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considerations endogenously change the knowledge production function of each firm. The knowledge 

multiplier is the specific mechanism by means of which external knowledge contributes to enhance the 

innovative capacity of each firm. The production function of knowledge shows that the knowledge 

multiplier is larger, the stronger the cumulative positive effects of external knowledge on the generation 
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reinforcement and the knowledge multiplier determine the rise or fall of the rate of accumulation of 

technological knowledge. 
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1. Introduction 

 

Social interactions are very important in modern economics. Social, or non-market, 

interactions can explain a diverse set of socioeconomic issues including complex 

economic dynamics and the generation of new technological knowledge. Standard (by 

which we mean neoclassical) economics assumes that individual behavior is not directly 

affected by the behavior of others, and it understands that every individual is affected 

indirectly by the behavior of other persons in the market place. But these indirect effects 

do not capture fully the influence of others on a person’s behavior. Social influences on 

behavior differ and complement market interactions. Non-market interactions are 

interactions between individuals that are not regulated by the price mechanism. Each 

person’s actions change not only because of the direct change in an exogenous 

parameter but also because of the change in the behavior of their peers (Glaeser and 

Scheinkman, 2000). 

Social interactions endogenously change preferences and technologies. Social 

interactions are a precise type of interdependencies between individual actors whereby 

the changes in the behavior of other actors affect the structure of the utility functions for 

households and of the production functions for producers (Durlauf, 2005). Standard 

economics hypothesizes that preferences and technologies are exogenous. Social forces 

are in the background as a part of the general environment in the analysis of rational 

choice. As such, standard economics has little to say about how exogenous changes in 

the social environment alter individual behavior, and nothing about how the aggregate 

behavior itself alters the social environment. One part of the social interactions literature 

has explicitly attempted to model the influence of social forces on individual behavior. 

For instance, Becker and Murphy (2000) incorporate social forces into the analysis of 

rational choice, and show how changes in the social environment affect people’s 

choices and behaviors. In their approach, the social environment is included along with 

standard goods and services in an extended utility function, and more importantly, the 

social environment itself is determined by the interactions of individuals.  

Social interactions are important because they imply the existence of a social multiplier. 

In many parts of the economy positive feedback magnifies the effect of small economic 

shifts. Social multipliers are the result of positive feedbacks (increasing returns) 

(Arthur, 1989). If there are social interactions, a change in an exogenous parameter has 

a direct effect on individual behavior and an indirect effect (the change in the behavior 
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of the individual’s peers) of the same sign. The result of all these indirect effects is the 

social multiplier (Glaeser and Scheinkman, 2000). Empirical analysis of social 

influences on behavior has been conducted in a variety of contexts where social 

interactions are important. For instance, Glaeser, Sacerdote and Scheinkman (2003) 

have presented a model of social interactions and then have estimated the size of the 

social multiplier in three areas: the impact of education on wages, the impact of 

demographics on crime and group membership among Dartmouth roommates. In these 

contexts, they conclude that there is a significant social multiplier. 

Antonelli and Scellato (2011) apply the general concept of social interactions to the area 

of investigation of the economics of innovation and new technology, and they argue that 

knowledge interactions play a central role in the generation of new technological 

knowledge. Antonelli and Scellato view external knowledge is a necessary and 

indispensable input, complementary to internal knowledge actively used into the 

recombinant generation of new technological knowledge. External knowledge is not 

free and can be assessed but at a cost. Social interactions play a crucial role in the access 

to external knowledge. Pecuniary knowledge externalities can emerge when social 

interactions make possible the access to external knowledge at costs that are below 

equilibrium levels. Knowledge interactions provide effective access to external 

knowledge and are necessary to complement and actually make possible knowledge 

transactions. External knowledge is accessed by means of social interactions associated 

with market transactions within vertical filieres (Von Hippel, 1976) 

The concept of knowledge multiplier is developed by Antonelli and Scellato (2011). 

Knowledge multipliers in their paper take the form of localized pecuniary externalities 

that make possible increasing returns within innovation systems. Knowledge 

interactions provide access to external knowledge at costs that are below equilibrium 

levels. This enables the generation of additional technological knowledge that further 

increases it localized availability for other firms with positive effects on their capacity 

to generate in turn new knowledge. They test the hypothesis that different layers of 

knowledge interactions play a crucial role in determining the rate of technological 

change that each firm is able to introduce. They are able to empirically identify three 

layers of knowledge interactions: intra-industrial nationwide knowledge interactions, 

the inter-industrial within region knowledge interactions, and the localized intra-

industrial within region knowledge interactions. Empirical results seem to provide 
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evidence in support of the existence of a social multiplier deriving from each of the 

three layers of knowledge interactions. 

Other concept refers to the same phenomenon of learning effects and dynamic 

technological accumulation in networks of innovators: “positive synergy”.  Synergy 

means that the benefit of the whole system is more than the sum of its interacting 

components. Generally speaking, synergy means the positive effect. Networks must 

involve a positive sum game, where some members may lose, but most members will 

win, to some extent, most of the time. The synergetic effect of innovation networks 

explains their capacity to produce positive sum effects for (almost) all the members 

(DeBresson and Amesse, 1991). Firms in innovation networks seek access to external 

knowledge that is necessary to actually generate new technological knowledge. The 

future benefits from the synergetic creation of knowledge through interaction within 

heterogeneous agents (Lundvall, 1990).  

The purpose of this paper is to contribute to understanding the role of external 

knowledge and social interactions in the generation of new technological knowledge 

and the dynamics of innovation systems. Social interactions give effective access to 

external knowledge, a necessary and indispensable input, complementary to the internal 

knowledge of each firm used into the recombinant generation of new knowledge. There 

is a need for an adequate and understandable formal model on which to base our 

thinking about the role of external knowledge in technological change and the complex 

dynamics of innovation processes. We introduce a model that should assist us in 

thinking more clearly about these topics of innovation. 

The paper develops a formal model of external knowledge and identifies the role of 

knowledge multipliers. Social interactions and knowledge multipliers play a crucial role 

in the determination of the rate of technological change. The analytical identification of 

the knowledge multiplier expression constitutes a key step in the appreciation of the 

crucial role of knowledge interactions. First, social considerations endogenously change 

the knowledge production function of each firm. The knowledge multiplier is the 

specific mechanism by means of which external knowledge contributes to enhance the 

innovative capacity of each firm. The production function of knowledge shows that the 

knowledge multiplier is larger, the stronger the cumulative positive effects of external 

knowledge on the generation of new knowledge.  Second, social considerations explain 

the long-run dynamics of innovation. Social reinforcement and the knowledge 



 5 

multiplier determine the rise or fall of the rate of accumulation of technological 

knowledge.  

Our approach to understanding technological change and the dynamics of innovation 

systems is based upon a number of assumptions. The generation of new technological 

knowledge is viewed as mainly the outcome of the resources of interactive innovators 

that draw on learning processes characterized to be highly localized and specific to the 

history and experience acquired by each innovator. Our approach relies on the notion of 

localized technological knowledge, while assuming that the innovation system is 

structured as a network of communication channels and interaction links. Each firm 

exploits the opportunities for the technological innovation through a process of 

interactive learning within the network, while finding the complementary knowledge 

inputs outside the firm necessary to make the innovation viable. In other words, the 

innovation system is perceived as a network of complementary knowledge resources, 

whereas interactions between firms within the innovation network are assumed to be 

circular (iterative). 

Over the twentieth century, and still today, a major source of the development of 

technological knowledge has been the R&D laboratories of large industrial firms. 

Knowledge production/innovation processes were, and perhaps still are considered 

mainly as the domain of producers in science-based sectors such as biotechnology, 

pharmaceutics and electronics. Traditionally in combination with a simple linear view 

of innovation and knowledge production that assumes that technological innovations 

follow mechanically from scientific efforts and from research efforts inside firms. The 

linear model saw innovation as a unidirectional, sequential process whereby new 

scientific results are translated through product development into commercialized 

products. Later stages of the innovation process do not provide inputs for earlier stages. 

There are no feedback paths within development processes according to the linear 

model. 

An important body of literature supports the view that innovation is neither smooth nor 

linear, rather it is complex. The linear model of innovation is known to be flawed. 

Empirical and historical analyses show that innovation very seldom reflects recent 

scientific breakthroughs, and that very few scientific advances that were made are 

immediately transformed into innovations. Not all important inputs to the process of 

innovation emanate from science and R&D efforts. Internal sources of new knowledge 

can be found in each stage of the innovation process, and there are also other 
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knowledge-producing activities that make important contributions to the innovation 

process. Innovation reflects learning and learning partially emanates from routine 

activities.  

In addition, the bidirectional flow of information between the stages of the process of 

innovation is crucial. Effective transformation of technology into commercial advantage 

requires effective horizontal communications across functional boundaries of the firm. 

Empirical surveys show that successful innovation depends on the development of links 

and communication between the design department and production and sales (Rothwell, 

1977). Competent user who are able to communicate their needs in a form that makes 

its possible for producers to develop new products reflecting such needs play an 

important role in learning by interacting processes. Interaction between producers and 

users in innovation result in product innovations and enhance the competence of both 

(Lundvall, 1985). Both learning by doing and learning by using normally also involve 

interaction between people and departments. This is the background for the change from 

a linear to an interactive view of innovation and knowledge production.  

The complex interaction between science and technology throughout the innovation 

process has been analyzed by Kline and Rosenberg (1986). Many technological 

developments have non-scientific origins. It is not science but rather an invention or 

design in some form that is essential to initiating innovations. Innovation can be 

originated at any stage of the innovation process, and in any part of the firm. 

Technological developments processes are facilitated by science all through the process, 

although generally old rather than new science or research. Most innovation is done 

with the available knowledge of science that the people already know in the firm doing 

the development work. In the interactive model of Kline and Rosenberg, innovation is 

circular (iterative) rather than sequential, and the inclusion of feedbacks and loops 

therein allows potential innovators to seek existing knowledge as well as carry out 

additional research to solve problems that firms confront in innovation. 

Types of stored knowledge different from science are often essential parts of the 

development work (Kline and Rosenberg, 1986). Many improvements in a design in a 

specific industry such as air transport are generated by engineers, drawing on 

engineering and production knowledge. A large part of technological innovations takes 

the form of very small changes, such as minor modifications in the design or invention 

of a product or process. Moreover, the state of knowledge in the relevant technology 

and science varies from industry to industry and change over time. Many technical 
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performance characteristics of particular products that would have important 

marketplace advantages cannot be realized because they cannot be achieved with the 

existing infrastructure of technologies. In high technology industries, attempts to 

advance the state of the art can be very slow and expensive because of the lack of 

sufficient science for design purposes. 

Perceived market needs initiating an innovation cycle leads in time to a new design of a 

product or process. A major path of innovation processes in the interactive model of 

Kline and Rosenberg (1986) consists of numerous feedbacks that link and coordinate 

R&D with production and marketing. This feedback path also connects back perceived 

market needs and users to potentials for improvement of product and process 

performance in the next round of design. Feedback from users and prompt action from 

producers are an important, even critical part of innovation. Small, evolutionary 

innovation requires circular (iterative) fitting and trimming in development processes of 

the many necessary technological and market requirements. Innovation accordingly 

demands feedback, with appropriate follow-on actions.  

Feedbacks and trials are an inherent part of development processes (Kline and 

Rosenberg, 1986). Shortcomings and failures are part of the learning process that 

creates innovation in a world of insufficient information and high uncertainty. Take the 

example of the lack of sufficient science for design purposes and therefore of the need 

to rely on the state of the art in combustion spaces, fireboxes in 1985. The development 

of a combustion firebox would start with all the available knowledge at that time. After 

making a workable design of the combustion firebox, development would then proceed 

to building it, testing it, learning about it, redesigning it, and this process would go on 

repeatedly.  

More recent models of innovation emphasize the knowledge production/innovation as a 

process of interactive learning in which firms interact with customers, suppliers and 

knowledge institutions. Empirical analysis shows that firms seldom innovate alone. This 

is the background for the developing a system approach to knowledge production and 

innovation (e.g., Lundvall, 1992). An innovations system is constituted by actors 

involved in innovation and by the relationships between these actors. An innovation 

system is a social system. The most important activity in the modern economy is 

assumed to be learning, and learning is a social activity which involves interaction 

between people. An innovation system is also a dynamic system. The modern economy 

is pictured essentially as a process of communication and cumulative causation, and 
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self-reinforcing mechanisms and positive feedback in the system of innovation promote 

processes of learning and innovation. A lot of learning is done by feedback, which 

involves still more interaction.   

The rest of the paper is organized as follows. Section 2 lays out the basic features of the 

knowledge production and knowledge interactions structures on which all arguments 

rely. It establishes the mathematical expression for the knowledge multiplier under the 

specification of research and learning in innovation networks used here. Section 3 

illustrates the use of the concept of knowledge multiplier with an application to regional 

growth. It establishes the form of the relationship between the size of knowledge 

multiplier and the sustainability of growth rate of technology in a regional cluster. 

Section 4 concludes the paper. It summarizes analytical results and draws policy 

implications. 

 

 

2. A Theoretical Model 

 

The introduction to the study of social interactions, social multipliers, external 

knowledge and interactive learning in Section 1 suggests a more formal description of 

what we mean by a knowledge multiplier. Consider the following representation of a 

knowledge multiplier model. Suppose that there is a variety of research and learning 

firms labeled 1, 2,…, n in a given innovation system. Assume that knowledge or ideas 

of firm i evolves during a period of time according to 
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where ai,k is the number of units of technological knowledge generated by firm i at the 

interactive learning round k (the initial round being k = 1), aj,k – 1 refers to the number of 

ideas of another firm j at the immediately preceding round k – 1, Ai is the stock of 

knowledge of firm i, and μE and μI are the productivity of external knowledge and the 

productivity of internal knowledge, respectively.  

In this formulation, the output of new ideas produced by individual research firm i is a 

function of the local, firm-specific stock of knowledge Ai. We assume that μI > 0. The 
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set of existing ideas that are used in research by one firm is entirely distinct from the set 

of ideas used by another research firm. Firms are specialized in terms of their 

knowledge base. Moreover, there is positive feedback from knowledge base to 

innovation. The current state of knowledge in the underlying technology affects the 

ultimate success or result of innovation. Firms innovate because of positive feedback 

and also knowledge externalities. 

The generation of new knowledge is influenced by the complementarity of 

technological knowledge accessed by each firm in its learning activity. Internal 

knowledge and several pieces of external knowledge enter into the production 

relationship (1) written in a multiplicative form. We assume that μE > 0. The existing 

body of technological knowledge is constituted by different and yet complementary 

items. We adopt the following definition of complementarity. Two items of knowledge 

are complementary if the marginal product of one item of knowledge increases 

following an increase in the other item of knowledge. When μE > 0, we can show that 

any two pieces of external knowledge are complements. When μE > 0 and μI > 0, we say 

that external knowledge and internal knowledge are complements. Strengthening the 

complementarity among firms with respect to the generation of technological 

knowledge can contribute to increase the value of μE. 

There are n firms conducting complementary learning and research activities in the 

innovation system. Individual innovation is directly affected by the number of the other 

complementary firms in the system. Technological externalities spill from the learning 

and research activities of other firms. The larger the spillover of complementary 

knowledge from the other n – 1 firms, the greater the generation of technological 

knowledge by the individual firm, and consequently by the innovation system. 

Henceforth, nC denotes the number of complementary firms in the innovation system 

besides firm i. 

Social interactions engender external knowledge. The social interaction parameter of the 

model is given by the productivity of external knowledge, μE. The behavior of other 

firms will have spillover effects on the behavior of each firm only if μE > 0. The 

aggregate level of innovation output increases the individual level of innovation output.  

If μE = 0, there is no external knowledge through social influence, and the actions and 

outcomes of others are irrelevant in the representation of a “social multiplier”.  

Social interactions involve external knowledge within the innovation system, and even 

greater compounding of return-on-investments of research and learning actions (or 
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outcomes) through a social multiplier. That is, social interactions also involve feedback 

loops such that the research action of each given firm induces a changed behavior of the 

other members of the same group of firms which feeds back to reinforce each given 

firm’s action. This in turn changes the behavior of the group until a ‘stationary state’ is 

eventually attained. As such, social interactions engender a social multiplier that 

multiplies the effect of the action of each given firm. Conversely, the relationships 

where one agent is being unaffected by the actions of other lacks the feedback which 

generates the social multiplier. 

According to the functional form (1), flows of ideas within the innovation system will 

have innovative effects if they induce additional research by every networked firm. 

Innovation is an inherently dynamic process and the set of ideas is growing at every 

round of interactive learning or cycle of innovation. In order to determine the learning 

effect at each cycle of innovation, we take into account the set of external knowledge 

inputs of the previous cycle and also the own stock of knowledge available for use in 

research of each firm. The cumulative innovative effects are defined holding constant 

the stocks of knowledge of research firms over a period of time. This way we are able to 

analyze the phenomenon of positive feedback exerted by firms’ knowledge bases on 

firms’ innovation over the period, and hence to analytically identify the knowledge 

multiplier. Positive feedback and external knowledge are essential to ultimate success in 

innovation. 

Let us assume that firms are similar in the sense that the number of own ideas invented 

in previous time periods and used in research by each firm is the same: A1 = … = An. 

The list of knowledge inputs enters symmetrically in the functional form (1) of every 

firm. The innovation system is assumed to be symmetrical in that all firms have the 

same number of other complementary firms, nC. Because any two firms are also similar 

in this broad sense there is no reason why i would produce a number of new ideas 

different from j over a time period, and so we quickly conclude that ai = aj. Therefore, 

no subscript i or j on ak and A will be necessary, and henceforth we drop subscripts i and 

j from the evolution equation of the model. Further simplification then yields a new 

form of the evolution equation: 
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where the exponent nC μE results form adding up the productivity or elasticity parameters 

of the knowledge flows in equation (1), nC μE = (n – 1)μE. 

We want to analytically identify the role of knowledge multipliers in the generation of 

new technological knowledge. To handle the problem, our formal modeling takes into 

account the presence of social interactions. We define the knowledge multiplier as the 

ratio of the elasticity of the stock of own knowledge in the presence of social 

interactions to the elasticity of own knowledge in the absence of social interactions. We 

proceed to determine the mathematical expression for the knowledge multiplier. 

The production function of new knowledge is endogenously changed by external 

knowledge. Social interactions play the crucial role of carriers of the external 

knowledge necessary to actually generate new knowledge. Output from the learning 

firm can be described in terms of a reduced form equation that depends on the 

indispensable inputs ‘external knowledge’ and ‘internal knowledge’. Exogenous forces 

set in motion innovation rounds. The iterative learning process stops in a finite number 

of rounds, henceforth denoted by nR. Starting with an initial knowledge flow, say small 

change a0 = 1, and iterating on the formula (2) shows that  
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Let M denote the knowledge multiplier. We establish the first key general result of the 

paper. It identifies the crucial role of social interactions and external knowledge in the 

generation of new technological knowledge. External knowledge enhances each firm’s 

capacity to generate new knowledge as follows. 

 

PROPOSITION 1: The knowledge multiplier M(nC, nR) is given by equation (4). It is the 

amount (factor) that the productivity of own knowledge in equation (3) rises as we 

move from the individual level of innovation to the aggregate level of innovation, from 

the no social interactions to the social interactions context. 
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Take for instance M = 2. Social interactions or learning iterations have the formal effect 

of doubling the internal productivity of research and learning in each firm. Compared to 

the no social interactions case where k – 1 = 0, the formal effect is the same as doubling 

the research productivity parameter μI in equation (2). 

This expression for the knowledge multiplier depends only on external research 

parameter and variables. The knowledge multiplier model makes sense for 0 < nCμE < 1, 

so that 1 < M < ∞. The sum  12
)()(1


 Rn

ECECEC
nnn    resulting from 

iteration is a geometric series which simplifies to M(nC, nR) by means of elementary 

algebra. Stability requires nC μE < 1, otherwise knowledge flows would explode 

following a tiny shock as nR gets large. Therefore, we assume that nC μE < 1.  

The knowledge multiplier depends on social interactions and the complementarity of 

research and learning activities. The value of the expression for knowledge multiplier 

given by (4) rises with the size nC of firm i’s group of complementarity or social 

interactions (excluding firm i). As it is also expected, M increases with the frequency nR 

of social interactions. Hence, if an innovation system improves on nR or nC, it will start 

to grow faster and the rate of its innovation will get larger.  

Strong social interactions and complementarities have interesting implications for 

behavior. By intensively interacting among them, innovating firms exhibit behaviors 

and attain outcomes that can not be mainly based upon the individual action of each 

innovating firm. Note that the real-valued power of A in equation (2) is μI, whereas the 

exponent in the power function (3) is M μI. Since social interactions and the 

complementarity of research and learning activities make M greater than 1, there could 

be very large responses to changes in knowledge flow variables even when there is only 

a small μI, a term less than 1. 

We are interested in finding out the limit of the knowledge multiplier as the number of 

learning iterations gets large. If M(nC, ∞) is the number that M tends to as nR → +∞, we 

call M(nC, ∞) the limit of M. To simplify notation, we set M(nC) ≡ M(nC, ∞). Given (4), 

the knowledge multiplier equals 1/(1 – nCμE) as the number of iterations approaches 

infinity. That is, 
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The knowledge multiplier magnifies the responses of the members of the same social or 

complementarity group to the common shock or initial change in knowledge flows. 

Social interactions and the complementarity of research and learning activities magnify 

the aggregate effect of changes in variables that affect all the members of the group. If 

an individual’s innovation outcome rises “nCμE” percent as his peers’ innovation 

outcome in the equation (2), then the knowledge multiplier roughly equals 1/(1 – nCμE) 

for large enough learning iterations. The percentage change of an individual’s 

innovation output is directly proportional to the percentage change of his peers’ 

innovation output, the coefficient of proportionality being nCμE. This model tells us that 

if the knowledge multiplier equals 1/(1 – nCμE) > 1, then the value of the social 

exponent nCμE must be smaller than 1.  

We concentrate on the limit case of the knowledge multiplier next. If M(nC) is the 

knowledge multiplier to be considered, output of ideas can be written as 
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Note that output of ideas is a homogenous-of-degree-one function when 1
I

M  . 

The production function (2) also exhibits constant returns to scale as parameter 

restriction 1
I

M   implies the sum of parameters 1
ECI

n  . 

We can re-express the evolution equation (2) in terms of our knowledge multiplier after 

multiplying the elasticity of A by M and (1 – nCμE):  
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Figure I: Determination of the number of new ideas 

 

This figure shows a plot of the innovative effects over successive rounds of iteration. It 

is the consequence of a circular process of trial-by-learning by which research firms in 

an innovation system act and react until a final innovative outcome is achieved. Starting 

from the point where the innovative output ak-1 equals 1, the innovative output ak 

increases as ak-1 increases. As the innovative output ak-1 continues to increase, the 

innovative output ak eventually reaches a maximum at A.  

The algebraic solution for the number of new ideas produced during each period of time 

can be determined by replacing ak and ak-1 with a in equation (7) to obtain a = A. 

Learning iterations will cause the rate of production of new ideas to be equal to A. The 

same result of a = A could be obtained from the reduced form expression (6) when 

1
I

M  . 

In this case the stock of knowledge that can be used in research after learning iterations 

take place will be twice as large as it is now, 2A. This implies the important result that 

the proportional rate of change of A remains constant over time. The function a/A can be 

always expressed as a ratio to 1. This is a special case where the ratio of the two 

variables is always a fixed constant. In the more general case of any fixed constant non-

greater than 1, it can be easily shown that the proportional rate of change of A remains 

constant over time as well, after introducing a minor modification (a coefficient smaller 
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than 1) in the equation (1) of the model. Moreover, increasing M beyond 1/μI would 

shift upward the F curve depicted in Figure I, and lead to an even higher a. This would 

imply that the rate of growth of A be ever-increasing in time.  

This in turn suggests that a reasonable reference number establishing whether a given 

knowledge multiplier M(nC, nR) (the general expression) is ‘high’ or ‘low’ needs to be 

respectively non-greater or non-smaller than 1/μI. Sensibly every knowledge multiplier 

that is greater (smaller) than 1/μI would be regarded as relatively high (low). Certainly 

not all the values taken by the knowledge multiplier exceed 1/μI. Assume that μI < 1, 

and so 1/μI > 1. All that is required of any value of the knowledge multiplier is that 

1M , not that M > 1/μI. 

The proposed reference point to evaluate the size of knowledge multipliers is 

appropriate in another complementary way that we explain next. Most of the theoretical 

literature on economic growth focuses on steady-state equilibria with positive growth. A 

steady state is defined as a situation in which the various relevant quantities grow at 

constant rates. An economic situation in which the various relevant variables are 

growing at constant rates is often analyzed in growth models partly because of its 

empirical appeal. This adds additional support to our choice of the benchmark for 

knowledge multipliers. In fact, the evolution of the relevant technology variable of our 

model, A, can be expressed in terms of a steady rate of growth if the knowledge 

multiplier is exactly M = 1/μI (as shown in the next section). 

Hence, the critical threshold of knowledge multipliers will be defined by 
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Note that this expression for the critical level of the knowledge multiplier depends only 

on the internal research productivity parameter. The specification of the critical 

threshold used here is convenient analytically because it is defined in terms of a 

research productivity parameter different from that of the knowledge multiplier. We will 

apply this knowledge multiplier benchmark next section, in a situation where social 

interactions and knowledge spillovers are present. 
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3. An Application: Sustainable Growth Rates 

 

In this section we apply the concept of knowledge multiplier as defined in the paper to 

the study of the effects that clustering and integration can have on the long-run rate of 

growth. We want to study why knowledge multipliers sometimes speed up economic 

growth and sometimes slow it down. Specifically, we argue that a high enough 

knowledge multiplier can speed up and sustain the rate of economic growth. For that 

purpose, we can use a number of basic facts on the subject matters of regional clustering 

and economic integration. 

Many economists believe that tighter economic integration between the developed 

countries of the world has lead to faster economic growth in the long run. But it is 

difficult to offer a complete, analytical model that could justify these beliefs about the 

consequences for growth of interaction between countries. We are considering here a 

broad notion of international integration, one that refers not only to flows of goods, but 

also to flows of ideas along communication networks. 

There is an important historical literature on the relation between growth and 

international flows of knowledge. Historical analysis (e.g., Rosenberg, 1982) examines 

the implications of technology transfer in the international context. It shows that the 

creation and transmission of knowledge has been very important in the development of 

model standards of living. Rosenberg (1982) Chapter 11 is primarily concerned with the 

transfer of industrial technology from Britain to the rest of the world after the industrial 

revolution. Although the international transfer of technology has a long history, the 

transfer of industrial technology from Britain to the rest of the world had taken place at 

a scale and at a pace never experienced before. These technologies, when successfully 

organized and assimilated, brought vast productivity improvements that transformed the 

live of all participants.  

Rivera-Batiz and Romer (1991) examine the effects of international integration in an 

endogenous growth model where new product innovation is driven by the R&D sector. 

Comparing pre- and post-economic integration balanced growth paths, they show that 

economic integration may have an effect on world growth rates. Starting from an 

autarky position, closer economic integration can be achieved by increasing trade of 

goods or by increasing flows of ideas. International flows of ideas ensure that each 

country has the same worldwide stock of knowledge. When R&D uses human capital 

and the country-specific stock of technological knowledge, they find that trade in goods 
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has no effect on the long-run rate of growth, but combined with the free movement of 

ideas results in a permanently higher growth rate. 

What are the reasons that lead firms to cluster together? What are the reasons of a 

cluster’ success? In what follow, a cluster refers to a geographically localized 

agglomeration of firms in similar lines of business or related industries. Agglomeration 

externalities are the key force behind clustering and a cluster’s success. Three signals of 

a successful cluster are rapid firm growth, new entry and innovation. Specifically 

successful innovation in a cluster is enhanced by localized knowledge externalities. 

Spatially bounded externalities associated with knowledge are a particular kind of 

agglomeration externalities.  

Following Glaeser et al. (1992), agglomeration externalities are classified into three 

groups: Marshall-Arrow-Romer (MAR) externalities, Porter externalities, and Jacobs 

externalities. MAR externalities concern knowledge externalities between firms in an 

industry, Porter externalities are stimulated by geographical specialization, whereas 

Jacobs externalities emerge from industry variety in a city or region. These models of 

dynamic externalities argue that cities or clusters grow because they allow people to 

interact and learn from each other. The frequency of the interaction is guaranteed by 

geographical proximity. Local interactions greatly facilitate transmission of ideas and 

technological innovation. 

In the current era of more intense dynamic competition, the success of firms depends 

increasingly upon their capability to innovate. Tacit knowledge, in the form of skills, 

know-how and competences, is the most important reason for sustaining and enhancing 

the competitive position of firms. In the current era of globalization, everyone has 

relatively easy access to codified knowledge. Accordingly, the success in the production 

of new products depends increasingly on the production and use of tacit knowledge. 

Moreover, knowledge is primarily tacit in the early stages of a product’s life-cycle in 

high-technology industries. As such, the key to the successful development of high-

technology products is the use and transfer of tacit knowledge.  

The tacit characteristic of knowledge is an important factor that leads to the 

geographical concentration of innovative activity. There is a supply-side advantage of 

clustering related to the tacit nature of knowledge required to produce new products. 

Geographic proximity matters for the transmission of tacit knowledge, particularly in 

high-technology industries. Technological spillovers seem to be an important feature of 

many high-technology industries. Much of the technological knowledge used in the 
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production of new goods is tacit rather than codified. A reason why geography matters 

is that the transmission of tacit knowledge is much easier, if not only possible, with 

face-to-face contact. Everyday contact and hence geographic proximity are important 

knowledge spillover mechanisms (Pavitt, 1987). To the extent that tacit knowledge 

spills over in the same cluster, the firm located in a cluster is best placed to absorb and 

exploit spillovers from other firms.  

A second closely related reason why geography matters when it comes to innovative 

activity relates to the nature of the innovation process itself. The translation of 

information into usable knowledge through the stages of innovation is a complex, 

cognitive process. It requires the same language and common codes of communication 

between people in every stage of the innovative process. In the early stages of the 

innovative process, however, these shared commonalities may not exist. Innovation 

becomes an interactive process that requires questioning and interpretation, which is 

facilitated by face-to-face contacts (Feldman, 1994). Innovation often requires dialogue 

or conversation, that is, sequences of exchanges of messages between different people. 

This kind of interaction is highly dependent on geographical proximity. 

Technological communication plays a major role in the generation of new localized 

knowledge (Antonelli, 1999). Localized knowledge tends to be firm-specific, and it is 

very difficult to learn, imitate and use elsewhere. Localized technological knowledge 

contains elements of highly specific and tacit knowledge that has a high degree of 

idiosyncrasy. Localized technological knowledge emerges from daily routines and from 

the tacit experience acquired in interacting with customers and with other producers. 

Localized technological knowledge emerges from the daily interaction of learning 

firms: in such interactions communication and exchange of information play a major 

role.  

Spatial stochastic interaction models can be applied to economics when local 

interactions are relevant (Antonelli, 1999). Economic and innovation systems may be 

perceived as network structures through which communication takes place. Effective 

communication requires that two distinct events coincide, namely the transmission of 

information, and the reception of information. Spatial stochastic interactions 

methodology makes it possible to appreciate the role of communication within 

innovation systems and, specifically, connectivity and receptivity. The former measures 

the number of existing connections among the firms in a structured system, whereas the 

latter the capability of each firm to assimilate and absorb the technological information 
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received. The topological structure of economic networks shapes the communication 

flows of innovation systems. 

Knowledge interactions among innovating firms make available the amount of external 

knowledge that is necessary and indispensable to generate new technological 

knowledge. Strongly complementary pieces of technological knowledge have a high 

chance to affect each other only if high-quality communication systems are in place. 

This argument has important implications as it makes quite clear that the rate of 

generation of new technological knowledge depends to a great extent upon the 

characteristics of the innovation networks as communication systems. In this 

interpretative framework, the knowledge multiplier is viewed as a reliable indicator of 

the actual extent to which firms have access to external knowledge. 

Let us assume that the basic elements of effective communication, ‘connectivity’ and 

‘receptivity’ are arguments of the knowledge multiplier, ),(
RC

nnM . Connectivity and 

receptivity in a regional cluster are measured by the number of local communication 

channels and the frequency of localized interactions, respectively. While the former 

refers to the extent there are transmission links in place among firms, the latter to the 

extent to which there are technological externalities among connected firms. In the 

general case, the actual number of transmission links by each one firm is connected to 

the others is non-greater than the maximum number of potential links, n – 1. The 

density of the network, measured by the ratio between the two variables, is therefore 

non-greater than 1. The actual number of rounds of technological spillovers of is non-

greater than the number of innovation cycles actually carried out by firms. The relative 

frequency of local interactions, measured by the ratio between the two variables, is 

therefore non-greater than 100%.  

In the special case of our model, the innovation network consists of a set of n firms, 

each of which is assumed to be connected to the others by a set of nC = n – 1 

transmission links. The number of innovation cycles carried out by firms over a period 

of time is assumed to coincide with the number of times each firm interacts with other 

firms, nR. 

Given this interpretation of the concept of knowledge multiplier, μE represents a crucial 

parameter. Parameter μE is strongly affected by the characteristics of the network system 

in terms of quality of the connectivity and quality of receptivity. The value of parameter 

μE is the combined result of the extent to which each firm is able to communicate 
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information and the extent to which each firm is able to absorb the amount of 

information transmitted. The parameter μE is likely to attain higher values because of the 

positive effects, on the network connectivity and receptivity, respectively of regional 

proximity and repeated transactions (Porter, 1990; von Hippel, 1988) 

Specifically, M increases with increases in both nC and nR. Either form of strengthening 

clusters and networks can sustain the long-run rate of growth if it encourages the 

exploitation of increasing returns in the innovation system. Increasing returns at the 

level of innovation system can be associated with external effects arising from 

knowledge spillovers between firms in the cluster or network. Clustering can induce 

sustainable long-run rates of growth in the innovation sector if its reduced form 

evolution equation exhibits increasing returns. 

Economic integration will induce a scale effect that will raise the long-run rate of 

growth if increasing returns are present in the production function for ideas. Economic 

integration increases market size and raises the number of firms in the economy. The 

larger the number of firms in the economy, the larger the amount of knowledge 

externalities and therefore the higher the growth rate of the economy.  

Some literature on clustering focuses on the dynamic process of generating clusters and 

fostering their growth. Swann et al. (1998) examine the dynamic process by which 

clusters have emerged and developed in the UK and US computer and biotechnology 

industries. Their empirical analysis of clustering dynamics shows that firms in clusters 

grow faster than those in isolation, and that clusters attract a higher rate of entry at least 

during the early and growth phases of the life cycle of a particular industry. 

Agglomeration externalities and positive feedback enhance firm growth and act as an 

attractor to new entrants in high-technology clusters. These entry and growth effects 

operate more strongly within a confined geographical area, in part because of the tacit 

nature of much technological knowledge. 

The pattern of change of the variable A when time t is taken to be a discrete variable 

must be described by differences of At. Specifically, the first difference of At when we 

are comparing the values of A in two consecutive periods is defined as follows: 

ttt
AAA 

1
. Using the equation (3) of new knowledge and replacing 

Rn
a  by ΔAt, the 

fundamental law of motion of our model for At is obtained as 
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where we have transformed the left-hand side to the proportional change in technology 

at time t by dividing both sides by At. As it is clear from this equation, growth rates will 

be larger when the knowledge multipliers are larger. The innovation system produces 

the new ideas that make continued growth possible. A number of models of endogenous 

growth have shown that the rate of economic growth is determined by the rate of 

knowledge accumulation. See, for example, Romer (1990), Grossman and Helpman 

(1991), and Aghion and Howitt (1992). 

Now we are able to analytically identify the role of knowledge multipliers in still 

another way. There are increasing returns to technology based on the acceleration in the 

growth rate of technology if 01 
I

M   in the difference equation (9). In the 

presence of increasing returns, the knowledge multiplier in this model needs to have 

surpassed a certain critical threshold, from the definition (8), so that both technological 

progress and economic change can gather speed. Moreover, the result of sustainable 

growth at a constant exponential rate holds only in the knife-edge case where the 

proportional rate of change of At in the equation (9) is a linear function of At. Linearity 

in At is what makes continued growth at a constant rate possible. In either case, we have 

 

mnnM
RC

),( .         (10) 

 

We establish the second key general result of the paper. It underlines the crucial role of 

external knowledge, gained by means of social interactions, in determining the rate of 

accumulation of technological knowledge. 

 

PROPOSITION 2: There is sustainable growth in the economy if the knowledge multiplier 

M, given by equation (4), is such that inequality (10) holds. 

 

But if the knowledge multiplier is not large enough to satisfy inequality (10) such that 

01 
I

M  , then the region’s growth rate will fall steadily to zero, a rate that 

depends positively on the knowledge multiplier. The belief that opportunity for research 

are diminishing would be supported by evidence from regions with poor growth 
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performances. Regions with poor economic and technological conditions, with 

ineffective communication systems will stagnate in the long run, and will be falling 

further and further behind dynamic regions characterized by high, continued growth 

rates. 

The effective capacity of an innovation system is dependent on the general efficiency of 

the system. The innovative capacity of a firm is the ability of the learning firm to 

generate technological knowledge. The knowledge multiplier measures the effects on 

the productivity of internal knowledge of the external learning. The general innovative 

capacity of firms and the system must therefore take into account the effect of effective 

communication among firms in the system on each firm’s own, internal innovative 

efficiency.  

The innovative capacity (IC) is measured in the paper by the product of the knowledge 

multiplier multiplied by the internal productivity parameter. Formally, we have (see the 

first equality next): 

 

mMMIC
I

/  .         (11) 

 

Hence fundamental equations (2) and (9) above can be rewritten in terms of IC. The 

innovative capacity is also an index of systemic capability to innovate and can be 

measured by the ratio between the actual knowledge multiplier and the critical 

knowledge multiplier. An enhanced innovative capacity, beyond 1 means accelerating 

the rates of generation and accumulation of knowledge. 

 

 

4. Conclusion 

 

The model presented of interactive learning within innovation systems provides a 

consistent explanation for the long-run dynamics of innovation and sustainable growth 

when we take into account the possibility of interactions between internal productivity 

levels and the knowledge multipliers. The concept of knowledge multiplier in turn takes 

into account the characteristics of innovations networks as communication systems in 

terms of connectivity and receptivity. Firms in well designed, coherent innovation 

systems take advantage of increasing returns and positive feedback in research and 

learning. Conversely, innovation systems where the size of knowledge multipliers and, 
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consequently, the quality of connectivity and receptivity are pretty low are unlikely to 

take advantage of the cumulative positive effects on the generation of technological 

knowledge. Consequently, regions where innovation systems are well designed, 

coherent are likely to experience higher rates of knowledge generation than regions 

where communication channels and complementarity of research and learning activities 

of firms in the innovation systems are not established, not organized. 

The communication of localized technological knowledge among firms plays a key role 

in the general innovative capacity of a system. The ability of a system to cope with 

changes in the economic environment through innovation depends on the amount of 

knowledge resources devoted to research and learning activities within firms, and the 

extent to which effective communication between firms takes place. The innovation 

system is characterized by localized interactions, and therefore the innovative efficiency 

of each firm depends on the number and quality of connections established with the 

other firms in the system. Financial resources available to get some desired levels of 

innovative output, and devoted to research and learning activities and to building 

connections, are scarce. Each connection is assumed to require an effort to be 

established, and therefore it becomes the outcome of an intentional action. The larger 

the number of connections and the more effective the connections in terms of 

communications, the larger the communication capability of the system, and 

consequently the larger the general efficiency of the innovation system. 

These results have important implications from a technology policy perspective: all 

efforts to increase the knowledge multiplier of an innovation system are likely to have 

strong positive effects on the innovative efficiency of firms and the system for given 

levels of knowledge dedicated to learning and research activities. Specifically all efforts 

to increase the knowledge multiplier through increases in the level and quality of 

connectivity and receptivity enhance the innovative capacity of firms and the system. 

Technology policy designed to deal with the distinctive goal of enabling knowledge 

interactions in networks can be justified by these results. Increases in the general level 

of innovative capacity can take place either as the outcome of deliberate actions of firms 

or as the outcome of technology policies focusing on increasing the efficiency and 

coherence of innovation networks. Systemic, network approaches to technology policy 

would serve the purpose of improving the system design and increasing the quality of 

network connectivity and receptivity.  
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