
The network analyses in Chapters 3 and 4 take a ‘snapshot view’ of the network’s 
structure at one point in time. Although such static analyses certainly contribute to our 
understanding of how knowledge networks are structured and organized, it is implicitly 
assumed that the structure is rather stable over time, whereas, in reality, it is likely that 
network structure is subject to change over time. Questions about how the network has 
been formed and how it might evolve over time cannot be addressed using static network 
analyses.

The second sub-question raised in Chapter 2 concerns the dynamics of knowledge 
networks over time within and across clusters. How does the structure of these networks 
evolve over time and what is driving these dynamics? The empirical studies in Chapters 6 
and 7 provide an answer to this question by analysing the long-term dynamics of inventor 
networks. Whereas Chapter 6 analyses network dynamics in response to the changing 
size and composition of a cluster, Chapter 7 takes an industry life cycle perspective and 
examines how changing industry characteristics affect network dynamics. Just as in 
the static analyses in Chapters 3 and 4, the role of geographical proximity and spatial 
clustering in network dynamics is not taken for granted. Instead, Chapter 6 investigates 
whether and to what extent local networks among inventors come to existence when a 
cluster emerges and grows. Chapter 7 tests the role of geographical proximity in network 
formation empirically by confronting it with alternative, non-geographical drivers of 
network dynamics. It shows that some mechanisms become more prominent as driver 
of network dynamics over the industry life cycle, whereas others decline. Both studies 
confirm that a long-term perspective on network dynamics is relevant; the properties of the 
networks under investigation are subject to change over time, exhibiting clear trends that 
characterize the change process.

Chapter 6 scrutinizes the case of the business park of Sophia-Antipolis in the south of 
France. As a result of the initially private initiative to create a “City of Science, Culture, and 
Wisdom” and under strong public support, this business park can be considered one of the 
few successful ‘artificially-created’ high-tech business parks in Europe. Through the course 
of time the park has specialized in Information Technology and, to a lesser extent, in Life 
Sciences. On the basis of a longitudinal network analysis of the local inventor networks, 
the study demonstrates that the two industries in the business park show different network 
dynamics. A relatively cohesive network of collective learning among local inventors could 
only be detected in Information Technology and not in Life Sciences, where the network 
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was more oriented towards inventors outside the park. The dissimilar patterns of network 
dynamics might be explained through fundamental differences between the two industries 
in the way in which the local concentration process of firms took place. Although the 
growth of the park was initially based on the arrival of multinationals’ subsidiaries for 
both sectors, the growth of the Information Technology sector became increasingly based 
on local spin-off creation and start-up firms in the 1990s. The growth of the Life Sciences 
industry in Sophia-Antipolis, instead, remained dominated by multinational firms. 
Therefore, this study suggests that the nature of the spatial concentration process over 
time strongly affects the dynamics of local collective learning networks. It is only under 
conditions of locally-based cluster growth through spin-offs and start-ups that geographical 
proximity between firms is conducive to the development of rather cohesive local networks 
of collaboration.

The analysis of the spatial dynamics of the inventor network in German biotechnology 
between 1970 and 1995 in Chapter 7 further supports the view that the impact of 
geographical proximity on network formation is not constant through the course of 
time. On the basis of a longitudinal network analysis employing stochastic estimation 
modelling techniques in SIENA (Snijders 2001), this study shows that the role of 
geographical proximity as a driver of network formation is declining over time. In line 
with theoretical expectations in the literature (e.g. Zander and Kogut 1995; Audretsch 
and Feldman 1996a; Cowan and Foray 1997) the study demonstrates that geographical 
proximity is mostly relevant for collaboration when knowledge is highly tacit, as tends to 
be the case particularly in the early stages of the industry life cycle that focus on knowledge 
exploration. In the final years of observation in the 1990s, geographical proximity does no 
longer exert a significant influence on network formation. Instead, triadic closure, which 
expresses the tendency towards the formation of closed triangles in the network, gains 
relevance over time as a driver of network dynamics. Triadic closure is a significant driver 
of network dynamics over the whole observation period, but becomes more prominent 
as the biotechnology industry shifts towards increasing knowledge exploitation and the 
development of commercial applications (Audretsch 2001; Nesta and Saviotti 2006). 
The dense cliques and closed structures that triadic closure produces act as vehicles 
of trust (Uzzi 1996; Buskens 2002) that can be used for the exchange of complex and 
sensitive knowledge (Zaheer and Bell 2005; Fleming et al. 2007b). In contrast to the 
exploration stage when knowledge is predominantly tacit, the risk of costly knowledge 
leakages and imitation by competitors is high at knowledge exploitation due to higher 
levels of knowledge codification. This may well explain that these closed structures are 
more relevant in the context of knowledge exploration than in the context of knowledge 
exploitation. In short, there is a shift in emphasis of how inventors select collaboration 
partners. Whereas they initially tend to choose geographically proximate partners, they 
increasingly base their partner decisions on the network’s endogenous resources by 
turning indirect ties into direct ones. These findings are in line with the results in Chapter 
4. In the analysis of the determinants of matching among German inventors in the early 
1990s social proximity was measured as the tendency to connect with inventors at short 
geodesic distance in the network of prior ties. This social proximity indicator turned out to 
be the main predictor of collaboration among inventors, whereas the role of geographical 
proximity proved to be rather weak.
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8.1.3 Research implications
The empirical studies in this thesis have revealed that the role of geographical proximity 
in explaining localized patterns of innovation is less straightforward than is generally 
assumed in the literature on spatial clustering. The empirical outcomes described above 
have three main implications for the research on spatial clustering.

First, the role of geographical proximity in the formation of networks of knowledge 
exchange or collaboration should not be overemphasized. The empirical results highlight 
that geographical proximity is neither a sufficient nor a necessary condition for local 
collective learning among firms or individuals to take place (Boschma 2005a). Hence, 
it cannot be assumed that spatial clusters exhibit dense networks of collaboration or 
knowledge exchange. The cluster case studies of the business park of Sophia-Antipolis 
and the industrial district of Barletta have demonstrated that local, cluster-based networks 
of collective learning might be very sparse despite geographical proximity. The fact 
that similar, and often quite cognitively proximate, firms are co-located does not imply 
that these firms and the individuals within them automatically engage in local collective 
learning. The studies show that, in fact, the structure and pervasiveness of cluster-
based knowledge networks are contingent on the cluster’s history. Factors such as a lack 
of social capital that stem from a region’s cultural and economic history might prevent 
that networks of local collective learning emerge. Similarly, the dominance of large 
multinational firms that have a closed attitude toward local interaction is an obstacle for the 
formation of local networks and has its roots in the historical development of the business 
park. Geographical proximity needs to be complemented by other forms of proximity in 
order for local cluster-based interaction to emerge.

The second main implication of this study pertains to the relevance of a long-term 
dynamic perspective on clusters and networks. The theoretical framework in Chapter 
5 proposed to analyse the evolution of clusters and networks from an industry life cycle 
perspective (Abernathy and Utterback 1978; Klepper 1997). It is argued that the processes 
of cluster dynamics and network dynamics are strongly related. One of the main factors 
driving their joint evolutionary process relates to the importance of geographical proximity 
that tends to change over the industry life cycle. Geographical proximity is particularly 
important for network formation in the early stages of the industry life cycle that focus 
at knowledge exploration rather than knowledge exploitation and in which knowledge is 
predominantly tacit (Audretsch and Feldman 1996a). Under such circumstances frequent 
face-to-face contacts that are easier to establish and to maintain at short geographical 
distance facilitate cooperation especially at a local level. The relative difficulty to exchange 
tacit knowledge in the exploration stage of the industry life cycle results in a strong 
inclination among firms or individuals to collaborate with geographically close partners. 
As a consequence, it can be expected that in the introductory and early growth stages 
of the industry life cycle networks tend to be concentrated in geographical clusters to 
a considerable degree. The importance of geographical proximity for collaboration is 
then expected to decline as an industry grows or even matures and knowledge becomes 
increasingly codified. This hypothesis is confirmed in the longitudinal analysis of the 
German biotechnology industry. As knowledge exploitation, associated to higher levels 
of knowledge codification, tends to become more important, geographical proximity 
becomes less prominent as a driver of network formation. Illustrative in that regard is also 
the observation that the local network among firms in the industrial district of Barletta, 
specialized in a mature sector such as footwear, is rather sparse and that the firms are 
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strongly oriented towards relationships of knowledge exchange beyond the boundaries of 
the cluster.

The final main implication of this study is that social proximity turned out to be a crucial 
determinant of network formation. In this research social proximity has been taken into 
account in three different ways. A first sign pointing toward the importance of social capital 
in the formation of networks is the low perceived level of trust that was repeatedly reported 
during the interview at firms in the industrial district Barletta and that resulted in sparse 
local knowledge networks. Second, a network of prior collaboration ties was conceptualized 
as the underlying social network through which inventors could select new collaboration 
partners. In the German biotechnology study inventors appeared to be strongly inclined to 
either repeat earlier collaboration or to form new collaborative ties with inventors at close 
geodesic distance in the network of prior ties (Gulati 1995). Third, the formation of cliques 
due to triadic closure could be conceived as a special form of social proximity, since triadic 
closure can be defined as the tendency to turn indirect links with geodesic distance two 
into direct links. In the German biotechnology inventor network triadic closure turned out 
to be a significant driver of network dynamics throughout the whole observation period, 
although it became more prominent as such in the later exploitation-oriented phase of the 
industry life cycle.

These implications shed new and critical light on the cluster concept. That is not to say 
that the conclusion that clusters and networks do not automatically coincide renders the 
cluster concept useless. Firms in clusters might take advantage of many other kinds of 
agglomeration economies such as access to a specialized pool of labour and the presence 
of specialized suppliers. Particularly, the mobility of highly qualified labour that tends to 
stay within the region might be a key competitive advantage to firms located in clusters. 
This study has argued that the mobility of inventors is one of the mechanisms through 
which inventor networks get less fragmented. Hence, labour mobility is a key conduit 
for knowledge flows across organizations. These flows might be strongly localized, since 
labour mobility is inclined to be a local process.

Besides, this study does by no means cancel out the role of geographical proximity for 
the formation of knowledge networks. It has shown that, notwithstanding the importance 
of social proximity for network formation, geographical proximity remains important for 
the creation and maintenance of collaborative linkages by easing intensive face-to-face 
contact. Furthermore, the study suggests that the underlying social networks that affect the 
formation of knowledge networks are often strongly localized and might contribute to the 
emergence of local networks that show considerable overlap with spatial clusters.

8.2 Limitations of this study and recommendations for future research

Any scientific study raises as many questions as it answers. This equally holds for this 
particular application of network analysis techniques to the study of spatial clustering. 
This section presents the limitations of this study and, related to this, formulates 
recommendations for future research. First, Section 8.2.1 provides a discussion on the 
effect of network structure and network position on innovative performance at the firm 
level and the regional level. Second, Section 8.2.2 gives an outline on limitations and 
potential future applications of the social network analysis techniques used in this study. 
Third, Section 8.2.3 presents some remaining research challenges in the field of cluster and 
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network dynamics. Finally, Section 8.2.4 reflects on how the current research fits in the 
Evolutionary Economic Geography approach and which open issues remain in that regard.

8.2.1 The network effect on performance
This thesis has focused on the first two sets of questions as proposed in Chapter 2, focusing 
on the structure and dynamics of knowledge networks respectively. A third set of questions 
suggested in Chapter 2 relate to the performance effects of clusters: what are the effects of 
the structure of networks and the positions firms or other actors occupy in them on their 
innovation performance? This area of research has remained largely untouched in this 
research. The question has been addressed only in Chapter 3, in the survey-based study in 
the industrial district of Barletta. The study shows empirically that in order to be innovative 
it matters for the firms to be connected to local and non-local knowledge networks. The 
firms that are centrally positioned in local and non-local networks outperform those that 
have more peripheral network positions or those that are disconnected. This suggests that 
being located in a cluster is not enough to reap the knowledge benefits associated to the 
cluster, since it does not automatically enable a firm to access the knowledge circulating in 
the network. For a firm to be innovative it matters to be connected. However, these results 
need to be interpreted with care considering the small scale of the survey. In addition, there 
are several problems associated to the analysis of the network effect on performance that 
should be tackled in future research on the issue.

Firstly, the overall evidence on a positive network effect is far from clear-cut, although 
there is the prevailing view among network researchers that networks are in principle 
conducive to innovation. Some authors point toward a decaying positive affect of additional 
network linkages or even argue there might be negative effects of having too many of 
them (Uzzi 1996). In addition, the debate about whether it is network closure or structural 
holes that are beneficial for innovation has not ended yet (Fleming et al. 2007b). On the 
one hand, it is argued that the closed triangles produced through closure act as vehicles 
of trust. High levels of trust are necessary to exchange sensitive and complex knowledge 
in a collaboration process. On the other hand, structural holes – the absence of the link 
that closes the triangle – are argued to stimulate innovation. The fact that your partners 
do not communicate among them ensures you have exclusive access to a variety of 
knowledge, yielding substantial benefits for creativity and recombination of existing pieces 
of knowledge for the ‘broker’.

Secondly, many studies that relate network position to firm performance cope with 
endogeneity problems and problems of reverse causality. Centrally positioned firms 
tend to become more innovative and technologically advanced, on the one hand. On the 
other, these firms tend to become more central since their advanced know-how and 
prior innovative performance make them attractive partners with which to connect. As 
suggested in the theoretical framework of Chapter 5, the bidirectional causality between 
network centrality and innovation performance might give way to a self-reinforcing process 
in which central firms tend to become even more central over time. Such mechanism – 
having strong similarity to the process of preferential attachment (Barabási and Albert 
1999) – has been demonstrated empirically by various longitudinal studies on inter-firm 
strategic alliance networks (Gay and Dousset 2005; e.g. Powell et al. 2005). However, static 
research that applies standard regression techniques is not suitable to find out whether 
high centrality leads to better performing firms or the other way around. Structural 
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equation modelling or simulation modelling techniques are necessary to further investigate 
feedback loops, reverse causality and self-reinforcing processes.

A third direction of future research on the network effect on innovative performance 
concerns the ‘black box’ of the firm. It is not yet well understood how firms can integrate 
and successfully apply the external knowledge to which they have access through their 
networks. Future research could shed light on the dynamic capabilities firms need to timely 
respond to changing market and technology conditions (Teece et al. 1997; Eisenhardt and 
Martin 2000) and what role networks play as an external gaze to the world in that respect. 
More research is needed to examine what determines a firm’s absorptive capacity, defined 
as its ability to absorb, understand, and commercially exploit external knowledge (Cohen 
and Levinthal 1990). Content-based network analysis techniques could be an interesting 
way to go in that regard. Such network analysis does not only analyse the pattern of 
interaction among agents, but also treats the knowledge they have in common as a network 
of ideas or a network of knowledge itself (see for instance Criscuolo et al. 2007; Staber 
2008).

Finally, the question of how networks affect innovation performance is also relevant 
at the regional level. This study has shown that the extent to which clusters exhibit local 
networks strongly varies across clusters and across time. With the notable exception of 
Fleming et al. (2007a), there is hardly any research that assesses the influence of regional 
network structures on regional innovation and economic growth. Therefore, it is largely 
unknown whether and to what extent dense local networks of collaboration and knowledge 
exchange contribute to high levels of regional innovation and whether a too strong inward 
or outward focus is really detrimental for long-term regional competitiveness, as is 
suggested by the theoretical concept of cognitive lock-in (Grabher 1993).

8.2.2 Methodological issues
As explained in Chapter 2, social network analysis has a large potential for studying spatial 
clustering in economic geography. The strong reliance on social network analysis in this 
study, however, also brings with it the drawbacks that are generally associated to this 
methodology. This section will describe some limitations of the social network analysis 
methods used in this study and explain how future research might overcome these 
difficulties.

First, the survey-based method of network data collection used in Chapter 3 poses limits 
to which methods can be applied on the obtained network. Although survey-based data 
collection methods allow for a precise definition of the network linkages of interest, it is 
generally hard to obtain the (close to) full response needed to employ full network methods. 
As a consequence, one needs to stick to first-neighbourhood measures as degree centrality, 
describing only the direct linkages a node has. One cannot use more sophisticated 
indicators like betweenness centrality that describe the position of a node in the network 
as a whole. As a consequence, the full potential of network analysis methods cannot be 
exploited when using ego network analyses.

Second, in contrast to survey data, patent data lead to complete network data among 
a well-defined population of actors. In addition, this type of data easily allows for 
longitudinal, retrospective analyses. However, patent data tend to underrepresent certain 
types of actors or linkages. Collaboration activities that did not lead to a patent are not 
captured by the data. In this way more fundamental types of research that are often not 
patented or unsuccessful collaboration attempts are underrepresented. In addition, more 
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informal relations of knowledge exchange (such as analysed in the study of Barletta) 
among individuals are not captured by patent data. Furthermore, when using patent data 
one needs to be aware of the fact that the tendency to patent varies with the size of the 
organization, the type of organization (e.g. firm versus university), and across industries. 
Biotechnology is one of the industries that exhibits a strong tendency to patent.

Third, additional problems are associated to the use of the inventor level in patent-
based networks. In principal the inventor level is the most detailed level of collaboration 
data available on patents. They form a ‘pure’ unit of analysis in the sense that they are 
the individuals that in reality have developed the patented product. However, inventor-
level data disregard the boundaries of the organization; the patent data on the inventor 
level do not tell whether two cooperating inventors work for the same organization or not. 
The lack of information on organizational boundaries blurs the picture of the context in 
which collaboration among inventors takes place, since the organizational arrangements 
in which their collaboration took shape are unknown. This research has emphasized that 
two inventors that occur on a single patent often do not work for the same organization. 
Implicit acts of collaboration where only one organization appears as the patent applicant 
and the involvement of external inventors are common reasons for inventors occurring on 
patents of multiple organizations (Giuri et al. 2007). In some cases, labour mobility also 
leads to the connection of inventors across organizational boundaries (Laforgia and Lissoni 
2006). The interest in inventor networks precisely resides in those inventors that connect 
inventors across different organizations, since an industry where organizational boundaries 
are strongly closed would result in highly fragmented networks. As a consequence, the 
structure and connectedness of inventor networks can be considered a good predictor of 
the level of interaction among a group of inventors, for instance within spatial clusters (He 
and Fallah 2009), notwithstanding the lack of information on organizational boundaries.

Fourth, network analysis has been designed to study interaction flows. Thus, it is 
implicitly assumed that the knowledge or information in the network does not only flow 
through direct linkages between agents, but is also transferred by means of indirect 
relations between them. Whether indirect flows of knowledge indeed take place is hardly 
ever investigated. Research on knowledge networks – including this study – does not 
tell anything whether network actors transfer the information they obtain from one of 
their partners also to the other partners they are connected to. As a result, in networks of 
knowledge exchange and collaboration indirect linkages represent potential conduits of 
knowledge flows rather than the flows themselves. Although the assumption of indirect 
knowledge transfer is intuitively justifiable, in-depth qualitative research could examine 
whether and to what extent actors in networks of knowledge exchange or collaboration do 
indeed pass on the information they obtained from their network relationships. Strategic 
motives and the level of trust among network actors might, for instance, impact on the 
individuals’ decisions whether or not to transfer knowledge.

Fifth, another assumption made in social network analysis is that network linkages are 
homogeneous. Notwithstanding the fact that some studies on knowledge networks use 
valued network data (e.g. Chapter 3), most studies represent networks as binary matrices in 
which all links are equal. Inventor networks represent a detailed overview of collaboration 
patterns, but do not take into account the duration of the collaboration or the amount of 
financial resources involved that could potentially measure the intensity of collaboration. 
Future research might consider taking some indicator of value of patents into account 
when reconstructing networks from patent data. Potential ways of doing so include the 
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number of citations a patent received (Trajtenberg 1990) or the number of years the annual 
renewal fee has been paid (Pakes 1986). Another way to go would be to treat knowledge 
and ideas as the unit of analysis in a social network approach; individuals are the carriers 
of ideas that connect different bodies of knowledge and transmit ideas from one person to 
another (Staber 2008).

Sixth, the proximity indicators used in this research are rather rough empirical 
measures, particularly concerning cognitive proximity. Although the overlap in 
technological classes amongst the patent portfolio of inventors is a rather intuitive 
conceptualization of cognitive proximity, more sophisticated measurements are possible. 
Such empirical measures can, for instance, also take into account to what extent the 
technology classes are related (Breschi et al. 2003; Gilsing et al. 2008). The extent to which 
knowledge captured by a certain technology class is similar to, or can be used as an input 
for, knowledge captured by another class is relevant information when building cognitive 
proximity measures. Furthermore, as explained previously, cognitive proximity does not 
only relate to the question whether two agents possess the same type of knowledge (breadth 
of knowledge), but also to whether two agents possess similar levels of knowledge (depth of 
knowledge). Cognitive proximity at both the depth and breadth dimensions of knowledge is 
required at least to a certain extent to make effective communication and learning possible.

Finally, the stochastic estimation models carried out in SIENA (Snijders et al. 2007) 
have various limitations. The size of the networks that can be analysed in the program is 
limited (although dependent on the power of the computer), particularly when repeated 
network observations are analysed at once. More importantly, a considerable level of 
stability among subsequent network structures is required for the model to converge 
towards stable outcomes. In order to meet this requirement this study has focused on 
the core of inventor networks consisting of incumbent inventors that repeatedly occur on 
patents and has excluded all inventors that occur only once. It is acknowledged that this 
might affect the outcomes, although the multivariate results of the model in Chapter 7 are 
consistent with the univariate analyses. Therefore, we need to emphasize that the method 
has an enormous potential in future research. The program is well-suited to detect forces 
of network evolution empirically. It is still largely unknown what drives the dynamics of 
knowledge networks and, for instance, how network dynamics differ across industries. 
More importantly, SIENA offers ample opportunities to examine how network structure 
and the characteristics of the network actors are interrelated. As will also be explained in 
Section 8.2.3, an interesting challenge for future research that can be tackled by stochastic 
estimation modelling is to analyse the mutual relationship between dynamic networks and 
dynamic proximities (Boschma and Frenken 2009).

8.2.3 Remaining challenges in cluster and network dynamics
As argued previously, empirical research on the dynamics of knowledge networks is still 
in its infancy. Hence, thus far many issues on this topic are left unexplored, which makes 
it a promising field of future research. Extensive cross-sectional empirical research is 
necessary to see if the decreasing impact of geographical proximity on network evolution 
over time can also be observed in other industries. In this way it could be verified whether 
an industry life cycle perspective to network dynamics as suggested in this study is more 
generally applicable to other countries and other sectors.

In addition, future analyses of network dynamics could explore the role of additional 
endogenous and attribute-related mechanisms of network change than the mere 
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triadic closure and geographical proximity effects we included in this study. In terms of 
endogenous network mechanisms one could think of betweenness effects that describe the 
actors’ tendency to position themselves between unconnected others in order to profit from 
information-rich structural hole positions (Burt 2004).

In terms of attribute-related effects models explaining network dynamics could be 
enriched by including cognitive proximity indicators, which have proved to be relevant 
in static network analyses. A highly interesting avenue of future research in that respect 
relates to the investigation of feedback loops between networks and proximities. 
Proximities do not only influence the propensity of actors to get connected (the principle of 
social selection), they are also affected by the creation and dissolution of network linkages 
(the principle of social influence) (see also Boschma and Frenken 2009). For instance, 
inventors who collaborate tend to become more cognitively similar (Nooteboom 2000b; 
Cowan et al. 2006). Likewise, social proximity is likely to be affected by the formation of 
new linkages. The formation of collaboration linkages tends to increase levels of mutual 
trust (Uzzi 1997).

Interestingly, the mutual dependence among network formation and proximity might 
also hold for geographical proximity. Taking location as the node attribute, one could 
focus on the mutual relationship between network formation and relocation behaviour. 
Geographical proximity does not only influence the formation of linkages, perhaps the 
formation of linkages also affects relocation decisions of individuals or organizations. For 
instance, a geographically distant external inventor who got involved into a collaboration 
project on the basis of social proximity might decide to move closer to the partner 
firm, either on a temporary or permanent basis, in order to facilitate more intensive 
face-to-face-contact.

Studying the dynamic relationship between networks and proximities constitutes an 
interesting avenue for future research. Such mutual dependence of network relations 
and dyad-level characteristics could be modelled by models of social influence and social 
selection through stochastic estimation modelling techniques in SIENA (Burk et al. 2007). 
In these simulation-based models, the network’s structure and the characteristics of its 
nodes can be analysed as dependent variables contemporarily. The tendency for connected 
actors to become similar or dissimilar (social influence) on one or more dimension and 
the underlying mechanisms toward the creation or dissolution of links (social selection) are 
both expressed as parameter estimates.

8.2.4 Clusters and networks in Evolutionary Economic Geography
The recent upsurge of interest in networks in economic geography is often associated with 
a trend in the discipline labelled the ‘relational turn’ (Bathelt and Glückler 2003). This 
relational economic geography places emphasis on the role of interaction of economic 
agents in explaining the uneven distribution of economic activities in space. Network 
analysis techniques are applied to analyse the pattern of interaction among economic 
agents and, hence, are a fundamental element of a relational economic geography. Here it 
is argued that knowledge networks also constitute a key building block of the evolutionary 
economic geography approach. This approach aims to understand the unequal spatial 
distribution of economic activity and economic development by applying theoretical 
concepts from evolutionary economics into economic geography (Boschma and Lambooy 
1999; Boschma and Frenken 2006). This section reflects on how this research connects 
to this emerging approach. It elucidates four main lines of reasoning in this study that 
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contribute to an evolutionary economic geography approach to the spatial dynamics of 
knowledge networks.

First, the network concept directly pertains to the Schumpeterian notion of invention 
and innovation as new combinations of existing pieces of knowledge. Interaction across 
economic agents that differ in terms of their skills, knowledge, and experience is at the 
heart of the recombination process. Most inventions and innovations come to existence 
through collaborative efforts across organizations and involving heterogeneous individuals 
(Wuchty et al. 2007). Each of these agents introduces different knowledge and experience 
into the knowledge network. Therefore these networks can be conceived as the seedbeds in 
which recombination of knowledge and ideas can take place.

Second, the concept of proximity has a strong evolutionary connotation. Starting from 
the notion of heterogeneous agents, as outlined above, the concept describes the relative 
position of these agents in geographical, social, and cognitive space. This research has 
shown that the structure of knowledge networks among inventors depends on the positions 
they have in this multidimensional space. The extent to which actors are proximate in 
geographical, social, or cognitive terms affects the probability that they get linked in a 
knowledge network and that successful knowledge exchange and interactive learning can 
take place.

The third evolutionary line of reasoning in this study concerns path dependence. This 
research has shown that the development of knowledge networks within and across 
clusters is strongly contingent on historical developments. The Sophia-Antipolis case 
study has revealed that the historical growth pattern of the cluster affects the extent to 
which local collective learning takes place today. The study on German biotechnology has 
demonstrated that the pattern of spatial clustering in the industry has been remarkably 
stable since the industry’s inception in the 1970s. The unequal spatial configuration of 
the industry strongly affects the spatial dynamics of the network, although geographical 
proximity per se has a decreasing impact on the formation of the network. The prominent 
role of social proximity in network formation indirectly exerts an influence on the 
geographical configuration of the network. The strong inclination of inventors to repeat 
prior collaboration ties and to exploit the prior network’s resources by turning indirect ties 
into direct ties leads to a strong path-dependent process of network dynamics. This process 
tends to maintain the initial geographical imprint on the network to a considerable degree. 
Therefore, this line of reasoning calls for inclusion of cluster dynamics into a theory of the 
spatial dynamics of knowledge networks in economic geography.

Finally, this study has underlined the importance of the industry life cycle as a 
perspective at which knowledge networks can be analysed longitudinally. It has 
demonstrated that the changing characteristics of an industry over its life cycle exert 
an influence on the spatial dynamics of knowledge networks. Particularly the nature of 
knowledge and the uncertainty about the direction of technological development, which are 
subject to change over the industry life cycle, have been highlighted as relevant industry 
properties that affect network dynamics.

In conclusion, this proximity approach to the structure and evolution of knowledge 
networks bears an evolutionary signature. As such, this study contributes to the formation 
of an evolutionary theory to the spatial dynamics of knowledge networks. However, in order 
to complete such a theory two key issues, which have not been addressed in this study, need 
to be picked up in future research.
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First, as explained above, proximity can be viewed upon as an evolutionary concept that 
has proved to be relevant in explaining uneven network structures. The argument only 
goes truly evolutionary, however, when addressing the mutual dependence between 
the knowledge network and the social, cognitive, and geographical space. As suggested 
previously in this study, geographical, social, and cognitive proximity do not only affect 
network formation, they are also affected by the network’s dynamics. Such a dynamic 
proximity approach to network dynamics would certainly enrich an evolutionary 
perspective on networks in economic geography. Theoretical discussion and cross-sectional 
longitudinal empirical research could contribute to the formation of a theory that describes 
how knowledge networks and the agents contained within them co-evolve over time. Such 
a theory should provide insight into which forms of proximity drive network dynamics in 
which stages of the industry life cycle.

A second building block of an evolutionary approach to knowledge networks relates 
to cognitive lock-in (Grabher 1993) and the maturity stage of the industry life cycle. This 
study has shown that inventors tend to repeat prior collaboration linkages and tend to 
form closed triangles in the network. Both processes might lead to cognitive lock-in on 
the longer term, due to ‘decay of newness’ of information in dense parts of the network 
and a lack of inflow of ‘fresh’ knowledge through new ties or structural holes. Particularly 
in mature stages of an industry life cycle, when many firms exit the industry, the risk of 
cognitive lock-in might be considerable. Some studies suggest that firms with peripheral 
network positions have a higher probability to exit in the long run than centrally positioned 
firms (Mitchell and Singh 1996). As suggested in Chapter 5 this might contribute to the 
formation of a stable core of firms (or inventors) with a rather dense network, in which the 
risk of cognitive lock-in is substantial. How networks evolve under conditions of mature 
industries has hardly been addressed through empirical research, since most studies on 
network dynamics focus on growing networks and declining networks are a neglected field 
of study (Saavedra et al. 2008). However, an evolutionary theory to the spatial dynamics of 
knowledge networks would not be complete without understanding network evolution in 
mature and declining industries. 
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Appendix 1 
Allocation of EPO patents to industries

In order to allocate EPO patents to Information Technology, Life Sciences or Miscellaneous, 
we used the Concordance Table as developed by Schmoch et al. (2003). The following 
technological fields have been assigned to Information Technology:
•	 12	Audiovisual	Technology;
•	 13	Telecommunications;
•	 14	Information	Technology;
•	 15	Semiconductors;
•	 22	Analysis,	measurement	and	control	technology.

The following technological fields have been assigned to Life Sciences:
•	 23	Instruments	–	Medical	Technology;
•	 31	Organic	fine	chemistry;
•	 32	Macromolecular	chemistry	and	polymers;
•	 33	Life	Sciences,	cosmetics;
•	 34	Biotechnology;
•	 35	Agriculture	and	food	chemistry;
•	 36	Chemical	industry,	petrol	industry	and	basic	materials	chemistry.
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Appendix 2
Allocation of USPTO patents to industries

In order to allocate USPTO patents to Information Technology, Life Sciences or 
Miscellaneous, we used the sub-categories as used by Hall et al. (2001). The following sub-
categories have been assigned to Information Technology:
•	 2	Computer	and	Communications	(including	Communications,	Hardware	and	Software,	

Computer Peripherals and Information Storage);
•	 4	Electrical	and	Electronic	 (including	Electrical	Devices,	Measuring	and	Testing,	Power	

Systems and Semiconductor Devices).

The following sub-categories have been assigned to Life Sciences:
•	 1	 Chemical	 (including	 Agriculture,	 Food,	 Textiles;	 Coating;	 Gas;	 Organic	 Compounds;	

Resins);
•	 3	 Drugs	 and	 Chemical	 (including	 Drugs;	 Surgery	 and	 Medical	 Instruments;	

Biotechnology).
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Summary in Dutch – Samenvatting in het Nederlands

Inleiding

Het bedrijvenpark Sophia-Antipolis aan de Côte-d’Azur in Frankrijk wordt vaak gezien 
als een van de meest succesvolle en innovatieve hightech clusters in Europa. Het park 
is gespecialiseerd in Informatietechnologie en Life Science en bestaat grofweg uit 
1.400 bedrijven en onderzoeksinstellingen met in totaal ongeveer 30.000 werknemers. 
Ondanks het feit dat er binnen een dergelijk klein geografisch gebied zoveel organisaties, 
ingenieurs en technici in eenzelfde werkveld actief zijn, blijkt er op lokale schaal maar 
beperkt sprake te zijn van samenwerking en kennisuitwisseling. Een cluster zoals Sophia-
Antipolis herbergt dus niet noodzakelijkerwijs een lokaal netwerk van samenwerking en 
kennisuitwisseling.

In het licht van de bestaande literatuur op het gebied van agglomeratie en ruimtelijke 
clustering in de economische geografie is dit een opmerkelijke constatering. Deze 
literatuur benadrukt juist dat, ook in de huidige tijd van globalisering en lage 
transportkosten, intensieve vormen van kennisuitwisseling en samenwerking met name 
binnen de grenzen van een cluster gedijen. Lokale kennisnetwerken liggen hiermee voor 
een belangrijk deel ten grondslag aan het succes van deze clusters. Als gevolg van deze 
redenering is het onderscheid tussen clusters en netwerken in de clusterliteratuur sterk 
vervaagd. Er wordt impliciet verondersteld dat bedrijven binnen een cluster gelijke toegang 
hebben tot lokale kennis en in gelijke mate participeren in lokale kennisnetwerken. 
Daarbij wordt tevens aangenomen dat alle bedrijven daar in gelijke mate van profiteren, 
daardoor beter presteren dan bedrijven buiten het cluster en dat een dergelijke situatie door 
de tijd nauwelijks aan verandering onderhevig is. Dit onderzoek stelt zich ten doel deze 
tekortkomingen het hoofd te bieden door een netwerkmethodologische benadering toe te 
passen in de clusterliteratuur. In dit proefschrift worden kennisnetwerken – binnen en 
tussen clusters, in verschillende landen en door de tijd – door toepassing van methoden 
uit de sociale netwerk analyse (Wasserman en Faust 1994) bestudeerd. Daarbij wordt 
expliciet een analytisch onderscheid gemaakt tussen de begrippen clusters en netwerken. 
Een cluster is een ruimtelijk concept dat de geografische spreiding van organisaties 
of individuen beschrijft en dus de mogelijke interactie tussen deze actoren buiten 
beschouwing laat. Een netwerk daarentegen is een niet-ruimtelijk concept dat juist de 
interactiestructuur tussen een groep actoren beschrijft, onafhankelijk van het feit of deze 
actoren onderdeel uitmaken van een cluster.

Doelstelling en onderzoeksvraag

Zoals uit het voorgaande blijkt, bevindt dit onderzoek zich op het snijvlak van clusters en 
netwerken. De studie analyseert de ruimtelijke structuur van kennisnetwerken en hoe 
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deze verandert door de tijd. De doelstelling van dit onderzoek is dan ook om meer inzicht 
te verkrijgen in de factoren die invloed uitoefenen op de structuur en dynamiek van deze 
netwerken. Hierbij gaat specifiek de aandacht uit naar de mogelijke rol van geografische 
factoren in de vorming van kennisnetwerken. De centrale onderzoeksvraag is als volgt 
geformuleerd:

Welke factoren kunnen de vorming van kennisnetwerken verklaren?

Deze onderzoeksvraag kan in twee deelvragen worden opgedeeld.
•	 Hoe	 ziet	 de	 structuur	 van	 kennisnetwerken	 eruit	 en	 welke	 factoren	 liggen	 aan	 deze	

structuur ten grondslag?
•	 Hoe	evolueert	de	 structuur	van	kennisnetwerken	door	de	 tijd	en	welke	 factoren	 liggen	

aan deze dynamiek ten grondslag?

Aan de hand van de eerste vraag wordt een verklaring gezocht voor de netwerkstructuur op 
een bepaald moment. De nabijheidstypologie, zoals uiteengezet in Boschma (2005a), speelt 
hierbij een belangrijke rol. Door naast puur geografische nabijheid andere vormen van 
nabijheid te onderscheiden (zoals sociaal en cognitief), vormt deze typologie een alternatief 
voor traditionele benaderingen in de economische geografie, waarbij ook bijvoorbeeld een 
sterke sociale cohesie en een hoge mate van wederzijds begrip aan geografische nabijheid 
worden opgehangen. Op basis van deze typologie wordt het cluster neergezet als een 
gebied waar sprake is van geografische nabijheid die mogelijk maar niet noodzakelijkerwijs 
samenvalt met andere vormen van nabijheid, terwijl actoren die niet geografisch nabij zijn 
evenwel op andere dimensies nabij kunnen zijn.

De tweede deelvraag heeft een dynamisch karakter, dat voortvloeit uit de keuze voor 
een evolutionair economisch geografische benadering (Boschma and Frenken 2006). De 
dynamiek van netwerken wordt uit twee verschillende invalshoeken belicht. Ten eerste 
wordt gekeken hoe kennisnetwerken evolueren als een industrie verandert gedurende 
zijn levenscyclus (Abernathy en Utterback 1978). Ten tweede wordt een perspectief van 
ruimtelijke clustering gekozen door na te gaan hoe netwerken evolueren als clusters door 
de tijd qua grootte en samenstelling veranderen. Door middel van beide invalshoeken 
wordt de rol van geografische nabijheid in de vorming van netwerken – en vooral hoe deze 
rol door de tijd verandert – kritisch tegen het licht gehouden.

Bevindingen deelvraag 1

De onderzoeksvragen worden in dit proefschrift aan de hand van twee theoretische en 
vier empirische hoofdstukken beantwoord. De eerste deelvraag heeft betrekking op de 
verklaringsfactoren van de structuur van kennisnetwerken vanuit een statisch perspectief. 
De vraag wordt in de empirische hoofdstukken 3 en 4 in twee uiteenlopende contexten 
behandeld. In hoofdstuk 3 wordt een netwerk belicht van kennisuitwisselingsrelaties tussen 
bedrijven in een Zuid-Italiaans industrieel district dat gespecialiseerd is in de fabricage 
van schoenen. Hoofdstuk 4 richt zich op samenwerkingsnetwerken tussen individuele 
onderzoekers en technici in de Duitse biotechnologie. Waar hoofdstuk 3 betrekking heeft 
op netwerkrelaties binnen een cluster en de mate waarin relaties de grenzen van het 
cluster overstijgen, kijkt hoofdstuk 4 naar netwerkrelaties binnen de context van een land 



| 163 | 

en de mate waarin geografische en andere vormen van nabijheid aan de structuur van het 
netwerk ten grondslag liggen.

De verklaring van netwerkstructuur in hoofdstuk 3 en 4 kan worden opgedeeld in 
een geografische, sociale en cognitieve component. De geografische component heeft 
betrekking op de voorkeur van bedrijven of individuen om netwerkverbanden aan te 
gaan op korte afstand boven relaties op lange afstand. Hoofdstuk 3 laat echter zien dat er 
ondanks geografische nabijheid in het industriële district Barletta slechts beperkt sprake 
is van een lokaal netwerk van kennisuitwisselingsrelaties tussen schoenenproducenten. 
Daarbij toont de netwerkanalyse aan dat sommige bedrijven een centralere positie in het 
netwerk innemen dan andere en dat relatief veel bedrijven zelfs helemaal geen kennis 
delen met lokale partners en dus niet aan het lokale netwerk verbonden zijn. Daarnaast 
verschillen de bedrijven onderling sterk in de mate waarin zij kennis uitwisselen met 
bedrijven buiten het cluster. Veel bedrijven onderhouden relaties met partners in de rest 
van Italië en in het buitenland, terwijl andere alleen lokaal gericht zijn. Dit impliceert dat 
de bedrijven onderling sterk verschillen, zowel in de mate waarin zij kunnen beschikken 
over kennis die lokaal aanwezig is als in de mate waarin zij toegang hebben tot de vaak 
essentiële kennis die alleen buiten het cluster verkrijgbaar is. Met andere woorden: het 
kennisnetwerk waar de schoenenproducenten in Barletta deel van uitmaken valt maar in 
zeer beperkte mate met het clustergebied samen. Geografische nabijheid binnen het cluster 
is hier noch een voldoende, noch een noodzakelijke voorwaarde voor aansluiting tot het 
netwerk. Sociale en cognitieve nabijheid vormen in veel gevallen een aanvullende vereiste 
voor de totstandkoming van lokale netwerkrelaties, terwijl deze vormen van nabijheid het 
gebrek aan geografische nabijheid kunnen compenseren bij de vorming van niet-lokale 
relaties.

Deze gedachtegang wordt verder ondersteund door de empirische resultaten in 
hoofdstuk 4. In dit hoofdstuk wordt op basis van patentdata onderzocht hoe verschillende 
vormen van nabijheid de totstandkoming van samenwerkingsrelaties tussen onderzoekers 
en technici in de Duitse biotechnologie kunnen verklaren. De mate waarin twee 
onderzoekers op verschillende dimensies nabij zijn bepalen hierbij de kans dat er een 
samenwerkingrelatie tussen beiden bestaat. De statistische analyse laat zien dat er een 
relatief zwak, maar significant effect van geografische nabijheid op de totstandkoming 
van samenwerking blijft bestaan, als er wordt gecontroleerd voor het effect van sociale en 
cognitieve nabijheid. Hoewel de rol van geografische nabijheid niet moet worden overschat, 
suggereert dit resultaat dat geografische nabijheid frequent en intensief contact – en 
hiermee de uitwisseling van complexe en impliciete vormen van kennis – vergemakkelijkt 
(Zander en Kogut 1995).

De voornaamste verklaring voor samenwerkingsrelaties in de Duitse biotechnologie 
hangt echter samen met de sociale component. In deze studie is het netwerk 
van samenwerkingsrelaties voorafgaand aan de onderzochte periode gebruikt als 
benaderingsmethode voor sociale nabijheid. Het netwerk van eerdere relaties functioneert 
als een belangrijke bron van informatie over de geschiktheid en betrouwbaarheid van 
mogelijke partners (Gulati 1995). Onderzoekers die eerder hebben samengewerkt hebben 
in deze benadering maximale sociale nabijheid; onderzoekers die in het eerdere tijdvak met 
eenzelfde partner (maar niet direct met elkaar) hebben samengewerkt hebben bijvoorbeeld 
een lagere sociale nabijheid. Hoofdstuk 4 laat zien dat biotechnologie-onderzoekers niet 
alleen een sterke neiging hebben eerdere samenwerkingsrelaties te ‘vernieuwen’, maar dat 
er inderdaad een sterke tendens bestaat om relaties aan te gaan met onderzoekers met wie 
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men indirect is verbonden in het sociale netwerk van eerdere relaties. Ook in de studie van 
het industrieel district Barletta spelen sociale factoren een rol. Uit de interviews voor deze 
studie bleek dat een sterke mate van wantrouwen tegenover mogelijke lokale partners de 
totstandkoming van samenwerking en kennisuitwisseling veelal belemmert.

Tot slot heeft de structuur van kennisnetwerken ook een sterk cognitieve component. 
In de studie van hoofdstuk 3 speelt de absorptiecapaciteit – de mate waarin eerder 
vergaarde kennis een bedrijf in staat stelt nieuwe kennis op te nemen (Cohen en 
Levinthal 1990) – een centrale rol bij het verklaren van verschillen in netwerkcentraliteit 
tussen bedrijveen. Bedrijven met een sterke absorptiecapaciteit blijken beter in staat 
niet-lokale relaties op te bouwen. Dat geldt opmerkelijk genoeg niet voor het aangaan 
van lokale relaties. Dit kan worden verklaard uit het gebrek aan sociale nabijheid tussen 
lokale bedrijven alsmede uit het feit dat het technologisch meest geavanceerde bedrijf op 
lokale schaal geen kennis uitwisselt. In hoofdstuk 4 is cognitieve nabijheid gemeten aan 
de hand van technologieklassen waarin de patenten (voorafgaand aan de onderzochte 
periode) van de biotechnolgie-onderzoekers geclassificeerd zijn. Hoe groter de overlap 
in technologieklassen tussen de patentportfolio’s van twee onderzoekers, hoe groter hun 
technologische nabijheid. Uit de statistische analyse blijkt – na controle voor het effect 
van sociale en geografische nabijheid – dat onderzoekers een lichte tendens vertonen 
samenwerking aan te gaan met partners op een zekere cognitieve afstand, die over kennis 
beschikken die in hun eigen patentportfolio ontbreekt (Nooteboom et al. 2007). Een 
dergelijke uitkomst is in lijn met Schumpeter’s begrip van inventie als nieuwe combinatie 
van verschillende ‘stukjes’ bestaande kennis.

Bevindingen deelvraag 2

De tweede deelvraag heeft betrekking op de evolutie van kennisnetwerken binnen en 
tussen clusters. Hoe evolueren kennisnetwerken door de tijd en welke factoren liggen 
hieraan ten grondslag? De empirische hoofdstukken 6 en 7 leveren een antwoord op deze 
vraag aan de hand van een dynamische analyse van samenwerkingsnetwerken op basis van 
patentdata (zoals ook in hoofdstuk 4 zijn bestudeerd). In dergelijke patentnetwerken zijn 
individuele onderzoekers met elkaar verbonden als hun samenwerking ertoe heeft geleid 
dat zij op eenzelfde patent vermeld staan. Hoewel deze methodologie zeker niet alle op 
innovatie gerichte vormen van samenwerking vangt, is het voor kennisintensieve sectoren 
als de biotechnologie een uitstekende mogelijkheid om samenwerkingsverbanden terug in 
de tijd te traceren.

Hoofdstuk 6 kijkt naar de dynamiek van kennisnetwerken tijdens de opkomst en 
groei van het business park Sophia-Antipolis aan de Franse Côte-d’Azur. De vraag wordt 
gesteld in welke mate er binnen dit cluster een samenhangend samenwerkingsnetwerk 
ontstaat wanneer het cluster door de tijd in grootte en samenstelling verandert. Het 
park dat in de jaren zeventig onder sterke overheidssteun tot stand kwam doordat 
multinationale bedrijven er een vestiging openden, is in de loop der tijd met name 
gespecialiseerd geraakt in Informatietechnologie en – in minder mate – Life Science. 
Op basis van een longitudinale netwerkanalyse laat hoofdstuk 6 zien dat alleen in de 
Informatietechnologiesector een samenhangend lokaal kennisnetwerk tot stand is 
gekomen, terwijl de samenwerkingsrelaties in Life Science altijd meer op partners 
buiten het gebied gericht zijn gebleven. De verklaring hiervoor kan worden gezocht in de 
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verschillende manier waarop de specialisatie van beide sectoren historisch is gegroeid. 
In de Life Sciences is de groei van het aantal bedrijven altijd afhankelijk gebleven 
van de komst en groei van grote multinationals, die in hun samenwerking eerder 
internationaal zijn gericht. In de Informatietechnologie daarentegen veranderde de aard 
van het groeiproces, dat aanvankelijk ook gedomineerd werd door grote multinationals, 
in de jaren negentig, toen lokaal ondernemerschap (starters en spin-off bedrijven) steeds 
belangrijker werd. Deze lokale, kleinere bedrijven hebben in belangrijke mate bijgedragen 
aan de lokale vervlechting van ICT-bedrijven in een relatief samenhangend netwerk 
van samenwerkende onderzoekers. Hiermee laat deze studie zien dat de manier waarop 
ruimtelijke clusteringsprocessen plaatsvinden sterk van invoed zijn op de dynamiek van 
lokale kennisnetwerken.

Hoofdstuk 7 bekijkt de dynamiek van kennisnetwerken vanuit het perspectief 
van een industrie op nationaal niveau: de Duitse biotechnologie. Op basis van 
netwerksimulatiemethoden (Snijders 2001) wordt geanalyseerd hoe de rol van geografische 
nabijheid in de evolutie van het kennisnetwerk verandert terwijl de biotechnologie-
industrie zelf evolueert. Zoals ook theoretisch wordt onderbouwd (Zander en Kogut 1995, 
Audretsch en Feldman 1996a, Cowan en Foray 1997), blijkt uit de analyse dat geografische 
nabijheid met name in de beginfase van de industrie een belangrijke verklaringsfactor is 
voor hoe de netwerkevolutie plaatsvindt. In de sterk op kennisexploratie gerichte beginfase 
van een opkomende industrie is kennis in sterke mate impliciet en ingebed in human 
capital, waardoor kennisuitwisseling baat heeft bij geografische nabijheid. In de latere 
groeifase van de industrie, waarin exploitatie van kennis (o.a. door toepassing in producten) 
belangrijk wordt, is kennis sterker gecodificeerd. Hierdoor neemt, zoals in deze studie 
empirisch is waargenomen, de tendens om met partners op korte afstand samen te werken 
af. Tegelijkertijd neemt het belang van de vorming van ‘gesloten triades’ (een groep van drie 
actoren die onderling allen direct verbonden zijn) in de dynamiek van het netwerk toe. Bij 
het ontstaan van gesloten triades worden samenwerkingsrelaties die indirect waren – via 
een ‘tussenpersoon’ – omgevormd in directe samenwerkingsrelaties. Dergelijke gesloten 
triads functioneren als vertrouwensmechanismen, o.a. doordat directe informatie via 
indirecte kanalen kan worden nagetrokken (Uzzi 1997, Buskens 2002). Deze structuren 
winnen aan relevantie op het moment dat het ontwikkelen van commerciële toepassingen 
een belangrijkere doelstelling wordt. Met andere woorden: met het veranderen van de aard 
van kennis ofwel het technologische regime (Malerba en Orsenigo 1997) in de industrie 
heeft er een verschuiving plaats gevonden in de manier waarop samenwerking tot stand 
komt. Waar men eerst de tendens vertoont om geografisch nabij samenwerkingspartners 
te zoeken, worden partnerkeuzes gaandeweg in toenemende mate gebaseerd op informatie 
die het netwerk biedt en wordt de locatie van de mogelijke partner minder van belang.

Bijdragen aan de literatuur

De bijdragen van dit proefschrift aan de bestaande literatuur over clusters en netwerken 
liggen op drie vlakken.

De eerste bijdrage aan de literatuur heeft betrekking op de – vaak overschatte – rol van 
geografische nabijheid in de vorming van kennisnetwerken. De emprische resultaten 
in het proefschrift laten zien dat geografische nabijheid noch een voldoende, noch een 
noodzakelijke voorwaarde is voor het totstandkomen van netwerkrelaties. Geografische 
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nabijheid moet worden aangevuld met andere vormen van nabijheid zoals sociale en 
cognitieve nabijheid om lokale vormen van interactie binnen een cluster tot wasdom 
te laten brengen. De casestudies van Barletta en Sophia-Antipolis laten zien dat lokale 
netwerken ondanks geografische nabijheid vaak een erg lage dichtheid hebben. Het 
blijkt in sterke mate afhankelijk te zijn van de historische ontwikkeling van een cluster of 
samenhangende lokale netwerken ontstaan. Factoren als een gebrek aan sociaal kapitaal 
(zoals Barletta) of dominantie van internationaal georienteerde multinationals (zoals 
Sophia Antipolis) in een cluster kunnen een dergelijke ontwikkeling belemmeren.

De tweede bijdrage is gerelateerd aan de dynamische insteek van dit onderzoek. Waar het 
hoofddeel van de literatuur op het gebied van clusters (en in mindere mate op het gebied 
van netwerken) statisch is, toont dit onderzoek aan dat een dynamische analyse van clusters 
en netwerken nieuwe inzichten oplevert. Zoals in het theoretische hoofdstuk 4 uiteengezet 
wordt, zijn netwerkdynamiek en clusterdynamiek sterk aan elkaar gerelateerd. Een van de 
hoofdfactoren die in beide dynamische processen een rol speelt, is het veranderende belang 
van geografische nabijheid voor netwerkvorming over de levenscyclus van een industrie. 
Zoals empirisch wordt aangetoond in de longitudinale analyse van samenwerking in de 
Duitse biotechnologie in hoofdstuk 7 blijkt geografische nabijheid met name van belang in 
de evolutie van kennisnetwerken bij jonge sectoren waar kennis sterk impliciet (tacit) is. Dit 
belang neemt af naarmate kennis meer wordt gecodificeerd.

De derde bijdrage ligt op het vlak van de sociale nabijheid. In alle empirische studies 
komt sociale nabijheid naar voren als een centrale verklaringsfactor voor de structuur 
en dynamiek van netwerken. Zoals de beide studies van de Duitse biotechnologie laten 
zien functioneert een netwerk als een sociaal systeem dat de keuze van partners op 
een later tijdstip beïnvloedt. In het netwerk circuleert informatie over de geschiktheid 
en betrouwbaarheid van mogelijke nieuwe partners die in de zoektocht naar nieuwe 
samenwerkingspartners kan worden gebruikt (Gulati 1995). Niet alleen worden door de 
tijd veel samenwerkingsrelaties vernieuwd, men vindt ook nieuwe partners via indirecte 
verbindingen in het netwerk van eerdere samenwerkingsrelaties. Als er bij een dergelijke 
nieuwe link in de eerdere situatie sprake was van één tussenpersoon worden gesloten 
triades gecreëerd, die op hun beurt als micromechanismen van vertrouwen functioneren.

Suggesties voor verder onderzoek

De toepassing van netwerkanalytische methoden heeft pas relatief recentelijk zijn intrede 
gedaan in de economisch geografische literatuur op het gebied van ruimtelijke clustering. 
Ondanks de eerder genoemde bijdragen aan de literatuur, laat dit onderzoek dan ook nog 
vele onderzoeksvragen onbeantwoord. Suggesties voor verder onderzoek op dit gebied 
kunnen grofweg worden onderverdeeld in drie categorieën.

Een eerste categorie betreft het onderzoek naar het effect van netwerken en 
netwerkpositie op innovatiekracht, zowel op bedrijfsniveau als op regionaal niveau. Hoewel 
er al een serieus aantal empirische studies op dit vlak bestaat (bijv. Uzzi 1996, Fleming et 
al. 2007a), is er nog weinig consensus over hoe netwerken innovatiekracht beïnvloeden. 
Hierbij speelt bijvoorbeeld het debat of juist open (structural holes) of gesloten (triadic 
closure) netwerkstructuren creativiteit en innovativiteit in de hand werken. Daarnaast 
speelt er bij onderzoek naar de invloed van centraliteit op innovatie een probleem van 
omgekeerde causaliteit: worden centrale actoren innovatiever of worden innovatieve 



| 167 | 

actoren centraler? Toekomstig onderzoek zou juist via een dynamische studie moeten 
bepalen hoe deze wederzijdse relatie in elkaar steekt. Iets wat daarbij ook beter belicht zou 
moeten worden is de rol van bedrijfsinterne factoren. Hoe kunnen verschillen worden 
verklaard in de mate waarin bedrijven in staat zijn te innoveren op basis van de kennis die 
via netwerkrelaties binnenkomt?

Een tweede categorie suggesties voor toekomstig onderzoek ligt op het methodologische 
vlak. Het potentieel dat netwerkanalytische methoden de economische geografie 
bieden is verre van uitgeput. Een voorbeeld in dit opzicht is veelvuldiger gebruik van 
netwerksimulatietechnieken (zoals in hoofdstuk 7) die de drijvende krachten achter 
netwerkdynamiek aan het licht kunnen brengen. Tegelijkertijd brengt het toepassen van 
netwerkanalytische methoden ook de nodige beperkingen met zich mee, die in toekomstig 
onderzoek het hoofd moeten worden geboden. In dit verband valt bijvoorbeeld te denken 
aan het gebruik van patentdata voor de reconstructie van netwerken. Patentdata leveren 
immers geen volledig beeld op van alle samenwerkingsactiviteit gericht op innovatie, 
omdat sommige actoren (zoals universiteiten) en activiteiten (fundamenteel onderzoek, 
bepaalde sectoren) in patentdata ondervertegenwoordigd zijn.

Een derde uitdaging voor toekomstig onderzoek heeft betrekking op een dynamische 
invulling van het nabijheidsconcept. In dit proefschrift is de aandacht uitgegaan naar de 
invloed van nabijheid op netwerkvorming. Ook hier speelt mogelijk een tegengestelde 
kracht een rol: samenwerking in netwerken kan ook de nabijheid tussen de betrokken 
actoren beïnvloeden. Zo worden twee bedrijven die vaak samenwerken sterker cognitief 
nabij, doordat gezamenlijk nieuwe kennis wordt opgebouwd. Omdat men elkaar als 
gevolg daarvan op een bepaald moment geen nieuwe kennis meer te bieden heeft, zou 
de behoefte om samen te werken kunnen verdwijnen (Nooteboom 2000b, Cowan et al. 
2006). Netwerkanalytische methoden die ook de inhoud van netwerkrelaties in acht nemen 
(zogenaamde content-based netwerkanalyse) vormen in dit verband een veelbelovende 
richting van onderzoek. Ook netwerksimulatietechnieken, die door de dynamische insteek 
de richting van de causaliteit tussen nabijheid en netwerkvorming kunnen detecteren, 
kunnen in dergelijk onderzoek een centrale rol vervullen. 
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