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Abstract 
Building on previous literature that provides extensive evidence concerning flows of knowledge generated 
by inter-firm agreements, in this paper, we aim to analyze how the occurrence of such collaborations is 
driven by multi-dimensional proximity among participants and by their position within firms’ networks. 
More specifically, we assess how the likelihood that two firms set up a partnership is influenced by their 
bilateral geographical, technological, organizational, institutional and social proximity and by their position 
within networks. Our analysis is based on agreements in the form of joint ventures or strategic alliances, 
announced over the period 2005-2012, in which at least one partner is localized in Italy. We consider the full 
range of economic activities, which allows us to offer a general scenario and to investigate specifically the 
role of technological relatedness across different sectors. The econometric analysis, based on the logistic 
framework for rare events, provided three noteworthy results. First, all five dimensions of proximity jointly 
exert a positive and relevant effect in determining the probability of inter-firm knowledge exchanges, 
signaling that they complement each other rather than function as alternative channels. Second, the highest 
impact on probability is due to technological proximity, followed by organizational, geographical and 
institutional proximities, while social proximity has a limited effect. Third, we find evidence concerning the 
positive role played by networks, through preferential attachment effects, in enhancing the probability of 
inter-firm agreements. 
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1. Introduction 

The exchange of knowledge among firms is facilitated by their geographical proximity, 

given that knowledge has, in part, a tacit nature that tends to bind the spatial scope of spillovers 

(Jaffe et al., 1993; Audretsch and Feldman, 1996). Notwithstanding the much-investigated role of 

geography, the most recent literature has highlighted that inter-firm exchanges can also be mediated 

by other dimensions of closeness, which may have an a-spatial nature, such as cognitive, 

institutional or organizational proximity (Torre and Gilly, 2000; Boschma, 2005). Moreover, 

interactions among economic agents create social links that, over time, tend to evolve into wider 

networks, which are likely to facilitate the future exchanges of knowledge and moderate the adverse 

effects of other distances (Boschma and Frenken, 2009). 

A growing body of empirical research has extensively analyzed the characteristics of 

networks that are expected to prompt innovation diffusion by considering various forms of 

connections among agents. These include participation in research programs (Autant-Bernard et al., 

2007; Maggioni et al., 2007; Balland 2012), co-patenting (Cantner and Meder, 2007; Maggioni et 

al., 2007; Cassi and Plunket, 2013), citations (Maurseth and Verspagen, 2002; Paci and Usai, 2009), 

co-publications (Ponds et al., 2007), applicant-inventor relationships (Maggioni et al., 2011; Picci, 

2010) and human capital mobility (Miguélez and Moreno, 2013; Breschi and Lissoni, 2009). 

In this paper, we intend to follow a novel route by investigating the knowledge exchanges 

generated by two particular modes of agreements among firms: joint ventures and strategic 

alliances. The management and the economic literature (Kogut, 1988; Inkpen, 2000; Oxley and 

Sampson, 2004, Gomes-Casseres et al. 2006) has remarked how such inter-firm agreements, 

regardless of their specific nature and main motivation, create the conditions for knowledge sharing, 

mainly based on monitoring mechanisms and alignment of firms’ incentives, and thus represent an 

important channel of knowledge exchange among the companies involved. Indeed, firms perform 

several activities before, during and after the agreements that allow partners to access and share 

knowledge-based resources, often embedded within the organizations and thus restricted to their 

members (Muthusamy and White, 2005; Janowicz-Panjaitan and Noorderhaven, 2008; García-

Canal et al., 2008). Beginning during the preliminary stages of the agreement, such activities 

involve information flows among managers and employees, which may entail access to new 

technologies and organizational competencies, integration, sharing or transfer of capabilities, 
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human and organizational resources, and, finally, formal and informal inter-organizational learning 

processes.1 

It is worth noting that knowledge spillovers are an unavoidable result of involvement in 

inter-firms agreements, notwithstanding the efforts that individual companies put to protect their 

knowledge capital. Such inevitable transfer of knowledge is so ingrained in joint ventures or 

strategic alliances that in certain cases, such as when firms are competitors in end products (Oxley 

and Sampson, 2004), partners tend to restrict the scope of the agreement activities up to the point 

where they can still accrue the potential gains of cooperation but sharing a limited and selected 

amount of knowledge. 

The aim of this paper is to analyze how the occurrence of inter-firm collaborations and the 

consequent knowledge exchanges among partners are driven by different dimensions of proximity 

among participants and by the features of the networks in which they are involved. More 

specifically, we assess the likelihood that any two firms choose to activate a bilateral partnership (or 

take part in a multi-participant agreement) in relation to their reciprocal geographical, technological, 

organizational, institutional and social proximities. Moreover, on the basis of the past experience of 

each firm, we assess whether their position within the network has an additional effect on the 

occurrence of inter-firm agreements, while controlling for several other characteristics at firm, 

industrial and regional level. 

We base our empirical analysis on announced agreements over the period from 2005 to 

2012, in which at least one firm is localized in Italy, including both domestic and international 

collaborations. In total, we examine 631 agreements involving 1078 firms. An original feature of 

our study is that we consider agreements covering all economic activities, which allows us to offer a 

wide-ranging scenario with respect to previous contributions on the role of proximity based on 

individual data. To the best of our knowledge, previous studies limit their investigations to a single 

industry, such as footwear (Boschma and Ter Wal, 2007), nanotechnology (Autant‐Bernard et al., 

2007), aviation (Broekel and Boschma, 2012), biotechnology (Fornahl et al., 2011), global 

navigation satellite systems (Balland, 2012), wine (Giuliani, 2010) and genomics (Cassi and 

Plunket, 2013). Other studies give a global picture of the role of proximity with respect to the whole 

economy but are conducted on data aggregated at the regional level (Marrocu et al., 2013; Maggioni 

                                                 
1 Inkpen (2000) reports an illuminating example on how firms learn through alliances. He comments on the case of 
alliances formed by Sony Corp. with computer and telecommunication firms with the aim to create new technology for 
its consumer electronic products. “These alliances provide Sony with access to a wealth of new knowledge, such as how 
to manage product development cycles that are much faster in the computer industry than in consumer electronics. In 
forming these alliances, Sony personnel at various organizational levels will gain access to new knowledge. The 
challenge for Sony and other firms involved in alliances, and for all firms seeking access to knowledge beyond their 
boundaries, is to incorporate disparate pieces of individual knowledge into a wider organizational knowledge base” 
(page 1021). 
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et al., 2015). Our study represents a novel contribution in investigating five dimensions of 

proximity within a multi-sector framework and in testing whether they exert distinctive effects or 

they can substitute each other to some extent. Moreover, our empirical analysis is one of the first to 

be carried out within the French School of Proximity2 approach for the case of joint venture and 

strategic alliances, which so far has been under-investigated within such perspective. 

The choice to restrict the sample to the set of agreements of just one country (Italy in our 

case) is recurrent along this research avenue for two reasons. Firstly, when analyzing firm 

partnerships across different countries, the network structure becomes virtually worldwide, reaching 

high degrees of complexity. The country-study approach, therefore, allows researchers to obtain a 

manageable dataset and computationally less demanding proximity and network indicators for each 

pair of firms. Secondly, this choice does not alter the general validity of the results because, as 

noted by Narula and Hagedoorn (1999), firms’ propensities to initiate an agreement are much more 

influenced by sectoral determinants than by country features3.  

This is confirmed by examining the distribution of agreements by the number of partners: in 

our sample, 90% of them involve only two partners; such proportions are very similar to the one 

(88%) reported by García-Canal et al. (2008) for 15 countries of the European Union. Additionally, 

the geographical distribution of the deals does not show any relevant country-specific features: for 

the Italian case, only 15% of the firm pairs involved in the agreements are domestic (i.e., both firms 

located in Italy), which is very similar to what is recorded for France (11%) or Germany (12%).4 

The econometric analysis, based on the logistic framework for rare events, provided three 

main results. First, all five dimensions of proximity jointly exert a positive and relevant effect in 

determining the probability of inter-firm knowledge exchanges, signaling that they complement 

each other rather than act as alternative channels. Second, technological proximity, exhibits the 

highest impact on probability, followed by the geographical, organizational and institutional 

proximities, whereas social proximity has a limited effect. Third, firms’ network positioning, in 

terms of preferential attachment, significantly enhances the probability of inter-firm agreements. 

                                                 
2 The French School of Proximity was founded in the early 1990s by a group of French regional scholars, whose main 
aim was to develop and apply a multi-faceted concept of proximity to the study of industrial and spatial dynamics 
(https://frenchschoolofproximity.wordpress.com). 
3 This is particularly true when one compares main advanced countries, which share similar industrial structures and 
where the use of strategic alliances varies mainly across industries. Their use is particularly frequent in capital and 
knowledge intensive sectors, that is those sectors where firms have expanded internationally fastest and where they 
need not only to compete in various markets simultaneously, but also to exploit and acquire assets and technologies 
(Narula and Duysters, 2004). Inertia may also explain some industry specific trends which may depend on emulation. 
According to Narula and Hagedoorn (1999, p. 292) “firms simply do whatever firms in the same industry do”. 
4 Moreover, the recent empirical literature (see among others, Helpman et al. 2004) on international exchanges has 
emphasized the crucial role played by firms’ specific characteristics in determining their cross-border strategic 
behavior. 
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The remainder of the paper is organized as follows. In the second section, a detailed 

description of the data on inter-firm agreements is offered. In the third section, we present the 

empirical model and describe how we operationalize the proximity and network measures. In the 

fourth section, we address some econometric issues and present our estimation strategy. The 

econometric results are discussed in section 5, while concluding remarks are provided in section 6. 

 

2. Inter-firm agreements 

In this section, we describe the data on inter-firm agreements, which we propose as an 

indicator apt to account for knowledge exchanges occurring among companies. Data on announced 

agreements over the period 2005-2012 are collected from the SDC Platinum database (Thomson 

Financial) and include all the deals involving at least one partner located in Italy. Our data on inter-

firm agreements comprise both joint ventures and strategic alliances. A joint venture is defined as a 

cooperative business activity formed by two or more firms that creates an independent organization 

and allocates the ownership, operational responsibilities and financial risks and rewards to each 

partner while preserving their separate identities. A strategic alliance is a cooperative activity 

formed by two or more organizations for a wide range of strategic purposes (manufacturing, 

licensing, marketing, supply, technology transfer) that does not create an independent entity but 

establishes a contractual agreement among the partners, which remain independent organizations. 

From Table 1, we see that the total number of agreements is 631, which involved 1078 

different organizations, of which 511 are Italian. Agreements can be simple or complex depending 

on the number of potential partners involved5. Table 1 clearly shows that most of the partnerships 

(570) do not go beyond the simplest form, a single pair of firms. Only 10% of total exchanges 

involve more than two partners, with a maximum of seven organizations engaged. Given the 

presence of deals among multiple partners, the number of actual pairs – 887 – is higher than the 

number of agreements, as shown in Table 1. The firm dyads are formed either in joint ventures 

(607) or in strategic alliances (280). 

Table 1 also offers interesting information on the quota of announced agreements that were 

completed (382, equal to 43% of the total). The agreements aggregated in the uncompleted category 

can take on a different status, such as pending, letter of interest or renegotiated. It is important to 

remark that because we are using the agreements as a proxy of knowledge exchanges among 

partners and given that these exchanges also take place in the preliminary and earlier stages of the 

contract, independently from their successive progress, we prefer to consider all the announced 

agreements in our analysis. Another interesting aspect concerns the localization of partners, that is, 
                                                 

5 This makes our network an affiliation one (a two-mode network), even though this particular feature is not exploited 
in our analysis. 
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the place where the headquarters are located. Table 1 shows that most pairs are formed by an Italian 

and a foreign partner (72%), with both partners located in Italy in only 15% of cases, and both 

partners being foreign in 14% of cases.6 The last information included in Table 1 is crucial to 

understand the nature of our network. The proportion of actual pairs on total population is just 

0.15%, which makes the occurrence of an agreement a rare event, so that the implied network has a 

very low density. 

Given our interest in spatial proximity, in Table 2, we report the geographical location of the 

participants, which are located in 61 different countries and in 197 Territorial Level 2 (TL2, OECD) 

regions all over the world. Most partners (47%) are obviously firms located in Italy, followed by 

those situated in other EU countries (13%); as expected, EU firms represent the most frequent 

partners for the Italian companies due to their closeness in terms of geography and other proximity 

dimensions. Widespread exchanges are also recorded, with almost 12% of the partners located in 

the United States. Interestingly, among the most common partners, we also find firms located in 

emerging countries, such as India (7%), China (4%) and Russia (4%).  

Finally, in Table 3, we report the distribution of the 631 agreements (first two columns) and 

of the 1078 participants (last two columns) across economic sectors, according to the Standard 

Industrial Classification (SIC) divisions. As expected, most agreements refer to manufacturing 

(34%), while another large proportion (14%) refers to service sectors, such as Personal and 

Business, Finance Insurance and Trade and Transportation, Energy and Sanitary services. Nearly 

the same shares can be found for the distribution of participants, except for the fact that the 

manufacturing sector has a higher quota (47%). 

 

3. The empirical model 

As stated in the introduction, we focus on the case of cooperation agreements as an indicator 

of knowledge flows because they imply a complex and lengthy process of interactions involving 

two or more partners. The purpose of our analysis is to model the probability that any two firms 

exchange knowledge by means of taking part in an agreement as a function of the bilateral 

geographical, technological, organizational, institutional and social measures of proximity and of 

the individual firm’s network positions. The general form of our empirical model is: 

Prob (inter-firm agreement) = f (proximities, firm network position, firm/regional/industrial controls)       (1) 

                                                 
6 Given the selection criteria of our sample, the pairs with both foreign participants are necessarily part of a larger 
agreement where at least one Italian firm is also included. 
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In this section we discuss the rationale for including the five dimensions of proximity and 

the network indicators, and we describe in detail how they are measured. The list of variables, along 

with some basic statistics, is reported in the Appendix. 

 

3.1 The dependent variable 

The observational unit in our model is represented by pairs of firms, and the dependent 

variable is constructed as a binary variable that takes value 1 when an agreement was announced 

between any two companies over the period 2005 – 2012 and 0 when a pair of firms could have set 

up a deal but did not. We refer to the latter as “potential” pairs. To identify the potential firm dyads, 

we apply the approach followed, among others, by Autant-Bernard et al. (2007) and Cassi and 

Plunket (2013). This requires pairing the 1078 firms involved in the 631 agreements included in our 

sample to obtain all possible pairs, which are 580,503.7 Of this total, 887 pairs were involved in 

actual agreements, while the remaining 579,616 were not; therefore, they are considered “potential” 

pairs and act as “controls” in the estimation because they are formed by the most similar firms with 

respect to those which were involved in the agreements. They have in common the propensity to 

take part in such a type of collaborations, a characteristic which is not observable for firms without 

a contract. If the latter were also included, a source of unobservable firm heterogeneity would have 

been introduced, and this could have biased the results. In our sample, the number of firm pairs 

involved in agreements is equal to 0.15% of total possible dyads: setting up partnerships is clearly a 

rare event (Table 1). Therefore, we apply the methodology for rare events proposed by King and 

Zeng (2001), discussed in detail in section 4, where we address some relevant estimation issues.  

 

3.2 Proximity dimensions 

In this section we provide a detailed description of the different proximity dimensions  

included in the empirical models, and on how we operationalized their measurement. It is worth 

noting that in most cases they are measured as binary variables taking the value of 1 when any two 

firms share the same characteristic, so that they can be considered proximate with respect to that 

specific dimension. 

Geographical proximity. The ability of a firm to use ideas and technologies created and 

developed by other firms is a crucial mechanism for knowledge accumulation and economic growth 

at both the micro and macro levels (Rallet and Torre, 1999; Romer, 1986). Such diffusion can be 

facilitated when knowledge, especially in its tacit form, can be transmitted among agents that are 

physically proximate (Von Hippel, 1994). Consequently, spatial proximity has been the most 
                                                 

7 Because actual agreements are set up by firms that may operate in different productive sectors, we do not impose any 
restriction on the potential pairs on the basis of firms’ productive relatedness. 
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thoroughly investigated dimension in the wide literature on knowledge flows and spillovers (Jaffe, 

1986; Jaffe et al., 1993; Anselin et al., 1997). We measure geographical proximity by the inverse of 

distance between the locations of the partners (in kilometers).8 We also control for co-location 

effects at the country and regional level by considering two additional dummies, same country and 

same region, taking value 1 when any two firms are located in the same country or in the same TL2 

region, respectively. It is worth noting that co-location may enhance the partnering probability 

thanks to proximity arising from a wide range of factors, which includes sharing the same 

institutional setting and/or cultural background.9 

Technological proximity. It is a commonly accepted idea that knowledge transfer is not an 

easy, smooth or generally accessible process (Cohen and Levinthal, 1990). It may require specific 

and appropriate absorptive capacity, which entails a homogenous cognitive base to understand and 

effectively process the available knowledge (Nooteboom, 2000). Essentially, firms are 

technologically proximate when they are either related to each other or they are similar in what they 

produce and/or how they produce it.10 Following Ellwanger and Boschma (2013) we assume that 

such a common base can be adequately approximated by technological relatedness between 

partners. Therefore, we compute a set of five mutually exclusive technological interaction dummies 

which measure the decreasing degree of technological similarity. These dummies are based on the 

primary economic activity, which is reported in the SDC database at the 4-digit SIC code for each 

participant.11 The first interaction dummy (same industry) takes the value of 1 when the partners 

operate in the same 4-digit SIC Industry and the value of 0 when the two firms operate in different 

Industries. It is interesting to note that this strong sectoral affinity is not unusual, as it occurs in 

almost 28% of the firm pairs involved in the actual agreements. The dummy same industry group 

takes the value of 1 when the highest degree of industrial relatedness is at the 3-digit SIC Industry 

Group and 0 when the two firms operate in different industry groups or are related at a finer 

                                                 
8 For the case of extra-European companies, given the difficulties of finding the exact location of the firms, we have 
used the location of the country capital as a proxy. 
9 In order to account for similarity at country level mainly related to cultural and institutional factors we also consider a 
dummy taking value 1 when the firms are located in countries which have in common the same official language and 
the difference in the level of perceived corruption in the public sector (source: Transparency International). The latter 
variable is expected to account for cultural differences, with a connotation specifically related to cultural elements 
directly linked to economic activities. 
10 A more general aspect of technological proximity relates to cognitive proximity, that is closeness in cognitive tools, 
language, theories, factual knowledge and methodologies. Boschma (2005) includes both concepts in one category, that 
is cognitive proximity, whereas Knoben and Oerlemans (2006) make a subtle distinction. They suggest that the main 
dissimilarity rests on the fact that cognitive proximity “refers to the extent to which actors can communicate efficiently, 
whereas technological proximity refers to the extent to which actors can actually learn from each other” (p. 78). 
11 The Standard Industrial Classification is organized in 10 Divisions (1-digit classification), 83 Major groups (2-digit), 
410 Industry groups (3-digit) and 965 Industries (4-digit). 
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industrial disaggregation.12 Using the same methodology, we compute the next dummies for the 2-

digit SIC Major group (same major group), for the 1-digit SIC Division (same division) and, 

finally, for the case (different division) when the partners operate in different divisions 

(conglomerate agreements). This last dummy is not included in the regressions so that firms 

operating in different divisions – the least proximate ones – represent the reference group; this final 

case is the most recurrent one as it is observed in 316 out of 887 cases (approximately 35%). 

Organizational proximity. The exchange of information and knowledge can be influenced 

by the membership of individuals in the same club, group or organization, which generates strategic 

interdependence. The common membership implies the sharing of a set of rules and practices, based 

on organizational arrangements, which are crucial in reducing uncertainty and opportunistic 

behavior (Kirat and Lung, 1999). Such arrangements can be either within or among firms and may 

take different forms, ranging from informal relations among companies to formally organized firms. 

In our empirical analysis, as in Balland et al. (2013), we measure organizational proximity with a 

dummy variable (same group) equal to 1 if the two participants involved in a partnership have the 

same ultimate parent company, that is, they belong to the same corporate group, and 0 otherwise. 

Institutional proximity. The exchange of ideas among economic agents may be easier and 

more effective if such agents share the same institutional framework. Formal and informal 

institutions, such as laws, rules and norms, can provide a set of standard procedures and routines 

that are shared by firms and, therefore, taken for granted. This common institutional background is 

crucial in reducing uncertainty and lowering transaction costs and, thus, favors pro-cooperative 

attitudes. These, in turn, enhance the possibility of an agreement and the exchange of knowledge 

(Maskell and Malmberg, 1999; Gertler, 2003). Following previous studies (Ponds et al., 2007; Cassi 

and Plunket, 2013), institutional proximity at the firm level is measured by means of a dummy 

variable based on the status of the two partners. More specifically, the dummy (same status) takes 

value 1 if the two firms share the same institutional status (both listed in a stock exchange market, 

or private, or subsidiaries, or government bodies). In our data, for 38% of pairs involved in actual 

agreements, the two partners are institutionally similar. As an alternative measure, we also compute 

another dummy (both partners independent) taking the value of 1 if the partners are both 

independent entities. This is a very frequent case in our sample, as it involves almost half of the 

firm pairs (47.8%). 

Social proximity. The existence of social ties among individuals is another important catalyst 

for the exchange of ideas and knowledge (Granovetter, 1985). The analysis of social networks is 

                                                 
12 Note that these first two dummy variables indicate that the two participants in the agreement operate in very similar 
economic activities; thus, the two dummies also proxy the direct competition among partners (García-Canal et al., 
2008). 
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therefore vital to understanding the phenomena of knowledge creation and diffusion.13 Social 

proximity is generally associated with relationships between actors resulting, for example, from past 

collaboration (Breschi and Lissoni 2009). Previous experiences may grant a certain level of 

predictability, reduce the perceived risk of conflict and add to trust among economic agents (Uzzi, 

1996 and Mattes, 2012). This contributes to informal knowledge flows, which in turn lead 

organizations with a common partner to be more likely to interact and collaborate, especially within 

a risky and uncertain environment, such as that of technological change and innovation. We 

measure social proximity by means of social network analysis using pre-sample information on 

agreements announced in the past, starting from the year 2000. We assume that past direct and 

indirect relationships provide a facilitating environment for sharing knowledge in the future. 

Consequently, as in Autant-Bernard et al. (2007) and Balland (2012), we assume that the degree of 

social proximity is the inverse of the geodesic distance, which is a measure of the shortest path 

between two nodes (i.e., firms). This distance ranges from one (when two nodes are directly linked 

because they have been partners in the past) to infinity (when two nodes are virtually infinitely 

distant and neither they nor any of their direct and indirect partners ever met in the past). As a 

result, our social proximity indicator goes from zero (maximum geodesic distance) to one 

(minimum geodesic distance). To extract as much information as possible from our data, we 

compute the inverse of the recursive measure of geodesic distance (inverse geodesic distance) 

between firm i and firm j in all available previous years.14 A robustness test is also performed by 

using the inverse of the geodesic distance computed considering only the previous five years 

(inverse geodesic distance – previous 5 years). 

 

3.3 Individual network characteristics  

Social ties may be the result of an individual attitude or customary behavior and thus have to 

be examined from two complementary perspectives: the single node and the entire system 

perspective (Bramanti and Maggioni, 1997). To this aim, we introduce a set of additional measures 

that takes into account each firm’s single social position within the network of potential ties. Such 

measures supplement the information on the bilateral notion of social proximity, discussed above. 

The theoretical literature has shown how different network architectures may impact knowledge 

                                                 
13 We also consider operationalizing social proximity by relating it to the notion of social capital. However, social 
capital indicators are available only either at the country level or at the regional level but for a subset of European 
countries. In the former case the social proximity variable would be very collinear with the same country dummy, 
which proves to be an adequate proxy for co-location effects and institutional proximity. In the latter case this choice 
would be inconsistent with the endogenous stratified sampling design adopted to select the “controls” and would 
considerably alter the network structure of the partners involved in the agreements. Since both limitations are likely to 
bias the results we do not include the proximity indicator related to social capital. 
14 This implies that the reference period for 2005 is the five-year period from 2000 to 2004, whereas the reference 
period for the 2012 observations is the period from 2000 to 2011. 
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growth and diffusion (Cowan and Jonard, 2004, Cowan et al., 2004 and Ter Wal and Boschma, 

2009). Consequently, several empirical studies (Balland et al., 2013, Autant-Bernard et al., 2007, 

Cassi and Plunkett, 2013, Giuliani, 2010) have investigated to what extent the position of firms 

within the network influences knowledge diffusion. We follow this research path by considering 

three measures related to the network characteristics featured by each firm over the previous years, 

starting from the year 2000. These indicators are expected to account for firms’ past experience in 

partnering. Social network analysis has defined two main hypotheses to better qualify the position 

of a firm within a network. These are the preferential attachment hypothesis and the transitivity 

hypothesis. 

According to the preferential attachment hypothesis, actors are more inclined to link to the 

most connected individuals. Agents with a large number of relations are more attractive because 

they are supposed to be more productive or more trustworthy (Barabasi and Albert, 1999). A firm’s 

preferential attachment is usually measured in terms of the number of its previous partnerships. 

Therefore, for each firm, we count the relations in which it was involved in the past, and this 

provides the basic information to compute its degree of centrality.  

The transitivity hypothesis states that some agents are more reachable than others because of 

their relative position in the network. Some nodes are relatively closer to all other nodes, and 

therefore, they represent a more effective route to connect to potential nodes to obtain information 

and acquire knowledge. It is important to note that the literature usually refers to transitivity when 

organizations that have a partner in common are more likely to partner themselves, thereby 

effectuating triadic closures (Cassi and Plunkett, 2013). In our work, we prefer to employ a more 

general concept and indicator, because triadic closures are very rare in our sample. We thus 

measure the transitivity property by referring to either the notion of closeness centrality or the 

notion of betweenness centrality. The former indicator is the inverse of the sum of the distances of a 

node to all other nodes divided by the total distance, and it is a measure of either how long it takes 

to spread information from one node to all other nodes sequentially or how long it takes to retrieve 

information from all other nodes. The latter indicator measures the extent to which a node falls on 

the geodesic paths between other pairs of nodes in the network and indicates its potential for 

intermediation among actors. It is given by the number of shortest path which cross one node 

divided by the total number of shortest paths. 

 The expected impact for both phenomena – preferential attachment and transitivity – is 

positive because firms are supposed to be willing to maximize the opportunity to obtain knowledge 

from the whole network, thus connecting to the most joined and central firms. However, a negative 

effect could also arise when firms are worried that linking to a central and highly connected partner 
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may jeopardize the appropriability of their knowledge (Autant-Bernard et al., 2007). In the 

empirical model we include one network indicator at a time because they are highly correlated; 

moreover, because the degree of centrality exhibits more variability in our sample it is considered 

more informative and, therefore, included in the baseline specification.  

 

3.4 Other controls 

In our empirical model we also control for various characteristics at the firm, industrial and 

regional level. More specifically, we include information on each firm’s status, organization, 

ownership nationality, geographical location and principal sector of activity. Regarding the status, 

we have computed two dummies (listed and private) for the most recurrent actual cases that account 

for the firm being publicly traded on a stock exchange market (40%) or being a private company 

(33%); in other words, a company owned either by non-governmental organizations or by a 

relatively small number of shareholders, often a family in Italy.15 We have also included a dummy 

(independent) taking the value of 1 when the participant is an independent firm (i.e., when the 

ultimate parent company corresponds with the partner itself, 68% of the cases) and a dummy 

(foreign) taking the value of 1 for foreign-owned companies (10%). 

The propensity to exchange knowledge through inter-firm agreements may also depend on 

the characteristics of the type of economic activity performed by firms and by the economic context 

where firms are localized. We, therefore, control for such differences by including ten mutually 

exclusive dummies for the 1-digit SIC divisions of economic activity and seven mutually exclusive 

regional dummies to take into account firm’s spatial localization. This can be in one of the five 

Italian NUTS1 macro regions (North-West, North-East, Centre, South and Islands) or in one of the 

European Union countries or in an extra-EU country. Moreover, although we expect that firms tend 

to integrate more the higher is the knowledge intensity of their production, this can happen with 

some variability depending on the local context. To account for this feature we also include 

sectoral-regional interaction terms, which are obtained by multiplying the regional dummies with 

binary variables for the manufacturing and the service macro-sectors. 

 

4. Estimation issues for rare event logit models 

The analysis of the effects of networks and proximities on the probability that two firms 

exchange knowledge through an agreement is performed within the logistic framework for rare 

events. As stated above, this entails creating the dependent variable (Y) taking value 1 for pairs of 

firms (887) which actually established a cooperative link during the period 2005-2012 and 0 for 
                                                 

15 In addition to the main institutional status represented by these two dummy variables, firms can also be subsidiaries, 
joint ventures or governmental organizations. 
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dyads of firms (579,616) that could have set up an agreement but did not. These are considered 

“potential” pairs and act as “control” pairs in the estimation, as detailed below.  

By comparing the high number of potential pairs with the one related to actual deals (0.15% 

of all possible pairs), it is evident that setting up a cooperative agreement can be considered a rare 

event. In this case, given the disproportionate number of 0 observations, the logit model estimated 

on the total number of firm pairs would severely underestimate the probability of occurrences.16 

Following King and Zeng (2001, 2002), we apply the choice-based or endogenous stratified 

sampling approach, which requires selecting all the observations for which Y=1 (the “cases”) and 

randomly (independently from the explanatory variables) selecting the observations for which Y=0 

(“controls”). Thus, all the actual pairs are considered relevant and informative observations, 

whereas this is the case only for a very limited proportion of the controls. It is important to note that 

selecting on the zeroes also allows for more efficient data collection because only a small part of 

these observations contribute to the information content of the explanatory variables. As is well 

known, data selection based on Y induces bias, and it is therefore necessary to apply the appropriate 

statistical corrections to obtain consistent and efficient estimators. The most applied ones are based 

on prior correction and on the weighting method, both of which require prior knowledge of the 

population proportion of ones.17  

It is worth noting that we have also to face another issue related to sample selection because 

the decision to set up an agreement - rather than consider other forms of collaboration - might be 

driven by the fact that a firm knows its proximate potential partners. To attenuate the possible 

selection bias, we apply the independence-in-conditional-mean approach by including in our models 

a wide range of firms’ characteristics, which are jointly likely to affect firms’ collaboration modes. 

Such characteristics, described in Section 3, are related to firm’s status, organization, ownership 

nationality, operating division and geographic location. Once we control for these individual firm 

                                                 
16 For a comprehensive discussion of the econometric methodology to estimate logit models for rare events, refer to 
King and Zeng (2001). They show that in the case of rare events the intercept coefficient is estimated with bias; the 
negative bias in such coefficient implies that the expected probability is also underestimated. However, it is not 
sufficient to correct the intercept for bias, it is also necessary to account for estimation uncertainty, otherwise the bias is 
magnified by the too small variance of the estimator distribution. In order to account for estimation uncertainty King 
and Zeng propose two methods: an analytical approximation and an approximate Bayesian estimator. The latter is 
proved to be superior in terms of mean square error and therefore we applied it in all our empirical models. 
17 We recall that the prior correction method is less computationally demanding because it entails only correcting the 
constant estimate on the basis of the population proportion of ones; the maximum likelihood estimators for the 
coefficients associated with the explanatory variables do not need any correction because they maintain their 
unbiasedness and consistency properties. The weighting method entails weighting the sample observations so that the 
weighted proportions of ones and zeros in the sample equal the corresponding population proportions. The weighting 
method is robust to potential misspecification (Manski and Lerman, 1977), but it requires further corrections because 
the MLE for the variance-covariance matrix is severely biased.  
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features, we expect that the decision to select a particular partner to carry out a specific agreement is 

independent of higher-level collaboration or acquisition decisions.18 

The empirical specification for the probability of observing an agreement is formalized on 

the basis of the following cumulative logistic distribution: 

 

𝑃𝑟𝑜𝑏 ൫𝑌௜௝ = 1ห𝑋௜௝, 𝑁௜, 𝑁௝ , 𝑊௜, 𝑊௝, 𝑍௜௝൯ =  
ଵ

ଵା௘
షቀ೉೔ೕഁభశಿ೔ഁమశೀഁయశೈ೔ഁరశೈೕഁఱశೋ೔ೕഁలቁ

  (2) 

 

where Yij takes the value of 1 when an agreement process involves firm i and firm j and 0 otherwise; 

the matrix Xij includes the pairs’ terms that allow us to assess to what extent the agreements are 

driven by inter-firm proximity, measured along the various dimensions – spatial, technological, 

organizational, institutional and social – described in detail in the previous section. Each of the Ni 

and Nj matrices includes the network indicator for firm i and j, respectively, whereas each of the 

matrices Wi and Wj comprise the individual firm’s control variables. The matrix Zij includes the 

sectoral-regional controls. 

We estimate model (2) by performing the sequential procedure suggested by King and Zeng 

(2001) for selecting the zero observations.19 More specifically, we considered several random 

samples by starting with the sample for which each actual pair is matched with just one random 

control and stopping when we obtained no further efficiency gains, signaled by a reduction in the 

magnitude of standard errors. For both the prior correction and the weighting method this occurred 

for the sample in which 10 randomly drawn potential pairs are matched with each actual pair. 

Comparing the alternative correction approaches, we found that overall, the estimated coefficients 

did not differ substantially, thus signaling the absence of any clear misspecification problem. We 

interpret this result in favor of our highly parameterized specification, which simultaneously 

accounts for five different proximity dimensions, network features and a wide range of firm 

characteristics to control for possible sources of heterogeneity. For these reasons, in the next 

section, we focus the discussion on the evidence provided by models based on the prior correction 

method. 

 

5. Empirical results 

The estimated models are presented in Table 4. The first model includes only the 

geographical proximity, while the second one comprises the five proximity dimensions. Model 1 

can be seen as a sort of benchmark, which allows us to investigate to what extent the different kinds 

                                                 
18 Chakrabarti and Mitchell (2013) adopt the same approach for the case of M&A determinants.  
19 All estimations are carried out by using the ReLogit software by Tomz et al. (1999). 
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of inter-firm proximity complement each other or act as proxies for any of the other dimensions 

considered. Consequently, we assess whether the almost undisputed effect of geographical 

closeness is maintained when the role of other proximities is taken into account. The subsequent 

models (3-7) address the robustness of our results across specifications that include alternative 

indicators for some proximity measures and network characteristics. 

 

5.1 The baseline model 

In column 1, we report the benchmark model, according to which knowledge flows are 

determined by geographical proximity and by the network characteristics of each partner; controls 

at firm, sector and regional level are also included to account for firm heterogeneity. The results 

show that geographical nearness is a crucial determinant of such flows and also that the preferential 

attachment (degree of centrality) of each partner significantly influences the cooperation decisions 

among firms. Most importantly, this model estimates the probability that any two firms start an 

agreement process (see last row in column 1) at 2.4%, which is sixteen times the basic random 

probability of 0.15%. We can interpret such an increase in probability as evidence of the predictive 

power of our model, even in its underspecified form with just the spatial proximity.  

The second model, presented in column 2, is our baseline specification where the effect of 

proximity is assessed with respect to all the additional dimensions - technological, organizational, 

institutional and social - discussed in section 3. The results show that geographical closeness 

remains relevant even when all other dimensions of proximity are included, although the magnitude 

of its coefficient is almost halved. This is mainly due to the inclusion of the co-location indicator; as 

expected, being proxied by the same-country dummy, such indicator is highly correlated with the 

geographical proximity. The co-location indicator, which is also apt to account for the similarity in 

cultural and institutional dimensions, is quite relevant in enhancing the probability of inter-firm 

knowledge exchanges.20 

Interestingly, the fact that closeness in space remains highly significant confirms findings in 

Paci et al. (2014) that geography and the other dimensions of proximity complement each other, 

rather than act as substitutes. This is due to the distinctive multi-facet characteristic of proximity, 

which the selected indicators are indeed capturing. As a matter of fact, results in column 2 show 

that all dimensions of proximity exhibit a positive and significant coefficient, which implies an 

                                                 
20 We estimate also some models in which similarity at the country level is proxied by common language and cultural 
distance Although both variables exhibit the expected sign, so that the probability of observing an agreement is 
positively influenced by common language and negatively by the cultural distance, when they are included together 
with the same country dummy, they are no longer significant due to multicollinearity among the variables. Given that 
the same country dummy is supposed to capture any form (observed and unobservable) of proximity between any two 
countries (including language and cultural closeness) we think that the model which includes the same country term is 
to be preferred. 
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increased probability of knowledge exchange through inter-firm agreements.21 The estimated 

probability for this model rises to 4.6%, which implies that, thanks to the introduction of all 

proximities, cooperation becomes 90% more likely than when only geographical proximity is taken 

into account, indicating that our baseline model has a high predictive power. This result thus 

highlights the importance of simultaneously accounting for the whole set of relevant proximities 

within a comprehensive empirical specification, as suggested by the French School of Proximity 

(Torre and Gilly, 2000).22 

Another noteworthy aspect is that the coefficients of technological proximity are not only 

positive and significant, but that their magnitude increases with the degree of similarity of firms’ 

productive and knowledge bases. With respect to the reference group that comprises the most 

unrelated firms, the smallest coefficient (0.94) is found when the highest level of technological 

relatedness is the SIC1 division, whereas the largest (3.98) one is associated with the case when 

both firms operate in the same SIC4 industry. This result confirms recent findings by Boschma et 

al. (2015) on the relevant role played by industrial relatedness in favoring mergers and acquisitions 

partnering. Firms operating in the same economic activity are more likely to set up a cooperation 

agreement to exploit the potential synergies in terms of products and services and to benefit from 

economies of scale and scope. Moreover, information asymmetries between firms that are highly 

technologically related are lower, and this favors their knowledge exchanges (Hussinger, 2010). 

When two firms share the same ownership status, that is they are institutionally proximate, 

collaborative agreements are significantly more likely to occur, as in Cassi and Plunket (2013). 

We also find a positive and significant effect of organizational proximity, measured in terms 

of membership to the same group, confirming the results from Balland (2012) and Balland et al. 

(2013). 

As far as social proximity is concerned, the probability that two firms announce an 

agreement is a positive and significant function of the inverse of the geodesic distance, as in Autant-

Bernard et al. (2007). We also find evidence supporting the relevant role of network characteristics, 

as the indicator of preferential attachment has a positive sign and is significant for both partners. 

We, thus, confirm previous findings (Balland et al., 2013, Balland, 2012, Cassi and Plunket, 2013) 

that agents prefer to interact and exchange knowledge with those that have former agreement 

experiences. Such a preference induces a self-reinforcing process of collaboration around the most 

                                                 
21 Basile et al. (2012) provide evidence on the positive and synergic effects of different kinds of proximities (spatial, 
social and relational) on the productivity growth of European NUTS2 regions.  
22 In a preliminary analysis, we introduce the proximity indicators one at a time (the complete set of controls was 
always included) and we found that they were all significant but, as expected, for all the models the estimated 
probability is always well below the one obtained from the all-proximity model. The highest estimated probability (2.9) 
was found for the technology proximity model, followed by country level institutional (2.7), geographical (2.4), firm 
level institutional (1.9), organizational (1.8) and social (1.8) model. 
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connected firms that may lead to an increase in the degree of concentration within the network. This 

process has its rationale in the belief that firms that have already experienced knowledge exchanges 

possess more information because of those exchanges. Previous experience is also interpreted as an 

indirect signal of the potential value of a firm as a partner. 

Moreover, having found a positive and significant coefficient for the preferential attachment 

terms allows us to rule out the occurrence and prevalence of the contrasting effect related to 

appropriability. Firms may face a trade-off between the necessity to increase the probability of 

getting effective information through cooperation and the concurrent necessity to control the 

dissemination of their own knowledge (Antonelli et al., 2011). In our case, firms are not wary of 

coming into contact with firms that are in the best position, not only for collecting knowledge, but 

also for spreading it. 

 

5.2 Robustness tests 

In columns 3-7 of Table 4, we test the robustness of our results across specifications that 

include alternative indicators for proximity and network measures. 

In column 3 we augment model 2 with the co-location indicator represented by the same 

region dummy variable to assess whether similarity in the regional context exert an additional effect 

on the probability of observing a firm agreement. The inclusion of the new variable makes the 

spatial proximity no longer significant (the two variables have a correlation coefficient of 0.68. In 

terms of predictive power model 3 does not outperforms model 2, as it emerges by comparing the 

estimated probabilities (bottom line of Table 4). Model 2 thus remains the preferred specification. 

In column 4 we include the alternative measure for institutional proximity, in this case we 

consider firms to be proximate if both of them are independent entities; however, it is not 

significant, while leaving the coefficients of the other regressors almost unchanged.  

In column 5, we also test the robustness of our results with respect to a different proxy for 

social proximity; more precisely, we now include the inverse of the geodesic distance, computed by 

limiting the time span to the previous five-year period to consider the same time span for all 

observations. We find that this variable is only partially significant (10%), even though the average 

estimated probability remains almost constant. 

We investigate the robustness of the degree of centrality indicator, used to capture the 

network positioning of each partner, by including the alternative indicators based on the notion of 

betweenness and closeness centrality. It is worth reminding that these two indicators are related to 

the transitivity hypothesis. Although the estimated models (columns 6 and 7) indicate that, overall, 

the new indicators could positively affect the occurrence of inter-firm agreements, they are 
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outperformed by the degree of centrality indicator in terms of significance and predicted 

probability. 

Finally, it is worth mentioning that we also carried out a sub-sample analysis to investigate 

whether relevant differences emerged when splitting the sample according to some features of the 

agreements, such as completed vs. uncompleted agreements, joint ventures vs. strategic alliances 

and manufacturing vs. service sectors. This analysis is rather preliminary because the limited 

number of actual agreements prevents us from estimating all the sub-samples, and thus further 

research is required. In any case, no significant differences were found across sub-samples, thus 

confirming the main findings discussed above for the whole sample. 

 

5.3 Effects on probability 

In this final section, unlike previous contributions in the literature on proximity, we take a 

step forward in assessing how changes in proximity or network features affect the likelihood that 

any two firms exchange knowledge thanks to inter-firm collaborations. Therefore, we measure the 

increase in the estimated conditional probability for a given change in each explanatory variable in 

turn. Unless otherwise stated, such a change is considered with respect to the median value and is 

equal to one standard deviation. 

Table 5 reports the results obtained with respect to our preferred model 2 in Table 4. We 

recall that model 2 yielded an estimated probability of an agreement equal to 4.6% when median 

values are attributed to all variables.  

The first and most interesting result is that, as in Paci et al. (2014) and Montobbio and Sterzi 

(2013), the largest impact on probability is found when the technological proximity is measured by 

the highest degree of technological relatedness. A positive change of one standard deviation with 

respect to the median yields an increase in probability of approximately 9%, with an increase of 

96% with respect to the baseline estimation. Increases of approximately 50% are also registered for 

all other measures of technological proximity. 

The co-location indicator ranks second in terms of effectiveness in increasing the 

agreements probability, its effect (53%) is similar in magnitude to the ones discussed above for the 

intermediate degrees of technological relatedness. 

Regarding geographical proximity, one standard deviation change makes the estimated 

probability increase by 10% (from 4.6% to 5.1%). Organizational proximity produces effects 

comparable in magnitude to the geographical proximity ones (10%), whereas the ones attributable 

to institutional proximity are slightly lower (7%). Social proximity seems to induce the smallest 

impact (0.8%) on the response variable. Despite the modest influence of social proximity, we find 
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that a firm’s own social relations are much more effective. Considering the partners average effects, 

preferential attachment raises the probability of observing an agreement by a sizeable 39%. 

Overall, our findings offer further support to the composite role played by proximities and 

network features in driving the complex diffusion of knowledge. Although they may have 

reciprocal moderating effects, proximities and social links are by no means interchangeable; they 

complement each other by contributing to favoring the transmission of knowledge among firms. 

 

6. Conclusions 

In this paper, we analyze the determinants of knowledge exchanges among firms originating 

from inter-firm agreements, such as joint ventures and strategic alliances. The management and 

economic literature has provided extensive evidence on the existence of knowledge flows generated 

during the various stages of inter-firm agreement processes, when partners share knowledge-based 

resources, often embedded within organizations and accessible only by members. The knowledge 

flows occur in the form of transfers of new technologies and organizational capabilities and also in 

active participation in formal and informal organizational learning processes. 

More specifically, we assess the effects exerted by different types of proximity and by the 

position of participants within the network of previous ties on the probability that any two firms 

engage in a cooperation agreement and therefore exchange knowledge. We analyze the case of 

announced agreements over the period 2005-2012 in which at least one firm is localized in Italy, 

considering a total of 631 agreements, which involve 1078 unique firms and give rise to 887 pairs 

of actual partners. The analysis is performed within a logistic framework for rare events given the 

large number of potential firm pairs; that is, any two firms that could have set up an agreement but 

did not. Our preferred model simultaneously accounts for five different proximity measures 

(geographical, technological, organizational, institutional and social), firm network features  and a 

wide set of covariates to control for firm heterogeneity such as status, organization, ownership 

nationality, principal sector of activity, geographic location and sectoral-regional productive 

patterns. 

Results show that all proximity dimensions exhibit a positive and significant effect, thus 

providing further and compelling evidence that knowledge exchanges are facilitated not only by 

spatial proximity, as argued traditionally, but also by other dimensions of inter-firm closeness, such 

as sharing a common cognitive base and the same institutional background, being a part of the same 

organization and belonging to the same network.  

Most importantly, we find that the highest impact on the probability of generating inter-firm 

knowledge exchanges is found when we consider the technological proximity between firms. Being 
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located in the same country, and thus sharing the same institutional and cultural setting, is the 

second most effective proximity factor, followed by geographical and organizational proximity. 

Firm level institutional and social proximity facilitate the exchange of knowledge to a significant 

but smaller degree. Despite the modest influence of social proximity, the relevance of network links 

is supported by significant preferential attachment and transitivity effects. There is robust evidence 

that firms’ previous experience within existing networks positively affects the probability that 

companies set up cooperation agreements and thus gives rise to a knowledge exchange. The 

concurrent effect of different proximities and firms’ network positions makes the probability of 

observing an inter-firm agreement as high as 4.6%, which is almost 30 times higher than the 

random probability.  

Thus, our findings highlight the importance of analyzing inter-firm knowledge flows by 

simultaneously accounting for the whole set of relevant proximities and network features within a 

comprehensive empirical model. In particular, the relative importance of cognitive/technological 

proximity with respect to other dimensions of closeness may result in some tentative policy reading 

and some related interesting suggestions for future research. As for the former, the presence of 

knowledge flowing along the technological space implies that countries and regions should try to 

envisage balanced policies to create a common wide knowledge base and specific industrial 

platforms to maximize the absorptive capacity and its effective application. Moreover, the presence 

of a-spatial technological clusters suggests the implementation of specific industrial policies to 

support the functioning across countries and regions of such non-contiguous industrial districts. As 

for the latter, technological proximity can be further analyzed by considering more complex 

measures of technological relatedness, for example along the production value chain. More 

generally, future research should focus on the impact of these agreements on firms’ creation of new 

knowledge and ultimately in enhancing firms’ economic performance. 
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Appendix. Variable definitions

Proximity indicators for partener pairs Mean/Frequency*

  Spatial proximity
inverse geo distance inverse of the distance in km between partners cities 0.00025
co-location - same country dummy = 1 if partners are located in the same country 0.18828
co-location - same region dummy = 1 if partners are located in the same TL2 region 0.07215

  Cognitive proximity - Technological relatedness
same division dummy = 1 if the highest degree of industrial relatedness is at SIC1 0.18828
same major group dummy = 1 if the highest degree of industrial relatedness is at SIC2 0.10259
same industry group dummy = 1 if the highest degree of industrial relatedness is at SIC3 0.07666
same industry dummy = 1 if the highest degree of industrial relatedness is at SIC4 0.27621

  Organisational proximity
same group dummy =1 if partners belong to the same group 0.01353

  Institutional proximity
same status dummy = 1 if partners have the same insitutional status 0.38219
both partner independent dummy = 1 if both partners are independent companies 0.47802

  Social proximity
inverse geo distance inverse of geodesic distance with recursive time window 0.00000
inverse geo distance (5 years) inverse of geodesic distance with 5-year window 0.00000

Network characteristics for each partner
preferential attachment degree centrality, number of links incident upon a node 1.97774

transitivity 
betweenness, the inverse of the sum of the distances of a node to all other 
nodes divided by the total distance

0.00013

transitivity 
closeness centrality, number of shortest path which cross one node divided 
by the total number of shortest paths

0.00409

Controls for individual characteristics of each partner
listed dummy = 1 if partner is publicly traded on a stock exchange 0.40074
private dummy = 1 if partner status is private 0.32746
independent dummy = 1 if partner is independent, it is not part of a group 0.67904
foreign dummy = 1 if partner is owned by a foreign ultimate parent company 0.09833
Italy - North-west dummy = 1 if partner location is in the Italian North-western macroregion 0.24861
Italy - North-east dummy = 1 if partner location is in the Italian North-eastern macroregion 0.09647
Italy - Centre dummy = 1 if partner location is in the Italian Centre macroregion 0.10482
Italy - South dummy = 1 if partner location is in the Italian Southern macroregion 0.01763
Italy - Islands dummy = 1 if partner location is in one of the two main Italian islands 0.00649
European country (other than Italy) dummy = 1 if partner location in another EU countries 0.12894
SIC division dummy = 1 if partner's economic activities is division SIC 1 (or 2-10, ten dummies)

* Note : the proximity indicators values are calculated on the sample of firm pairs involved in actual agreements (N=887), whereas the values for partner's 

       characteristics are calculated on the observed sample of firms (N=1078)
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Table 1. Inter-firm agreements with at least an Italian participant, 2005-2012

Announced agreements 631

with 2 participants 570
with 3 participants 43
with 4 participants 6
with 5 participants 8
with 6 participants 2
with 7 participants 2

Participants 1078

Italian 511
foreign 567

Actual participant pairs 887

joint ventures 607
strategic alliances 280

completed 382
uncompleted 505

with both partners in Italy 130
with one partner in Italy 636
with both partners not in Italy 121

Total possibile pairs 580503
Proportion of actual pairs on population (%) 0.15

Table 2. Participants per country of origin, 2005-2011

Number %

Italy 511 47.4
EU countries 141 13.1
United States 127 11.8
India 72 6.7
China 44 4.1
Russian Fed. 40 3.7
Utd Arab Em. 16 1.5
Canada 13 1.2
Turkey 13 1.2
Japan 11 1.0

Rest of the World 90 8.3

Total 1078 100.0



27 
 

 
 

Table 3. Agreements and participants per SIC division, 2005-2012

Number % Number %

A  Agriculture 1 0.2 2 0.2
B  Mining 20 3.2 34 3.2
C  Construction 12 1.9 17 1.6
D  Manufacturing 213 33.8 504 46.8
E  Transp., Comm., Energy, Sanitary Serv. 91 14.4 160 14.8
F  Wholesale Trade 58 9.2 26 2.4
G  Retail Trade 30 4.8 26 2.4
H  Finance, Insurance, Real Estate 90 14.3 163 15.1
I  Services (personal and business) 114 18.1 136 12.6
J  Public Administration 2 0.3 10 0.9

Total 631 100.0 1078 100.0

   Agreements    Participants
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Table 4. Logit models for the probability of inter-firm agreements
 Prior correction bayesian method for rare events

1 2 3 4 5 6 7
Spatial proximity

inverse geographic distance 0.194 *** 0.105 *** 0.011 0.104 *** 0.100 *** 0.096 *** 0.092 ***

(0.021) (0.037) (0.044) (0.037) (0.037) (0.037) (0.037)
same country 0.990 *** 1.138 *** 1.000 *** 1.009 *** 1.141 *** 1.126 ***

(0.213) (0.219) (0.213) (0.212) (0.214) (0.212)
same region 0.847 ***

(0.256)
Technological proximity

same division  (SIC1) 0.935 *** 0.934 *** 0.934 *** 0.941 *** 0.917 *** 0.932 ***

(0.120) (0.120) (0.120) (0.120) (0.120) (0.120)
same major group  (SIC2) 2.758 *** 2.759 *** 2.759 *** 2.757 *** 2.729 *** 2.744 ***

(0.168) (0.168) (0.167) (0.167) (0.167) (0.168)
same industry group (SIC3) 3.220 *** 3.208 *** 3.215 *** 3.248 *** 3.263 *** 3.295 ***

(0.203) (0.205) (0.204) (0.202) (0.201) (0.199)
same industry (SIC4) 3.978 *** 3.986 *** 3.976 *** 3.972 *** 4.009 *** 4.029 ***

(0.164) (0.164) (0.163) (0.164) (0.160) (0.162)
Organisational proximity

same group 2.665 *** 2.716 *** 2.703 *** 2.614 *** 3.046 *** 2.718 ***

(0.754) (0.775) (0.756) (0.749) (0.840) (0.778)
Institutional proximity

same status 0.154 * 0.153 * 0.178 ** 0.187 ** 0.190 **

(0.094) (0.094) (0.093) (0.092) (0.092)
both partners independent 0.152

(0.192)
Social proximity

inverse geodesic distance 0.178 *** 0.176 *** 0.181 *** 0.194 *** 0.175 ***

(0.061) (0.061) (0.062) (0.058) (0.057)
inverse geodesic distance (previous 5 years) 0.122 *

(0.065)
Network characteristics

preferential attachment  - partner 1 0.084 *** 0.072 *** 0.073 *** 0.072 *** 0.073 ***

(0.007) (0.009) (0.009) (0.009) (0.009)
preferential attachment  - partner 2 0.066 *** 0.060 *** 0.061 *** 0.061 *** 0.064 ***

(0.009) (0.010) (0.010) (0.010) (0.010)
Transitivity - partner 1, betweenness 120.356 ***

(36.553)
Transitivity - partner 2, betweenness 3.409

(36.222)
Transitivity - partner 1, closeness centrality 23.859 ***

(5.382)
Transitivity - partner 2, closeness centrality 18.613 ***

(5.933)

Estimated probability Y=1|X at median values (%) 2.4 4.6 4.6 4.0 4.8 3.8 3.0

See Appendix for definitions of variables

Numbers of observations: 9757. Proportion of ones:zeros observat ions equal to 1:10

Geodesic and geographic distance are log-transformed

Robust  standard errors in parenthesis. Significance level *** 1%, ** 5%, *10%

All models include individual firm controls for status (listed, private), organization (independent , subsidiary), ownership nationality (Italian, foreign), SIC1 division, geographic location 
(Italy:North-west, North-east, Centre, South, Islands; another EU country; rest of the world) and interact ion terms for geographic location-macrosectors (macrosectors: manufacturing, services)
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Table 5. Effects of proximities and networks on the probability of inter-firm agreements
All changes are equal to one standard deviation and are measured with respect to the median values

From Model 2 Table 4: Standard Absolute Percentage

Prob (Y=1|X)=0.04617 deviation difference Increase

Spatial proximity

geographic distance 3321.7 0.0046 10.0

same country 0.458 0.0246 53.2

Cognitive proximity - Technological relatedness

same division  (SIC1) 0.424 0.0208 44.9
same major group  (SIC2) 0.168 0.0248 53.7
same industry group (SIC3) 0.122 0.0205 44.3
same industry (SIC4) 0.184 0.0444 96.2

Organisational proximity

same group 0.039 0.0048 10.3

Institutional proximity

same status 0.470 0.0033 7.0

Social proximity

geodesic distance 0.036 0.0004 0.8

Network characteristics

preferential attachment (partners average) 4.353 0.0146 38.7

All effects are calculated by the Bayesian method and are significant  at  the 5% significance level


