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Abstract
 This research aims to show how attributes of subsidized innovation projects of collaborating actors within an innovation
system are related to the extent a projects adds to technological variety. We assume that within the innovation system,
different technological varieties can be distinguished at different places in the system. These places are often
collaborative innovation projects, that can be supported by government subsidies to overcome network failure. We
conceptualize the innovation system to consist of an institutional environment with networks of collaborating actors in
which resources are exchanged. These elements are used to predict technological variety of a project. Empirically, we
study the Dutch technological innovation system around biogas technology. Our results show that regulative institutions
in the form of project subsidies that stimulate collaboration contribute to technological variety. However, the more
projects are related to each other through shared actors, the less likely they are to contribute to technological variety.
Finally, more diversity of actors and resources contributes to technological variety, while including more partners in a
project is negatively related to technological variety. 
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Abstract 

 This research aims to show how attributes of subsidized innovation projects of 

collaborating actors within an innovation system are related to the extent a projects adds to 

technological variety. We assume that within the innovation system, different technological 

varieties can be distinguished at different places in the system. These places are often 

collaborative innovation projects, that can be supported by government subsidies to 

overcome network failure. We conceptualize the innovation system to consist of an 

institutional environment with networks of collaborating actors in which resources are 

exchanged. These elements are used to predict technological variety of a project. 

Empirically, we study the Dutch technological innovation system around biogas technology. 

Our results show that regulative institutions in the form of project subsidies that stimulate 

collaboration contribute to technological variety. However, the more projects are related to 

each other through shared actors, the less likely they are to contribute to technological 

variety. Finally, more diversity of actors and resources contributes to technological variety, 

while including more partners in a project is negatively related to technological variety.  

Keywords: Innovation systems; technological variety, social networks, structural 

holes, resources, actors  
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1. Introduction  

 

Technological innovation is needed for sustainable economic growth (Carlsson et al., 

2009) and for solving societal challenges, such as climate change (Hekkert et al., 2007). For 

these reasons stimulating innovation is on the agenda of policy makers. In Europe for 

example, the Lisbon agenda aims to make Europe the most competitive economy in the 

world through innovation (European Commission, 2006), which has recently led to the 

Horizon 2020 research and innovation program (European Commission, 2010). Also national 

governments design policies to stimulate innovation. For example, the Dutch government 

first established a national platform to promote innovation (Innovation Platform, 2006) 

ǁŚŝĐŚ ǁĂƐ ůĂƚĞƌ ƌĞƉůĂĐĞĚ ďǇ Ă ƉŽůŝĐǇ ƚŚĂƚ ĂŝŵƐ ƚŽ ƐƚŝŵƵůĂƚĞ ŝŶŶŽǀĂƚŝŽŶ ŝŶ ŶŝŶĞ ͚TŽƉ “ĞĐƚŽƌƐ͛ 

through subsidies in R&D (Ministry of Economic Affairs, 2011).   

A rationale for designing such innovation policies is to counteract so-ĐĂůůĞĚ ͚network 

failures͛, which mean that actors interact poorly with their environment during the 

innovation process (Carlsson and Jacobsson, 1997; Nooteboom and Stam, 2008). A 

consequence of network failure is a lack of collective vision, technological expectations, 

coordination of investments, and ultimately a negative outcome of the innovation process. 

Policies drawing on the network rationale are based on innovation systems thinking, which 

emphasizes that most radical innovations are the result of the collaboration between 

different actor types, such as large firms, small and medium sized enterprises and 

knowledge institutes. An innovation system is ͞the network of institutions in the public and 

private sectors whose activities and interactions initiate, import, modify, and diffuse new 

ƚĞĐŚŶŽůŽŐǇ͟. Network failure in the innovation system can be reduced by tying actors 
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together through reciprocal flows of information and knowledge (Carlsson and Jacobsson, 

1997). One policy instrument to reduce network failure is subsidizing collaborative 

innovation projects (Van Rijnsoever et al., 2012), as is currently done in the Dutch top sector 

policy to spur innovation in specific emerging technological fields. 

Scientifically, a lot of attention has been dedicated to innovation systems. Studies 

that analyzed innovation systems have provided scientists and policy makers with insights 

on the necessary structural configurations of innovation systems (Nelson, 1994; Freeman, 

1995), what key processes are necessary for innovation systems to function well (Hekkert et 

al., 2007; Bergek et al., 2008) and what systemic problems can be expected (Klein Woolthuis 

et al., 2005; Wieczorek and Hekkert, 2012). In these type of studies, the state of the 

innovation system itself is seen as a proxy for innovation success.   

  On a more disaggregate level, innovation systems have been approached from a 

social network perspective to model collaborating actors in innovation projects. Network 

ties between actors are seen as conduits for knowledge or resources (Leoncini et al., 1996; 

Ter Wal and Boschma, 2009). This approach is similar to studies about the performance of 

innovation networks (see for example Ahuja, 2000; Powell, Koput, & Smith-Doerr, 1996), 

which look at how network structure is related to measures of innovative performance, 

such as published scientific papers, or the number of innovations or patents.    

Surprisingly, innovation system and social network studies alike have rather 

neglected a type of dynamic that is crucial for innovation: the creation of technological  

variety from which alternatives can be selected for retention (Dosi, 1982; van den Bergh, 

2008; Faber and Frenken, 2009). Creating sufficient technological variety in an innovation 

system is important since it aids in preventing an early suboptimal technological lock-in and 
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enables novel combinations that can lead to new innovations (Van den Bergh, 2008). 

Creating technological variety is not the end-goal of an innovation process, but rather a 

necessary step to obtain a desirable outcome.  

A number of studies describe the development of variety over time for different 

technologies (see Frenken and Leydesdorff, 2000; Castaldi et al., 2009; Fontana et al., 2009). 

Although some give case related explanations for their observations, these studies do not 

attempt to systematically explain variety within the context of the innovation system that 

produces the technology. The disconnection between innovation systems and technological 

development is striking since both paradigms originate from evolutionary economics. Only 

the studies on innovation system functioning acknowledge the evolutionary processes of 

variety creation and selection (see Hekkert et al., 2007), but these do not provide many 

handholds on how to secure technological variety in innovation systems. Therefore, this 

research aims to show how attributes of subsidized innovation projects of collaborating 

actors within an innovation system are related to the extent a projects adds to technological 

variety.  

Following evolutionary reasoning we assume that within the innovation system, 

different technological varieties can be distinguished at different places in the system. These 

places are often collaborative innovation projects (Powell et al., 1996; Ahuja, 2000; Laursen 

and Salter, 2006), that can be supported by government subsidies to overcome network 

failure. Further, following Carlsson and Stankiewicz (1991), we conceptualize the innovation 

system to consist of an institutional environment with networks of collaborating actors in 

which resources are exchanged. These elements are used to predict technological variety of 

a project.  
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Empirically, we study the Dutch technological innovation system around biogas 

technology. Biogas is a mixture of carbon dioxide and methane which is mostly produced 

from organic waste material in an oxygen-free environment (Negro et al., 2007). Since this 

technology converts organic waste to sustainable energy it has been stimulated by the 

Dutch government during the past decades with various policy schemes. Using government 

data on biogas innovation projects we are able to quantitatively map the development of 

components of this innovation system and the associated technological variety for each 

innovation project. To accomplish this we apply a combination of social network analysis 

and regression techniques.  

Our study is the first to link innovation systems and technological development using 

this quantitative approach. Thereby, we enrich both the literatures about innovation 

systems and about technological trajectories. Further, we add to the social network 

literature in the context of innovation by showing the association between project 

connectedness and technological variety. Finally, we show that the diversity of actors and 

resources in a project is more important than the number of actors in a project. Our results 

are also of interest to policy makers since we give clear indications about which innovation 

system factors are important to variety creation.  
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2. Theory 

    

In this section we formulate our hypotheses. We first discuss the technological 

variety of an innovation project as dependent variable. Next, we consider how technological 

innovation systems variables are associated with technological variety. None the hypotheses 

are formulated in a causal way, since we assume that the innovation system and the 

technology co-evolve (Nelson and Nelson, 2002; Markard et al., 2009).  

  

2.1. Technological variety 

VĂƌŝĞƚǇ ŝƐ ĚĞĨŝŶĞĚ ĂƐ ͞ƚŚĞ ŶƵŵďĞƌ ŽĨ ĚŝĨĨĞƌĞŶƚ ƚĞĐŚŶŽůŽŐŝĞƐ͕ ƉƌŽĚƵĐƚƐ͕ ƉƌŽĐĞƐƐĞƐ ĂŶĚ 

opportunities in a population of elements (Van den Bergh, 2008). It refers to the 

technological diversity from which alternatives that fit best with environmental demands 

can be selected (Rigby and Essletzbichler, 1997; Frenken et al., 1999). Until now, studies 

have always conceptualized technological variety on a system level. In contrast, we are 

interested in explaining technological varieties at different places within the system.  

Our approach is that we first assume that a technology or innovation fulfils a certain service 

or function (Saviotti and Metcalfe, 1984; Castaldi et al., 2009; Van Rijnsoever and Oppewal, 

2012), in our case this is the conversion of organic waste to biogas. Drawing on Verspagen 

(2007) we conceptualize that the final goal of a technology (the fulfillment of a service) can 

be achieved through different technological routes. These can be compared to different 

paths on a map that all lead to the same destination. Some technologies are comprised of 

different components that fulfill different sub-services that are required for the technology 

as a whole to function (Henderson and Clark, 1990). Biogas technology for example consists 
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of three components: the energy source, the production method and the processing of gas. 

Each component has potentially different paths that can be taken. For biogas technology, 

paths for energy sources are (1) manure, (2) organic waste, (3) energy crops or (4) sewage; 

production method paths are (1) mono-digestion or (2) co-digestion; processing paths are 

(1) cogeneration, (2) upgrade to green gas and (3) direct use. A technological route of a 

project is the combination of paths that is taken to reach the final goal of the technology. 

This idea is shown in figure 1. In the biogas technology example there are 4x2x3=24 

different routes. Given that there are multiple innovation projects within the innovation 

system, some routes are taken more often than others. More  popular routes might 

eventually become the dominant design (see Utterback, 1996), while rŽƵƚĞƐ ƚŚĂƚ ĂƌĞ ͚ŽĨ ƚŚĞ 

ďĞĂƚĞŶ ƉĂƚŚ͛ ůĞĂĚ ƚŽ ŵŽƌĞ variety. Therefore, the variety of a project is the extent to which 

ŝƚ͛Ɛ ƚĞĐŚŶŽůŽŐical route has been or is taken over a period of time in comparison to other 

projects.  

 

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

 

2.2. Institutions 

Institutions can influence technological variety, they are informally defined by North 

(2005) ĂƐ ͚ƚŚĞ ƌƵůĞƐ ŽĨ ƚŚĞ ŐĂŵĞ͛͘ In innovation systems institutions can be seen as 

constraining the behavior of actors, but also as ͚ĞĨĨĞĐƚŝǀĞ ǁĂǇƐ ƚŽ ŐĞƚ ƚŚŝŶŐƐ ĚŽŶĞ͛ (Nelson 

and Nelson, 2002). We focus on regulative institutions that aim to influence the behavior of 

actors in the innovation system (Blind, 2010). In case of network failure this change in 
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behavior implies the promotion of collaboration between actors, for example through 

subsidies.  

Within Dutch innovation policy roughly two types of subsidies are distinguished to 

spur innovation; research and exploitation. Research subsidies stimulate research and 

development of new knowledge and ideas, usually through consortia of different types of 

actors, such as firms and knowledge institutes. In this manner they overcome network 

failure. Further, research subsidies are explorative by nature and are thus likely to 

contribute to technological variety. Exploitation subsidies on the other hand aim at 

stimulating diffusion of existing innovations. They are usually granted to one or a very small 

number of actors and make the exploitation of the technology rentable by facilitating the 

learning of routines and the creation of economies of scale. Exploitation subsidies reinforce 

path dependence and give direction to the technological trajectory, thereby contributing to 

the selection of existing alternatives. 

 

   Hypothesis 1: Projects using research subsidies are more associated with technological 

variety, than projects using exploitation subsidies.    

 

 

2.3. Networks between projects  

Networks enable the exchange of knowledge and resources between actors (Schilling 

and Phelps, 2007), which allows firms to make novel combinations that can lead to 

successful innovations (Nelson and Winter, 1982), and enables firms to control their 

environment (Pfeffer and Salancik, 2003), which increases success changes of the 

innovation. Earlier studies indeed showed that network position influences innovative 
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output of firms in alliances (Powell et al., 1996; Ahuja, 2000; Schilling and Phelps, 2007). Our 

network consists of projects of collaborating actors. Projects are connected to each other 

through shared actors, which act as knowledge conduits between projects. 

There are several dimensions of a network that can influence innovation success 

(Powell et al., 1996; Ahuja, 2000; Tsai, 2002; Schilling and Phelps, 2007). The first is the 

degree of clustering which is the extent to which the network partners of an actor are also 

connected to each other (Wasserman and Faust, 1994). A major debate has focused on how 

clustering exactly influences innovation (Burt, 2001). There are two sides to this debate: the 

first side claims that a high degree of clustering around a particular node in a network is 

beneficial to innovation (Powell et al., 1996; Ahuja, 2000). Several explanations are given for 

this. First, clustering eases information transmission and enables nodes to compare 

information from different partners, which increase the reliability of the information 

(Schilling and Phelps, 2007). Second, clustering deepens the debate about problems and 

solutions between partners and contributes to a shared understanding (Powell et al., 1996) 

which allows partners to come up with novel solutions (Brown and Duguid, 1991). Third, 

clustering gives rise to trust, the development of shared norms and a shared identity 

(Coleman, 1988), which in turn facilitates collaboration and knowledge exchange (Schilling 

and Phelps, 2007).  

The other side of the debate is that too much clustering has a negative influence on 

innovation. A high degree of clustering means that there are many redundant, but costly, 

network paths between actors (Burt, 2001). Actors thus largely share the same information 

sources (Schilling and Phelps, 2007). The result is knowledge and information that is too 

homogenous (Granovetter, 1973; Burt, 2001; Jack, 2005). Further, the development of 
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shared conventions and norms can hamper creativity (Uzzi and Spiro, 2005). A lower degree 

ŽĨ ƚŚĞ ĐůƵƐƚĞƌŝŶŐ ŵĞĂŶƐ ƚŚĂƚ ƚŚĞƌĞ ĂƌĞ ŵŽƌĞ ͚ƐƚƌƵĐƚƵƌĂů ŚŽůĞƐ͛ in a network (Burt, 2001, 

2004). Structural holes can be seen as ͚gaps in information flows between alters linked to 

the same ego but not linked to each other͛ (Ahuja, 2000, p431). This means that two 

connected actors have access to different flows of information. Structural holes thus allow 

actors to combine diverse knowledge flows, and therby contribute to innovation (Schilling 

and Phelps, 2007).    

 

The question is which mechanism prevails under what condition? We argue that this 

depends on the phase the innovation process is in. If there is more emphasis on the creation 

of variety, then knowledge diversity and a low clustering coefficient can be more desirable. 

However, if the emphasis is on selection and bringing new innovations to the market, it is 

more important that actors share visions, norms and ideas about the new technology 

(Borup et al., 2006; Hekkert et al., 2007). This is in line with reasoning by Burt (2004), who 

noted that most original ideas originate from nodes that bridge knowledge gaps in a 

network. However, the ideas from those that are better embedded in the network are more 

likely to be selected as innovation, since these ideas are more widely shared among others.  

Given that our study looks at technological variety we hypothesize that clustering 

has a negative effect on variety creation. The less actors a project shares with other 

projects, the more likely it is to contribute to variety.  

 

Hypothesis 2: Clustering around a project is negatively associated with technological 

variety.  
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Next to clustering, the number of ties a project has to other projects can also have an 

influence on technological variety. Powell et al. (1996) and Ahuja (2000) positively link 

network ties to R&D collaborations and product diversity of firms. Others attribute the 

direction of this relationship to the strength of the ties (Ruef, 2002; Jack, 2005). Originally, 

Granovetter (1973) made a distinction between strong and weak ties. Consequently, 

Marsden and Campbell (1984, p498) define tie strength as ͚ƚŚĞ ͚ĐůŽƐĞŶĞƐƐ͛ Žƌ ĞŵŽƚŝŽŶĂů 

intensity of a relationship͛. Strong ties are usually created between actors that are to some 

extent similar (Reagans, 2005), which means that partners are more likely to share norms 

and conventions. Examples of strong ties are family, friends and close co-workers. A 

drawback of strong ties in the context of innovation is that they demand conformity 

between partners. Partners that deviate from the shared norms and conventions risk a 

decline in social status (Homans, 1974), which is a disincentive for contributing to 

technological variety.  

Weak ties on the other hand are heterogeneous by nature. They are relatively 

infrequent connections to other social clusters and the broader society (Jack, 2005). Weak 

ties allow for innovation and experimentation, because novel combinations can be made 

using information from sources outside the conventional social circle of an actor (Ruef, 

2002). Weak ties are thus likely to contribute to technological variety, while strong ties are 

likely to decrease technological variety.   

An important question that arises then is if the actors that connect projects in the 

innovation system are strong or weak ties? Ham and Mowery (1998) claim that intense 

collaborations are required to make public-private R&D projects a success. Similarly,  

Lundvall et al. (2002) view successful innovation as an interactive learning process between 

closely interacting partners. Both observations can be explained by the fact that intense 
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collaborations facilitate the growing of trust, the building of shared norms and practices, 

which eases the transfer and generation of knowledge (Lundvall, 1985; Coleman, 1988; 

Ruef, 2002; Schilling and Phelps, 2007). Strong ties might not lie at the origin of 

technological variety, they are required for successful innovation. However, the partners in 

public-private R&D networks are usually quite heterogeneous by nature, coming from 

different institutional environments that place different demands on actors (Van Rijnsoever 

et al., 2012). This heterogeneity forms the basis for creating new technological variants, but 

also implies that the links in public-private R&D collaborations are weak ties by nature. If 

projects are to succeed past the variety creation stage, the key management challenge is to 

transform these weak ties into strong ties. The interactive learning process of innovation 

means that partners learn from exchanging information and practices (Levitt and March, 

1988) and as a result become more similar. This similarity forms the basis for an increase in 

tie strength (Reagans, 2005). Interactive learning can thus contribute to making weak ties 

strong ties. To our argument this means that the ties that connect projects are either strong 

from the start of the project, because the partners had a higher changes of connecting in 

the first place, or that they have become strong through the interactive learning process. 

Further, the homogeneity that results from interactive learning also contributes to the 

legitimacy of practices, knowledge and of consequential technological routes that actors 

take. The more often a technological route is taken the more legitimacy it gains 

(Abrahamson and Rosenkopf, 1993), which can prompt others to adopt the same 

technological routes (DiMaggio and Powell, 1983). The legitimization process itself can thus 

reinforce partner homogeneity and the selection of technological routes.  

The  strong ties resulting from interactive learning and legitimacy creation ensure 

that projects that share actors will tend be similar to each other. The result is a decrease in 
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technological variety. The more ties a projects has, the more both processes will take place. 

This results in a negative relationship between number of project ties and technological 

variety.  

 Hypothesis 3: The number of ties a project has is negatively associated with 

technological variety.     

 

2.4. Project actors 

Innovation is often the result from collaboration projects between multiple partners 

(Tidd et al., 2001; Van Rijnsoever et al., 2012). We consider two project attributes that can 

be of influence on technological variety: the number of partners and partner diversity 

(Powell et al., 1996; Ruef, 2002). The number of partners refers to the size of the project 

consortium in terms of distinct actors. Partner diversity, refers to the difference in actor 

types that are in the consortium. Following the literature on innovation systems (Edquist, 

1997) and science industry collaboration (Etzkowitz and Leydesdorff, 2000), we distinguish 

five types of actors, Small or Medium-sized Enterprises (SMEs), Large Enterprises (LEs), 

Knowledge Institutes (KIs), Governmental Organizations (GOs) and Intermediary 

Organizations (IO). SMEs are firms with maximal 250 employees, more than 250 employees 

means that firm is a LE (European Commission, 2003). SMEs are usually credited with being 

more innovative than LEs, while the latter have more resources and experience (Chandy and 

Tellis, 2000). Knowledge institutes are not-for-profit institutes that conduct fundamental or 

applied research, such as universities or public research institutes. KIs bring in the 

fundamental scientific knowledge required for innovation (Laursen and Salter, 2004). GOs 

are public organizations that are tied to the national government or local governments. 
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They can contribute resources to a project, such as test-locations or facilities and regulative 

support. Finally, IOs are organizations that facilitate dialogue between partners. Examples 

are branch organizations, lobby groups and special interest groups.  

Ruef (2002) argues that larger project teams encourage new combinations and ideas, 

ǁŚĞƌĞĂƐ ƐŽůĞ ĞŶƚƌĞƉƌĞŶĞƵƌƐ ĂƌĞ ŵŽƌĞ ůŝŬĞůǇ ƚŽ ͞reproduce familiar routines based on their 

ŽǁŶ ůŝĨĞ ĞǆƉĞƌŝĞŶĐĞ ;ƉϰϯϰͿ͘͟ Powell et al. (1996) argue that ͞ƌesearch breakthroughs 

demand a range of intellectual and scientific skills that far exceed the capabilities of any 

ƐŝŶŐůĞ ŽƌŐĂŶŝǌĂƚŝŽŶ ;ƉϭϭϴͿ͕͟ which points to the necessity of including multiple partners. 

However, this argument appears at to be odds with the arguments mentioned earlier that 

more strong ties lead to conformity and thus less innovation. Tatikonda and Rosenthal 

(2000) also pose a negative relationship by associating project size to higher complexity, 

which is hypothesized to negatively influence the success of an innovation project. 

However, they find little empirical support for this argument. A similar argument can also be 

found in social psychology of team size (Kozlowski and Bell, 2003), but the important nuance 

is added that the effect of team size depends on the nature of the task to be fulfilled.  

Overall, the theoretical influence of project size is inconclusive. Given that the 

positive evidence about the influence number of project partners is derived from an 

innovation context, we hypothesize: 

      Hypothesis 4: The number project partners has a positive association with  

technological variety.     

 

Though Powell et al. (1996) do not deny that the number of project partners have a 

positive influence on innovation, they add that in the context of breakthrough discoveries 
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the diversity of partners is more important than the number of partners. This notion is much 

more widely shared in the literature (Nooteboom, 2000; Ruef, 2002; Laursen and Salter, 

2006; Nieto and Santamaría, 2007). The general argument is that diverse partners bring-in 

their unique resources, knowledge and skills, which can be combined to novel concepts. This 

increases technological variety. Therefore we hypothesize:    

Hypothesis 5: The diversity of project partners has a positive association with  

technological variety.     

 

2.5. Resources 

According to both the innovation systems perspective (Carlsson and Stankiewicz, 

1991) and the social network literature (Powell et al., 1996; Lin et al., 2009) actors use can 

networks to exchange resources. This fits with ideas from the Resource Based View (Barney, 

1991; Mahoney and Pandian, 2006), which argues that firms can gain a sustained 

competitive advantage by controlling ͞valuable, rare imperfectly imitable and strategically 

unique resources (Lewin et al., 2004, p110).͟ Eisenhardt and Martin (2000, p1106) define 

ƌĞƐŽƵƌĐĞƐ ĂƐ͗ ͞ƉŚǇƐŝĐĂů͕ ŚƵŵĂŶ ĂŶĚ ŽƌŐĂŶŝǌĂƚŝŽŶĂů ĂƐƐĞƚƐ ƚŚĂƚ ĐĂŶ ďĞ ƵƐĞĚ ƚŽ ŝŵƉůĞŵĞŶƚ 

value-creating straƚĞŐŝĞƐ͘͟ These resources can be transformed into innovations that form 

the source of a competitive advantage (Del Canto and Gonzalez, 1999). As such they play an 

important role in the innovation system (Hekkert et al., 2007). The diversity of resources 

that are used as input for an innovation determine the potential technological variety: the 

more diverse the input in the innovation process, the larger the degrees of freedom are for 

output variety. Specifically, unique or rare resources can contribute to original innovations. 

This does not mean that the total potential variety is always achieved, but we claim that 
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resources diversity is a condition for technological variety.  This leads to our final 

hypothesis:  

 

  Hypothesis 6: The diversity of resources has a positive association with  

technological variety.     

 

3. Methods  

 

3.1. Data 

To test our hypotheses we analyzed project data provided by NL Agency, which is the 

executive agency of the Dutch Ministry of Economic affairs. NL Agency is responsible for the 

implementation of subsidy schemes that support the development sustainable energy 

technologies. One of these is biogas technology. NL Agency has documented in great detail  

all innovation subsidies for this technology between the year 2001 and 2013. The database 

contains information about the subsidy scheme used, the start- and end years, the technical 

specifications, the partners that are involved in the project and for research subsidies the 

resources they contribute. In total the database contains 404 innovation projects with 402 

unique actors. However, for 28 projects it was not possible to retrieve technological 

specifications, which resulted in usable data about 376 projects.  

 

Owners of biogas facilities are heavily dependent (for about 60%) on government 

subsidies to make their projects rentable (Peene et al., 2011). For this reason we assume 
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that this project database approximates all the actors in the field of biogas technology and 

their activities when it comes to developing new innovations, and thus to cover all actors in 

the innovation system.  

 

3.2. Measurement  

Previous studies (Frenken et al., 1999, 2004; Bakker, 2010) measured technological 

variety on a system level, which is functional if one wishes to describe dynamics over time. 

However, we are interested in explaining technological variety within the system, for which 

we use our conceptualization of how often a technological route was taken in a specific 

period. It is therefore required to set a time window to calculate the frequency a route has 

been taken over. Without  such a time frame all technology routes that have been taken in 

the past are included in our measure. One can argue that it is important to take the past use 

of routes into account, since technological trajectories are cumulative by nature (Dosi, 1982; 

Nelson and Winter, 1982; Verspagen, 2007). The path dependence of technological 

development ensures that the past states of the technology form the basis for future 

developments (Arthur, 1989). If path dependence is taken into account, the question 

becomes how to weigh past technological developments in determining current 

technological variety. The most simple, but rather extreme assumption, would be to weigh 

all past developments as equal, disregarding how long ago they took place. This is what we 

ĐĂůů Ă ͚ĨƵůů ƌĂƚŝŽŶĂů͛ ĂƉƉƌŽĂĐŚ ƚŽ ƚĞĐŚŶŽůŽŐŝĐĂů ǀĂƌŝĞƚǇ͘ HŽǁĞǀĞƌ͕ ƐŝŶĐĞ ƚĞĐŚŶŽůŽŐŝĞƐ ĞǀŽůǀĞ 

over time, the cumulative historical past might not do justice to the current state of the 

technology. Another simple but equally extreme approach  is to assess how often a route is 
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taken only at a specific moment in time, thereby ignoring the past completely. This is what 

we call a ͚ŶĂŢǀĞ͛ ĂƉƉƌŽĂĐŚ ƚŽ ƚĞĐŚŶŽůŽŐŝĐĂů ǀĂƌiety.  

Since do not know exactly what a good timeframe is and how past developments 

should we weighed, we calculate both extreme approaches described above. We empirically 

explore how well they are related to each other, and if using either measure would 

influence our model results. Theoretically, one would expect that the naïve and full rational 

conception of technological variety are related to each other as long as the time window 

does not become too large or if no radical transitions occur.  

To calculate our measures we first determined how often a path was taken in each 

component of the technology by all projects over the given time frame. For the naïve 

measure we only took into account projects that were active in a given year. The full 

rational measure took into account all projects that had been active in the past up until a 

given year. The remaining procedure to calculate technological variety is equal for both 

measures.  

We assigned values to each project in the year it started for each path that could 

have potentially been taken. Since there were 9 distinct paths over 3 components (4, 2 and 

3) each project got a total of 9 records. If a project had taken a specific path in a component 

it was assigned as value the total number of times the path had been taken by all projects 

over the given time frame. For example: if a project choose co-digestion as production 

method path, and 50 other projects had done the same thing, the project received the value 

51 for co-digestion. If a path had not been taken by a project it received the value 0. Some 

projects took more than one path in a component. To correct for this we summed up all 



19 
 

records per component and divided the outcome by the total number of paths the project 

had taken.  

The three outcome variables were then multiplied to obtain a composite measure 

for the entire technological route of each project. The larger the value of this variable, the 

more often a route was taken by all projects, the lower the technological variety of a 

project. Both the naïve and full rational measures were heavily skewed since their values 

grew progressively for projects that started in later years. To obtain a better distribution we 

took the natural logarithm of these variables. Further, we multiplied the variables by -1, so 

that the larger values represent a higher technological variety.  

Since our data is longitudinal, we need to correct for the effects of starting year 

somewhere in the data-analysis process. The most straightforward solution would be to add 

a nominal variable with years as categories to the final models that test our hypotheses. 

However, this method is rather inefficient, since it adds 12 degrees of freedom to models 

with a limited number of observations. In addition, some years have a very small number of 

observations which casts doubt on the reliability of the estimators for these categories. 

Therefore, we explored if a mathematical transformation of the year variable could 

approximate the same effect of a nominal variable. After fitting several transformations of 

the year variable, the natural logarithm gave the best fit with the technological variety 

variables. To completely separate the effects of the control variable from the independent 

variables we partialed out the effects of time prior to hypothesis testing (Greene, 1997). 

This was done by regressing the variety variables on the natural logarithm of the year 

variable. We used the residuals of these regressions as final corrected measures for 

technological variety. As expected, both variables were strongly correlated (r=0.80,p<0.001). 
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It should be noted that these variables do not say anything about the quality of the 

innovation or its novelty. Since all projects were part of an innovation subsidy scheme, we 

assume that they contribute something new to the technology.  

Institutions were measured as the subsidy schemes the projects were financed from. 

These subsidy schemes were the most important regulative changes for biogas technology 

during the time period we studied. Based on the goals of the scheme subsidies were 

classified as research or exploitation. This classification was made by one of the authors and 

confirmed by a representative from NL Agency. In total there were 291 exploitation projects 

and 113 research projects.  

Projects are connected to each other by actors that participate in multiple projects 

that are active at the same time, these actors are ties in a social network. To calculate 

network measures we only took into account projects that received research subsidies. A 

theoretical reason for this is that the hypotheses we formulated were about the 

development new knowledge and technological variety. Exploitation subsidies do not 

contribute to these aims. Second, most exploitation subsidy projects consist only of one 

actor that is not connected to the rest of the network or of one actor that combines an 

exploitation project with a research project. The latter cases are problematic, because they 

appear as a separate node in the network that is tied to a research project, while they are in 

fact the same actor that is also part of the research project. The result is a bias in network 

measures, which is removed by excluding exploitation projects.  

Clustering was determined by calculating the undirected local clustering coefficient 

(see Wasserman and Faust, 1994) of a project in the year it started. The clustering 

coefficient represents the probability that two neighboring projects of a node are also 
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connected. An issue is how distinguish projects that were unconnected to other projects 

(e.g. isolates) from projects that were ĐŽŶŶĞĐƚĞĚ͕ ďƵƚ ǁŚŽ͛Ɛ ŶĞŝŐŚďŽƌƐ ǁĞƌĞ ƵŶĐŽŶŶĞĐƚĞĚ, 

since both received a value of 0. To ĚŝƐƚŝŶŐƵŝƐŚ ͚ŝƐŽůĂƚĞƐ͛ an extra dummy variable was 

created. The ĐůƵƐƚĞƌŝŶŐ ǀĂƌŝĂďůĞ ǁĂƐ ƌĞŐƌĞƐƐĞĚ ŽŶ ƚŚĞ ͚ŝƐŽůĂƚĞƐ-ĚƵŵŵǇ͛͘ TŚĞ ƌĞƐŝĚƵĂůƐ ŽĨ ƚŚŝƐ 

regression form ĂŶ ͚ŝƐŽůĂƚĞƐ͛ ĐŽƌƌĞĐƚĞĚ ŵĞĂƐƵƌĞ ĨŽƌ ĐůƵƐƚĞƌŝŶŐ, which was used as 

independent variable in our models. 

The number of ties a project has was a simple count of the number of actors a 

project shared with other active projects. The number of ties was strongly correlated with 

the clustering coefficient (r=0.70,p<0.001). This high correlation can partly be explained by 

the fact that both measures are partially calculated in the same manner; to have a cluster 

coefficient larger than 0 it is required that the number of ties is also larger than 0. To 

separate the effects of both measures we regressed the number of ties on the corrected 

clustering coefficient. The residuals of this regression are uncorrelated with the clustering 

coefficient and were used as used a measure for number of ties. This means that the effect 

of the number of ties can be interpreted as an effect independent of clustering.        

Project consortium attributes were the number of project partners and the diversity 

of project partners. The former was a simple count of the number of partners that applied 

for a subsidy. The value of this variable for all projects ranged between 1 and 9 with a mean 

of 1.56 in a project. If only research projects are taken into account the mean becomes 3. To 

calculate the diversity of partners all actors were first classified according to the 

aforementioned types: SME, LE, KI, GB and IO. Next, for each project we applied the entropy 
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formula (F1) by Thiel (1972) that is often applied in innovation studies to calculate 

technological diversity (Frenken et al., 1999, 2004; Bakker, 2010)
1
:  

F1:   ܪ ൌ െσ ୀଵ      

In this formula pi is the share of an option within system i and n is the total number 

of available options in system i. We applied the same principal to calculate diversity of actor 

types in a project.    

To calculate diversity of resources we first established which resources were 

contributed to a project by the participating actors. We only had resource data available for 

the projects that received a research subsidy. The database classified resources into  the 

following categories: (1) Capital Feedstock, (2)  Instruments: technology (3), Instruments: 

equipment, (4) Licenses, (5) Location: ground, (6) Location: building, (6) Location: research 

facility, (7) Patents, (8) Knowledge: technology, (9) Knowledge: market, (10) Knowledge: 

law, (11) Manpower and (12) Network. For each resource type we created a dummy 

variable that indicated if the resource was present or not in the project. Unfortunately, it is 

not possible to calculate the relative shares for this diverse set of resources, since they are 

incomparable. This means cannot apply the entropy formula. Resource diversity was 

therefore calculated as sum of the nine resource dummy variables. Since the resulting 

variable was quite skewed, we took its natural logarithm. Theoretically, this implies that 

there can be a positive relationship, but that the increase in technological variety decreases 

when extra resource types are added.  

Table 1 displays the descriptive statistics and correlation matrix of all variables for 

the research projects; we have full data for 82 projects.  

                                    
1 We could not use the entropy formula to calculate technological variety in this study, 

since this measures is not project specific.   
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---------------Insert Table 1 about here-------------- 

 

3.3. Analysis 

Hypothesis 1 was tested on all projects with simple independent samples t-test, 

Subsidy type was the independent variable and both measures of technological variety were 

dependent variables.  The remaining hypotheses were tested for the research projects only. 

Since all variables were of  a continuous nature, an Ordinary Least Squares (OLS) regression 

model was fitted for each measure of technological variety. There was no need to add time 

as control variable, since time effects are already taken into account in the dependent 

variables. 

4. Results  

 

Prior to the testing of our hypotheses, we visualized the innovation system by drawing 

network graphs. The graphs include all projects over the entire time period. The figure 

ignores the fact that not all projects were active at same moment, but it provides intuitive 

insights about how projects and actors are formally related. 

 

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

 

Figure 2a shows the network graph for the project level. Nodes are projects, ties are 

actors. The size of the node indicates how much each project contributes to technological 

variety (based on the Full Rational measure); the larger the node, the more technological 
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variety
2
. Further, the color of node indicates what the project type is: green nodes are 

research projects, while red nodes are exploitation projects. The first noticeable observation 

is that there is a giant component that mostly consists of research projects, but that also has 

peripheral exploitation projects. Further, there are many isolated exploitation projects. If 

exploitation projects are connected this means that a single actor received subsidies for 

multiple projects over the years, since all exploitation projects consist of one actor. Overall, 

research projects are much better connected than exploitation projects (t=4.51, p<0.001). 

Figure 2b shows how the actors in the projects are connected to each other. Nodes are 

actors, the ties indicate that actors participate in the same project. The ties between actors 

are by definition research projects
3
. The color of the node indicates the actor type: red are 

SMEs , green are LEs, dark blue are KIs, light blue are GBs and purple are IOs. Most actors 

are SMEs (284), followed by LEs (50), GBs (28), IOs (25) and finally KIs (15). There are 

significant differences in how connected the actor types are (F=11.68, p<0.001): KIs have 

most connections (3.00 on average), while SMEs are least connected (1.05 on average). 

Figure 2b shows that that most isolated projects are indeed single SMEs, while only one KI is 

unconnected. The giant component consists of a variety of actor types, and is also a source 

of technological variety.  

Next, we move on to testing our hypotheses, here we do take into account that 

different projects were active in different years. Both independent sample t-tests confirm 

that the technological variety of research subsidies is larger than of exploitation subsidies (t-

naïve=4.08, p<0.001; tfull rational=5.57, p<0.001), which supports hypothesis 1. This means that 

                                    
2 There are number of ties with no nodes attached, this is because for these projects we 

did not have the technical specifications and thus were unable to calculate technological 

variety.  
3 Note that the position the projects in figure 2a is not the same as the position of the 

related actors in figure 2b.   
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institutions in the form of directed subsidies do influence technological variety in the 

innovation system. 

 Table 2 presents the results of our OLS models. To allow for comparison of effect 

sizes we present standardized estimators. The adjusted R
2 

is good for both models: 0.30 for 

ƚŚĞ ͚ĨƵůů ƌĂƚŝŽŶĂů͛ ŵŽĚĞů ĂŶĚ Ϭ͘ϯϵ ĨŽƌ ƚŚĞ ͚ŶĂŢǀĞ͛ ŵŽĚĞů͘ FƵƌƚŚĞƌ͕ ƚŚĞ ǀĂƌŝĂŶĐĞ ŝŶĨůĂƚŝŽŶ 

factors remain at acceptable levels. The distributions of the residuals approached normality, 

but they also revealed that in both models one case was an outlier with a standardized 

residual larger than 4. We reran the models to test if removing the outlier had any effect on 

our results. This was not the case. Both models show identical results, which is evidence 

that in this case setting a time frame did not affect the outcome of the models.        

 

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

 

There is a negative effect of clustering on technological variety, which is in line with 

the thesis that structural holes are good for variety. This supports hypothesis 2. Beyond the 

effect of clustering, the number of ties are also negatively related to technological variety, 

which is evidence for the arguments that strong ties lead to more knowledge homogeneity 

and legitimacy, but not to more technological variety. Hypothesis 3 is thereby supported. 

The number of project partners also has a negative association with technological variety, 

which contradicts hypothesis 4. The diversity of project partners and resources on the other 

hand has a positive influence on technological variety, which supports hypotheses 5 and 6. 

An additional analysis (result not shown here) revealed that the significant negative effect of 

number of projects partner is the result of adding diversity of partners and diversity of 
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resources to the model, otherwise there would have been no significant effect. As discussed 

earlier, the theoretical arguments for the number of project partners are more 

contradictory than those for partners diversity. These results are evidence for the thesis that 

adding a partner to a project is only beneficial to technological variety if it increases the 

diversity of partners or resources. We explored this issue further by adding for each actor 

type the number of project partners to the model. These models show that the negative 

effect of number of partners is caused by SMEs (ɴnaïve=-0.39, p<0.001; ɴfull rational=-0.29, 

p<0.05), LEs (ɴnaïve=-0.38, p<0.01; ɴfull rational=-0.30, p<0.05) ĂŶĚ IOƐ ;ɴnaïve=-0.22, p<0.05͖ ɴfull 

rational=-0.19, p<0.1)
4
. This means that this case technological variety does not originate from 

firms or intermediaries. Since KIs are not negatively related to technological variety, it 

seems that their fundamental new knowledge can contribute to technological variety.   

However, the results do not show that having more than one KI adds extra technological 

variety.       

 

5. Conclusion and discussion 

 

5.1. Conclusion 

This study aimed to show how attributes of subsidized innovation projects of 

collaborating actors within an innovation system are related to the extent a projects adds to 

technological variety. This was done by quantitatively investigating the Dutch biogas 

innovation system using government data about project subsidies. Our results show that 

regulative institutions in the form of project subsidies that stimulate collaboration 

                                    
4 The rest of the model remained unchanged, for reasons of space it is not shown here.  
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contribute to technological variety. However, the more projects are related to each other 

through shared actors, the less likely they are to contribute to technological variety. Finally, 

more diversity of actors and resources contributes to technological variety, while including 

more partners in a project is negatively related to technological variety.  

 

 

5.2. Theoretical implications 

As argued in the introduction, our study is the first to explicitly link innovation 

systems to technological variety using a quantitative approach and social network analysis. 

We have added to innovation systems literature by demonstrating an approach that does 

not use the state of the system as indicator for innovation success, but rather the 

technology itself. Knowing how system configuration and technological variety are related 

helps with substantiating claims about the system performance based on the system itself. 

This is especially important in the earlier stages of the innovation process where the 

creation of technological variety is most important, but where data is often lacking. Further, 

we contributed to research about describing technological trajectories by explaining the 

development of technological variety using innovation systems.  

We also contributed to the literature about social networks and innovation. We 

demonstrated that clustering is negatively associated to technological variety, which is in 

line with claims by Burt (2001, 2004). However, it should be noted that technological variety 

does not equate innovation success, it is only a condition for success. This can explain the 

difference in results with other social network studies, that focus more on successful 

innovation. Moreover, on the project level we demonstrated that the diversity of actors and 
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resources in a project is more important than the quantity of project partners. This supports 

ideas about the complexity of larger teams and the social psychology of team size, but it 

contradicts claims by Ruef (2002). A possible explanation for these differences is that Ruef 

looked at patents/trademark applications and self reported measures that resemble 

innovation success, not variety. Overall, this means that it is important to treat variety 

creation and successful innovation as separate concepts.  

 

5.3. Policy implications 

Our results provide clear handholds on how to influence technological variety 

creation using subsidy instruments designed to overcome network failure. If policy makers 

aim to increase technological variety in the innovation system, subsidy schemes should 

reward small consortia, consisting of diverse actor types that contribute diverse resources 

with at least one knowledge institute. Allowing actors to participate in multiple consortia at 

the same time hampers technological variety. 

However, policy makers should note that although technological variety is required 

for successful innovation, there is an optimal balance between variety and selection (Van 

den Bergh, 2008). It is not the aim of this study to indicate what this optimal point is, but the 

idea of optimal variety implies that variety should not be over-stimulated. In general it can 

stated that in the earlier phases of the innovation process there is a larger chance of 

network failure and a larger need for variety creation than in later phases when there is 

more emphasis on selection. Following the network rationale, European and national 

governments can thus most easily make legitimate contributions to the innovation process 

by stimulating technological variety in earlier phases.   
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5.4.       Limitations 

This research suffers from two major limitations.  The first limitation is the 

measurement of concepts. Technological variety was calculated based on the technological 

characteristics in the government data base. We do not know for certain if the intended 

technological route of a project was actually taken during realization. It is likely that this is 

the case, since the route described is likely to fit with the capabilities of the project partners, 

but this cannot be validated. Further, we measured only regulative institutions through 

subsidy programs, but it is possible that other types of institutions (both regulative or non-

regulative) were also of influence. Next, we measured the number of ties per project, but 

we had to rely on theoretical arguments to determine the strength of these ties. Although 

the results support our argument for strong ties, we cannot empirically verify this.  

The second limitation is generalizability. We only took into account projects that 

were subsidized by the government, which leaves the possibility that we missed 

unsubsidized projects. There is a large dependency of the sector on government funding, 

but the possibility of missed projects cannot be excluded entirely. Furthermore, our results 

are strictly speaking only valid for subsidized projects in the Dutch biogas innovation system 

between 2001 and 2013. For generalization, further research is required in different 

countries and on different technologies.  
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Mean 
Standard 

Deviation 

Technological 

variety: naïve 

Technological 

variety: full 

rational 

Clustering 
Number 

of ties 

Number 

of project 

partners 

Diversity 

of project 

partners 

Technological 

variety: naïve 

0.72 1.96     

Technological 

variety: full 

rational 

0.69 1.33 .88***      

Clustering 0.25 0.41 -.30** -.28**     

Number of ties 1.71 2.49 -.22* -.18 -.31**    

Number of project 

partners 

3.59 2.19 -.26* -.14 .23* .18   

Diversity of 

project partners 

0.52 0.42 .17 .21 .10 .22* .59**  

Resource diversity 1.56 0.56 .08 .15 .15 .04 .51** .39** 

Table 1: Descriptive statistics and correlation for the research subsidy projects (Valid N=82), *: 

p<0.05, **: p<0.01, ***: p<0.001. 
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  Technological Variety 

 
Naïve Full rational  

  Est.  VIF Est. VIF 

Clustering -0.38 *** 1.22 -0.38 *** 1.22 

Number of ties -0.37 *** 1.22 -0.33 *** 1.22 

Number of project 

partners 

-0.50 *** 1.88 -0.37 *** 1.88 

Diversity of project 

partners 

0.49 *** 1.59 0.44 *** 1.59 

Resource diversity  0.21 * 1.38 0.23 * 1.38 

N 82 82 
Adj R

2 
0.39 0.30 

 

Table 2: Results from the OLS model predicting both measures of technological variety. *: p<0.05, 

**: p<0.01, ***: p<0.001. 
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Figure 1: Conceptualization of technological paths and routes over different components. Each 

component fulfills a sub-service that together form the total technological service. Arrows indicate 

different paths that can be taken. The bold arrows combined form an example route.    
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Figure 2: Network graphs of projects (figure 2a) and actors (figure 2b).  
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