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Chapter 1 

 

Introduction  

 

1.1  Background and approach 

Achieving sustainability has become an urgent necessity due to problems of resource exhaustion, oil 

dependency and climate change. Transitions to sustainability are needed in agriculture, transport and 

energy sectors. These sectors are characterized by persistent problems, which are deeply rooted in 

social practices and institutions. In general, a transition can be defined as “… a gradual continuous 

process of societal changes in which society (or a complex subsystem of it) structurally changes its 

character …” (Rotmans et al., 2000). Transitions are thus fundamental or structural system changes. 

They involve, or even require, escaping lock-in of dominant, environmentally unsustainable 

technologies, introducing major technical or social innovations, and changing prevailing social 

practices and structures. Due to the complexity of socio-economic interactions, it is not always 

possible to identify, and thus target with appropriate policy instruments, causes of specific 

unsustainable patterns of behaviour. As a consequence, transitions are difficult to manage or guide by 

using simple policy measures. Moreover, changes implemented in any particular sector are likely to 

affect the dynamics in interrelated sectors (subsystems), which carries the risk of unwanted effects 

appearing at the system level.   

 A transition to sustainable development can be seen as an evolutionary process of change, 

during which the system sustains its adaptive capacity (Holling, 2000). The evolution of socio-

economic systems entails trend breaks, cycles, moments of instability and discontinuity, and 

qualitative change. As a consequence, the process of transition requires dealing with structural change 

and complex interactions. The latter are characterized by various reinforcement and feedback 

mechanisms, which may be an important source of path-dependency and lock-in. Lock-in of a 

dominant technology explains why it may be very difficult to alter the structure of a system and the 

direction in which changes in the system are unfolding. Maintaining diversity is recognized as a viable 

strategy to avoid or escape such a lock-in. It can enhance system adaptability and thus contribute to its 

long-term sustainability. Diversification may further lead to the emergence of an innovation as the 

novel combination of existing solutions, sometimes referred to as ‘modular innovation’ (Watson, 

2006) or ‘recombinant innovation’ (van den Bergh, 2008b). However, diversity is costly – there is a 

trade-off between short-term profitability associated with increasing returns to scale (with economies 

of scale as a special case) and the long-term benefits of ‘keeping options open’ and investing in 

different innovation projects. The selection of the most profitable solutions in the short-term entails 
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the risk of overlooking immature research projects or technologies that offer a great potential for the 

future.  

Although much has been written on the notion of a transition to a sustainable economy, so far 

no clear and internally consistent theoretical micro-perspective has emerged on what causes 

transitions, what makes them go in the desired direction, or what prevents them from occurring. One 

reason is that the existing transition approaches and economic models of technological change 

acknowledge but do not really uncover the actual complexity of socio-economic systems. The 

objective of this thesis is precisely to explain the micro-mechanisms which underlie transitions; 

namely, by using concepts, theories and insights from evolutionary economics and modelling. 

Evolutionary economics offers an approach that goes beyond neoclassical economics – in the sense of 

employing more realistic assumptions regarding the behaviour and heterogeneity of consumers, firms 

and investors. Neoclassical economics focuses instead on representative and rational agents and 

equilibrium outcomes, and thus provides inadequate tools to analyse emergent phenomena like 

creativity, innovation and path dependency.  

Evolutionary economics provides an array of conceptual building blocks and formal modelling 

techniques to address the micro-foundations of transitions to sustainable development. In evolutionary 

systems, diversity is essential for selection to act upon. Selection reduces diversity over time, while 

innovation introduces new varieties to the population. Additional evolutionary concepts include 

bounded rationality, path dependence and lock-in, coevolution and group selection. In evolutionary 

models, individuals are boundedly rational and engage in various heuristics instead of constantly 

optimizing their choices. They interact with other individuals and the environment. These interactions 

are characterized by increasing returns, and path dependencies. Notably, evolution can operate at 

multiple levels – individuals and groups – which implies upward and downward causation between 

individual behaviour and group properties.   

Formal methods of evolutionary modelling can be broadly classified into three categories: 

evolutionary game theory and selection dynamics; evolutionary computation; and agent-based 

systems. These methods determine the possible assumptions, model dynamics, and thus questions that 

can be studied. In evolutionary game theory and selection dynamics, repeated selection often results in 

a convergence to a single strategy, especially since no innovation mechanisms are required. This 

provides a theoretical basis for the analysis of path-dependent processes and lock-in which often create 

barriers to transitions. Evolutionary computation offers techniques suitable for addressing adaptive 

learning, search and optimization mechanisms. Studying the role of variation operators in economic 

applications of evolutionary algorithms can provide insight into the process of innovation. Finally, an 

agent-based approach allows nonlinear interactions among a large number of heterogeneous agents to 

be modelled beyond the scope of any other technique. The method can be used to simulate various 

economic policy scenarios for transition management, i.e. as “a laboratory for social experiments” 

(Frenken and Faber, 2009).  
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In evolutionary models, system properties emerge from the interactions of heterogeneous 

agents. In turn, emergent properties affect behaviour of individuals. This is consistent with the notion 

of complex adaptive systems (Holland, 1988, 1992; Potts, 2000). Although accurate prediction of the 

dynamics of complex systems is impossible due to sensitivity to initial conditions, some universal 

properties of such systems can be assessed. In complex adaptive systems, it may be possible to 

identify leverage points or thresholds beyond which small changes in system input produce “large, 

directed changes” (Holland, 1996). Here, agents (whether an individual, group or organization) have 

internal models which allow them to anticipate future outcomes and to choose an action accordingly, 

given a desired future state. These models can change as a result of innovations, or as individuals learn 

from experience. Similarly, rules or mechanisms that govern interactions of agents change over time 

due to repeated selection. As these rules and mechanisms are defined at the outset, in some cases, 

assessing potential pathways of system development is feasible. In other situations, the interplay of 

multiple factors and increasing returns may result in unpredictable patterns and suprises at the system 

level. 

Evolutionary economics is able to address structural changes, and thus it may shed light on the 

framing of management and policy strategies aimed at fostering innovations and transitions towards 

sustainability. Taking evolutionary principles seriously requires a shift in sustainability policies from 

equilibrium- to process-oriented and context-adapted policies (Nill and Kemp, 2008). Neoclassical 

economics does not provide a good starting point for such an analysis, as it is focused on achieving 

equilibrium outcomes. Real socio-economic systems rarely display properties attributed to such 

equilibria because of, inter alia, limited rationality displayed by market participants. Evolutionary-

economic models provide a more realistic account of individual and social behaviour. As a 

consequence, they enable researchers to describe and study the mechanisms underlying complex 

socio-economic interactions that give rise to emergent patterns, and then to explore their properties. 

This allows examining which mechanisms are feasible and plausible determinants of macro 

phenomena - especially where interactions among interdependent agents create “multiple types of 

internally consistent aggregate behaviour” (Durlauf, 1997: p. 8). In addition, modeling exercises of 

complex systems enable researchers to explore which institutional rules work well under alternative 

socio-economic conditions (Ostrom, 2008). As a result, they can offer insights into possible effects of 

policy interventions on patterns of socio-technical development.  

 

1.2  Transition studies 

Building upon system and complexity theories, three complementary approaches have emerged to 

analyse possible transition pathways towards sustainable socio-technical systems, namely: the multi-

level perspective (MLP) approach, strategic niche management (SNM), and transition management 
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(TM).1 MLP provides a conceptual framework that has been mostly applied to analyse historical 

studies of transitions, including transitions towards mass production, automobile systems, sewage 

systems and steam shipping (e.g. Schot et al. 1994; Geels 2002ab, 2005). Strategic niche management 

is a governance approach related to MLP (Kemp et al., 1998). It has been invoked to provide practical 

and theoretical insights into how to stimulate niches with a high potential for sustainable development 

so as to induce a transformation in the dominant regime. Finally, transition management is a 

governance approach to steer a long-term societal change toward sustainable goals by creating new 

visions of sustainable development and setting up a number of ‘small-scale’ experiments, i.e. projects 

in which relevant stakeholders work together to solve persistent problems in specific sectors 

(Loorbach and Rotmans, 2006). Although SNM and TM share many feature, the former is focused 

more on technological change, whereas TM is designed as a tool for wider societal transitions (Raven 

et al., 2007). We limit our discussion to transition management here, as it addresses the process of 

transition from a broader governance perspective. In fact, integration of strategic niche management 

into transition management has recently taken place to some extent (Nill and Kemp, 2009). 

There is a conceptual gap between the MLP framework and related to it strategic niche 

management, and transition management. In the MLP and SNM frameworks, complexity is 

approached from a social systems perspective. Agency is relatively absent in related theorizing. On the 

other hand, transition management is explicitly embedded in complex adaptive systems (Rotmans and 

Loorbach, 2009a,b). Here, technological innovations are addressed from a broader system perspective, 

while actors at the regime level, as well as those involved in experiments, are acknowledged. In fact, 

despite having many similarities and a common origin, complexity and system theories depart on 

many points related to research agenda and methods (Phelan, 1998). Complexity theory offers an 

explanatory approach that makes use of agent-based modelling, and which aim is to derive relations 

between elements that give rise to emergent patterns. Systems theory relies on circular-flow models 

and its objectives are primarily confirmatory, i.e. to identify relationships between system elements in 

order to optimize some objective function (Phelan, 1998). As a consequence, formal transition models 

inspired by the MLP and TM theories employ also diverse methods (e.g. de Haan, 2008; Haxeltine et 

al., 2008).   

The MLP framework consists of three interdependent levels, namely: niche, regime, and 

landscape. Levels are nested, which results in a hierarchy: niches are embedded in regimes, and 

regimes in landscapes. The higher in the hierarchy, the more structured and difficult it is to change the 

level architecture. Niches are protected spaces where radical novelties emerge and are provided with 

learning opportunities to develop and gain a critical mass of adopters (Kemp et al., 1998). At the 

regime level, shared cognitive routines in an engineering community and established industry 

                                                 
1 In fact, Grin et al. (2009) distinguish four transition approaches. We do not discuss here a ‘double vision’ 
approach, which proposes to analyse politics underlying structural transformations from multiple perspectives: 
‘inside’ and ‘outside’ of governance processes.  
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practices create stable configurations, along which technological trajectories unfold (Schot and Geels, 

2007). Landscape encompasses those features of the system that cannot be changed directly at the will 

of the actors, for instance, the material infrastructure, political culture, and social values (Kemp and 

Rotmans, 2001). In this context, transitions come about as partly spontaneous gradual transformations 

and reconfigurations of interdependent components which occur at the different (interlinked) levels. 

The process of change can follow different patterns (Schot and Geels, 2008). New components may 

initially be developed within niches and ultimately adopted at the level of regimes to solve particular 

problems. Many small changes accumulated at the niche level can induce a major reconfiguration at 

the regime level. Alternatively, tensions in the socio-technical regime can emerge as a result of 

changes on the landscape level: for example, increasing environmental awareness.  

The multi-level framework has been criticized on various grounds (Berkhout et al., 2004; 

Smith et al., 2005; Schot and Geels, 2008; Genus and Coles, 2008). First, the mapping of theoretical 

onto empirical levels is problematic because the niche and regime levels are not well defined. The 

difficulty particularly concerns defining the boundaries of regimes. For instance, it is not clear whether 

we should analyse a technological transition in electricity production from coal to gas in terms of a gas 

turbine regime, or a cleaner fossil fuel technology regime (Watson, 2004). This distinction is 

important as different factors are relevant in each case. Second, agency is missing from the 

framework, and thus the role of change in power, rules and institutions is neglected. In the MLP 

framework, the relevant units of analysis are routines and rules described at the regime level. As their 

properties are not clearly defined, it is difficult to understand their origin and, ultimately, the 

associated mechanisms of change. Focusing on routines overlooks the role of individuals in the 

transition process, even though the individual is an important carrier of routines. Third, a transition is 

an open-ended process, and hence poses difficulties for identifying the start- and end-points of the 

analysis (Genus and Coles, 2008). In particular, minor transformations in one subsystem may be 

considered as major changes in other subsystems. Consequently, choosing the start and end dates of a 

transition is often a matter of subjective, possibly arbitrary, judgments.  

Different from the MLP, transition management focuses on an individual as the driver of 

change. Here, the rules that underlie individual behaviour and power issues can be meaningfully 

addressed. The approach emphasizes long-term and multi-domain thinking as a framework for short-

term action (Rotmans et al., 2001). This involves formulating long-term sustainability goals (visions) 

at the strategic level and facilitating the creation of new coalitions and networks of relevant 

stakeholders at the tactical level (Loorbach, 2007). At the operational level, transition management 

devotes considerable attention to the creation of niches for setting up experiments and steering the 

directions of experimenting, learning, innovation and adaptation (Kemp and Loorbach, 2006; 

Loorbach and Rotmans, 2006). Managing niche experiments consists of three stages (van den Bosch 

and Taanman, 2006): (1) ‘deepening’ is learning in a specific context involving monitoring and 

evaluation; (2) ‘broadening’ relies on the replication of experiments in different conditions; and (3) 
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‘scaling-up’ involves the translation of knowledge that is generated from experiments into mainstream 

practices.  

Transition management places much emphasis on deepening experiments and visions in the 

process of modulating societal change. However, the replication of successful innovations or transition 

experiments under even slightly different conditions with different market participants may result in 

failure. New social technologies may be highly inefficient or incompatible with existing institutions, 

or physical infrastructure may be unable to cope with new conditions (Nelson, 2008). The risk of 

failure is especially high where the adoption of new technologies involves knowledge not only of 

know-how related to use of technological artefacts but also of interactions with other individuals – 

which Nelson and Sampat (2001) refer to as ‘social technologies’. On the other hand, failed 

experiments may turn out to be successful in different social contexts. As a result, it is difficult to learn 

from such experiments, especially when the reasons behind the failure are unclear. Moreover, 

transition management emphasizes the role of visions in guiding niche development. Although visions 

are important for encouraging a short-term action, they may pre-determine the pathway of change. For 

instance, expectations of the dominance of gas in electricity production, during transition from coal to 

gas during the nineties in the UK, might have ruled out the diffusion of other energy technologies. In 

addition, policy regulations aimed at steering the dynamics of a single subsystem are likely to cause 

unanticipated consequences in interlinked subsystems. A recent attempt to induce a shift from fossil 

fuels to biofuels in transport, which caused tensions in agriculture, illustrates this. 

Transition management employs selectively insights from complexity studies, in a rather 

metaphorical way, and translates these into systemic instruments for transition management (Rotmans 

and Loorbach, 2009a). It focuses on “emergence”, “dissipative structures”, “diversity and coherence”, 

“new attractors and punctuated equilibrium”, “coevolution”, “variation and selection”, “interaction 

and selection”, and “patterns and mechanisms”, without always being very precise in their uses and 

definitions. Various other concepts from complexity science are ignored, inter alia, “epistatic 

relations”, “critical phenomena”, “information processing”, “symmetry breaking”, and “bistability”. In 

transition management, specific features of complexity are assumed at the outset to be properties of 

the real systems. However, a wrong diagnosis of system complexity carries a risk of inappropriate 

governance prescriptions. Although, employing notions from complexity science in social science is 

doomed to be selective, a more critical justification of the use of complexity-inspired metaphors may 

help to avoid their inappropriate use in management and social sciences (Richardson, 2008).  

Evolutionary modelling may be helpful to unravel processes underlying complex socio-

economic interactions and to study mechanisms and pathways of change in a rigorous manner. 

Existing models of transitions are mostly descriptive and conceptual in nature, such as multi-level, 

multi-phase frameworks (Geels 2002ab, 2005), extremely abstract (Brekker et al., 2008, de Haan, 

2008) or focused on a change in a single subsystem (Whitmarsh et al., 2006; Atkson and Kehoe, 2008; 

Timmermans and de Haan, 2008). An integrated approach, or perspective, that could help relating 
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different pieces of knowledge is lacking. Recently, a conceptual framework for transition modelling 

has been proposed (Bergman et al., 2008a; Haxeltine et al., 2008). Here, niche and regime agents 

position themselves in a multi-dimensional practice space. Transitions imply a shift in the dominant 

practices. This framework was subsequently applied to analyze change in housing (Bergman et al., 

2008b) and transport sectors (Köhler et al., 2009). However, it focuses on social and cultural change 

and lacks a good treatment of economic phenomena. This approach further ignores the role of 

opportunities for, and barriers to, technological development, product and process innovations, 

investments in new infrastructure and research, and interactions between producers and consumers 

during product development. Although missing from the conceptual model, these economic 

phenomena are otherwise acknowledged in related theorising on transitions, especially in descriptive 

studies on system innovations.  

This thesis adopts, applies and extends an evolutionary-economic approach to analyse micro-

mechanisms of change so as to capture well economic processes that underlie transitions. It offers a 

complementary, but partly overlapping, approach to existing transition models. In consecutive 

chapters, attention is devoted to introducing non-economic concepts into economic models of change, 

such as power, status-driven desires, and behavioural heuristics employed by boundedly rational 

investors, producers and consumers. 

 

1.3  Scope and outline of the thesis 

To understand system transitions, changes in institutions and the behaviour of individuals need to be 

addressed in a meaningful way. Evolutionary economics, starting from the perspective of complex 

adaptive systems, has the potential to offer new and useful theoretical insights concerning the core 

mechanisms that underlie transitions. Formal modelling exercises can improve our understanding of 

the interaction of various transition mechanisms which are otherwise difficult to grasp intuitively. The 

resulting evolutionary transition models can inform policy makers about the general tendencies of 

system dynamics and the possible effects of alternative policy interventions, including particular 

mixes of institutional arrangements and policy instruments. With this purpose, the modelling exercises 

conducted in consecutive chapters aim to explain the core properties of socio-economic systems, such 

as lock-in, path-dependence, coevolution, and recombinant innovation. The central research questions 

addressed in this study are:   

 

• What lock-in factors and mechanisms prevent desired transitions? 

• What is the role of coevolution and group selection in transitions and what are the barriers to 

these? 

• Which mix of policy instruments is capable of unlocking an undesirable technological-

economic system?  
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• What is the role of diversity and keeping options open? Which decision rules are relevant 

here?  

• How do the different behavioural features of consumers and investors affect transition 

pathways? 

 

The thesis is organized as follows. In Chapter 2, a survey of evolutionary methods and building blocks 

is provided. It presents an overview of how formal evolutionary models address diversity, innovation, 

selection, bounded rationality, diffusion, path dependency and lock-in, coevolution, multilevel and 

group selection, and mechanisms of growth. In Chapter 3, a multi-agent model of demand-supply 

coevolution in the presence of multiple increasing returns is proposed. It describes consumers who 

imitate others in their social groups, while also attempting to distinguish themselves from others 

through the purchase of special status commodities. The evolution of the system is compared for 

alternative behavioural rules and interaction patterns (network effects) of consumers. Consumers 

belong to one of two groups: rich or poor. This is motivated by the fact that more affluent individuals 

are often the first to adopt innovations, and thus their preferences may play an important role in the 

process of technological change. The model is subsequently used to study a number of policy 

instruments aimed at escaping technological lock-in. Chapter 4 presents a novel evolutionary-

economic approach based on replicator dynamics, extended with mutation and recombination. 

Replicator dynamics, which predominates in evolutionary-economic modelling, entails a bias towards 

the best-performing alternative. In reality, inefficient technologies exist in markets because of costly 

experimentation, the difficulty of assessing perfectly the profitability of various projects by 

boundedly-rational investors, or because property rights prevent the diffusion of novel solutions. 

These issues can be captured by mutation and recombination, which in our model(s) describe the 

heuristics of boundedly rational investors. A stylized application of this model to energy transitions is 

proposed in Chapter 5. Here, the long-term costs of investing in diversity of energy technologies are 

compared for three versions of the model: namely, where technologies are described by constant costs; 

by costs that decrease steadily over time; and by costs that change along the learning curve. The 

analysis of model dynamics provides insight into the problem of the allocation of scarce investment 

capital among different energy technologies. Chapter 6 conducts an analysis of the determinants of 

investments in installed capacity in power plants in the UK, with the aim of explaining the historical 

change from coal to gas in electricity production. A formal model of industry evolution is proposed, 

where technological change relies on the diffusion of energy technologies through the construction of 

new power plants. The dynamics of industry is compared for two versions of the model which reflect 

rational and boundedly-rational investors. Chapter 7 presents a theory of institutional change that 

builds upon a synthesis of theoretical insights from the literatures on group selection and socio-

economic power. It is subsequently used to explain the evolution of power relations and environmental 
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institutions. This can contribute to explaining the success or failure of potential transitions. Finally, 

Chapter 8 concludes, and makes suggestions for further research. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 17 

 
Chapter 2 

 

Evolutionary models in economics: a survey of methods and 

building blocks 
*
  

2.1 Introduction 

Many studies in evolutionary economics employ formal models of one type or another. They are 

characterized by a variety of approaches and elements. Perhaps this is a logical consequence of 

evolutionary economics, which allow for many different assumptions regarding individual behaviour, 

selection mechanisms, and innovation processes. The current chapter presents an overview of methods 

and components that underlie formal economic models which employ evolutionary approaches. This 

can assist inexperienced, and possibly also experienced, researchers in understanding the available 

variety of model components, their possible formalizations, and the importance of model design for 

deriving specific results. Some basic knowledge of evolutionary models may also be relevant to 

evolutionary economists who do not themselves work with models, since models are intended to 

capture the essence of evolutionary processes and thus reflect the range of views and assumptions 

explored. The aim of our survey is three-fold: it attempts to provide a comprehensive overview; to 

show explicit representations of important formalizations of model components, and to clarify the 

connection between components and general methods of modelling. Existing surveys are either old, 

considerably less exhaustive than ours, focus on one type of modelling (e.g. growth), or do not show 

many formal expressions of model components (Silverberg 1988, 1997; Saviotti and Metcalfe, 1991; 

Andersen 1994; Kwasnicki, 2001, 2007; van den Bergh, 2004; Windrum, 2004; Silverberg and 

Verspagen, 2005a; Fagiolo et al., 2007).  

In this survey, we consider as core building blocks: diversity, innovation and selection; and as 

additional components: bounded rationality, diffusion, path dependence and lock-in, coevolution, 

multilevel and group selection, and growth mechanisms. The relevance and potentially complementary 

role of these various components is supported by many studies in evolutionary economics, including a 

number of descriptive surveys (e.g. Hodgson, 1993; Nelson, 1995; Dopfer, 2005; Silva, 2009; Witt, 

2008a). We wish to clarify the variety of conceptualizations for each component, and determine which 

ones can be well addressed by particular methods. The combination of modelling methods and 

building blocks is important, as the particular method determines the specific assumptions, as well as 

the possible hypotheses and questions that can be studied. Thus far, the different evolutionary methods 

as applied to model economic phenomena have not been systematically compared. Nowak (2006) and 

                                                 
* This chapter also appears as: Safarzyńska, K., van den Bergh, J.C.J.M., 2009. Evolutionary models in 
economics: a survey of methods and building blocks. Journal of Evolutionary Economics, 
forthcoming. 
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Dercole and Rinaldi (2008) offer comparisons of methods and techniques but focus on applications in 

theoretical biology. 

It is possible to identify distinct developments within evolutionary modelling: namely, 

evolutionary game theory and selection dynamics (Friedman, 1991; Weibull, 1995; Samuelson, 1997; 

Fudenberg and Levine, 1997; Gintis, 2000); evolutionary computation techniques (Fogel, 2000; Eiben 

and Smith, 2003); and multi-agent modelling (Weiss, 1999; Wooldridge, 2002; Tesfatsion and Judd, 

2006). They use various mathematical techniques, namely difference or differential equations, 

stochastic processes, graphs, and evolutionary algorithms. Multi-agent models and evolutionary 

computation (genetic algorithms, learning classifier systems, and genetic programming) are 

overlapping sets of techniques, which may create some confusion. Particularly, when agents do not 

learn or do not show changing behaviour over time, but a population of individuals evolves as a result 

of the processes of selective replication and stochastic variation, the distinction becomes diffuse. 

Generally, evolutionary computation offers techniques suitable for studying the adaptive learning, 

search and optimization processes, which can be employed in multi-agent systems to model adaptive 

learning of the agents. 

The organization of the remainder of the chapter is as follows. Section 2.2 briefly discusses 

and compares the main evolutionary modelling approaches. Section 2.3 examines the various 

formalizations of the components of evolutionary-economic models, and relates these to the modelling 

approaches. Section 2.4 presents the conclusions. 

 

2.2 Evolutionary modelling techniques 

2.2.1 Evolutionary game theory and selection dynamics  

Evolutionary game theory originates from the work of Maynard-Smith and Price (1973). It studies the 

strategic interactions of boundedly rational players. Individuals are drawn randomly from large 

populations, and have little or no information about the game (Weibull, 1998). A central concept in 

evolutionary game theory is the evolutionarily stable strategy, which denotes that strategies in an 

equilibrium are resistant to invading ‘mutant’ strategies.  

In order to study the dynamic paths to reach equilibrium that underlie evolutionary games, 

various dynamic equations have been proposed, referred to as ‘population’ or ‘selection’ dynamics 

(Hofbauer and Sigmund, 1998). A number of modelling alternatives can be distinguished, depending 

on whether time and pay-offs are discrete or continuous, and whether population size and the number 

of strategies are finite or infinite. The dynamics underlying games can further involve deterministic or 

stochastic processes. In general, selection dynamics studies how the distribution of pure strategies 

changes over time. The distribution of such strategies defines a population state, which is 

mathematically equivalent to a notion of mixed strategy in the evolutionary game (Weilbull, 1998). 

Among deterministic selection dynamics, replicator dynamics predominates (Samuelson, 1997). 
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According to these dynamics, the frequencies of strategies in the population change over time 

according to their (relative) pay-offs. Pay-offs depend on the strategies of other players, and thus on 

the frequencies of these strategies within a population, which creates a feedback loop mechanism. 

Replicator dynamics focuses on selection processes and omits structural innovations, so that, in effect, 

it can be regarded as an incomplete representation of evolution.  

Replicator dynamics describes one of many possible transmission mechanisms. Hofbauer and 

Sigmund (1998, 2003) suggest other deterministic selection dynamics, such as best response, Brown-

von Neumann-Nash, imitation, and mutator dynamics (see also Nowak and Sigmund, 2004). Best 

response dynamics requires agents to recognize a best reply to the mean population strategy, which in 

many situations may be beyond the agents’ computational and cognitive capabilities. Imitation of a 

rival’s strategy in pairwise comparisons offers a more realistic account for modelling social 

interactions, which can be captured with imitation dynamics. Among deterministic selection dynamics, 

only selection-mutation dynamics accounts for the errors that occurr during the replication process. 

Mutation can be interpreted here as agents switching between strategies already present in the 

population.  

In general, deterministic selection dynamics are most relevant for studying dynamics over 

moderate time spans. To study interactions in the long run, stochastic dynamics are more suitable 

(Sandholm, 2007). Unlike in deterministic approaches, in stochastic models mutations are captured by 

random variables constantly perturbing the model dynamics. Here, examining the impact of random 

mutations enables the stability of an equilibrium to be determined (Foster and Young, 1990). A unique 

stationary distribution of strategies is found in the limit distribution as the mutation rate goes to zero, 

referred to as a ‘stochastically stable strategy’.  

Alternatively, stochastic processes can be described in more detail at the individual level, 

involving birth, death and migration processes. This can be best expressed with Markov processes. 

Here, agents decide in each period which strategy to choose and occasionally employ a decision at 

random. The Markov process determines changes in individual states, and, consequently, in the 

relative abundances of different strategies over time. Other stochastic processes describing changes in 

individual states, discussed here, are the Master equation and the Polya urn process. 

 

Deterministic dynamics  

(1) Replicator dynamics 

Replicator dynamics was first formalized by Taylor and Jonker (1978). It applies to any population 

divided into types E1 to En, with corresponding frequencies x1 to xn (Σixi=1). According to the 

replicator model, individuals meet each other in random encounters. Whenever an individual of i-type 

meets individual of j-type, the pay-off to i is aij. The motion for the frequency of type i is governed by 

(Hofbauer and Sigmund, 1998): 
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ix& = xi((Ax)i-xTAx),  

where (Ax)i is the expected pay-off for an individual of type i given by an n x n pay-off matrix A=(aij), 

and xTAx is the average pay-off. The frequency of type i increases in the population if its pay-off 

exceeds the average pay-off in the population.  

In the context of games with interactions that occur in groups with more than two members, 

fitness may be expressed as a non-linear function of the frequencies (Nowak and Sigmund, 2004). 

Replicator dynamics then takes the following generalized form: 

))()(( xfxfxx iii −=& , 

where fi(x) is a fitness function, and )(xf =Σixifi(x) is the average fitness. 

 

(2) Best response dynamics  

Best response dynamics may be applied to model myopic behaviour of rational agents. It is derived 

under the assumption that, in large populations, a small fraction of individuals revise their strategies 

and choose the best reply to the population mean strategy x: 

xxx −= )(β& , 

where β(x) denotes the set of best replies b to strategy x, such that zTAx≤ bTAx for any z, x, b ∈  Sn. The 

best reply does not have to be unique. 

 

(3) Smoothed best replies 

Best reply dynamics can be approximated by smooth dynamics such as the logit dynamics (in order to 

ensure a unique solution) for ε>0: 
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where, for ε→0, this converges to best response dynamics. 

 

(4) Brown-von Neumann-Nash dynamics 

The Brown-von Neumann-Nash dynamics is defined as: 

∑−=
j

jiii xkxxkx )()(& ,  

where ki(x)=max(0, ai(x)-xTa(x)) denotes the positive part of the excess pay-off for strategy i. This 

equation ensures that, if there exists strategy j with an excess pay-off higher than i’s, the frequency of 

strategy i will decrease in a population. The equation describes population dynamics resulting from 

myopic adjustment which, unlike replicator dynamics, allows for innovation, but assumes less 

rationality than best response dynamics (Hofbauer et al., 2009). 
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(5) Imitation dynamics 

The frequency of certain strategies can increase in a population through imitation. Imitation dynamics 

is derived under the assumption that an individual randomly selects another player in the population 

and decides whether to adopt his strategy. It takes the form: 

∑ −=

j
jjiijii xxfxfxx )]()([& , 

where fij is the rate at which a player of type j adopts type i‘s strategy. 

The simplest rule, proposed by Hofbauer and Sigmund (2003), is ‘imitate the better’. In this case, the 

rate depends only on the pay-offs achieved by the two players: 

0))(),(()( == xaxafxf jiij  for )()( xaxa ji <  

= 1 otherwise. 

The frequency of strategy i increases if i’s pay-off exceeds j’s (the term )]()([ xfxf jiij = is in this 

case equal to 1). Alternatively, the switching rate may depend on the pay-off difference, i.e. 

)]()([))(),(()( xaxaxaxafxf jijiij −== ϕ  with φ a monotonically increasing function. The 

dynamic process then becomes: 

∑ −=

i
jjiii xxaxaxx )]()([ψ& , 

where ψ(.) is an increasing and odd function -ψ(x)= ψ (-x), (i.e. the graph of an odd function has 180 

degrees rotational symmetry with respect to the origin). The equation may be interpreted as players 

imitating strategies of other agents with a probability proportional to the expected gain from 

switching.  

 

(6) Selection-mutation dynamics 

The selection mechanisms discussed under (1) – (5) describe selection without any drift or mutation. 

To allow for errors to occur during the process, models that combine selection and mutation can be 

employed, such as mutator and replicator-mutator dynamics. According to mutator dynamics, the 

processes of replication and mutation are sequential (Helbing, 1995; Brenner, 1998): 

∑ −+−=
j

ijijij
T

iii qxqxAxxAxxx ][))((& , 

where qij is a mutation probability from strategy i to j, and qji from j to i. The first term on the right-

hand side depicts replicator dynamics, and the second term describes the flow towards, and away 

from, strategy i. 

In population genetics, biochemistry, and models of language learning, the replicator-mutator 

equation is used: ix& =∑ − iijjjj xxfqxfx )()(  (Bürger, 1998; Komarowa, 2004; Nowak and Sigmund, 

2004). Here, mutation occurs during the replication process. The mutation matrix Q=[qij] is a 
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stochastic matrix, where each entry is a probability that replication of i will result in j, with Σjqij=1. 

The replicator-mutator contains both replicator dynamics and quasi-species equations as special cases. 

If the matrix Q is an identity matrix, the equation reduces to replicator dynamics (perfect learning). 

The quasi-species equation describes deterministic mutation-selection dynamics on a constant fitness 

landscape. The fitness values are independent of the frequencies of other strategies in a population. 

Formally, the quasi-species equation takes the form: ix& =∑ −

j
iijjj xfqfx , where fi is a reproductive 

rate (fitness) of strategy i and ∑=
i

ii fxf  is the average fitness. 

 

(7) Adaptive dynamics  

The term adaptive dynamics was first used by Hofbauer and Sigmund (1990) and Nowak and 

Sigmund (1990). The approach enables researchers to investigate a number of theoretical issues, 

including genetic variation, coevolution and speciation. Nevertheless, its theoretical and mathematical 

properties are not well understood (Waxman and Gavrilets, 2004). Formally, adaptive dynamics 

requires a population in which almost all individuals use strategy p. The population can be invaded by 

a strategy q if a pay-off for an individual playing the strategy q, while all others play p, exceeds the 

pay-off he would receive from playing strategy p. Adaptive dynamics takes the form: 

  
pqq

pqf
p

=∂
∂= ),(

& . 

The function f(q,p) denotes the pay-off for an individual playing strategy q in a homogenous 

population with strategy p. The derivative of this function determines the direction of the mutant’s 

advantage. Adaptive dynamics captures adaptive learning and the process of myopic search in a 

homogeneous population where most individuals use the same strategy and only a small number of 

agents (‘mutants’) use alternative strategies. 

 

Stochastic dynamics 

Foster and Young (1990) were the first to introduce a stochastic term into replicator dynamics. They 

claim that the biological model on which replicator dynamics is based is inherently stochastic in 

nature, so that not every encounter between i-type and j-type individuals must result in exactly the 

same change in fitness. Under the assumption of a large population size and frequent interactions, 

Foster and Young approximate any source of variability in the pay-offs by a continuous-time Wiener 

process:  

]))()(()()())()[(()( i
T

iii tWxttAxtxttAxtxtx ∆Γ+∆−∆= σ& , 

where x(t)=[x1(t),..xn(t)]T is the proportion of different strategies; W(t) is a continuous, white-noise 

process with a zero mean and a unit rate covariance matrix; and Γ(x) is continuous in x and has the 
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property xTΓ(x)=[0,0,..,0]T
. The stochastic version of replicator dynamics is suitable for models where 

random perturbations σ constantly affect the selection process and thus system dynamics. 

Other stochastic approaches to the study of dynamics in evolutionary games include Markov 

processes, the master equation, and the Polya urn. These techniques describe changes in the population 

state based on individual stochastic processes (e.g. birth, death, and migration of individuals). 

According to a Markov process, the probability of transition from state x to y at time t is conditional on 

all past states, but it can be reduced to a probability that is conditional only on the state visited in the 

previous time t-1:  

Pr(Xt=y│X t-1=x,..,X0=x0)=Pr(Xt=y│Xt-1=x) 

Economic variables modelled as Markov processes are ‘memory-less’: their values depend solely on 

the values in the previous period. Wheeler et al. (2006) offer an application of a discrete-time Markov 

chain to model adaptive learning in the context of the Cobweb model. 

What is called the ‘master equation’ is a special case of a Markov chain (in finite time space). 

It may be employed to model agents’ discrete choices. The equation describes a transition probability 

based on probabilities of flows into, and out of, the set of states. Formally, it can be written down, 

using vector notation, as (Aoki, 1996: 117): 
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where P(x, t) denotes a probability of being in state x at time t, while ω(x’|x,t) is a transition rate from 

state x to x’. The first term is the sum of probability of flows into state x’, while the second is the 

probability of flows out of state x’. Weidlich and Braun (1992) discuss the application of such Markov 

chains to economics. 

Alternatively, the Polya urn describes a dynamic process with reference to an urn that is filled 

with balls of two colours. Each time, one ball is drawn randomly: the selected ball is then returned to 

the urn, while a ball of the same color is added. The probability of adding a ball of a particular colour 

exactly equals the proportion of balls of this colour in the urn. Arthur et al. (1987) propose a more 

general model in which the probability of adding a ball of type j is an arbitrary function (q) of the 

colour frequencies. It augments the standard Polya urn with a perturbation component. Formally, the 

urn consists of n balls of N colours, where a vector Xn={ 1
nX  , 2

nX ,.., N
nX  } describes the proportions 

of balls of colours 1 to N, respectively. In each time period, one ball is added; the probability that it is 

a ball of a colour i is equal to )( n
i
n Xq . The frequency of the i-colour ball is: 
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otherwise.  
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The Polya urn mechanism as described refers to a non-linear Polya process (Arthur et al., 

1987). Dosi et al. (1994a) apply the general urn scheme to modelling technology choice, and Fagiolo 

(2005) to coordination games.  

 

2.2.2 Evolutionary computation  

Evolutionary computation provides algorithms based on the mechanisms of natural selection and 

genetics, such as genetic algorithms (Bäck, 1996; Mitchell, 1996; Goldberg, 1989), genetic 

programming (Banzhalf et al., 1989), evolutionary programming (Bäck, 1996), learning classifier 

systems (Lazi et al., 1998; Bull, 2004), and evolutionary strategies (Beyer, 1998).2 These techniques 

are increasingly applied to evolutionary-economic modelling (see Arifovic, 2000; Dawid, 1999). In 

evolutionary computation models, individuals do not change over time, but a population evolves due 

to selective replication and variation processes. Riechmann (1999) has proposed interpreting these 

evolutionary operators in terms of socio-economic interactions: namely, as learning by imitation 

(selective replication), learning by communication (crossover), and learning by experimentation 

(mutation). 

Central to all techniques in evolutionary computation is the search process for better solutions. 

It involves generating new options with mutation and recombination operators. A mutation operator is 

always stochastic. It acts by changing the value of a random characteristic of an individual with some 

positive probability. Recombination (crossover) merges information (characteristics) from two parent 

codes into an offspring code. The important difference between mutation and recombination is that 

mutation is a unary operator; it requires one object as an input, while crossover is typically a binary 

operator applied to two objects (parents). In addition, the possibility of recombination with more than 

two parents is also possible in a socio-economic or technological context (see Eiben, 2000). This 

creates a very wide spectrum of innovation outcomes. Notably, the role of mutation and recombination 

differs among alternative ‘evolutionary dialects’, from being the only variation operator for creating 

diversity, the only search operator for scanning the parameter space in search of a better solution, a 

mixture of these two, to not being used at all (Eiben and Smith, 2003).  

 The process of selective replication transfers a set of individuals who host distinct strategies 

from one generation to the next. In evolutionary algorithms, selection consists of two processes: parent 

and survival selection (Eiben and Smith, 2003). The role of parent selection is to stimulate better 

individuals to become parents of the next generation. Parent selection is typically probabilistic: better 

quality individuals have a higher chance to reproduce. For instance, parents may be selected in 

proportion to their relative fitness (a quality measure assigned to each solution). The approach is also 

known as ‘roulette wheel selection’: the chance of selecting a particular parent may be envisaged as 

spinning a roulette wheel, where the size of each pocket is proportional to the parent’s fitness. Other 

                                                 
2 Since economic applications of evolutionary programming and evolutionary strategies are rare, we do not 
discuss them further here.  
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types of selection mechanisms are linear sorting and tournament selection. According to the first, an 

algorithm sorts all individuals based on their fitness, and then assigns a selection probability to each 

individual according to its rank. Alternatively, in tournament selection, an algorithm randomly 

chooses two parents and creates an offspring of the fitter parent. Subsequently, parents are returned to 

the initial population. The process is repeated n times to create a succeeding population of n offspring. 

The second type of selection is survival selection (often deterministic). Here, offspring compete for a 

place in the next generation based on their fitness. A new population can be constructed from a set of 

parents and offspring, referred to as fitness bias selection, or solely from the offspring population, 

reffered to as ‘age bias selection’. 

Evolutionary algorithms may be employed to model individual learning in multi-agent 

systems. In such models, each agent observes a representation of the current state and undertakes an 

action according to a selected decision rule (from a finite set of rules). After all the agents have made 

their decisions, pay-offs are revealed, and the effectiveness of rules is evaluated. The most effective 

rules have a higher chance to be selected in the future. Over time, an evolutionary algorithm evolves 

the optimal rule or set of rules in response to a changing environment. 

  

Genetic algorithms  

Holland (1975, 1980, 1992), inspired by genetic processes, developed the Genetic Algorithm (GA) 

method to study adaptive behaviour. A simple genetic algorithm is characterized by a population of 

strings of equal length, representing sequences of binary or real values. A GA operates as follows: 

from an initial parent population, some strings are chosen with a probability proportionate to their 

fitness. Offspring are created by applying variation operators to the selected parents: mutation ‘flips’ 

the value of any bit-string with some positive probability, while recombination (crossover) switches 

sequences of consecutive bits between two parents’ strings. A new generation is then created from 

parent and offspring populations (or only from the offspring population). The process is repeated a 

finite number of times until convergence occurs, or some (other) stopping rule is satisfied.  

Genetic algorithms are widely employed in evolutionary modelling. The string representation 

offers a convenient way to code consumer preferences (Aversi et al., 1997), production designs 

(Windrum and Birchenhall 1998, 2005), firm routines (Kwasnicka and Kwasnicki, 1992), production 

rules in Cobweb models (Arifovic 1994, 1995; Dawid and Kopel, 1998; Franke, 1998), production 

functions (Birchenhall, 1995; Birchenhall et al., 1997), pricing strategies (Curzon Price, 1997), and 

strategies in a Prisoner’s Dilemma game (Axelrod, 1987; Miller, 1996). 

 

Learning classifier systems 

A classifier system was designed by Holland (1975) as an adaptive system where rules are activated 

depending on the state of the environment. Each rule consists of a condition-action part (for example 

‘if X appears then do Y’). Classifier conditions are strings of symbols {0,1,#}, while actions are 
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expressed as binary strings. Classifier systems work as follows. First, the state of the environment is 

coded on a binary string and transmitted to the system. If a condition part of a rule matches the 

message from the environment, the rule enters a competition with other rules that have satisfied this 

condition. The outcome of the process depends on the strengths of rules that describe a rule’s past 

performance. The strengths are updated over time with a particular learning algorithm (e.g. bucket-

bridge or Q-learning). In a second stage, a genetic algorithm is run on the population of rules to 

generate new and delete poorly performing rules with the use of one-point crossover and bitwise 

mutation. The purpose of employing classifier systems is to create a cooperative set of rules that 

together solve the problem (Bull, 2004). Classifier systems are typically employed to model agent’s 

adaptive behaviour (Marimon et al., 1990, Arthur, 1991; Arthur et al., 1996; Vriend, 1995; Kirman 

and Vriend, 2001).  

 

Genetic programming 

Genetic programming (GP) represents the latest technique in the artificial intelligence and 

computational literature. It was developed by Koza (1992, 1994) and builds on the concept of 

functions applied to arguments; these functions are organized into trees, the nodes of which are 

described with a set of basic functions (e.g. the arithmetic, Boolean, relation, if-then operators) plus 

some variables and constants {+,-,*,/,…..,OR, AND, NOT,>,<,=, …v1,v2,v3…c1,c2,c3…}. Operators 

have connections with other operators or variables. Variables, which have no further connection, 

constitute the ‘leaves’ of the tree. 

GP proceeds by evaluating each solution according to its fitness and selecting the best 

solutions for ‘reproduction’. In order to generate new solutions, the fittest among the existing ones are 

modified and recombined. For example, crossover operates by randomly selecting two nodes in the 

parents’ trees and swapping the sub-trees, which have such nodes as roots. The idea of generating 

new, possibly better functions or trees in GP is similar to the way in which genetic algorithms (GA) 

operate. 

GP as a member of the evolutionary algorithm family shares some properties with GA. 

Formally, GP is a variant of GA characterized by a different data structure. The two approaches differ 

with respect to the application area: GP is used to seek models with maximum fit to the environment, 

while GA aims to find an optimal solution (Eiben and Smith, 2003). Working with GP allows for more 

flexibility: trees take the form of complex structures with nested components, while the size of trees 

may vary within a population. By contrast, a GA population consists of fixed-length binary strings. 

However, the complex structures of GP may hinder their usefulness, in particular making the 

interpretation of results difficult (Arifovic, 2000). GP has been employed in a number of economic 

applications, for instance, to evolve an optimal price-setting rule (Dosi et al., 1999) or an optimal 

trading rule (Neely et al., 1997; Allen and Karjalainen, 1999), and to model speculators’ adaptive 

behaviour (Chen and Yeh, 2000).  
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Fitness landscape and NK models  

In evolutionary algorithms, no assumption is made about the fitness landscape. Hill and O’Riordan 

(2001) suggest employing what is called the ‘NK model’ to represent solutions in the search space, 

and, subsequently, to evaluate the performance of variation operators in evolutionary algorithms. In 

general, the fitness landscape can be constructed by assigning to each solution the height 

corresponding to its fitness value in the search space. The NK model was proposed by Kauffman 

(1993) as a stochastic method for constructing an adaptive fitness landscape that can be gradually 

tuned from smooth to rugged. Here, N stands for the number of elements, while K denotes the 

complexity of the system (interdependence of dimensions). Each element has its own sub-function(s) 

within the system. It is assigned a fitness value wn drawn randomly from the uniform distribution 

[0,1]. Elements in an NK system are interdependent; these dependencies are often referred to as 

‘epistatic relations’. If a value of a particular element changes, the change affects both the fitness (and 

functioning) of this element and the fitness (and functioning) of elements that are interlinked with it. 

The total fitness of the system changes according to the average fitness of its elements:  

 W(s)=
N
1
 )(

1
sw

N

n n∑ =
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where wn denotes the fitness of the n-th element. In this context, search is modelled as a trail-and-error 

process. In each time step, the value of one element is mutated and the fitness of the system before and 

after mutation is compared. If the average fitness has increased, mutation continues, otherwise the 

state of the system is restored to the previous configuration. The process is repeated until a (local or 

global) optimum is reached. The NK framework can be employed to model myopic search for better 

solutions (Altenberg, 1997; Auerswald et al., 2000; Frenken and Nuvolari, 2004).  

 

2.2.3 Multi-agent models  

Multi-agent models (sometimes referred to as agent-based models, multi-agent systems, multi-agent 

simulations, or multi-agent based simulations) enable the study of coordination processes, self-

organization, distributed processing, micro diversity and innovation through recombination, in a way 

that is far beyond the capabilities of any representative agent model (Potts, 2000). In early studies, the 

approach was employed to model social interaction processes (Schelling, 1978; Axelrod, 1997). The 

most ambitious in this sense has been Epstein and Axtell’s (1996) multi-agent ‘Sugarscape’ model, 

which integrates elements of demography, sociology, psychology, and economics. Exercises with this 

model show the way in which spatial-temporal interactions of agents can generate a variety of social 

phenomena: for example, the transmission of culture, the rise of conflicts, the spread of a disease, the 

diffusion of price information, and migration. In economics the method of multi-agent simulations 

became more widely known through the work of Andersen et al. (1988) and Holland and Miller 

(1991). These authors proposed that the economy should be viewed as a complex, dynamic, and 

adaptive system with a large number of autonomous agents. Multi-agent simulations offer a powerful 
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tool for addressing the interactions of heterogeneous, boundedly-rational agents characterized by 

learning, increasing returns and path dependence.  

The basic structure of a multi-agent system involves specifying a large number of parameters 

and variables: time; the number of agents; micro-states (actions) that can be endogenously modified by 

agents; micro-parameters containing information about agents’ behavioural and technological 

characteristics; time independent variables governing the fixed technological and institutional set-up; 

the structure of interactions and information flows among agents; and aggregate macro-variables 

(Pyka and Fagiolo, 2007). 

Formally, agents can be defined as computational entities, usually showing some form of 

bounded rationality (myopia, local search), situated in some environment, capable of undertaking 

flexible autonomous actions with the objective of meeting their goals (Wooldridge, 1999). Intelligent 

agents are characterized as capable of perceiving the environment and responding to it; of exhibiting 

goal-oriented behaviour, and of interacting with other agents. These interactions can take place 

indirectly through the environment in which agents are embedded, or in direct communication among 

agents (Weiss, 1999). Agents’ interactions, as well as feedback from aggregate (macro-) to 

disaggregate (micro-) phenomena, are the sources of non-linear dynamics.  

Multi-agent models have been applied to a wide range of topics. These include: agent learning 

(Arthur, 1991; Ishibuchi et al., 2001; Klos and Nooteboom, 2001); the evolution of norms, and 

conventions (Axelrod, 1997; Thebaud and Locatelli, 2001; Hodgson and Knudsen, 2004); financial 

markets (Arthur et al., 1996; Caldarelli et al., 1998; LeBaron, 2001; Levy et al., 2000); the diffusion of 

innovations and industry dynamics (Aversi et al., 1997; Gilbert et al., 2001; Windrum and Birchenhall, 

1998, 2005; Saint-Jean, 2006; Schwoon, 2006); land use and environmental management (Paker et al., 

2003); labour economics (Tassier and Menczer, 2001; Gabriele, 2002; Fagiolo et al., 2004); and 

environmental policies (Janssen and Jager, 2002; Carrillo-Hermosilla, 2006). Multi-agent models have 

been also applied to various specific markets, including the textile market (Brannon et al., 1997); the 

fish market (Kirman and Vriend, 2001); the wholesale electricity market (Bower and Bunn, 2001); and 

agricultural practices in a developing country (Lansing and Miller, 2004). 

Despite the numerous contributions, a common protocol for the design and validation of 

multi-agent models has not yet emerged (Matteo et al., 2006; Fagiolo et al., 2007; Pyka and Fagiolo, 

2007). Behavioural rules and different heuristics are often introduced ad hoc, as there are no or little 

data available to validate model assumptions and to calibrate the parameters. The diversity of 

approaches follows from the fact that an array of assumptions can be justified with reference to 

stylized facts (Dawid and Fagiolo, 2008). Existing approaches for the validation of multi-agent models 

include the indirect calibration approach, the Werker-Brenner approach, and the construction of 

history friendly models. However, each method has its shortcoming (Fagiolo et al., 2007). For these 

reasons, the use of multi-agent models for the evaluation, and especially design, of economic policy 
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should be approached with caution (see also a special issue on “Agent-based models for economic 

policy”, Journal of Economic Behaviour and Organization, vol. 67(2), 2008).  

For a more extensive discussion of multi-agent modelling, see Tesfatsion, (2001a,b), Axelrod 

(2003), Windrum (2004), Dawid (2006), Vriend (2006), Epstein (2007) and Shoham and Leyton-

Brown (2009). We discuss aspects of some of the aforementioned models in greater detail later on in 

the sections dealing with particular building blocks of evolutionary-economic models. 

 

Spatial and network structures 

Agent interactions in multi-agent models can occur through spatial structures or networks that take the 

form of a graph, grid or lattice (Antonelli, 1996; Solomon et al., 2000; Conlisk et. al., 2001; Nowak, 

2006, Chapters 8 and 9; Noailly et al., 2007, 2009). Graphs comprise Ising models, small world 

models and random graphs (Watts and Strogatz, 1998; Cowan, 2004; Frenken, 2006). In Ising models, 

agents are located at fixed points in a regular integer space, and they are connected to their n-nearest 

neighbours only. In small world models, agents can interact with some distant (i.e. not directly 

neighbouring) sites. The network structure in small-world models is characterized by high 

cliquishness, i.e. a high density of agents’ interactions, and short average path lengths between agents 

(Cowan and Jonard, 2000). Alternatively, in random graphs, agents are connected with some positive 

probability, regardless of their location; the networks do not reflect explicit geographical space. Watts 

and Strogatz (1998) proposed a one-parameter random graph model comprising these three approaches 

(Ising and small world models, and random graphs). A parameter p, reflecting the probability of 

connecting a random agent to each link within the network, is used to scale between the regular and 

the random graph (e.g. p=0 gives the Ising model, p=1 the random graph). 

Recently, percolation models have achieved some attention in modelling technology diffusion 

and spillovers in innovations (Silverberg and Verspagen, 2005b; Cantono and Siverberg, 2008; 

Hohnisch et al., 2008). Here, interactions occur between neighbouring cells on a lattice. Cells are 

active (e.g. adoption of a particular good) or inactive. An algorithm defines conditions under which a 

cell can change its state: for instance, an inactive cell becomes activated. Percolation is said to occur if 

one or more clusters of active cells emerge (Hohnisch et al., 2008). 

 

2.2.4 Comparing methods  

Little attention has been devoted to comparing the different methods of evolutionary modelling in 

evolutionary economics. In fact, there is not much communication between researchers using distinct 

techniques (Witt, 2008a). Important differences between the methods relate to mathematical 

representation; the possibility of deriving analytical solutions; the dynamics being stochastic or 

deterministic; the way selection and innovation mechanisms are, or can be formalized; and the level of 

aggregation. As a result, the choice of method will influence model design.  
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Evolutionary game theory describes interactions between randomly drawn individuals from a 

population, which can be interpreted as a micro-level and population approach (e.g. Friedman 1991). 

However, with the aim to derive analytical solutions, applications usually reduce heterogeneity in a 

population to a few strategies or subgroups, which often means a kind of aggregation of information, 

certainly in comparison with multi-agent approaches that distinguish between sometimes hundreds of 

individual agents. In evolutionary computation and multi-agent models, individuals within a 

population are described in detail, resulting in evolutionary dynamics that are analytically intractable. 

The multi-agent model is unique, in the sense that it allows for interactions between many 

heterogeneous agents, who can moreover exhibit changing behaviour and learning over their lifetime. 

By contrast, in models developed with evolutionary computation techniques, individuals do not 

change over time, but the population evolves due to selection and variation processes. Evolutionary 

computation has been mainly used to study adaptive learning or to perform optimization in complex, 

non-linear systems. Each of the evolutionary algorithms (i.e. genetic algorithms, learning classifier 

systems and evolutionary programming) is associated with specific formal representations of 

individuals (string, tree of functions, etc.). Multi-agent modelling is much more flexible in this respect. 

As already mentioned in Section 2.1, the classification of the different methods employed in 

evolutionary-economics is not straightforward, especially if different methods are combined. For 

instance, evolutionary games can underlie interactions of individuals in multi-agent models, while 

evolutionary algorithms can be used to model agent learning and search in multi-agent settings. This 

certainly allows for more flexibility in the model designs, but may create difficulty in classifying and 

comparing the results of different models.  

 

2.3 Building blocks of evolutionary-economic models 

In this section, we present an overview of the various formalizations of components of evolutionary-

economic models that have been proposed in the literature. The following categorization is employed 

(as motivated in Section 2.1): (1) diversity; (2) innovation; (3) selection; (4) bounded rationality; (5) 

diffusion; (6) path dependence and lock-in; (7) coevolution; (8) multi-level and group selection; and 

(9) mechanisms of evolutionary growth. Table 2.1 summarizes the manner in which these components 

can be formally conceptualized using the various methods. Statements in the cells of the table are 

elaborated and explained, in turn, in the following subsequent subsections. 

   

    [INSERT Table 2.1 HERE] 

 

2.3.1 Diversity 

Central to any evolutionary model is a heterogeneous population, i.e. a population consisting of 

diverse elements or members. Diversity relates to progress through Fisher’s principle (Fisher, 1930), 
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which states that the greater the variability upon which selection for fitness acts, the greater the 

expected improvement in fitness. In evolutionary-economic models, diversity is formalized in a 

number of different ways. In evolutionary game theory, diversity is limited to a very small number of 

startegies (most commonly two). However, individuals may do different things on different occasions, 

formally captured by the notion of mixed strategies. This has been referred to as ‘individual behaviour 

mixing’ as opposed to the situation in which individuals demonstrate constant behaviour over time, 

while different individuals can show diverse behaviours, referred to as ‘developmental coin flipping’ 

(Bergstrom and Godfrey-Smith, 1998). The latter is characteristic of model design in evolutionary 

computation (Section 2.2.2), where the number of different strategies in the population is typically 

large. Finally, in multi-agent systems, variety of agent characteristics and time variation of strategies 

can be combined. Agents can differ here with respect to behavioural rules, knowledge, goals, 

physiological features (e.g. vision and energetic efficiency in the Sugarscape model: see Epstein and 

Axtell, 1996) or signals. This creates a wide spectrum of opportunities to realize heterogeneity.  

The concept of diversity can be elaborated as having three properties: variety, balance, and 

disparity (Stirling, 2004, 2007). Variety is defined as the number of categories into which a population 

can be partitioned; the larger this number the larger the diversity. Balance relates to the distribution of 

shares of each category in the population; the more equal  the shares, the more even  the distribution 

and the larger the diversity. Finally, disparity refers to the degree to which options differ; it captures 

the distance between categories. Disparity is a qualitative property, which represents a rather 

subjective and context-dependent aspect of diversity. 

 Stirling suggests a simple diversity measure that combines all these three components. It takes 

the form of a multiplicative function, representing an integrated diversity heuristic measure D 

(Stirling, 2007): 
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Here dij is the distance in a Euclidean disparity space between options i and j; and pk is the frequency 

of element k in the population. The parameters α and β may take values 0 or 1. In the reference case, α 

and β both equal 1, and the measure captures balance- and disparity-weighted variety. If α=0 and β=1, 

the index reduces to balance-weighted variety, while if β=0 and α=1, it reduces to disparity-weighted 

variety. For α=0 and β=0, the measure depicts scaled variety.  

For the purpose of statistical analysis, a number of other diversity measures have been 

proposed (Theil, 1967; Weitzman, 1992, 1998a; Önal, 1997; Frenken et al., 1999; Saviotti, 2001). 

However, Stirling (2007) shows that most of these are not very well balanced, as they ignore some 

aspects of diversity. For instance, an entropy-based index is a dual measure combining diversity and 

balance, while the Weitzman index is limited to disparity. The entropy-based Shannon index is defined 

as - ∑ =
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indicates the lowest diversity. The Simpson index takes the form of the sum of the squared shares of 

each option in the portfolio: ∑=
i

ipH 2 . A related entropy measure is that of Önal (1997), proposed 

for the purpose of creating a more operationally and computationally convenient index. It defines the 

structural diversity index as: ∑ −
−

−=
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n
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1)(  (n is the number of species, and si, sj are 

the shares of i and j species, respectively). For a given pair of groups i and j, ji ss − measures the 

relative diversity between the two groups. Maximum diversity occurs when all groups in an assembly 

have equal numbers of elements, while a minimum value is realized if one group contains all of the 

elements. 

 Alternatively, Weitzman’s (1992, 1998a) index emphasizes the distance between entities. The 

measure can be applied to both discrete and continuous variables. It classifies entities in groups on 

their dissimilarity through a distance measure d. Formally, diversity V(S) is the solution of the 

recursion: V(S)=max Sy∈  (V(S\y)+d(S\y,y)), where S\y stands for a set S without a member y; and 

d(S\y,y) captures the distance between this set and y. Weitzman’s index addresses disparity alone; it 

does not account for the relative abundance of different options within a population.  

Several studies have applied these diversity measures: Saviotti and Trickett (1992) in a study 

of helicopters; Bourgeois et al. (2005) for refinery processing; Frenken and Nuvolari (2004) for the 

steam engine; Frenken and Windrum (2005) for microcomputers and laptops; van den Heuvel and van 

den Bergh (2009) for the solar photovoltaic industry; and van den Bergh (2008b) in an abstract model 

of optimal diversity in investment. Frenken et al. (1999) use both the entropy-based index and 

Weitzman’s diversity measure to analyse the evolution of technology in four industries: aircraft, 

helicopters, motorcycles, and microcomputers. They define a population of products in terms of the 

distribution of product characteristics. Changes of variety in each particular industry are investigated 

as changes in the composition of the population structure over time (measured with diversity indexes). 

The results reveal a tendency for decreasing variety towards product standardization for helicopters 

and microcomputers, and increasing variety for aircraft and motorcycles.  

 

2.3.2 Innovation 

Innovation is an inherent feature of any evolutionary system. It is essential for diversity creation. 

Mokyr (1990) distinguishes between micro- and macro-inventions, following Schumpeter (1939). 

Accordingly, technological evolution may take the form of a series of incremental improvements in 

already existing designs or methods of production. Alternatively, it can involve the introduction of a 

design or a technique radically different from the latest technological achievement, which is referred 

to as product and process innovations. Recently, innovations in services have attracted increasing 

attention (Gallouj and Windrum, 2009). In addition, the concept of innovation can be approached from 
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a broader perspective so as to account for the interrelated processes of diffusion, absorption and use of 

new technologies (Lundvall, 2007). The latter is a subject of study of (national) innovation systems.  

Although innovations are intrinsically uncertain, and, for this reason, in most evolutionary-

economic models treated as stochastic, it would be incorrect to consider the process of innovation as 

totally random. Innovations may be expected to occur in a systematic manner: namely, preceded by 

the cumulativeness of relevant technical advances. The innovative process is often depicted as 

following relatively ordered technological pathways, as is reflected by notions such as: natural 

trajectories (Nelson and Winter, 1977); technological guidepoints (Sahal, 1985), technological 

paradigms (Dosi, 1982); and socio-technological regimes (Geels, 2002a,b, 2005).  

Innovations are conceptualized in formal models in a number of ways: as a stochastic process 

(e.g. Poisson) that can result in structural discontinuity, variation and recombination of existing 

technological options, or random or myopic search on a fitness (technology) landscape. Innovations 

may be associated with a new vintage of capital (e.g. Iwai, 1984 a,b; Silverberg and Lehnert, 1993; 

Silverberg and Verspagen, 1994a,b, 1995). In vintage models developed in an evolutionary game 

setting, innovations tend to transform a firm as whole. For instance, Iwai (1984a) develops a capital 

vintage model to examine the way in which dynamic interactions between the equilibrating force of 

imitation and the disequilibrating force of innovation shape the evolutionary pattern of an industry. 

The market consists of M firms (active and potential producers) and n production methods with 

corresponding unit costs ci (cn>..>c1). Firms face two alternatives: namely, innovate or imitate the 

technology that exhibit a lower than current cost of production. If innovation occurs, it creates a new 

cumulative frequency MCF Nt /1)( = , where CN denotes the unit cost of the best production method 

that is technologically possible at time t. The relative frequency of firms with the unit cost equal to c 

or lower than c changes according to:  

{ } tMcFMcFcFcF tttt ∆−+−=∆ )/1))((1())(1)(()( νµ , 

where µ and v are, respectively, indices of the effectiveness of firm imitation and innovation activities; 

and v∆tM denotes the probability that an innovation is carried out successfully by one of the firms over 

a small time period ∆t. 

In micro-simulation models of industry dynamics, each firm is engaged in the search process 

for better solutions. In Nelson and Winter’s (1982) pioneering model, search is modelled as a two-

stage random process. In the first stage, imitation and innovation draws determine the firm’s 

probability of undertaking R&D activities (0 or 1). If a firm i gets an imitation draw, then in the 

second stage it copies the industry’s best practice. If it gets an innovation draw, it samples productivity 

A from a distribution of technological opportunities F(A; t, Ai,t), where Ait is firm i’s current 

productivity level. Finally, if a firm obtains a combination of imitation and innovation draws, its new 

productivity level is determined by Ai,t+1=Max(Ai,t, tA , tiA , ), where Ai,t is firm i’s current productivity 
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level; tA is the best practice productivity level at time t; and tiA , is a random variable resulting from 

the innovation draw. 

In Nelson and Winter’s model, firms are treated as a single unit of selection. Alternatively, a 

firm can be treated as a multi-operation unit (e.g. Kwasnicki and Kwasnicka, 1992; Chiaromonte and 

Dosi, 1993; Dosi et al., 1994b; Dosi et al., 2006). For instance, in Kwasnicki and Kwasnicka’s (1992) 

model of industry dynamics, each firm is characterized by two types of routines: active ones employed 

in everyday practice, and latent ones stored but not actually applied. Routines here are modelled with 

genetic algorithms. Each set of routines is divided into separate segments, consisting of similar 

routines employed by firms in different domains of their activities. New routines evolve as a result of  

recombination, mutation, transition or transposition. With a certain probability, the lth routine in the 

kth sector changes (mutation), or the segment k of a firm-unit i is recombined with the segment k of a 

firm-unit j (recombination). Alternatively, a single routine may be transmitted from another firm 

(transition), or within a single firm a latent routine can be transposed from a latent into an active state 

(transposition).  

Modelling innovations on the supply side is well established in the evolutionary economic 

literature. By contrast, conceptualizing innovations on the demand side has not led to a common 

approach, especially in the context of modelling endogenous preferences of consumers (see Section 

2.3.4). An interesting attempt to formalize evolving preferences in an abstract model has been 

undertaken by Potts (2000).3 The author sketches eight ways in which the schematic preferences, 

coded on a string, may evolve with the use of a genetic algorithm. In the context of an agent choosing 

a set of goods from the available set {a,b,c,d,…}, the change in his preferences may be captured with 

(# implies indifference): 

 

1. Point mutation: <aaab> → <aaaa>  

2. Cross over: <aabc><bbcc> → <aacc> 

3. Inversion <abca> → <acba> 

4. Slide <##aabbcc##> → <aaaabb####> 

5. Reclustering <abcabcaabc> → <aaabbbccc> 

6. Emergence/Closure <aaaaa###> → <aaaaa> 

7. Higher or lower specification: <aabb##>→ <aabbc#>; <aabb##> → <aab###> 

8. Birth or death: <...> → <aabbc#>;  <aabb##> → <…> 

 

This list can be augmented with other mechanisms corresponding to genetic processes. In 

addition to ‘point mutation’ and ‘recombination’, ‘insertion’ and ‘deletion’ are distinguished (in 

                                                 
3 For examples of the formalization of endogenous preference change, see Aversi et al. (1997) and the 
coevolutionary models described in Section 2.3.7.  
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genetics). Insertion implies adding a string to the existing sequence of code. Deletion characterizes the 

reverse process, i.e. the loss of a string of code (Nowak, 2006). New solutions may also result from the 

hybridization of more than two existing ideas, a process known as ‘multi-parent recombination’ in 

evolutionary computation, or ‘modular evolution’ in biology. In particular, modular evolution is the 

source of radical innovations in both natural and social-technological history. Watson (2006) 

theoretically supports this by formally showing that modular evolution can realize more complex 

systems, or similarly complex systems in a shorter time, than gradual evolution.  

A number of models address the notion of recombinant innovation in an economic context 

(Weitzman, 1998b; Olsson and Frey, 2002; Tsur and Zemel, 2007; van den Bergh, 2008b). Weitzman 

presents a formal model in which the number of new combinations is a function of the number of 

existing ideas. He shows that, if this number is the only limiting factor in knowledge production, 

super-exponential growth may result. Tsur and Zemel extend this model with endogenous growth 

elements. Olsson and Frey (2002) connect Weitzman’s recombinant growth with Schumpeter’s view 

of the entrepreneur who innovates by combining existing ideas or technologies in a convex way. They 

demonstrate that the resulting combinatory process is constrained by the following factors: convexity 

implies the exhaustion of technological opportunities; the cost of combining ideas increases with 

distance (disparity) between them so that profit maximization requires combining ideas that are 

technologically sufficiently close; social acceptance constrains or prohibits certain combinations; and 

a ruling technological paradigm limits the scope for recombinant growth. Van den Bergh (2008b) has 

developed a model to derive optimal diversity resulting from the trade-off between increasing returns 

to scale and the benefits of recombinant innovation. 

 

2.3.3 Selection  

Certain aspects of selection models were already discussed in Section 2.2. Here we adopt a broader 

approach. Selection in the simplest form can be understood in terms of picking a subset from a certain 

set of elements according to a criterion of preference, referred to as ‘subset selection’ (Price, 1995). 

Alternatively, selection can be seen, by analogy with natural selection, as the outcome of two 

independent processes: namely, replication of an encoded instruction set, and the interaction of entities 

with their environment, causing differential replication (Knudsen, 2002). If the second process applies, 

a population of offspring is not a subset of parents but consists of new entities. Similar to Price (1995), 

we can describe a general selection process that unifies subset and natural selection as follows. 

Formally, a set P includes ni units of entities i with value xi for some property x. A set P’ is composed 

of new entities corresponding to entities of P. Selection on the set P in relation to the property x can 

then be defined as a process of producing the corresponding set P’, such that ni’ is a function of xi. 

According to subset selection, ni’≤  ni, while xi = xi’. These assumptions are not required in the case of 

natural selection.  
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An early discussion in evolutionary economics focused on firms being selected by the market, 

in the sense of surviving competition, with possible effects on profit seeking or even maximizing 

behaviour (Alchian, 1950; Friedman, 1953; Winter, 1964). In later models of industry dynamics, 

selection was formalized with replicator type of dynamics by analogy with natural selection. 

Accordingly, market shares of firms generating above-average profits increase over time. In this 

context, technology diffusion is treated as an outcome of selective competition between rival 

technologies, where selection covers both traditional types of competitiveness, e.g. price competition 

and product differentiation (e.g. Nelson and Winter, 1982; Iwai, 1984a,b; Soete and Turner, 1984; 

Silverberg et al. 1988; Metcalfe, 1988). The system of firms competing by offering new, improved 

product characteristics or services, which enable them to capture some temporary monopoly rents, has 

been referred to as ‘Schumpeterian competition’ (Savotti and Pyka, 2004).  

Formally, in evolutionary models, frequency-dependent selection predominates. The most 

commonly used model, replicator dynamics, ignores the possibility of mistakes, imperfect learning, 

and costly experimentation during selection and replication processes. Alternative models of selection 

dynamics exist (as already discussed in Section 2.2.1), but these have seen little application to 

economic phenomena. Important exceptions are Foster and Young (1990), Canning (1992), Young 

(1993), and Kandori et al. (1993), who propose models of adaptive learning in the context of repeated 

2x2 games. Here, mistakes by players constantly disturb the process of learning, and thus the selection 

dynamics.  

 Note that, although selection environments are often modelled as being constant, this does not 

need to be the case. For example, the dynamics of consumer preferences may alter the selection 

environment for firms, leading to demand-supply coevolution (see Section 2.3.7). The latter can be 

best expressed with multi-agent modelling. Alternatively, selection may be modelled as a two-stage or 

a multi-level process: internal and external to the firm. Internal selection concerns the selection of 

routines at the level of a firm, while external selection is typically understood in terms of market 

selection (Kwasnicki and Kwasnicka, 1992; Lazaric and Raybaut, 2005). For instance, in Kwasnicki 

and Kwasnicka (1992) each firm searches for new routines (or new combinations of existing routines) 

to increase its overall competitiveness. After a firm has made decisions concerning production, its 

performance is subject to external (market) selection. As a result, a firm’s market share depends on 

relative prices, relative values of products, and the market saturation level. Although in most models 

external selection takes the form of market selection, the possibility of non-market selection – for 

example, due to institutional pressure – is at least theoretically possible. For a more general discussion 

on multi-level evolution, see Section 2.3.8.  

 

2.3.4 Bounded rationality 

The notion of bounded rationality originated in the 1950s from Herbert Simon’s critique of ‘economic 

man’. Simon (1955, 1956) proposed the concept of bounded rationality, which involves considerations 
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of extensiveness, complexity, and uncertainty (Hodgson, 1997). Under extensiveness, information may 

be readily accessible and comprehensible, even though time and other resources are required to obtain 

it. Complexity stipulates the existence of a gap between the computational capacity of an agent and the 

complexity of his environment. Under uncertainty, agents have difficulties in assessing the 

probabilities of future events. In these cases, individuals are likely to exhibit habits and rule-driven 

behaviour.  

In models of firm and organizational behaviour, bounded rationality has taken the form of 

rules and routines. Nelson and Winter (1982) claim that firms operate to a large extent according to 

decisions rules that are not consistent with profit maximization, but instead take the form of complex 

patterns of routinized behaviour. Heuristics, cognitive and learning processes are crucial for decision 

making. In particular, imitation is an important mechanism underlying firm behaviour in models of 

technology diffusion. It allows saving on costs of individual learning, experimentation or searching by 

exploiting information already acquired by others (horizontal and vertical transmission). In the context 

of social interactions, imitation can take the form of either copying the ‘most successful’ or ‘the 

majority’ strategy. Copying ‘the most successful’ is also known as ‘prestigious-bias transmission’; it 

occurs when individuals seek to copy the most influential, knowledgeable or skilful behaviour 

(Henrich et al., 1999). Copying the majority strategy has been termed by Boyd and Richardson (1985) 

as ‘conformist transmission’. It refers to the propensity of an individual to adopt cultural traits that 

appear most frequently in the population, which can be formalized with frequency-dependent selection 

(see Section 2.2.1). 

 Bounded rationality is implicit in many evolutionary economics models or results from 

specific choices made with regard to the other model components (e.g. selection models), and for this 

reason the opportunities to review explicit formalizations are limited. Conlisk (1996) offers an 

extensive (appreciative) overview of different types of bounded rationality. In evolutionary game 

settings, boundedly rational agents are incapable of anticipating the actions of other agents or the 

consequences of their own decisions. They may engage in a myopic search for better solutions, or 

imitate the most frequent behaviour. Various forms of selection dynamics have been proposed to 

model boundedly-rational behaviour, as described in Section 2.2.1. Notably, imitating the most 

successful or majority strategy in a population requires the assumption of common knowledge. One 

way to deal with this rather unrealistic setting is to limit the environment in which agents operate 

(Kirman, 1997). This can be achieved by assuming that agents interact with a limited number of other 

agents, for instance, through networks (Axelrod, 1997; Janssen and Jager, 2002; Silverberg and 

Verspagen, 2003, 2005; Morone and Taylor, 2004; Cowan and Jonard, 2004; Cowan et al., 2006). The 

latter predominates in evolutionary multi-agent models, which allow for explicit modelling of 

interactions within and between heterogeneous groups, and within networks of consumers (Section 

2.2.3). In addition, networks play an important role in facilitating communication, specialization of 

competences, standardization of complementary technologies, and flows of knowledge between firms. 
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A number of studies have analysed the behaviour of firms and strategic arrangements within specific 

networks (Malerba, 2006).  

In general, a variety of assumptions regarding boundedly rational behaviour can be 

encountered in evolutionary-economic models. In many cases, they are introduced ad hoc without 

clear empirical, experimental or theoretical support. Evidence and theories in behavioural economics 

can help to provide a better foundation of behavioural assumptions of evolutionary-economic models. 

In particular, relevant insights are offered by prospect theory (Kahnemann and Tversky, 1979); quasi-

hyperbolic instead of exponential discounting (Thaler, 1981; Prelec and Loewenstein, 1992; Frederick 

et al. 2002); various social preferences (Guth et al., 1982); regret theory (Bell, 1985; Loomes and 

Sugden, 1986); and case-based theory (Gilboa and Schmeidler, 1995). Prospect theory, which 

describes decision making under uncertainty, has received much attention. It builds upon the premise 

that individuals differently evaluate losses and gains relative to a situation-specific reference point. 

The theory of social preferences is inspired by experimental evidence that players tend to sacrifice 

their own benefits to reduce inequality of pay-offs, while they are likely to reciprocate behaviours that 

has benefited them. Regret theory assumes that, whenever the outcome of the prospect is worse than 

expected, a sense of disappointment is generated, while if the outcome of the prospect is good, a 

person experiences elation. Finally, case-based theory suggests that people choose acts based on their 

performance in similar problems in the past. It provides insight into habit formation. Although theories 

in behavioural economics offer useful examples of bounded rationality of individuals, still more 

research is needed on the conditions under which they apply (Fudenberg, 2006; Pesendorfer, 2006). 

 

2.3.5 Diffusion  

Diffusion is closely intertwined with the selection mechanisms. It determines the pace of adoption of 

particular technologies, goods and behaviours that have already been adopted (selected) by a fraction 

of the population. Diffusion typically follows a logistic or sigmoid (S) curve over time: the diffusion 

rate first rises at initially low but increasing adoption rates, leading to a period of relatively rapid 

adoption. At some later stage, the diffusion rate starts to decline, until finally a regime of satiation is 

reached. In general, models of technology diffusion aim to explain the logistic pattern of diffusion 

process. For overviews, see Metcalfe (1988), Silverberg et al. (1988), Geroski (2000), and Manfredi et 

al. (2004). 

The diffusion process relies on the progressive dissemination of information about the 

technical and economic characteristics of products within a population of potential adopters 

(Silverberg et al., 1988). The minimal structure of such a diffusion model entails the need to 

distinguishing between mutually exclusive sub-groups of users and non-users, while the analysis of 

model dynamics focuses on the spread of information from adopters to non-users. Several related 

frameworks can be distinguished. They are typically described with difference equations.  
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According to the epidemic model (the seminal work is by Mansfied, 1961), technology 

spreads like a disease. An individual adopts a particular technology, after having had contact with the 

‘infected population’, i.e. individuals who have already adopted the innovation. The framework 

explains patterns of innovation diffusion from the date of its first implementation (not invention) by 

some percentage of users. The evolution of the number of adopters follows the pattern given by: 

y(t)=N(1–exp[-αt]), where N is the number of potential adopters, and α denotes the percentage of the 

population who have learned about a new technology. The model applies to a situation in which 

information spreads from a central source. 

Alternatively, word of mouth models account for direct communication: users independently 

contact non-users with a positive probability β. The process of diffusion follows an S-curve over time: 

the rate of infection increases as a population of users gradually rises (increasing the aggregate source 

of information) until it reaches the maximum. Then it starts declining, as non-users become more hard 

to find and therefore to infect. 

Mixed information source models combine the epidemic and the word of mouth approaches. 

The information spreads with a probability equal to the sum of a constant rate at which an individual 

learns about new technology from the central source plus a flexible rate at which an individual learns 

about novelty from other users: α+ βy(t) (see Bass, 1969).  

Finally, the probit model was developed for the analysis of individual adoptions. A simplified 

version of this approach assumes that individuals differ in some characteristic x, which is randomly 

distributed in a population according to a function f(x). Only individuals whose characteristic value 

exceeds the threshold level x* adopt the innovation. Over time, technology gets cheaper and the 

threshold value falls. As a consequence, more people have a chance to adopt it. If the distribution 

underlying f(x) is normal, the gradual movement of the threshold level across the distribution 

generates the S-shaped diffusion curve. 

The aforementioned models have been criticized for lacking a description of individual 

decision making. They do not provide insight into how the possible saturation level is reached or 

determined. Multi-agent models can better explain the micro-foundations of diffusion patterns, as 

described in aggregate models (discussed above). They allow for a description of individual imitating 

behaviour of earlier adopters (e.g. information cascades), of neighbouring sites in the case of a game 

with a spatial dimension (agents are located on a grid), or of individuals who belong to the relevant 

social network (e.g., Janssen and Jager, 2002; Alkemand and Castaldi, 2005; Delre et al., 2007; and 

see also Section 2.2.3). For instance, Delre et al. (2007) have developed a multi-agent model, where 

adoption decisions depend on agents’ personal networks and external marketing efforts. Their results 

suggest that the speed of diffusion is highly sensitive to the network structure and the degree of 

consumer heterogeneity.  

Evolutionary graph theory may provide interesting insights for studying the effect of 

population structure on diffusion. Here, individuals are placed on the vertices of the graph and 
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connected by edges. Edges denote the reproductive rates at which individuals place offspring into 

adjacent vertices. The analysis of the fixation probability indicates how likely it is that a single mutant, 

placed randomly within the network, takes over a whole population (Nowak, 2006: Chapter 8). In this 

context, some graphs act as suppressors or amplifiers of selection. In particular, amplifying structures 

increase the probability of the fixation of advantageous mutants (with high relative fitness) and reduce 

the probability of the fixation of disadvantageous mutants. The superstar, funnel, and metafunnel are 

examples of such amplifier structures (Lieberman et al., 2005). Evolutionary dynamics on graphs have 

been applied to study social games (e.g. Prisoner’s Dilemma game, Dove and Hawk) in spatially- 

structured populations.  

 

2.3.6 Path-dependence and lock-in  

Economic systems are characterized by various reinforcement and feedback mechanisms that explain 

why, after a system follows a particular path of development, it may be difficult to reverse or change 

the direction of system change. Feedback mechanisms associated with increasing returns may arise 

from economies of scale, learning-by-doing, technological interrelatedness, the accumulation of 

knowledge and experience, and agglomeration or spillover effects (see Arrow, 1962; Arthur, 1988; 

Meltcafe, 1994). These are typically mechanisms associated with supply-side dynamics. In addition, 

increasing returns on the demand side play a role, in particular network externalities, informational 

increasing returns, imitation and bandwagon effects, learning-by-interacting, and external influences 

such as advertising, education (Katz and Shapiro, 1985; Lundvall, 1988).  

Increasing returns are the sources of lock-in and path dependence. A simple model illustrating 

dynamics in the presence of increasing returns was developed by Arthur (1989). This model considers 

two technologies, A and B, competing for adoption by two types of economic agent: an agent R, who 

has a natural or intrinsic preference for technology A, and an agent S, who has a natural inclination to 

chose technology B. Choices are made sequentially; at each point in time, a randomly drawn type of 

agent (either R or S) decides which technology to adopt by comparing pay-offs from two technology 

variants. The matrix of pay-offs is described as: 

 

 

 

 

where aR, aS denote returns to technology A exhibited by agent R and agent S, respectively (aR>aS ); 

analogously bR, bS, (bR<bS), r,s are agent R’s and S’s returns to adoption; and nA, nB are the number of 

previous adopters of technology A and B, respectively. These pay-off functions reflect the notion that 

returns from the adoption of a particular technology depend on the number of its previous adopters. 

This dependence causes increasing returns to scale: the more it is adopted, the more attractive a 

technology is. It is a self-reinforcing mechanism, which may be the source of lock-in: once a certain 

 Technology A Technology B 

R-agent aR+rnA bR+rnB 

S-agent aS+snA bSr+snB 



 41 

technology becomes dominant; subsequent adoptions will most likely be of the same type, thus 

enhancing its leading position.  

Witt (1997) notes that lock-in critically depends on the assumption of an infinitely growing 

population of adopters. This, together with the presence of only two types of agents and specific 

interactions between adopters (imitation), prevents model dynamics from exhibiting cyclic or more 

complex behaviour. If a finite or constant population is assumed, an unstable fixed point rather than an 

inescapable state of lock-in results. Arthur and Lane (1993), Kirman (1993) and Dosi et al. (1994a) 

show that lock-in is not a necessary outcome if interactions between agents take a different form than 

in the basic Arthur model. For instance, Dosi et al. (1994a) reformulate Arthur’s model with the 

generalized Polya urn schemes approach. Here, new adopters choose the technology used by the 

majority of a sample m of other adopters with probability α, while with probability 1-α they adopt the 

technology used by the minority. Because of the presence of a stochastic factor, technology shares 

never converge to either 0 or 1, ensuring co-existence of variety. In addition, Leydesdorff and 

Besselaar (1998) use Arthur’s model to demonstrate that, under the assumption of limited cognitive 

capabilities of individuals, i.e. agents are unable to perceive small differences in the adoption rate 

below a certain threshold, lock-in disappears. 

Path dependence and lock-in are important features of technological change in the context of 

environmental regulation. Problems of lock-in and unlocking policy are closely related to the difficulty 

of making a transition to sustainable systems in energy, transport and agriculture (Unruh, 2000; van 

den Bergh et al., 2006, 2007; van den Bergh, 2007). Lock-in does not need to be permanent. Assuming 

that everyone switches, the change from an inferior state is possible (Arthur, 1994). For instance, 

actors might coordinate their decisions to adopt a new technology when they recognize that 

coordinated action yields special benefits (Foray, 1997). In line with the above remarks, Witt (1997) 

argues that the capacity to pass a “critical mass threshold” in terms of the number of potential adopters 

of a market alternative is the key to the success of unlocking the market. He notes that, in fact, 

governments and innovating firms take account of the critical mass phenomenon. For instance, with 

promotion campaigns, firms make efforts to convince potential adopters that others are already about 

to adopt the new variant in order to stimulate coordinated adoption decisions. 

Since the seminal work by David (1985) and Arthur (1988, 1989), lock-in and path 

dependence have received increasing attention in the context of policy studies in multi-agent models 

(Janssen and Jager, 2002; Carrillo-Hermosilla, 2006; Schwoon, 2006). For instance, Carrillo-

Hermosilla (2006) has developed a framework in which a public authority representing the collective 

interest of society tries to guide the market (individual decisions) by supporting the socially preferable 

technology with a subsidy. The conditions are investigated under which escaping a lock-in of 

environmentally-unstable practices is possible. It is further examined whether a system can move 

between equilibria (i.e. be unlocked) without the need for public intervention, and if the timing and the 

direction of these spontaneous transitions would be socially optimal. 
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2.3.7 Coevolution 

The term ‘coevolution’ refers to a situation in which two or more evolutionary systems or populations 

are linked together in such a way that each influences the evolutionary trajectory of the other(s). It is 

achieved through reciprocal selective pressures among evolving populations. Linking an evolutionary 

to a non-evolutionary system does not produce strict coevolutionary dynamics but co-dynamics of 

sub-systems (van den Bergh and Stagl, 2004; Winder et al., 2005).  

Coevolutionary dynamics underlie many economic processes. In an early contribution, 

Norgaard (1984) discusses coevolution as the interaction between knowledge, values, organization, 

technology, and environment. However, without explicitly referring to population dynamics, this 

should better be regarded as system dynamics due to the co-dynamics of subsystems. Nevertheless, 

different sub-systems (market, technology, institutions, scientific knowledge, etc.) can be seen as 

consisting of heterogeneous, changing populations (producers, consumers, policy makers, universities, 

etc.). Their interactions may give rise to coevolution and, over time, produce irreversible changes in 

socio-technological trajectories. In spite of this, there are relatively few contributions to 

coevolutionary modelling available. Most formal applications focus on demand-supply coevolution 

(Janssen and Jager, 2002; Windrum and Birchenhall, 1998, 2005; Saint-Jean, 2006; Schwoon, 2006,  

Windrum et al., 2009a,b; and Chapter 3 of this thesis). Models of other types of coevolutionary 

dynamics exist, but are rare. For instance, Noailly (2008) has developed a formal coevolutionary 

framework to analyse the effect of human activity (total pesticide use) on the size and the composition 

of pests, while Malerba et al. (2005) propose a history friendly model that captures the coevolution of 

the computer and semiconductor industries. 

In economic models developed with evolutionary game theory and selection dynamics, 

coevolution does not to seem to have been explored much. Nevertheless, in principle, the method 

allows the coevolution of two or more interdependent populations to be described, for instance, by 

interlinking the fitness functions of different populations (McGill and Brown, 2007). This is illustrated 

by Noailly’s (2008) model, in which two replicator dynamics representing separate populations 

(harvesters using pesticide strategies and pests) are coupled to give rise to coevolution. In addition, 

evolutionary algorithms can also be used to model coevolution, but this does not seem to have been 

used in economic applications.  

In fact, all existing coevolutionary models of demand and supply are developed with the 

multi-agent method, which easily accommodates feedback mechanisms between multiple populations. 

In a coevolutionary model developed by Saint-Jean (2006), the probability that a consumer adopts a 

particular good depends on the distinct product characteristics and the relative weights a consumer 

assigns to each of them. If product characteristics receive relatively high weights from consumers, 

they are considered as their priorities. In each period, firms invest in quality improvements. Each firm 

reallocates its R&D budget towards characteristics that are priorities for consumers and in which a 

firm has reached a sufficiently high performance level. On the other hand, consumers’ preferences 
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evolve over time in response to technological advances and changes in the industry structure. These 

mechanisms create strong feedbacks between supply and demand. 

In a coevolutionary model by Windrum and Birchenhall (1998, 2005), firms aim to offer 

product designs which maximize the average utility of a randomly selected consumer class. 

Consumers can move between classes, depending on how well they are served by the incumbent firms. 

In order to improve its competitiveness, each firm engages in product innovation. It implements a new 

design only if it yields a higher utility for consumers in its target class than the current design. 

Evolving consumer preferences influence the direction of such product innovations. Formally, firms 

compete by offering distinct designs or different points in a multi-dimensional (service characteristic, 

price) space. Their success depends on realizing a utility of the target consumer class i that is above 

the average level:  

t

it
titi W
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,1, ϕϕ =+ , 

where 
G
Git

ti =+1,ϕ ; G is the total number of consumers; Git is the number of consumers in class i at 

time t; wit denotes the average utility in class i in time t; and Wt is the average level of utility across 

classes. Consequently, technological change (product succession) is modelled here as an outcome of a 

coevolutionary process involving interactions between consumers and producers. Recently, Windrum 

et al. (2009a,b) applied the earlier approach to address the substitution of more by less polluting firms. 

To conclude, coevolution of demand and supply is an important theme in economics. 

However, no standard for designing coevolutionary demand-supply dynamics has emerged so far. 

Researchers derive conclusions based not only on differently formalized behavioural rules but also on 

different technical model specifications, including: number of consumers and consumer classes; 

number of firms; the length of a single simulation run; and the number of overall simulations 

conducted. The results from a coevolutionary model proposed in Chapter 3 suggest that the technical 

specification of the models, e.g. the number of firms, is important for coevolutionary dynamics. 

Consequently, detailed and specific guidelines for modelling may be useful and enable the systematic 

comparison and validation of different coevolutionary models.  

 

2.3.8 Multi-level evolution and group selection 

The economy can be seen as a complex, hierarchical structure comprising various levels and 

subsystems linked together through strong feedback mechanisms. The micro-interactions between 

heterogeneous elements lead to the emergence of a higher structure, while variation and selection 

processes occurring in any of the subsystems affect changes in the total environment. In this context, 

Potts (2000) has called for a new evolutionary microeconomics based on discrete, combinatorial 

mathematics, and in a practical sense graph theory and multi-agent modelling. A standard graph theory 

model is described by the elements S=(V,E) S-system, V-elements, E-connections. According to Potts, 
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connections are crucial for the analysis of dynamics, complexity, and system change. Because of the 

introduction of connections, the notions of emergence and hierarchy can be combined into a single 

construct, termed a hyperstructure. Formally, this requires recognizing that a system itself can be an 

element of a higher-level system, while an element may itself be a system at a lower level (Sn=Vn+1). 

Gunderson and Holling (2001) have developed an alternative complexity model built upon the 

notion of resilience: panarchy. The idea of panarchy combines the concept of space-time hierarchies 

with the context of adaptive structures. Elements of a complex adaptive system, which emerge through 

local interactions between various components, are recursively nested to form a hierarchy. The 

framework may be applied to evolving systems: economic, ecological, or social. For instance, nature 

(forests, lakes) and humans (cultures, governance structures) can be interlinked through the panarchy 

in never-ending adaptive cycles of growth, accumulation, restructuring, and renewal. The approach 

has seen formalization through multi-agent evolutionary models (e.g. Janssen and Carpenter, 1999).  

A multi-level theory of evolution that is receiving much attention presently is built on the 

combination of individual and group selection (Wilson and Sober, 1994; Wilson, 2002; Henrich, 2004; 

Wilson, 2006; van den Bergh and Gowdy, 2009). Group selection theory tries to elucidate emerging 

phenomena by taking into account individual and group level processes framed in a multi-level model. 

There are many relevant models available now (see Bergstrom, 2002; García and van den Bergh, 

2007). The minimal structure of a group selection model requires the definition of a reproducing 

population composed of groups characterized by more intense or regular interactions between 

members than with outsiders. Two main approaches can be identified to attain a group formation for 

the next generation. In haystack or migration pool types of models, after reproducing, groups are 

pooled together and then randomly sampled. Alternatively, in propagule types of models, groups are 

formed solely on the basis of a single parent group; in this case, offspring are continuously added to 

the parent group that splits into two after reaching a certain size (Bowles et al., 2003; Trauslen and 

Nowak, 2006). The second approach makes selection more effective. To further increase the 

effectiveness of group selection, non-random assortment typical of cultural and economic systems 

may be included (Bergstrom, 2003).  

A wide range of techniques can be used to build a group selection model, such as: difference 

and differential equations; deterministic and stochastic models; spatial models and multi-agent 

frameworks. The Price equation is often used to decompose evolutionary change into effects of 

within- and between-group components (Price, 1970). Formally, it takes the form of: 

),(),( iiii zwEzwCovzw ∆+=∆  

Here, ∆ z  depicts a change in the average characteristic (trait) over generations according to 

∑∑ −=∆
i
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i

i zqzqz '' , where qi is the frequency of type i with characteristic zi in the parent 

population; qi’ is the frequency of type i with characteristic zi’ in a descendant (offspring) population; 
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and ∆zi measures the change in the trait value for type i as iii zzz −=∆ ' . In addition, the frequency of 

type i in the offspring population is proportional to the relative fitness of type i in the parent 

population: w
wqq i

ii =' , where wi stands for the fitness of type i; and w  denotes the average fitness 

of the population. The components of the Price equation are open to a wide variety of interpretations 

(Frank, 1998; Andersen, 2004). For instance, the equation may decompose the evolutionary process 

into selection and transmission. In the context of group selection models, the covariance and 

expectation terms can be construed as effects of between- and within- group selection on the average 

trait frequency in the population (Henrich, 2004). The Price equation is often mistaken for being a 

generally applicable analytical tool, while its role is solely to decompose evolutionary change. 

Ultimately, the equation is an identity or mathematical tautology (Grafen, 2000). Van Veelen (2005) 

suggests distinguishing clearly between statistical and probability (stochastic) analysis. He claims that 

the Price equation can be employed to address two types of question. First, it can be used to assess a 

possibility (likelihood) of certain modelling assumptions being correct. Alternatively, one may employ 

the equation to make interferences, given a set of assumptions and mechanisms leading to a theoretical 

(evolutionary) model. 

 Group selection has not been employed in many economic applications, but has the potential 

to provide a theoretical explanation for the emergence and evolution of all sorts of institutions. For 

instance, selection on the group level may contribute to a better understanding of: the processes of  the 

replication of successful, and the extinction of ineffective institutions; the evolution of power relations 

and firm organizational structures; and the dynamics of conflicts over economic distributions (van den 

Bergh and Gowdy, 2009).  

 

2.3.9 Mechanisms of growth  

Endogenous growth theory has tried to explain the rate of technological progress by endogenizing 

human capital or R&D research (e.g. Romer, 1986, 1990; Lucas, 1988; Grossman and Helpman, 

1991). In addition, new endogenous growth theories devote more attention to the importance of 

creativity and innovations in the process. For instance, Aghion and Howitt (1992) developed a model 

embedding Schumpeter’s idea of creative destruction, where the expected growth rate of the economy 

depends upon the economy-wide amount of research. Each innovation is regarded here as an act of 

creation aimed at capturing monopoly rents, while it simultaneously destroys rents that motivated the 

previous discovery. The model relies on a temporal equilibrium, a representative agent and rational 

expectations, so that it cannot be categorized as an evolutionary-economic approach. Silverberg and 

Yildizoglu (2002) indeed show numerically that the behaviour of Aghion and Howitt’s model 

critically depends on the rational agent assumption. 

With the seminal work by Nelson and Winter (1982), evolutionary economics contributed to 

opening the ‘black box’ of growth theories. Models developed in an evolutionary spirit describe 
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diversity of production techniques at the level of individual firms characterized by bounded rationality, 

i.e. production routines. Opportunities for innovation can arise any time, as entities (agents, firms) are 

constantly involved in search activities. The analysis focuses on structural change and the differential 

growth of a population of firms. In the classic evolutionary model of growth by Nelson and Winter 

(1982: Chapter 12), heterogeneous firms produce the same homogeneous product but with different 

techniques. Model dynamics are driven by investment rules and search processes relating to each 

individual firm. Firm i’s desired expansion or contraction (of the capital stock K) at time t is 

determined by: gross investment I(.); the output per unit capital Ait; price Pt; profit on capital itΠ ; the 

depreciation rate of the capital δ; the production cost c; and the market share Qit/Qt:  
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Industry output results from aggregating over individual firms’ production levels: ∑=
i

tit QQ , .  

  Nelson and Winter built their evolutionary growth model from the bottom-up. They carried 

out simulations of micro-data, which generated patterns consistent with observed macro-aggregates. 

Their model initiated a new phase in evolutionary growth theorizing. Later contributions to 

evolutionary growth theory can be categorized into models following Nelson and Winter’s perspective 

of micro-foundations and evolutionary growth theories formulated at the macro level (Silverberg and 

Verspagen, 2005a). Within the first type, two distinct approaches can be identified (Kwasnicki 2007): 

(1) capital-vintage type models (e.g., Silverberg and Verspagen, 1994a,b; 1995; Iwai, 2000); and (2) 

two-sector type models (Chiaromonte and Dosi, 1993; Dosi et al., 1994b, Fagiolo and Dosi, 2003), 

where the single economy is divided into an industry which manufactures inputs for production and an 

industry manufacturing final goods. In these models, dynamics at the firm level underlie the growth 

rate of aggregate output. The common modelling technique is computer simulation. Models differ in 

the degree of complexity, technology representation, and firm behaviour rules. In addition, an 

extension to a multi-country framework is possible. For instance, Silverberg and Verspagen (1995) 

propose an evolutionary model of endogenous growth to explain the convergence between countries’ 

productivity levels. In each country, there are u firms producing homogeneous goods from different 

types of capital. Formally, the accumulation of capital j in firm i is governed by replicator dynamics: 

σαγ −−+−= )()1( iijijiij rrrk& , 

where kij is capital; ri is the average profit over all types of capital employed in firm i; rij is the profit of 

firm i realized with capital j; σ is a depreciation rate; γi is firm-specific proportion of profits, and α a 

parameter.  

Contributions to the macro-approach to evolutionary growth do not include micro-foundations 

explicitly. Here, dynamics are analysed at the sector or industry level directly. Different techniques are 

employed: namely, analytical methods and computer simulations (Silverberg and Verspagen, 2005a). 
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The aggregate growth rate of output may be driven by an increase in labour or output productivity 

(Conlisk, 1989; Silverberg and Lehnert, 1993, Meltcafe et al., 2006) or by a growing variety of the 

economic system (Saviotti and Pyka, 2004, 2008). In the growth model developed by Meltcafe et al. 

(2006), output growth depends on the growth rates in different interdependent economic sectors. The 

interdependence arises because of income and expenditure flows through market interactions. The 

(average) output growth in the economy is described as: 
∑ +−Ψ
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and eβ  are the average elasticities of technological progress constructed with weights corresponding 
to, respectively, the income elasticities and employment shares in each sector. Furthermore, eα is the 

average rate of residual progress (due to investments unrelated to the current capacity), je refers to the 

share of employment in sector j; and jΨ is the elasticity of capital income in sector j.  

Recently, growth through variety has achieved more attention, indicating an interesting 

direction for further research. For instance, Saviotti and Pyka (2004, 2008) have developed a model in 

which the emergence of new products and services allows for a continuation of economic 

development. Here, an industry is defined as a collection of firms producing variants of goods with 

different characteristics along the same dimensions of the characteristics space. The growth rate of the 

number of firms in each industry depends on firms’ entry and exit, and thus on the size of the potential 

market, availability of finance, the intensity of competition, and the number of mergers and 

acquisitions, formally expressed as: 
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where t
iN is the number of firms in industry i at time t; t

iFA  is financial availability in industry i at 

time t; t
iIC  is the intensity of competition in industry i at time t; and t

iMA  are mergers and 

acquisitions in industry i at time t. For each industry, there exists a saturation level; once it is reached, 

firms innovate radically by offering a new product in the characteristic space. As a result, new sectors 

emerge and old ones disappear. 

  

2.4 Conclusions 

This chapter has reviewed the methods that underlie, and the components of, evolutionary models in 

economics. The main methods: namely, evolutionary game theory and selection dynamics, 

evolutionary computation, and multi-agent models, were described in some detail. In addition, an 

overview was given of the components or theoretical building blocks of evolutionary economic 

models. We discussed the various ways in which these components have been conceptualized in 

models developed using a range of modelling techniques. 
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In evolutionary-economic models, replicator dynamics is the most popular variant of 

deterministic selection dynamics. According to this method, repeated selection can cause convergence 

to a single strategy, which makes sense given that no mechanism generating diversity – i.e. the 

emergence of new strategies – is required. This simplifies resulting models considerably and, in turn, 

may allow for analytical solutions. Other selection dynamics, such as selection-mutation and 

stochastic dynamics, allow for errors to occur during the process of replication. On the other hand, in 

evolutionary algorithms innovations are essential. New solutions are generated with the variation 

operators: mutation and crossover. Evolutionary algorithms can be employed to study adaptive 

learning and optimization processes, including within the setting of a multi-agent system. The number 

of evolutionary contributions to multi-agent modelling has increased dramatically in recent years. 

However, so far no common rule for model specification, conducting simulations, and validating 

results has been established. 

The main goal of the chapter was to clarify the variety of specific choices made with regard to 

the formal conceptualization of evolutionary system (and resulting model) components: namely, core 

ones – diversity, innovation, and selection – and additional ones – bounded rationality, diffusion, path 

dependency and lock-in, coevolutionary dynamics, multilevel and group selection, and growth 

mechanisms. The review shows that there is much variety and little agreement on how to 

conceptualize many of these building blocks in formal models. This is perhaps in the nature of 

evolutionary economics, which steps away from rational, representative agents as the decision units, 

and market processes as the main driving force of economic dynamics. The variety of choices 

available for each model component translates into an even larger variety of possible combinations of 

these components, that is, particular evolutionary-economic models.  

Nevertheless, some building blocks have converged to a certain modelling standard. On the 

supply side, the mechanisms that underlie innovation, diffusion, and evolutionary growth are well 

established in evolutionary economics. On the other hand, there is still no consensus on how to model 

consumer behaviour on the demand side, in particular, how to conceptualize consumer diversity, social 

interaction, and bounded rationality. Concepts are often tailored to the application context and vary 

depending on the method used. However, a full understanding of the economy as a complex evolving 

system requires accounting for interdependencies among various groups and entities, including 

consumers. This can be only achieved if consumers and producers attain equal balance, resulting in 

coevolutionary demand-supply models. These are, however, still very uncommon. In addition, a 

(cultural) group selection approach has rarely been employed in modelling economic phenomena, 

although it potentially provides a concrete formal theory of selection at multiple levels (individual and 

group). Its application could enhance our understanding of the emergence and evolution of human 

organizations and institutions.  

Multi-agent modelling is definitely the most flexible in addressing the nine building blocks, as 

it allows for a variety of assumptions. However, the main difficulties associated with this method are 
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the validation of model results and communication with other researchers, in the absence of a protocol 

for the design of such models. Evolutionary game theory is much more limited, especially in 

addressing diversity, innovation, and coevolution, but it has the advantage that – under certain 

conditions – analytical solutions can be obtained. Finally, the potential of evolutionary computation 

techniques for modelling economic dynamics has not yet been exhausted. Evolutionary algorithms are 

mostly employed to address population (social) learning. All in all, it would appear that one should not 

expect a general convergence on the specification of building blocks and choice of modelling 

techniques in the near future. Nevertheless, a good understanding of the properties of modelling 

methods and their implications for designing model components is essential for further progress of 

evolutionary economics. 
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Chapter 3 

 

Demand-supply coevolution with multiple increasing returns: 

policy analysis for unlocking and system transitions 
*
 

 

 

3.1 Introduction 

The concept of a socio-technological transition applies to a wide range of empirical phenomena but is 

still insufficiently understood. In development studies and transition economics, ’transition‘ denotes a 

transformation from a planned, (post-)communist economy or an informal economy (like in LDCs) to 

a free market economy. Here, the role of privatization, democratic institutions, trade liberalization, 

restructuring, education, and innovation systems is emphasized. In addition, the notion of transition is 

used to address the problem of how industrial countries struggling with oil dependency, CO2 

emissions, and congestion can make a transition to a sustainable economy. These are persistent 

problems, deeply rooted in societal structures and activities, which are characterized by phenomena 

like path dependence and lock-in. They cannot be solved by simple policy measures but require 

profound system changes. Financial instruments, such as subsidies and taxes, although needed, may be 

insufficient to alter current paths of technological development, as correcting prices will not 

necessarily unlock a dominant, undesirable system. In line with this, the standard microeconomic 

framework, based on the notions of rational representative agents and static market equilibrium, is 

considered as unsuitable to rigorously study the problem of lock-in and unlocking policies (Geels, 

2002a,b; Loorbach and Rotmans, 2006; van den Bergh and Kemp, 2008). 

A transition can be conceptualized as a non-linear process, where economic, social and 

technological subsystems interact with each other leading to irreversible patterns of change (Loorbach 

and Rotmans, 2006; Atkeson and Kehoe, 2007). In addition, cultural and governmental institutions 

play a vital role in creating conditions that enhance or prevent lock-in (Jacobsson and Johnson, 2000). 

Governmental institutions are important, as once they are established they tend to persist in their initial 

form for extended periods, while institutional policy often has the power to override existing market 

forces (Unruh, 2000). 

Although transition thinking is not entirely new, a generic model of policy relevance for 

managing transitions is still lacking. Available frameworks for analysis, such as multi-level (Kemp et 

                                                 
* This chapter also appears as: Safarzyńska, K., van den Bergh, J.C.J.M., Demand-supply coevolution 
with multiple increasing returns: policy analysis for unlocking and system transitions. Technological 
Forecasting and Social Change, forthcoming. 
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al., 1998; Geels, 2002a,b, 2005) or multi-phase (Rotmans, 2005) perspectives are purely conceptual in 

nature. A transition is often assumed as being too complex to be framed into a formal model, and some 

authors think that each case needs to be dealt with on an individual basis. 

Notwithstanding this, here, we propose a formal model of demand-supply coevolution in the 

context of a socio-technical-economic transition. The reason is that we feel such coevolution makes up 

the core dynamics of transitions. Producer-consumer interactions play an important role during the 

innovation process (emergence and diffusion), and in later phases of product development (Malerba, 

2007). For instance, knowledge generated through learning-by-using can only be transformed into new 

products if producers have direct contact with consumers (Lundvall, 1988). Producers may monitor 

consumers to assess their competences, i.e. the learning potential of the market to adopt new products. 

Any coherent framework of technological change needs to account for coevolution of demand and 

supply. A formal model is needed, as this process is already too complex to be grasped intuitively. 

Modelling can help to understand the core dynamics, as well as to perform policy analysis.  

A novelty of our framework is the explicit distinction between multiple increasing returns on 

the demand and supply sides. Increasing returns are important sources of path dependence and lock-in. 

Since the seminal papers by Arthur (1988) and David (1985), these notions have received increasing 

attention in the context of applied and theoretical studies (Jacobsson and Johnson, 2000; Araujo and 

Harrison, 2002; Carrillo-Hermosilla, 2006; van den Bergh et al., 2006). The mechanisms underlying 

demand-supply interactions involve various increasing returns. During market development, benefits 

from increasing returns on both the demand and the supply sides accumulate over time. Small initial 

advantages may, via self-reinforcement, lead to the dominance or lock-in of a single technology. As a 

consequence, radical innovations that embody alternative technologies have little chance to compete 

for massive adoption. Lock-in does not need to be permanent but has the tendency to persist and delay 

transitions.  

Increasing returns on the supply side may arise from economies of scale, learning-by-doing, 

technological interrelatedness, the accumulation of knowledge and experience, and agglomeration or 

spillover effects (see Arrow, 1962; Metcalfe, 1994; Arthur, 1988). On the demand side, increasing 

returns involve network externalities, informational increasing returns, advertising, imitation and 

bandwagon effects, learning-by-using, and learning-by-interacting (Katz and Shapiro 1985, 1986; 

Lundvall, 1988). In order to design transition policies we need to understand how a combination of 

increasing returns on the demand and the supply sides affects the probability of market lock-in. In this 

chapter, we attempt to address this issue. Witt (1997) suggests that the capacity to pass a ‘critical mass 

threshold’, in terms of the number of potential adopters of a market alternative, is the key to the 

success of unlocking or a transition. Our approach is precisely aimed at analysing policies that can 

bring about such critical masses, in a context of multiple lock-in factors and considering various types 

of consumer behaviour. 
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There exist only a few coevolutionary models of supply-demand dynamics (Janssen and Jager, 

2002; Windrum and Birchenhall, 1998, 2005; Oltra and Saint-Jean, 2005; Saint-Jean, 2006; Windrum 

et al., 2009a,b; Malerba et al., 1999, 2001, 2008). All these models employ a multi-agent based 

simulation technique. Despite its methodological complications, discussed in Section 3.2, this 

technique is unique, in that it can integrate interactions of multiple heterogeneous agents characterized 

by learning, increasing returns and path dependence. Therefore, we employ this method to study the 

complex dynamics between coevolving heterogeneous populations of consumers and producers in the 

presence of multiple increasing returns.  

We model the process of technology substitution, where variants of new and old products 

compete for adoption. Our framework employs various elements from Malerba et al. (2001) and 

Windrum and Birchenhall (1998, 2005). Supply dynamics, in particular, production quantities, and 

price and cost setting mechanisms follow the Windrum and Birchenhall (1998, 2005) approach. In 

addition, we distinguish two types of innovation processes: incremental improvements, and search 

activities. Incremental improvements depend on experience in production, R&D activities, and 

accumulated knowledge. A firm may also engage in a search for a new design if its sales are very low. 

This is preceded by market research and thus depends on consumer preferences.  

On the demand side, we focus on the interdependence of consumer preferences. In particular, we 

examine how the presence of two disequilibrating forces: namely, a desire for the distinction and 

imitation of other consumers within the social network, affects market dynamics. We distinguish 

between a snob and a network effect. The former reflects a desire to distinguish oneself from the 

majority through the purchase of status commodities, while the latter is defined as consumers imitating 

choices made by others. We investigate the strength of the network effect for three different cases, 

referred to as: ‘market share’; a ‘positional good’; and ‘conformity.’ The network effect operating 

through market share assumes that consumer choices depend on the number of individuals within the 

social network who actually purchase a particular product. If the network effect occurs through a 

positional good, a consumer tends to buy a good that satisfies or exceeds a threshold level for product 

performance. The latter is defined as the quality adopted by the majority of consumers within the 

social network, and thus evolves over time. Finally, according to the network effect through 

conformity, consumers attain a higher utility, the smaller the distance between the actual product 

quality and such a defined threshold level. For each version of the model, corresponding to the 

alternative network effect, we examine the effectiveness of various policy instruments in terms of 

unlocking a market and enhancing market competition. We find that the way the network effect is 

formalized affects the efficiency of policy instruments.  

The proposed model can be applied to study the diffusion of positional goods, which are 

purchased regularly every 3-6 years, and whose markets are highly differentiated and subject to 

intensive product innovation. Examples are cars, computers, and mobile phones. An application of our 

framework to the car industry can generate insights about the transition to a low-carbon economy. The 
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latter requires the diffusion of cars which embody new energy-efficient technologies. Here, status or 

prestige is an important determinant of consumer choice. In addition, a desire for distinction (snob 

effect) may be the motivation behind individuals purchasing luxury food products, such as expensive 

fish and certain types of organic food products. In this case, innovations on the supply side concern 

practices in agriculture. Network effects may also relate to the adoption of energy-saving appliances or 

choice of electricity suppliers by individual consumers, making them relevant to transitions in the 

energy sector. Breaking unsustainable habits on the consumer side, given the presence of increasing 

returns, may be necessary here for unlocking the market.   

The organization of the remainder of the chapter is as follows. Section 3.2 proposes a taxonomy 

of multi-agent coevolutionary models of demand and supply based on a survey of existing 

frameworks. Section 3.3 introduces a general framework for studying demand-supply coevolution 

under multiple increasing returns and for alternative demand side specifications. In Section 3.4, we 

present the implementation of this framework in a formal model. Section 3.5 presents the main results 

of the model simulations, in the form of a statistical regression analysis using a logit model (Section 

3.5.1 and 3.5.2), and details of illustrative experiments (Section 3.5.3). In Section 3.6 we perform 

policy analyses for various instruments. Section 3.7 presents conclusions.  

 

3.2 Technological change and coevolution of demand and supply  

Coevolution refers to two or more evolutionary systems being connected in such a way that they 

determine the evolutionary trajectories of each other through reciprocal selective pressures and 

resulting mutual adaptation processes. Consistent with this, a coevolutionary model of supply and 

demand dynamics describes the process of interactive developments and adaptations of heterogeneous 

groups of consumers and producers. The concept of coevolution is sometimes misused or 

misinterpreted. Linking two dynamic systems or even one evolutionary and a non-evolutionary system 

does not produce strict coevolutionary dynamics but co-dynamics of sub-systems (Winder et al., 

2005).  

There are relatively few ‘truly’ coevolutionary models of supply and demand dynamics. We 

have identified as such Windrum and Birchenhall (1998, 2005), Janssen and Jager (2002), Oltra and 

Saint-Jean (2005), Saint-Jean (2006), Windrum et al. (2009a,b) and Malerba et al. (1999, 2001, 2008). 

The frameworks of Malerba et al. focus on the coevolution of the semiconductor and the computer 

industries, but also contain elements of demand-supply coevolution. Typically, these models are used 

to assess the conditions under which the substitution of an incumbent by a new or ‘clean’ technology 

can occur. In the coevolutionary model developed by Saint-Jean (2006), the probability that a 

consumer adopts a particular good depends on its distinct product characteristics (including its 

environmental performance) and the relative weights a consumer assigns to each of them. Product 

characteristics to which consumers attach relatively large weights are considered as their priorities. In 
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every period firms invest in quality improvements. Firms reallocate their R&D budget towards 

characteristics that are priorities for the consumers and in which a firm has reached a (sufficiently) 

high performance level. On the other hand, consumer preferences evolve over time in response to 

technological advances and changes in the industry structure. These various mechanisms create strong 

feedbacks between supply and demand. In this context, Saint-Jean (2006) discusses the impact of 

tighter environmental standards, given the emergence of environmental requirements by consumers 

and the effect of this on innovation by producers. This ultimately may cause a shift in the industry 

towards ‘cleaner’ technologies. 

The framework developed in this chapter adopts some elements from Windrum and 

Birchenhall (1998, 2005). In their coevolutionary model, each firm aims to offer a product design that 

maximizes the average utility of a consumer class to which a firm is randomly assigned. Consumers 

move across classes, depending on how well they are served by the incumbent firms. In order to 

improve its competitiveness, each firm engages in product innovation, implementing a new design if it 

yields a higher utility of its target class. Evolving consumer preferences influence the direction of such 

product innovations. Consequently, technological change is modelled here as the outcome of the 

coevolutionary process involving interactions between consumers and producers. This allows the 

authors to assess the critical determinants of technological succession. Recently, Windrum et al. 

(2009a,b) applied the earlier approach to address the substitution of more by less polluting firms.  

All of the aforementioned studies use multi-agent based models. During the last two decades, 

this approach has become a common way of modelling dynamic, decentralized economies. A number 

of models evaluating casual relationships between different variables and replicating patterns 

consistent with empirical data or stylized facts for specific industries have been proposed (for 

overviews, see Dawid, 2006; and Chapter 2 of this thesis). However, a common protocol for the 

design and validation of multi-agent based models has not yet emerged (see Matteo et al., 2006; 

Fagiolo et al., 2007; Pyka and Fagiolo, 2007). Behavioural rules and different heuristics are often 

introduced ad hoc as there is no or little data available to validate model assumptions and to calibrate 

the parameters. The diversity of specific approaches follows from the fact that an array of assumptions 

can be justified with reference to ‘stylized’ facts. In addition, models developed to explain a similar 

phenomenon, such as: diffusion of innovations or industry dynamics, differ with respect to technical 

details. The potentially large number of parameters and vast ranges of values they can take make it 

difficult to calibrate them to empirical data (Dawid and Fagiolo, 2008).  

Moreover, a common protocol for validating results is still lacking. Existing approaches for 

the validation of multi-agent models include the indirect calibration approach, the Werker-Brenner 

approach, and constructing history friendly models. However, each method has its shortcomings 

(Fagiolo et al., 2007). For these reasons, the use of multi-agent models for the evaluation and design of 

economic policy should be approached with care (see also the special issue of Journal of Economic 

Behaviour and Organisation, 2008).   
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The problems that apply in general to multi-agent models, apply in particular to multi-agent 

coevolutionary models of demand-supply. Researchers derive conclusions based not only on 

differently formalized behavioural rules but also on technical model specifications that differ with 

respect to: the number of consumers and consumer classes; the number of firms; the length of a single 

simulation run; and the number of overall simulations conducted. Later results from our simulations 

(Section 3.5.1) suggest that the number of firms is an important factor in coevolutionary dynamics. 

Detailed and specific guidelines for modelling may be useful for comparing different frameworks and 

models (Hare and Deadman, 2004). In this connection, we propose a basic taxonomy of multi-agent 

based coevolutionary models in order to initiate a discussion that can lead to establishing guidelines 

for designing and validating specific assumptions of coevolutionary models of consumer-producer 

interactions. Constructing coevolutionary models involves designing: the mechanisms linking 

interactions between heterogeneous groups of consumers and producers; within-group interactions, i.e. 

the behavioural rules and the degree of heterogeneity within each group; and the processes of social 

and technological adaptations. Alternative modelling strategies for each of these essential elements are 

summarized in Table 3.1. Reaching an agreement on feasible approaches would allow a systematic 

comparison between frameworks, in particular discussing the conditions under which results are 

sensitive to technical details of the model implementation. As a starting point, in Section 3.5.1, we 

investigate the impact of alternative specifications of social interactions (on the demand side) on 

coevolutionary dynamics.   

 
Table 3.1. Elements of coevolutionary models of demand-supply interactions 
 
Essential building 

blocks 

Specific model elements encountered in the literature  

Linking demand and 

supply dynamics 

- equations translating prices into product demand; prices are set by firms as a response 

to observed demand  

- product characteristics change if consumers show more interest in them, as firms 

devote more R&D towards such characteristics 

- consumer interest (preferences) in certain product characteristics changes as a result 

of technological progress of firms in the specific industry 

Social interactions 

 

 

- copying of behaviour by the majority of other agents 

- imitation or social comparison within a social network   

- change of preferences towards preferences revealed by relevant others  

Dynamics within firms - producers imitate technologies (products) of the most successful firms on the market  

- producers compete in the search for new market niches to capture monopoly rents 

Adaptation 

- consumer learning 

 

- producer learning 

- consumers move towards classes which are better served by producers 

 

- firms offering products that do not attract consumers exit markets or redesign their 

products  

- innovations build upon knowledge in the specific industry, i.e. technological progress 

accomplished by firms 
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3.3 General framework 

We consider a market with many firms which produce highly differentiated goods. Each firm enjoys 

some degree of monopoly power. Firms are assumed to be boundedly rational and to follow a simple 

production routine as long as their sales are satisfactory. The routine consists of investing in capital 

necessary for expansion, and allocating the remaining profits between R&D research towards quality 

improvements and advertising activities. This mechanism is reminiscent of routine-like and satisficing 

behaviour as proposed by Nelson and Winter (1982). The process of incremental improvements 

depends on the expenditure on R&D activities, the length of the period during which a firm produces a 

particular good (learning-by-doing), and how far the product is removed from the maximum attainable 

quality (see  Malerba, 1999, 2001, 2008). By introducing the maximum quality level, we assume that 

the development of a technology along a particular line has its technical limits, after which further 

improvements in the quality along the same trajectory are no longer possible (or desirable). The effect 

of the incremental improvements is highly uncertain; as a result of a change in product quality a firm 

can attract new consumers, while it may lose others.  

If sales are low for a sufficiently long period, firms search for a new product quality. Firms 

decide whether to change a design depending on the results from market research. They are reluctant 

to introduce a radical novelty unless their competitiveness falls significantly. Re-designing products 

requires different organizational capabilities, which are costly and difficult to create. Consequently, 

before a firm implements changes, it undertakes market research to evaluate the market capacity to 

adopt a novelty. It will decide to offer a new design only if the results from market research confirm 

that it is likely to improve the utility of a selected group of consumers.  

A firm leaves the market if it does not sell a single product for a sufficiently long time, and 

then a newborn firm replaces it. A newcomer offers a good that may (with a certain probability) 

outperform existing products in terms of quality. We assume that major technological breakthroughs 

are accomplished by outsiders and not by already established firms. An important reason is that 

incumbent firms tend to shift R&D efforts from product- to process-oriented innovations as they grow 

and mature. Thus, they are more likely to focus on improving the efficiency of existing production 

techniques rather than on explorative search aimed at developing new products. In addition, the 

knowledge in the incumbent industry may be insufficient to support the development of a radical 

novelty, or vested interests within a firm or industry may create strong resistance to the 

implementation of new technologies (Corneo and Jeanne, 1997).  

On the demand side, the model focuses on the interdependence of consumer preferences. 

Standard microeconomics, in particular utility theory, postulates the independence of individual utility 

functions. However, it is widely recognized that in many situations consumer choices cannot be 

explained exclusively by the intrinsic attributes of products, such as price and quality (Corneo and 

Jeanne, 1997). The utility a consumer derives from purchasing a good often depends on interpersonal 
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comparisons and relative positions. The recognition of the interdependence of utility functions goes 

back to Duesenberry (1949), who proposed that the average consumption or income level in an 

individual’s reference group defines his aspiration level of consumption. In addition, the choices of 

status-seeking consumers are likely to be driven by social comparison and conspicuous consumption 

(Veblen, 1922). A few attempts have been undertaken to incorporate positional goods in utility 

functions (e.g. Bernheim, 1994; Cowan et al., 1997, 1998; Reinstaller and Sandovit, 2005). The 

interdependence of consumption patterns has also received special attention in evolutionary-economic 

modelling (e.g. Janssen and Jager, 2001, 2002; Windrum and Birchenhall, 1998, 2005; Aversi et al., 

1997).  

Rogers (2004) suggests that it is mostly the upper- and the upper-middle-class consumers who 

are willing, and can afford, to experiment with goods embodying novel technologies. Only if a new 

technology proves successful amongst these social classes does it then diffuse to lower classes. In the 

model, we consider a market that consists of two groups of potential consumers: namely, a rich 

(upper) class and a poor (lower) class. Within each group, consumers are heterogeneous in the sense of 

differing in their willingness to pay for quality improvements (in existing coevolutionary models, 

consumers within each group are typically homogeneous). Consumers are not characterized by income 

but members of the poor class place more weight on the price relative to quality than the rich 

consumers (see Malerba et al., 2001, 2008; Adner and Levinthal, 2001). In addition, rich consumers 

prefer to purchase products that distinguish them from the poor.  

Consumers in both social groups obtain additional utility from purchasing a product which is 

most often bought in their reference group. The reference group of the rich class is the rich class itself, 

whereas the reference group of the poor class is the total population. Poor class consumers imitate 

members not only of their own class but also aspire to the level of consumption by the rich. 

Consequently, average consumption in the total population influences purchasing decisions of a poor 

individual. In addition, to capture the desire of the rich to distinguish themselves from the poor, the 

utility of the rich class individuals is inversely related to the number of members of the poor class who 

purchase a particular product. These ideas closely follow Leibenstein (1950), in which consumption is 

characterized by bandwagon and snob effects. The bandwagon effect refers to circumstances in which 

individuals purchase a commodity in order to conform with others, while the snob effect reflects a 

desire to distinguish oneself from the majority through the purchase of status commodities. In the 

model, we refer to the reference group as the ‘social network’ to be consistent with the terminology 

used in the relevant literature.  

In addition to the network effect, consumer choice is affected by advertising.4 Consumers can 

perceive it as an indication of which goods have better quality or are prestigious. Advertising may 

raise people’s utility derived from purchasing goods that are not consciously desired for their intrinsic 

                                                 
4 The distinction between network and advertising effects has been referred to as ‘internal’ and ‘external’ 
influences (Bass, 1969). 
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values (Jaeger, 1995; Stern, 1997). In our model, the influence of advertising on consumers’ tastes is 

limited. Above a certain threshold, an increase in spending on advertising by a firm will not have an 

additional impact on consumers.   

The model involves a number of feedback mechanisms between producers and consumers that 

are related to various increasing returns to scale: namely, network, snob and advertising effects on the 

demand side, incremental and competence effects, and economies of scale on the supply side. In 

general, on the demand side, imitation is an important mechanism that, by exploiting information 

already acquired by others, allows saving on costs of individual learning, experimentation, or 

searching. Following choices by others may be the source of additional advantages, such as the 

creation of a network of users, as in telephone and computer markets. Katz and Shapiro (1985) 

distinguish between: direct network externalities, which impact consumers’ utility directly as the 

number of purchasers of a particular good rises; and indirect network externalities, which affect the 

utility through the number of consumers purchasing similar hardware. In our model, we distinguish 

three types of network effects: namely, through market share; a positional good; and conformity. In 

addition, advertising contributes to informational increasing returns: the better the product is known, 

the more individuals are willing to buy it, and the higher is the probability of creating a network of 

users. To account for this effect, in our model advertising directly enters the utility of consumers. 

On the supply side, we assume that product quality improves as firms increase their competence 

through production and market experience, referred to as learning-by-doing and learning-by-using. In 

addition, the more a particular product is adopted, the more resources (R&D budget) are available for 

product development and quality perfection. Finally, economies of scale cause the average cost of 

production to fall with the number of units being produced.  

 

3.4 Model implementation 

In this chapter, we are interested in how distinct increasing returns affect the likelihood of market 

lock-in. We conduct model simulations for different initial conditions in order to understand the 

mechanisms underlying market dynamics. Formally, we consider the interactions of two classes of 

consumers: nu members of the rich, and nl of the poor class consumers, and nf firms. In each time 

period, the following sequence of steps is repeated: 

1) Each consumer attempts to purchase a product that provides the highest utility: he (implicitly) 

ranks all offers and attempts to buy the most attractive product. If it is out of stock, a 

consumer then considers purchasing the second-best option. If the supply of this product has 

run out, a consumer does not buy anything.5 

2) Firms collect profits and set the desired production level for the next period. 

                                                 
5  Note that consumers purchase products in a sequence which is randomly shuffled in each time step. The reason 
is that if the supply of a particular good falls short of total demand, the sequence determines which consumers 
will ultimately buy the good. 
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3) Firms invest in capital expansion. 

4) Firms invest the remaining profits in advertising and R&D research towards incremental 

improvements (redesign qualities).   

 

3.4.1 Firms  

At the beginning of each simulation, each producer j starts with capital kjt and level of production yjt, 

while the design xjt is randomly and independently generated.
6 The initial level of quality is randomly 

sampled from the range (0, ρ x~ ), where x~  is the maximum attainable quality, and ρ is a positive 

fraction. Over time, firms improve the quality of their product as a result of investments in R&D, 

accumulated knowledge, and experience.  

The price-, cost- and product-setting mechanisms are based on Windrum and Birchenhall 

(1998, 2005). A firm j sets a target level of production for the next period as a weighted average of its 

current sales sjt and actual demand djt: 

y~ jt+1=ζ djt+(1-ζ) sjt. 

Here, ζ and (1- ζ) are the weights assigned to sales and demand, respectively. 

A price-setting mechanism follows a simple mark-up rule:  

pjt=(1+η) cjt, 

where η is a mark-up, and cjt is the unit cost equal to: 

   cjt= (θ/yjt)+(q(xjt)). 

Here, θ is a fixed cost of production, while q(.) is a monotonically increasing convex cost function of 

the jth design:  

q(xjt) =xjt
ν, 

where ν is a parameter.  

Firm j’s profit πjt is equal to: 

πjt =pjt s jt -c jt y jt . 

Capital is the only factor of production, and it is subject to depreciation at the rate ξ: 

kjt=(1-ξ)kjt-1. 

The production function takes a Cobb-Douglas form with a parameter β ]1,0(∈ :  

β
jtit ky = . 

If the desired level of production 1
~
+jty  exceeds the current level of output yjt, a firm must adjust its 

production capacity. This may require investing in capital expansion under the constraint that such 

investments cannot exceed the firm’s profits. Investment decisions are modelled here as a two-stage 

process. First, each firm sets the production level and invests in capital expansion. In the second stage, 

a firm devotes the remaining profits to incremental improvements and advertising activities. 

                                                 
6 For a complete list (of variables and parameters), see Annex A3.   
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The desired level of capital expansion is: 

  
jtk
~∆  = 1

~
+jty  – 

βξ )( jtjt kk − . 

with the cost of expansion r jtk
~∆ , where r is the cost of capital.  

The capital adjustment rule is:7 

1) If a firm’s production capacity ( βξ )( jtjt kk − ) is greater than the desired level of production 

( βξ )( jtjt kk − ≥ y~ jt+1), then the firm will produce the desired quantity yjt+1= 1
~
+jty ; 

2) If a firm’s production capacity is below the desired level of production ( βξ )( jtjt kk − < y~ jt+1), 

while profits are positive and greater than the cost of expansion (πjt>r jtk
~∆ ), then the firm can 

afford to expand its capital up to the desired level: kjt+1 = kjt + jtk
~∆ ; πjt+1= πjt - r jtk

~∆ ; 

yjt+1= 1
~
+jty ; 

3) If a firm’s production capacity is below the desired level of production (
βξ )( jtjt kk − < 1
~
+jty ), 

while profits are positive but lower than the cost of the expansion (πjt< r jtk
~∆ ), then the firm 

invests all its profits in capital expansion and sets the production level as yjt+1= (kjt - ξ kjt 

+πjt/r)β, while kjt+1 = kjt - ξkjt +πjt/r; πjt+1 =0; 

4) If a firm’s production capacity is below the desired level of production (
βξ )( jtjt kk − < 1
~
+jty ), 

but the profits are negative or zero (πjt≤ 0), then the firm can not afford expansion, and sets the 

production level as yjt+1= 
βξ )( jtjt kk − . 

After investing in capital expansion, firms allocate their remaining profits between the budget for 

R&D ijt and advertising ajt:   

 ajt = ς πjt; 

   ijt =(1- ς ) πjt.. 

If profits are zero or negative, firms cannot afford to undertake investments in design improvements or 

advertising. Otherwise, the quality changes according to a function of the length of the period during 

which the firm produces a particular good vjt, the maximum attainable quality tx
(

 at time t, and 

investments devoted to the quality improvements ijt:8  

xjt=xjt ( tx
( - xjt) δvjt 

τijtι. 

The parameter δ measures the speed of autonomous improvements towards the maximum attainable 

quality; τ denotes the competence elasticity; and ι is the elasticity of incremental improvements (from 

research activities).  

                                                 
7 For jtk

~∆ >0. 
8 The form of the quality function is modified from Malerba et al. ( 2001, 2008).  
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If a firm reports zero sales for γ consecutive periods, it leaves the market and a new firm 

replaces it. A newborn firm offers a quality sampled from (0, x~ ). On the other hand, a firm that has 

not sold a single unit of production for ψ consecutive periods (ψ < γ) and intends to change its design, 

samples the quality from (0, tx
(

); here tx
(  is the maximum attainable quality in time t, defined as the 

quality provided by the most technologically advanced firm ( tx
( ≤ x~ ): 

tx
( =arg max{x1t, …,x nt}, 

where n is the number of firms. Consequently, the quality of the new design cannot exceed the 

performance accomplished by the most technologically advanced firm in the current period. 

 Before introducing a new design, a firm will undertake market research; it selects randomly g 

consumers and investigates whether the new design satisfies these consumers better than the old one. 

Only if this is the case does a firm implement changes. Formally, a firm compares: 

 

s1=  χ 
∑∑
==

−

g

i
i

g

i
i gg px 11

)1(
1

1

1

1 /
αα

 

and 

s2= χ 
∑∑
==

−

g

i
i

g

i
i gg px 11

)1(
1

2

1

2 /
αα

, 

where x1 and x2 are, respectively, the actual and the new product design (and p1 and p2 are the 

respective prices); χ is a scalar; and αi is consumer i’s attitude towards product quality (for the 

explanation, see Section 3.4.2 below ). Only if s2>s1 does a firm implement the innovation.  

 

3.4.2 Consumers 

The model distinguishes between two types of consumer, corresponding to the rich and the poor class. 

The utility evaluated by each consumer i from adopting a good j depends on the product quality xjt, its 

price pjt (cheapness), advertising fjt, the network effect njt, the number of poor class consumers 

purchasing a particular product ljt, and the effect of the public campaign on consumer’s utility bjt: 

uit= κα

ϖϖζα
χ

jtjt

jtjtjtjt

lp

bfnx
i

i

 

   
5.0 −

. 

The parameter αi captures i’s inclination towards product quality, and 0.5-αi is i’s inclination towards 

product cheapness; ω measures advertising (and public-campaign) elasticity; ζ is the network 

elasticity; and κ denotes the snob effect (equal to zero if a consumer belongs to the poor class).  
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The parameter αi is randomly distributed across consumers. Its value is sampled from (0, ώ) 

for each member i of the poor class, and from (ώ, 0.5) for the rich class members (0< ώ<0.5).9 The 

lower the value of αi, the less consumer i is willing to pay for the quality improvement.  

 Assuming that consumers are unable to perceive small differences in the product performance 

for low quality products, we set xjt:=1 for xjt <1. Similarly, if pjt < 1, we set pjt:=1, assuming that 

consumers are not capable of perceiving small differences in prices below a certain threshold.  

It is recognized that advertising has only a limited effect on consumers’ decisions. 

Consequently, the effect of advertising is expressed with a logistic function: 

fjt ω =(
jtae−

+1

1
) ω, 

where ajt depicts firm j’s spending on advertising. Above a certain level of expenditures, an increase in 

a firm’s spending on promotion activities has a negligible impact on utility. In addition, we assume the 

existence of a trade-off between network and advertising effects by setting ω+ζ=0.5. The trade-off 

between these elasticities determines whether an individual is more sensitive to the influence of 

advertising or of the social network.  

 In the utility function, bjt measures the effect of the public campaign on consumers: 

bjt =
ωu  , 

where u is a scalar (u>0). In most simulations, we set bjt:=1, and thus the variable has no impact on 

market dynamics. We investigate its effect on the consumers’ choices in Section 3.6, where we draw 

policy lessons.  

The network effect is extremely important for the coevolution of demand and supply. We 

investigate the strength of the network effect for three different forms: through market share; a 

positional good; and conformity. The network effect operating through market share is a most 

common formalization in the literature. It assumes that preferences change depending on the number 

of individuals within the social network who actually purchase a particular product. As one alternative, 

we introduce the network effect through a positional good. In this case, a consumer tends to buy a 

good that satisfies or exceeds the threshold level for product performance in his social network. As 

another alternative, we consider the conformity effect. In this case, consumers attain a higher utility, 

the smaller the distance from the product quality to which an individual aspires. The latter is defined 

as a quality adopted by the majority of consumers within his social network. A slightly worse product 

may be preferred over an item that is much better, if the distance to the desired performance is smaller. 

Formally, we have three cases: 

 

 

                                                 
9 This distinction is introduced to capture different attitudes of the upper and the lower class towards quality and 
cheapness. 
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(1) A network effect though market share: 

njt= mjt-1; 

where mjt is the market share of firm j. 

For poor-class members, mjt denotes the proportion of the total population who have purchased a 

product j; for the rich-class consumers, mjt stands for the fraction of the upper class consumers who 

have adopted the good j. If mjt=0, we set njt=0.001 to ensure that consumers are capable of 

distinguishing between goods with no established network (otherwise, consumers derive zero utility 

from all such products equally). 

 

(2) A network effect through a positional good:  

njt=xjt - 1−tx . 

Formally, we distinguish the following cases: 

    for  (xjt - 1−tx )<-1                       njt = 0.005; 

    for  -1 <(xjt-1 - 1−tx )<1    njt = 1; 

    for  (xjt - 1−tx )>1                   njt = xjt - x . 

The variable 1−tx  denotes the quality of a product adopted by the majority in the consumer’s social 

network in the previous period. Formally, tx  is defined as the mode, i.e. the quality of the product 

purchased most frequently in the consumers’ reference group. This determines an individual’s 

threshold level for product performance. The notion of heterogeneous thresholds is well established in 

the literature. For instance, Adner and Levinthal (2001) define a consumer’s functionality threshold as 

the minimum objective performance (independent of price) that a given product must deliver in order 

for a consumer to consider it. Threshold levels are especially important in the case of positional goods: 

status-seeking consumers engage in interpersonal comparison and are not interested in purchasing a 

product, whose quality does not satisfy a socially accepted level. In our model, the threshold levels 

may change over time as a result of the network externalities (see also David, 1985; Arthur, 1988).  

 

(3) A network effect through conformity: 

  njt= x~  -│xjt - 1−tx │. 

The expression formalizes the need for conformity, as a consumer’s tendency to purchase the same 

product as members of his social network 1−tx  (see Janssen and Jager, 2002). The component │xjt -

1−tx │denotes the distance between the product quality and the desired performance. The closer a 

product quality is to the aspiration level, the higher the value of the expression x~  -│xjt - 1−tx │.  
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3.5 Results 

In this section, we present the results of model simulations.10 We discuss which variables are 

important determinants of a high probability of market lock-in, and under which conditions. Formally, 

we define lock-in as a state in which more than 98 per cent of consumers purchase the same product at 

the end of a simulation run, i.e. at the 500th time-step. By the 500th time step, the relative shares of 

technologies stabilize so that lock-in can be effectively assessed. We performed a large number of 

simulations for different initial conditions to understand how increasing returns on the demand and the 

supply side influence market dynamics. We identified those parameters that did not affect the market 

in any significant way, and we set them as constant during later runs (see Table 3.8 in Annex 3). 

Whenever possible, the values of these parameters were obtained from preceding studies, and 

otherwise they were chosen within a plausible range.  

To assess the effects of changes in the values of the remaining parameters, we adopted a 

Monte Carlo method. For each simulation run, these parameters were randomly generated, in 

particular drawn from a uniform distribution within a plausible range (see Annex A3, Table 3.8). In 

this way, we attempted to systematically cover a relevant subset of the parameter space. Following 

Windrum and Birchenhall (2005), we ran 1000 simulations for each of the three model versions: with 

the network effect through market share, a positional good, and conformity. We then estimated three 

logit models on the basis of the simulated data. These are discussed in Section 3.5.1. Next, Section 

3.5.2 presents details of illustrative runs.  

 

3.5.1 Average model behaviour 

In this section, we present a summary of the results obtained with logit regressions of the data 

generated by the model, in order to analyse the statistical relationships between the probability of lock-

in and the relevant variables. Employing the Monte Carlo method, and then conducting the analysis of 

statistical moments of generated data, is a popular method of validating multi-agent models where no 

real-world observations or empirical data are available (see Fagiolo et al., 2007; Pyka and Fagiolo, 

2007). Here, we follow the approach of Windrum and Birchenhall (2005), who estimate a logistic 

model to map a selected subset of the observed values of variables onto a probability of technological 

succession.   

We consider three types of the network effect, resulting in three different logit estimations. In 

each version of the model, the dependent binary variable takes a value 1 if lock-in has occurred, and 0 

otherwise. Table 3.2 provides information on the marginal effect of a unit change in the explanatory 

variables on the probability of lock-in. We evaluate the effect of independent variables on the 

probability of lock-in: the size of initial capital; the number of firms on the market; the maximum 

                                                 
10 We use the software Repast to conduct model simulations and Stata 8 to analyse generated data (Repast 
Organization for Architecture and Development, 2003; StataCorp., 2003). 
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attainable quality; and snob, advertising, competence and incremental elasticities; and their 

interactions.  

Formally, the logit model can be expressed as: 

)exp(1

)exp(
)1Pr(

x
x

yt β
β

+
==  , 

where yt equals 1 if the an event occurs at time t, and 0 otherwise; x is a vector of independent 

variables; and β is the vector of coefficients. To evaluate the effect of a unit change in the independent 

variable on the probability of lock-in, the marginal effects are computed as follows: 

  
i

t

x
y

m
∂

=∂= )1Pr(
. 

Some variables are missing from Table 3.2 as they turned out to be redundant based on the 

Akaide Information Criterion (AIC) and the Bayesian Information Criterion (BIC) values for different 

model specifications. In general, smaller values of AIC and BIC imply a better fit of a model to the 

available data. In addition, likelihood ratio (LR) tests confirm that the restricted logit, with 0-

constraints imposed on the coefficients corresponding to these variables, fitted the data best. Thus, we 

omitted them from the regression.   

 In the model, there is a trade-off between the network and the advertising elasticities (see 

Section 3.4.2). Note that, in Table 3.2, coefficients corresponding to the advertising and network 

elasticities are always of the same magnitudes but of opposite signs. This follows from the assumption 

that values of these elasticities sum to 0.5. To avoid multicollinearity, only one of these parameters 

could be included into the regression at the time. Consequently, the estimated coefficient 

corresponding to the advertising elasticity can be interpreted as the effect of the interplay of an 

increase in the advertising elasticity and a decrease in the network elasticity on the probability of lock-

in. Similarly, the estimated coefficient corresponding to the network elasticity can be interpreted as the 

effect of the interplay of a decrease in the advertising elasticity and an increase in the network 

elasticity. 
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Table 3.2. Logit results. Effect of a unit change in an independent variable on the probability of lock-
in 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Notes: Since advertising elasticity + network elasticity = 0.5, only the advertising elasticity has been included in the regression analysis.   
*  variables significant at the1 percent level. 
**  variables significant at the 5 percent level. 
p-values for z-statistics are in parentheses. 
 

 

The estimated coefficients in Table 3.2 vary between alternative versions of the model, i.e. depending 

on the demand-side specification. We discuss the effects of each increasing return factor on the 

probability of market lock-in below. 

 

3.5.2 Increasing returns on the demand side  

3.5.2.1 Advertising and network elasticity 

The results reported in Table 3.2 suggest that an increase in the advertising elasticity accompanied by 

a decrease in the network effect has a positive effect on the probability of lock-in in the model with the 

network effect operating through a positional good and conformity, but a negative effect in the 

versions of the model with the network effect operating through market share. In the latter case, 

consumers consider product frequencies in order to evaluate their attractiveness. Thus, the dominant 

product, i.e. with a high market share, enjoys a relative advantage. Here, the network effect enhances 

the probability of market lock-in and is likely to dominate the advertising effect. In the versions of the 

model with alternative network effects, i.e. through a positional good or conformity, consumers 

evaluate products based on the distance between current and desired quality. Consumers may then 

change products more easily, for instance, when a new firm enters the market and offers a product 

 
Independent variable 

 

Model version 

 

  

Network effect 

operating through 

market share 

 

Network effect 

operating through a 

positional good 

 

Network effect 

operating through 

conformity 

 
Advertising effect  

 
-0.34* 
(0.00) 

 
0.23* 
(0.00) 

 
0.26* 
(0.00) 
 

 
Network effect 
 

 
0.34* 
(0.00) 
 

 
-0.23* 
(0.00) 

 
-0.26* 
(0.00) 

 
Incremental elasticity 
 

 
-0.09 
(0.29) 

 
-0.09** 
(0.03) 
 

 
0.01 
(0.84) 

 
Competence Elasticity 

 
-0.15 
(0.07) 
 

 
-0.002 
(0.97) 

 
0.07 
(0.15) 

 
Snob effect 
 

 
-1.76* 
(0.00) 

 
-1.19* 
(0.00) 

 
-0.88* 
(0.00) 
 

 
Number of firms 
 

 
-0.02* 
(0.00) 

 
-0.02* 
(0.00) 

 
-0.02* 
(0.00) 
 

 
Initial capital 

 
0.004 
(0.08) 

 
-0.001 
(0.24) 

 

 
Number of observations  

 
1000 

 
1000 

 
1000 
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quality that exceeds or is close to the desired level. Such a product would not be attractive if 

individuals had evaluated it on the basis of a negligible market share. Consequently, these alternative 

network effects have a weaker impact on the probability of market lock-in than the network effecr 

operating through market share.  

 On its own, the advertising elasticity is expected to have a positive impact on the probability. 

There is a technical factor that explains this. The advertising effect is expressed as fjtω=(
jae−

+1

1
)ω. 

The higher the value of ω, the stronger is the impact of advertising on utility (for a given value of a 

firm’s expenditures on promotional activities aj). Since an advertised product may attract more 

consumers than a non-advertised product, it is more likely to dominate the market. In addition, firms 

which attract more consumers earn higher profits, and they can devote higher R&D expenditure for 

incremental improvements and advertising. Thus, the process of accruing benefits becomes self-

reinforcing. It should be noted that the effect of advertising on consumers is limited (because of the 

functional form of the logistic curve). On the other hand, the strong need for conformity (a strong 

network effect) is expected to result in a clustering of consumer choices, thus increasing the 

probability of market lock-in. In the presence of the snob effect, clustering may occur around distinct 

products. In this case, the network effect may reveal a negative impact on the log-odds ratio, and thus 

on the likelihood of lock-in. 

 

3.5.2.2 Snob effect 

The results gathered in Table 3.2 suggest that the snob effect is a crucial factor in preventing or 

undoing lock-in. In each model version, the coefficient corresponding to the snob effect is significant 

and negative. The intuition behind these results is as follows. In the presence of the snob effect, the 

rich class consumers constantly seek to distinguish themselves from the poor. However, consumption 

that is at first distinctive is likely to be eventually imitated by the poor class members, and thus loses 

its distinctive character. This results in cyclical consumption patterns that last until the market reaches 

its technical limits (see Section 3.5.3). For sufficiently high values of the snob elasticity, the system 

ends up with two distinct niches (corresponding to two consumer classes) for any set of initial 

conditions. For low and moderate values of the snob elasticity, lock-in remains feasible as other 

increasing returns may dominate market dynamics. 

 
 

3.5.3 Increasing returns on the supply side  

Table 3.2 shows that the effects of incremental and competence elasticities on the probability of lock-

in are in most cases statistically insignificant. Typically, for higher values of any of these supply-side 

elasticities (implying faster quality improvements), the probability of lock-in is lower. In the model 

with the network effect operating through a positional good, the estimated coefficient corresponding to 

the incremental elasticity is negative and significant, implying that knowledge acquired by R&D is an 
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important factor in preventing lock-in. Here, consumers attempt to buy products characterized by an 

equal or higher quality than a product purchased by others in their reference group; as a result, the 

faster firms innovate the lower the probability of lock-in. On the other hand, the results for the version 

of the model with the network effect operating through conformity suggest that more experience from 

learning-by-doing and R&D research enhances lock-in. Consumers’ tendency to conform to others and 

the high pace at which a dominant firm improves its design may be a source of demand inertia and 

ultimately render lock-in.   

  

3.5.4 Interaction between increasing returns on the demand and supply sides and other 

variables 

We investigated the effect of interactions between increasing returns on the demand and the supply 

side by including various interaction terms into regressions. The inclusion of relevant interaction terms 

is important for the quality of estimates. Their exclusion may result in omitted variable bias. In our 

estimations, most interaction terms turned out to be insignificant (we do not report these results), with 

the exception of the term of interaction between the snob and network elasticities in the versions of 

model with the network effect operating through a positional good and conformity. Here, the 

interaction term had a positive sign, and its inclusion improved the statistical fit of these models. 

Nevertheless, in non-linear models, such as logit, interaction terms should be used and interpreted with 

caution. The marginal effects of a unit change in any of interacting variables are difficult to compute, 

as the signs and magnitudes of the interaction effects may vary widely for different observations, 

while the statistical significance of the interaction term cannot be inferred from the z-statistic (Norton 

et al., 2004). In the case of our estimates, the marginal effect of the interaction term between the snob 

and network elasticities varied (for different observations) from -19.89 to 39.81 in the version of the 

model with the network effect operating through conformity, and from -17.17 to 35.04 in the version 

of the model with the network effect operating through a positional good. 

 Finally, the results suggest that the number of firms matters for market dynamics. The variable 

number of firms is significant with a negative sign in all reported cases. On average, with a large 

number of firms on the market, lock-in occurs statistically less often than with a small number of 

firms.  

 

3.5.5 Illustrative experiments  

In this section, we show the results for some typical runs. We limit our discussion to the network 

effect through conformity.11 We do not intend to be exhaustive in terms of outcomes. Our purpose is to 

investigate typical mechanisms that affect market dynamics in the presence of various increasing 

                                                 
11 The qualitative dynamics are similar in alternative versions of the model even though the specific probability 
distributions differ. 
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returns. We chose a specific set of parameter values as a benchmark12 and evaluated the effect on 

market development of parameter modifications in the benchmark model. The benchmark model 

focuses on the interactions of 10 firms and 100 consumers of whom 89 belong to the poor and 11 to 

the rich class. First, we compare the dynamics in the presence of only increasing returns on the 

demand side (network, advertising, and snob effects) or on the supply side (incremental and 

competence effects). Next, we discuss illustrative runs in the presence and the absence of the snob 

effect. The snob effect turns out to be an important factor contributing to avoidance of, or escape from, 

lock-in (see, Table 3.2).  

Figure 3.1a illustrates typical market dynamics, i.e. sales patterns, in the presence of supply- 

increasing returns alone. It is important to notice that a single curve in all figures may represent the 

sale patterns of more than one product: namely, when a firm leaves the market a newborn firm 

replaces it. To save on notation, the new firm entering the market obtains the number of the leaving 

firm. Thus, a sales pattern that increases after having dropped to zero reflects the replacement of a 

firm. The point at which the sales curve reaches zero corresponds to the death of the incumbent, and 

the subsequent sales to the sales pattern of the entrant firm.  

In Figure 3.1a, the dominance of a single firm occurs quite rapidly, while the dynamics (sales 

patterns) are unstable, characterized by many designs competing for adoption. The flexibility of 

consumer responses to changes in the quality offered (in the absence of increasing returns on the 

demand side) contributes to a high degree of variation in sales. Figure 3.1b illustrates the evolution of 

the quality-to-cost indicator for selected firms. The observed patterns confirm the first-mover 

advantage: a firm that has been the first to achieve the maximum efficiency in terms of the quality-to-

cost ratio (Product 5 in Figure 3.1b) dominates the market.   

The presence of increasing returns on the demand side alone contributes to the clustering of 

choices and the emergence of distinct niches (Products 5 and 8 in Figure 3.2a). Here, the first-mover 

advantage causes the majority of consumers to adopt a product that was the first to achieve the highest 

efficiency (Product 8 in Figure 3.2b). Its sales dominate the market, even after a new product 

outperforming it in terms of efficiency appears on the market (Product 6 in Figure 3.2b). 

 

 

 

 

 

 

 

 

                                                 
12 Namely κ=0.03, ω=0.34, ι=0.002, τ=0.003 ζ=0.16, nf=10, x~ =10, kj0=10 . For this set of parameter values the 
probability of lock-in turns out to be high. 
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(a) Sales                           (b) Product quality-to-cost ratio 

Figure 3.1. Increasing returns to scale on the supply side  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

(a) Sales                     (b) Product quality-to-cost ratio 

Figure 3.2. Increasing returns to scale on the demand side  
 
Figure 3.3 illustrates the results for a typical run in the presence of a strong snob effect. There is a 

tension between the need for distinction and conformity between members of the rich and the poor 

class that causes the clustering of choices, which ultimately leads to the formation of distinct niches 

(Products 4, and 10 in Figure 3.3a). Commodities that initially confer social status become less 

attractive when lower class members start adopting them. As a result, rich consumers shift to products 

that can distinguish them from the poor. High initial variation in the sales of the alternative goods 

reflects this phenomenon. Once the maximum quality is reached, the market stabilizes and distinct 

niches are formed. This result is in line with Cowan et al. (1997), who developed a stochastic model of 

demand driven by status and distinction. As a result, cyclical patterns or waves of consumption 

emerged. Similarly, Janssen and Jager (2001) show that, if consumers engage in social comparison 

and deliberation, market dynamics resembles a ‘fashion market’, while in the model developed by 
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Saviotti and Pyka (2008) cyclical patterns of industry life cycles emerge from the interplay of 

technological competition and market saturation. In our model, the cyclical patterns of consumption 

stabilize once the market reaches the maximum attainable product quality.  

 

 

 

 

 

 

 

 

 

 
(a) Sales                         (b) Product quality-to-cost ratio 
Figure 3.3.  Strong snob effect   
 

Figure 3.4 illustrates the results for a typical run in the presence of a moderate snob effect, while 

Figure 3.5 does this for the case without such a snob effect. Lock-in occurs in both cases (Figures 3.4a 

and 3.5a). The more attractive a product becomes, the better it satisfies consumer needs to identify 

with a reference group. When the snob effect is low (Figure 3.4a) or absent (Figure 3.5a), the need for 

distinction is insufficient to offset the urge for conformity, and convergence to a single product occurs. 

Lock-in to the product that first achieves the highest performance can be observed in the model where 

the snob effect is low (Product 5 in Figure 3.4b) but not where it is absent (Figure 3.5a,b). 
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(a) Sales                       (b) Product quality-to-cost ratio 

Figure 3.4. Moderate snob effect (benchmark scenario) 
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(a) Sales                      (b) Product quality-to-cost ratio 

Figure 3.5. No snob effect  
  

To conclude, the results from the illustrative runs confirm a number of stylized facts, which 

can be summarized as ‘liability of the newest’, ‘life cycle design’, and ‘dominant design’, as explained 

below.  

Stinchcombe (1965) argues that new organizations are at a greater risk of failure than older 

organizations because of their low levels of legitimacy, referred to as ‘liability of the newest’. 

Freeman et al. (1983) support this claim providing some empirical evidence that the probability of a 

failure, i.e. ‘organizational death’, which can take the form of either dissolution or absorption by 

merger, is higher for new enterprises than for old ones. Similarly, in our illustrative experiments 

(Figures 3.1a, 3.2a, 3.3a, 3.4a and 3.5a), the exit of a firm is most likely to occur in the early stages of 

its development. In particular, the increasing returns enjoyed by incumbent firms act as barriers for 

new enterprises to succeed on the market.  

The technology life cycle describes the dynamics of product and process innovations 

(Utterback and Abernathy, 1975; Klepper, 1996; Adner and Levinthal, 2001). In the early stages of 

technology development, firms tend to focus on product innovation to meet the performance 

requirements of users. After a product design stabilizes, firms shift their effort to process innovations 

to reduce the cost of production. This phenomenon is initially accompanied by low market sales, 

which rise over time. Ultimately, the growth rates of sales begin to slow down as the market reaches 

satiation. Such technological cycles can be identified for many products in Figures 3.1a, 3.2a, 3.3a, 

3.4a and 3.5a.  

Finally, dominant design theories stipulate that an initial period of market competition 

characterized by intense variation and selection is typically followed by a single standard. The 

emergence of a dominant design is observed in all of the illustrative experiments (Figures 3.1a, 3.2a, 

3.3a, 3.4a and 3.5a). In addition, mainstream economics predicts that a firm with the best 
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performance-to-cost ratio is most likely to dominate the market. However, our analysis suggests that, 

in the presence of increasing returns, this does not have to be always the case (for instance, the 

dominant Product 1 in Figure 3.5a). This finding is consistent with the theoretical and empirical 

literature on lock-in (Arthur, 1989; Forey, 1997), which claims that a process characterized by 

increasing returns has properties of non-predictability, non-ergodicity and potential inefficiency. 

Increasing returns create a self-reinforcing mechanism, and once a certain technology becomes 

dominant, subsequent adoptions will enhance its leading position regardless of its efficiency. 

 

3.6 Policy analysis  

In this section, we consider which policy instruments are effective in unlocking a system that had 

become locked-in into a single product (as illustrated in Section 3.5.2). The standard economic 

literature suggests a number of policy options, such as traditional control and command (formal rules 

and regulations) and economic instruments (financial incentives, such as subsidies, prices and taxes) 

for altering current paths of technological development (innovation and diffusion). However, these 

tools may be insufficient for effective transition processes. Regardless of an increase in prices, 

consumers may prefer to purchase certain products because of their well-established networks, habit 

formation, brand-loyalty, or uncertainty about the performance of alternatives. Consumers do not act 

as fully rational utility maximizers ready to switch to the competing brand any time they observe a 

change in prices (Muller, 1997).  

Several strategies have been suggested to change consumer behaviour. The government may 

use financial and other material incentives, try to change attitudes and beliefs with education and 

information (moral suasion), appeal to basic values, or modify institutional structures (Stern, 1999). 

Policies which facilitate the development and dissemination of information cover a broad range: 

advertising, labelling, certifying, and demonstration projects (Jaccard, 2006). In a review of 

experimental and empirical studies, Abrahamse et al. (2005) find that policy effectiveness depends on 

many factors, such as frequency of information provision or feedback, reward structures, and intensity 

of use. Unfortunately, few empirical studies have examined the interaction between the psychological 

and socio-economic features of respondents, so that most insights are of a partial nature (van den 

Bergh, 2008a). 

Transition management aims to stimulate and guide the directions of experimenting, learning, 

innovation and adaptation that underlie transitions (Loorbach and Rotmans, 2006; Kemp and 

Loorbach, 2006). The approach devotes much attention to the creation of niches for setting up 

experiments. Niches are protected spaces in which alternative technologies can develop and gain a 

critical mass. The approach is recommended wherever the resistance to the adoption of a more 

(socially or environmentally) desirable product is associated with cultural, and psychological factors, 

lack of widespread acceptance, or lack of understanding of new functionalities. Relevant policy 
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instruments here are the organization of seminars, workshops and experiments, and the creation of a 

transition arena, which facilitates learning, exchange of information and experience among various 

interest groups (Raven, 2005). In addition, traditional policy instruments can be employed to facilitate 

conditions that stimulate or enhance the niche creation process (Caniels and Romijn, 2006). In 

particular, incentive policies such as tax and reward systems can make emerging technologies 

temporarily more attractive by changing the relative price of different options (Kemp et al., 1998). 

 Alternatively, what is called a ‘time strategy approach’ has been proposed (Zundel et al., 

2005; Sartorius and Zundel, 2005). This recognizes that the effectiveness of the diffusion and adoption 

of innovations depends on the extent of lock-in and path dependence, which vary over time. As a 

consequence, stable and unstable phases of technological competition may alternate. Zundel et al. 

(2005) suggest as a policy strategy to invest during a stable techno-economic phase in a portfolio of 

promising solutions, in oreder to create diversity and increase the scope of learning. If the technology 

path becomes unstable due to external factors or internal problems (e.g. an increase in environmental 

awareness), the implementation of environmental taxes or tradable permits and abandoning political 

support for old technological solutions may be sufficient to create opportunities for the diffusion of 

new solutions. 

Building upon themes from various approaches, in Table 3.3 we propose a list of policy 

instruments that can contribute to escape from, or prevent, lock-in in markets dominated by increasing 

returns. In general, the probability of an escape from a lock-in situation depends on whether the 

advantages enjoyed by the dominant firm(s) due to increasing returns are reversible or transferable to 

other firms (Arthur, 1994). An increase in organizational competence and accumulated knowledge 

(learning effect) creates firm-specific advantages that are not reversible or transferable amongst firms. 

However, capital formulation or a low cost of production creates advantages that can be reversed with 

adequate policies.   

On the demand side, brand loyalty and habitual purchases may be the sources of non-

transferable benefits. Other advantages, such as network externalities, imitation or bandwagon effects 

are the sources of lock-in which are (at least theoretically) reversible. Assuming that a critical mass of 

individuals switches, the change from an inferior state is possible (Arthur, 1994; Witt, 1997). For 

instance, agents might coordinate their decision to adopt a new technology when they recognize that 

coordinated action yields special benefits (Foray, 1997). 
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Table 3.3. Policy instruments 

Option Increasing returns  Policy instrument 
1 The level of initial capital Subsidies for capital expansion 
2 Advertising Moral suasion programmes, public campaigns 
3 Incremental innovations Subsidies for research, public access to knowledge 

generated by publicly-financed R&D   
4 Economies of scale Tax relief for firms entering a market, 

tax on the emerging monopolist, 
subsidies for newcomers for capital expansion  
public procurement (i.e. governments purchasing 
products from selected firms)  

5 Network effect; bandwagon 
effect 

Public campaigns to induce the collective decision to 
‘switch’ 

6 Radical innovations Creation of a niche, through research subsidies, 
regulatory exemptions, the organization of seminars, 
workshops and experiments, setting a transition arena 

 
 
 We examine four of the aforementioned policy tools in the context of coevolving demand and 

supply. First in Section 3.6.1, we investigate the effectiveness of a monopoly tax imposed on a 

dominant firm and public campaigns that promote an alternative to the dominant design (respectively, 

Options 4 and 2 in Table 3.3). These instruments aim to reverse the relative advantages once a market 

has become locked-in. Second in Section 3.6.2, we investigate instruments that reduce barriers to 

entry: namely, a preferential tax (Option 4), and a research subsidy (Option 3). In the presence of 

increasing returns, new products have little chance to compete with the incumbent design for adoption. 

We expect instruments that reduce barriers to entry to enhance market competition. We compare the 

effectiveness of different policy options for versions of the model with the three (discussed earlier) 

alternative demand-side specifications. To enable a comparison of results, we use a single set of 

parameter values. In particular, we set parameter values consistent with the benchmark scenario13 

(Section 3.5.3).  

 

3.6.1 Policy instruments to unlock the market  

In this section, we investigate the effect of policies aimed at undoing a market lock-in. First, we 

impose a monopoly tax on the dominant design in the 500th time step (which is the end of the 

simulation) in the case where a single product had locked-in the market. Next, we observe the 

dynamics for 500 time-steps after the tax was introduced. The simulation results suggest that a small 

tax (0-0.5) is typically ineffective in altering market development. A higher tax may cause the 

emergence of distinct niches or lock-in to an alternative product. The particular outcome depends on 

the demand side specification and the tax rate (Table 3.4). For instance, a tax rate equal to 0.6 imposed 

on the dominant design typically causes the emergence of two distinct niches in the version of the 

model with the network effect operating through conformity (Figure 3.6a), but is ineffective in 

                                                 
13 κ=0.03, ω=0.34, ι=0.002, τ=0.003 ζ=0.16, nf=10, x~ =10, kj0=10 . 
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averting lock-in in versions of the model with the network effect operating through market share and a 

positional good. Raising the tax to 0.9 renders the monopoly tax successful in averting lock-in, but 

only in the model version with the network effect through a positional good. In this case, lock-in of an 

alternative design is a common result (Figure 3.6b). In the model with the network effect operating 

through market share, the tax rate has no effect on market dynamics, regardless of its value. 

 

Table 3.4. Effect of a monopoly tax (0.6 and 0.9)  
Network effect operating 
through:  

Tax Rate Number of simulations Number of lock-ins after 
500 time steps 

Number of successful escapes from 
lock-in  
if it occurred within 500 time steps 
(evaluated in the 1000 time step) 
 
(Number of lock-ins to an alternative  
product / coexistence of distinct niches 
in the 1000 time step) 

0.6 100 54 0 (0/0) market share 
0.9 100 48 0 (0/0) 
0.6 100 76 0 (0/0) a positional good 
0.9 100 86 86(50/36) 
0.6 100 82 76 (6/70) conformity 
0.9 100 78 78(19/59) 

  
  

 Similarly to the tax scenario, in the case of public campaigns the government intervenes in the 

500th time step. The government randomly selects an alternative product to the dominant design and 

launches a campaign to promote it. The campaign lasts as long as a supported product exists on the 

market. We then observe the dynamics for the 500th time-step after the intervention. The promoted 

product, although economically inefficient in terms of the quality-to-cost ratio, may be desirable for its 

social or environmental performance. Formally, the effect of public campaigns bjt (see Section 3.4.2) 

raises the utility that a consumer derives from purchasing the promoted product. The results suggest 

that public campaigns are inefficient in reversing the market trajectory for parameter values µ<1. For 

higher values of the parameter µ, two distinct niches (Figure 3.7a) or lock-in to the alternative product 

occur (Figure 3.7b) in the versions of the model with the network effect operating through a positional 

good and conformity. Here, consumers evaluate the attractiveness of products in terms of the distance 

of their qualities to the quality purchased by the majority in their social network. If during market 

development other products achieve or exceed a product quality level that is similar to the desired one, 

then consumers consider buying them. A public campaign may succeed in undermining the position of 

the dominant firm and attract consumers to buy an alternative product, especially if the distance 

between the qualities of the dominant and promoted alternative is small (Table 3.5). 
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(a) A monopoly tax of 0.6        (b) A monopoly tax of 0.9 
 
Figure 3.6. A monopoly tax imposed in the 500th time-step on a firm that had locked-in the market 

 
 
 
 
 
 
 
 
 
 
 
 
 

 (a) Sales; bjt=1.5                   (b) Sales; bjt=1.75 
 
Figure 3.7. Public campaigns undertaken from the 500th time-step  
 
  Public campaigns turned out to be ineffective in the version of the model with the network 

effect operating through market share (Table 3.5). It should be noted that, in this case, only the 

frequencies at which products are purchased determine products’ attractiveness. Consequently, an 

alternative to the dominant product has no chance to compete if its producer does not realize a 

sufficiently high market share. This is always the case for a locked-in market. Thus, either a monopoly 

tax or a public campaign is unlikely to succeed in altering market development for the network effect 

operating through market share.  

 

Table 3.5. Effect of public campaigns (µ=1.5)  
Network effect 
through:  

Number of simulations Number of lock-ins after 500 time steps Number of successful escapes from lock-in if  
It occurred within 500 time steps (evaluated 
 in the 1000 time step) 
 
(Number of lock-ins to an alternative  
product / coexistence of distinct niches  
in the 1000th time step) 

market share 100 43 0(0/0) 
a positional good 100 77 15(11/4) 
conformity 100 84 18(16/2) 
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3.6.2 Policy instruments that reduce barriers to entry 

In this section, we consider the efficiency of instruments that reduce barriers to entry: namely, a 

preferential tax for new firms and a research subsidy. Table 3.6 shows some of the results. According 

to the scenario with the preferential tax, each new firm enjoys a reduction in consumer prices of 40 per 

cent, which is granted for the duration of 15 periods.14 The numerical results indicate that the 

preferential tax contributes to a lower probability of lock-in in all the reported cases (in version of the 

model with the network effect operating through market share, a positional good, and conformity). 

New firms supported with the preferential tax are capable of competing on the market (Figure 3.8). 

However, as soon as the period of protection comes to an end, their position typically deteriorates. In 

the case of a subsidy, each firm that reportes zero sales for three consecutive periods receives a 

financial support of 10 units. The subsidy is awarded for as long as the firm reports positive sales. The 

results in Table 3.6 show that the subsidy reduces the likelihood of lock-in and effectively enhances 

market competition. Figure 3.9 illustrates a typical run with the subsidy.  

 

 

 

 

 

 

 

 

 

 

 
Figure 3.8.  A typical run with preferential tax 0.4 for new firms  

 
 
 
 

 

 

 

 

 

 
Figure 3.9. A typical run with a subsidy equal to 10  
 
 

                                                 
14 Low tax rates were ineffective in altering market dynamics.  
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Table 3.6. Mean welfare and the frequency of lock-in – a preferential tax for new firms (40% 
reduction in prices) granted for 15 periods and a research subsidy of 10 units  
 
Network 
effect 
operating 
through 

Average welfare 
(Mean value) 

Average welfare 
of the upper-class 
consumers 

Average welfare 
of the lower-class 
consumers 

Number of 
lock-ins 
out of 

100 simulations 
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market 
share  

10.60 10.61 10.59 13.23 13.43 13.70 10.28 10.26 10.25 50 38 36 

a positional 
good 

10.82 10.93 37.40 13.30 14.50 31.80 10.53 10.50 40.64 76 0 21 

conformity 
effect 

15.39 15.68 16.22 17.30 19.20 17.99 15.17 15.28 16.10 82 0 14 

 

 
 To summarize, the efficiency of policy instruments depends on the demand side specification. 

In the version of the model with the network effect operating through market share, none of the 

investigated policy options succeed in significantly altering the pattern of market development. On 

the other hand, in versions of the model with the network effect operating through a positional good 

and conformity, the intervention undertaken after the market has become locked-in is effective in 

reversing the technological trajectory. A sufficiently high tax rate imposed on the dominant product, 

and effective public campaigns typically undermine the dominance of a certain firm or stimulate the 

switch to an alternative product. Such a transition can be beneficial from the perspective of the 

environment or social welfare. Nevertheless, it limits market competition.  

 Alternative solutions involve preventing lock-in from occurring, rather than intervening once 

it has occurred. Malerba et al. (2008), using a ‘history friendly model’, find that policies supporting 

the entry of new firms are ineffective, in the sense of being unable to prevent a high degree of market 

concentration. In our model, however, subsidies for research and the preferential tax for a new firm 

significantly reduce the probability of lock-in, thus enhancing market competition, in versions of the 

model with the network effect operating through a positional good and conformity (Table 3.6).  

 The results in Tables 3.4, 3.5 and 3.6 suggest that the effectiveness of various policy options 

varies depending on the network effect specification. This has important implications for policy 

analysis. A number of studies have addressed the problem of innovation diffusion using multi-agent 

simulation models. Formal approaches to capture the network effect vary greatly across studies. Our 

results suggest that policy lessons are highly sensitive to the specification of the demand side. This 

means that policy implications from studies employing a single demand-side specification are 

conditional upon this specification and should be interpreted with caution. 
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3.7 Conclusions 

In this chapter, we proposed an agent-based model to study unlocking policy in demand-supply 

systems. Micro-level interactions between heterogeneous populations of producers and consumers 

underlie market dynamics. On the supply side, firms continuously engage in innovation processes. A 

technological trajectory arises from the interplay of incremental improvements and search activities. 

On the demand side, we focus on the interdependence of utilities and therefore decisions of individual 

consumers. Consumers get satisfaction not only from the intrinsic value of a good but also from its 

social embeddedness.  

 We examine how the interaction between two opposite forces, a desire for distinction, and a 

desire to imitate others within the social network, affects market dynamics. For this purpose, we 

distinguish between the snob and the network effects. The former reflects a desire to distinguish 

oneself from the majority through the purchase of status commodities, while the latter is defined as 

consumers imitating choices by others. In addition, we investigate alternative demand-side 

specifications in order to understand how changes in individual preferences affect the directions of 

firms’ innovative activities. In particular, we introduce three versions of the mdoel with alternative 

network effects, referred to as ‘market share’, a ‘positional good’ and ‘conformity’. 

The novelty of our model concerns the explicit distinction between increasing returns on the 

supply side and those on the demand side, as well as their interactions. To our knowledge, this results 

in the first non-deterministic coevolutionary model to investigate the probability of market lock-in 

depending on the character of increasing returns. The presence of stochastic factors and the 

complexity of interactions between populations of consumers and producers, which give rise to real 

coevolution, impede an analytical solution to the model. We therefore employed a multi-agent 

simulation technique as it is most suitable for describing coevolving populations. It enabled us to 

explore the probability of different outcomes, as well as to examine alternative policy scenarios. We 

intended to make our model complex enough to capture the essential elements, but simple enough for 

us to grasp its mechanisms. Model simulations generated a number of stylized facts. The results from 

the illustrative runs confirmed the liability of the newest, life cycle design, and dominant design 

theory. 

We ran a large number of simulations, which allowed us to identify a common pattern for 

various initial conditions. In general, simulation runs were characterized by an initial diversity of 

goods with many different designs competing for dominance. During the process, some degree of 

initial benefits became reinforced via increasing returns, shifting the relative advantages towards 

particular firms. The subsequent adjustments in agents’ behaviour continuously affected the selection 

process, while changed market conditions (selection environment) altered the directions of such 

adjustments. The timing of the appearance of a radical innovation turned out to be crucial. During the 

early phases of competition, radical innovations could attract consumers because of their relative 
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advantage in cheapness or quality. However, after a certain moment in time and because of increasing 

returns, the dominance of a single firm typically occurred. In this case, policy intervention was 

necessary to alter the direction of market development and unlock the market  

 To assess the probability of market lock-in, we estimated three logit regressions based on the 

data generated by the three versions of the model associated with alternative demand specifications. 

We find that the differences do not matter much for the relative dynamics of technology shares. 

However, they do for the impact that various increasing returns have on the probability of market 

lock-in, as well as on the effectiveness of unlocking policies.  

 In general, the results suggest that increasing returns on the demand side are more important 

for market development than those on the supply side. The probability of lock-in is typically lower, the 

stronger are the increasing returns on the supply side. However, most coefficients in the logit analysis 

corresponding to supply-side elasticities turned out to be insignificant. On the demand side, 

advertising enhances the likelihood that a consumer purchases a particular product, especially when 

consumers engage in social comparisons of purchased qualities with members of their social group, 

but not when they evaluate the attractiveness of a product based on its relative market share. In 

addition, network externalities give rise to demand inertia and lead to the clustering of choices. On the 

other hand, the stronger the desire for distinction, expressed by the snob effect, the lower is the 

likelihood of market lock-in. A struggle between these two forces initially gives rise to a cyclical 

consumption pattern.  

 Next, we used the model to perform transition policy analysis. We investigated the 

effectiveness of four policy instruments: a monopoly tax; a public campaign; a preferential tax for new 

firms; and a subsidy for quality improvements and advertising. In each case, we assessed the ability of 

these instruments to alter market development, i.e. their potential to steer a process of transition 

towards trajectories involving an alternative to an initially dominant product.  

 The results suggest that the effectiveness of policy options varies considerably, depending on 

the demand-side specification. The investigated policy options were least efficient in reversing market 

trajectories in the version of the model where consumers evaluate the attractiveness of products based 

on their market shares. In alternative versions of the model where consumers engage in social 

comparisons of designs, sufficiently high tax rates imposed on a dominant firm may undermine its 

position. Similarly, public campaigns raise the utility that a consumer derives from purchasing a 

promoted good, and may induce a switch in the demand from the dominant design towards the 

promoted one. Although these instruments are effective in reversing sales patterns, they have limited 

power in enhancing market competition. In some cases, lock-in to the alternative product occurs. On 

the other hand, instruments that reduce barriers to entry, especially subsidies for research, turned out to 

be successful in enhancing market competition in the presence of increasing returns. Our findings 

imply that policy insights are very sensitive to how the demand side is specified.  
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Annex A3 

Table 3.7. List of variables  

Variable 
 

Description  
i-firm 
j-consumer 
 

xjt the design xi  

kjt the capital kjt level 

yjt  the production level yi  
pjt the price 
cjt the variable cost of the design  

tx  
the quality of a product that was most often bought in the total population in the previous period 

ajt spending on advertising 
πjt profits 
sjt the actual sale 
djt the desired demand 

y~ jt+1 the desired level of production 

yjt the actual level of production 
ijt research budget devoted to incremental improvements 
vjt the length of time a firm produces a particular good 
ljt the number of lower-class consumers  

tx
(

 the maximum attainable quality at time t 

bjt the public campaign 
fjt the advertising effect 
njt the network effect 

jtk
~∆  capital expansion 

mjt market share 
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Table 3.8. List of parameters and their values 
 
Parameters Description  

i-firm 
j-consumer 
 

Range/ value 

β capital parameter 1 
ν cost parameter 0.5 

ξ depreciation rate 0.02 

θ fixed cost  2 
ώ fraction   0.375 

ρ fraction of maximum quality that defines the maximum quality available at time 0 0.5 
ς fraction of profits devoted to incremental innovations 0.6 
yj0 initial level of output 6 
ψ length of a period a firm can operate with zero sales before it engages in radical 

innovations 
5 

γ length of a period a firm can operate with zero sales before it leaves the market 7 
µ mark-up equal for all firms  0.25 
g number of consumers selected for market research 5 
r price of capital 1 

δ speed of ‘autonomous’ quality adjustments;  0.001 

ϋ research subsidy  10 
nl number of the lower-class consumers 89 
nu number of the upper-class consumers 11 
   

n 
 

 number of firms (0 - 15) 

ω advertising elasticity  (0 - 0.5) 

τ competence elasticity (0 – 0.5) 

ι incremental elasticity  (0 – 0.5) 

ζ network elasticity  (0- 0.5) 
κ the snob elasticity; 

set to 0 for lower-class members 
(0 – 0.25)  

αi price versus quality inclination (0 - 0.5) 

kj0 initial level of capital  (0 - 20) 

x~  maximum attainable quality  (5 - 15) 
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Chapter 4 

 

Economic evolution beyond replicator dynamics: a model of 

selection, mutation, and recombinant innovation 

 

4.1 Introduction 

Understanding the interaction between selection and variety creation, or innovation, is crucial to the 

process of technological change. Market selection affects the direction and scope of innovation 

research, since it determines which technologies and ideas survive and have a good visibility in the 

market. Combining existing technologies and ideas is widely recognized as an important source of 

innovation (Weitzman, 1998; Fleming and Sorenson, 2001; Olsson and Frey, 2002; Tsur and Zemel, 

2006). Similarly, experimenting with variations of existing technologies may contribute to knowledge 

creation. Maintaining a variety of technological options has benefits at the level of both markets and 

firms. It may improve the ‘adaptability’ of the system, minimize the risks associated with unforeseen 

contingencies, and prevent lock-in of a dominant technology. Firms which invest in a number of 

research projects are capable of modifying existing technologies more easy and applying these 

technologies later across different products and markets at lower costs (Granstrand, 1998).  

On the other hand, economists often emphasize the high costs involved in maintaining 

diversity, such as: lost advantages of scale and specialization (i.e. increasing returns to scale, including 

scale economies); organizational costs associated with coordination and integration of multiple 

projects; and the cost of carrying out multi-disciplinary R&D. Some studies suggest that whether the 

coexistence of multiple options is feasible and optimal depends on external factors such as the type of 

competition and selection environment (Dagsputa and Maskin, 1987; Saviotti and Mani, 1995). A 

recent study examines the optimal trade-off between the benefits of diversity and specialization with a 

formal model (van den Bergh, 2008). 

To better grasp the role of diversity and the feedback mechanisms between the processes of 

innovation and selection, we propose an evolutionary-economic approach to modelling the process of 

technological innovation and substitution. In particular, we extend replicator dynamics with 

recombination and mutation rates. This gives rise to a general model of interactive selection-

innovation dynamics. The proposed framework builds upon three lines of modelling in theoretical 

biology: the quasi-species equation (Eigen, 1971; Eigen and Schuster, 1979; Hofbauer, 1985; Schuster 

and Swetina; 1988; Nowak, 1992; Bull et al., 2005; Nowak, 2006); replicator-mutator dynamics 

(Hadeler, 1981; Stadler and Schuster, 1992; Bomze and Burger, 1995; Nowak et al., 2001, 2002; 

Komarowa, 2004; Nowak, 2006); and ‘recombination’ dynamics (Feldman et al., 1980; Barton, 1995; 
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Boerlijst et al.; 1996; Jacobi and Nordahl, 2006). These models have not seen much, if any, 

application to economic phenomena. The resulting approach and its analysis can enrich our 

understanding of the process of evolutionary change in general, and of economic change and 

innovation in particular.  

In evolutionary models of technological change, technology adoption typically relies on 

replicator dynamics (Nelson and Winter, 1982; Silverberg et al., 1988; Metcalfe, 1988 Saviotti and 

Mani, 1995; Savotti and Pyka 2004). The equation captures the relationship between technological 

variety and market competition (Saviotti and Mani, 1995). A simple replicator dynamics is often 

referred to as selection dynamics (Samuelson, 1997). It dominates in evolutionary-economic 

modelling of cultural and technological evolution, even though other models of selection dynamics 

exist, such as best response, Brown-von Neumann-Nash, imitation, mutator, and adaptive dynamics 

(see Hofbauer and Sigmund, 2003; Nowak and Sigmund, 2004; and Chapter 2 of this thesis). 

Replicator dynamics assumes that above-average fitness strategies (or technologies) diffuse in the 

population. In most cases, it rules out the coexistence of variety, unless various strategies achieve 

exactly the same fitness. In a number of models, where technological diffusion follows replicator-like 

dynamics, variety creation is modelled as a process independent of existing variety, so that as a result 

innovation is independent of selection (e.g. Iwai, 1984a,b; Silverberg and Lehnert, 1993).    

Replicator dynamics ignores the possibility of mistakes, imperfect learning, and costly 

experimentation with variations and combinations of existing technologies occurring during selection 

and replication processes. These are, however, important and established aspects of boundedly rational 

behaviour that can be captured by mutation and recombination. In fact, the possibility of generating 

new technologies by recombining existing solutions has been an important source of technological 

change in the past. For instance, the medieval European printers combines six technological advances: 

paper, movable type, metallurgy, presses, inks and scripts (Diamond, 2005); mill technology 

incorporates water mill and sailing solutions (Mokyr, 1990); and combined cycle gas turbine 

technology integrates gas and steam turbine technologies, where heat produced during extracting 

energy from gas is used to generate electricity with the steam.  

Nevertheless, mutation and recombination have received surprisingly little attention from 

economists. Notable exceptions are Foster and Young (1990), Canning (1992), Young (1993), and 

Kandori et al. (1993), who propose models of adaptive learning in the context of repeated 2x2 games. 

Here, mistakes by players constantly disturb the process of learning and thus selection dynamics. 

Independent mutations, introduced at the individual player level, are interpreted as players being 

incapable of undertaking an optimization calculation or as one of the players being replaced with a 

new one who knows nothing about the game, and thus selects a strategy at random (Kandori, 1993). 

Alternatively, in Foster and Young (1990) mutations disturb aggregate dynamics. Here, mutation 

captures variability in pay-offs due to an environmental influence or immigrant players. In these 

models, examination of the impact of random mutations is an important tool for determining the 
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stability of equilibrium. A unique stationary distribution of strategies is found in the limit distribution 

as mutation goes to zero, referred to as a ‘stochastically stable strategy’.  

Thus far, only in evolutionary-economic models of technological change developed with 

evolutionary computation techniques have mutation and recombination received much attention 

(Birchenhall, 1995; Yildizoglu, 2002). These models include a number of stochastic factors, and, as a 

consequence, their dynamics are difficult to grasp intuitively. Moreover, the role of mutation and 

recombination differs among alternative evolutionary dialects from being the only variation operator 

for creating diversity, the only search operator for scanning the parameter space in search for a better 

solution, a mixture of these two, to them not being used at all (Eiben and Smith, 2003). This creates a 

difficulty in interpreting mutation and recombination operators in an economic context. For instance, 

in genetic algorithms, a popular technique in evolutionary-economic modelling, mutation is crucial for 

variety generation, while recombination acts as a main search operator. Birchenhall (1995) and 

Birchenhall et al. (1997) suggest that recombination and mutation should be thought as capturing 

individual learning: an individual tries out and evaluates new technologies through experiments, or 

considers new mixtures of components (recombination) or new variations of existing technological 

designs (mutation).  

To some extent in line with this, in our model, mutation and recombination are modelled as 

conceptual variables with concrete behavioural interpretations. They describe the heuristic decision 

rules of boundedly-rational investors. Heuristics, learning and cognitive processes are characteristics 

of decision-making within firms (Nelson and Winter, 1982). Rather than constantly maximizing 

profits, firms tend to ‘satisfice’ through certain decision rules: they follow simple production and 

investment routines, as long as they are satisfied with their performance. Similarly, in our model, 

investors allocate their investment capital among different technologies according to the heuristic rule 

they decide upon at the beginning of the investment period.  

Model dynamics can be interpreted as follows: in each period, investors tend to invest in 

below-average cost technologies. In addition, they devote certain (constant) fractions of investments, 

captured by mutation and recombination, to alternative technologies and research on recombinant 

innovation. Mutation and recombination determine the probability of the emergence of a new 

technology that is initially absent in the market. This relates to the stylized fact that many innovations 

have emerged from experimenting with and combining existing ideas and technologies. The decision 

how many scarce resources to divert from the initially cheapest technology towards alternative 

solutions determines the dynamics of the average cost of investments in different technologies over the 

investment period. In this context, we derive the conditions under which the coexistence of 

technological options is feasible, and we examine which decision rules, described by mutation and 

recombination rates, are optimal in terms of minimizing the average cost of investments. We study 

evolutionary dynamics for three different selection environments: namely, where selection operates on 

technologies characterized by constant costs; by costs that decrease steadily and exogenously over 
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time; and by costs that change depending on the level of cumulative investments. The latter is 

consistent with and reflects learning-by-doing or learning-by-experience (Arrow, 1962).  

The remiander of this chapter is organized as follows. In Section 4.2, we highlight the 

shortcomings of the replicator dynamics equation as commonly applied in economic models. Section 

4.3 reviews: the quasi-species equation; mutator-replicator dynamics; and recombination dynamics. In 

Section 4.4, we present a new model of replicator dynamics extended with mutation and 

recombination. In Section 4.5, we derive equilibria and investigate their stability, for three different 

selection environments. In Section 4.6, we examine the dynamics of the average cost of investments 

for different mutation and recombination rates. Section 4.7 concludes. 

 

4.2 Shortcomings of replicator dynamics 

In economic-evolutionary models of technological change, replicator-type dynamics predominates. 

Replicator dynamics was first formulated by Taylor and Jonker (1978). It describes how the 

frequencies of various strategies within a population change over time according to their pay-offs 

(fitness). Since the pay-offs depend on the frequencies of other strategies within a population, this 

creates a feedback loop mechanism (Samuelson, 1997). Ultimately, the selection process ensures that 

the fittest strategies (technologies) diffuse in the population. Formally, replicator dynamics can be 

written as: 

ix& = ))()(( xfxfx ii − , 

where fi(x) is a fitness function; and )(xf =Σixifi(x) is the average fitness. 

Replicator dynamics, however, provides an incomplete representation of evolution. It entails a 

bias towards the currently best-performing alternative(s). According to the equation, strategies that 

underpin successful behaviour spread in the population. This relates slightly to the old Alchian-

Friedman-Winter debate on the evolutionary foundations of optimizing behaviour due to market 

selection. Alchian (1952) claimed that firms that are profit seekers and successful in realizing profits 

will be selected by the market mechanism. Friedman (1953) went further and suggested that profit 

“maximization” rather than “seeking” is selected by the market, thus trying to find support for the idea 

that profit maximization, although not universal, is the inevitable outcome of selection by markets. 

Winter (1964) criticized both these authors for using the selection analogy from biology without 

complementing it with a clear inheritance mechanism or sustaining feature which assures sufficiently 

constant or replicated behaviour over time. He argued that, since firms operate to a large extent 

according to complex patterns of routinized behaviour, it is impossible to select firms that consistently 

maximize profits over time. Therefore, selection outcomes have no stable relationship with some 

inheritance unit. In other words, success in one period is unrelated or only weakly related to success in 

another period. 
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Similarly, replicator dynamics does not grasp important features of the behaviour of firms. It 

ensures that the most profitable solutions ultimately dominate the market, but ignores the possibility of 

imperfect learning, of errors occurring during the process of replication, and of costly experimentation 

during market development. In reality, inefficient or less profitable technologies often continue to 

exist in a market, for a number of reasons. For instance, property rights prevent the diffusion of certain 

innovative solutions; tacit knowledge is difficult to imitate; and exogenous factors cause uncertainty 

about the profitability of projects. In addition, the government may intervene to create opportunities 

for less profitable but otherwise desirable technologies, such as renewable energy technology, to 

flourish. Adding mutation and recombination to replicator dynamics can help to capture such 

behavioural and institutional features.  

Replicator dynamics solely addresses the selection process, while the generation of new 

diversity (innovation) is neglected. This motivates the name “equilibrium selection theory” 

(Samuelson, 1997). In a number of models where technology diffusion follows replicator-like 

dynamics, variety creation is introduced independently of selection (e.g. Iwai 1984a,b; Silverberg and 

Lehnert, 1993). There, the evolutionary pattern of an industry is described by two independent 

mechanisms – the equilibrating force of imitation and the disequilibrating force of innovation. The 

existing variety of technologies (as a result of market selection) does not affect the innovative 

activities of producers and investors in any way. For instance, in models developed in the Nelson-

Winter tradition, selection has an indirect impact only on innovation outcomes but not on the 

innovation process itself, i.e. the probability of a firm introducing the successful innovation depends 

on its market share. In our model (proposed in the next section), the existing variety of technologies 

determines the scope for innovative opportunities directly: innovations can emerge from the 

combination of already existing ideas or through experimentation with variations of existing designs. 

 

4.3 Replicator-mutator, quasi-species, and recombinant dynamics models 

Within theoretical biology, three alternative models have combined selection and innovation in the 

most condense way: namely, replicator-mutator, quasi-species, and recombination dynamics. The 

simplest possible model allowing for erroneous replications is the quasispecies equation (Eigen, 1971; 

Eigen and Schuster, 1979; Hofbauer, 1985; Schuster and Swetina; 1988; Bull et al., 2005; Nowak, 

2006). The term ‘quasi-species’ originally referred to an ensemble of similar genomic sequences 

(RNA molecules) generated by a mutation-selection process. The equation assumes constant fitness 

selection with the possibility of an erroneous replication defined by a mutation rate. Formally, we 

have:  

ix& = ijijj j xfqfx −∑ , 
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 where fi is the reproductive rate (fitness) of strategy i; and ii i fxf ∑=  is the average fitness. The 

mutation matrix Q=[qij] is a stochastic matrix, with entry qij denoting the probability that replication 

of strategy i will result in strategy j, with Σjqij=1. The equation was initially proposed to model the 

replication of genetic information coded on a (binary) sequence of values. Then, 

)(
)1( ijij HLH

ij ppq −

−= , with p the mutation rate per bit, L the length of the binary sequence, and Hij 

the Hamming distance between strings i and j ( the number of bits in those strings differ).  

For low mutation rates, quasi-species dynamics typically renders a stable coexistence of 

various strategies. However, for high mutation rates, the shares of strategies start to behave in a 

chaotic manner. The reason is that, for high mutation rates (above 0.5), the larger the distance between 

i and j, the higher the probability of erroneous replication of i into j: 

)]1log()[log()1( pppp
H

q
ijij HLH

ij

ij −−−=
∂
∂

− .  

For low mutation rates (below 0.5), the probability of erroneous replication is lower the larger the 

distance between strings i and j (L-Hij). 

In the case of quasi-species with no ‘back mutation’ (causing a return from the mutant to the 

original strategy), a critical error threshold can be identified beyond which the strategy with the 

highest fitness will become extinct. It corresponds to the rate at which the replacement rates of 

different species are equal. Interestingly, if a model incorporates back mutation, there is no strict error 

threshold (Bull et al., 2005). In the context of economic dynamics, back mutation may capture the 

decision of a player to return to the old strategy after a period of experimentation with a new strategy.  

In a constant selection environment, as is assumed in the quasi-species equation, mutation 

tends to reduce average fitness. The optimum mutation that maximizes average fitness is then zero 

(see, Kimura, 1967). However, in a changing environment some positive rate of mutation may be 

necessary for improving adaptation. Willensdorfer and Nowak (2005) show that with frequency-

dependent selection, mutation can enhance the average fitness of the population. This can be captured 

by an alternative model: namely, replicator-mutator dynamics. It assumes that fitness changes 

depending on the structure of the population. Replicator-mutator dynamics has been applied in 

population genetics, biochemistry, and models of language learning (Hadeler, 1981; Stadler and 

Schuster, 1992; Bomze and Burger, 1995; Nowak et al., 2001, 2002; Komarowa, 2004; Nowak, 2006). 

It can be written as:  

ix& =∑ − ijijjj xxfqxfx )()( .   

This equation contains both replicator dynamics and the quasi-species equation as special cases 

(Nowak, 2006). If the matrix Q is an identity matrix, the equation reduces to replicator dynamics; if 

selection is defined on a constant fitness landscape, it becomes the quasi-species equation.  
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 A third relevant model is ‘recombination’ dynamics. So far, recombination has been applied 

mainly to model sexually-reproducing organisms with a constant reproduction rate and no mutation 

(Feldman et al., 1980; Barton, 1995). Only a few authors combine it with the quasi-species equation, 

although with the simplification of keeping reproduction rates constant (Jacobi and Nordahl, 2006; 

Boerlijst et al., 1996). The quasi-species equation with recombination can be described as (Jacobi and 

Nordahl, 2006): 

∑ −=

lm
ikkll

lm
ki xxaxaVx φ&  

Here, ∑=
i

lm
i

i
k

lm
k TQV with Q a mutation matrix and lm

kT  a crossover operator that describes the 

probability that the recombination of parents l and m will result in k offspring. In the case of uniform 

crossover, offspring k is created by choosing bits with equal probability from one of the parents, and 

thus lmhlm
iT −

= 2  if O(k,l,m)=1, and 0 otherwise. O(k,l,m) is equal to 1 at each position where the 

parents l and m are identical; in this case the same bit appears in the offspring k.  

The presence of recombination operating on pairs of sequences gives rise to non-linearity in 

the growth term. As a consequence, ( )2∑=
i iixaφ is imposed to ensure normalization of the 

population ( 1=∑
i

ix ).                  

Recombination of viral quasi-species as modelled in Boerlijst et al. (1996) is formalized 

differently. Here, the sum of all infectious viruses subject to recombination and mutation is equal to: 

∑ ∑ ∑+=
j j

kl klkljklijjjiji vMQvQV ββ  

Here, βj is the infection rate; vj the frequency of free virus j; Qij the mutation matrix, and Mjkl the 

probability of strains k and l of a virus recombining into strain j. The first component in the above 

equation depicts the sum of all mutations from other viruses to i, while the second component 

measures the number of strains i that emerge from the recombination of parent viruses (after 

mutation).  

Under the assumption of uniform crossover Mjkl is then defined as: 

  Mjkl=1     if  j=k=l;      (a) 

Mjkl= klHrr )5.0()1(5.0 +−  if   j=k  or j=l;      (b) 

Mjkl= klHr )5.0(    if Hjk+Hjl=Hkl;     (c) 

Here r is the frequency of recombination. Note that recombination does not change but only reshuffles 

genetic material. Thus, recombination of equal parents will necessarily result in identical offspring, as 

described by equation (a). If parents differ, the probability that an offspring j is equal to parent k (l) 

requires that it inherits a part of a string where parents differ from this particular parent k (l). This is 

captured by equation (b) above.  Finally, an entirely new offspring that does not resemble any of its 
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parents can emerge. In this case, each bit is taken from one of two parents with equal probability 

(equation (c) above). Boerlijst et al. (1996) show that in the quasi-species model, for low mutation 

rates, recombination enhances overall fitness, while reducing diversity; but for high mutation rates, 

recombination typically causes chaotic behaviour of the system.  

 

4.4 A general evolutionary model of selection, mutation, and recombinant 

innovation  

In this section, we propose a formal model of technological substitution. The evolution of investment 

shares in various technologies is modelled with replicator dynamics extended by mutation and 

recombination, which we refer to as ‘interactive innovation-selection dynamics’. Here, we first 

develop the general framework for n technologies. In Section 4.5, we will subsequently consider its 

simplifications in three-dimensional space for different selection environments (defined below).  

The framework describes the dynamics of n technologies competing for adoption. We assume 

an infinite population, in which investors allocate capital between a number of technologies, based on 

their relative unit cost. In particular, they tend to invest in below-average cost technologies. Thus, the 

share of the cheapest technology is expected to increase over time. In addition, investors may devote a 

certain percentage of investments, described by a mutation rate µ, to alternative technologies. The 

mutation rate can be seen to capture the imperfect, myopic or local nature of search for returns on 

investment. It can be also regarded as a ‘rule of thumb’ aimed at devoting a certain fraction of 

investments for the purpose of diversification and experimentation with new variations. 

Next, a fraction r of investments, described by the recombination rate, is devoted to 

fundamental research on recombinant innovation. This process may lead to the emergence of a new 

technological option that is initially absent in the population.  

 Formally, changes in the market shares of the already existing technologies xit follow:  

=itx&  Σj xit  fit qj i – xit Φt  - r Σkj δe
kj 

e
kjγ  xitxjt      for i=1,.,.m existing technologies  (1) 

and for a new emerging technology e, which is initially absent on the market:  

 =etx&  Σjxi fitqj i – xet Φt + r Σkj 
e
kjγ  xitxjt    for e=m+1,..,n      (2) 

Here xit is the share of investments going to technology i, fi is fitness of technology i at time t (defined 

below), Φt represents average fitness defined as Φt=Σifitxit; the matrix Q=qij describes the fractions 

(probabilities) of investments in i being directed towards technology j ( 1=∑
j

ijq ); and γe
ij(=γe

ji) is a 

binary variable that takes a value 1 if i and j can be recombined into e and 0 otherwise; this reflects 

that not all technologies can be recombined.  

The parameter r is the recombination rate, while δe
kj and δe

jk are weights at which technologies 

k and j are being combined to give rise to e, with δe
kj+ δe

jk=1. Formally, we define: 
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e
kj xxrr γ=          (3) 

as the probability that investments in research on recombination of technologies j and k give rise to the 

technology e. If one of the parent technologies is absent in the population technology e will not 

emerge (especially in the absence of mutation). In this case, the probability of recombination is zero. If 

both parent technologies are present in the population but technology e is unable to take-off, there will 

be a constant flow of investments into research on recombinant innovation that lasts for as long as 

both parent technologies exist on the market.  

The mutation probability is described as:  

qii=1- µ         (4) 

qik=µ
1

1

−n
.        (5) 

Here, mutation qik captures the fraction of investments in innovation research if technology k is a new 

emerging technology; otherwise, if k is an incumbent technology, mutation describes the fraction of 

investments (devoted towards alternative technologies) with the purpose of diversification. We assume 

that investors tend to diversify the investment portfolio by allocating a fraction µ of capital equally 

among n-1 technologies (≠ i). 

Selection dynamics depend on the relative fitness of technologies. We define the fitness of a 

technology as:  

fit = a - cit.               (6) 

This way technologies characterised by a lower costs have a higher fitness. The parameter a does not 

vary between technologies, and a≥ 1.  

We consider three alternative cost functions corresponding to different selection 

environments, namely constant costs, costs decreasing steadily and exogenously over time, and 

dynamics with cost reductions occurring along a learning curve. In case selection operates on constant 

unit costs:   

cit=  ci0,             (6a) 

with c i0 ∈(0,1). 

Alternatively, unit cost decrease over time according to: 

cit = 
bgt

ci

+
0          (6b) 

with a, b, c, g constants. Here, costs decrease automatically over time.  

Finally, according to a third cost specification a unit cost of technology i falls over time in 

proportion to the level of cumulative investment in its installed capacity, that is along a learning curve 

(Arrow, 1962): 

cit = ci0 i
itI β−         (6c) 
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Here, ci0 is the initial cost, βi∈(0,1) the learning rate (also referred to as the elasticity or learning 

index), and Iit cumulative investments in technology i at time t. The equation implies that with every 

doubling of total installed capacity specific costs are reduced by a progress rate (speed of learning) 

equal to 2-β. Given that we are working in an infinite population framework (due to replicator 

dynamics), cumulative investments in technology i are defined as being equal to the cumulative shares 

of investments in this technology: 

Iit= ∫t itx
0

 dt        (7) 

 

4.5 Model dynamics  

In this section, we study properties of the system (equations 1-6) proposed in Section 4.4.15 We reduce 

the number of dimensions (technologies) from n to three to better grasp model dynamics. In Section 

4.5.1 we assume that technologies are characterised by constant costs, in Section 4.5.2 by costs that 

decrease steadily over time, and in Section 4.5.3 by costs that change along a learning curve. These in 

fact represent three different selection environments. In each case, we investigate conditions under 

which the coexistence of options is feasible. In addition, in Section 4.6 we examine dynamics of the 

average cost of investments for each model version. Whenever possible, we derive analytical 

solutions. Otherwise we investigate numerically properties of the system. In the following sections, we 

employ a benchmark scenario with parameter settings a=b=g=1, c10=0.1, c20=0.2, c30=0.4, 

x10=x20=0.5, x30=0, δ=0.5, β1=β2=0.05, and β3=0.35. This captures a relevant case of a new, emerging 

technology with an initially high unit cost, which is competing for adoption with two incumbent 

technologies with relatively low unit costs. We will examine the effect of changes in the values of 

parameters in the benchmark scenario on investment dynamics. 

 

4.5.1 Replicator-dynamics with recombination – constant costs 

We examine the dynamics resulting from the competition process between three technologies: two 

exist initially, and one emerges. Here, we consider a system for technologies characterised by a 

constant unit cost (equation 6a):  

fit= fi=a - ci0,  

The system is then described by the following set of equations: 

tttttttt xxrxxfxffxx φδµµµ 1213322111 5.05.0)1( −−++−=&        (8a) 

tttttttt xxrxxfxffxx φδµµµ 2213311222 )1(5.05.0)1( −−−++−=&        (9a)  

tttttttt xxrxxfxffxx φµµµ 3212211333 5.05.0)1( −+++−=& ;    (10a) 

                                                 
15 We use Mathematica 4.1 to derive analytical and numerical solutions to the model, as well as to generate 
graphs (Wolfram Research Inc., 2001). 
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with x3,0=0, ttt xxx 213 1 −−= , and tttt xfxfxf 332211 ++=φ . 

Initially there are two technologies present on the market: x10 , x20 > 0 and  x10 + x20  = 1. Note that we 

set γ3
12=1, γ1

23=0, and γ2
13=0  in equations 1, 2 and 3, respectively, assuming that Technologies 1 and 

2 may be recombined to give rise to a novel Technology 3. This assumption holds throughout Sections 

4.5.1- 4.5.3. 

 The system as described by equations 8a-10a does not allow analytical (exact) solutions to be 

derived. Thus, we first examine the equilibrium conditions for a simplified system in the absence of 

mutation. This results in a novel model of replicator dynamics extended with recombination. In the 

absence of recombination, the system reduces to the quasi-species model, whose properties have been 

studied extensively in the literature (Nowak et al., 2000). Finally, we examine (numerically) the 

trajectories of shares of investments in different technologies in the presence of mutation and 

recombination.  

Formally, in the absence of mutation (µ=0), the system as described by equations 8a-10a 

simplifies to: 

tttttttt xrxxfxfxffxx 21332211111 )( δ−−−−=&   ;        (8b) 

ttttttt xrxxfxfxffxx 21332211222 )1()( δ−−−−−=&  ;       (9b)  

 ttttttt xrxxfxfxffxx 21332211333 )( +−−−=& .      (10b) 

Table 4.1 presents six equilibrium ( =tx1& =tx2& =tx3& 0) solutions of the simplified system 8b-10b, of 

which four are feasible.  

 

Table 4.1. Solutions of the system 8b-10b in the absence of mutation 
no x1 x2 x3 

1 0 0 1 

2 0 1 0 

3 1 0 0 

4* 0 0 0 

5 
222

3212

32232131

)()(

)(

rrrffffr
ffrffffff
δδδ

δ
+−−−−

−−++−

 

222
3221

1231

)()(

))((

rrffrffr
ffrrff
δδδ

δ
−+−+−

+−+−−

 

222
3212

1212

)()(

)))(((

rrrffffr
rffrrff
δδδ
δδ

+−−−−

+−−+−  

6** 
)1(

2

−δr
f  

δr
f1  

)( 2
3

21

δδ −rf
ff  

Note: *Solution 4 is not relevant in an economic context;  
          ** Solution 6 is not feasible as it yields x1<0. 
 

To examine the stability of the equilibria, we check the eigenvalues of a linear approximation of the 

system. If all the eigenvalues of the linear system have negative real parts, then the linear 

approximation is asymptotically stable, and so is the non-linear system (Jordan and Smith, 2007). If at 
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least one eigenvalue has a positive real part, then the equilibrium point will be unstable. Table 4.2 

shows the eigenvalues for the relevant equlibria.  

 

Table 4.2. Eigenvalues corresponding to solutions 1-3 and 5 of Table 4.1 
Solution Eigenvalues (λ1, λ2, λ3) 

1 (f1-f3,f2-f3,-f3) 

2 (-f2, - f2+ f3, f1- f2-δr) 

3 (-f1, -f1+f3,-f1+f2-r(δα-1)) 

5 

)
)))(1((2

))(1()()((4))((())(())((

,
)))(1((2

))(1()()((4))((())(())((

,
) )(1(

))1(()1((
(

213

3132121323132313231

213

3132121323132313231

213

23321

δδδ
δδδδδ

δδδ
δδδδδ

δδδ
δδδ

rfffr

rfffrrffrffrffffrffffrffff

rfffr

rfffrrffrffrffffrffffrffff

rfff
rfffff

+−+−

+−−+−−+−−−−−−−−+−−

+−+−

+−−+−−+−−−−−−−−−−−

+−+−

−++−+−
−

 

 

Solutions 1-3 correspond to situations where investments in a single technology have “taken over” the 

investment portfolio. The dominance of a new, emerging Technology 3 (Solution 1) is stable if it 

exhibits the lowest unit costs (c3<c1 and c3<c2). Its stability does not depend on the recombination 

rate. Alternatively, the dominance of one of the two incumbent technologies is determined by the 

recombination rate and the weights with which the two technologies are combined in the process of 

recombinant innovation. In particular, Solution 2 (0,1,0) is stable if c2<c3 and c2<c1+δr, while solution 

1 (1,0,0) is stable if c1<c3 and c1<c2+(1-δ)r. For a sufficiently high value of r, one of the incumbent 

technologies will end up dominating the investment portfolio, if it exhibits the lowest unit cost. 

The coexistence of three technologies is given by Solution 5. The eigenvalues of the solution 

may yield complex numbers depending on the relative costs of technologies, the recombination rate 

and weights at which Technologies 1 and 2 are combined to give rise to Technology 3. Figure 4.1 

shows how eigenvalues corresponding to Solution 5 change depending on the recombination rate; 

other parameters are as in the benchmark scenario mentioned in the opening paragraph of Section 4.5. 

Here, different stability regimes can be identified: for r∈  (0, 0.025), one of the eigenvalues is real and 

negative, and the other two are complex with negative real parts, so the fixed point is stable. For 

r∈(0.025, 0.2) three eigenvalues are real and negative so the fixed point is also stable. Finally, for 

r∈(0.2, 1) two of the eigenvalues are real and negative, while one is real and positive, so that the fixed 

point is unstable.    
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Figure 4.1. Eigenvalues corresponding to Solution 5 for a=1, c10=0.1, c20=0.2, c30=0.4,and δ =0.5. 

 

In the absence of recombination (r=0), the system simplifies to a quasi-species system of 

equations: 

tttttt xxfxffxx φµµµ 13322111 5.05.0)1( −++−=&  ;          (8c) 

tttttt xxfxffxx φµµµ 23311222 5.05.0)1( −++−=&  ;              (9c)  

tttttt xxfxffxx φµµµ 32211333 5.05.0)1( −++−=& .       (10c) 

The solution of this system is given by the vector of frequencies (x1,x2,x3) which corresponds 

to the largest eigenvalue of the matrix of the linearized system (Nowak, 1992). In a special case, for all 

technologies characterized by the same initial costs c10=c20=c30, the symmetric solution with xi=1/n 

always exists and is stable for µ below a certain threshold level µ1 (see Figure 4.4c). A second, 

asymmetric solution, where the share of investment in technology i dominates the investment 

portfolio, can be identified (i.e. xi=X and xj=(1-X)/(n-1) for i≠ j), and is stable for µ above a certain 

threshold level µ2 (see Nowak et al., 2001; Komarova, 2004; Nowak, 2006). For µ1 <µ< µ2, one of 

these solutions emerges depending on the initial conditions.  

 Each of the phase diagrams a, c, and e depicted in Figure 4.2 present ten trajectories of shares 

of Technologies 1 and 3 (x1t,x3t), and diagrams b, d, and e of Technologies 1 and 2 (x1t,x2t). Figure 4.2a 

and 4.2b present trajectories in the absence of mutation; 4.2c and 4.2d in the absence of 

recombination; and 4.2e and 4.2f in the presence of both mutation and recombination. Parameter 

values (a, δ, r, µ, c10, c20, and c30) which describe different trajectories in each diagram are summarized 

in Appendix A4. These values were chosen to depict the relevant range of possible dynamic patterns 

of (x1t,x2t,x3t). Initially, x10=x20=0.5, and x30=0 in each case. In the absence of mutation, Technology 1 

or 2 typically dominates the investment portfolio (Figures 4.2a and 4.2b). Alternatively, in the 

presence of mutation, the coexistence of three technological options is ultimately achieved regardless 

of whether recombination is absent (Figures 4.2c and 4.2d) or present (Figures 4.2e and 4.2f). 
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(a) Phase diagram (x1t,x3t) in the absence of mutation                        (b) Phase diagram (x1t,x2t) in the absence of mutation  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 (c) Phase diagram (x1t,x3t) in the absence of recombination                  (d) Phase diagram (x1t,x2t) in the absence of recombination 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 (e) Phase diagram (x1t,x3t) in the presence of mutation   (f) Phase diagram (x1t,x2t) in the presence of mutation  

      and recombination                and recombination       

Figure 4.2. Phase diagrams for initial conditions: x10=0.5 x20=0.5, and x30=0.  
 

 

  
 

 
 

 

 

  



 99 

All in all, mutation enhances diversity, defined as the number of options in the investment portfolio, 

while recombination reduces it. To illustrate these results, Figure 4.3a depicts the dynamics for the 

benchmark scenario as defined by parameters: a=1, c10=0.1, c20=0.2 and c30=0.4, x10=x20=0.5, x30=0, 

r=0.5, δ=0.5, but in the absence of mutation (µ=0). Here, Technology 1 dominates the market. For 

alternative conditions (relative costs), the coexistence of three options can be achieved (Figure 4.3b) or 

the dominance of Technology 3 (Figure 4.3c).16  

 

 

 

 

 

 

 

 

    (a) c10=0.1, c20=0.2, c30=0.4,        (b) c10=0.1, c20=0.1, c30=0.2          (c) c10=0.1, c20=0.1, c30=0.1 

Figure 4.3. Model dynamics for different initial costs in the absence of mutation (a=1, δ =0.5, r=0.5, 
u=0) (Initial conditions:  x10=x20=0.5 and x30=0.)  

 

In the presence of mutation µ=0.3, the stable coexistence of three technologies is observed 

both in the absence of recombination in Figures 4.4a to 4.4c and in the presence of recombination 

(r=0.5) in Figures 4.5a to 4.5c. In each investigated case, mutation enhances diversity over time, 

ensuring the stable coexistence of three technological options. 

 

 

 

 

 

 

 

 

    (a) c10=0.1, c20=0.2, c30=0.4       (b) c10=0.1, c20=0.1, c30=0.2          (c) c10=0.1, c20=0.1, c30=0.1 

Figure 4.4. Model dynamics for different initial costs in the absence of recombination (a=1, δ =0.5, 
r=0, u=0.3) (Initial conditions:  x10=x20=0.5 and x30=0.)  
 
 
 
 
 
 

                                                 
16 Shares of Technologies 1 and 2 in Figure 3c are negligible but positive with x1,1000=x2,1000=0.004.  
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   (a) c10=0.1, c20=0.2, c30=0.4         (b) c10=0.1, c20=0.1, c30=0.2         (c) c10=0.1, c20=0.1, c30=0.1 

Figure 4.5. Model dynamics for different initial costs in the presence of mutation and recombination 
(a=1, δ=0.5, r=0.5, u=0.3) (Initial conditions:  x10=x20=0.5 and x30=0.)  
 

4.5.2 Replicator-dynamics with recombination – costs of technologies time dependent  

In this section, we consider the system as in Section 4.5.1, but instead we assume unit costs that 

decreases steadily over time. This captures technological learning-from-experience. In this case, 

technology fitness is defined as: 

 f1t = a -
bgt

c
+
10  ; 

f2t = a -
bgt

c
+
20  ; 

f3t = a -
bgt

c
+
30 . 

The system then becomes: 

tttttttt xxrxx
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bgt
c
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c
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c
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+
−=& ;              10(d)

 As in the previous section, the system 8d-10d does not allow analytical solutions to be 

derived. Thus, we first examine the equilibrium conditions for a simplified system in the presence of 

recombination alone. Subsequently, we analyse numerically trajectories of the shares of investment in 

different technologies in the presence of mutation and recombination.  

Setting µ=0 and eliminating solution x3 by substituting x3=1-x1-x2 yields a two-dimensional 

system: 

ttttttt xrxxx
bgt
cc

x
bgt
cc

x
bgt
cc

x 2121
30202

1
3010

1
1030

1 δ−
+

−
+

+

−
+

+

−
=& ; 
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ttttttt xrxxx
bgt
cc

x
bgt
cc

x
bgt
cc

x 2121
30102

2
3020

2
2030

2 )1( δ−−
+

−
+

+

−
+

+

−
=& . 

Table 4.3 shows all possible equilibria of this system for time t as “frozen”.17  

 

Table 4.3. Solutions of the simplified system in the absence of mutation 

 x1 x2 x3 

1 0 0 1 

2 0 1 0 

3 1 0 0 

4 0 0 0 

5 
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Note that Solutions 4 and 5 are not feasible in an economic context which follows from the 

assumption that δ<1. Solution 6 which describes the coexistence of three options in the limit, as t goes 

to infinity, tends to the point (0,0,1), suggesting that Technology 3 may dominate investments in the 

long run.   

Figure 4.6a presents trajectories of the shares of Technologies 1 and 2 for alternative system 

dynamics, and Figure 4.6b does the same for Technologies 1 and 2. Trajectories correspond to 

different parameter values (summarized in Appendix A4) but with µ=0, thus in the absence of 

mutation. From Figure 4.6b, it becomes apparent that the coexistence of technologies 1 and 2 is not 

possible; for all patterns, the share of one of these technologies tends to zero. Thus, a typical solution 

is either (x1, 0, x3) or (0, x2, x3) – the coexistence of two technologies. Figures 4.6c and 4.6d show the 

dynamics for the same initial conditions as in Figures 4.6a and 4.6b, but now with and without 

recombination and for randomly generated mutation. Note that, in the presence of recombination and 

without mutation, the system may converge to a symmetric solution with technology shares being 

equal (Figures 4.6c and 4.6d; see also Figure 4.7b). Figures 4.6e and 4.6f depict technological 

trajectories in the presence of recombination and mutation. As in Section 4.5.1, introducing mutation 

allows for the coexistence of three technological options.  

 

 

                                                 
17 This does not always allow the correct solution to be derived (Wiggins, 2003). To avoid errors, the function x(t) should be 
found, and its asymptotic properties examined. However, it is not always possible to find an explicit function x(t). Here, the 
proposed system involves the products of shares xi and time t, and thus there is no simple (linear) separation of the solutions 
of the time-invariant equations (‘free oscillations’) and oscillations free of initial conditions (‘forced oscillations’).  
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  (a) Phase diagram (x1t,x3t) in the absence of mutation (µ=0)                  (b) Phase diagram (x1t,x2t) in the absence of mutation (µ=0) 

 

 
 
 
 
 
 
 
 
 
 
 
 

 

  (c) Phase diagram (x1t,x3t) in the absence of recombination                 (d) Phase diagram (x1t,x2t) in the absence  of recombination  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
   (e) Phase diagram (x1t,x3t) in the presence of mutation     (f) Phase diagram (x1t,x2t) in the presence of mutation  

      and recombination                and recombination       

Figure 4.6. Phase diagrams for initial conditions: x10=0.5 x20=0.5, and x30=0  
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 Figures 4.7a to 4.7c illustrate the dynamics of shares in investments in different technologies 

for the benchmark scenario. In the absence of mutation, Technologies 1 and 3 enter the investment 

portfolio, with no investments being made in Technology 2 (Figure 4.7a). In Figures 4.7b to 4.7c, in 

the presence of mutation, the coexistence of three technological options is observed.  

 

 

 

 

 

 

 

 

 (a) µ=0, r=0.5      (b)  µ=0.3, r=0    (c) µ=0.3, r=0.5     

Figure 4.7. The evolution of the technology shares for parameters: a=b=g=1, c10=0.1 c20=0.2 c30=0.4, 
and δ=0.5 (Initial conditions: x10=x20=0.5 and x30=0.)  
 
 
4.5.3 Replicator-dynamics with recombination – costs change along a learning curve  

In this section, we consider the system with cost reductions occurring along a learning curve. In this 

case, technological fitness is expressed as:  
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The system is far too difficult to derive analytical solutions, even in the absence of mutation; below, 

we investigate the properties of this system numerically. Typically, the solutions are complex 

numbers. Phase diagrams in Figures 4.8a to 4.8f show the trajectories of the real parts of the solutions 

for the same parameter values as in the phase diagrams in previous sections (see Appendix A4). 

Figures 4.8a, 4.8c and 4.8e show, respectively, the trajectory of solutions (x1, x3) in the absence of 
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mutation, in the absence of recombination, and in the presence of mutation and recombination. 

Analogously, Figures 4.8b, 4.8d and 4.8f depict phase diagrams for the trajectories of (x1,x2). The 

results suggest that the dominance of a single technology occurs typically in the absence of mutation 

(Figures 4.8a and 4.8b). In the presence of mutation (regardless of whether recombination is present or 

not), in Figures 4.8c-4.8e, the dynamics lead to the coexistence of three technological options.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  (a) Phase diagram (x1t,x3t) in the absence of mutation (µ=0)                (b) Phase diagram (x1t,x2t) in the absence of mutation (µ=0) 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 (c) Phase diagram (x1t,x3t) in the absence of recombination               (d) Phase diagram (x1t,x2t) in the absence of recombination   
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(e 

 

 (e) Phase diagram (x1t,x3t) in the presence of mutation        (f) Phase diagram (x1t,x2t) in the presence of mutation  

  and recombination                and recombination     

   

Figure 4.8. Phase diagrams for initial conditions: x10=0.5 x20=0.5, and x30=0  
 

Figures 4.9a to 4.9c present the evolution of the real parts of technological shares for the 

benchmark scenario for different mutation and recombination rates. In the absence of mutation, the 

dominance of investments in a single technology occurs (Figure 4.9a), while, in the presence of 

mutation, the coexistence of three options over time is observed (in both Figure 4.9b and Figure 4.9c). 

 

 

 

 

 

 

 

 

(a) µ=0, r=0.5   (b)  µ=0.3, r=0   (c) µ=0.3, r=0.5     

Figure 4.9. The evolution of the (real parts of solutions of) technology shares for parameters: a=1, 
c10=0.1, c20=0.2 c30=0.4 δ=0.5, β1=0.05, β2=0.05, and β3=0.35 (Initial conditions:  x10=x20=0.5 and 
x30=0.)  
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4.6 Dynamics of the average costs 

In this section we investigate the evolution of the average cost of investments in different technologies 

for alternative selection environments. The average cost of investments is defined formally as a 

weighted average of unit costs at time t : Σi xit cit. Notably, different combinations of mutation and 

recombination determine the dynamics of the average cost over time, and therefore the final 

equilibrium average cost. The primary objective of this analysis is to identify the combinations of 

recombination and mutation rates that minimize the average cost of the system in the equilibrium, 

namely: 

0=
∂

∂∑
r

cx ii i
 or  0=

∂
∂∑
µ

ii icx
, 

with µ =0 and r=0, respectively. 

The exercise of deriving the optimal recombination and mutation rates can be only conducted 

where the exact solutions of the system are found. For the model version with constant unit costs, and 

in the absence of mutation, the optimal recombination rate that minimizes the average cost for the 

solution that corresponds to the coexistence of different technological options (solution 5 in Table 4.1) 

is: 

r = 
)(

)1()1(
2

20102030

δδ
δδ

+−

−−−+− cccc .  

Here, the optimal recombination rate depends on the weights δ and 1-δ at which Technologies 1 and 2 

are recombined and on the relative costs of technologies. 18 

In the version of the model with unit costs decreasing over time, and in the absence of 

mutation, the optimal recombination rate that maximizes the average fitness for the solution 

corresponding to the coexistence of three options (solution 6 in Table 4.2) is given by: 

r=
δδ

δδδδδ
)1)()(( 30

20103010203020301030201020

−−++

+−++−+−−++−

cagtabgtb
agtcgtacccabcabcagtcagtcccabcccabc . 

Here, in the limit of t → ∞, r=0.  

Below, we illustrate numerically the evolution of the average cost of investments over time for 

different mutation and recombination values. The initial conditions are consistent with the benchmark 

scenario. Figures 4.10–4.12 present, respectively, the results for the three selection environments: with 

constant unit costs; with costs decreasing steadily and exogenously over time; and with costs 

following the learning curve. For the versions of the model with constant unit costs, a higher 

recombination rate (for a given mutation rate) in Figure 4.10a or a higher mutation rate (for a given 

recombination rate) in Figure 4.10b contribute to a larger average cost of investments at any point of 

time. The reason is that investments in alternative technologies and research on recombinant 

                                                 
18 If a single technology i dominates a market (Solution 2-4 in Table 1), the average costs are equal to ii xc 0 , 

regardless of r.   
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innovation, as described by mutation and recombination, only distract capital from the cheapest 

technological option. Similarly, in the model with unit costs changing steadily over time, for a given 

mutation rate, the higher recombination rate results in a higher average cost of investments at any 

point of time. On the other hand, for a given recombination rate, the effect of an increase in the 

mutation rate on the average cost depends on the time the latter is evaluated. If the average cost is 

evaluated after t>20 (Figure 4.11b), the higher mutation rate results in a lower average cost of 

investments. If the average costs are compared for a shorter investment period, the impact of an 

increase in the mutation rate for different recombination rates on the average costs is non-linear.  

In the model with costs decreasing along the learning curve, the effect of an increase in the 

recombination rate on the average cost depends on the time when the latter is evaluated. However, 

generally a higher recombination rate tends to lower the average cost over time (Figure 4.12a). For a 

given recombination rate, an increase in the mutation rate increases the average cost. 

To conclude, in the versions of the model with costs decreasing steadily and exogenously over 

time the optimal strategy, in terms of minimizing investment costs, is to invest only in diversification 

of the investment portfolio (Figure 4.11a). On the other hand, in the model with cost reductions 

occurring along the learning curve, the minimal average cost of investments is achieved (during the 

entire investment period) in the absence of mutation. In this version of the model, the optimal strategy 

in terms of minimizing the average cost may involve investing solely in recombinant innovation 

(Figure 4.12b).  

 

 

 
 
 
 
 
 
 
 
 
 
 

(a) µ=0.3       (b) r=0.5 
 
Figure 4.10.  Average costs over time for the version of the model with constant unit costs 
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(a) µ =0.3       (b) r=0.5 
 

Figure 4.11. Average costs over time for the version of the model with unit costs decreasing steadily 
over time  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
(a) µ =0.3                         (b) r=0.5 

 
Figure 4.12. Average costs over time for the version of the model with unit costs decreasing alone the 
learning curve  
 
 
4.7 Conclusions 

Modelling the process of technological change with replicator dynamics predominates in the literature 

on innovation and evolutionary economics. The equation captures behaviour of producers and 

investors aimed at adopting above-average performing technologies, whose market shares then 

increase. However, replicator dynamics ignores the possibility of mistakes by boundedly rational 

investors and costly experimentation with new variations and combinations of existing technologies, 

even though these are important and well-documented aspects of technological evolution. In the 

process of technological change, the emergence of new solutions at a given moment of time depends 

on the technological progress and market opportunities achieved to that date. The latter are a result of 
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progressive market selection over time. Since selection acts on existing variety, the processes of 

selection and variety creation are interdependent. This is, however, not captured by replicator 

dynamics.  

In this chapter we have proposed a model of the dynamics of investments in different 

technologies that extends replicator dynamics with recombination and mutation rates. It gives rise to 

interactive innovation-selection dynamics. Until now, this approach has not received any attention in 

economics, even though it captures all aspects of evolution in the most simple way. The framework 

was interpreted here as describing a population of boundedly-rational investors. In each period, they 

decide on the allocation of investment capital among different technological options. They tend to 

invest in below-average cost technologies, just as under replicator dynamics. In addition, they devote a 

certain fraction of investments, captured by mutation and recombination, to alternative technologies 

and research on recombinant innovation. In this context, mutation and recombination are conceptual 

variables with concrete behavioural interpretation which depicts the heuristic decision rules of 

investors. Mutation can capture a number of types of potential behaviours: namely, the inability of 

investors to perfectly assess the profitability of different technologies, costly experimentation, 

deliberate portfolio diversification, and risky investments in new technologies. In addition, 

investments in recombinant innovation may stimulate the emergence of a new technological option, 

which is initially absent from the market.  

We studied evolutionary dynamics for three different selection environments: namely, where 

selection operates on technologies characterized by constant costs; by costs that decrease steadily and 

exogenously over time; and by costs that change depending on the level of cumulative investments. 

The results revealed that, for each selection environment, mutation enhances diversity while 

recombination decreases it. Diversity was defined in the simplest possible way as the number of 

options in the market. To stimulate the coexistence of technological options in the long run, 

experimenting with variations of existing technologies is to be recommended. A high recombination 

rate increases the probability that a new technology emerges and will ultimately dominate. Thus, 

investments in recombinant innovation are crucial to induce the substitution of incumbent technologies 

by a new emerging technology.  

In addition, the results suggest that, in the constant selection environment, more investments in 

diversification and innovation research increases the average cost of investments in different 

technologies at any point in time. For an alternative selection environment, where costs change 

steadily over time, more investment in diversification decreases the average cost; while more 

investment in recombinant innovation typically increases it if the average costs in evaluated after a 

certain period of time. This relationships are reversed where unit costs decrease along the learning 

curve. In fact, here the lowest possible average cost of investments has been achieved in the absence 

of investments in diversification. Thus, here the optimal strategy in terms of minimizing the average 

cost is investing solely in recombinant innovation. In the version of the mdeol with costs decreasing 
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steadily exogenously over time the optimal strategy is to diversify the research portfolio, with no 

investments being made in research on recombinant innovation.  

The results illustrate that the analysis of the properties of replicator dynamics extended with 

mutation and recombination provides insight into the process of induced technological change. Policy-

makers often face a trade-off between short- and long-term economic benefits, or between private and 

social benefits. Investing solely in the currently most profitable technologies is often due to short-term 

bias. The question arises how many scarce resources should be diverted from incumbent technologies 

towards alternatives and innovation research. It was shown here that the benefits from increasing 

returns (due to specialization) and from recombinant innovation (due to diverse options) depend on the 

specific features of the system, such as the type of selection environment, opportunities for cost 

reduction, and the time horizon. Our model offers a new formal tool to address these issues. 

 

 

APPENDIX A4 

Table 4.3. Parameter settings corresponding to different trajectories depicted in Figures 2a-f, 6a-f and 
8a-f. 
 

Variation in parameter values Trajectory Fixed parameters per trajectory 
 

(always a=b=g=1, 
 β1=β2=0.05, and β3=0.35) 

Figures 2a,b, 

6a,b and 

8a,b  

(always µ=0) 

Figures 2c,d, 

6c,d  

and 8c,d  

(always r=0) 

Figures 2e,f, 

6e,f  

and 8e,f 

1 c10=0.1, c20=0.2, c30=0.4, δ=0.5,  r=0.5 µ=0.6 r=0.5, µ=0.6 

2 c10=0.4, c20=0.2, c30=0.4, δ=0.25 r=0.15 µ=0.3 r=0.15, µ=0.3 

3 c10=0.2, c20=0.2, c30=0.4, δ=0.5 r=0.2 µ=0.6 r=0.2, µ=0.6 

4 c10=0.1, c20=0.5, c30=0.2, δ=0.1 r=0.2 µ=0.2 r=0.2, µ=0.2 

5 c10=0.1, c20=0.2, c30=0.4, δ=0.5 r=0.9 µ=0.2 r=0.9, µ=0.2 

6 c10=0.3, c20=0.2, c30=0.9, δ=0.5 r=0.01 µ=0.1 r=0.01, µ=0.1 

7 c10=0.9, c20=0.2, c30=0.1, δ=0.6 r=0.7 µ=0.4 r=0.7, µ=0.4 

  8* c10=0.1, c20=0.2, c30=0.7, δ=0.9 r=0.2 µ=0.9 r=0.2, µ=0.9 

9 c10=0.7, c20=0.1, c30=0.4, δ=0.9 r=0.8 µ=0.7 r=0.8, µ=0.7 

10 c10=0.5, c20=0.2, c30=0.4, δ=0.3 r=0.8 µ=0.5 r=0.8, µ=0.5 

 
Note:* Trajectory 8 is not depicted in Figures 8c to 8f, as the dynamics result in values of technology shares of investments 
falling outside the plausible range [0,1]. 

 

 

 

 

 
 

 



 111 

 

Chapter 5  

 

An evolutionary model of energy transitions with interactive 

innovation-selection dynamics  

 

 

5.1 Introduction 

A transition to sustainable development requires the substitution of high- by low-carbon intensive 

technologies. The latter include renewable energy technologies, which are characterized by high unit 

costs of installation and exploitation. Their deployment involves vast investments in R&D activities 

and supporting infrastructure. Without costly investments, renewable technologies have little chance 

to become cost-effective and competitive. A critical mass of financial capital devoted to these 

technological options is likely to play an important role in inducing a transition to a more sustainable 

energy system. However, producers have little incentive to shift finance away from mature industries, 

as long as there are opportunities to acquire rents from incremental improvements in incumbent 

technologies (Perez, 2007). On the other hand, investing solely in the most profitable solutions, 

currently based on fossil fuels, represents a short-term perspective because of their impact on the 

environment. The crucial question is thus how many scarce resources (investment capital) to divert 

from fossil fuel technologies towards renewable or less polluting technologies, while ensuring the 

security of the energy supply. 

Diversifying investments in energy projects is essential to the process of technological change. 

Maintaining a variety of technological options may improve the ‘adaptability’ of the system, minimize 

risks associated with unforeseen contingencies, and prevent lock-in of a dominant technology. In 

general, firms which invest in a number of research projects, thus diversifying their research 

portfolios, are capable of modifying existing technologies more easily and of applying these 

technologies later across different products and markets at lower costs (Granstrand, 1998). By 

widening their knowledge base through portfolio diversification, firms may increase their capacity to 

absorb new knowledge. Indeed, combining existing technologies and ideas is recognized as an 

important source of innovation (Weitzman 1998b; Fleming and Sorenson, 2001; Olsson and Frey, 

2002; Tsur and Zemel, 2007). Similarly, experimenting with variations of existing technologies may 

contribute to knowledge creation. Nevertheless, economists often emphasize the high costs involved in 

maintaining diversity, such as lost advantages of scale and specialization (increasing returns to scale, 

including scale economies), organizational costs associated with the coordination and integration of 

multiple projects, and the cost of carrying out multi-disciplinary R&D activities. A recent study 
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examines the optimal trade-off between the benefits of diversity and specialization using a formal 

model (van den Bergh, 2008b). 

To capture the synthesis or interaction between innovation and selection in the process of 

energy substitution, we propose an evolutionary-economic approach based on replicator dynamics 

extended with recombination and mutation. The latter represent two types of innovation: namely, 

those that occur through recombination of existing technologies and those that occur through variation. 

The result is a general model of interactive selection-innovation dynamics. The proposed framework 

builds upon three lines of modelling in theoretical biology: the quasi-species equation (Eigen, 1971; 

Eigen and Schuster, 1979; Hofbauer, 1985; Schuster and Swetina; 1988; Bull et al., 2005; Nowak, 

2006); replicator-mutator dynamics (Hadeler, 1981; Stadler and Schuster, 1992; Bomze and Burger, 

1995; Nowak et al., 2001, 2002; Komarowa, 2004; Nowak, 2006); and ‘recombination’ dynamics 

(Feldman et al., 1980; Barton, 1995; Boerlijst et al., 1996; Jacobi and Nordahl, 2006). The approach 

was developed in Chapter 4 of this thesis. Here, we propose its stylized application to describe an 

energy transition. In particular, we analyse the process of substitution of technologies characterized by 

low unit costs but high social or environmental costs with a ‘cleaner’ technology that has a currently 

high unit cost but a potential for cost reduction. 

Model dynamics can be interpreted as follows. In each period, investors tend to invest in 

below-average cost technologies. In addition, they devote a certain (constant) fraction of investments, 

captured by mutation and recombination, to alternative technologies and research on recombinant 

innovation. Mutation and recombination determine the probability of the emergence of a new 

technology that is initially absent in the market. They are modelled here as conceptual variables with 

concrete behavioural interpretation, describing heuristic decision rules of boundedly rational investors. 

Mutation can be seen as capturing costly experimentation, deliberate portfolio diversification, risky 

investments in new technologies, or the inability of investors to perfectly assess the profitability of 

different technologies. Recombination describes a fraction of investments devoted to research on 

recombinant innovation.  

We study evolutionary dynamics for different versions of the model: namely, where selection 

operates on technologies characterized by constant costs; by costs that decrease steadily and 

exogenously over time; and by costs that change depending on the level of cumulative investments. 

The latter reflects learning-by-doing or learning-by-experience (Arrow, 1962). For each version of the 

model, we identify the conditions under which a new technology emerges, and the existence (at the 

end of the investment horizon) of a variety of options is feasible. In addition, we examine which 

decision rules, described by mutation and recombination rates, are optimal in terms of minimizing the 

average cost observed at the end of the investment horizon or the total cost of investments in 

alternative technologies and recombinant innovation over the entire investment period.  The total cost 

is relevant to assess how costly it is to realize a certain mix of energy technologies at a certain time, 

while the average cost at any point of time can be regarded as indicative of the cost of future (further) 
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development or maintenance of the system. There is a trade-off between short- and long-term benefits: 

investing in the currently cheapest technological option may be cost-effective in terms of minimizing 

immediate costs, but in the long run it can involve forgone benefits from recombinant innovation or 

from providing other technologies with good learning-by-doing and learning-from-experience 

opportunities. Under certain conditions, investments in alternative (initially more expensive) 

technologies may contribute to a considerable reduction in their costs, or facilitate the emergence of a 

new technology with a great potential for cost reduction in the future.  

The remainder of this chapter is organized as follows. In Section 5.2, we review existing 

models of technological substitution in the energy sector. In Section 5.3, we offer a stylized 

application of the model developed in Chapter 4.4 to energy substitution and perform a numerical 

analysis. Section 5.4 concludes. 

 

5.2 Existing models of technological substitution in the energy sector 

Formal energy models conceptualize the process of technology substitution as following one of two 

simple patterns (Nakicenovic, 1997). According to the first pattern, a new technology becomes more 

attractive as the costs of the traditional technologies increase. Consistent with this view, renewable 

energy can be a substitute for a traditional source of energy because of a rise in the price of the latter: 

for instance, due to the depletion and thus the increasing scarcity of oil resources. Alternatively, the 

cost of new technologies is likely to fall over time because of innovation and experience in production 

that causes renewable technologies to become competitive. Under the assumption that the cost 

decreases at a constant rate it will be cost-effective to postpone investment in renewable technologies 

until they become cheaper over time and current vintages become obsolete. However, if technological 

change depends on learning due to R&D, costly investments are necessary to reduce the costs of 

renewable technologies. Postponing investment decisions is likely to result in a (reinforced) lock-in of 

energy systems to a fossil fuel intensive development path (Nakicenovic, 1997). Nevertheless, 

producers may prefer to delay investments if they expect that the costs of alternative technologies will 

decrease as a result of exogenous improvements in other supporting technologies (e.g. batteries), or 

because of investments undertaken by others, including the government and universities.  

In general, models of technology substitution are classified into bottom-up and top-down 

(Loschel, 2002). The bottom-up models rely on a detailed presentation of distinct technologies within 

the energy system (Mattsson and Wene, 1997; Messner, 1997; Seebregts et al., 1998; Gritsevskyi and 

Nakicenovic, 2000). Here, the objective is to minimize the overall cost of investments and operating 

energy technologies, under system constraints. For instance, Messner (1997) analyses the dynamics of 

investment paths of energy technologies within the Message model, where the objective function is the 

(discounted) costs related to the development of the energy system under a number of constraints: 
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acquiring sufficient supplies of exogenous demands; balancing quantities for all energy carriers and 

periods; satisfying resource availability; and ensuring a sufficient capacity of installed technologies. 

In bottom-up models, technological change requires technological learning, i.e. technology 

cost reductions that occur along a learning curve. For instance, a one-factor learning curve expresses 

changes in technology costs as a function of cumulative installed capacity (Messner, 1997; Gritsevsky 

and Nakicenovic, 2000):  

cit = α Iit-1-β, 

where α is the initial cost and β the learning elasticity (or learning index). The equation implies that, 

with every doubling of total installed capacity Iit, specific costs are reduced by a factor of 2-β, referred 

to as the progress rate. A number of models have endogenized the rate of cost reductions to capture 

technology learning due to learning-by-doing, investment in R&D, and spillover effects (e.g. 

Gritsevsky and Nakicenovic, 2000). In addition, the learning curve can be extended to incorporate the 

learning-by-searching rate, resulting in a two-factor learning curve (Beglund and Soderholm, 2006): 

cit = α Iit-1-β Kit-1
-τ 

Here K is cumulative knowledge through R&D investments up to time t; and τ is the learning-by-

research or learning-by-searching coefficient which characterizes the rate of cost decline due to an 

increase in cumulative knowledge.  

The bottom-up approach ignores the fact that firms and consumers may have imperfect 

knowledge about available technologies or that technologies with similar economic and environmental 

features may constitute imperfect substitutes (Rivers and Jaccard, 2005). Although bottom-up models 

can generate numerous pathways of the energy system, it is difficult to assess the likelihood of the 

occurrence of alternative scenarios. For instance, Gritsevsky and Nakicenovic (2000) simulated 520 

alternative technology dynamics, within which they identified 53 optimal, theoretically feasible (given 

various constraints) technological development paths. One reason for this uncertainty is that the 

bottom-up analysis neglects the effects of interactions of the energy sector with other economic 

sectors. These effects include price distortions and income effects (Bohringer and Rutherford, 2006). 

Alternatively, a top-down approach relies on an aggregated production function for the entire 

economy, where substitution elasticities capture substitution possibilities between energy inputs. It 

describes the energy system in terms of aggregate relationships, which can be derived empirically 

from historical data (Rivers and Jaccard, 2005). Technologies are not described in detail but often by 

an input-output matrix at the industry level. Changes in the matrix coefficients capture other changes 

than cost/price driven improvements in technology that affect energy intensity in a given industry 

sector (Beglund and Soderholm, 2006). The coefficients are updated in each period. For instance, for 

the model with n sectors, the entries of the input coefficient matrix A(t) change according to (Pan, 

2006): 

               A(t)=A(t-1)SO(t)+ AN(t)(1-SO(t)), 
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where Sj
O(t) are the shares of the old process in sector j. The elements aO

ij and aN
ij are technological 

coefficients for old O and new N technological processes, respectively. Recent models endogenize the 

rate of change in technological coefficients (Goulder and Schneider, 1999; Pan, 2006). For instance, in 

Pan’s (2006) model the technical coefficients change along the generalized logistic curve: 
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with a0ij an initial level, aS
ij a saturation level of the coefficient, α the average growth rate, IR&D the 

index of investment in R&D in new technology, and M the maximum growth. Here, R&D activities 

shift the relative weights of technologies in the production process. 

 Top-down models focus on technological change at the aggregate level, and thus do not 

account for the details of different energy technologies and how they can evolve in the future. Some 

attempts have been made to combine bottom-up with top-down type of approaches (e.g. Rutherford, 

1995; Bohringer and Rutherford, 2006). However, no hybrid model is capable of incorporating all of 

the relevant factors at the micro- and macro-levels, including energy prices, availability, different 

aspects of market behaviour, and characteristics of supply and demand at the level of industries 

(Wilson and Swisher, 1993). In fact, most models fail to provide a realistic account of consumers’ and 

firms’ behaviour (Rivers and Jaccard, 2005). The technological and economic complexity and 

multidimensionality of objectives involved in such models makes it difficult to derive concrete policy 

implications from their analysis.  

In the next section, we propose a novel approach to model the dynamics of an economic-

energy system. The model represents a bottom-up framework, which differs from existing models in 

that it relies on a simplified representation of the energy system and assumes myopic behaviour of 

investors and costly experimentation instead of perfect cost-minimizing. In our model, investors 

decide upon the allocation of investment funds between different energy technologies and research 

activities at the beginning of the investment period, and invest according to this heuristic throughout 

the entire investment period. Heuristics are considered to provide a better description of the behaviour 

of producers and investors than perfect optimizing. This is consistent with evolutionary theorizing 

(Nelson and Winter, 1982). In addition, our model allows for recombinant innovation, which is an 

important factor underlying investment dynamics. In general, it is recognized that certain energy 

technologies integrate other technological solutions; for instance, with respect to combined-cycle gas 

turbine technologies, the gas turbine defines two-thirds and the steam unit one-third of the capacity 

(EIA, 2008). In this case, the learning curve can be computed as the weighted average of the 

technology’s components (EIA, 2008). Other types of recombinant innovation follow a more 

complicated, nonlinear pattern. The emergence of recombinant innovation has not been addressed thus 

far in the context of model analyses of the energy sector. The approach proposed here may contribute 

to a better understanding of the mechanisms that underlie technological substitution and the role of 

innovative activities in the context of energy transitions.  
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5.3 Application 

In this section, we discuss the numerical results from applying the model as described by equations 1-

6 in Chapter 4.4 to an energy system consisting of three technologies. We perform, in turn, three types 

of analysis.19 First, in Section 5.3.2 we examine the evolution of shares of investments in a new 

emerging technology for different recombination and mutation rates. In Section 5.3.3 we look at the 

average cost of investments in different technologies achieved at the end of investment period. Finally, 

a third type of analysis conducted in Section 5.3.4 examines the impact of mutation and recombination 

on diversity. To assess the effects of changes in mutation and recombination rates, we adopt a Monte 

Carlo method. For each simulation run, these parameters are randomly generated, i.e. drawn from a 

uniform distribution within a (0,1) range. We perform 1000 simulations each time.  

 

5.3.1 Parameter values 

Initially, we generate a market with three technologies: two exist and one emerges. At the beginning of 

the simulation run, investment capital is allocated equally between two incumbent technologies, while 

no investments are being made in a new, emerging technology (x1,0=x2,0=0.5 and x3,0=0). The 

motivation for this is that the latter technology either is not invented yet or it exists (as a blueprint), but 

because of its high cost has not attracted capital thus far.  

We analyse market dynamics for T=500 time steps, referred to as the investment period (T is 

the time horizon). For simplicity, we set a, g and b to 1. Other parameter values are: c1=0.1 c2=0.2 

c3=0.4, β1=0.05, β2=0.05, β3=0.35. These values imply that Technologies 1 and 2 are mature and 

characterized by a low potential for cost reduction, whereas Technology 3 has a high (the highest) unit 

cost, as well as a high potential for cost reduction. We set relative values of learning rates and costs for 

to approximate the characteristics of energy technologies. Note that estimates associated with different 

energy technologies and time spans vary over a wider range. In particular, for electricity generation 

technologies, learning rates range from 0.03 to 0.35 (Köhler et al., 2006). For instance, depending on 

the data source, gas/oil steam turbine is characterized by a 0.01-0.05 learning rate (EIA, 2003); nuclear 

power by 0.058 (Kouvaritakis et al., 2000); coal power by 0.037 (Jaskow and Rose, 1985), the 

combined cycle gas turbine (CCGT) by 0.34 (Kouvaritakis et al., 2000), and PV technology by 0.35 

(IEA, 2000).  

In the model, we set parameters to approximate gas and steam turbine for incumbent 

technologies, and for a new, emerging technology to reflect the features of CCGT technology. The 

reason is that CCGT can be considered as ‘recombinant’ technology. It integrates gas and steam 

turbine technologies, where the heat produced during the process of extracting energy from gas is used 

to generate electricity with the steam. Electricity generated in the combined cycle is more efficient 

                                                 
19 We use the LSD 5.6 simulation platform to conduct model simulations (downloadable at 
www.business.aau.dk/~mv/Lsd/lsd.html). 
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when compared with the electricity produced with the gas turbine alone, and thus it limits the negative 

impact of power generation on the environment. Moreover, since recombinant innovation may be an 

important source of novelty in renewable energy technologies in the future, the technologies in the 

model are open to alternative interpretations. 

 

5.3.2 Dynamics of new technology shares 

Figures 5.1-5.3 show the shares of investments in Technology 3 observed at the end of the investment 

period for different cost specifications. Figures 5.1a-5.3a depict 1000 points obtained from (different) 

simulations with mutation and recombination rates randomly generated within a range (0,1). 

Histograms in Figures 5.1b-5.3b summarize how many times out of 1000 simulations a particular level 

of shares of investments in Technology 3 was observed at the end of investment period (T=500).    

Figure 1 depicts shares of investments in Technology 3 in the version of the model with 

constant unit costs. Here, changes in the recombination rate have a negligible effect on the share of 

Technology 3 in total investments. On the other hand, a higher mutation rate increases the share of 

investments from a low value (for mutation rate = 0) to its maximum value, here 0.45 (for mutation 

rate = 1).  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
(a) as a function of mutation and recombination rate  (b) histogram (1000 cases) 
 
Figure 5.1. Share of Technology 3 in the investment portfolio for constant units cost 

 
 

For the version of the model with cost decreasing steadily and exogenously over time, shares 

of investments in Technology 3 converge to a value between 0.3 and 0.8; the precise measure depends 

on the mutation and recombination rates (Figure 5.2a). Figure 3a shows similar results for the version 

of the model with costs decreasing along the learning curve. In both cases, investments in Technology 

3 never take over the entire investment portfolio (i.e. never converge to 1), regardless of the decision 

heuristic of investors. In fact, mutation ensures the coexistence of two or three technologies in the 

investment portfolio for a wide range of initial parameter settings, as was shown in Chapter 4.  
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(a) as a function of mutation and recombination rate     (b) histogram (1000 cases) 
 
Figure 5.2. Share of technology 3 in the investment portfolio for costs decreasing steadily over time 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 (a) as a function of mutation and recombination rate (b) histogram (1000 cases) 
 
Figure 5.3. Share of Technology 3 in the investment portfolio for costs decreasing along learning 

curves 

 

The frequency distributions of investment in Technology 3 (in the investment portfolio) vary 

considerably between the different versions of the model, as is shown in the histograms in Figures 

5.1b-5.3b.20 For the version of the model with constant unit costs (Figure 5.1b), the frequency 

distribution is skewed to the left, which means that lower shares of Technology 3 are expected here 

than in models with costs decreasing steadily over time (Figure 5.2b), or costs subject to endogenous 

cost reductions (Figure 5.3b). In the latter case, the frequency distributions are skewed to the right as 

Technology 3 attracts more investments, the lower its unit cost becomes over time.    

                                                 
20 Shares of Technology 3 can take values between 0 and 1. The horizontal axis in Figures 5.1b-5.3b shows the 
frequency distribution of investment shares over a smaller range of values, in particular with the border values 
corresponding to the minimum and maximum investment shares observed in 1000 simulations. 
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Table 5.1 summarizes the results from the regression of mutation and recombination rates on 

the share of technology 3 for each version of the model. Data for the estimation corresponds to the 

values depicted in Figures 5.1-5.3. Formally, we estimate coefficients of the function: 

x3= α0 c + α1 µ + α2 µ2 + α3 r+ α4 r2+ε , 

where c is a constant; and ε is an error term. We include squared mutation and recombination rates to 

account for the non-linear impacts of these variables on the dependent variable (as suggested by the 

patterns in Figures 5.1a to 5.3a). The results confirm the positive and statistically significant impact of 

mutation on the levels of shares of Technology 3 in the version of the model with constant unit costs, 

and its negative impact on the level of technology shares in the model with dynamic cost reductions 

(endogenous or exogenous). The reason behind this discrepancy is that, in the former version of the 

model, constant fractions of Technology 1 and 2 are directed towards Technology 3, while in the latter 

versions of the model these fractions decrease over time as Technologies 1 and 2 become cheaper. For 

each version of the model, the impact of recombination on the share of Technology 3 is positive.   

 

Table 5.1. Regression coefficients for the share of Technology 3 in the investment portfolio 
 

 Selection environment 
 Constant 

unit cost 
Cost decreasing  
steadily over time 

Cost changing along 
 a learning curve 
 

constant 0.05* 
(0.00) 

0.46* 
(0.00) 

0.43* 
(0.00) 

µ 0.85* 
(0.00) 

-0.48* 
(0.00) 

-0.28* 
(0.00) 

µ2 -0.63* 
(0.00) 

0.31* 
(0.00) 

0.13 
(0.03) 

r 0.19* 
(0.00) 

0.27* 
(0.00) 

0.28* 
(0.00) 

r2 -0.08* 
(0.01) 

-0.15* 
(0.00) 

-0.15* 
(0.01) 

number 
of observations 

255 255 255 

R2 0.87 0.68 0.41 
 

Notes: *  variables significant at the 1 percent level. 
p-values for t-statistics are in parentheses 
 

5.3.3 Average and total cost dynamics  

In this section, we study the average and total costs of investments in different technologies achieved 

at the end of investment period for different recombination and mutation rates. In particular, we 

examine which heuristics are optimal in terms of minimizing these costs. The average cost of 

investments is defined here as the weighted average of unit costs: ∑i iticx , and the total cost of 

investments as the cumulative average cost over the entire investment horizon ∑ ∑=

=

Tt

t i iticx
0

. The 

former measures the average spending undertaken at any point of time t, while the latter assesses the 

cumulated investments required for technologies to arrive at unit costs observed at time t=T. The 
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average and total costs are important indicators to evaluate the attractiveness of different investment 

heuristics. The average cost achieved at the end of the investment period t=T may be indicative of the 

future cost of the energy system (for t>T), while the total costs to that date approximates the 

expenditures required to arrive at a certain technology mix in the investment portfolio. The difference 

in the relative levels of the average and total costs for different investment heuristics capture the trade-

off between short- and long-term benefits. Investors concerned about immediate profits will prefer to 

invest in the cheapest technological options. In the long run, this may not be the optimal strategy in 

terms of providing technologies with learning opportunities to reduce their unit costs. Figures 5.4 to 

5.6 present the simulation results. Figures 5.4a-5.6a show the average costs and Figures 5.4c-5.6c the 

total costs of investments as functions of mutation for three alternative versions of the model. Each 

figure presents 5000 points obtained from different simulations with a randomly generated mutation 

rate within the range (0,1), and for the recombination rate set to: r=0, r=0.25, r=0.5, r=0.75, or r=1 

with equal probability. Analogously, Figures 5.4b to 5.6b show changes in the average costs and 

Figures 5.4d-5.6d those in the total costs of investments as a function of recombination. Here, a 

recombination rate is drawn randomly from the (0,1) range before each simulation, and simulations are 

repeated 1000 times for different mutation rates: namely, µ=0, µ=0.01, µ=0.025, µ=0.05, µ=0.075, 

µ=0.25, µ =0.5, µ=0.75, µ=1. As a result, each figure (5.4b to 5.6b and 5.4d to 5.6d) depicts 9000 

points obtained from distinct simulation runs.21  

The simulation results show that in the version of the model with constant unit costs, an 

increase in the mutation or recombination rate contributes to higher average cost and total cost of 

investments (Figures 5.4a-5.4d). Here, an optimal (obvious) solution in terms of minimizing these 

costs is to invest solely in the cheapest technological option. 

In the version of the model with costs decreasing steadily (and exogenously) over time, unit 

costs fall automatically, regardless of the level of investments. Theoretically, both costs of investments 

would be minimized if, in each period, investors shift (all) investment capital towards the cheapest 

available option. However, this assumption is unrealistic: investments in technologies are not perfectly 

mobile; and there are constraints to reallocate capital. In addition, investors may be incapable of 

computing the optimal strategy for each time period. Thus, we assess the impact of various heuristics 

(i.e. how to allocate constant fractions of capital among different technologies) on the average and 

total costs of investments at time t=T. The results from the model simulations suggest that, for a given 

recombination rate, an increase in the mutation rate tends to lower the average and total costs of 

investments (5.5a and 5.5c), except for very low values of mutation. These results are counterintuitive. 

Mutation describes a heuristic rule to detract capital away from the cheapest options; consequently it is 

expected to increase the average cost of investments, which indeed occurs in the alternative versions 

of the model. On the other hand, mutation ensures that some of the investments in a new (initially 

                                                 
21 We do not present simulation results for mutation and recombination simultaneously (randomly) generated, as 
no systematic relations between these parameters and costs could be identified with this type of analysis.  
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expensive) technology are redirected to incumbent (cheaper) technologies. Here, such “back 

mutations” tend to lower the average cost of investments. This may indicate that, if costs decrease 

steadily and exogenously over time, it is beneficial to postpone investments in new technologies until 

they become cheaper. In addition, in the version of the model discussed, a higher recombination rate 

increases the average and total costs of investments (Figure 5.5b and 5.5d). The impact of changes in 

the recombination rate on the total cost of investments is larger for lower values of mutation (Figure 

5.5d), precisely because of the smaller effect of “back mutations”.  

The third version of the model introduces technological learning, meaning that unit costs fall 

as a function of cumulative investments (cumulative knowledge). Costly investments are necessary 

here to induce technological change. Without them new technologies will remain expensive. Certain 

combinations of mutation and recombination rates cause the average cost of investments (at time t) to 

be lower than other combinations as unit costs depend directly on mutation and recombination rates. 

As expected, the results suggest that a higher mutation rate increases the total (Figure 5.6c) and the 

average costs of investments (Figure 5.6a). Exceptionally, if mutation is below a certain threshold 

level µl (or the recombination rate is zero),
22 an increase in mutation tends to decrease the average cost 

of investments. On the other hand, an increase in recombination typically reduces the average and total 

investment costs (Figure 5.6b and 5.6d). A high recombination rate implies that a great deal of 

investment is made in Technology 3, which is assumed here to have the highest potential for cost 

reduction. Provided with sufficient learning opportunities, Technology 3 may achieve a very low unit 

cost.23 As a consequence, the average cost of investments in different technologies at the end of 

investment period will be lower. Here, “back mutations” which cause a high fraction of investments 

being diverted from the emerging Technology 3 to incumbent technologies has the effect of slowing 

down cost reduction of the former.  

In all reported cases (i.e. the three different selection environments), the total cost of 

investments has been minimized in the absence of investments in alternative technologies and research 

on recombinant innovation. Interestingly, in the model with costs decreasing along the learning curve, 

a combination of a low (but positive) mutation rate and a high recombination rate ensures the lowest 

possible average cost of investments achieved at the end of investment period (a point corresponding 

to mutation being equal to µl in Figure 5.6a). Here, a positive value of investments in alternative 

technologies and in research on recombinant innovation may contribute to large reductions in the unit 

cost of an emerging technology. This contrasts with the results obtained for alternative cost 

specifications, where the lowest possible average cost of investments was achieved for zero mutation 

and zero recombination rates. Consequently, if a policy objective is to promote the development of 

cheap technologies, e.g. to secure future energy supply, less investment in diversification and more in 

                                                 
22 The threshold level µl differs for different combinations of mutation and recombination. 
23 Learning rates tend to differ for technologies in different phases of development (Loschel,  2002). After a new 
technology reaches maturity, its learning rate is likely to decrease. 
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recombinant innovation is to be recommended where technologies are characterized by unit costs 

decreasing along a learning curve. This case may be most relevant as empirical evidence indicates that 

the costs of energy-related technologies over time are well described by learning curves (see Köhler et 

al., 2006).  

 

 
 
 
 
 
 
 
 
 
 
 
    (a) Average costs of investments versus mutation                   (b) Average costs of investments versus recombination 
 
 
 
 
 
 

 

 

 

 

 

 

 

      (c) Cumulative costs of investments versus mutation            (d) Cumulative costs of investments versus recombination 

Figure 5.4. Average and total costs of investments, recombination, and mutation for constant unit costs 
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   (c) Cumulative costs of investments versus mutation             (d) Cumulative costs of investments versus recombination 

Figure 5.5. Average and total costs of investments, recombination, and mutation for costs decreasing 
steadily over time 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
    (a) Average costs of investments versus mutation               (b) Average costs of investments versus recombination 
 
 
 
 

 
 

 

 

 

 

 

 

 

    (c) Cumulative costs of investments versus mutation          (d) Cumulative costs of investments versus recombination 

Figure 5.6. Average and total costs of investments, recombination, and mutation for costs decreasing 
along a learning curve  
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5.3.4 Optimal technological diversity 

Maintaining diversity is important for an economic system, as it may improve system adaptability to 

unforeseen contingencies or prevent lock-in to a single technology. Here, we examine technological 

diversity achieved at the end of a simulation run as a function of mutation and recombination rates. 

Diversity is measured by the Simpson index, defined as the squared sum of shares of each technology 

D=Σixi
2 , leading to D ∈(0,1]. This captures two aspects of diversity: namely, variety and balance. The 

former measures the number of options, and the latter the distribution of shares of each category in a 

population.24 Low values of the index reflect a situation of high diversity where two or more 

technologies coexist on the market (i.e. enter the investment portfolio). A high value of the index 

implies low diversity, while a maximum value of 1 indicates that a market is locked into a single 

technology.  

Figures 5.7a, 5.8a, and 5.9a present diversity as a function of the mutation rate, and 5.7b, 5.8b, 

5.9b as a function of the recombination rate, for the three versions of the model. Here, we are 

interested in understanding under which conditions, i.e. mutation and recombination rates, a higher 

diversity can be achieved. The results suggest that mutation generally enhances diversity (Figures 

5.7a, 5.8a and 5.9a), while recombination typically decreases it (Figures 5.8b and 5.9b). The former 

result is consistent with our expectations; as mutation describes the fraction of investment devoted to 

alternative technologies. On the other hand, a higher recombination rate implies that more investment 

from two incumbent technologies is devoted to a new technology. This may significantly increase the 

share of investments in the new emerging technology, thus reducing the diversity of the investment 

portfolio. Only for versions of the model with dynamic cost reductions (where costs decrease either 

exogenously and steadily over time or along a learning curve) does recombination enhance diversity 

for low values of the mutation rates.  

In the version of the model with constant unit costs, recombination does not affect diversity 

(Figure 5.7b).25 This suggests that, for a given mutation rate, a unique distribution of technological 

shares can be identified at which the system stabilizes, for any value of the recombination rate. In 

addition, in versions of the model with constant costs and cost reductions occurring along the learning 

curve, in the absence of mutation, the system gets locked into a single technological standard (Figures 

5.7b and 5.8b). Here, regardless of the value of the recombination rate, the diversity index is equal to 1 

(corresponding to the minimum diversity). 

In conclusion, investments in different technologies stimulate the coexistence of technological 

options, while investments in recombinant innovation typically reduce diversity in the long run. In our 

model, investments in recombinant innovation lead to a high concentration of investment in a single 

(emerging) technology. The reason is that we exclude the possibility of combinations of new, 

                                                 
24 In general, the concept of diversity can be elaborated as having three properties: variety, balance, and disparity 
(Stirling, 2007). 
25 Only for high values of mutation rates does an increase in recombination slightly decreases diversity. 
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emerging technologies with incumbent technologies. Allowing for this would enhance diversity over 

time. For instance, in Weitzman’s (1998b) model, the number of new combinations is a function of the 

number of existing (new and old) ideas. He shows that, if this number is the only limiting factor in 

knowledge production, super-exponential growth results.  

All in all, recombinant innovation in our model has the disadvantage of decreasing 

technological diversity in the overall system. However, if a new, emerging technology ultimately 

dominates the investment portfolio (see, Section 5.3.2), this can be considered as a successful case of 

technological substitution, i.e. a replacement of socially or environmentally unattractive technologies 

with a much more attractive one, e.g. fossil fuel by a renewable or less polluting energy technology.  

 

 
 
 
 
 
 
 
 
 
 
 
 
      (a) Diversity versus mutation                                 (b) Diversity versus recombination 

Figure 5.7. Diversity, recombination, and mutation for constant unit costs 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
       (a) Diversity versus mutation                 (b) Diversity versus recombination 

Figure 5.8. Diversity, recombination, and mutation for costs decreasing steadily over time  
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        (a) Diversity versus mutation                        (b) Diversity versus recombination 

Figure 5.9. Diversity, recombination, and mutation for costs decreasing along the learning curve 
 

 

5.4 Conclusions  

In this chapter, we have developed a stylized application of an evolutionary model of technological 

substitution in order to study the replacement of energy technologies. The framework describes a 

population of boundedly rational investors. In each period, investors decide on the allocation of 

investment capital among different technological options. They tend to invest in below-average cost 

technologies. In addition, they devote a certain fraction of investments, captured by mutation and 

recombination, to alternative technologies and research on recombinant innovation. Here, mutation 

and recombination are conceptual variables with concrete behavioural interpretations, describing the 

heuristic rules of investors. Mutation can capture a number of types of potential behaviours: namely, 

the inability of investors to perfectly assess the profitability of different technologies, costly 

experimentation, deliberate portfolio diversification, and risky investment in new technologies. In 

addition, investment in recombinant innovation may stimulate the emergence of a new technological 

option that was initially absent on the market.   

We examined the evolution of the energy system in the context of two incumbent energy 

technologies and an emerging one. The incumbent technologies are mature and characterized by a low 

potential for cost reduction, while the new, emerging, potentially less polluting, technology has high 

unit costs but also a high potential for cost reduction. We studied evolutionary dynamics for three 

different versions of the model, namely where selection operates on technologies characterized by 

constant costs; by costs that decrease steadily and exogenously over time; and by costs that change 

depending on the level of cumulative investments. 

The analysis shows that the different heuristics of investors yield qualitatively different 

outcomes in terms of the structure of the investment portfolio. For each version of the model (or 

selection environment), a new technology did attract some investment capital, but it was never able to 

take over the entire investment portfolio. For the constant selection environment, investment in 
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diversification increases, while in the alterative versions of the model with dynamic (endogenous or 

exogenous) cost reductions, such investment reduces the share of investments in the new emerging 

Technology 3 over time. In addition, for each version of the model more investment in recombinant 

innovation increases the investment share of the new technology in the investment portfolio achieved 

at the end of investment period. 

We examined which heuristic decision rules of investors, regarding the allocation of capital 

among different technological options, are optimal in terms of minimising the average and total costs 

of investments at the end of investment period. The simulation results suggest that, in all versions of 

the model the total and average costs of investments are minimized in the absence of investments in 

diversification or research on recombinant innovation. The only exception is in the version of the 

model where the cost falls along a learning curve. Here, the optimal investment rule involves investing 

a small amount of capital in diversification and a larger fraction of investment capital in research on 

recombinant innovation. Thus, to achieve the cheapest possible mix of technologies in the long run, 

investment in recombinant innovation and diversification is to be recommended when costs decrease 

along learning curves. In fact, the learning curve is a sort of stylized fact in the energy literature. 

In addition, it was shown for each version of the model that investments in alternative 

technologies enhance diversity over time, whereas investments in recombinant innovation reduce it. 

More investment in recombinant innovation typically causes a new technology to capture a large share 

of investment, thus decreasing the diversity of the technological portfolio (by reducing its balance). 

The latter is a consequence of excluding in the model the possibility of further innovations from 

recombinations of new emerging and incumbent technologies. On the other hand, the successful 

substitution of energy technologies requires that investment in a new emerging technology starts to 

dominate the investment portfolio, which was more likely to occur for versions of the model with 

dynamic (exogenous or endogenous) cost reductions. 

The proposed model provides insight into the process of induced technological change. The 

benefits of increasing returns (due to specialization) and of diversity (due to “keeping options open”) 

depend on the specific features of the system, such as the type of selection environment, opportunities 

for cost reductions, and the length of the investment period. The question arises how many scarce 

resources should be diverted from incumbent technologies to alternative solutions and innovation 

research. The model developed in Chapter 4 provides an analytical tool to address this issue, which we 

have illustrated with an application to substitution of energy technologies, in this chapter. 
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Chapter 6 

Industry evolution, rationality and the transition to sustainable 

electricity production 

 

6.1 Introduction 

 

A transition to sustainable development is inconceivable without restructuring the electricity industry. 

However, the future structure of a low-carbon system is uncertain. The process of change in electricity 

systems can take numerous pathways. Carbon sequestration is one of the viable options to mitigate the 

negative effects of carbon emissions. In addition, diversification of electricity production with 

renewable energy sources can reduce the negative environmental impact of economic activities. 

Combining energy technologies that differ with respect to baseload, capital and operating costs 

facilitates a better response to fluctuations in demand and may reduce the total cost of electricity 

generation (Awerbuch, 2006; Joskow, 2006). Among renewable technologies, solar power, ocean 

energy, and advanced forms of bioenergy are still in their early stages of R&D research. Technologies 

such as wind, some advanced forms of bioenergy, and solar energy (PV) have been proven to be 

technologically feasible, but still require substantial cost reductions through market experience. On the 

other hand, hydropower, biomass, solar thermal, geothermal, and nuclear energy are already mature 

and cost competitive. Nevertheless, high up-front costs, social resistance and local site issues, 

including access to a grid, are important obstacles that are preventing their wider adoption (Neuhoff, 

2005). An understanding of transitions towards a low-carbon economy requires an assessment of the 

determinants behind the substitution of old by new technologies in the electricity industry. Economic 

policies create a selection environment that favours the adoption of certain technological solutions. 

Once a power station is built, there are few opportunities to restructure its production. Consequently, 

technological change relies on the diffusion of power stations, which embody new energy 

technologies. A decision to open and operate a plant involves the long-term assessment of uncertain 

costs and related risks in a particular institutional context. Evidently, new installed capacity affects 

prices and output in the electricity industry and thus prospective entry (Bushnell and Ishii, 2007).  

Modelling electricity markets is not straightforward, although production functions are 

relatively simple and well understood. Electricity is a unique product, in that it cannot be stored and 

needs to be consumed continuously. Power stations produce a homogeneous energy output, but differ 

with respect to load (base, intermediate, peak),26 thermal efficiency, turbine types and fuel source, all 

                                                 
26 Baseload generating facilities, such as coal, nuclear, hydroelectric and geothermal stations, have relatively 
high capital and low operating costs. They can operate most of the time at full or close to full capacity. Because 
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of which affect the costs of electricity production. Competition between power generating companies 

determines the wholesale price of electricity. In many countries, the liberalization of wholesale 

markets has been accompanied by the creation of a competitive retail market, where retailers sell 

electricity to end-customers (Green, 2003). Specific trading arrangements in both wholesale and retail 

markets are likely to affect electricity output.  

Three major trends in the modelling of electricity markets can be distinguished (Ventosa et al., 

2005): optimization models; equilibrium models; and dynamic simulation models. In optimization 

models, the optimal outcome is derived from the profit maximization by a single firm. These models 

differ with respect to modelling assumptions and specific objectives (Ventosa et al., 2005). For 

instance, price can be exogenous or determined by a residual demand function (a “leader-in price” 

type of model). The research questions may focus on: the optimal schedule (of bidding strategies) for 

each electricity generator owned by a single firm (Rajamaran et al., 2001); the optimal purchase of 

financial assets (Fleten et al., 2002); or the optimal offer curve of an electricity-generating firm 

(Anderson and Philpott, 2002). 

Equilibrium type of models account for the interactions of all competing firms on the 

wholesale markets. Pricing and output decisions vary here, depending on the type of competition. The 

latter can take the form of: Bertrand price competition (der Fehr and Harbord, 1993), Cournot 

competition (Hobbs et al., 2004), or supply function equilibrium following the Klemperer and Meyer 

(1989) approach (Green and Newbery, 1992; Rudkevich et al., 1998). In some models, generators can 

enter bilateral contracts to hedge against price volatility (Green, 1999; Boresteim and Holland, 2005; 

Borensteim, 2005). It has been theoretically shown that long-term contracts can reduce wholesale 

electricity prices in the presence of market power (Powell, 1993; Newbery, 1998; Green, 1999; Wolak, 

2000; Green, 2003). The type of agreement affects not only the efficiency of electricity production but 

also investments decisions (Onofri, 2003). For instance, contracts that guarantee fixed sales may 

minimize the risk associated with investing in additional capacity.  

Most optimization and equilibrium models ignore important aspects of electricity markets, 

such as constraints of grid transmission, learning by firms, investments in capacity expansion, and 

interactions between firms and consumers in multiple markets, e.g. fuel (gas), wholesale and retail 

markets. The demand side is usually given and price insensitive, or alternatively described by a static 

demand function (linear or concave), according to which it changes in response to price fluctuations.  

Recently, a number of simulation models of electricity markets have appeared. These include 

both equilibrium and agent-based approaches (Ventosa et al., 2005). In the former, firms’ decisions are 

described by a set of sequential rules conditional on actions of other firms, so that, in effect, a time 

dimension is added to the (static) equilibrium conditions. However, electricity markets rarely display 

                                                                                                                                                         
of their high capital-intensity, their output cannot be adjusted quickly to cover fluctuations in demand, especially 
during peak hours. Intermediate or peak-load stations (typically fuelled by gas or oil) are characterized by lower 
capital, but higher operating costs.  
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the properties attributed to market equilibria (Bushnell and Ishii, 2007). Empirical evidence suggests 

that actual prices may not match those implied by theoretical models. For instance, Wolak and Patrick 

(1997) show that, in the spot market, firms have an incentive to withhold capacity in order to drive up 

the pool price. On the other hand, Wolfram (1999) presents some evidence that incumbent generators 

in the UK might have restrained prices to deter new entrants. 

The distinctive feature of agent-based models is that agents (typically firms) learn from 

experience, while their interactions takes place away from the equilibria. Formally, learning is 

modelled with an algorithm that increases the probability of successful decision rules, such as bidding 

strategies and output or pricing decisions, being more frequently used over time. The process allows 

market participants to adapt to changes in the environment. Agent-based simulation is a unique 

method that enables the analysis of feedback effects between heterogeneous electricity generators at 

the micro-level and macro-regularities emerging from these interactions. The flexibility of its design 

has made it possible to increase the complexity of models of the electricity industry, through 

introducing demand side dynamics (e.g., active demand bidding in Bunn and Oliveira, 2001), grid 

constraints (e.g. Koesrindartoto et al., 2005), multiple markets and different time horizons (e.g. 

Conzelmann et al., 2004; Sensfuβ et al., 2007; Micola et al., 2008).  

A main drawback of agent-based modelling is the difficulty of validating simulation results 

(Fagiolo et al., 2007). For instance, approaches to model individual learning vary from genetic 

algorithms, learning classifier systems to genetic programming. The use of a specific form of learning 

algorithm is hardly ever justified in the papers (Weidlich and Veit, 2008). A number of large-scale 

national agent-based electricity simulation models have been proposed, such as EMCAS, N-ABLETM 

for the USA (Conzelmann et al., 2005; Ehlen and Scholand, 2005; Ehlen et al., 2007) and NEMSIM 

for Australia (Batten and Grozev, 2006). These models rely on detailed regional studies and data on 

the costs of existing power plants. However, they are generally not well documented, which 

particularly holds true for the source code and behavioural rules (Weidlich and Veit, 2008). As a 

consequence, replication of specific results by independent researchers is almost impossible, even 

though this constitutes a fundamental method of validating experiments in different disciplines. 

Replication can help discover the hidden unrealistic assumptions and sensitivity to changes in the 

parameters of proposed models (Mitchell, 2009). This opportunity is largely unexplored by modellers 

of electricity markets. 

The purpose of the majority of existing simulation models is to provide insight into the 

possible evolution of electric power markets under deregulation (Macal and North, 2005). A research 

goal is to determine a good market design that minimizes instances of exercising market power 

(Weidlich and Veit, 2008). However, the evolution of electricity markets is typically analysed for a 

given market structure, i.e. of installed plants. Only in a few models do agents invest in the expansion 

of (already installed) capacity (e.g. Murphy and Smeers, 2005; Tishler et Al., 2008). In even fewer 

models are entries of new generators allowed (e.g. Czernohous et al., 2003; Bushnell and Ishii, 2007; 
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Marchon, 2007). Notably, without the latter the long-term implications of specific market designs 

cannot be meaningfully assessed.   

In this chapter, we propose a new approach to model technology substitution in the electricity 

industry, which builds on industry-evolution models (e.g. Nelson and Winter, 1982; Atkeson and 

Kehoe, 2005) and integrates some elements from simulation models. Following these approaches, 

modelling assumptions deviate from the notion of representative agents, so as to allow the diversity of 

technologies employed by heterogeneous plants to be addressed. In the model, production is described 

by a Cobb-Douglass function that accounts for substitution of fuel, labour and capital in electricity 

generation. This opens the “black box” of the production function assumed in most simulation models 

of electricity. Like in other equilibrium models, pricing and output decisions are modelled as a 

Cournot game. Unlike in most other models, long-term investment decisions concerning the size and 

fuel type of a new plant are endogenous, while the productivity of incumbent plants can change over 

time as a result of innovation and learning-by-doing.   

The purpose of the proposed model is two-fold. A first goal is to evaluate market design in 

terms of supporting diversity of energy technologies in energy production, while keeping prices at a 

reasonable level. In particular, we compare the long-term effects of different model designs on market 

dynamics in the presence and the absence of a forward market. An additional research question 

concerns the pattern of input use in electricity production. This has not been addressed thus far in 

simulation models, even though the observed dynamics of fuel use can provide insight into the process 

of making a transition to a more sustainable electricity sector. From this perspective, the market design 

that reduces or eliminates the use of the combustion of fossil fuels – the main source of carbon 

emissions in electricity generation – is of special interest.  

A second goal of this chapter is theoretical. The literature proposes a variety of approaches to 

model electricity markets (Macal and North, 2005; Ventosa et al., 2005; Sensfuβ et al., 2007; Weidlich 

and Veit, 2008). However, no systematic comparison between different models and their results has 

been undertaken. It is not entirely clear for which purposes a specific type of modelling approach is 

the most appropriate. This is problematic, since equilibrium simulation models often provide results 

that differ from those of agent-based models. In this chapter, we offer an initial step to compare these 

two different model types. We will refer to these as ‘rational’ and ‘evolutionary’ model versions 

further on in the paper. The first of these terms corresponds to equilibrium simulation models, and the 

second to agent-based models.  

In the first model type, a decision to invest in a new power plant is determined by the total 

discounted value of investments. We refer to this model version as ‘rational’ motivated by the fact that 

investors’ decisions are based on the maximization of long-term profits. However, this model also 

includes elements that can be considered ‘evolutionary’: a population of heterogeneous plants, 

selection among different energy technologies, while technology productivity changes over time due 

to stochastic innovations. Each period, a new plant enters the market. It embodies energy technologies 
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that correspond to the highest total discounted value. This type of modelling of long-term decisions is 

most often encountered in the investment literature. At least theoretically, investments in generation 

and distribution networks are chosen to deliver the least cost solution, given the government’s policy 

to affect the fuel mix (Newbery, 2004). However, in reality, the exertion of market power by 

oligopolistic firms, confidential contracts, institutional arrangements, lobbying processes, mergers and 

acquisitions, all affect outcomes in the electricity industry (Bushnell and Wolfram, 2005). Moreover, 

uncertainties about the future dynamics of fuel costs and potential technological improvements in 

different technologies make it difficult to perfectly assess the value of such investments. For this 

reason, in the second type of model, we assume myopic behaviour of investors. Each period of time, a 

plant which embodies a specific energy technology is added to the “population” with a probability 

proportional to the relative profits generated by this technology in the last period. Diffusion of 

technologies that ensures above-average profits is well established in the evolutionary-economic 

literature and goes back to Nelson and Winter (1982). This captures learning by firms about which 

technologies perform well in a changing environment.  

To our knowledge, we offer the first framework and model to study the evolution of the 

electricity industry and compare market designs in the context of imperfect competition between old 

and new technologies associated with different energy types, with endogenous entry, and with 

innovation in productivity (namely, the thermal efficiency) of plants. We feel these are important 

features of electricity markets that affect the process of technological change and that should inform 

good policy making. We calibrate the parameters on the data for the electricity industry in the UK. 

The history of the electricity sector in the UK is an interesting case as a subject of study. First, it is 

well documented and extensively discussed in the literature. The Department of Trade and Industry 

(DTI) provides detailed historical data on the electricity industry. To stimulate liberalization of the 

electricity market, the government has implemented various polices to encourage market competition 

and support promising (cost-effective) technologies. The aim of the privatization policies was to bring 

about price reductions and efficiency improvements (Thomas, 2006). We assess the effect of various 

institutional arrangements on the latter and derive insight for transitions towards a low-carbon 

economy.  

The remainder of this chapter is organized as follows. In Section 6.2, we discuss the historical 

determinants of investments in new power stations in the UK after privatization. In Section 6.3, we 

propose a formal model to study substitution of energy technologies in electricity production. Section 

6.4 presents the results. Section 6.5 discusses the implications of these results for making a transition 

to low-carbon electricity.  Section 6.6 concludes.  
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6.2 History of the electricity industry in the UK  

Investments in installed capacity in power stations which embody new energy technologies are crucial 

to the process of technological change. A number of factors have an impact on investors’ decisions, 

including: retirement of older units, demand growth, CO2 policies, relative costs and availability of 

energy technologies, heterogeneity of firms, and time-lags involved in constructing plants (Bushnell 

and Ishii, 2007; Joskow, 2008). Potential investors expect to cover their variable and fixed operating 

costs with revenues earned over the lifetime of a power plant (Joskow, 2006). However, the long-term 

profitability of investment projects is often difficult to assess due to the uncertainty about future 

demand and investments undertaken by others, as well as about changes in institutional arrangements. 

In this section, in documenting the determinants of such investments, we focus on the history of newly 

installed capacity in power plants in the UK. We highlight the institutional factors and motivations of 

individual investors. We look at the role of: state support for fossil fuels, nuclear energy, and non-

fossil fuel technologies; public R&D investments; and retail and wholesale trading arrangements. 

 The history of electricity in the UK has been the subject of extensive analysis (e.g. Mitchell, 

2000; Mitchell and Connor, 2004; Newbery, 2004; Thomas, 2006). The UK privatization and 

regulatory changes have been closely observed as a possible model of reform for other countries 

(Green and Newbery, 1992). Before 1990, the Central Electricity Generating Board owned all the 

generating plants and the transmission system. Its consumers were 12 government-owned Area Boards 

which distributed electricity to end-use customers. In 1990 the Area Boards were privatized and 

converted into 12 Regional Electricity Companies (RECs). Electricity-generating plants were divided 

into two privatized companies: National Power and PowerGen, while a publicly-owned company 

Nuclear Electric took over the nuclear plants. In 1995 the ownership of Nuclear Electric was 

transferred to British Electric, and subsequently sold to the private sector in 1996. Currently, the 

electricity industry is divided into three foreign companies and three British-owned companies.  

Figure 6.1 presents the structure of the electricity industry by energy source over the period of 

1970-2007. During the entire period, the energy mix has been dominated by fossil fuels. Public 

policies influenced the particular structure of energy technologies. Without these, the British coal 

industry might have collapsed after privatization as coal was produced at above world market prices. 

To avoid severe social distress, the government required power generating companies to contract large 

quantities of coal from the nationalized British Coal between 1990 and 1993 (Thomas, 2006). The 

contracts were renewed for five more years, although with declining prices and volumes. Similarly, 

nuclear power would have been on the verge of bankruptcy, if it had not been for a substantial subsidy. 

In 1998, the support for nuclear power plants was withdrawn following EU directives. Soon after, in 

2001, the Nuclear Electric faced additional liquidity difficulties as the wholesale price of electricity 

fell significantly. This relates to the fact that the bulk of operating costs of a nuclear power plant are 
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fixed and still need to be incurred even if the plant is not at work. As a result, profits are very sensitive 

to prices (Hewlett, 2005).  

The use of gas in electricity production increased steadily in the early 1990s. It accelerated in 

1998 with the end of the coal contracts and nuclear plants, thus creating a space for new electricity 

generators. Combined cycle gas turbines (CCGT) dominated among the new entrants. The technology, 

which combines gas and steam turbines, is relatively cheap to install due to low capital costs and the 

short time involved in setting up plants. Nevertheless, the dominant position of the technology cannot 

be explained by this alone (Watson, 2004). Technological flexibility of gas turbines, saturation of 

incumbent fossil fuel technologies, concerns over nuclear security, and strong technical competencies 

of dominant manufacturers in the design of gas turbines, all motivated a number of policy decisions 

which facilitated replacing coal by gas in electricity production. This left behind other promising 

technologies, such as the fluidized bed boiler (Watson, 2004).  

 

 

 

 

 

 

 

 

 

 

 

Figure 6.1. Energy input for electricity generation (million tonnes of oil equivalent)   
Source: http://satts.berr.gov.uk/energystats/dukes5_1_3.xls 
 

Public R&D investments are important determinants of the cost and performance of energy 

technologies. They are crucial for stimulating private spending, while, in turn, private spending is 

indicative of expectations concerning technological possibilities and market potential (Nemet and 

Kammen, 2007). Prior to 1995 public investment in R&D was dominated by expenditures on nuclear 

energy. Lower expectations about further deployment of nuclear energy and lower profitability of 

nuclear power stations led to reduced funding. Currently, in the UK R&D budgets are spent mostly on 

renewable energy sources, such as solar and wind energy (Figure 6.2b). However, the overall level of 

R&D spending has been fairly low since 1995 (Figure 6.2a) as the government shifted its focus from 

development (R&D investments) to technology deployment. Between 1990 and 2005 total R&D 

spending decreased from 383 million to 107 million euros. In 1990 around 34 million euros (in 2006 

prices) were spent on renewable energy compared with 261 million euros on nuclear energy (IEA, 

- 

10.00 

20.00 

30.00 

40.00 

50.00 

60.00 

70.00 

80.00 

90.00 

100.00 

19
70
19
73
19
76
19
79
19
82
19
85
19
88
19
91
19
94
19
97
20
00
20
03
20
06

time

m
il
li
o
n
 t
o
e

total

coal

oil

gas

nuclear

hydro

wind 

 



 135 

2007). Most recent estimates indicate that R&D budgets for renewable energy increased in 2005 to 55 

million, while those for nuclear energy decreased to 33 million euros.   

 

 

 

 

 

 

 

 

 

 

Figure 6.2a. UK R&D budget per energy source           Figure 6.2b. UK R&D budget for renewable  
energy (in million euros, 2006 prices) 

Source: IEA, 2007. 
 

To promote the deployment of renewable sources of energy, the government announced five 

Non-Fossil Fuel Obligation (NFFO) programmes between 1990 and 1998. Initially, they were set up 

as a means of subsidizing energy from nuclear generation (Mitchell and Connor, 2004). The subsidy 

was financed by means of a Fossil Fuel Levy imposed on the electricity supplier, who passed the costs 

onto customers. The levy, initially high, went down after the support for nuclear energy was 

withdrawn from the programme.  

The NFFO failed to promote diversity of renewable energy. The contracted companies were 

chosen in a highly bureaucratic manner (based on costs within technology bands), and the government 

was accused of picking winners (Mitchell, 2000). Under pressure to reduce the cost of subsidies, the 

DTI increasingly supported large projects. In addition, there was no penalty for companies which won 

contracts but did not implement them. This produced a loss, as contracts for companies that decided 

not to realize projects were not reallocated to other initiatives. Overall, the NFFO scheme could not 

substitute for decreasing R&D support for developing technologies (Elliot, 1996). Since 2002, the 

Renewable Obligation (RO) has been a new support mechanism for delivering renewable electricity. It 

requires electricity suppliers to deliver a certain percentage of the annual supply to final consumers 

from a list of renewable technologies. They can prove they are meeting this obligation by providing 

the necessary amount of Renewable Obligation Certificates (ROC) to the authorities. One certificate 

corresponds to one MWh of renewable energy. Suppliers can purchase ROCs on a trading market or 

they have an option to buy out their obligation. The RO scheme works in principle as a quota 

mechanism. The costs of certificates are passed onto consumers via higher electricity prices. There has 

been controversy over the potential superiority of the RO over a simple tariff programme (feed-in or 

premium), as employed in other European countries. One of the reasons for is that a quota mechanism 
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encourages investments in mature renewable technologies, as the gap between the price of certificates 

and production costs is lower for emerging than for mature technologies. On the other hand, tariff-in 

allows specific technologies to be target directly. In addition, the RO scheme promotes investments by 

incumbent integrated companies and not by independent electricity producers (Mitchell and Connor, 

2004).  

As well as regulatory polices (as discussed above), trading arrangements on the wholesale and 

retail markets for energy determine electricity prices, expected profits, and thus expected entry of new 

power plants. Since the liberalization of the electricity markets, successive British governments have 

implemented a number of controversial reforms regulating trade in these markets. In 1990, the 

Electricity Pool of England and Wales was established. It worked as follows: the authority orders bids 

from electricity generating companies from the most to the least expensive. The last unit needed to 

meet demand sets the official market-clearing price. In this way, some of the electricity-generating 

producers received payments higher than the one they originally bid (Butler, 2001). The Pool was 

criticized as it permitted cases of power-generating companies manipulating prices by withholding 

capacity (Bunn and Oliviera, 2001).  

Initially, under the Pool, electricity generating companies traded most of their production 

through bilateral agreements called contracts-for-difference (typically lasting 3 or 5 years). This type 

of contract specifies the volume and strike price in reference to the Pool price. In 1991, 97 per cent of 

electricity generation was hedged with contracts-for-difference, which dropped to 88 per cent in 1997 

(OFFER, 1998). After 2000 only 25 per cent of the total supply of dominant generators was covered 

by such contracts. Herguera (2000) observes that the correlation between the percentage of total 

production covered by contracts-for-difference and the spot price was negative during 1990s. On the 

other hand, due to a high market concentration (effective duopoly), the efficiency gain from contracts 

has been small (Herguera, 2000).  

In 2001 the New Electricity Trading Arrangements (NETA) replaced the Pool. Under the 

NETA, electricity is traded through bilateral agreements, or bids and offers are matched through the 

Balancing Mechanism on privately-operated power exchanges. Retailers declare the amount they are 

willing to buy based on the expected consumption, and generators the amount they are willing to 

supply. The average cost of the accepted bids to buy power sets the System Buy Price (SBP), while the 

average cost of the accepted offers determines the System Sell Price (SSP) (Evans and Green, 2003). 

The Transmission System Operator (TSO) buys additional excess power or pays generators not to 

generate it. Only a small proportion of electricity is traded through a balancing mechanism (2-3 per 

cent) or through power exchanges in trading arenas (7 per cent) (Association of Electricity Producers, 

2009). Many companies prefer to enter bilateral agreements to hedge against the risk of volatile pool 

prices (Evans and Green, 2003). Under the NETA, there is no market price, and generators are not 

required to place a bid for a plant they wish to operate, therefore contracts-for-difference are not 
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feasible (Thomas, 2006). The NETA favours large integrated companies, which can predict demand 

accurately and quickly adjust their output to take advantage of a high SBP (Thomas, 2006).  

 

Evaluation of the British policies 

Since the early 1990s, the British government has implemented a number of policies to ensure the 

liberalization of the electricity markets, and to reduce policy interventions. In retrospect, the 

privatization polices failed to deliver a transparent wholesale market place for electricity. This was 

partly due to confidential contracts, privileged access to the markets of some players, and a self-

sufficiency of integrated (distribution-generation) companies (Thomas, 2006). The government 

claimed the credit for reductions in electricity prices after 1990 as the apparent success of 

privatization, Thomas (2006) points to other relevant factors behind price reductions. These include: 

the end of coal contracts in 1998; over-contracting of fuel on take-or-pay contracts; the availability of 

a more efficient CCGT; and the fact that the privatization of the electricity industry occurred at less 

than half of its pre-privatization accounting value.  

Promoting diversity in energy supply is an important strategic goal of the government (DTI, 

2003). However, market design, which focuses on market efficiency, creates a particular selection 

environment that promotes solutions based only on their short-term profitability. This may limit 

diversity. Figure 6.3a depicts the evolution of diversity of energy sources in new power plants 

commissioned between 1980 and 2008 in the UK, while Figure 6.3b shows levels of installed capacity 

(MW) in a given year by energy source. Figure 6.3a depicts diversity, as measured with the Shannon 

index: ∑−
i

ii xx )ln( , with xi denoting the share of installed capacity of electricity generated from 

energy source i. A Shannon index equal to 0 indicates minimal diversity (only one alternative). Prior 

to 1990, there was little diversity in installed capacity of new constructed plants. During the period 

1990-1998 with the NFFO programme, diversity increased considerably. Similarly, the RO scheme 

succeeded to stimulate diversity after 2002; and the Carbon Emission scheme introduced in 2004 

possibly enhanced this trend. Recently, diversity seems to be decreasing. This may relate to the fact 

that, in response to new policies that promote low-carbon technologies, large integrated companies 

have already set up renewable energy plants. This way they ensure self-sufficiency in meeting their 

renewable obligations.  
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Figure 6.3a. Diversity of investments in          Figure 6.3b. Newly installed capacity   power  
     plants MW                 by energy source  

Source: Own calculations based on the data from the survey of power plants in the UK by DTI, 2005, 2008. 
 

The change from coal to gas in UK electricity production has parallels with the technological 

transition after the Industrial Revolution. The latter was characterized by a productivity paradox 

implying long delays between an increase in the pace of technical change and the increase in the 

growth rate of measured productivity. This involved the slow diffusion of new technologies and 

continued investments in old technologies even after the transition (Atkeson and Kehoe, 2007). These 

elements can be associated with the UK experience in the electricity industry. The rapid diffusion of 

CCGT technology has been accompanied by ongoing investments in old technologies. During the 

period 1990-`1993, a slowdown in productivity growth in the UK can be observed (Figure 6.4a and 

6.4b), which coincides with periods of large investment in CCGT stations.  
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Figure 6.4a. Total fuel used in                           Figure 6.4b. Gas in electricity production  
     electricity production                      with CGGT technology 

Figure 6.4. Fuel used (million tonnes of oil equivalent – toe) per electricity generated (GWh)  
Source of data: DTI, 2008. 
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Figure 6.5 presents total employment in the electricity sector. It has decreased over time on 

account of technological progress. During the diffusion of the most efficient CCGT stations in 1990, 

the decline in labour use accelerated. A recent slowdown in labour productivity may be associated 

with the fact that incumbent mature technologies have low potential for technological improvements, 

and possibly also with an increase in gas prices that motivate firms to look for substitutes for gas in 

electricity production.  

 

 

 

 

 

 

 

 

 

 
Figure 6.5. Persons employed in electricity, gas and water supply (in thousands of persons) 
Source: UNdata Statistical database. 

 

To investigate the specific mechanisms underlying technological change in the electricity industry, 

and policies to stimulate potential transitions to a low-carbon future, the next section proposes a 

formal model.  

 

6.3 Model specification 

In this section, we present a formal model of the diffusion of new power plants which embody 

different energy technologies. It employs assumptions to capture the particularities of the electricity 

industry. Later, we calibrate parameters to reflect the characteristics of competing technologies, 

notably: coal, combined cycles gas turbine (CCGT), and nuclear. We investigate whether the model is 

capable of generating patterns similar to those observed during the historical transition from coal to 

gas in the UK.  

 

6.3.1 The basic structure of the model 

Time is discrete t=1,2..; each time unit corresponds to a period of 1 year. Production of electricity is 

carried out in heterogeneous plants i characterized by age sit,, specific productivity νit, and energy 

source j (coal, CCGT, nuclear). Maximum output produced by plant i is constrained and determined 

by its installed capacity ki. In particular, a plant can produce 8760 λi ki kWh electricity per year, where 

each technology j is described by factor substitution of inputs in production (αKj, αLj αFj), fuel cost pjt, 
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maximum lifespan Tj, and capacity factor λj intended to capture periods of decreased production due to 

economic reasons (low profitability), obligatory maintenance, etc. 27 

The structure of model’s dynamics is as follows. At the beginning of each year t, plants set 

their production qit and the amount of production they want to sell on the forward market fit (given the 

capacity constraint qit  < λi ki and fit < qit) so as to maximize profits (Allaz and Vila, 1993): 

itttitititittit fpxGqmqp )( −+−−=π ,             (1) 

where pt is the spot market price determined by a static demand function (below); mit is a marginal 

cost; Git represents a fixed cost (i.e. load capacity costs); and x is a strike price for a quantity fit.. 

Consequently, fit (xt-pt) captures the profit realized on the forward market. The fixed cost captures the 

initial cost of investment Ijt depreciated over a plant’s lifetime (see below). 

The contracts fit do not involve the actual generation of electricity. If the spot price pt is higher 

than the contract strike price xt, then the generators pay an amount fi (pt-xt) to the party in the contract, 

otherwise the generator receives an amount fit (xt-pt).28 This type of contract, i.e. contract-for-

difference, reflects well the pool arrangements in England and Wales before the NETA (Anderson and 

Xu, 2005). The price of the contract is equal to the expected spot price: xt=E(pt).  

The electricity price is determined by an inverse demand function:  

pt=a-bDt+θ,                                   (2) 

where demand Dt is equal to a total supply: ∑==

i
ittt qQD , and a and b are parameters. θ is a 

random variable drawn from normal distribution N(0,1). Consequently, E(θ)=0. 

Following Allaz (1992) and Allaz and Vila (1993), a production decision is a sequential 

procedure, which involves a two-step maximization problem to be solved backwards. In the second 

stage, a firm decides how much to produce, given its forward position. It maximizes profits πit with 

respect to its production qit ( 0=
∂
∂

it

it

q
π � ),..( ntitit ffq ), where nt is the number of plants on the market 

at time t. In the first stage, a firm decides how much output to buy or sell under the forward contract, 

which has to be delivered in the next period. It maximizes its expected profits ( 0=
∂
∂

it

it

f
Eπ

), given its 

reaction function ),..( ntitit ffq . Uncertainty about demand is resolved only in the second period, 

before the annual production decision is taken. 

The production level in the second stage is derived for given forward sales from:29 

                                                 
27  8760 is the maximum number of hours per year during which plants can produce electricity. 
28 This type of contract is referred to as a two-way contract-for-difference. A one-way contract-for-difference is 
also possible, where generators are paid the difference between the pool and the strike prices. 
29 We follow the approach adopted by Allaz and Vila (1993). Our solution differs as we assume asymmetric 
firms, i.e. characterized by different marginal costs.   
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where ∑=
i

itt mM , and ∑=
i

itt fF . 

Given the reaction function ),..( ntitit ffq , a firm sets in the first period the forward sales to maximize 

expected profits:  

itttitititittit fpExFqmEqpEE ))(()()( −+−−=π ,                    (6) 

under the assumption of xt=E(pt) and E(θ)=0 : 
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which results in: 
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where Ft captures total sales of electricity under forward contracts ( tt QF ≤ ).  

A plant exits once sit>Tj, where Tj is the expected lifetime of a plant (defined for each energy 

technology). It is also closed if profits from selling electricity in a period are negative. If the owner 

decides to close the plant, he loses its production capacity forever (Atkeson and Kehoe, 2007). 

After setting their production and forward positions, plants decide about inputs for production 

so as to minimize total input costs. Electricity production by plant i using technology j is described by 

the Cobb-Douglas function (Nerlove, 1963): 

Fj

Fit

Lj

Lit

Kj

Kit
iiiaq itit
ααα= ,                                        (10)            

where ait is the plant’s specific productivity; iKi*, iLi*, iFi* describe capital, labour and fuel input, 

respectively; and αKj, αLj αFj are corresponding input shares in production associated with technology j, 

where αKj+αLj+αFj=1.  
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The parameter ait is equal to 
Fj

itv
α
)

1
( , where vit is the thermal efficiency with which a plant 

can transform fuel into heat (energy). For nuclear stations, thermal efficiency is defined as the 

‘quantity of heat released during fission of the nuclear fuel inside the reactor’ (DTI, 2008). The 

thermal efficiency, which is a measure of plants’ productivity, changes over time. Before each period, 

a random shock is drawn from the technology-specific distribution εi~N(µi,σ2
i). A plant starts operating 

in the next period with a productivity equal to vit+1=vit+εt. This captures learning-by-doing: the longer 

the plant exists on the market, the more efficiently it transforms basic energy inputs into electricity.  

Under the assumption that inputs are allocated according to their marginal productivity, inputs 

are equal to: 
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where pKt, pLjt, and pFjt are the price of capital, labour and fuel j at time t, respectively.  

The total cost of production is defined as TCit= ∑
= FLKo

otoit pi
,,

* ; from this, the marginal costs of each 

technology can be derived as (from 
it
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it q
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m
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Prices of inputs (apart from capital) change over time. In particular, fuel prices follow a 

geometric Brownian motion (Brandt and Kinlay, 2008): 

      tjjjFjtFjt Xdtpp σσχ +−=− − )5.0(lnln 2
1 ,                                (13) 

where σ is the volatility of fuel price j; Xt is normally distributed according to N(0,1); and χ is a drift.   

Wages increase steadily over time according to: 

LLtLt pp σ+=
−1 .                                   (14) 

where Lσ  is the annual increase in wages. The linear function matches well the empirical patterns of 

wages in the electricity, gas and water supply sector between 1990 and 2007 in the UK (UNData, 

2008). 

At the beginning of each period, a new power plant enters the market. As explained in the 

Section 6.1, we consider two versions of the model: rational and evolutionary. According to the 
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former, a “rational planner” investing in a new station evaluates capacity kij that maximizes expected 

profits Vij for each energy technology j (adapted from Takashima et al., 2007):  
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Here, Ij is a fixed cost per kW of installed capacity kij, which captures initial investment costs 

and maintenance expenditures that need to be covered from the revenues over the entire life of the 

plant Tj; tsj indicates the number of years before plant i (embodying technology j) can be 

operationalized; jtm̂  is the lowest marginal cost among incumbent plants which embody technology j 

at time t (best frontier technology),30 and r is an interest rate. A new plant starts operating in t+tsj. It 

embodies technology j that ensures the highest value Vij.  

 In the evolutionary version of the model, energy technology j to be embodied in a new power 

plant is drawn randomly with a probability equal to 
t

jt

π

π
, where jtπ is the average profit generated by 

power stations which embody technology j in the previous period; and tπ is the average profit of all 

existing generators. With probability µ (describing a mutation rate) a random technology is chosen. 

Without the latter, a new technology (in our model CCGT) cannot take off, as it has not generated 

profits in time 0. 
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where Q-i indicates the expected level of production without a new plant. We employ this particular 

function (16) to describe a new capacity in both versions of the model (i.e. rational and evolutionary) 

to make the results comparable.  

 

6.3.2 Setting parameter values 

Initially, the market is composed of 16 plants – 11 coal stations each with 1200 MW installed 

capacity, and 5 nuclear with 800 MW – to reflect the structure of the energy mix in the UK soon after 

privatization. The maximum lifetimes of incumbent plants are drawn randomly from the uniform 

distribution over the range (10,50). We run simulations for 250 time steps.  

We assume the initial thermal efficiency equals 37 per cent for nuclear power plants, 36.5 per 

cent for coal, and 45.2 per cent for CCGT (DTI, 2005, Table 5.10 data for 1997). The thermal 

efficiency of nuclear plants relates to AGR reactors. The shock to the thermal efficiency is drawn from 

                                                 
30 The discounted values of investment are derived under the simplifying assumption that plants do not anticipate 
changes in input costs.  
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a distribution of which mean and standard deviation are computed as the mean and standard deviation 

of growth in thermal efficiency for each energy technology between 1997 and 2007 (based on data 

from DTI, 2008). The estimated values are provided in Table 6.1. 

 

Table 6.1. Mean and standard deviations of the growth rate in thermal efficiencies  

 µ σ 

Coal -0.002 0.013 

CCGT 0.008 0.016 

Nuclear 0.005 0.009 

 

Source: Own estimations, based on data from DTI (2008). 

 

We assume that thermal efficiencies cannot exceed the maximum values estimated for the 

period 2005-2015 by UKERC (2007). This involves a maximum thermal efficiency for coal of 45 per 

cent, and for CCGT of 50 per cent. No estimations were available for nuclear stations, so we set for 

nuclear a maximum progress rate of 40 per cent projecting this value from DTI (2005) data on thermal 

efficiencies of nuclear stations in the UK between 1997-2007.   

Input shares in the production function are taken from McGuire and Westoby (1984), who 

estimated factor substitutions in nuclear and fossil fuel electricity generation for England and Wales 

over the period 1963-1980. There are no estimates for factor substitutions in CCGT production. We 

set coefficients on capital, labour and fuel equal to the intensities of these inputs in CCGT production, 

based on Roques et al.’s (2005) estimates (Table 6.2).  

 

 Table 6.2. Input share estimates 

 αk αl αe 

Fossil fuel 0.452 0.077 0.471 

Nuclear 0.876 0.035 0.089 

CCGT 0.2 0.07 0.73 

 

Source: McGuire and Westoby (1984) and Roques et al. (2005) estimates. 

 

Initial prices of coal and gas are consistent with data on prices of fuels at the delivery point by the 

major UK power producers in 1993 (DTI, 2008, Table 3.2.1). Fuel prices follow the stochastic process 

described by equation (13). We estimated parameters (χ - 0.5σ2) and σ in the equation as a mean and 

standard deviation of 1lnln
−

− FjtFjt pp  series based on the data for fuel costs for the period 1993-

2007 (Table 6.3).  
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Table 6.3. Mean and standard deviation of changes in fuel prices 

  

pj0 

mean 

“χ - 0.5σ2” 

Standard  

deviation 

“σ” 

Coal 0.611 -0.01 0.08 

Gas 0.706 0.04 0.11 

Nuclear 0.5 - - 

 

Source: Own estimations, based on data from DTI, 2008 

 

Although an estimated parameter χ - 0.5σ2 for gas price was 0.04, we use the value 0.004 in our 

simulations. Otherwise, the price of gas escalates unrealistically over the investigated (long) time 

horizon. The cost of nuclear fuel is 0.5, and we assume it has not changed over time. 

The annual increase of wages is set to 0.04. This number corresponds to the estimated growth 

rate in wages in electricity, gas, and water supply between 1992 and 2007 based on UNData (2008). 

According to the latter source, wages in 1990 in the electricity sector were £ 7.31 per hour. The price 

of labour is equal to 0.731 p/kWh in our model, which implies a simplifying assumption that 100 

persons are needed to produce 1 kWh of electricity, regardless of the type of energy technology. There 

are no estimates on the amount of labour required for electricity generation per energy source in the 

UK in the 1990ties (for recent but not exhaustive US estimates, see Kammen, 2008).  

There is no reasonable data on (non fuel) capital costs (see Fabrizio et al., 2007). We set these 

equal to operational costs for each technology. Operating costs for coal and nuclear stations are based 

on data for the UK obtained from IEA (1989). These are set as total variable operating costs excluding 

fuel costs, which are 1.95 p/kWh for coal and 1.37 p/kWh for nuclear. For the CCGT technology, we 

follow Green and Newbery (1992) who assume its operating costs to be 20 £/kWh a year.  

The fixed cost equals the initial investment cost depreciated (following Green and Newbery’s 

1992 approach) over a plant’s lifetime at an interest rate equal to 0.08 (based on IEA, 1989). The 

initial investment cost is, 1524 £/kW for nuclear stations (IEA, 1989) and 892 £/kW for coal, and 400 

£/kW for CCGT (Green and Newbery 1992). The lifetimes of coal, CCGT and nuclear are 45, 35 and 

40 years, respectively. Depreciation of the investment costs results in fixed annual costs of 73.35 £/kW 

for coal, 34.08 £/kW for CCGT and 127.1 £/kW for nuclear stations. The construction period for 

power plants is 5 years for coal, 6 for nuclear (IEA, 1989), and 3 for CCGT (Green and Newbery, 

1992). 

We set a=2500, b=2.5*10-8, and the mutation rate µ=0.05. Changes in these have no 

significant effect on the relative dynamics, i.e. shares of energy use in total production. In some cases, 

they affect the time when technological substitution occurs. Finally, we carry out some sensitivity 
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analysis for the interest rate r>0.08. We find that increasing the interest rate does not influence the 

dynamics of relative shares of energy use in total production. We do not discuss the effect of changes 

in these parameter values further in the text.  

 

6.4 Results and discussion 

In this section, we discuss the results of numerical simulations with the model.31 We compare these 

with historical observations from the period (1990-2007) for the UK. After privatization in 1990, the 

Pool (as described in Section 6.2) prescribed trading arrangements. During this period, most electricity 

was traded under the contracts-for-difference, while only a small fraction of electricity output was sold 

on the spot market. Thus, the model design with a forward market (as described in Section 6.3) 

approximates well conditions of the electricity market in the UK after 1990. Since NETA has replaced 

the Pool in 2001, the contracts-for-difference are not longer possible. Section 6.4.1 compares the 

results for the “rational model” version in the presence and the absence of the forward market. In 

Section 6.4.2, market dynamics in the presence and the absence of the forward market are compared 

using the “evolutionary model” version. Section 6.4.3 concludes. 

 

6.4.1 Rational model simulations  

In this section, we present the simulation results for the rational version of the model. Here, the 

discounted value of investments determines the size and fuel type of new power plants. Initial 

conditions and parameter values are described in Section 3.2. We repeat the simulations 100 times for 

the rational version of the model with and without the forward market to check the robustness of our 

results. The presence of stochastic processes made it impossible to foresee in advance the results from 

simulation runs repeated for the same initial conditions.  

Figure 6.6(a)-(g) shows illustrative (i.e. typical) results for the rational model version in the 

presence of the forward market. We do not use a set of similar figures to show results from the rational 

model version without the forward market. The reason is that the generated patterns are very similar to 

those observed in simulations with the forward market. In both cases, we find that: the spot price, total 

production, the relative shares of energy technologies in total production, and the size of installed 

capacity follow similar patterns in all 100 simulations conducted for the same initial conditions. In 

fact, these patterns confirm a number of stylized facts from the first decade of privatization in the UK, 

such as: the evolution of the average size and fuel type of newly installed plants (gas), and a rapid 

diffusion of gas in electricity production.  

 

 

                                                 
31 We use the LSD 5.6 simulation platform to conduct model simulations. This is downloadable at 
www.business.aau.dk/~mv/Lsd/lsd.html. 



 147 

 

 

 

 

 

 

 

 

 

 

 

  (a) Share of production by energy source             (b) Installed capacity by energy source 

 

 

 

 

 

 

 

 

 

 

      (c) Total production and its fraction                   (d) Evolution of the spot price        
                  sold on the forward market  
 
 
 
 
 
 

 

 

 

 

 

 

     (e) Total labour employed to total production       (f) Total fuel used to total production 
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     (g) Fuel price dynamics 

Figure 6.6. Simulation results for the rational model version in the presence of a forward market 

(results from 25 simulations) 

 

Figure 6.6a illustrates the substitution of coal and nuclear energy by gas in electricity 

production (as a percentage of total electricity produced). According to the depicted patterns, nuclear 

plants exit relatively early: due to the continuous entry of CCGT stations, the spot price decreases 

below the marginal cost of nuclear plants. On the other hand, coal stations are competitive with gas. 

They gradually leave the market, some because of decreased profitability, depending on the evolution 

of their specific thermal efficiencies, others after reaching their maximum lifespan. Ultimately CCGT 

generators proliferate and lock-in the market.32  

Figure 6.6b depicts the installed capacity of new power stations by energy source. We observe 

a rapid installation of CCGT stations here. The level of installed capacity decreases over time. This 

follows from the fact that, as the productivity of CCGT technology improves, a smaller installed base 

is necessary to produce a given amount of electricity. In this particular simulation run, only a few 

nuclear stations are installed. Investments in CCGT generators dominate. CGGT power stations prove 

to be the cheapest to install because of their low construction time and installation costs (given a high 

interest rate).  

Table 6.4 provides summary statistics, i.e. the average values over 100 simulations, from 

model simulations with and without the forward market.33 The results indicate that the presence of the 

forward market affects incentives to invest in different energy technologies. In particular, no 

investments are made in nuclear power plants in the simulations conducted in the absence of the 

forward market, although some nuclear plants are installed in model runs in the presence of the 

forward market. On the other hand, the average level of installed capacity of new CGGT stations has 

been higher in the absence of the forward market than in its presence. This relates to the fact that 

                                                 
32 In some of the simulation runs, coal temporarily dominates production during periods when the gas price 
escalates – because of the stochastic nature of its dynamics.  
33 Each statistic indicates the average over 100 mean values (corresponding to 100 different simulations) of the 
variable in question. The mean is defined as the average value over 250 time steps in a single simulation run.  
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contracts-for-difference determine production levels of plants, and thus affect the evolution of total 

output and spot price in the electricity industry. In turn, the spot price affects the incentives to invest in 

new power stations. In Figure 6c, the total production of electricity is compared with electricity sold 

under contracts-for-difference. Contracts initially cover around 90 percent of production and decrease 

in size during CCGT diffusion in our simulations.  

            Figure 6.6d depicts the evolution of spot prices. The spot price decreases initially because of 

the entry of cheap CCGT stations that eventually replace more expensive coal and nuclear generators. 

However, over time the spot price increases as the cost of gas (the main fuel in electricity production) 

escalates. The average level of the spot price and total output are similar for both rational model 

settings, i.e. in the presence and the absence of the forward market (Table 6.4). 

Figure 6.6e and 6.6f present the dynamics of input use. The latter depends on the relative 

dynamics of input prices, which follow stochastic processes (Figure 6.6g).  Fuel and labour use is 

much higher in the presence of a forward market than in its absence (Table 6.4). This is not surprising 

as contracts-for-difference hedge sales, and thus profits of plants, against fluctuations in input costs.34 

 

Table 6.4. Simulation results for the rational version of the model version  

(average values over 100 simulations) 

Indicator 

  

With 

forward 

market 

Without 

forward 

market 

 
Mean spot price* 

79.16 
(13.54) 

(4.02, 214.12) 

78.60 
(1.64) 

(64.61, 235.41) 
 

Mean total production 
9.68*1010 
(5.42*106) 

(107, 9.99*1010) 

9.69*1010 
(6.6*107) 

(107, 9.75*1010) 
 

Mean share of CCGT 
0.72 
(0.21) 
(0, 0.99) 

0.83 
(0.17) 
(0, 1) 

 
Mean installed kW coal 

99.85 
(109.83) 
(0.637.75) 

87.75 
(149.06) 
(0.392.81) 

 
Mean installed kW CCGT 

457.15 
(123.03) 

(38.24, 1899.414) 

775.68 
(166.68) 

(416.25, 1765.15) 
 

Mean installed kW nuclear 
23.97 
(37.27) 
(0.350.65) 

0 
(0) 
(0.0) 

 
Mean of total fuel  

 

3. 72*1011 
(2.14*1010) 

(107, 9.18*1011) 

2.76*1011 
(1.69*1010) 

(107, 6.74*1011) 
 

Mean of total labour 
 

1.91*1010 
(5.73*1010) 

(107, 1.12*1011) 

9.6*109 
(3.27*1010) 

(107, 5.68*1010) 
 
Notes: Mean values are computed over 250 time-steps (length of the simulation run). 
In brackets in each cell: 1st line – standard deviation; 2nd line – minimum and maximum values. 

                                                 
34 Whether an increase in input prices decreases the production and forward sales of a plant depends on its 
marginal costs relative to those of other plants.  
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6.4.2 Evolutionary model simulations 

In this section, we present the simulation results for the evolutionary version of the model. Here, 

power plants that embody energy technologies which generate above-average profits diffuse in the 

industry. We compare market dynamics in the evolutionary version of the model version in the 

presence and the absence of the forward market. Similarly, as in Section 6.4.1, we repeat simulations 

100 times in each case. We find that the total production and spot price follow similar patterns in each 

set of 100 simulations (for both evolutionary version of the model with and without a forward market). 

Here, the average value of the spot price is higher in the absence of the forward market (see Table 

6.5).  

 There are important differences between the results obtained from the evolutionary and the 

rational versions of the model. In the latter, a lock-in to CCGT technology always emerges. The 

average share (over 100 simulations) of CCGT in total production is 0.72 in the presence and 0.83 in 

the absence of forward opportunities (Table 6.4).35 On the other hand, in the evolutionary model 

version, the average value of CCGT in electricity production is 0.12 in the presence of the forward 

market and only 0.09 in its absence (Table 6.5). Here, nuclear energy typically locks in the market. 

Figure 6.7a presents some illustrative (i.e. from a single simulation) dynamics of technology shares, 

and Figure 6.7b shows corresponding patterns of investments in new installed capacities. Although in 

this model setting the production of electricity with nuclear technology turns out to be profitable, 

nuclear plants do not diffuse in the rational model version (based on their long-term profitability). This 

relates to the high installation costs of investments in these plants. 

 

 

 

 

 

 

 

 

 

 

 

(a) Share of production by energy source                 (b) Installed capacity by energy source  

Figure 6.7. Simulation results for the evolutionary version of the model in the presence of the forward 
market (results from a single, illustrative simulation run) 
 
 
                                                 
35 For the high interest rate case, as assumed in Section 3.2, the discounted value of investments in nuclear and 
coal stations is always lower than that of investments in CCGT. 
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Table 6.5. Simulation results for the evolutionary version of the model  

(average values over 100 simulations) 

Indicator With 

forward 

market 

Without 

forward 

market 
 

Mean spot price 
76.25 
(13.31) 

(2.47, 267.495) 

81.11 
(3.39) 

(67.84, 236.63) 
 

Mean total production 
 

9.69*1010 
(5.32*108) 

(107, 9.99*1010) 

9.68*1010 
(1.36*108) 

(107, 9.74*1010) 
 

Mean share of CCGT 
 

0.12 
(0.14) 
(0, 0.29) 

0.09 
(0.10) 
(0, 0.26) 

 
Mean installed KW coal 

 

37.18 
(15.41) 

(0, 1700.39) 

45.55 
(14.77) 

(0. 1556.63) 
 

Mean installed KW CCGT 
 

74.11 
(81.76) 

(0, 1349.72) 

84.31 
(83.75) 

(0, 916.35) 
 

Mean installed KW nuclear 
 

596.79 
(146.96) 

(0, 2585.81) 

722.18 
(99.12) 

(0, 1761.97) 
 

Mean of total fuel  
 

2.63*1011 

(3.35*1010) 
(107, 3.68*1011) 

2.56*1011 
(2.42*1010) 

(107, 3.42*1011) 
 

Mean total of labour  
 

5.24*119 
(2.07*120) 

(107, 1.67*110) 

3.08*19 
(2.98*109) 

(107, 1.34*1010) 
 

Note: Mean values are computed over 250 time steps (length of the simulation run). 
In brackets in each cell: 1st line – standard deviation, 2nd line – minimum and maximum values. 
 

Our simulation results suggest that incentives to invest in different energy technologies depend on the 

presence a forward market and on whether the institutional design of the electricity market promotes 

long- or short-term profitability. From the analyses under different institutional settings, some insights 

can be derived for British electricity trading arrangements, as will be discussed in the next section.  

 

6.5 Implications for renewable energy policy 

Currently, three options are considered in the UK to make a medium-run transition to a low-carbon 

future: energy efficiency, wind power, and nuclear power (Jamasb et al., 2008). In the long run, 

various scenarios are conceivable, depending on how much progress is made with respect to the 

efficiency of alternative renewable energy sources.  

 Table 6.6 provides estimates concerning the characteristics of the most promising energy 

technologies in the UK over the period 2005-2015. This includes: CCGT, coal (pulverized fuel), coal-

integrated gasification combined cycle (IGCC) with carbon sequestration, nuclear, wind onshore and 

wind offshore (UKERC, 2007). 
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Table 6.6. Estimates of costs for new plants over 2005-15  

 Energy technology j: 

 CCG

T 
Coal 

(pulver

-ised 

fuel) 

Coal-

IGCC 

with 

CCS 

Nuclear  Wind--

onshore  
Wind--

offshore  

Capital cost, £/kW  400  800 1600  1770  800  1330   

Plant life, years  30  40  25  40  25  20  

Fixed operating costs, £/kW  12  40  80  105  28  48  

Variable operating costs, p/kWh  0  0.6  0.9  0  0  0  

Thermal Efficiency, %  50  45  35  -  -  -  

Plant factor, %  90  90  85  85  30  35  

Fuel input costs, p/kWh  1.4  0.5  0.5  -  0.25  0.25  

Levelized costs, p/kWh  3.6  2.6  4.8  3.9  4.4  6.8  

Investment costs £/kW*  300 820 1000** 1150 740 920 

 
Source: Table 1 in UKERC (2007) based on data for the Stern Report (2007), except:  
Notes: *  Estimates made in The Royal Academy of Engineering Report (2004). 
            ** Estimates for Coal-IGCC without CCS. 
 

In Table 6.7, for each of the aforementioned energy technologies we compute: the optimal 

installed capacity kij; the value of investments Vij in capacity kij; and the short-term profit πij, 

consistently with equations 15, 16 and 1, respectively. The reported values are calculated using the 

estimates provided in Table 6.6, instead of the parameter values described in Section 6.3.2. Using the 

analysis conducted in this section, we now attempt to evaluate which of these energy technologies 

would diffuse in our model. We do not conduct model simulations with the values provided in Table 

6.6 as they describe estimates for 2005-2015. During this time institutional arrangements are expected 

to be described by the NETA, while our model design embodies the institutional arrangements of the 

Pool. Thus, the analysis conducted here aims to assess the probable mix of energy technologies in 

electricity production in the British electricity market if the Pool had continued to prescribe trading 

arrangements. In Table 6.7, the provided values are derived for a spot price equal to 79.16, which is 

the average spot price observed in simulations of the rational version of the model with the forward 

market (Table 6.4). Note that the average spot prices found in evolutionary versions of the model are 

similar (Table 6.5).  

 

Table 6.7. Estimates of the total discounted value of investments and of profits 

 

 

 

 

 

 

 
 

 

CCGT 

 

 

Coal 

(pulverized 

fuel) 

 

 

Coal-IGCC 

 

 

Nuclear 

 

 

Wind- 

onshore 

 

 

Wind- 

offshore 

 

Installed capacity 
ki (kW) 

192585.7 183125.3 188443.17 186954.5 446824.9 374238.2 

Value of investments Vij 1.84*1011 1.44*1011 1.20*1011 1.21*1011 3.84*1010 4.07*1010 
Profit πij 1.18*1011 1.12*1011 1.07*1011 1.08*1011 9.14*1010 8.87*1010 
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In the rational version of the model, the value Vij determines the type of energy technology to 

be installed. In the evolutionary model, this function serves short-term profit πij. According to the 

results in Table 6.7, all technologies generate positive values of investments, as well as of short-term 

profits. Nevertheless, the discounted value and short-term profits are the highest for CCGT 

technology, suggesting that it would outcompete all the other technologies in both the rational and the 

evolutionary versions of the model.  

The estimates in Table 6.7 are derived for a relatively high spot price. It is sometimes argued 

that a high spot price would encourage investments in renewable energy technologies. In fact, 

electricity prices have been moderately high in the UK since 2003, after the NETA replaced the Pool. 

However, investments in newly installed capacity of renewable power stations have not accelerated, 

while the diversity of investments has decreased. One of the reasons may be that existing trading 

arrangements (NETA) promote investments in peak load facilities, thus favouring gas in electricity 

production. As a consequence, an increase in price alone may not suffice to trigger diffusion of 

renewable energy. More direct support for the development and deployment of renewable energy, for 

instance by using subsidies, may be essential to induce a transition to a low-carbon electricity system.  

 

6.6 Conclusions 

In documenting technological change in the electricity sector, we have looked at the determinants of 

investments in installed capacity in power plants in the UK in order to explain historical change from 

coal to gas in electricity production. We discussed the role of public support for fossil fuels and the 

deployment of non-fossil fuel technologies, R&D investments, and wholesale and retail trading 

arrangements. The implemented policies created a particular selection of energy technologies. The 

government has been accused of “picking winners” and steering technology competition to support 

large integrated companies which could provide the cheapest energy. This has resulted in a limited 

diversity of energy sources in electricity production. 

We presented a formal model that builds upon an industry-evolution approach. Here, the 

electricity industry is composed of heterogeneous plants which produce electricity using different 

energy technologies. We consider three energy technologies: coal, nuclear, and combined combustion 

gas turbine (CCGT). Demand is described by a static function, motivated by the fact that demand for 

electricity is highly inelastic, while consumers have limited opportunity to choose an electricity 

source. Plants set their production given a reaction function of others. Each plant is characterized by a 

specific productivity in terms of the (thermodynamic) efficiency with which it can convert fuel into 

electricity. It employs inputs capital, labour, and fuel for electricity production according to their 

marginal productivity. In addition, plants can hedge against electricity price volatility by selling a 

fraction of their output under forward contracts. 
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In each time period, one new power plant enters the market. We consider two versions of the 

model: rational and evolutionary. In the former, the highest total discounted value of investments 

determines the size and fuel type of a new power plant. In the evolutionary version of the model, a 

new plant employs a specific energy technology with a probability proportional to the relative profits 

this technology generated in the last period. Thus, technologies which generate above-average profits 

tend to diffuse across the market. For each model version, we discuss the causal relationships between 

price and output decisions, input use, and the installed capacity of new power plants for different 

institutional arrangements, i.e. in the presence and the absence of a forward market. We calibrated 

model parameters to UK data from the early years of liberalization (1990-2002). We found that 

patterns generated by the rational version of the model with the forward market replicate well core 

features of the transition from coal to gas during this period. In most simulations of the rational 

version of the model, gas ultimately locked-in electricity production. In the evolutionary version of the 

model, the dominance of nuclear energy in electricity production was observed in the majority of the 

conducted runs. 

Simulation results provide some general insight into the mechanisms behind technological 

change in the British electricity industry. Our results support the idea that forward contracts and 

institutional arrangements are important for the type of energy technology embodied in, and the size 

of, newly installed power stations. Generally, in the rational version of the model, the diversity of 

energy sources in electricity production and of investments in new power stations is low. With high 

interest rate, CCGT stations are the cheapest to install because of their short construction time and low 

installation costs. In the evolutionary version of the model, the relative attractiveness of different 

technologies depends on their short-term profitability determined by the dynamics of the spot price 

and relative fuel costs. As a consequence, investments in new power plants are more diverse. Here, 

nuclear energy dominates electricity production. Nuclear stations, like some renewable energy 

technologies, are characterized by high fixed and installation costs. The latter have prevented nuclear 

energy from diffusing in the rational version of the model which focused on long-term profitability. 

This suggests that additional support mechanisms to stimulate the deployment of renewable power 

plants may be necessary to induce technological change toward sustainability in the electricity 

industry.  

Finally, we looked at the dynamics of fuel use in electricity production. This question has not 

received much attention thus far in simulation models of electricity markets. However, understanding 

the dynamics of fuel use is essential for managing the transition to a low-carbon economy. In our 

model, fuel costs are described by stochastic processes. Plants substitute fuel for other inputs, 

depending on the plant-specific productivities and relative input prices. It was found that, in the 

presence of a forward market, fuel and labour use were much higher than in its absence. Forward 

contracts allow plants to hedge profits against the volatility of spot prices. As a consequence, their 

production and thus input use are less sensitive to changes in input prices. 
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Existing models of electricity markets are very diverse. Our results suggest that specific model 

assumptions regarding the behaviour of investors determine conclusions about the process of 

technological change. More research is needed to understand under which conditions certain 

modelling assumptions apply best. Such research would allow the creation of a basic simulation 

platform, the features of which could be tailored to model specific arrangements on a case-by-case 

basis, i.e. for specific (national) electricity industries. This could enable a variety of market designs to 

be compared so as to assess which of these supports diversity of energy sources in electricity 

production while keeping price at a relatively low level. Here, agent-based simulation provides a 

promising, flexible tool that can be used to address input, price, output and investment dynamics in the 

electricity market. The opportunities it offers to address long-run technological change deserve more 

attention in future research. 
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Chapter 7  

 

Evolving power and environmental policy: explaining institutional 

change with group selection 
*
 

 

 
7.1 Introduction  

The role of power in the emergence, design and implementation of environmental institutions and 

policies is grossly neglected in the related theorizing. This chapter addresses the multifaceted notion of 

power by using insights from group or multilevel selection. Our motivation for adopting such an 

approach is that institutional change often involves interactions within and between groups. This takes 

many forms, including competition for scarce (financial) resources or voters, hidden or explicit 

conflict, negotiation in political processes, growth of group size, takeover or fusion, and mutual 

influence. In addition, vested interests of groups in specific industries may create an important barrier 

to fundamental changes in institutions and policies. For instance, the interests of powerful groups 

related to fossil fuel technologies hamper a much needed transition to sustainable energy systems. 

Changes in institutions require individuals to act in a coordinated(-like) manner. Whereas 

generally a single individual is unable to affect the structure and alter the existing arrangements, a 

group of individuals can create critical momentum to make fundamental change feasible. On the 

negative side, the resistance of certain socio-economic groups and the presence of conflicting interests 

and active lobbies may prevent necessary transformations. Groups may use their power to reframe 

how environmental problems are perceived, and which solutions are being seriously considered. Or 

they may simply prevent others from entering the political agenda. Denying environmentally-

concerned agents access to central decision-making circles can be an important strategy of incumbent 

parties so as to maintain the status quo (Bogelund, 2007).  

To be successful, environmental policies must account for how different sub-systems 

(markets, technologies, institutions, scientific knowledge, etc.), and within them different groups of 

entities with conflicting interests (producers, consumers, investors, policy makers, universities, NGOs, 

labour unions, etc.), coevolve and thus affect the evolution of socio-technological trajectories (van den 

Bergh and Stagl, 2004; Geels, 2005; Loorbach and Rotmans, 2006). Formally, coevolution refers to a 

situation where two or more internally diverse populations are linked in such a way that they 

                                                 
* This chapter also appears as: Safarzyńska, K., van den Bergh, J.C.J.M. 2009. Evolving power and 
environmental policy: Explaining institutional change with group selection, Ecological Economics, 
doi:10.1016/j.ecolecon.2009.04.003. 
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determine the evolutionary trajectories of each other through reciprocal selective pressures and mutual 

adaptation processes. For instance, a variety of environmental institutions regulate the access to, and 

distribution of, natural resources, or the way resources are mobilized. These arrangements, in turn, 

influence the behaviour of groups and individuals, and therefore the functioning of socio-economic 

systems. Institutions create (dis)advantages for certain firms or industries and may motivate different 

groups to engage in negotiation and lobbying to induce policy makers to implement policies preferred 

by them. In addition, incumbent groups may invest in rent-seeking activities and use the excessive 

rents that result from market imperfections to prevent the removal of the latter (Krutilla, 1999). 

We will argue that the role of power within and between groups is crucial to an understanding 

of the evolution of environmental policies. Whenever individuals make decisions that are little 

affected by, or inconsistent with, their intrinsic preferences, these decisions can possibly be explained 

by the pressure of groups, the presence of group institutions, or ‘power’ exercised by a dominant 

agent. Nevertheless, a coherent theory describing the impact of evolving power on environmental 

policies is missing. One reason is that there is no universal definition of power or common agreement 

of how power affects social and economic processes. Power is essentially an attribute of social 

relations. It can be analysed from the perspective of agency or existing structure. The agency approach 

emphasizes the mechanisms through which individuals (or groups) can achieve desired outcomes. The 

structural approach focuses on the sources of power, that is, elements or institutional features which 

bestow power on certain groups or individuals. Both types of perspectives are important to 

comprehend changes in environmental policies and their effect on individual behaviour. A synthesis of 

these two approaches in a coherent framework of institutional change could explain the downward and 

upward causation between individual actions and the evolution of institutions. 

We propose that a (cultural) group selection approach can contribute to a better understanding 

of the evolution of environmental policies and different aspects of power relations. Multilevel or group 

selection is a theory of evolutionary change which involves selection operating at both individual and 

group levels (Sober and Wilson, 1998; Bergstrom, 2002; Wilson, 2002; Henrich, 2004; García and van 

den Bergh, 2008). It has been explored in modelling the evolution of cooperation and social 

institutions (e.g. Bowles et al., 2003; Henrich, 2004). Here, we discuss the relevance of cultural group 

selection in modelling power. In general, group selection relies on fitness-dependent survival and 

reproduction of individuals and groups. During the process some individuals use their power directly 

by altering the pay-offs of others, or indirectly through their impact on the structure of interactions. 

Over time, (cultural) selection tends to favour individuals who imitate the behaviour, goals and 

strategies of other individuals on the basis of the current power distribution (Henrich and Gil-White, 

2001). In this respect, Boyd and Richardson (1985) proposed a classification of types of 

predispositions to adopt certain preexisting cultural variants, which will then increase in frequency. 

Notions such as ‘critical mass’, ‘social embeddedness’, ‘utility interdependence’, ‘reference groups’ 

and ‘network formation’ are relevant in this setting (Witt, 1997; Knudsen, 2008). Consequently, in 



 158 

group selection, power acts at the lower level as a mechanism of social transmission. At a higher level, 

group dynamics involve assorting, migration between groups, group re-structuring, survival, 

reproduction, and conflict. As a result of interactions between groups, certain types of behaviour are 

enforced and ultimately fixed. Evolved (environmental) policies may then act to enable or discourage 

certain individual strategies.  

We will not try to convince the reader of the applicability and relevance of group selection to 

model social (cultural) and institutional evolution in general, as this has recently been addressed 

extensively elsewhere (Bowles et al., 2003; Henrich, 2004; Witt, 2008b; van den Bergh and Gowdy, 

2009). Our aim is merely to discuss how different aspects and mechanisms of power can be 

incorporated in a group selection framework, making use of the earlier identified mechanisms and 

derived insights, so as to explain the evolution of environmental institutions and policies along with 

power relations. 

In this chapter, we propose a taxonomy of power, and examine how the different types of 

power can be incorporated in a group or multilevel selection framework. The proposed framework 

synthesizes theoretical insights from the literatures on group selection and socio-economic power. The 

remainder of the chapter is organized as follows. Section 7.2 reviews a number of definitions of power 

found in sociology, political science, and philosophy. In Section 7.3 we show how power concepts 

have been conceptualized in different economic schools. Section 7.4 discusses the main features of 

group selection theories and models. In Section 7.5, we propose a conceptual multi-level framework 

suitable for the analysis of the role of power in the process of change in environmental institutions and 

policies. Section 7.6 concludes. 

 

7.2 Definitions of power in social and political sciences 

‘Power’ can be seen as the capacity of people to act in concert (Arendt, 1970). Thus far, there is no 

agreement on how to define power, or on how precisely it affects economic and social processes. 

Nevertheless, nearly everyone has some intuition about its possible meanings and interpretations. The 

notion has been used in a variety of contexts and approached from different perspectives (Avelino and 

Rotmans, 2009). In this section, we discuss existing definitions that build upon the agency/structure 

dichotomy, which pave the way for theorizing on power in social and political science.  

At the level of agency, three types of power can be distinguished. The first relates to the 

notion of dependency: Dahl (1957) envisages power as the ability of a subject a to impose his will on 

a subject b. In this context, Mokken and Stokman (1976) distinguish the capacity to influence other 

actors’ sets of strategies, actions (means) and goals (ends). Alternatively, Simon (1951) referring to an 

employment relation, defines the authority of a (an employer) over b (an employee) as a being in a 

position to select an option x (that affects b) under the condition that x belongs to b’s ‘acceptance 

area’. Bowles and Gintis (1992) argue that exercising power requires the use of threat and punishment. 
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They claim that the power of a over b (to affect b’s actions) can be only enforced if a has the capacity 

to impose (or threaten to impose) sanctions.  

A second type of agency-based power, introduced by Bachrach and Baratz (1962), refers to 

the ability of politicians to confine the scope of problems for consideration to relatively safe 

(innocuous) issues, or to mobilize bias in favour of some groups. From this perspective, power may 

also be exercised when a prevents b from bringing to the political agenda issues whose resolution 

could be detrimental for a.  

A third type of power emerges from Lukes’ (1974) critique of Bachrach and Baratz’ work, and 

refers to the process of value, preference shaping, and the ways dominant power relations affect 

people’s understanding of the world, prevailing beliefs, and attitudes. Lukes claims that b may comply 

voluntarily with a’s wishes, and thus conflict of interest is not a necessary attribute of a power 

relation. He regards power simply as the capacity to influence the preferences of others. 

In an attempt to provide a general typology of power at the level of agency, Avelino and 

Rotmans (2009) proposed to define power as the capacity of an actor to mobilise resources to achieve 

a specifc goal. Here, resources include natural, monetary, artifactual, mental and human assets. 

Depending on how they are mobilised and the nature of mobilization, innovative, destructive, 

constituitive, transformative, and systemic forms of power are distinguished.  

Power at the level of agency, defined in terms of participation in decision making and the 

ability to affect outcomes, has been criticized. For instance, according to Clegg (1975) exercising 

power can be only realized in reference to the prevailing ‘rules of the game’. He claims that it is only 

through a concept of rules that Dahl’s notion of power can be interpreted meaningfully. Rules 

constitute relations between agents, and each party in a dependency relation knows about their 

existence, even though it does not necessarily have a detailed understanding of them. 

The structural approach to power attempts to isolate formal patterns of relations, including 

power dependencies, to gain a better understanding of social processes. Structure is defined in terms of 

the interrelationships of elements in an organization, in time and space (Glucksmann, 1971). It is 

emphasized here that the outcomes an individual can achieve, actions he can choose from, or goals to 

which he aspires, depend on the position he holds in the structure (organization, social institution). For 

instance, Foucault (1994) defines power as inherent in the network of relations, where the identities of 

subjects are determined together with the power relation. He claims that the mechanism of subjection 

cannot be studied without considering the relevant structure and mechanisms of exploitation and 

domination. Above all, discourses define the boundaries of socially acceptable (internalized) and 

legitimate behaviour of individuals and groups, and thus underlie mechanisms of power. The structural 

approach to power prevails in Marxist-inspired theories of social classes. Here, individuals are 

‘bearers’ and ‘supporters’ of the structure. It is through individuals that power is realized. Their 

actions are considered solely as a means of pursuing the class interest (Young, 1995). 
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Similarly, Giddens (1984) defines power as the capacity to achieve outcomes within a given 

structure of domination. The duality of the structure is considered important here: the structure is both 

the outcome and the medium of practices. Individuals engage in social actions drawing upon 

modalities such as interpretive schemes, facilities, and norms. During the process, the structural 

properties of the system are reproduced. Thus, the structure and agency are mutually determined in the 

process of the replication or transformation of institutional and organizational forms. In addition, 

Giddens (1991) stressed the possibility of the emergence of a new basis for action that may disturb the 

structure of existing dependencies, and thus power relations. He studied the role of expert systems, 

notably technical knowledge, in the process of shaping social structures or institutions. At any time 

new discoveries may undermine local knowledge and mechanisms of control. During the process, 

different groups struggle to establish trust and gain dominance. Institutionalized trust and 

commitments support the stability of existing organizations and institutions (Reed, 2001). 

In addition to regarding power as an attribute of agency and structure, it can be analysed at the 

level of discourses. A discourse is a collection of ideas, concepts, and categories that gives meaning to 

social and physical phenomena and is (re)produced through specific practices (Hajer, 1995). 

Discourses determine how problems are conceptualized and which solutions are considered. In neo-

Foucaultian theories discourses are contextual – they are socially, culturally and historically embedded 

(Foucault, 1994). Individuals are conceived as subjects of the given (political) regime, while 

discourses determine the mechanism of subjection. On the other hand, according to Habermas (1989), 

common meanings are created and reproduced by means of social communication (action) that serves 

to transfer and to renew cultural knowledge.  

Finally, complementary to the agency and structure perspectives on power, Parsons (1960) 

proposes two additional angles on (changes in) power: namely, distributive and collective. According 

to the former, the position of a group (or an individual) can only be improved at the expense of 

another, i.e. an increase in a’s power implies reduced power of b. If groups are reluctant to give up 

their power position, conflict is likely to arise. Alternatively, joint power over a third party c may 

result from cooperation between a and b, referred to as ‘collective power’. Collective and distributive 

types of power do not exclude each other. For instance, in a power relation where b depends upon a an 

increase in the collective power of a and b may lead to the emergence of a power relation over a third 

entity c and compensate b for its subordinate position (Heiskala, 2001).  

 

7.3 Power in economics  

Power relations are crucial to social interactions and economic exchanges (Bowles and Gintis, 2008). 

Nevertheless, the study of power relations has long been considered the domain of the social and 

political sciences, while being neglected in economic analysis. Stiglitz (1993, p. 122) claims that 

“Mainstream economists have not only found concepts like exploitation and power to be useless in 



 161 

explaining economic phenomena, but they worry about introducing such emotionally charged words 

into the analysis.”   

Neoclassical economics relies on the notion of a representative, self-interested rational agent 

and neglects interactions within and between groups, as well as power relations among individuals. It 

ignores constraints emanating from unequal power positions (Rothschild, 2002). In classic Walrasian 

and Arrow-Debreu type of general equilibrium models, markets are perfect, and individuals have no 

power, not even to influence prices. The structure of organizations, hierarchies and control, and 

information networks is absent. Liberal economists have argued that market mechanisms are based on 

voluntary exchanges so that there is no place for power relations. Markets are seen to exist prior to, 

and independently of, the mechanism of social control. The latter is hidden behind an uneven 

distribution of income, wealth and power (Hickerson, 1984). Friedman (1962) went further, arguing 

that economic freedom which arises in free markets in the form of enhanced choice is a means to 

assure political freedom. Bromley (1997) criticizes this argument by noting that a person who cannot 

refrain from entering market relations is in fact not ‘free to choose’. For instance, as long as a person 

must work in order to live, even in the presence of a variety of job opportunities, having no option to 

leave the labour market undermines her freedom.  

This is not to say that power issues are entirely missing from economics. Market power to 

affect prices, such as monopoly and oligopoly power, prevails in economic theories (Bowles and 

Gintis, 2008). In addition, asymmetric information has received much attention in economics (Akerlof, 

1970; Stiglitz and Weiss, 1983). Here, power is implicit, as asymmetric information can create 

unequal positions between parties in market transactions. In regional economics, spatial oligopolies 

emerge because of the presence of transportation costs or an unequal distribution of resources among 

competing sites (Thisse, 1993). Increasing returns can enhance the process of spatial polarization of 

production activities (Krugman, 1991; Thisse, 1993). Finally, in the writings of Hayek or von Mises, 

power relates to state intervention (Young, 1995). Table 7.1 summarizes these (neoclassical-

economic) theories with different mechanisms of power. 

Various aspects of power are present in a number of alternative schools of economic thought 

(Palermo, 2007). Using the classification of agency (three types) and structure (fourth type) of the 

previous section, we can identify the following approaches in economics (also summarized in Table 

1): power of type 1 is present in contractual (e.g. principal-agent), contested exchange, and bargaining 

theories; type 2 is addressed in political, public choice and behavioural economics; type 3 prevails in 

evolutionary and behavioural economic theories, and institutional economics; and type 4 is common in 

property rights theory, new institutional economics, and network theories. Below, we illustrate these 

propositions with relevant examples and references. There is, however, no economic theory that 

combines the different aspects of power into a more complete theory of institutional change.  
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Table 7.1. Types of power in different economic schools of thought  

Type of 

power 

Description Economic theory/ school 

1 The ability to directly affect the choices of 
others, the ability to pursue one’s own will, 
regardless of resistance, and the ability to win 
in conflict situations 
 

Monopoly (oligopoly) theory, contractual, 
contested exchange and bargaining theories  

2 The ability to affect the choice set of others Economics of asymmetric information, 
political, public choice, and behavioural 
economics 

3 The ability to influence preferences, beliefs 
and values that others attach to various 
alternatives  

Evolutionary economics, behavioural 
economics, and institutional economics 

4 Implementing decisions by fiat (legitimized 
source of power), deriving privileges from 
one’s position in a structure, and access to 
powerful individuals, information and 
resources 

Regional economics, property rights theory, 
new institutional economics, and network 
theory  

 

Type 1 power, the ability to pursue one’s own will, has been addressed in contractual theory. In 

particular, principal-agent models focus on the problem of the alignment of incentives between a 

principal and an agent in the presence of asymmetric knowledge and moral hazard. The goal of the 

principal is to design a contract that induces the agent(s) to behave in a way that maximizes his own 

profit or utility.36 In the seminal work by Jensen and Meckling (1976), the ownership structure 

determines the ease with which an agent managing a firm can diverge from profit maximization 

towards personal goals. The approach combines elements of contract theory and property rights theory 

(discussed later on). Alchian and Demsetz (1972) question the capabilities of the principal or agent to 

achieve personal goals. They claim that, regardless of who is in charge of decision making, 

competition guarantees that only those firms that maximize profits can ‘survive’ on the market, while 

others will be eliminated by market selection. This view has been criticized. For instance, Winter 

(1964) argues that firms operate to a large extent according to complex patterns of routinized 

behaviour. As a consequence, it is impossible to select firms that consistently maximize profits over 

time. Selection outcomes then have no stable relationship with some inheritance unit. Moreover, under 

uncertainty individuals within organizations are likely to follow a charismatic authority so as to 

economize on transactional costs (Langlois, 1998). More generally, cognitive leadership and the 

influence of the charismatic authority of an entrepreneur are crucial to the evolution and 

                                                 
36 The principal-agent problem was initially analysed for a two-person context with a principal and an agent) 
(Jensen and Meckling, 1976). Later it was extended to address situations characterized by multiple tasks 
(Holmstrom and Milgrom, 1991); multiple agents (Holmstrom 1982; Nalebuff and Stiglitz, 1983, Mookherjee, 
1984; Itoh 1991; Minkler, 1993); and multiple principals (Bernheim and Whinston, 1986; Besley and Coate, 
2001; Campante and Ferreira, 2007). In these various frameworks, different compensation schemes have been 
evaluated, such as relative performance (e.g., Holmstrom, 1982); rank-based compensation (e.g. Lazear and 
Rosen, 1981; Bhattacharya and Guasch 1988); and piece rate schemes (e.g. Holmstrom and Milgrom, 1991). 
Recently, attempts have been undertaken to introduce learning, problem-solving, and limited rationality 
(Minkler, 1993; Dosi et al., 2003; Arifovic and Karaivanov, 2006). 
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implementation of new business conceptions, the coordination of individual efforts within a firm, and 

the development of a corporate culture (Langlois, 1998; Witt, 1998; Cordes et al., 2008).  

In contested exchange theory Type 1 power is associated with being on the short-side of a 

non-clearing market. Thus, the existence of market imperfections is necessary to, and underlies, power 

relations. Bowles and Gintis (1992) argue that, even in competitive markets, in the case of repeated 

encounters, individual have tendencies to offer enforcement rents – an excess payment above what 

other parties are able or willing to pay – to “tie” partners to the current transaction. The possibility to 

use the credible threat of sanctions, and to quit the transaction and deprive agents on the long-side of 

enforcement rents, determines the power of an individual. Contested exchange theory abstracts from 

institutional features of market exchanges. Consequently, it fails to explain how a market imperfection 

arises that allows particular parties to be in the position of the short-side on the market. It neglects the 

possibility that individuals may try to influence or manipulate conditions of exchange to their own 

advantage, while their partners in exchange anticipating this may try to prevent losing their superior 

position (Finch and McMaster, 2005).  

As an alternative, Type 1 power can be seen as reflecting a relatively high probability of 

winning in conflict. This type of power is inherent in bargaining. Bargaining is a process through 

which two or more players, with common interests to cooperate but with conflicting options over how 

to cooperate, reach an agreement (Muthoo, 2000). In particular, political economy offers an array of 

frameworks to study the possible outcomes of bargaining processes among groups that is useful to 

study: budgetary procedures (tax rates, subsidies); the allocation of a joint surplus; and how 

distributions of resulting outcomes differ under centralized and decentralized decision making (see 

Persson and Tabellini, 2000). Notably, taxation schemes affect individuals’ allocation of resources 

among market (taxable) and informal (non-taxable) activities. Once a tax scheme is announced and 

workers take relevant decisions, politicians may deviate from it in order to collect higher taxes. There 

is no outside agency to enforce their commitment. As a solution, improving the accountability of 

policy makers, and the separation of legislative and executive power is recommended (Persson et al., 

1997).  

Several theories within political economy and public economics place Type 2 power, i.e. to 

affect a choice set of others, in the centre of the analysis. In models of rent-seeking and lobbying, 

groups engage in activities to influence decisions by policy makers: for instance, by signalling their 

preferences. In addition, interest group activities may convey private information about the state of the 

world to the policy maker, and in this way affect his decision (e.g. Potters and van Winden, 1992; 

Lohmann, 1993). Although rent-seeking and lobbying are often associated with a dead-weight loss for 

society (including the costs of carrying out these activities and the cost of market distortion), they may 

play an important role in the process of institutional change. Lobbies may bring new solutions to the 

political agenda, and thus succeed in reframing existing problems and policies. Alternatively, powerful 

groups may oppose changes and become a major obstacle, ‘a source of lock-in’ of the status quo. With 
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regard to the latter, one can think of large oil companies disseminating misinformation or funding 

climate change deniers to influence environmental politics and policies. In general, most models of 

interest group behaviour and influence ignore the process of group formation and assume that a group 

acts as a unitary entity (van Winden, 2003), thus neglecting power relations within a group.   

Type 2 power is also present in behavioural economics. The latter seeks to provide a realistic 

account of decision making by incorporating psychological insights into the theory of choice. In this 

context, Loewenstein and Haisley (2007) suggest using empirical evidence on how people reason and 

make choices for designing policies, referred to as ‘light paternalism’. This approach advocates the use 

of bias and errors, inherent in the decision-making process of individuals, in order to enhance 

individual decisions towards desired (e.g. welfare-improving) ones. While more ‘heavy’ forms of 

paternalism regulate behaviour directly by constraining the choices that individuals have by, for 

example, banning certain types of behaviour or products, ‘light’ paternalism influences individual 

decisions indirectly. It suggests framing problems in a way that desired outcomes seem more attractive 

(or more easy reachable), or setting these solutions as default options.  

Type 3 power, the capacity to influence preferences, is an important theme in evolutionary, 

behavioural economics, and institutional economics. Bowles (1998, p.78) defines preferences as 

“reasons for behaviour, that is, attributes of individuals that (along with their beliefs and capacities) 

account for the actions they take in a given situation”. He argues that institutions affect preferences 

through the framing of choices, their effect on extrinsic and intrinsic motivations, the evolution of 

norms, task performance effects, and cultural transmission. Notably, a change in behaviour due to 

institutional influence or pressure does not imply that an individual has internalised new values and 

preferences. Here, the distinction between innate and acquired wants (Witt, 2001), social instincts37 

and attitudes, such as belief and evaluation of outcomes, is important (Binder and Niederle, 2007). 

Innate wants and social instinct explain the motives of individual behaviour. They are more stable and 

difficult to influence than acquired wants and attitudes. The latter can change as a result of learning 

through imitation of, for instance, types of behaviour considered attractive or exhibited by the 

majority, and adaptation to norms prevailing in specific social groups. In particular, evolutionary 

economics devotes much attention to how preferences can change in interaction with (in a 

heterogeneous population of) other agents and to the role of learning and social institutions therein 

(Aversi et al., 1997; Bowles, 2004; Guth and Ockenfels, 2005; Binder and Niederle, 2007). In 

addition, behavioural economics offers a number of frameworks, such as the theory of weighted 

attraction and case-based theory, which provide some insights into habit formation and preferences 

change due to past experience and social interactions (Guth et al., 1982; Gilboa and Schmeidler, 1995; 

Camerer and Ho, 1999). 

                                                 
37 Social instincts can be understood as innate impulses to act, such as conformity, reciprocity, commitment, 
loyalty, readiness to help others, and possessiveness (Binder and Niederle, 2007). 
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Property rights theory, new institutional theory38 and network theory focus on Type 4 power 

and the sources that confer power on certain groups or individuals. For instance, in property rights 

theory, power as the ability to pursue one’s own will is conferred on individuals through the 

ownership of assets. The structure of ownership creates incentives to manage, maintain and improve 

assets (Chaddad and Cook, 2004). The distinction can be made between residual returns (or claims) 

and residual rights of control (e.g. Grossman and Hart, 1986; Hart and Moore, 1990). The former 

defines rights to net income generated by the firm, while a residual right of control is the right to 

decide over the use of assets in the case of unforeseen contingencies (i.e. situations not specified by 

law or contract). Rajan and Zingales (1998) redefine a firm as a set of unique assets and the people 

who have access to them. They claim that, in industries where property rights are not well defined, 

such access to specific resource s is an important mechanism of power allocation. Notably, a party in a 

relation, who first undertakes investments in assets over which property rights, and thus claims are not 

well established, may decrease its bargaining power over the joint surplus, referred to as a ‘hold-up 

problem’. Although investments increase the value of the asset and thus the joint surplus, they 

simultaneously decrease the value of assets outside of its current use (in the relation). Furthermore, 

(access to) information may be an important resource that underlie power in organizations (e.g. 

Aghion and Tirole, 1997; Hart and Moore, 2005). Under asymmetric information, a discrepancy may 

arise between a formal authority – having the right to decide – and a real authority – having effective 

control over decisions.  

According to theories of new institutional economics, organizational forms with a specific 

structure of power dependencies emerge as an efficient solution to economic problems, including 

principal-agent ones. Crucial to institutional theories is the Coase theorem (Coase, 1960). It implies 

that, as long as property rights are well-defined and transaction costs are absent, agents with 

conflicting aims or interests (e.g. polluter and victim) can achieve the efficient – though not 

necessarily equitable – outcome (allocation of resources, or level of pollution) through voluntary 

negotiations. If property rights do not exist or are ambiguous, the signing of a costly contract may be 

necessary to organize an economic activity. However, under uncertainty, writing down the complete 

contract is implausible, while re-negotiating its conditions in the event of each contingency is costly. 

In addition, opportunism, bounded rationality, asset specificity, and idiosyncratic (i.e. task-specific) 

knowledge may create transaction costs that can be attenuated only in a hierarchy of power 

dependencies. Thus, hierarchy emerges as a means of monitoring opportunistic behaviour and 

minimizing transactional costs (Williamson et al., 1975), or reducing distortions arising from cognitive 

processes and communication problems among employees (Hodgson, 2004).  

                                                 
38 Institutional economics is about institutional features that shape individual behaviour, while new institutional 
economics is more interdisciplinary, in the sense of combining elements of economics, law, sociology, political 
science, and organization theory that focuses on the emergence of efficient structures of organizing economic 
activities due to interactions of boundedly rational individuals (Hodgson, 2000; Klein, 2000).  
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 Finally, according to network theory, social structures are composed of networks of mutual 

dependence relations, in which certain actors may exert power over others. Networks play an 

important role in facilitating communication, specialization of competences, standardization of 

complementary technologies, and flow of knowledge.39 In the network of interactions, holding a 

certain position can be an asset on its own. For instance, a broker may create the path between two or 

more nodes that would otherwise remain disconnected, and thus create opportunities for cooperation 

(Burt, 2001). The power of such a broker depends on the number of non-redundant links (ties) to 

different relevant sources of information. From this perspective, firms may be considered powerful if 

they arbitrage information flows between groupings of firms that have no or loose ties with each other.  

 

7.4 Group selection 

Group selection theory offers a new approach to explain the emergence and evolution of institutions 

(Bowles and Hopfensitz, 2000; Wilson, 2002; Van Veelen and Hopfensitz, 2007). It addresses the 

formation, growth, and interaction of groups, and offers arguably the best available framework for 

thinking about dynamics within and between groups. To be precise, various specific group selection 

theories exist, each involving particular mechanisms of group formation, group interaction and change 

in group composition. Combining individual and group levels in a multi-level approach typically 

results in complex system dynamics. Group processes involve other-regarding decision making by 

individuals, such as altruism, imitation, concern for relative position (status), and social reward and 

punishment. Recent theoretical and experimental findings suggest that groups, norms and social 

context are essential in explaining individual choice (Fehr and Fischbacher, 2002; Akerlof, 2007). 

Although group selection has invited much debate, it is now widely regarded as a theoretically 

relevant evolutionary force (Wilson and Wilson, 2007; van den Bergh and Gowdy, 2009). A 

distinction is often made between genetic and cultural group selection, where the latter involves 

cognitive learning and the cultural acquisition of social traits (Boyd and Richardson, 1985). In line 

with this, certain group selection mechanisms make more sense in biological applications, while others 

lend themselves better to social-cultural contexts.  

The minimal structure of a group selection model requires defining a population composed of 

heterogeneous groups characterized by a high level of interactions among their members and no or a 

relatively low level of interactions with outsiders. Diversity of groups forms the basis for selection to 

work upon. Groups are either isolated entities or consist of connected meta-populations (with 

migration). They are subject to a single selection environment and compete for the same scarce 

resources. In general, two main approaches can be identified to describe group formation or replication 

                                                 
39 Kogut (2000) proposes an interesting taxonomy of different network structures depending on the relation 
between property rights and bottleneck resources. In industries where both property rights are strong and 
bottlenecks exist, the rule of cooperation is to share technology but without giving up control to the bottleneck 
resource. If the property rights concern a bottleneck technology, this may render the emergence of a monopoly 
(centrality) or the isolation of some players. 
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in the next generation. In a haystack or migration pool model, after reproducing, groups are pooled 

together and then randomly sampled. Here, groups of cooperators are less likely to become extinct 

(Nowak, 2006). In a propagule pool model, groups are formed solely on the basis of a single parent 

group, and offspring are continuously added to parent groups that split after reaching a certain 

threshold (Trauslen and Nowak, 2006; Trauslen et al., 2008). Alternatively, groups can be formed on 

the basis of a parent group but under the assumption of fixed group size.  

The structure or composition of the group, i.e. the frequency of various types or strategies, 

affects group performance and, in turn, influences individual pay-offs. For this reason, the dynamics of 

multi-level selection are difficult to grasp intuitively: individual behaviour determines group 

performance (productivity or survival), while group performance in turn affects the behaviour, fitness 

and reproduction of individuals.  

The group selection framework has been explored extensively in models of the evolution of 

cooperation. The prevailing assumption is that cooperation (or altruistic behaviour) is costly to an 

individual but beneficial to a group.40 The population is typically composed of two types of 

individuals, cooperators C and defectors D, who are divided into groups. Within each group 

individuals are matched in pairs to play a Prisoner’s Dilemma Game. The matrix of pay-offs is given 

by: 

  

 

 

The fitness of individual i in group j fij can be measured as:  

fij=α+ bxj-cxij ,  

where xj is the frequency of cooperators in group j; xij equals 1 if individual i is a cooperator; and 0 

otherwise; α is a constant, b is benefits to a group due to cooperating individuals; and c is the cost of 

cooperation. 

If selection operates on fitness differences among individuals, cooperation is dominated by 

defection. However, if selection occurs at the group level, where groups with more cooperators 

reproduce faster or have higher survival probabilities, cooperation proliferates.41 This can be explained 

formally with reference to the Price equation (Price, 1970). The model takes the form of: 

f ∆ z  = Cov(fi,zi) + E(fi,∆zi). 

                                                 
40 In the context of group selection models, “altruism” is often used as a synonym for “cooperation”. Altruism 
can be defined as cooperation that cannot be explained by direct self-interest because one can benefit more by 
not cooperating (Worden and Levin, 2007).  
41 This process is enhanced if popular and beneficial traits are culturally transmitted (imitated).  

    C D 

C b-c -c 

D        b        0 
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Here, ∆zi measures the change in the trait value for the type i as ∆zi =zi’-zi, while ∆ z  depicts a change 

in the average characteristic (trait) over time according to ∆ z =xi’zi’ - xizi, where xi is the frequency of 

type i with the characteristic zi in the parent population, and xi’ the frequency of the type i with 

characteristic zi’ in a descendant (offspring) population. The frequency of type i in the offspring 

population is proportional to the relative fitness of the type i in the parent population: xi’=xifi/ f , 

where fi stands for the fitness of type i and f  denotes the average fitness of the population.  

Substituting fitness and pay-offs as defined by the above Prisoner’s Dilemma game into the 

Price equation yields (see for a derivation Bowles and Hopfensitz, 2000): 

f∆x=var(xj) (b-c)+E{var(xij)} (-c). 

The negative value of a second term (due to –c<0) implies that the within group (variance) 

effect decreases the average frequency of cooperators in the population over time.  On the other hand, 

for (b-c)>0, groups with higher frequencies of cooperators grow faster and may replace groups with 

disproportionately low frequencies. Crow and Kimura (1970) show that, in the stationary distribution 

(∆x=0), the relation between variance between and within groups is equal to the difference in the 

probabilities that cooperators interact with their own P(C|C) rather than with defectors  (C|D) (Bowles 

and Hopfensitz, 2000): 

c/b= var(xj)/[E{var(xij)}+var(xj)] = P(C|C)-P(C|D) 

The difference between the two probabilities can be interpreted as the coefficient of relatedness.42  

According to the above equation, cooperation will proliferate in a population, the more costly is the 

behaviour and the greater is the between-group variance.  

In line with this, theoretical explanations for the evolution of cooperation can be broadly 

classified into two categories, which focus, respectively, on direct fitness and indirect fitness benefits 

(Hamilton, 1964; Grafen 1984; Taylor, 1996; Lehman and Keller; 2006; West et al., 2006). Direct 

fitness mechanisms induce individuals to behave in a cooperative manner by affecting the ratio of 

cost-to-benefit of cooperation, in such a way that more individuals find cooperation beneficial (fitness 

improving). West et al. (2006) classify direct benefits further into enforced and non-enforced. In 

particular, enforced direct benefits can stem from reward, policing, punishment, sanctions, reciprocity, 

and indirect, reputation-based reciprocity. 

On the other hand, indirect benefits enhance cooperation by increasing the probability of 

individuals to interact with their own type (i.e. using the same strategy, or genetically related). Two 

types of mechanisms that underlie indirect benefits can be distinguished: kin discrimination, and 

limited dispersal (Hamilton, 1964). Kin discrimination implies that an individual who helps his 

relatives increases the chance of passing its own genes to the next generation. Kin selection in a 

                                                 
42 There has been much controversy over kin versus group selection. Some authors regard them as alternative but 
equivalent ways of looking at evolution (e.g., Lehman et al., 2007)). Others think kin selection is more general, 
while others believe that group selection is more general. For a summary of this debate, see van den Bergh and 
Gowdy (2009).  
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broader sense describes interactions between individuals of the same type (e.g. cooperators). For 

instance, positive assortment stipulates that an individual favours another group member based on the 

degree of similarity in a certain characteristic. This may require the presence of mechanisms (such as 

the ‘greenbeard effect’, tags, signals) that will allow an individual to recognize cooperative behaviour. 

In addition, limited dispersal refers to a situation where the proximity of relatives (or cooperators) 

increases the probability of interacting with the latter rather than just with neighbours. Here, positive 

assortment results from the grouping of relatives (Hamilton, 1963; Price, 1970; Frank, 1998). 

In many group selection models it is difficult to identify the ultimate effect of direct and 

indirect benefits because of the presence of multiple mechanisms that can have opposite effects on 

costs and benefits of cooperation and on the probability of interacting with cooperators. Moreover, at 

each step of group selection model specification, particular options and assumptions can be 

introduced. This often causes the dynamics of different group selection models to be incomparable. 

Table 7.2 identifies the basic components of group selection (column 1), alternative options to model 

these (column 2), and related mechanisms that may enhance cooperation through indirect and direct 

fitness benefits (column 3). It provides a basis for the discussion in Section 7.5.  
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Table 7.2. Direct and indirect fitness effects in a group selection model 

Component of 

group selection 

model 

Alternative options/assumptions* Direct fitness benefits (DF) or  

 

Indirect fitness benefits (IF) ** 

Individuals choose to cooperate or defect. Rewards for cooperators in terms of 
pay-offs (DF). 

They decide whether to punish a partner. Punishment in the form of the 
exclusion from the group (IF) or a 
decrease in pay-offs (DF).  

1. Interactions 

within groups  

 

With a certain probability individuals change to another 
strategy, if it ensures a higher fitness (within the group), 
or to a random strategy. 

Individuals may be more likely to 
interact with their own kind; 
communication, signalling; and 
reputation enhance the process (IF). 

An individual interacts with a member of another group: 
the individual may be hostile or tolerant towards 
members of other groups. 
An individual imitates a strategy of an individual from 
another group if this yields higher benefits. 

The probability of interacting with 
cooperators is affected (IF). 

2. Interactions (of 
individuals) 
between groups  

Migration to another group: 
- migration takes place only between neighbouring 
groups; 
- individuals who will migrate are sampled randomly 
from the total population. 

Migration may depend on the 
frequency of cooperators and thus 
occurs through environmental 
feedback (IF), e.g. if individuals are 
likely to leave environments with a 
high frequency of defectors (Pepper, 
2002) 

After reproduction, individual groups are pooled 
together, and then randomly sampled. 
Offspring are continuously added to the parent group that 
splits into two after reaching a certain size. 

3. Individual 
reproduction & 
group formation 
and reproduction 

A group in the next generation is populated with the 
offspring of the current group. 

Group formation may result in 
positive assortment or spatial 
clustering (IF). 
 

4. Group selection 
& conflict 
(interactions 
between groups) 

With some probability, two groups are selected for 
war/conflict; the probability that a group wins is 
determined by the frequency of parochialists or 
cooperators in the group. The probability of war can be 
endogenous or exogenous (e.g. only groups with a 
critical number of parochialists engage in wars – Bowles 
and Choi, 2007)  

A high probability of winning a 
conflict by a group with a high 
frequency of cooperators means an 
increase in groups consisting of 
cooperators (IF) 
 

 

Notes: 
* The list of possible modelling options is not exhausted. We discuss options that are most frequently 
encountered in group selection models.  
** Direct benefits affect the cost-to-benefit ratio of action, while indirect fitness benefits increase the probability 
of interacting with an individual of one’s own type. 
 

 

7.5 A multi-level framework of power and environmental institutional 

change 

The notions of group and power are important in explaining changes in environmental institutions and 

policies. Interest groups affect the design of environmental policies and any changes in such policy 

over time (Zhao and Kling, 2003). Compliance with new regulations is often non-voluntary and 

involves legitimized sources of power to ensure their implementation and persistence. We believe that 

explaining the relation between power and institutional change using a group selection approach may 
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provide insight into how stable institutions arise; how institutional change can be stimulated or slowed 

down; and how this, in turn, affects the behaviour of individuals. Note that a systems perspective is 

useful here, as ultimately combining power and multilevel selection results in an evolutionary system 

which comprises both upward and downward causations. Such a complex evolutionary system guided 

by positive and negative feedback mechanisms can address structural change phenomena such as the 

emergence of institutions and collective action. 

In this section, we examine the effects of different mechanisms through which individuals and 

groups can exercise power, and thus affect the evolution of environmental regulation and institutions. 

Table 7.3 shows how different types of power (types 1 to 4, as defined in Section 7.2) can be 

conceptualized (modelled) in the context of a group selection framework. The Types 1-3 power may 

act as mechanisms which enhance or hinder the evolution of environmental institutions and polices, 

either by directly affecting pay-offs associated with different strategies, or by indirectly affecting them 

through their impact on the quality of the institutions in which individuals are embedded (e.g. by 

increasing the frequency of cooperation). In a group selection model, the former enhance evolution of 

institutions through direct fitness benefits (DF), and the latter through indirect fitness benefits (IF), as 

discussed in the previous section. In addition, type 4 power determines the source of power that 

confers dominance on certain groups or individuals. In the third column of Table 7.3 we provide 

formal modeling expressions so as to suggest how different types of power, described in the second 

column of the table, can be conceptualised in a group selection model. We do not derive conditions for 

cooperation to spread for each proposition. The reason is that introducing power is likely to affect 

model dynamics differently depending on a specific model design. The number of possible designs of 

group selection frameworks is vast. Alternative modelling options, described in Table 7.2, give rise to 

29=512 designs.  
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 Table 7.3. The role of power in the process of change in environmental policies 
 
 

Type of power  

 

Mechanisms and sources of power which  

underlie changes in environmental 

institutions and policies 

 

 

Formal expressions * 

1. Affecting 
choices 

(a) Imposing a formal (legitimized) or informal 
(imposed by peers) penalty on those who do not 
cooperate: either pecuniary (DF) or exclusion from 
the group (IF)  
 
(b) Powerful individuals choose partners (e.g. 
cooperators) with whom they can have interactions 
that ensure them relatively high pay-offs (IF)  
 
(c) Groups with more cooperators have a higher 
chance to win in conflicts with other groups (e.g. 
lobbying to induce implementation of group-
beneficial policy) (IF) 

(a) Each group i is composed of xi cooperators, 
yi defectors, zi punishers. Punishers impose 
pecuniary penalty p on defectors incurring cost k 
of punishing. The fitness of individual i in group 
j is then fij=α+b(xj+zj)-cpyij-kzij(1-xj-yj), where zij 
is 1 if i is a punisher and 0 otherwise; xij is 1 if i 
is a cooperator; yij is 1 if i is a defector and 0 
otherwise (Boyd et al., 2003).  
 
(b) P(C|CP) > P(C|C¬P) and P(C|DP) > 
P(C|D¬P), where P and ¬P denotes a strategy of 
powerful and less-powerful individuals, 
respectively. 
 
(c) the probability that a group u will defeat 
group v is 0.5(1+xu-xv), where xu and xv capture 
frequencies of cooperators in group u and v, 
respectively (Boyd et al., 2003). 
 

2. Affecting set 
of choices 

(a) Forcing others to cooperate, possibly using the 
threat of sanctions (DF)  
 
(b) Individuals join a lobby group to enhance the 
implementation of a preferred policy (IF); 
or they engage in efforts to prevent other groups 
from informing or influencing the preferences of 
policy makers (IF) 

(a) a set choice of powerful individuals is {C, 
D}, while less powerful {C}. 
 
(b) forming lobbies can be conceptualised as: 
var(xj)=var(xij)((1+nr-r)/n); 
E{var(xij)}=var(xij)((n-1)(1-r)/n), 
where coefficient of relatedness r can be 
interpreted as the probability of an individual 
joining a lobby (see McElreath and Boyd (2007) 
for derivations). 

3. Affecting 
preferences 

(a) Cultural transmission: for instance, individuals 
imitate (visible, successful) traits or behaviours of 
powerful individuals (IF)  
 
(b) Affecting preferences regarding cooperation; for 
example, suggesting that a critical mass of 
individuals behave cooperatively (IF) 

(a) powerful individuals can be characterised by 
higher intrinsic fitness fij=α+bxj-cxij than  less-
powerful individuals fij=β+bxj-cxij, with α >β. In 
this case, their strategies are more likely to 
diffuse in the population due to fitness-
dependent selection.   
 
(b) a critical mass of cooperators x)  can be 
incorporated into the fitness function: 
fij=α+b(xj+ x) xij)-cxij. This will increase benefits 
from cooperation.   

4. Sources Access to resources, information, or powerful 
individuals; relative wealth (fitness advantage) 
determines the individual ability to implement 
his/her own strategies and achieve the desired 
outcomes (DF/IF, depending on how powerful 
individuals exercise power) 

Type 4 of power can be reflected in the structure 
of pay-offs, or in probabilities of interactions.  

 

Notes:  DF – direct fitness benefits ; IF – indirect fitness benefits. 
* Notation is consistent with Section 7.4, unless otherwise specified. 
 

 

Type 1 power as the ability to directly affect the choices of others can be exercised by the use 

of rewards and punishment. In particular, punishment is an important strategy to enforce group norms. 

Individuals tend to punish those who deviate from socially accepted forms of conduct. Empirical 
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results suggest that punishment is also an important means to improve relative status (position in a 

hierarchy) and to establish and maintain dominance relationships, even in a situation when it does not 

bring direct fitness benefits to a punisher. For instance, experiments by Falk et al. (2005) support the 

evolution of altruistic and spiteful punishment (i.e. a penalty imposed on defectors), as well as spiteful 

behaviour (i.e. a penalty imposed on cooperators), within a group. Punishment and rewards can be 

further enforced by formal rules and regulations. In particular, a government is eligible to use different 

policy instruments, such as tax exemptions and subsidies to reward compliance with environmental 

standards or to impose a pecuniary penalty on those who evade. From the perspective of a group 

selection framework, these mechanisms act through direct fitness benefits as they improve the relative 

ratio of cost-to-benefit of cooperation. In some (extreme) cases, inducing others to cooperate requires 

a credible threat of exclusion from the group to be used against defectors. This affects the probability 

of interacting with cooperators, and thus the evolution of cooperation through indirect fitness benefits 

(or positive assortment).  

Individuals may exercise Type 1 power to select partners with whom they want to interact. 

Numerous examples show that individuals often leave a relationship with one partner to find others 

with whom interactions can ensure them better pay-offs (Hammerstein, 2003; Noe and Hammerstein, 

1994). In environments with heterogeneous pay-offs, an individual may monitor whether he is getting 

an adequate pay-off from a current partner relative to other potential partners before deciding whether 

to continue and cultivate the current relation (Hruschka and Henrich, 2006). Powerful individuals are 

likely to have more opportunities to change partners freely within a group, or they can decide to leave 

the group in search of more attractive partners. Partner selection by powerful individuals is a form of 

positive assortment.  

Type 1 power has also been defined as a higher probability to win in conflictual situations, for 

instance in the process of bargaining over scarce natural resources. In a group selection model, group 

benefits generated by cooperators typically accrue equally to group members. For example, Bowles et 

al. (2003) investigate the evolution of a resource sharing institution, modelled as a linear tax collected 

from individual pay-offs, with the proceeds distributed equally within a group. Introducing a tax 

enhances cooperation in the group selection model through direct fitness benefits, i.e. by decreasing 

the difference in pay-offs associated with different strategies. Resource sharing has a strong 

redistributive effect creating a systematic bias towards cooperators or defectors within groups. Thus, a 

tax imposed exogenously (by an authority), as in Bowles et al. (2003), is likely to create resistance 

from some individuals. Alternatively, a tax can emerge as an outcome of the bargaining between 

defectors and cooperators in each group, although this has not yet been modelled using group 

selection. Nevertheless, this could provide a more realistic account of the emergence of differences in 

tax rates, and thus in cost-to-benefit ratios of cooperation, within and between groups. Groups may 

also participate in rent-seeking activities, or form lobbies to increase the probability of receiving a 

transfer or subsidy from a government financed, for instance, by a levy imposed on groups. Conflict 
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between groups over such a transfer aligns the interests of individuals within groups, as it determines 

group and individual success. Consequently, it acts by enhancing indirect fitness benefits.  

Type 2 power is defined as the ability to affect a choice set of someone else. In a simple group 

selection model, individuals have a choice between two strategies: cooperate or defect. On the other 

hand, powerful individuals are likely to face a wider set of options to choose from (e.g. access to more 

partners) than less powerful ones, or they may be able to induce agents with whom they interact to 

cooperate, in this way limiting the choice set of the latter to a single strategy. These mechanisms are 

likely to require a legitimized source of power, or a credible threat of withdrawing from future 

cooperation. In addition, individuals with similar preferences concerning a particular policy can form 

interest groups. Activities of the latter will increase the chance of adding (for the group) interesting 

issues to the political agenda. Policies like environmental regulations are likely to affect incentives to 

cooperate through direct fitness benefits. 

Finally, Type 3 power concerns the ability to influence the preferences, beliefs, and values 

that others attach to different alternatives. Henrich and Gil-White (2001) argue that natural selection 

tends to favour those individuals who imitate the behaviour (goals and strategies) of other individuals 

on the basis of the current power distribution. They distinguish between dominance, which involves 

force or threat of force, and prestige, which relies on freely conferred deference. In the case of 

prestige, in the absence of mechanisms of force and obligation, individuals may imitate or comply 

with prestigious others, out of mere respect and admiration. From this perspective, power can be seen 

as a mechanism of social transmission. This has relevance for studying the diffusion of environmental 

practices, where individuals engage in a social comparison of relative status. The ease with which 

individuals imitate strategies in order to conform to powerful others is likely to be affected by their 

proximity to the latter (Henrich and Gil-White, 2001). Within their own group, individuals have more 

opportunities to observe how prestigious agents implement their strategies, and which techniques they 

use than to observe similar actions by powerful individuals in other groups. Thus, imitation of the 

types of behaviour of powerful individuals within one’s own group is more likely (i.e. occurs with a 

higher probability) than imitating powerful individuals of other groups.  

In addition, preferences can change over time under the influence of a leader, charismatic 

authority or the majority in a group. To promote cooperation, a government may publicly praise 

individuals who display exemplary behaviour (e.g. recycling) or launch campaigns which inform 

about the negative effects of pollution, overexploitation of natural resources, etc. (Nannen and van den 

Bergh, 2008). In fact, to stimulate coordinated adoption decisions, governments and firms often use 

the critical mass phenomenon, when trying to convince potential adopters that a sufficient number of 

individuals are about to adopt a new variant of a certain strategy, practice or product (Witt, 1997).  

The power of an individual can be measured in terms of wealth, access to powerful others, or a 

level in a hierarchy of decision making (legitimized source of power). In addition, the power of a 

group can be quantified by its size, frequency of cooperators, or total cumulative wealth of its 
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members. This relates to Type 4 power. The type of source that confers power within and between 

groups (and its distribution) affects the institutional outcomes. For instance, the product of 

negotiations between groups may depend on their relative size or wealth. Similarly, the structure of 

interactions, or hierarchy of decision making, shapes the outcomes of group interactions. In a simple 

group selection model, it is implicitly assumed that individuals decide simultaneously how to behave 

(whether to cooperate or defect). However, decisions may be undertaken sequentially, with more 

powerful individuals acting first and other individuals imitating such behaviour. This can be a source 

of path-dependence and lock-in as described by Arthur (1989). 

Thus far in this section, we have discussed how groups and individuals may exercise power, in 

particular to induce change in environmental policies. But environmental institutions, once 

established, will themselves affect the structure of interactions, choices and opportunities, and thus the 

distribution of power among individuals. In the context of environmental governance, a resource 

regime is an important concept (Vatn, 2006). It consists of a property regime (private, common, state, 

and open access) that governs the use and transfer of a resource, and formal rules that govern the 

transfer of goods and services derived from this resource (market, public rationing, and community-

based). Notably, regime change affects the allocation of sources of power (Type 4 power), and thus 

who is ultimately considered powerful. For instance, currently oil companies exercise power by 

affecting prices, and means of energy supply etc. The exhaustion of natural resources or supply 

problems may cause relative advantages to shift towards firms and producers of alternative energy 

sources. Or because of institutional (or other exogenous) changes, incumbent strategies may turn out 

to be maladaptive to new circumstances, while only mutant strategies are able to cope with new 

conditions. The empirical evidence suggests that this mechanism is important for the reallocation of 

power in small societies (see Bowles, 1998).  

 

7.6 Conclusions 

Environmental institutions determine the choices and opportunities that individuals face, as well as the 

structure of their interactions and interdependencies. Although power is inherent to environmental 

governance, thus far no convincing framework has been developed which can enable the analysis of 

the dynamics of power relations in interaction with the dynamics of environmental institutions and 

policies. Here, we have attempted to make an initial step in filling this gap. We have proposed a 

theoretical approach to study institutional change that synthesizes elements and insights from the 

literatures on group selection and socio-economic power.  

In social and political science, existing definitions of power are built upon the agency and 

structure dichotomy. From the perspective of agency, power can be defined as: (1) the ability to pursue 

one’s own will, including the capacity to affect the choices of others and to win in conflict situations; 

(2) the ability to affect a choice set of others; and (3) the ability to influence the preferences, beliefs 
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and values attached by others to various alternatives. A complementary, structural perspective 

emphasizes that the choices an individual faces tend to depend on the position she holds in a structure 

of mutual dependencies. Here, privileges from holding a certain position in the institution, including 

access to powerful individuals or possession of valuable information, underlie the power that an 

individual exerts on others, directly or through her impact on the institutional structure.  

We showed how these different mechanisms of power have been conceptualized in various 

economic schools of thought. We suggested that Type 1 power is inherent in monopoly, contractual, 

contested exchange and bargaining theories; Type 2 is addressed in the economics of asymmetric 

information, and political, public choice and behavioural economics; and Type 3 prevails in 

evolutionary, behavioural and institutional economics. Finally, the structural perspective on power is 

common in regional economics, property rights theory, new institutional economics, and network 

theories. So far, there is no framework in economics that accounts for the different aspects of power 

and their effect on the evolution of institutions.  

We proposed that the co-dynamics of power relations and environmental institutions can be 

best explained within a group selection framework. Group or multi-level selection provides both a 

conceptual and formal tool to explain the emergence and evolution of all sorts of institutions. It 

describes how selection acting on the levels of individuals and groups contributes to the emergence of 

higher-level phenomena. It has been explored extensively in studying the evolution of cooperation. 

The synthesis of socio-economic power and institutional change explained by the group selection 

framework can offer insight into solving the coordination problems associated with the use of natural 

resources and conflicts over environmental regulation. With this purpose in mind, we have proposed 

how the different aspects of power can be introduced into a group selection framework. The discussed 

mechanisms of exercising power comprise: formal sanctions, such as a pecuniary penalty; the threat of 

withdrawal from future cooperation, or exclusion from the group; rewards which enhance benefits 

from cooperation; partner selection; lobby formation and lobby influence over which issues are 

brought to the political agenda; and the imitation of prestigious individuals within or outside one’s one 

group. We identified through which channels: namely, direct or indirect fitness benefits, they affect 

the evolution of environmental institutions and policies. In the context of formal group selection 

modelling, mechanisms related to direct fitness benefits enhance the evolution of cooperation by 

increasing the cost-to-benefit ratios of cooperation. Mechanisms of indirect fitness benefits influence 

individual decisions and behaviour indirectly by improving the quality of the institutions in which 

individuals are embedded by, for instance, increasing the frequency of cooperation. The foregoing is 

not meant to be exhaustive but to indicate promising directions for future modelling and analysis of 

the dynamics of environmental institutions. 
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Chapter 8 

Conclusions 
 
 
8.1 Summary and main conclusions  

This thesis has examined contributions of evolutionary economics to modelling the micro-mechanisms 

that underlie transitions towards sustainable development. It offers a complementary perspective to 

current transition approaches, to analyse patterns and mechanisms of change. Existing models of 

transitions focus on social phenomena and seldom address economic problems. As opposed, 

(neoclassical) economic models of technological change do not account for social interactions, 

heterogeneity of users and their perspectives – all which can impact the direction of innovations and 

patterns of socio-technological development. In this thesis, formal models were proposed to illustrate 

the usefulness of a range of evolutionary-economic techniques for modelling transitions. They 

examined the role of coevolution of demand and supply, recombinant innovation, bounded rationality 

of consumers and investors, and institutional change through group selection in the process of change. 

The aim of proposed models was not to provide a universal methodological basis for analysing 

transitions. In fact, the latter may be impossible because of the discontinuities in dynamics of real 

systems and complexity of socio-economic interactions. Moreover, the perception of a qualitative 

change (transition) often depends on the level of analysis or it may be a matter of a subjective opinion. 

Instead, modelling exercises developed in consecutive chapters attempted to unravel general 

tendencies of system dynamics and to identify possible mechanisms of change. Proposed models can 

be modified to incorporate features of specific sectors or industries undergoing transitions.    

In general, four types of modelling exercises predominate in evolutionary economics 

(Tesfation, 2006; Weidlich and Veit, 2008): (1) descriptive theories that aim to provide the micro-

foundations of macro-regularities, based on local interactions of heterogeneous agents; (2) normative 

research to test the performance of agents in different institutional contexts, so as to evaluate the 

efficiency of economic policies and institutions; (3) theory generation, which involves the analysis of 

economic dynamics for different initial conditions; and (4) modelling exercises conducted with the 

aim of improving the methodology itself. In this thesis, most research questions formulated in Chapter 

1 fell into categories (1) and (2). Exploring these questions of a descriptive and normative nature 

raised methodological questions on how and when specific assumptions apply (category (4)). 

Consequently, for each proposed model, we discussed the methodological difficulties and 

shortcomings of the associated evolutionary methods. In addition, some building blocks, such as 

coevolution and group selection, have not achieved much attention in evolutionary economic 

modelling so far. Thus, applying these concepts – to some extent inspired by biology, anthropology 
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and behavioural sciences – to explain economic processes has required the exploration and 

development of new theories (category (3) above).  

In order to provide a good basis for evolutionary modelling in general, and of technological 

change and transitions in particular, Chapter 2 presented the methods and components of formal 

evolutionary-economic modelling. The methods were broadly classified into evolutionary game theory 

and selection dynamics, evolutionary computation and multi-agent systems, each with relevant 

subcategories. The components or building blocks were organized into diversity, innovation, selection, 

bounded rationality, diffusion, path dependency and lock-in, coevolution, multilevel and group 

selection, and mechanisms of growth. The number of alternatives that has been proposed for each 

category in the literature is vast, making it difficult to comprehend the variety of assumptions and 

formalizations that underlie existing evolutionary-economic models. However, the combination of 

modelling methods and building blocks determines the possible hypotheses and questions that can be 

studied. The survey aimed to clarify for each model component the choice range, formal expressions, 

associated assumptions, and possible techniques for formalization. It was concluded that no 

convergence of methods used in evolutionary economics has been observed, and that it is unlikely that 

this will happen soon.  

 To comprehend socio-economic-technological change, a good understanding of the 

mechanisms that underlie demand-supply interactions is essential. Formal modelling exercises can 

help in examining and comparing the effects of various behavioural assumptions, including the role of 

status-driven consumption, in the process of technological change. With this purpose in mind, in 

Chapter 3, a formal coevolutionary model of supply and demand was proposed to study the likelihood 

of market lock-in in the presence of multiple increasing returns. The framework describes coevolving 

populations of boundedly-rational consumers and innovating firms. On the demand side, we compared 

alternative types of interdependence of consumer preferences. On the supply side, a technological 

trajectory emerges from the interplay of incremental innovation, search for a new product design, and 

marketing activities. The model provides a general and complete account of increasing returns on the  

supply and the demand sides, as well as their synergetic interactions. It was used to evaluate a number 

of policy instruments aimed at escaping from lock-in. We found that demand inertia on the demand 

side was more likely to prevent the diffusion of innovations than increasing returns on the supply side. 

Moreover, the results indicated that the effectiveness of unlocking policies is sensitive to the demand-

side specification. The investigated policy options were ineffective in reversing market trajectories in 

the version of the model where consumers evaluated the attractiveness of products based on their 

market shares. In alternative versions of the model, where consumers engaged in social comparisons 

of designs purchased by others in their reference group, sufficiently high tax rates imposed on a 

dominant firm, or public campaigns promoting an alternative to the dominant design, could induce a 

switch in the demand from the dominant design towards the alternative one. However, in most cases, 
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lock-in to the alternative product occurred. On the other hand, instruments such as subsidies for 

research and a preferential tax for a new firm proved successful in increasing market competition.  

In Chapter 4, a novel evolutionary approach based on an extension of replicator dynamics 

with recombination and mutation was proposed. Its stylized application to model energy transitions 

was presented in Chapter 5. The model builds upon three lines of modelling in theoretical biology: the 

quasi-species equation, mutator-replicator dynamics and recombination dynamics. It captures the 

interaction between selection and innovation in the process of endogenous change. The framework can 

be interpreted as describing a population of boundedly rational investors who decide in each period on 

the allocation of investment capital among different technological options. Investors tend to invest in 

below-average cost technologies, just as under replicator dynamics. In addition, they direct a constant 

fraction of investments, captured by mutation and recombination rates, to alternative technologies and 

research on recombinant innovation. As opposed to most previous studies, mutation and 

recombination were defined as conceptual variables with a concrete behavioural interpretation: 

namely, describing the decision rules (heuristics) of investors. In the proposed setting, the dynamics of 

technology shares for three different selection environments were compared with selection operating 

on technologies characterized: by constant costs; by costs that are decreasing steadily and exogenously 

over time; and by costs depending on the level of cumulative investments. For each version of the 

model, the optimal diversity of technologies in terms of minimizing the total cost of investments over 

time was derived. This was motivated by the idea that diversity contributes to system adaptability, 

resilience to unforeseen contingencies, and avoidance of technological lock-in. We found that 

diversifying a research portfolio is an important source of innovation due to novel combinations of 

incumbent technologies. In the long run, it may also ensure the lowest average cost, which is 

indicative of the future cost of maintaining a specific technology mix. This result was derived for the 

version of the model where technological unit costs were described by learning curves but not where 

unit costs were constant or decreasing steadily (and exogenously) over time. The former possibly 

represents the most realistic model version, since learning curves are a well-established stylized fact in 

the energy literature.  

In Chapter 6, with the aim of explaining historical change from coal to gas in electricity 

production, we discussed the determinants of investment in installed capacity in power plants in the 

UK. A formal model of technological change was proposed, describing the diffusion of energy 

technologies through new power plants. The causal relations between price- and output-setting 

mechanisms, investment decisions, and input dynamics were compared for alternative institutional 

arrangements in two versions of the model: namely, with, respectively, perfectly rational and 

boundedly-rational investors. In the former case, decisions about size and fuel type of new power 

plants are determined by maximizing the total discounted value of such investments. In the 

evolutionary version of the model, technologies generating above-average profits are likely to diffuse 

in the population. The model parameters were quantified on data for the United Kingdom. We found 
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that simulations of the rational agent version of the model replicated well the core characteristics of a 

transition from coal to gas in the UK after the liberalization of the electricity market. In the 

evolutionary versions of the model, the dominance of nuclear energy in electricity production was 

observed in the majority of simulation runs.   

The results suggest that institutional arrangements are important for the possible pathways of 

technological change in the electricity industry. In particular, forward contracts influence the 

incentives to invest in different energy technologies. In the presence of a forward market, fuel and 

labour use were much higher than in its absence. Forward contracts allow plants to hedge profits 

against the volatility of spot prices causing production and input use to be less sensitive to changes in 

input prices. In the rational versions of the model, investors choose the energy technology to be 

employed in new power plants, on the basis of its long-term profitability. This the limits diversity of 

investments in new power stations. In the evolutionary version of the model, the relative attractiveness 

of different technologies relies on their short-term profits determined by the spot price and fuel costs. 

As a consequence, investments in new power plants are more diverse in this version of the model. It 

was concluded that a market design which promotes long-term profitability might be insufficient to 

stimulate investments in renewable energy plants. Nuclear stations, which, like some renewable 

energy technologies, are characterized by high fixed and installation costs, attracted hardly any 

investments in the rational version of the model. More direct support in form of subsidies may be 

necessary for the development and deployment of renewable energy. 

Chapter 7 presented a theory of institutional change that builds upon a synthesis of theoretical 

insights from the literatures on group selection and socio-economic power. In the context of transitions 

towards sustainability, comprehending how environmental institutions change is important. An 

institutional design defines a context in which interactions takes place, and thus it may enhance or 

prevent the overexploitation of common resources, the adoption of new practices, etc. Notably, groups 

can use their power to induce changes in institutions to their advantage, or they may create barriers to 

fundamental changes. Currently, a convincing, well-based theory that explains the effect of power 

dynamics on institutional change in environmental institutions is lacking. To fill this gap, we first 

proposed a taxonomy of power comprising different sources and mechanisms of exercising power, 

based on a critical reading of relevant studies in sociology, political science, and philosophy. Next, we 

examined how these different aspects of mechanisms and sources of power can be incorporated in a 

group selection framework to explain the evolution of environmental institutions and policies. We 

identified through which channels in a formal group selection model; namely, direct or indirect fitness 

benefits, different aspects of power could affect the process of institutional change. Direct fitness 

benefits affect an individual’s choice through relative pay-offs associated with different actions, 

whereas indirect fitness benefits affect his decisions through the structure in which the individual is 

embedded. We did not aim to be exhaustive in describing possible mechanisms of change in 
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environmental institutions, but to indicate promising directions for future modelling and analysis of 

these mechanisms.  

 

8.2 Closing remarks and suggestion for future research   

The evolutionary modelling of system dynamics, emerging from the interactions of heterogeneous and 

boundedly rational agents with social preferences (like conformism, imitation, status-seeking), 

provides a promising tool for theory generation in the context of transitions to sustainable 

development. Thus far, it has been applied mostly to model technological change, sustainable 

consumption, and endogenous preference change. Insights from such frameworks, relevant more for 

developed rather than developing countries, cannot be easily translated into recommendations for the 

latter. In the future, conditions to stimulate the persistent creation of novel capacities and economic 

niches in developing countries, so as to provide them with comparative advantages, need to attract 

more attention in evolutionary-economic modelling.  

In fact, despite of the proliferation of many evolutionary-economic models over the last two 

decades, the modelling of sustainable development has not advanced beyond the endogenous growth 

model (Carlesson, 2007). However, the pursuit of social welfare requires going beyond economic 

growth to understand the full demands of socio-economic development and to account for how growth 

translates into quality of life and freedom of people involved (Sen, 2009). Thus far, there is no 

consensus on how to aggregate evolving preferences of individuals into a social welfare function or 

how to measure countries’ success in the presence of trade-offs between economic, social and 

environmental objectives. This creates a difficulty for evolutionary modelling, in which relative 

performance (fitness) determines population dynamics. These are big challenges ahead for future 

evolutionary modelling of transitions to sustainable development.  

Up till now, formal evolutionary modelling exercises are relatively little used in real decision-

making. This relates to the fact that operational tests to identify structural change and mechanisms that 

underlie trajectories of complex systems are lacking. In addition, there is no concensus on how to 

define complexity, which are its key features, and future prospects (Gershenson, 2009). The study of 

complexity is an interdisciplinary field employing concepts from nonlinear dynamics, statistical 

physics, probability and information theories, and numerical simulations. On the basis of a review of 

over 40 definitions of complexity, Lloyd (2001) finds that the concept carries very different meanings 

in a number of scientific disciplines. Hogan (1995) suggests that we went from complexity to 

perplexity. As a consequence, the use of the notion of complexity in social theories is also very 

diverse, and needs to be carefully revised before it can prove capable of explaining social phenomena. 

For instance, Mitchell (2009: 13) has proposed that a complex adaptive system should be defined as 

“… a system in which large networks of components with no central control and simple rules of 

operation give rise to complex collective behaviour, sophisticated information processing, and 
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adaptation via learning and evolution …”. Certain aspects of such a definition capture social reality 

well, for instance, decentralized interactions and mechanisms of adaptation to changes in the 

environment. But other features cannot be literally applied to socio-economic systems. For instance, 

complexity as defined above implies that there is no centralised control. However, the government 

intervenes, even in the most liberalized market economies, for instance, to control the level of 

environmental pollution or prevent the formation of cartels and monopolies. This raises the question 

whether systems with built-in mechanisms of power or centralised knowledge and control can be 

interpreted and analysed as being really complex.  

In modelling exercises, complexity is often treated as a property of the model independent of 

the real world (Peron, 2007). Evolutionary economists devote relatively little attention to justify 

specific modelling assumptions. For instance, particular types of bounded rationality, or of network 

interactions, are introduced without any reference to the real-world phenomena. By selecting the 

simplest possible framework that proves capable of replicating stylised phenomena, according to the 

prevailing parsimony principle, we may be missing opportunities for exploring complexity of real 

systems. The concern has arisen that heterodox economics in general, and evolutionary economics in 

particular, have become method-oriented and thus may not escape ontological inconsistencies between 

theory and practice (Lawson, 2008). Identifying the conditions under which specific behavioural 

assumptions apply, i.e. describing well the properties of the real systems, could enhance the practical 

use of evolutionary economics as a tool for theory development and hypothesis testing, including for 

the purpose of studying potential sustainability transitions. 

Replication of model results is limited in evolutionary economics, although it constitutes a 

fundamental method of validating experiments in different disciplines, including physics and 

psychology. This could help to discover the hidden unrealistic assumptions and sensitivity to changes 

in the parameters of proposed models (Mitchell, 2009). In fact, only a few evolutionary economic 

models (e.g. Arthur, 1989; Nelson and Winter, 1982) have been extensively replicated by others. Both 

approaches, i.e. designing novel evolutionary models and the replication of earlier results, may be 

essential for progress in evolutionary economics. Ultimately, this could enhance the use of formal 

evolutionary-economic methods in conceptualizing and modelling transitions to sustainable 

development. 
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Nederlandse samenvatting 

Evolutionaire modellering van transities naar duurzame ontwikkeling 

 

In dit proefschrift is onderzocht hoe evolutionaire economie kan bijdragen aan het modelleren van de 

micromechanismen die ten grondslag liggen aan de transitie van de huidige naar een duurzame 

economie. In het algemeen kan een transitie worden gedefinieerd als een geleidelijk, continu proces 

van maatschappelijke veranderingen waarin de maatschappij (of een complex subsysteem daarvan) 

structureel verandert van aard. Transities zijn dus fundamentele veranderingen in het systeem. Ze 

vereisen het ontsnappen aan een insluiting (“lock-in”) van dominante, milieutechnisch onduurzame 

technologieën, het introduceren van majeure technische of sociale innovaties en het veranderen van de 

heersende sociale praktijken en structuren. Vanwege de complexiteit van sociaal-economische 

interacties is het niet altijd mogelijk om de oorzaken van onduurzame structuren en gedragspatronen te 

bepalen en deze te beïnvloeden met geschikte beleidsinstrumenten. 

Formele modellering kan een bijdrage leveren aan het verbeteren van inzicht in de interactie 

tussen verschillende transitiemechanismen die anders lastig intuïtief te begrijpen zouden zijn. Zij 

maken het mogelijk om de effecten van beleidsinterventies in complexe systemen te verkennen. 

Bestaande transitiemodellen richten zich veelal op sociale fenomenen en behandelen zelden 

economische mechanismen of doen dit zeer oppervlakkig. Daarentegen houden “mainstream” 

(neoklassieke) economische modellen van technologische verandering geen rekening met sociale 

interacties en de veranderende heterogeniteit van gebruikers en hun perspectieven – ook al 

beïnvloeden deze de richting van innovaties en patronen van sociaal-technologische ontwikkeling. 

Evolutionaire economie biedt een aanpak die verder gaat dan de bestaande economie -  met name 

hanteert ze realistischere aannames met betrekking tot het gedrag en de dynamische heterogeniteit van 

consumenten, bedrijven en beleggers. Een dergelijke benadering kan de huidige transitiemodellen 

aanvullen door ze te voorzien van een beter zicht op relevante economische processen. 

In dit proefschrift zijn meerdere formele evolutionaire modellen van transities ontwikkeld. 

Deze hadden tot doel het blootleggen van de kerneigenschappen van transities van sociaal-

economische systemen, zoals insluiting, padafhankelijkheid, co-evolutie, groepselectie en 

recombinante innovatie.  

Om een geschikte basis te creëren voor evolutionaire modellering in het algemeen en voor 

technologische verandering en transities in het bijzonder, presenteert hoofdstuk twee de methoden en 

componenten van formele evolutionair-economische modellering. Het geboden overzicht is uniek in 

drie opzichten: het biedt een uitgebreid overzicht van evolutionaire bouwstenen zoals diversiteit, 

innovatie, selectie, begrensde rationaliteit, diffusie, padafhankelijkheid en insluiting, co-evolutie, 

groep- of multilevel selectie, en groeimechanismen; het hoofdstuk presenteert expliciete formalisaties 



 203 

van evolutionaire modelcomponenten, en het verheldert de verbinding tussen modelcomponenten en 

de algemene methoden van evolutionaire modellering.  

In hoofdstuk 3 wordt een multi-agent model ontwikkeld voor de studie van co-evolutie van 

vraag en aanbod in de aanwezigheid van meerdere toenemende schaalopbrengsten aan zowel de 

aanbod- als vraagzijden van de markt. De reden is dat co-evolutionaire mechanismen de kerndynamiek 

van transities vormen. Met name onderlinge interacties tussen producenten en consumenten spelen een 

belangrijke rol  bij innovatieprocessen. In het model worden consumenten beschreven als imitators 

van anderen in hun sociale groepen, terwijl ze ook proberen om zichzelf te onderscheiden van de 

meerderheid door de aankoop van speciale statusgoederen. Consumenten behoren tot één van twee 

groepen, namelijk arm of rijk. Dit is ingegeven door het feit dat meer vermogende personen doorgaans 

de eersten zijn om innovaties te adopteren, zodat hun voorkeuren in het algemeen een belangrijke rol 

spelen in het proces van technologische verandering. De evolutie van het systeem wordt onderzocht 

voor, en vergeleken tussen, alternatieve gedragsregels en interactiepatronen (netwerkeffecten) van 

consumenten. Een belangrijk inzicht is dat traagheid van vraagveranderingen waarschijnlijk eerder 

diffusie van innovaties zal verhinderen dan toenemende schaalopbrengsten aan de aanbodzijde. Het 

model is gehanteerd om een aantal beleidsinstrumenten te onderzoeken, gericht op het ontsnappen aan 

technologische insluiting. De onderzochte beleidsopties waren niet effectief met betrekking tot het 

omkeren van markttrajecten in de versie van het model waarin consumenten de aantrekkelijkheid van 

producten evalueerden op basis van hun marktaandelen. Echter, ze zouden waarschijnlijk een markt 

ontgrendelen bij alternatieve versies van het model waarin consumenten deelnemen aan sociale 

vergelijkingen. 

Hoofdstuk 4 presenteert een nieuwe evolutionair-economische aanpak die de bekende 

“replicator dynamiek” uitbreidt met mutatie en recombinatie. Replicator dynamiek, die domineert in 

evolutionair-economische modellering impliceert een voorkeur ten opzichte van het best presterende 

alternatief. In de werkelijkheid kan men inefficiënte technologieën waarnemen op markten. Hiervoor 

zijn verschillende redenen aan te voeren: experimenten zijn kostbaar, begrensd-rationele beleggers 

kunnen de winstgevendheid van verschillende projecten niet goed inschatten, of eigendomsrechten 

verhinderen de diffusie van nieuwe oplossingen. Deze realiteit kan worden ondervangen door het 

modelleren van mutatie en recombinatie. Een gestileerde toepassing van het resulterende model op het 

probleem van energietransities is voorgesteld in hoofdstuk 5. Het gehanteerde raamwerk beschrijft de 

beleggingsheuristiek van begrensd-rationele beleggers. De lange termijn kosten van het investeren in 

diversiteit van energietechnologieën zijn vergeleken tussen drie versies van het model: te weten, de 

versie waarin technologieën worden beschreven door constante kosten, door kosten die gestaag 

afnemen, en door kosten die veranderen in overeenstemming met de leercurve. We hebben ontdekt dat 

het diversificeren van een onderzoeksportfolio een belangrijke bron van vernieuwing was dankzij de 

positieve invloed op nieuwe combinaties van gevestigde technologieën. Op de lange termijn kan het 

zelfs zorgen voor de laagste gemiddelde kosten, hetgeen indicatief is voor de toekomstige kosten van 
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het behouden van een specifieke technologiemix. Dit resultaat is verkregen voor de versie van het 

model waarin technologische kosten per eenheid werden beschreven door leercurven, maar niet waar 

kosten per eenheid constant waren of gestaag (en exogeen) afnamen. Het eerstgenoemde 

vertegenwoordigt wellicht de meest realistische modelversie, aangezien leercurven een gestileerd feit 

zijn in de literatuur over energiestudies.  

Hoofdstuk 6 voert een analyse uit van determinanten van investeringen in de geïnstalleerde 

capaciteit in energiecentrales in het Verenigd Koninkrijk. Deze analyse is gericht op het verklaren van 

de historische verandering van steenkool naar gas als basis van de elektriciteitsproductie. Een formeel 

model van industriële evolutie is voorgesteld. Hierin hangt technologische verandering af van de 

diffusie van energietechnologieën welke wordt beïnvloed door de bouw van nieuwe energiecentrales. 

De industriële dynamiek wordt vergeleken tussen versies van het model die rationele en begrensde 

rationele beleggers weerspiegelen. De uitkomsten suggereren dat institutionele regelingen en 

specifieke aannames over het gedrag van beleggers cruciaal zijn voor de mogelijke trajecten van 

technologische verandering in de elektriciteitssector. Bijvoorbeeld termijncontracten hebben invloed 

op de prikkels om te investeren in de verschillende energietechnologieën.  

Tot slot presenteert hoofdstuk 7 een theorie van institutionele verandering die gebaseerd is op 

een synthese van theoretische inzichten uit de literatuur over groepselectie en de literatuur over 

sociaal-economische macht. De resulterende theorie wordt vervolgens gebruikt ter verklaring van de 

evolutie van machtsverhoudingen en milieu-instituties. Dit kan bijdragen aan het beter begrijpen van 

het succes of het falen van potentiële transities naar een duurzame economie als. Dit hoofdstuk levert 

tevens nieuwe bouwstenen aan voor toekomstige evolutionaire modellering van transities. 

Alles bij elkaar illustreren de verschillende deelstudies die verzameld zijn in dit proefschrift, 

dat de toepassing van evolutionaire economie en modellering op transitieonderzoek nieuwe en 

beleidsrelevante inzichten kan genereren. Het is duidelijk dat iedere specifieke aanpak die hier 

gehanteerd is een nieuwe reeks aan onderzoeksvragen oplevert, welke serieuze aandacht verdienen in 

vervolgonderzoek. 

 


