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Abstract 

A central theme of the Knowledge and Regional Economic Development Conference is that 

of the geographical dimensions of knowledge and innovation. In this paper we are going to 

investigate the importance of geographical proximity for partnership formation in innovation 

systems, in which there is an assumed tacit aspect to knowledge flows. Once the theoretical 

framework has been defined, we shall present our rationale for an agent-based modelling approach 

to understand these phenomena, and then describe the model we are developing. We report on an 

initial series of simulation experiments we have conducted with this model, showing that when the 

geographical bound on the ability to use knowledge in joint innovations is relaxed, the number of 

partnerships increases approximately twofold. However, geographical aspects of the simulation did 

not change the surprising result that firms showed a large discrepancy in the number of innovations 

they attained.  
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1. Introduction 

Over the last decade, the idea that modern economies are rapidly evolving into knowledge-

based or learning economies has been attributed a growing importance (OECD, 1996). In this 

knowledge-based approach, the ability to create and transfer knowledge is the crucial component in 

sustaining competitive advantage through innovation and other value generating activities (Pinch et 

al., 2003; Forsman and Solitander, 2003). A common idea is that firm’s long-term competitiveness 

crucially depends on its ability to innovate and learn continuously (Florida, 1995; Cooke, 2001; 

Malmberge and Maskell, 2002). In other words, firms which handle knowledge most efficiently are 

also at the forefront of innovation ability and hence are dynamically competitive at a global scale.  

The knowledge-based approach brings into view many questions about the complex interaction 

between individuals’ capacity for learning and the necessity for firms to learn, i.e. to adapt or 

innovate in a changing market environment. For example: is the knowledge resource of firms 

embodied only in the individuals and in the relationships amongst them, or can it actually be stored 

in organisational routines and practices? Is the acquisition of knowledge largely controlled from the 

top of the management hierarchy (for example, through formal training or through prescribed 

programmes of research and development) or is it constructed in a more ad-hoc and problem 

orientated way? To what extent is knowledge transferable as compared to being context and firm-

specific? Does it result largely from individuals’ capacity to reflect upon their own experiences or 

does it depend more upon the use of interpersonal networks (think of information sharing in 

communities of practice)? 

What most people agree upon is that individuals learn, whilst firms adapt their business 

practices, and that there is some kind of correspondence between the two. This leads to the concept 

of organisational learning (OL), where firms can be said to develop new sets of skills or 

competencies, as well as constructing new values, goals, and systems. In this paper we aim at 

developing a theoretical model able to capture some of the main features that govern organisational 

learning, product innovation, and the geographical distribution and clustering of firms. 

We will pursue our target developing an agent-based model of interactive learning on 

geographical networks. Related literature has provided insight into some of the factors affecting 

knowledge diffusion patterns (for example Cowan and Jonard 2003 and 2004 on the effect of 

different network architectures, Morone and Taylor 2004a and 2004b on the importance of initial 

inequalities of knowledge and the geographical distribution on the network). However these models 

have come under criticism of being too vague in the definition of exactly what type of knowledge is 

being considered, and it has been questioned whether or not the current crude theoretical 

constructions are appropriate for considering the multifaceted phenomena of knowledge. Ultimately 

the problem is grounded in longstanding philosophical questions about the nature of knowledge, 

and debates that are unlikely to be resolved. Our contribution to this debate is to focus upon the core 
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skills or abilities of firms as an important component of the KBV of the firm and hence, their ability 

to innovate. This type of knowledge, we argue, is structured in a complex way, is often firm-

specific, and has geographical constraints to diffusion. We then go on to investigate how, within 

this framework, knowledge could be articulated and processed to generate product innovation, and 

how this whole process of acquiring knowledge and using it to innovate relates to geographical 

allocation of firms. 

In section two we will first investigate the nature of knowledge, aiming at defining a possible 

‘taxonomy of knowledge’. Hence, we will clarify the logical connections linking different kinds of 

knowledge to different kinds of learning. This will pave the way to introducing the spatial 

dimension in the analysis in section three. Geographical clustering will then be considered as the 

resultant of a specific learning process directly associated to physical proximity. Once the 

theoretical framework has been defined, we shall present our rationale for an agent-based modelling 

approach to understand these phenomena, and then describe the model we are developing in section 

four. Section five reports on an initial series of simulation experiments we have conducted with this 

model and section six draws some preliminary conclusions.  

 

2. Defining knowledge and different learning processes 

“Knowledge can be defined as a dynamic framework or structure from which information can 

be sorted, processed and understood. […] Knowledge is therefore associated with a process that 

involves cognitive structures which can assimilate information and put it into a wired context, 

allowing actions to be undertaken from it” (Howells, 2002: 872).  In this definition of knowledge all 

the relevant concepts are put foreword: knowledge is defined as a complex and dynamic structure 

within which information is articulated with other information through a cognitive process. This 

process, which we can label learning, allows actors to undertake actions which require the use of the 

acquired knowledge.  

If the unit of our analysis is the firm, then a wide interpretation of the role of the firm is to add 

value to a production chain. However, modern manufacturing industry in the developed countries 

may be less involved in the physical processes of production than in the design and marketing 

phases, and more relevantly, in the innovation of new products and production processes. In this 

context, innovation can be defined as the process by which firms master and put into practice new 

product designs and manufacturing processes (Nelson and Rosenberg, 1993). Hence innovation is 

itself a process in which “new knowledge or new combination of old knowledge are embodied in 

products or production processes and possibly introduced into the economy. Put in a simple way, 

innovation is the result of learning processes. Learning leads to new knowledge and firms use this 

knowledge in an attempt to improve product and production processes” (Oerlemans, Meeus and 

Boekeman, 1998: 4).  
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As suggested by Howells, innovation involves using existing knowledge, as well as generating 

and acquiring new knowledge and this centrally involves learning (2002: 872). By concentrating 

our analysis on the concept of learning, we can define at least two broad ways in which learning can 

occur: internally and/or externally to the firm. “Learning to use internal resources can be 

accomplished in several different ways, for example through R&D activities or learning by using or 

doing. The external mobilisation of resources can be labelled ‘learning by interacting’ (Lundvall, 

1988: 362), i.e. firms can use the knowledge and experience of other economic actors” (Oerlemans, 

Meeus and Boekeman, 1998: 3-4). 

This external ‘learning by interacting’ has also been analysed in the social science literature 

where it is known as social learning. Conte and Paolucci (2001) develop a theory of social learning 

where they emphasize the role played by the agents’ mental processes. They use cognitive 

explanations to distinguish between two types of social learning which they call facilitation and 

imitation. Facilitation is defined as “a type of social learning in which the learning agent (O) 

updates her knowledge base by perceiving the relationship between another agent (S) and its 

physical or social environment.” (Conte and Paolucci: sect. 5.8) This could be an elementary type 

of learning in which O does not necessarily attribute to others any goals or mental states, but rather 

observes them, their features or behaviours. 

Imitation, on the other hand, describes the situation where O intends to know what S does or 

looks like in order to find out norms or rules, or to adopt S’s goals and/or other mental states, as 

long as O believes that S is an appropriate model (M) in the given context. Both kinds of social 

learning involve agents observing and interacting in a common environment. In our understanding, 

it appears that imitative learning, in the sense of Conte and Paolucci (2001), is the most likely 

candidate for external OL of firms.1  

Both of the above definitions consider interaction with an external source (S) of learning and 

imply that firms are operating in a relational network, exchanging knowledge through direct 

contacts. Yet, this does not imply anything about the geographical proximity of firms.  

In fact, such interactions could be mediated through information and communication 

technologies, hence reducing the importance of physical proximity. We could maintain that 

relational networks “consist of relationships connecting actors […] that are cooperating in order to 

acquire resources that they may not themselves possess” (Forsman and Solitander, 2003: 5). This 

definition takes us to the so called economic network approach, as defined by Håkansson (1987 and 

1989) and  Håkansson and Snehota (1995), which provides an interpretative framework to 

understand the nexus linking learning, innovation and networks (Oerlemans, Meeus and Boekeman, 

1998: 3). “Håkansson’s economic network model contains three main elements: actors, activities 

                                                
1 It is assumed here that firms acquisition of new skills may derive from similar processes underlying the analysis of 
individual learning, and that these can, presumably, also be described by means of cognitive explanations. 
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and resources. Actors perform activities and control or posses resources” (Oerlemans, Meeusa and 

Boekeman, 1998: 3). Hence, firms operating in an economic network would be the actors 

performing innovating activities through the acquisition and control of knowledge resources.   

Along this line of research Pyka (2002) pointed out how the concept of the innovating network 

develops in contrast with the incentive-based neoclassical approach. Following a knowledge-based 

approach leads us to consider, within an evolutionary perspective, networks of firms as a central 

determinant in the creation of industrial novelty. From this point of view, knowledge is no longer 

considered as a freely available public good, but as local (technology specific), tacit (firm specific) 

and complex (based on a variety of scientific fields and technologies). These characteristics of 

knowledge are also the driving forces for the creation of innovation networks. In an earlier work 

Pyka (1997) showed how in regimes where technology is of major importance, the impossibility of 

mastering the whole required knowledge can lead to the emergence of large informal networks via 

self-organisation.  

This approach leads to a reconceptualisation of knowledge which should no longer be 

considered as a homogeneous resource that can be acquired individually or interactively. This 

hypothesis, in fact, has been challenged by several authors who, building on the idea that 

knowledge is an articulated multidimensional process, have made various attempts to identify and 

classify different types of knowledge. When Michael Polanyi, in his seminal work (1966), first 

proposed a distinction between tacit and codified knowledge,2 he observed how “we can know more 

than we can tell” (1966: 4), suggesting that some knowledge is intrinsically subject to some degrees 

of tacitness and hence can not be easily codified. Using Howells words we could hold that “explicit 

or codified knowledge involves know-how that is transmitted in formal systematic language and 

does not require direct experience of the knowledge that is being acquired and it can be transferred 

in such formats as blueprint or operating manual. By contrast, tacit knowledge cannot be 

communicated in any direct or codified way. Tacit knowledge concerns direct experience that is not 

codifiable via artefacts. Thus, it represents disembodied know-how that is acquired via the informal 

take-up of learned behaviour or procedures” (Howells, 2002: 872). 

 

3. Dimensions of economic geography 

Departing from this definition of tacit and codified knowledge we can add a geographical 

dimension to the analysis developed so far. Given the nature of tacit knowledge, several authors 

observed the importance of trust among the participants if genuine learning is to occur (Collins, 

2001; Nonaka and Takeuchi, 1995). Conte and Paolucci argue that imitative learning also involves 

                                                
2 It is worth mentioning here that Polanyi did not stress the dichotomous nature of knowledge, pointing out, on the 
contrary, that the tacit/codified distinction should be seen as a continuum between wholly explicit and wholly tacit 
knowledge (on this point see among others: Nelson and Winter, 1982; Morgan, 2001; Howells, 2002). 
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the cognitive task of deciding which is a ‘good’ model (M) under the given circumstances, and that 

this decision is a reflection upon the source: “imitation implies delegation and ultimately trust: O 

implicitly delegates others to do (part of) the job she should do. She must trust M to some extent.” 

(Conte and Paolucci: sect. 5.14) 

Other authors emphasize that in interactions amongst firms, trust has a two-way nature that can 

be considered a relational asset. It is more likely to develop where the participants are engaged in 

several encounters, meaning that the shadow of the future looms larger over the present (Axelrod, 

1984; Morgan, 2001). “This provides a context for reciprocity: a good deal for informal know-how 

trading takes place, even among rival firms, precisely because of the expectation of the information 

which A provides B today will be reciprocated in kind tomorrow” (Morgan, 2001: 10). This idea, 

first introduced by von Hippel (1987), leads to the conclusion that mutual trust and reciprocity are 

easier to subsist in the context of geographical proximity (Malberg, 1997).  

In this perspective, tacit knowledge is considered to be ‘context dependent’, “being facilitated 

by a common language, cultural and value system. Codifiable knowledge, in contrast, can be 

expressed in various forms, and rapidly disseminated through various geographically dispersed user 

communities” (Pinch et al., 2003: 375). Such process has also been labelled ubiquitification of 

knowledge (Maskell, 1999; Maskel and Malberg, 1999).  

This re-definition and re-contextualisation of tacit knowledge paves the way to a new 

specification of proximity. If the diffusion of tacit knowledge is facilitated by a ‘shared language’ 

(Burns and Stalker, 1961) or, as put by Dosi and Marengo, by a ‘shared cognitive framework’ 

(1994), then there is room to believe that tacit knowledge dissemination is subject to organisational 

or relational proximity more than to physical or geographical proximity.   

However, the view which juxtaposes relational proximity on the one hand with geographical 

proximity on the other, has come under criticism of being “a form of spatial fetishism which […] 

lies in the assumption that there is something called geographical proximity which does not involve 

relational proximity, implying that the social interactions which constitute local actions are 

somehow natural, primordial or automatic, when in fact they have to be actively constructed like 

any other relational asset, whatever the spatial scale” (Morgan, 2001: 14). In other words, relational 

proximity, far from being a substitute for geographical proximity, should be considered as a 

complementary and reinforcing element of it.  

To sum up, tacit knowledge could be defined as “person-embodied, context-dependent, spatially 

sticky and socially accessible only through direct physical interactions” (Morgan, 2001: 15). These 

are the special features of tacit knowledge which help to explain the apparent paradox of 

phenomena like the “economically successful industrial clusters in an age in which new 

telecommunication systems facilitate the transfer of ever more complex sets of knowledge at an 

ever-increasing rate” (Pinch et al., 2003: 375), or the spatial concentration of R&D activities in the 
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home base of the innovating firms – defined by Kith Pavit and Pari Patel as an important case of 

non-globalisation (1991).  

A final aspect related to economic geography of innovation leads us to the widely discussed 

rural/urban dichotomy. As argued through sections 2 and 3 firms’ innovation is tightly bounded to 

firms’ ability to acquire knowledge and, therefore, it is intrinsically a spatial-dynamic process. The 

literature revised so far, while providing strong argument to explain clustering, did not tackle the 

issue of where firms do cluster. As widely acknowledged the initial locations of new technological 

systems present some degrees of arbitrariness (Krugman, 1991). However, firms tend to 

agglomerate near innovating firms, mainly because of the need for skilled labour and information 

(Kangasharju and Nijkamp, 1997). In the line of Davelaar (1991), Kangasharju and Nijkamp argue 

that “during the incubation phase, when major product innovations are made, the swarming process 

of (new Schumpeterian) firms is concentrated in central (usually urban) areas, because early 

innovations are more dependent on the urban ‘milieu’ than subsequent innovations” (1997: 4). This 

reasoning leads us to hold that innovation clusters will often be located in urban centres, and this 

would be particularly true for clusters composed prevalently by small and medium enterprises 

(SMEs), which might depend greatly on the supportive quality of their regional environment and 

the innovation-relevant knowledge sources available (Koschatzky and Sternberg, 2000).  

Along this line of research it was argued that technological districts (contrasted to traditional 

industrial districts) would be essentially urban. Moreover, their development, based on a wide 

variety of complex urban centres, would be based on the emergence of competition between cities 

of industrialised countries (Pecqueur and Rousier, 1991). 

 

4. An agent-based model of learning, innovation and geographical proximity 

4.1 Rationale for the modelling approach 

In the field of evolutionary economics, agent-based modelling is now recognised as one of the 

most promising new tools of investigation. The agent-based approach allows us to capture 

dynamics and complexity in our models. This is exactly what is required for studying processes of 

innovation, firms' partnering, and formation of IDs. The objective is to understand better the 

relations between micro-processes (the decisions and behaviours of economic actors) and the 

emergence of stylised facts common across much of industry (relating to R&D and the geography 

of firms) in the model output. Recently there has been significant other research targeting this area, 

(e.g. Gilbert, Pyka, and Ahrweiler (2001); Pajares, Lopez, and Hernandez (2003)) using agent-based 

methodologies. Gilbert et al. (2001) suggest that it has proved difficult to analyse innovation 

dynamics with the traditional analytical tools and suggest as an alternative, the need for "an abstract 

simulation model that could constitute a dynamic theory of innovation networks" (Gilbert et al. 

(2001)). 
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In our view, this approach to the problem of innovation dynamics does offer a promising way 

of modelling some of these processes. The focus of this paper is upon the analysis and management 

of change in industrial processes, and matters of industrial policy relating to support for regional 

innovation networks or industrial districts. We suggest that it would be most appropriate to use 

agent-based modelling in conjunction with case study and microeconomic research. The findings of 

simulations based upon formal logic must be supported, both qualitatively and quantitatively, by 

empirical work. Meanwhile, we wholly agree with Pajares, et al. (2004), confirming the use of 

agent-based models as a ‘wider laboratory’ for experimental economics, and in our investigation of 

the model we follow the same experimental methodology. The experimental set up is discussed in 

section 5 of this paper. Now, for the rest of this section, we describe the agent-based model. 

 

4.2 Firms and their social network 

The unit of analysis of this model is the firm. We assume a population of N firms allocated over 

a social network which is situated upon a grid of cells. Each firm is initially assigned a random 

position in the grid, and interacts with its closest neighbours. Initially, the neighbourhood is defined 

as the region on the grid that includes those cells adjacent in the four cardinal directions and within 

the firm’s visible range ν (i.e. von Neumann neighbourhood structure).  Not all the cells of the grid 

are occupied by firms, and those occupied contain only one firm.  

The social network within which firms’ interaction takes place could be represented as a graph 

where vertices correspond to firms and edges are firms’ connections. Hence, we can write: � (I, Γ), 

where I = {1, . . ., N} is the set of firms, and Γ = {Γ(i), i ∈I} gives the list of firms to which each 

firm is connected. This can also be written Γx = {y∈I \ {x} | d(x, y ) ≤ ν }, where  d(x, y) is the 

length of the shortest path from firm x to firm y (i.e. the path which requires the shortest number of 

intermediate links to connect firm x to firm y), and ν (visibility) is the number of cells in each 

direction which are considered to be within the firm’s spectrum. Intuitively, Γx defines the 

neighbourhood of the firm (vertex) x.   

The unit of time we define in our model is called the cycle. In each cycle, all firms are sorted 

into a random order, and then each is permitted to interact with one acquaintance. Initial 

acquaintances are the immediate neighbours (which are those within the visible spectrum). 

However, a firm can learn of the existence of other firms situated outside the neighbourhood 

through interactions with its acquaintances (i.e. this takes place while attempting to partner to 

innovate - we will clarify the way in which this happens in section 4.5).  

Firms allocated in this social network aim at innovating. Innovation is defined as product 

innovation i.e. any time an innovation occurs a new product is supplied in the market. Innovation 

drives the firms' search process and motivates them to partner with other organisations (generating 
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clusters of firms). In order to accomplish a new production process, new skills are required. Hence, 

innovating firms will aim at developing new skills and learn how to use them in order to produce 

new products. In this context skills are defined as an applied and agents’ embedded dimension of 

knowledge. 

In this model each firm is initially endowed with a Skills Profile (SP) which is defined as a 

complex and interdependent structure of abilities/competencies that can mainly be acquired through 

individual learning (implemented by firms as a specialised search process which replicates the work 

of R&D laboratories). On the contrary, acquiring new information on skills possessed by neighbour 

firms and, hence, on the profitability of partnering, occurs through social interaction. In this work 

we make the assumption that skills are not easily transferred through interactions, i.e. that they 

cannot simply be diffused from one firm’s profile to another. In fact, we assume that interactive 

learning (i.e. flows of skills from a firm to another) can take place only if there is a joint production 

(i.e. innovation partnership) among two or more firms (this will be explained in detail in section 

4.6) 

The model itself is structured into two separate bodies: there is a set of properties of the 

system and a set of properties of individual firms. For the sake of clarity we shall start describing the 

properties of the system. 

 

4.3 Defining the Firms’ Skills Universe 

The system is initially endowed with a Firms’ Skills Universe (FSU), which contains the 

whole knowledge of the system. In this model, the FSU is represented by a network of nodes and 

links: nodes in the FSU can be thought of as possible skills or technologies to be learnt by the firms, 

and links define the requirements of each node. The FSU structure therefore defines the way in 

which subsequent skills depend upon the prior acquisition of other skills. Using a similar graph 

notation to that used to describe the social network we can write: FSU (Σ, Ψ), where Σ = {Ν0 , N1. . 

., NMAX} is the set of skills, and Ψ = {Ψ(i), i ∈Σ} gives the list of requirements to go from one node 

to another. 

The FSU is generated at the beginning of the execution (simulation) of the model from an 

initial list of x nodes N1 to Nx (with x > 1) which are themselves each linked to the root node, N0. In 

the initialisation sequence nodes N1 to Nx are placed, along with N0, in a parent list P. Then, the 

remaining 'child' nodes, i.e. those belonging to the set {Nx+1,. . ., NMAX}, are taken in turn and added 

to the FSU as follows: 

 

Step 1: determine the number of parents that the child will have (must be an integer between 1 and 

the dimension of  P) 
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Step 2: select those parents randomly from the set P, and make a link from each one of them to the 

child 

Step 3: for each parent currently in P, with a small probability PD delete that parent from P 

Step 4: add the current child to the parent list P 

 

The process is repeated until all nodes have been positioned in the FSU. Following this 

specification, there is a small chance that a parent node would be sterile, i.e. that there are no 

dependent child nodes and at this vertex, the FSU reaches a dead end. 

There is one additional step which gives the FSU a more interesting structure, 

 

Step 5: with a small probability PS,  split P into two independent parts. Subsequently, child nodes 

will be attached to one specific parent list (chosen randomly), from where all its parents will be 

drawn  

 

Step 5 causes branching of the FSU such that different areas of it can develop independently. 

In other words, later nodes are positioned such that they depend on a limited number of earlier 

nodes that are themselves quite interdependent. This specification is intended to represent the idea 

that it is feasible for a firm to 'specialise', or to learn some advanced skills without first having to 

learn almost everything else at a more basic level. 

Implementing this in the program involved using a meta-parent list which was a dynamic 

array list of variable dimension. When the original parent list split at some (randomly chosen point), 

then the truncated part and the second 'splitter' part would then make up the meta list. It is also 

possible that one of the parent lists could become empty: in this case it would simply be removed 

from the meta list at the end of that cycle. 

In figure 1 below we reproduce a representative graph of a Firms’ Skills Universe composed of 

50 nodes (skills). 

 

- Insert Figure 1 about here - 

Figure 1: Firms’ Skills Universe 

 

For step 1 we used a very simple probability function, in which each node (with the exception 

of the first five nodes and the root node) will have one parent with probability p1=0.6, two parents 

with probability p2=0.3 and three parents with probability p3=0.1.  

 

4.4 Radical innovations vs. incremental innovations 
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The system is also endowed with an ex-ante determined Global Innovation List (GIL), which 

represents all the possible innovations that can be achieved by firms. All of the potential 

innovations are generated in the initialisation phase of the simulation, at the same time as the FSU 

is created. During each iteration where a child node Ni is placed in the FSU, there is a small 

probability that an innovation is generated. 

In this model, the researcher must specify in advance of running the simulation how many 

innovations there will be in a given experiment, and the corresponding number of node-indices are 

then selected at random. So, for example in Figure 1 above where there are 50 nodes, the node-

indices run from 1 to 50 inclusive. If we specify ten innovations in our GIL, then ten of the node-

indices will be chosen, and the innovations will be generated when these corresponding nodes are 

placed in the FSU. This is not a trivial matter since the innovations are generated from the current 

parent lists during the set up of the industrial environment, according to the following step (Step 6). 

The GIL is composed of m incremental innovations and n radical innovations. The first kind 

of innovation is always based upon an already existing innovation, and is created by replacing one 

existing skill with a child, or a child of a child, etc. (we should say closest available descendent) of 

that same skill. On the contrary, radical innovations are created by combining a whole new set of 

skills never used for previous innovations. There is one special case that is the root innovation – the 

very first innovation – which must always be a radical innovation, requiring a new combination of 

skills.  

We define It as the set of incremental innovations at the initialisation time, and the single 

innovation tI∈t�  as a vector of skills. We also define Rt as the set of radical innovations at the 

initialisation time, and the single radical innovation tR∈t�  as a vector of skills.  

Now we can define the GIL, at the initialisation time, using set notation as:  

ttt RIGIL ∪=       (2) 

where the set It is defined as [ ]m1 �� ,,Κ=tI ; and the set Rt is defined as: [ ]n1 �� ,,Κ=tR . 

Following on from the algorithm developed in the previous section, we can now add a further step 

to it. 

 

Step 6: if the node index is one of those randomly selected, generate a new innovation by either (a) 

INCREMENTAL method or (b) RADICAL method, as described above, and add it to the GIL 

 

Having created the GIL and the FSU at initialisation, the model is then ready to proceed to the 

main simulation phase where firms’ learning and innovation take place. The single objective of 

firms is to obtain all of the necessary skills to fulfil the requirements of an innovation. The first firm 

(or group of firms) to attain a particular innovation will be recorded as the First-Mover (FM) 
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innovator of that product innovation. In other words, that firm (group) is recognised as the first one 

to develop and market the product. 

In this model, as we are only concerned with the innovation process, and not the emergence of 

markets for those new products, when the simulation reaches the point where an innovation is 

accomplished and its FM identified, that innovation will be “tagged” by the innovator in the GIL. 

Hence, each innovation can be performed only by those firms which perform it first. 

As mentioned earlier, innovations may be attained either through searching for partners with 

complimentary skill attributes, or through individual learning. In order to do so, in each cycle firms 

have an opportunity to interact as well as to carry out their own R&D. To implement this two-fold 

learning process will involve the use of two nested time-levels. We aim to make explicit the relation 

between, on the one hand, the time taken to perform R&D and individual innovation - the 

individual learning cycle – and, on the other hand, the time taken to locate potential partners, 

interact with them and carry out joint innovations – the partnering cycle. This raises the important 

question of how to measure the opportunity to search for partnerships – sharing the burden - against 

the opportunity to internalise the innovation process, which may be more beneficial. 

 

4.5 Individual learning and the FSP 

Firms are initially endowed with a Skill Profile (SP) and a list of acquaintances. The SP is 

composed of a fixed number of active skills (i.e. usable to innovate) and a variable number of 

dormant skills. The active and dormant parts are coupled in such a way that, as the simulation 

advances, earlier acquired skills will always be transferred from the active SP to the dormant SP 

(which remain mutually exclusive). 

 As already mentioned, the goal of each firm is to innovate. Hence, every cycle, each firm will 

try to find out which innovation can be performed with the possessed active skills. This is done by 

comparing the individual firm's (coupled) SP with the GIL. If one or more innovations can be 

accomplished with the possessed skills, then the firm will successfully perform them. If no 

innovation can be performed then the firm will try to acquire those skills which would allow 

innovating. This can either take place through individual learning or through interactive learning 

and the definition of partnership for innovating. We will now describe in more detail the individual 

learning process, and then in the next section we will turn to describe how partnership are 

established and innovations are performed. 

In section 4.3 we defined the FSU as a graph composed of a list of nodes representing skills 

articulated in a complex and structured way. Individual learning of new skills in the FSU takes 

place through a search process which goes from less to more specialised skills (i.e. it is a depth-first 

search). The agent has list of 'child' nodes of those already in its SP, which it systematically tries to 

learn. Recall that child nodes can be acquired only if all of its parents have been mastered 
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(knowledge demands knowledge in order to be acquired). If the target node cannot be immediately 

learnt, then the algorithm backs up one level and first tries to acquire all of the parents of that node. 

Following this procedure, when eventually successful, the agent then moves on to target the 

children of the just learnt node. 

In fact, the algorithm is rather more complicated than it at first seems, for it involves 

distinguishing between targets (children of the just learnt node) and sub-targets (parents/ ancestors 

of the target). The difference arises because, unless the target turns out to be a leaf node, only the 

children of targets can be next-in-line targets, whereas other children of sub-targets (that are not 

parents of the current target) should not be added to the target list, if we wish to carry out a depth-

first search of the FSU, as specified earlier. 

We shall define three types of firms: small, medium and large firms. The size of the firm is 

proportional to the size of the active SP, which has got a fixed dimension. Since the active SP has 

got a fixed dimension, every time a new skill will be acquired an old skill will be reallocated to the 

dormant SP. It is important to mention that dormant skills are skills which have been mastered by 

the firm but are currently not used; hence, can be used to learn new skills but not to innovate. If the 

firm is able to acquire the needed skills (i.e. has got the required skills to learn the new skills), then 

the new skills will be mastered and then added to the active SP. Consequently, the firm will be able 

to innovate. The active SP aims at reproducing the dimension of R&D laboratories. Hence, as 

widely acknowledged in the literature, larger firms will have bigger R&D departments and, 

therefore, will be able to handle a wider spectrum of skills. In addition, we define an individual 

learning rate parameter which varies according to the size of the firm. A small firm can learn one 

new skill per cycle, medium firms two and large firms three.  

The specification of a dormant SP is necessary because otherwise the specialised search process 

outlined above would tend to lead to firms getting trapped within a particular area of the FSU 

corresponding to all the active skills of that firm, and hence unable to do further individual learning. 

This specification clearly represents the idea that firms do not unlearn those skills they have already 

mastered.  

 

4.6 Interactive learning and firms’ partnerships 

If the firm is not able to innovate individually, then it will select one innovation from among 

those not yet accomplished, for which it has one or more of the needed skills, and it will try to 

partner with one of the acquaintance firms and jointly innovate. The selection of the innovation is 

random, but with the chance of selection of each innovation weighted according to the number of 

skills of that innovation already possessed. 

Partnering will initially happen through direct interactions among neighbour firms. In this 

model we will not make a clear distinction between tacit and codified knowledge, we will just 
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assume that, due to the presence of some degrees of tacitness, interactive learning will be somehow 

geographically bounded: i.e. interactive learning takes place only among neighbour firms. Firms’ 

neighbourhoods, and their opportunities to partner, are thus defined by a visibility parameter, and 

their relative positions on the 2D grid. The neighbour is also initially selected at random. If, 

combining the skills of the firm and its chosen neighbour, the partnership is able to innovate, then 

both firms will acquire the complementary skills (interactive learning). If individually the partners 

each possess some of the required skills, but in partnership they do not possess all of them, then the 

search process will continue with the firm contacting another of its neighbours, until either the 

partners can together perform the joint innovation, or until there are no more neighbours to contact. 

Ultimately, if this is not successful then one of the neighbour firms might work as a link between 

the firm initiating the interaction and one of its neighbour firms. In this way, firms might create a 

network of partnerships. However, we leave this intermediate linking arrangement to further 

exploration: in all our initial experiments we allow only the initiating firm as the contacting (and 

hence central) firm in the partnership. 

Given such learning structure, we aim at investigating the formation of innovation networks. 

We shall investigate how physical proximity, through the rapid diffusion of tacit knowledge, affects 

the innovative capabilities of heterogeneous firms. In section 4.2 we defined Γx as the set of initial 

acquaintances of firm x, we can now define ϕx,t as the set of firms which are not immediate 

neighbours but with whom we can partner through a common neighbour at time t, and the firm 

txtm ,ϕ∈  who is added at each t. Now we can define the innovation network for firm x at time t=T 

as: TxxTx ,, ϕ∪Γ=Φ , where the set Tx,ϕ  is defined as: { }TtTx mmm ,,,,1, ΚΚ=ϕ . 

This network structure resembles that employed in a previous work (Morone and Taylor 

2004b), which possesses some nice features. In fact, such a network is dynamic by its nature as it 

evolves over time, reshaping itself according to the learning dynamics within it. 

 

5. Simulation experiments with the model 

In this section we make some observations on what questions will be addressed by the model 

we have just described. In other words, we shall clarify our understanding of what this approach 

might reveal about issues concerning knowledge, innovation, and economic geography. In doing so 

we shall first describe the experimental set-up (section 5.1) and then describe the initial results in 

terms of the industrial environment (section 5.2) and the performance of firms and firms’ 

partnerships (section 5.3). 

 

5.1 Experimental set-up 
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Given the above model specifications, the experimental set-up should allow us address a 

range of questions related to innovation systems, firms’ networks, and joint production processes. 

In this model we see the potential to be able to describe some quite complicated decision-making 

micro behaviours of individual firms. Our aim is to discover whether or not these described 

behaviours can support the emergence of the relevant ‘stylised facts’ about industry performance.  

The questions of interest may be categorised into those concerning the performance of firms 

and partnerships, and those concerning the nature of the industrial environment. 

 

(a) Firms/Partnerships: 

1) Is the innovation cycle dominated by individual firms or by partnerships? 

2) Is there domination by particular individuals/groups or is there equality of innovations? 

3) Do large firms show a different performance compared to small and medium-sized firms? 

4) Do partnerships or clusters of firms emerge and persist – in the sense of repeat occurrences 

over more than one innovation? 

(b) Environmental characteristics: 

1) Ratio of radical to incremental innovations, in terms of the firms/partnerships questions (a)? 

2) Does this ratio make a difference in terms of the overall rate of innovation achievement?  

3) What is the effect on performance of the parameters PS and PD that characterise industry? 

4) How do geographical aspects of the environment impact performance of firms/partnerships? 

5) How does the density of agents on the geographical space impact performance? 

6) Do agents’ initial skill profiles and their initial social networks matter? 

 

A central theme of the Knowledge and Regional Economic Development Conference is that 

of the geographical dimensions of knowledge and innovation, and that is going to be our focus in 

this conference paper. In particular, we shall investigate the importance of proximity for partnership 

formation. To do so we assume a tacit aspect to knowledge and thus a geographical bound upon 

joint innovation. 

The simulations presented in section 5.3 therefore explore the effect of tuning the tacit 

dimension of knowledge required for partnering for joint innovations, which is controlled through 

varying the visibility parameter ν. In other words, we are assuming that the requirement for 

geographical proximity for partnering can be satisfied only by neighbouring firms. On the contrary, 

distant firms are not able to overcome this requirement. By increasing or decreasing the visibility 

parameter we can approximate the different possible regimes corresponding to different grades of 

importance imputed to the tacit nature of knowledge for carrying out joint innovation. 

We used the JAVA platform with the RePast (Recursive Porus Agent Simulation Toolkit, The 

University of Chicago's Social Science Research Computing, 2003) libraries for implementing the 
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model and UCINET 6 software (Borgatti, 2002) for analysis of the networks data. We carried out 

repeated simulation experiments (batches), to identify different trajectories of model behaviour. 

Over the batches we then took averages for all the relevant indices, and these statistics are presented 

in our results section. Expected results are that (1) larger neighbourhoods (ie. with higher values of 

the visibility parameter) will lead to a greater number of joint innovations. Also, (2) in the case of 

incremental innovations dominating the dynamics we expect more persistent partnerships, and (3) 

in the case where we have many radical innovations, we expect the innovations to be achieved at a 

slower rate. 

 

5.2 Characterising the industrial environment 

Simulation experiments were carried out to explore the performance of the generating 

algorithm which sets up the environment, and to understand more about how some of the fixed 

parameters effect the way that industrial environment is defined in the model at the start of the 

simulation. 

First of all, it should be pointed out that the earlier figure, Figure 1, was generated with the 

parameter PD = 0.1, and number of skills per innovation = 5. The probability of splitting the parent 

list was defined as   PS = ¦ P ¦  /  PMAX ,  i.e. the current length of (number of elements in) P divided 

by a maximum allowed length PMAX, where  PMAX  was initially set equal to six in the simulation 

which produced Figure 1. 

Looking at this figure, which resembles a fused tree structure, we can immediately see that 

there are lots of branches of this network, where areas of the FSU develop into independent parts. 

Whilst there are several ‘corner stone’ nodes that are highly connected, there are also very many 

‘leaf’ nodes which appear to be end points of the structure.  

 Initially we were quite satisfied with this structure for the FSU as we believed it could 

provide a quite complicated task for the firms in terms of their individual learning. Arguably, it 

could also be a fairly descriptive and yet generalised abstraction of how new skills are linked to 

previous skills in those types of knowledge-based industries for which innovation is an important 

process. For our initial investigations, it should be necessary to explore the algorithm which 

generates this structure. 

To carry out our analysis of the FSU we explored the effect of the parameters PS and PD. We 

ran one simulation with the following parameter settings: S1: PMAX = 12, PD = 0.1, S2: PMAX = 6, 

PD = 0.2, thus presenting a further two simulations to compare with Figure 1. The fixed parameters, 

i.e. those which we did not change over the set of experiments were:  N =50 and number of skills 

per innovation = 5. 

- Insert Figure 2 about here - 

Figure 2: Parameter settings (Pd, Ps) and the FSU 
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Figure 2 shows the result of these simulations. The upper diagram (2a) shows the case where 

we set PMAX = 12 and the lower diagram (2b) where PD = 0.2, otherwise we have used the same 

parameters as those which generated the earlier FSU of Figure 1. What is most noticeable is that the 

main characteristics do not change very much. However, we can see that in Figure 2a there is a 

greater cohesiveness of the parts of the FSU, with fewer ‘branches’ that separate out the nodes. On 

the other hand, Figure 2b appears to be a bit more hierarchical compared to the other figures, in the 

sense that more branches must be traversed in order to reach the later nodes from the root node. 

 

5.3 Firms’ performance and partnership formation 

In this set of simulation experiments we used the fixed parameters: PD = 0.1, PMAX = 6,  

N=200, number of skills per innovation = 5, number of radical innovations = 10, number of 

incremental innovations = 40,  number of cycles = 20,  number of agents = 40,  grid size = 20 

The visibility parameter ν was varied as integer values drawn from the set: {2,3,4,5,6}. 

Rather than letting simulations run until all innovations would be eventually achieved (or fail 

to be achieved), it was decided to limit the number of simulation cycles. Because we think that the 

partnering process is the most interesting object of our study, we wanted to see what happened 

when individual firms could only acquire very few skills out of the possible universe, (here, 10%). 

This kind of arrangement, in our view, most closely resembles an industrial district environment, 

where many firms operate in specialised roles, and innovation is a key driver for development. 

Finally, it is necessary to note that in the initial simulation experiments there are a number of 

specifications of the model of which we did not yet begin to investigate, namely the variable 

learning rate parameter, the specification of the interactive learning step, and the distinction 

between active and dormant SP, being different sizes for different firms. Here, it was assumed that 

all Firms had an individual learning rate of one skill per cycle, and that innovations could be based 

upon any of the Firms’ acquired skills. The results presented below describe the experiment to 

understand the effect of the visibility parameter as a measure of the tacit dimension of knowledge 

necessary to carry out joint innovation.  

 

- Insert Table 1 about here – 

Table 1: Key statistics, innovations and partnerships 

 

- Insert Figures 3a and b about here – 

Figure 3a: Average of number of individual innovations attained by an agent 

Figure 3b: Average of number of joint innovations in which an agent is involved 
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Table 1, and Figures 3a and b show that increasing the visibility parameter from 2 to 6 

results in a reduction in the average number of individual innovations from an already low number, 

0.58, to 0.21. Meanwhile the average number of involvements in joint innovations per agent 

increases greatly from 7.31 to 16.27. This emphasises, firstly, that individual innovations are very 

difficult to achieve in the environment defined by the FSU and GIL: joint innovations always 

strongly dominate. Secondly it tells us that as the geographical bound upon joint innovation 

becomes less strict, we can expect fewer and fewer innovations to be attained by individual firms on 

their own. However, the overall number of innovations clearly increases, by well in excess of 

100%. The standard deviation of number of innovations attained is very high; this could be 

explained by either large variation among agents, or variation between simulation runs. Finally, the 

average number of partnerships increases with visibility, from a value of 1.5 to 1.97. As we would 

expect, this reflects the larger neighbourhood pools in which to search for potential innovation 

partners. 

 

- Insert Figures 4a and b about here - 

Figure 4a: Average of number of innovations in which an agent is involved 

Figure 4b: Standard deviation of number of innovations in which an agent is involved 

 

 Looking at the distribution of innovations within simulation runs, Figure 4 shows the 

average and the standard deviation across agents of the number of innovations each was involved 

in, either as an innovator (i.e. contacting agent) or as a partner (i.e. contacted agent). These results, 

which were all averaged over 100 simulations, provide more information about the distribution of 

innovations attained during 20 cycles of the simulation. Figure 4a shows that the average number of 

innovations per agent increased steadily as the visibility parameter was increased from 2 to 6, from 

a value of 0.46 to 1.21. This is due, as shown above, to there being an increasing number of joint 

innovations, involving an increasing number of partners, for a larger value of ν . 

 Figure 4a shows a surprisingly high deviation in the number of innovations achieved among 

agents, considering the small average value. The standard deviation was also found to increase as 

we increased the visibility, going from a value of 1.71 to a value of 2.74. Further to the earlier 

analysis, this statistic shows that the differences across individual simulation runs is in fact due to 

large variation among individual agents within each simulation. This tells us that some agents 

happen to acquire all the right skills as well as the right partners, whereas others acquire neither. 

 

6. Discussion and further research 

To summarise what can be concluded so far about the model, it has been instructive to 

scrutinise the industrial environment parameters relating to the FSU characteristics because this has 
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enabled us to get a better understanding of the generating algorithm of the model. A further way in 

which we can characterise the industrial environment involves the procedure by which new 

innovations are generated through the FSU. By setting the relative number of radical innovations 

and incremental innovations, we can reflect the dominant mode of innovation in the industry. 

As regarding the initial experiments looking at firms’ propensity to partner, given the 

geographical bound due to the essentially tacit nature of knowledge flows in innovation systems, it 

was found that relaxing this bound did indeed increase the number of partnerships, by a factor of 

more than two when we increased the visibility from 2 cells to 6.  Then, perhaps the most surprising 

result was that firms, whilst being rather homogenous in the sense that learning rate and initial skill 

profiles and other starting conditions were the same, showed a large discrepancy in the number of 

innovations that they eventually attained.  

Meanwhile individual innovation was found to be extremely difficult, and therefore was very 

uncommon in all simulations. Although this was not surprising given that Firm-agents were all 

designed to be specialists, by virtue of an individual learning algorithm which always tried to attain 

child-skills. We have assumed depth first individual learning, however in later experiments it could 

be possible to specify a different learning mechanism, where the learning target is influenced by the 

firm’s interactions, such as the frequency of requests for the different skill components in 

partnership formation. 

Moreover, there is substantial work to be done in order to extend the original results presented 

in this conference paper and make a more rigourous investigation of the model. In particular, we 

have not yet explored the possibility of different learning rates for small, medium-sized, and large 

firms, which, in our view, could represent the variability in R&D investment and absorbtive 

capacity of firms. 

A further point to clarify is how the relationship between the time-levels upon which the 

individual learning and partnering cycles are based, affects outcomes. Since it seems difficult to 

determine what is the appropriate balance between time spent mastering new skills and searching 

for complementary partners for joint innovation, all the more reason to be aware of the impact of 

any assumptions made here. 

Considering innovation planning policy, we think it is far too premature to infer anything 

about real-world innovation networks based upon our initial experiments with this model. In view 

of the rather abstract nature of the model, if we want it to become useful to stakeholders and other 

decision-makers then we should probably focus more on the specifics of particular industries. The 

departure point for this type of approach would be to now validate the model upon empirical 

research in order to start improving the descriptive accuracy of representations therein.
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Figure 1. Firms’ Skills Universe (FSU) 
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Figure 2. Parameter settings (Pd, Ps) and the FSU 
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Figure 3a: Average of number of individual innovations attained by an agent 
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Figure 3b: Average of number of joint innovations in which an agent is involved  

 

Visibility Avg. indiv. 

innov. 

Standard 

dev.  

Avg. joint 

innov. 

Standard 

dev. 

Avg.  number 

of partners 

2 0.58 2.09 7.31 8.06 1.50 

3 0.48 1.70 8.82 6.91 1.70 

4 0.36 1.11 11.6 7.94 1.83 

5 0.2 0.90 14.5 7.88 1.89 

6 0.21 0.87 16.27 9.04 1.97 

 

Table 1: Key statistics, innovations and partnerships 
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Figure 4a: Average of number of innovations in which an agent is involved (averaged 

over 100 simulations) 
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Figure 4b: Standard deviation of number of innovations in which an agent is involved 

(averaged over 100 simulations)
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