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During the last decades, an academic consensus has been reached on the innovative 
intensity that characterizes the most dynamic clusters. Policy makers have not remained 
unaware of this reality. There are many programs designed to promote from the internal 
R & D of the companies to the implementation of new organizational solutions. 
Although aspects such as the design of these actions or the evaluation of their impact 
have been investigated, their side effects or derived from their overlap remain 
unexplored. In this sense, this work studies the indirect effects on the exchange of 
knowledge between companies of two programs for the promotion of the internal 
innovation of the company. The empirical evidence obtained in the biotechnological 
clusters of Alicante and the analysis of social networks confirm the existence of these 
side effects. The results suggest the need to assess the undesirable impact of designing 
or implementing cluster innovation promotion programs. 
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1. Research framework and objectives 

The economic literature concerning external effects justifies the need for an innovation 
policy because of market failures of the innovation projects. Innovation is assumed to 
have positive external effects but firms only launch privately profitable innovation 
projects. On the other hand, scholars agree in considering that in most of the innovation 
                                                
1 Very preliminary draft. Please, do not cite without author’s permission. This work was supported by the 
Spanish Ministry of Economy and Competitiveness [grant number ECO2015-67122-R]. 



 
processes location matters (Gertler 2003). In fact, location favors knowledge spill-overs 
through agglomeration of R&D activities and provides opportunities for enhanced 
access to extra-regional / location R&D that may furnish new knowledge to inside.  

Market failures and the relevance of the local have justified and brought territories like 
regions and clusters into the focus of the innovation policy (Cooke et al. 1997). Policy 
makers multiply tailored programs according to the micro-level conditions of their 
contexts, making regional innovation policy a constitutive element of the regional 
innovation system (Edquist 2011). Within these programs, stimuli seek to gloss over 
firms’ under-investments in innovation, consequence of the imperfect appropiability of 
the knowledge produced (Falk 2007; Gelabert et al. 2009) or the endemic cost of the 
acquisition of external knowledge (Gök & Edler 2012). In view of such a new 
territorialization wave and the widespread recognition of clusters as hot spots of 
innovation which increasingly attract policy interest, we opted for the context of cluster 
networks to evaluate the influence of the regional innovation policy. 
In spite of the growing presence of regional governments in the innovation policy still is 
not satisfactory addressed the question of whether and how public incentives affect 
firms’ performance. In fact, this issue has been mostly viewed in form of input-output 
additionality (Roper et al. 2008; Aerts & Schmidt 2008). In our opinion, further than 
just observing the beginning or the end results of the process, a more evolutionary 
perspective based on behavioral additionally may enable to assess the impact of 
innovation policies on firm’s behavior (Clarysse et al. 2009).  

In the context of the above description, this research has two main objectives. First, to 
assess the behavioural additionality of innovation policies on firm’s networking 
behaviour. To do that, we differentiate between subsides granted to intensify internal 
R&D activities and to implement new organizational practices at the firm level. This 
topic is particularly relevant in view of the limited research on how public programs 
may shape firm’s networking behaviour. In addition, it is pertinent because previous 
empirical evidences are circumscribed to R&D subsides and relegated other kind of 
programs which are extremely relevant as innovation relies increasingly in the 
managerial sphere. Second, we need to know how firms adapt their networks as a 
function of the program characteristics. Given the emphasis on knowledge flows 
inherent to collaborative innovation models, Social Network Analysis (SNA) “per se” 
or combined with other techniques will help to better perceive firms’ adaptation. In 
spite of recent methodological and empirical contributions (Vonortas 2013; Maffioli et 
al. 2016; Cantner et al. 2013), our research represents a pioneer attempt to apply 
stochastic models for network dynamics to determine whether a firm’s participation in 
an innovation program relates to the formation of linkages while controlling for a set of 
structural and covariate effects that may influence network formation (Giuliani & 
Pietrobelli 2016)  

In addition, the development of this research has allowed us to address a series of 
related objectives, which we consider relevant in the context of the literature on on the 
evolution of networks in clusters (Giuliani 2013; Broekel & Boschma 2012; Balland et 
al. 2016; Molina-Morales et al. 2015; Lazzeretti & Capone 2016). we shed light on 
whether local network dynamics are affected by the establishment of non-local linkages 
providing crucial extra-cluster knowledge (Bathelt et al. 2004; Gluckler 2007). On the 
other hand, we also evaluate the tendency of firms to connect with similar others in 
terms of size. This assortativity mechanism guides establishment of cluster linkages into 



 
a hierarchical system, creating an elitist club with high entry barriers and hampering 
knowledge diffusion.  
In our opinion, both innovation policy and assortativity affect firm's embeddedness in 
local knowledge networks, which in turn shapes the accessiblity to non-local 
knowledge. The research has been based on the long-standing tradition of the Valencia 
regional government on innovation programs where the Biotech cluster represents an 
excellent case for the empirical validation of our hypotheses. 

 
2. Context, methods and results 

2.1 Context 
At the heart of the knowledge-based economy, biotechnology has become a crucial tool 
for the economic regeneration of mature and declining regions. The Valencia region is 
not an exception. Recently, factors such as a strong science base, a supportive business 
environment and a splendid entrepreneurship, enabled the emergence of a solid group of 
interconnected firms and public organizations in the southern part of the Valencia 
region. Around 28 firms mainly specialized in biomedical and bio-agricultural 
activities, spread across a populated area of 50 km radius from the main source of 
capital and scientifically-skilled personnel, the metropolitan area of Alicante-Elche. 
Firms are mainly small in size, 22,5 employees, and slightly over 2 million euros of 
turnover, and extremely active in innovation. In this vein, 32.14% of the total sales is 
invested in R&D and 68% of the companies have recently hired personnel from public 
research organizations. 
Mimicking the process starred in other Biotech clusters, local entrepreneurs launched 
the new platform AEBA to enhance the visibility of the Biotech cluster of Alicante and 
awake the interest of both investors and policy makers. The association clarifies the 
main strategic axes for the cluster development while accrues the capabilities to 
coordinate interested parties. Particularly, networks among research institutions, biotech 
start-ups, incumbent firms and investors are strongly promoted through meetings and 
training programs. 

The Biotech cluster of Alicante is home of four universities, seven research centres, 10 
hospitals, two science parks and several business incubators. Public support goes 
through these universities and research institutions to fuel the local “innovative 
engines”. The culture of entrepreneurship can be pointed out as the other key to the 
emergence of the Biotech cluster of Alicante. During centuries, the economic vitality 
and competitiveness of this area is built on an unparalleled entrepreneurial spirit firmly 
anchored in local traditions. Overcoming local founding deficits, spin-off and industrial 
entrepreneurs convert unilateral scientific fruits into novel products ready for practical 
uses. Resources necessary to start new companies are frequently assembled through 
social relations. To great extent, biotech entrepreneurship has flourished due to a pre-
existent social capital base. 
 

2.2 Methods 
We used micro level data collected at the firm level in the Biotech cluster of Alicante 
during 2013. Prior to the main fieldwork, selective in-depth interviews with experts and 
practitioners were conducted. Insights obtained allowed the design of our questionnaire 



 
and enriched the discussion of our results. Once pre-tested, our questionnaire was 
administered to business owners and top managers. Each interview lasted around 45 
minutes, and gathered both micro-level and network data. “Roster-recall” method was 
applied to identify inter-firm relationships (Boschma & Ter Wal, 2007; Giuliani & Bell, 
2005; Morrison & Rabellotti, 2009). In our research, interviewees were confronted with 
a roster on which the names of relevant cluster firms were already given and were asked 
them to indicate from which firms technological knowledge was received, and which 
counterparts benefited from the technological knowledge transferred by the firm.  
Through AEBA and different public sources, we identified 31 firms. Public institutions, 
such as universities, research centres and hospitals, may play a relevant role in fostering 
international linkages, but they are excluded from the survey. These large institutions 
would have required a different methodological approach. 28 firms accepted to 
collaborate which yielded a 90% response rate. At the beginning of the meeting, we 
explained the benefits of the project, granted confidentiality ad offered an incentive 
(access to results) to encourage the provision of precise data (Eisenhardt, 1989; Miller et 
al., 1997). Once participants started the survey, an expert interviewer guided 
participants through the different questions by prompting specific examples, facts or 
events.  
Econometrically, Exponential Random Graph Models were used to test the caused by 
network firms characteristics, structures and interactions on the formation of linkages. 
Following Borgatti et al. (2013), we opted for these models due to the violation of the 
assumption of independent observations and the opportunity to estimate the structural 
effects of the network on the occurrence of ties. The logic under the modelling can be 
explained as follows. Network obtained from the data collected is one specific case out 
of many potential network configurations (Morris et al. 2008). As we lack knowledge 
on how the observed network emerged instead of others, we assumed that firms create 
ties depending on a set of relational processes which reflect our theoretical expectations. 
Consistently, we built our model by adding terms that reproduce these processes and 
should help to accurately replicate the observed network through simulation. 

Regarding our dependent variable (the observed network), we organise relational data 
into a binary matrix, where each column i and each row j represent a company, and the 
cell input is the perception that company i places on the existence of relationship with 
company j. This creates a directional or asymmetrical matrix, as the perception of 
existence of relationship by company i does not necessarily match the perception of the 
company j.  

Several terms or independent variables were included in the ERGN to reproduce the 
observed network (dependent variable). Three statistics allow us to control for the 
structural effects of the network. The number of network nodes, which coincides with 
the density in the case of asymmetric networks (Edges). Reciprocity between partners, 
or if there is a tendency to ask for advice from collaborators to whom support is 
normally given (Reciprocity). Geometrically weighted dyad-wise shared partners 
(gwdsp) measures the extent to which a network shows the tendency of nodes not 
directly linked to one another being at least indirectly linked. In a inter-firm network, 
this variable captures an open triangle pattern, in which firm i is linked to firm j and 
firm j is linked to firm k, but no relationship exists between firm i and k. Geometrically 
weighted edge-wise shared partners (gwesp) measures the number of triangles in a 
network in consideration of the number of links involved in multiple triangles. It 



 
captures the triadic closure, in which firm i interacts with firm j, firm j is related to firm 
k, and firm i is connected to firm k. The inclusion of gwdsp and gwesp in the same 
model provides direct evidence on triadic closure. A negative gwdsp term and a positive 
gwesp term suggest that firms are more likely to form a link that closes a transitive 
triangle as opposed to leaving an open triad. 

Some more variables were used to check whether other characteristics of the companies, 
namely size (Size) and age (Age), affected the creation of linkages. We measured the 
first characteristic using the square root of the average number of employees during the 
last three years while the second was measured through number of years since it was 
founded. Also, a specific variable (Node-match size) tested for firm marching by size. 
This accounts for the tendency for firms to relate more or less with firms of the same 
size as themselves.  
Two variables refer to the proximity between actors. Geographical proximity is obtained 
by the physical distance between two firms (Geographical distance). Cognitive 
proximity is a valued measure, corresponding to the number of digits the two companies 
share in common in their NACE 4 code (Cognitive proximity). Also, we have controlled 
for the effect of public R&D support. In particular, we have created a dummy variable 
that takes value “1” if the firm received R&D subsidies, value “0” otherwise (R&D 
support). Similarly, we control for potential effect of public managerial innovation 
support by including a dummy variable that takes value “1” if the firm have benefited 
from specific public subsidies, value “0” otherwise (Management Innovation support). 
Finally, we measured the effect of extra-cluster connection (Extra cluster relationships). 
2.3 Results 

Table 1 provides a summary of the estimated results of our ERGM that account for the 
formation of inter-firm linkages among biotech firms. Firstly, assortative mixing by size 
is found to be a significant tie-generative mechanism. The positive coefficients of 
homophily terms (node-match size) imply that two firms of the same size are more 
likely to form an advice link than those of different size. This trend progressively 
engenders a close club where valuable information flows. Firms outside this selected 
club have less opportunities to access local knowledge. At the end, this homophily or 
assortative mixing based on size hampers the global circulation of knowledge within 
cluster boundaries. 
Secondly, triadic closure is a significant driving force in forming links among firms. On 
the one hand, the impact of the gwdsp term in the ERGM model is significantly 
negative, evidencing that links that create open triangles are significantly less likely to 
form in the network. In other words, two firms without a direct link are less likely to be 
indirectly connected. On the other hand, the effect of the gwesp term is significantly 
positive, implying that advice links completing transitive triangles are significantly 
likely to form. In other words, two firms that are directly linked are also likely to be 
linked through indirect connections. The presence of triadic closure leads to the 
formation of densely connected groups where trust and cohesion to invest in mutual 
goals prevails. However, over time, knowledge redundancy and reluctance to adopt 
fresh knowledge may deteriorate innovation performance of these groups. 

Third, the dyad-level variable geographical distance is characterized by a negative 
significant coefficient. Hence, in line with existing empirical evidences, geographical 
distance hampers link creation. Also, cognitive proximity Cognitive proximity which 



 
refers to the extent to which firms have a common knowledge base and expertise, 
represent an important enabler for firms’ knowledge sharing activities, thereby directly 
affecting the formation of collaborative ties. 

Fourth, now, we turn towards the significant variables reported in Table 1. As 
expected, firms with high number extra-cluster relationships tend to have more links. 
The same applies to firm size. The according coefficients of both variables are 
positive and significant. Public R&D support also obtains a positive significant 
coefficient suggesting that firms that received R&D subsidies tend to have more links. 
Conversely, public support focused on management innovation engenders a negative 
effect on the creation of linkages. Accordingly, public support to innovation may 
engender different behavioral depending on the characteristics of the program. This 
finding points out avenues for research, as collateral effects derived from direct 
subsidization may not provoke univocal consequences on firms’ networking practices. 
 

Table 1. ERGM: Preliminary Results 
 B (p-value) 

Density (edges) ***-4.935 
Reciprocity .133 
Gwesp  **.563 
Gwdsp *-.151 
Size *.085 
Node-match Size **1.081 

Age -.015 
Extra-cluster relationships ***1.123 
R&D support *.434 

Management innov. support ***-1.290 

Geographical distance **-1.228 

Cognitive proximity **1.002 

AIC 
BIC 

346 
481 

N= 28; ***p< .01; **p< .05; *p< .1 
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