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Chapterr  2 

Complexityy and decomposability in the NK-model 

Evolutionaryy economists introduced new concepts that break with the framework of 
neoclassicall  economics. As discussed in Chapter 1, important features of the evolutionary 
perspectivee on technology include localised technological change and heterogeneity in firms' 
choicee of technology. However, the majority of evolutionary economists tend to follow 
neoclassicall  economists in representing technology simply as a coordinate in capital-labour 
spacee (Nelson and Winter 1982; Winter 1984; Silverberg et al. 1988; Andersen 1994; Jonard 
andd Yildizoglu 1998; Oltra 1998). Following this representation, technology is characterised 
byy the required inputs to produce a particular output, and competition between firms is based 
onn relative cost-efficiency. In these models innovation is thus restricted to improvements in 
processs technologies that increase a firm's cost-efficiency in producing a given homogeneous 
output. . 

Inn this study, an alternative approach to modelling innovation is followed, which is 
basedd on a combinatorial logic. New variations in technology can be considered as tgnew 
combinations""  between element technologies (cf. Schumpeter 1934). In this representation 
innovationn can be described as mutations in particular elements of a complex technological 
system.. This conceptualisation of innovation is analogous to the occurrence of new 
combinationss between genes in a genome. The central objective in this chapter and the next 
chapterr is to develop a combinatorial evolutionary model of complex technological systems. 
Usingg this model, I am able to address the three issues listed in the previous chapter that I 
considerr underdeveloped in formal models: technological complexity, search heuristics, and 
productt innovation. 

Thee model developed here is based on Stuart Kauffman's NK-model, which was 
originallyy developed as a model of biological evolution of complex organisms (Kauffman and 
Levinn 1987; Kauffman 1989,1993; Kauffman and Johnsen 1991). In the biological model, the 
complexityy in organisms stems from the interdependency in the functioning of genes. A 
similarr type of complexity concerns the interdependent working of its constituting elements 
inn complex technologies (Rosenberg 1969; Simon 1969). This similarity has provided the 
basiss of transferring the NK-model from the biological realm to the economic realm 
(Kauffmann 1988, 1993, 2000; Kauffman and Macready 1995; Frenken et al 1997, 1999a; 
Caminetii  1999; Auerswald etal 2000; Kauffman et al 2000; Valente 2000; Frenken 2001a). 

II  first explain how one can use the NK-model to study innovation as a process of 
experimentationn with new combinations between element technologies. The test cycle 
proceedss as a trial-and-error algorithm generating new variations by mutation and evaluating 
thesee according to a fitness function. When a new variation is found superior to an earlier 
one,, the latter is rejected and the former is accepted. In this way, technological evolution can 
bee modelled as a process of mutation and selection analogous to biological evolution. 

Thoughh biological analogies have provided powerful heuristics in economic 
theorisingg on technological change, important differences exist between the evolution of 
organismss and the evolution of technological systems. The transfer of ideas and models from 
biologyy to economics should therefore be done carefully and reflexively. The differences 
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betweenn the systems of reference should always be borne in mind (DeBresson 1987; Nelson 
1995).. The advantage of using the NK-model stems from its formal nature, which enables 
onee to study both the similarities and differences between biological and technological 
evolution. . 

Onee difference between biological and technological evolution concerns the 
possibilityy of imitation of designs among agents. In the economic context, imitative strategies 
off  firms have been distinguished from innovative strategies of firms (Alchian 1950; Nelson 
andd Winter 1982). Under particular conditions, imitation can be more successful than 
innovationn since the imitating firm bears less R&D expenditures. However, on the basis of 
thee NK-model it can be shown that imitation is expected to be less successful the more 
complexx the technology that is imitated (Rivkin 2000). 

AA second difference, which is elaborated more extensively in this chapter, concerns 
thee scope for mutation in biological evolution and technological evolution. New variations of 
organismss occur through random mutation in a single gene ("local search"). New variations 
off  technological designs can occur through random mutation in whatever number of 
elements.. In principle, human search for technological designs can apply to all elements of a 
systemm at the same time ("global search"). Thus, search in technological systems need not be 
localisedd per se as assumed by evolutionary economists. Rather, the assumption of local 
searchh requires a theoretical explanation. I consider this a central question, since one of the 
mainn differences between evolutionary economics and neoclassical economics is the concept 
off  localised innovation as discussed in Chapter 1. 

AA third difference between technological and biological evolution is the relationship 
betweenn mutation and selection. In biology, mutation is independent with regard to prevailing 
selectionn conditions. It occurs erratically and randomly. By contrast, in economic life, the 
selectionn environment can initiate and direct innovation since producers can interact with 
userss (e.g., Rosenberg 1969; Van den Belt and Rip 1987). Using a representation of the 
selectionn environment in terms of different user groups, a heuristic can be formulated that 
directss innovative activity to particular areas of the "design space" depending on the user 
groupp in question. This topic is taken up in the Chapter 3. 

2.11 KAUFFMAN'S NK-MODEL 

Complexx systems can be defined as systems containing elements that have many interactions 
(Simonn 1969 [1996]: 184-184). The evolutionary properties of complex systems have been 
subjectt of research in theoretical biology (Monod 1971; Kauffrnan 1989, 1993; Altenberg 
1995,, 1997; Wagner and Altenberg 1995). In biology, one distinguishes between the 
genotypee and the phenotype of an organism. At the level of the genotype mutations occur that 
leadd to new variants in a population. At the level of the phenotype, which is the ensemble of 
traitss that make up an organism's fitness, natural selection operates in terms of differential 
ratess of reproduction. Dependencies among genes imply a complex relation between an 
organism'ss genotype and an organism's phenotype. 

Complexityy means here that a mutation in one gene may not only change the 
functionall  contribution of the mutated gene to the entire phenotype, but can also affect the 
functionall  contributions of interrelated genes to the phenotype. A gene does not simply 
translatee into a particular trait, but operates in conjunction with other genes by regulating 
otherr genes' state of activity. Due to these dependencies among genes, a mutation in a single 
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genee may have both positive effects on some traits and negative effects on other traits, which 
jointlyy determine an organism's fitness. For this reason, the existent set of genes put 
structurall  constraints on the possible directions in further evolution: a certain phenotypic trait 
cann only be improved by a particular mutation when the improvement in one trait outweighs 
thee negative by-effects of this mutation with respect to other traits. In biology, this insight has 
ledd scholars to conclude that natural selection cannot be expected to lead to perfectly adapted 
organismss (Kauffman 1993: 3-26). 

Technologicall  artefacts have also been described as complex systems. For example, 
Simonn (1969 [1996]: 4) defined artefacts as man-made systems which are made up of 
elementss that collectively attain one or a number of goals.32 The complexity in designing an 
artefactt is caused by the dependencies in the working of elements that make up an assembled 
technologicall  system. Only some combinations between elements "fit " in the sense that they 
aree complementary. Changing one of these elements by a new element may improve the 
workingg of this element, but the negative by-effects on other elements may imply a loss in 
overalll  functioning of the system as a whole. 

Wheree biological organisms change through blind mutations without the intervention 
off  a "designer", technologies change through search activity by designers. The design of 
technologicall  artefacts can thus be analysed as a choice problem between alternatives. From 
thiss perspective, the dependencies between elements imply that the choice of an element 
cannott be made independently from the choice of other elements due to interaction effects. 
Thee set of optimal choices for the elements with regard to element-specific output variables 
mayy prove sub-optimal when the effects of dependencies between elements are taken into 
account.. For example, a type of suspension which is found optimal according to suspension 
tests,, and a type of engine which is found optimal in engine energy-efficiency tests, may 
provee to be sub-optimal when put together in a car system. The engine may generate negative 
effectss on the working of suspension, for example, caused by high vibration. Or, vice versa, 
thee suspension may generate negative effects on the working of the engine, for example, 
causedd by high resistance. These dependencies between a system's elements imply that the 
performancee of elements can only be fully understood when analysed at the system level.33 

2.1.11 Complexity 

Too find out the working of elements at the system level poses a "problem of complexity". 
Thee number of possible combinations between different variants of elements is an 
exponentiall  function of the number of elements. Therefore, the difficulty in finding a good 
designn is of a higher magnitude than finding a good element design. Simon (1969 [1996]: 
194)) explains combinatorial complexity of systems using the example of a working and a 
defectivee lock: 

Hughes''  (1987: 51) concept of technological system includes, apart from technical components, 
organisations,, scientific texts, patents, and laws. However, Hughes (1987: 55) acknowledges the usefulness of 
approachess that define systems solely in terms of the technical components embodied. 

Thiss does not imply that "th e whole is greater  than the sum of its parts"  as wil l become clear  from the 
expositionn of the NK-model. Cf. Jervis (1997: 572) stating that "(i) f we are dealing with a system, the whole is 
differentt  from not greater  than the sum of its parts" . 
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"Suppose"Suppose the task is to open a safe whose lock has 10 dials, each with 100 
possiblepossible settings, numbered from 0 to 99. How long will  it take to open the 
safesafe by a blind trial-and-error search for the correct setting? Since there are 
lOCtlOCt possible settings, we may expect to examine about half of these, on the 
average,average, before finding the correct one - that is, 50 billion billion settings." 

Thee strategy of evaluating all possible combinations between elements is called global trial-
and-error.. Contrary to complex systems, as Simon (1969 [1996]: 194) goes on explaining, 
simplee systems that are characterised by independence between its elements, can be 
optimisedd by local trial-and-error: 

"Suppose,"Suppose, however, that the safe is defective, so that a click can be heard 
whenwhen any one dial is turned to the correct setting. Now each dial can be 
adjustedadjusted independently and does not need to be touched again while the 
othersothers are being set. The total number of settings that have to be tried is only 
10x50,10x50, or 500. The task of opening the safe has been altered, by the cues the 
clicksclicks provide, from a practically impossible one to a trivial one." 

Inn the latter case, each element can be optimised locally i.e. independently of the state of 
otherr elements. The problem of finding the right combination of all ten elements can be 
decomposedd in ten sub-problems, which can be solved independently. Then, the 
combinatoriall  complexity vanishes and the problem becomes feasible to handle. Simon's 
(1969)) example of the lock illustrates that optimisation through local trial-and-error works 
welll  for non-complex systems. In the case of complex systems, one can generally find the 
optimall  solution only through global trial-and-error (cf Alexander 1964 [1994]: 21). 

2.1.22 The description of a system as a string of alleles 

Thee anecdotal description of complexity by Simon (1969 [1996]) can be modelled 
analyticallyy by Kauffman's (1993) NK-model. This model of complex systems has originally 
beenn developed as a model of biological evolution, but its formal structure allows for 
applicationss to artefacts as a complex system (Kauffinan 1988, 1993, 2000; Kauffman and 
Macreadyy 1995; Frenken et al. 1997,1999a; Camineti 1999; Auerswald et al 2000; Kauffinan 
etal.etal. 2000; Valente 2000; Frenken 2001a)34 as well as applications to social science.35 

344 Birchenhall (1995), Windrum and Birchenhall (1998) and Cooper (2000) developed related evolutionary 
modelss of complex technological systems based on genetic algorithms as developed by Holland (1975, 1992). 
Thee important difference between the NK-model and genetic algorithms is that the latter include apart from 
mutationn crossover as a variety generating mechanism. This mechanism holds that designs are split in two parts, 
whichh are randomly matched with parts of other designs analogous to sexual reproduction in biological 
evolution.. The analogy in technological evolution is that particular solutions in one design can be introduced in 
anotherr design and vice versa. In the following, cross-over is not explicitly dealt but the possibility of multi-
elementt mutation, which is conceptually close to crossover, is considered. 
355 For applications of the NK-model in organisation theory, see Kauffman and Macready (1995), Westhoff et al. 
(1996),, Levinthal (1997), Marengo (1998), Baum (1999), Levinthal and Warglien (1999), McKelvey (1999a, 
1999b),, Gavetn' and Levinthal (2000), Ghemawat and Levinthal (2000), Marengo et al. (2000), Rivkin (2000), 
Dosii  et al (2001), Frenken (2001b), and closely related, Morel and Ramanujam (1999). Applications of the NK-
modell  in political science can be found in Schrodt (1994) and Post and Johnson (2000). For reflections on possible 
applicationss in the field of scientometrics, see Schamhorst (1998). In Section 9.3.1 of this study, I discuss a 
numberr of these applications of the NK-model. 
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Kaufimann (1993) describes a system by a string of N dimensions or "elements" 
(«=/,...,iV).. For each element n, there exist a number of dummy values called "alleles" that 
referr to the possible states of this element. The different alleles of an element are labelled by 
integerss "0", " 1 " , "2", "3" , etc. The number of alleles of element n is described as A„ . For 
example,, a particular artefact as a vehicle technology can be described by the following three 
elementss and their respective alleles: 

n=ln=l  (Ai = 3): engine element with three alleles gasoline (0), electric (1), steam (2) 
n=2n=2 (A2 = 2): suspension element with two alleles spring (0) or hydraulic (1) 
n=3n=3 (A3 = 2): brake element with two alleles block (0) or disc (1) 

Apartt from vehicle technologies, which will be the main example throughout the discussion, 
manyy other assembled product technologies can be described in this way including vehicles, 
machinery,, buildings, furniture, consumer durables, software, but also services (cf. Gallouj 
andd Weinstein 1997) and even cities (cf. Alexander 1964). The NK-model can also be applied 
too simulate the evolution of process technology (Auerswald et al. 2000; Kaufiman et al. 
2000),, as I wil l discuss shortly in Chapter 3. The discussion concentrates on product 
technology,, which is the centrall  unit of analysis in this study. 

Thee description of the elements in a system and their alleles is by no means given to 
thee designer. Rather, it is a set of elements that a designer considers to be the relevant choice 
variabless (Alexander 1964 [1994]: 20-21). Once a classification of elements and alleles has 
beenn established, each design can be labelled by a string of alleles. For example, following 
thee classification above, a vehicle design with steam engine, spring suspension, and block 
brakess is coded as string "200". 

Eachh string s is described by alleles SJS2...SN and is part of possibility set S, for which 
holds: : 

seS;seS; s= StS^.s» ; s„ <= {0,1 ,...,AM -1 } 

Thiss N-dimensional possibility space S is called the "design space" of a technology 
(Bradshaww 1992; Dennett 1995). The total number of possible combinations between the 
alleless of elements bounds the total number of possible designs in the design space.37 The size 
off  the design space S is given by: 

N N 

S=S= A,-A2-...-AN = Y[ A (2.2) 

Inn the example above, the design space adds up to 3  2  2 = 8 possible designs. The 
combinatoriall  nature of the design space of a system requires that elements are orthogonal to 
onee another i.e. that elements can be treated as dimensions. Therefore, one element of a 
systemm cannot correspond with an allele of another element in the same system. For example, 
thee description of alleles of the engine element as gasoline ("0"), electric ("1"), and steam 
("2")) implies that the type of battery used in electric engines cannot count as another element 

366 Note that, since the first allele is labelled "0", the description of alleles of an element ranges from 0 to A„-l , 
whilee the number of alleles ranges from 1 to A„ . 

Notee that the concept of design space corresponds to the concept of morphological space used by Foray and 
Griibler(1990). . 

(2.1) ) 
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casucasu quo dimension in the description of the vehicle as a system. The choice for a type of 
batterybattery only constitutes a dimension for electric vehicles, and not for vehicle technologies in 
general.. Put another way, the choice of battery takes place at a lower level in the decision 
tree: : 

->> what kind of engine ? 
-»  if electric engine: what kind of battery ? 

Thus,, a description of a combinatorial space should therefore be such that only elements at 
thee same level in the hierarchical decision tree are taken into account, where each element 
itselff  may again be described as a system in its own right (Callon 1987: 30; Hughes 1987: 55; 
Metcalfee 1995: 36; Sebbar 1996a, 1996b; Potts 2000). 

2.1.33 Epistatic relations between elements 

Dependenciess between the functioning of elements in a complex system are called "epistatic 
relations""  (Kauffman 1993: 41). An epistatic relation from one element to another element 
impliess that when the allele of the one element changes, this change affects both the 
functioningg of the one element itself and the functioning of the element that it epistatically 
affects.. The ensemble of epistatic relations within a technological system is called a 
technology'ss internal structure (Simon 1969; Saviotti 1986) or, as it wil l be called in the 
following,, a technology's architecture (Henderson and Clark 1990). 

Imagine,, for example, an architecture of a vehicle technology containing the following 
epistaticc relations between the engine, the suspension, and the brake. The functionality of the 
enginee depends only on the choice of the engine allele. The functionality of the suspension 
dependss on the choice of the suspension allele and the engine allele. And, the functionality of 
thee brake depends on the choice of the brake allele, the suspension allele, and the engine 
allele. . 

Thee architecture of epistatic relations between these three elements can be represented 
ass a matrix as in Figure 2-1 (Altenberg 1997). The x-values along the rows in the matrix 
indicatee the vector of elements that affect the functioning of one element. The x-values along 
thee columns indicate the vector of elements the functioning of which is affected by the choice 
off  allele of an element. Note that in this model the diagonal always consists of x-values, since 
thee functioning of an element is by definition related to the choice of allele of this element 
itself.. As epistatic relations are present by definition on the diagonal, I indicated these 
epistaticc relations by bold x-values. From this matrix, it can be derived that, in this example: 

-- the functionality of the engine element only changes when the allele of the engine element 
mutates s 

-- the functionality of the suspension element changes when the allele of the engine element 
mutatess and/or when the allele of the suspension element itself mutates 

-- the functionality of the brake element changes when the allele of the engine element 
mutatess and/or the allele of the suspension element mutates and/or the allele of the brake 
elementt itself mutates 
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11=11 n=2 n=3 

functionalityy n=l x 
functionalityy n=2 x x 
functionalityy n=3 x x x 

Figuree 2-1: Matrix representation of an architecture 

Whenn epistatic relations exist between elements, the search for a good design becomes a 
difficultt task. The introduction of a new allele for one element may increase its functionality, 
butt at the same time it may decrease the functionality of other elements that it epistatically 
affects.. Trade-offs between the functioning of elements in complex systems exist that make it 
hardd to improve the functioning of one element without negative effects on the functioning of 
otherr elements (Alexander 1964; Rosenberg 1969). The more epistatic relations exist between 
elements,, the more trade-offs are present in a system, and the more likely innovations in 
elementss have negative by-effects on the workings of other elements. 

Too understand the relationship between a system's complexity, as expressed by the 
numberr of epistatic relations, and the degree of difficulty to improve a system, Kauffman 
(1993)) analysed how successful mutation and selection operate in systems with different 
degreess of complexity. To compare systems with different degrees of complexity, one first 
needss a way to characterise the complexity of an architecture. 

Thee characterisation of the complexity of an architecture is difficult since many 
possiblee architectures exist, even for relatively small systems. For each pair of two elements 
inn a system, there are four possible relations: absence of any epistatic relation, one epistatic 
relationn from the first to the second element, one epistatic relation from the second the first 
element,, and two mutual epistatic relations. Therefore, the number of possible architectures of 
aa system increases exponentially with the number of elements that describe a system. 

Sincee there exist so many possible architectures of complex systems, even for systems of 
smalll  size, it is impractical to analyse and compare the properties of all possible architectures of 
complexx systems. For this reason, Kauffman (1993) restricted his analysis to particular types of 
architectures,, the complexity of which can be expressed in a single parameter. In his model, he 
usedd only those architectures in which each element is epistatically affected by the same 
numberr of other elements. The number of elements by which each element is affected, is 
indicatedd by parameter K. These so-called "NK-systems" are then defined as systems with N 
elementss in which each element is affected by K other elements. For example, the class of 
systemss for which holds K=l  and N=3 refers to systems containing three elements with an 
architecturee in which the functionality of each element depends on the choice of allele of one 
otherr element. 

Forr systems with minimum complexity without any epistatic relation, the K-value is 
lowestt (K=0). For systems with maximum complexity where all elements are epistatically 

388 To calculate the number  of possible architectures of a system, let Q stand for  the number  of possible 
architectures.. For  the matrix that represents the architecture (Figure 2-1), it holds mat for  all cells except those on 
thee diagonal, an epistatic relation can be either  present or  absent The total number  of possible architectures Q for  a 
systemm of N elements is thus given by Q = 2 N" J' }} with Q increasing more than exponentially for  linear  increases 
inJV. . 
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relatedd to all other elements, the K-value is highest (K=N-1). The K-value can thus be 
consideredd a complexity parameter with a minimum value (K=0), intermediate values 
(10KU(10KU N-2), and a maximum value (K=N-J). 

Below,, I discuss the properties of NK-models with varying complexity values K. 
However,, it should be borne in mind that NK-systems constitute a subset of complex systems. 
Forr example, the architecture given in Figure 2-1 is not an NK-system since each element is not 
affectedd by the same number of other elements. However, since NK-systems include the whole 
rangee of least complex (K=0) to most complex systems (K=N-1), the subset of NK-systems 
providess a practical approximation of the whole set of possible architectures. A more general 
modell  of complex system is presented in Chapter 3. 

2.22 DESIGN SPACE SEARCH ON FITNESS LANDSCAPES 

Usingg K as a parameter enables one to compare the properties of systems with different degrees 
off  complexity ranging from K=0 to K=N-1. Using the K-parameter, two limit cases of 
complexityy can be distinguished. When epistatic relations are absent, one deals with systems of 
minimumm complexity (K=0\ and when all elements are epistatically related one deals with 
systemss with maximum complexity (K=N-1). In between the two limit cases of minimum and 
maximumm complexity, there is the class of systems with "intermediate" complexity (0<K<N-
1).1). For N=3,1 will discuss examples of minimum (K=0), maximum (K=2), and intermediate 
complexityy (K=l), 

2.2.11 Minimu m complexity 

Considerr the example of a system consisting of three dimensions, N=3, each of which has two 
alleles,, A„=2.  For a system with minimum complexity, all elements function independently 
fromfrom each other (see Figure 2-2-1). In this K=0-system the functionality of an element is solely 
dependentt upon its own allele (here, "0" or "1") and independent of alleles of other elements. 

Followingg Kauffman (1993), the functional properties of this system for each design s is 
simulatedd by drawing randomly from a uniform distribution [0,1] a "fitness" value wn for each 
allelee of an element sn. The fitness of the system as a whole W(s) is calculated as the mean 
valuee of the fitness values of the alleles of elements, so: 

W(s)=W(s)= - J T - S I UO (2-3) 

Thee design space of this system contains 23 possible strings, which can be represented as 
coordinatess in the three dimensions of a cube as in Figure 2-2-2. Each string represents a 
differentt design with a fitness value W(s), which is derived from the mean of the fitness 
valuesvalues wn (s  ̂ of individual elements. 

Figuree 2-2-2 presents an example of fitness values that I simulated. The distribution of 
fitnesss values for different designs s in the design space is called a "fitness landscape", a 
conceptt introduced by Wright (1931, 1932) in biological theory. The landscape metaphor 
referss to the distribution of fitness values of different designs in design space. Each design in 
aa fitness landscape has AT neighbouring designs that are the designs that have the same alleles 
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exceptt for one element. For a string that corresponds to a '*peak" in the landscape i.e. a local 
optimum,, it holds that all its N neighbouring strings have a lower fitness value. 

Thee shape of the fitness landscape structures the paths of local trial-and-error. 
Analogouss to mutation in biology, local trial-and-error is based on randomly changing the 
allelee of one element. The allele of this element thus changes from 0 to 1 or vice versa. A trial 
thuss implies that one moves along one dimension in the cube from one string to a 
neighbouringg string and on the fitness landscape from one fitness value to a neighbouring 
fitnesss value. Trial-and-error then proceeds by evaluating how W is affected by a mutation. If 
thee trial turns out to increase W, firms continue the next mutation from this string, while a lower 
WW induces a firm to return to the previous string, and continue the next mutation from there.39 

Inn a fitness landscape, local trial-and-error thus implies that as long as there exist at least 
onee neighbouring string that has a higher fitness, search can continue. Search will halt when a 
peakk string is found that can no longer be improved by means of a mutation in one element. 
Searchh can thus be considered as an "adaptive walk" over a fitness landscape towards a "peak", 
andd search will only halt when a peak is reached. Following the metaphor of the fitness 
landscape,, search in complex technological systems can be considered a process of "hill -
climbing""  (Kauffman 1993). In the simulation in Figure 2-2-2, the peak is string 110 with 
highestt fitness W(l 10)=0.80. 

Followingg Bradshaw and Lienert (1991) and Bradshaw (1992), one can call hill-
climbingg through trial-and-error "design space search" as search is represented as a path 
throughh design space. The terminology of design space search is meaningful when contrasted to 
"functionn space search". This type of search is discussed in the next Chapter 3. 

Thee important feature of fitness landscapes of K=0 systems holds that the fitness value 
off  an allele of an element wn (sj is the same for all configurations of alleles of other elements. 
Thee optimal design is therefore the design in which all elements have the allele sn with the 
highestt fitness value wn (sj. Optimisation is therefore easy since a mutation in one element 
doess not affect the functioning of other elements. Put another way, systems without complexity 
doo not have trade-offs between the functioning of elements. Therefore, the individual elements 
cann be optimised independently through local trial-and-error. A series of mutations in one 
elementelement at the time will  always lead the designer to the optimum system design 110.40 

Locall  trial-and-error in problem-solving on a fitness landscape is formally equivalent to 
mutationn and selection in biological evolution (Simon 1969 [1996]: 45-47). Imagine all 
organismss in a population to have the same genotype described by string 000 and that a new 
variationn is generated by a mutation in the first gene leading to 100. In this simulation, the 
mutationn increases the organism's fitness from 0.53 to 0.70. As W(100) > W(000), the 
organismm with genotype 100 will reproduce at a faster rate than organisms with genotype 000. 
Afterr a sufficiently long period of selection, the population will be completely dominated by 
organismss that have the new string of genes 100, and the next mutation will occur in an 
organismm with genotype 100. 

Notee that trial-and-enor is close to, yet a simplified representation of Popper's (1959, 1963) description of 
scientificc development as series of conjectures (trials) and refutations (errors). As long as a new conjecture does 
nott yield higher "fitness" (e.g. goodness of fit  with empirical data), the existing conjecture wil l be maintained 
Onlyy when a new conjecture leads to a higher fitness, the previous one is abandoned for the newly found one (cf. 
Martinn 1983). 

Thiss case corresponds to Simon's example of a defective lock quoted in Section 2.1.1. The solution of this 
defectivee lock can be found by evaluating the different states of each dial separately, whereas the solution of a 
well-workingg clock can only be found by evaluating all possible combinations between the states of each dial. Also 
notee that in Simon's example all strings have zero fitness in me landscape except for the solution string, which has 
fitnesss one. 
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Figuree 2-2-1: Architecture of N=3-system with K=0 
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Figuree 2-2-2: Simulation of a fitness landscape of a N=3-system with K=0 

Iff  the fitness of string 100 would have been lower than string 000, organisms with 
genotypee 100 would have reproduced at a lower rate than organisms with genotype 000, and 
stringg 100 would disappear from the population after a sufficient amount of time. The next 
mutationn would then have occurred again in an organism with genotype 000 analogous to a 
failedd trial in local trial-and-error learning.41 

Considerr now a designer that starts searching from design 000, and randomly picks the 
firstt element to be changed from 0 to 1 thus moving from 000 to 100 in the fitness landscape. 
Sincee the technology's functionality is improved, the next mutation will start from the newly 
foundd design 100. If the fitness of design 100 would have been lower than design 000, the trial 
wouldd be rejected and the next mutation would then have occurred again in design 000. The 
conceptt of trial-and-error learning can thus be considered to be analogous to natural selection in 
biologicall  evolution (Simon 1969 [1996]: 45-47). 

411 Selection in terms of genotypes' shares in the population can be modelled using Fisher's equation, which 
statess that reproduction rates of genotypes are proportionate to their fitness relative to the mean (Fisher 1930). 
Seee also Section 2.2.4. 
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2.2.22 Maximum complexity 

Inn the case of maximum complexity (K=N-1), the functioning of an allele of an element 
dependss upon the choice of the alleles of all other elements (see Figure 2-3-1). This implies that 
thee fitness value of a particular allele of an element w„  (s„)  is different for different 
configurationss of alleles of other elements. To simulate the fitness landscape of this system, the 
fitnesss value of an allele of an element is randomly drawn for each possible configuration of 
alleless of other elements. An example of a fitness landscape of an N=K-l-system that I 
simulated,, is given in Figure 2-3-2. 

Contraryy to K=0-systems that do not contain any epistatic relation, a fitness landscape 
off  systems containing epistatic relations can contain several peaks. In a landscape containing 
severall  peaks, one also speaks of several local optima and one global optimum. Local optima 
havee sub-optimal fitness values compared to the optimal fitness of the global optimum. In the 
simulationn in Figure 2-3-2, string 100 is a global optimum since its fitness is the highest of all 
strings,, while string 010 is a local optimum since its fitness is higher than the fitness of its 
neighbouringg strings, but lower than the fitness of the global optimum. For both global and 
locall  optima it holds that they cannot be improved by mutating a single element. 
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Figuree 2-3-1: Architecture of N=3-system with K=2 
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Fitnesss landscapes of complex systems with epistatic relations between elements are 
characterisedd by the existence of multiple optima. In the case that several optima exist, 
Kauffinann (1993) speaks of "rugged" fitness landscapes containing several peaks. This means 
thatt local trial-and-error search on rugged landscapes can end up in several optima. Contrary to 
systemss with no complexity (K=0), local trial-and-error in complex systems does no longer 
automaticallyy lead to the optimal solution as one runs the risk op ending up in a local optimum 
insteadd of the global optimum.42 Once a search leads to a local optimum, a designer is "locked-
in".. Leaving a local optimum is not possible since any mutation in one element leads to lower 
fitnessfitness and is thus rejected.43 

Sincee several local optima exist in complex systems, a designer can end up in different 
locall  optima depending on the starting point in the landscape and the particular sequence of 
mutationss that follow. Search is "path-dependent" on the initial starting point of search and the 
sequencee of searches that follow. An example of path-dependency in the simulation example is 
whenn search starts from string 001 and the first mutation leads to string 000, and the second 
mutationn to string 100. The resulting solution 100 would be optimal. However, when search 
startss again in 001, but the first mutation leads to 011, the next successful mutation will 
inevitablyy lead to the sub-optimal solution 010.44 By contrast, local trial-and-error in systems 
withh no complexity (K=0) is path-independent as the global optimum is the only optimum, and 
anyy search sequence finally ends up in this optimum. 

Path-dependencyy in the NK-model is different from path-dependency in models of 
increasingg returns to adoption (Arthur 1989; David 1993; Dalle 1995, 1997; David et al. 
1998)) as discussed in Section 1.1. The term path-dependency in the NK-model refers to the 
pathh of an individual designer moving within a possibility space ending up in a local 
optimum.. These paths are deterministic in the sense that the structure of the fitness landscape, 
oncee its has been determined by draws from a uniform distribution, remains fixed during the 
processs of search. The local optimum in which a designer ends up is solely dependent on the 
initiall  position of the designer and the sequence of mutations mat follow. In models of 
increasingg returns to adoption path-dependency refers to processes in which prevailing 
probabilitiess of transitions among distributions of a population of adopters are functions of 
thee sequence of past transient distributions (David 2001). The dynamics in these models are 
macroscopicc in the sense that the adoption decision of other agents influences the choice of 
thee individual adopter. 

Davidd (2001) noted that confusion is best avoided when reserving path-dependency 
forr the latter type of collective processes. The properties of the former type of process of an 
individuall  designer ending up in a local optimum depending on its initial position and the 
sequencee of mutations is closer to the idea of determinism sensitive on initial conditions.45 

Inn the context of technological evolution, this has been stressed, among others, by Alchian (1950: 219) and 
Simonn (1969 [1996]: 46-47). 
433 Compare the use of "lock-in" by Kauffman (1993: 13). 

Designn can escape the sub-optimal solution by mutating several elements at the time. In the example, the sub-
optimall  string 010 can be left by mutating both the first and second elements at the time. This two-element 
mutationn can be thought of as a jump in the fitness landscape from the sub-optimal peak to the optimal peak. 
Trial-and-errorr procedures that are not restricted to mutation in one element at the time, are discussed in the next 
section.. Here, I still assume design proceeds from mutations in one element only. 

Thee different usage of the term path-dependency in different contexts can also be distinguished by referring to 
"microscopicc path-dependency" in the NK-model as it deals with an individual designer in a design space and 
"macroscopicc path-dependency" in increasing returns models as these deal with the change in the distribution of 
aa population of adopters. 
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Thee NK-model explains the general insight that a mutation in one element may improve 
thee fitness value of some elements, but can create "technological imbalances" in other elements 
(Rosenbergg 1969; Hughes 1987). A mutation in an element may generate new 
complementaritiess with some elements, but also destroys existing complementarities with other 
elements.. The net result may either be a gain in fitness in which case search will continue from 
thee newly found string, or a loss in fitness in which case search will start again from the 
previouss string. Epistatic relations pose "conflicting constraints" on the optimisation of 
elementss of a technological system (Kauffman and Macready 1995). Rugged fitness landscapes 
characterisee the existence of trade-offs between the functioning of different elements. 

Thee various elements of a technology function in different degrees in different local 
optima.. Local optima can be thus considered combinations of complementary alleles as the 
highh fitness of an individual allele is only expressed when combined with complementary 
alleles.. In the simulation of Figure 2-3-2 optimum 100 is characterised by wj>W2, wj>W3, 
ww22<wj<wj  and optimum 010 is characterised by W]<w2, w/>wj, wpwj. In this simulation, the 
trade-offf  is between optimising the functioning of the first element and third element at the 
expensee of the second element (string 100) and optimising the second element at the expense of 
thee first and third element (string 010). Note that the random drawings of the fitness values of 
elementss imply that another simulation can as well generate a fitness landscape with other 
trade-offs. . 

2.2.33 Intermediate complexity 

AA fitness landscape of a system with intermediate complexity i.e. with a K-value in between 
itss minimum and maximum value, is simulated according the same logic. The fitness of an 
elementt changes randomly when it is mutated itself or when an element with which it is 
epistaticallyy related is mutated. For example, consider the architecture of a system with K=l 
inn Figure 2-4-1. The architecture of epistatic relations implies that the fitness value of the first 
elementt changes when the first or second element is mutated, the fitness values of the second 
elementt changes when the first or second element is mutated, and the fitness value of the third 
elementt changes when the allele of the first or third element is mutated. 

AA simulation of this system is given in Figure 2-4-2. The simulation shows that two 
optimaa exist in which designers can lock-in. Qualitatively, the shape of the fitness landscape 
thuss corresponds to the previous simulation of A>2. Again, a trade-off exists between the 
optimisationn of different elements. In this simulation, the trade-off turns out to be the same as in 
thee simulation in Figure 2-3-2. The trade-off is between optimising the fitness of the first and 
thirdd element at the expense of the second element (optimum 011), or optimising second 
elementt at the expense of the first and third element (optimum 101). Note again that the 
randomm drawings of the fitness values of elements implying that another simulation may as 
welll  generate a fitness landscape with other trade-offs between other elements. 

Too understand more generally the relationship between the complexity of an 
architecturee and the properties of its fitness landscape, Kauffman simulated a large number of 
fitnesss landscapes for different values of K and N (Kauffman 1993: 33-67; Altenberg 1995, 
1997).. By tuning the parameter K from its lowest to highest value and comparing the 
propertiess of the fitness landscapes of systems varying in size from N-8 to N=96> it has been 
foundd that: 
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Figuree 2-4-2: Simulation of a fitness landscape of a N=3-system with K=l 

1.. The number of local optima increases exponentially with K. This means that for systems 
withh higher complexity K, it becomes increasingly more likely that local trial-and-error 
leadss to a local optimum rather than the global optimum. 

2.. The mean fitness of local optima is highest for systems with a positive but low 
complexityy (around K=3 for systems containing eight or more elements). For higher re-
values,, the mean fitness of local optima for K=N-1-systems tends to 0.5, which is the 
expectedd value of a random draw from a uniform distribution between 0.0 and 1.0. Also 
notee that K=N-1-systems of infinite size have exactly 0.5 fitness, as the mean of the 
fitnesss values of elements corresponds to the expected value. 

3.. The average correlation between local optima as measured by the number of alleles that 
twoo local optima have in common, decreases for increases in K. This means that the 
higherr the complexity of a system, the more randomly spread the local optima are in 
designn space. 
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4.. The higher the fitness value of a local optimum in a given fitness landscape, the larger on 
averagee its "basin of attraction",46 which is the number of strings from which local trial-
and-errorr can end up in a local optimum. This implies that the probability of finding a 
locall  optimum with a high fitness value is higher then the probability to find a local 
optimumm with a low fitness values. Since the variance of fitness values of local optima 
decreasess for increasing K, the variance in the size of their basins of attraction also 
decreasess for increasing K. 

Whatt do these properties mean when the NK-model is taken as a model of technological 
designn ? The first property holds that the more complex a technological system in terms of 
thee number of interdependencies between its elements, the more difficult is becomes to find 
thee optimal solution. The number of local optima increases exponentially with K and the 
probabilityy to end up in a sub-optimal solution also increases with K. Local trial-and-error 
thuss only leads to a good solution of the design when the system under design is simple. 

Thee second property holds that the highest fitness of a design is expected to be found 
forr a system with an architecture consisting of a positive but moderate number of epistatic 
links.. The reason why the simplest systems of K=0 do not have optima with highest fitness is 
thatt no complementarities or "synergistic specificity" (Schilling 2000) can exist between the 
functioningg of elements when epistatic relations are absent. And, the reason why very 
complexx systems do not have local optima with highest fitness is that the many epistatic 
relationss impose too many conflicting constraints casu quo trade-offs between elements. The 
highestt average fitness of local optima of moderate complex systems suggests that successful 
technologicall  systems contain a positive but moderate number of epistatic relations between 
itss elements. 

Thee third property holds that the more complex a system, the more different local 
optimaa are in terms of their alleles. Very complex systems have local optima that are, on 
average,, maximally dissimilar in terms of the alleles of elements, while less complex systems 
havee local optima that are, on average, more similar. Combining this property with the 
secondd property, the NK-model suggests that successful designs have quite some alleles of 
elementss in common. 

Thee fourth property indicates that the higher the fitness of a local optimum in a given 
landscape,, the larger its basin of attraction. This implies that better than average local optima 
havee a higher probability to be found by local trial-and-error from a randomly chosen starting 
string.. This property gets lost when the system gets more complex (higher K). Systems with 
highh complexity are characterised by a low variance in mean fitness of local optima, and 
thereforee similar sizes of basins of attraction. Combining this property with the third 
property,, the NK-model suggests that different designers of systems with higher complexity 
aree expected to come up with a larger variety in solutions.47 

2.2.44 Population level dynamics 

Soo far, I discussed the properties of complex fitness landscapes from the perspective of the 
individuall  designer or the individual firm that is hill-climbing a fitness landscape. In markets, 

Notee that basin of attraction metaphorically refers to basins that end up in minima. The term originally comes 
fromfrom minimisation problems, but can also be used with reference to maximisation problems. One can visualise 
basinss of attraction by turning the fitness landscapes up side down, which renders the fitness peaks the basins. 
477 Cf. Hobday (1998) and Hobday et at. (2000) on so-called complex product systems (CoPS). 
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however,, several firms generally compete for market share. Their design solutions compete 
forr scarce resources given a limited demand or a limited availability of inputs. This 
competitionn perspective implies a shift in perspective from the individual to the population 
levell  (Nelson and Winter 1982). 

Att the population level of competing firms, selection takes place on two levels. 
Withinn the firm, a new variation is developed by means of mutation and this new design 
variationn is accepted when found superior to the previous design or rejected when found 
inferiorr to the previous design. This internal variation-and-selection mechanism takes place 
withinn each firm until it reaches a local optimum. Then, the firm offers its locally optimal 
designn on the market and competes for users. At this population level of competing firms, 
designss are subject to market competition as a second selection mechanism. One can thus 
thinkk of market competition at the level of the population of firms as a competition in a 
populationn of designs that are all locally optimal. 

Onee usual way to model the second evolutionary mechanism of market competition is 
basedd on a differential equation for the expansion rate of the market share of the firm offering 
aa particular design. Fitness Wt (s) refers to the fitness of the design s offered by firm *'.4 

Assumingg that each firm offers only one design, the rate of expansion dfj dt refers to the 
changee in market share ƒ of firm i as a percentage of total turnover on a market. The 
expansionn rate of a firm's market share ƒ is modelled as a function of the difference between 
itss fitness Wt and average fitness <W>, which is the sum of fitness values weighted by 
currentt market shares: <W> =ZifiWi (Silverberg et al. 1988; Metcalfe 1994b). One can 
describee the changes in market shares of each firm as: 

^^ LL = afi(Wi(s)-<W>) (2.4) 
at at 

InIn the equation parameter a stands for the propensity of firms to accumulate their production 
reflectingg the speed of selection. This equation has been shown to approach an equilibrium 
wheree the firm (firms) with highest fitness achieves (achieve together) a hundred percent 
markett share with time going from 0 to infinity (Metcalfe 1994b). It must be noted that this 
equationn assumes a homogeneous selection environment as designs of firms are compared in 
fitnessfitness on one dimension, only. Expressing this another way, the equation implies that all 
consumerss are assumed to have the same opinion regarding the fitness / quality of a design. 
Thiss assumption is dropped in Chapter 3 where heterogeneity in consumer preferences is 
introduced. . 

Thee differential equation (2.4) is derived from Fisher (1930) who introduced the 
equationn in biology to model natural selection among organisms with different fitness. One of 
thee important insights derived by Fisher (1930) holds that the speed of convergence to 
equilibriumm depends - apart from parameter a - on the variance in fitness in a population. 
Thiss can be understood from equation (2.4) in which the rate of change in market shares of 
firmsfirms is a function of the difference between the fitness of a technology W{ (s) and the average 
fitnessfitness <W>. Using this insight, one then can discuss the implications of the NK-model at the 
populationn level by looking at the distribution of fitness values that are expected when 
differentt firms engage in local trial-and-error search on particular fitness landscapes. 

488 Fitness in the NK-model stands for technical fitness referring to the quality of a product design. When 
introducingg the term fitness in models of economic selection processes, quality should be adjusted for price 
("value-for-money").. For the sake of simplicity of exposition, the distinction between technical fitness and 
economicc fitness is not yet introduced here, but will be introduced in Chapter 4. 
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Too understand the main evolutionary dynamics at the population level that follow 
fromfrom the NK-model, one can look at the variance in fitness values of local optima. The 
variancee in fitness values of local optima differs for systems with different degrees of 
complexity.. For systems with high complexity, local optima have similar fitness levels. In the 
contextt of biological evolution, a small variance in fitness values of locally optima implies 
thatt natural selection operates slowly in eliminating less fit  organisms. In the context of 
technologicall  evolution, a small variance in fitness values of designs means that (market) 
competitionn between different technological solutions will operate slowly. By contrast, 
systemss with low complexity have a large variance in the fitness values of local optima. 
Moreover,, fewer local optima exist. Competition will then operate faster in eliminating sub-
optimall  strings. Thus, the speed of evolution is inversely related to the complexity of a 
system'ss architecture (Kauffrnan 1993: 53-54). 

AA second principle that can be derived from the properties of NK landscapes for 
populationn dynamics is that the outcome of hill-climbing on fitness landscapes with high 
complexityy is very sensitive to the initial starting point. The higher the complexity of a 
system,, the stronger path-dependency in search becomes. Therefore, different firms that hill-
climbb the fitness landscape of a very complex system are likely to find different local optima. 
Byy contrast, path-dependency in systems with low complexity is weak. The local optimum 
thatt firms find are less sensitive to the initial starting point, since there exist fewer local 
optimaa exist and their basin of attraction is larger. Therefore, designs of technologies with 
loww complexity will tend to have many alleles in common. Variety in designs wil l 
consequentlyy be smaller. 

Thee two principles combined imply that the higher the complexity of a landscape, the 
largerr the variety in locally optimal designs, and the more persistent this variety due to the 
loww variance in fitness values of local optima. 

2.2.55 Imitation versus innovation on a complex fitness landscape 

Ass discussed more extensively by Rivkin (2000) in the context of the NK-model, imitation 
strategiess can be distinguished from innovation strategies on complex fitness landscapes. The 
possibilityy of imitation by one firm of a successful string found by another firm constitutes an 
importantt difference between biological evolution and technological evolution. In biological 
evolution,, selection takes place on relative fitness of organisms that are subjected to similar 
environmentall  constraints. Analogously, in technological evolution, selection between 
competingg technological designs has been conceptualised as being dependent on the relative 
fitnesss of different designs as in equation (2.4) above (Silverberg et al. 1988; Metcalfe 
1994b).. However, it has been argued that imitation constitutes another dynamic in 
competitionn as more successful designs tend to be imitated more often than less successful 
designss (Alchian 1950; Nelson and Winter 1982; Miner and Raghavan 1999). 

Thee possibility of imitation in complex fitness landscapes implies that designers who 
findfind local optima with relative low fitness, could improve their position by imitation of the 
stringg of alleles corresponding to local optima with relatively high fitness. Imitation of 
relativelyy good solutions by designers that previously used relatively bad solutions "speeds 
up""  the selection process (Miner and Raghavan 1999). 

Fromm the NK-model, it can be derived that for an imitation to be successful, it is 
cruciall  that a firm succeeds in copying exactly all alleles of a local optimum that is occupied 
byy a more successful firm. Any error in copying alleles can result in a drastic fall in fitness 
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duee to epistatic relations between elements. To understand this problem, consider again 
Figuree 2-4-2. When a less successful firm that found 011 with W(011)=0.60 attempts to copy 
aa more successful firm who has found 101 with W(101)=0.63, but mistakenly comes up with 
1000 with W(100)=0.53, imitation leads this firm to a string with lower fitness. 

Thee risk becomes larger the more complex the system being imitated. Think of a 
systemm with K=20. Successful imitation would then require the development of exact copies 
off  20 alleles. Since the risk of failure of imitation becomes larger for systems with higher 
complexity,, imitation is not expected to be a common strategy in markets in which firms 
competee on product designs with high complexity. And, in markets with product design with 
loww complexity, imitation strategies are more likely to be observed. 

Summarising,, the NK-model provides one with an evolutionary model of complex 
technologicall  systems. The mechanism of random mutation and selection underlying natural 
selectionn in biology can be interpreted as a model of human problem-solving by trial-and-
error.. The process of trial-and-error can be understood as a process of "hill-climbing" on a 
fitnessfitness landscape. The analogy teaches one that trial-and-error by means of random one-
elementt mutation generally does not optimise complex systems, since one is likely to lock-in 
intoo a fitness peak (local optimum). The higher the complexity of a system as expressed by K, 
thee larger is the number of local optima in which search can lock-in. The difficulty of 
optimisationn of a system thus relates to the system's complexity. 

Thee NK-model of complex fitness landscapes provides one with an analytical 
frameworkk to theorise about human problem-solving both at the individual level of the firm 
andd the population level of the market. There are, however, important differences between the 
variation-and-selectionn principles in biological theory and the way human design can 
proceed.. One difference between biological and technological evolution that has been 
discussedd concerns the possibility of imitation. It has been stressed that imitation is a risky 
strategyy in complex systems as a small error in copying the design of a competitor can 
drasticallyy decrease the fitness of the design. In the next section, another difference between 
biologicall  and technological evolution is addressed within the framework of the NK-model. 
Thiss difference concerns the possibility of human search to mutate several elements at the 
samee time. This possibility is absent in biological evolution as a mutation occurs in a single 
gene. . 

2.33 COMPLEXITY, DECOMPOSABILITY, AND SATISFICING 

Inn the previous section, I discussed the properties of the NK-model under the assumption that 
searchh takes place by local trial-and-error analogous to one-gene mutation in biological 
evolution.. Though appropriate in biological models, the one-element mutation rule is just one 
outt of many possible mutation strategies that can be applied in human problem-solving. 
Alternatively,, designers may choose to mutate several elements at the same time. This allows 
designerss to search further away in design space, thus enlarging what is called the "search 
distance""  (Frenken et al. 1999a; Kauffman et al. 2000). 

Whenn designers apply a sufficiently large search distance, search does not stop at a 
locall  optimum, since the global optimum can always be found by mutation in the right set of 

Thee remainder  of this chapter  is largely based on Frenken et al. (1999a). 
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alleless such that one "jumps" to the global optimum. For example, in the simulation of the 
fitnessfitness landscape for K=2 in Figure 2-3-2, the global optimum 100 can be reached from the 
locall  optimum 010 by mutating the first and second element at the same time. In the same 
way,, in the simulation of the fitness landscape for K=l  in Figure 2-4-2, the global optimum 
1011 can be reached the local optimum 011 by mutation of the right subset of alleles at the 
samee time (also the first and the second element). 

Thee whole concept of local optima depends on the search strategy that is applied. In the 
examplee in Figure 2-3-2 where string 010 is locally optimal with respect to the one-element 
mutation,, it is no longer a local optimum for designers that apply a two-element mutation 
strategy.. The larger the search distance designers apply, the fewer locally optimal strings are 
presentt in the design space. In the extreme case, designers apply N-element mutation i.e. a 
globall  trial-and-error search strategy. In this case, there can never be local optima in the 
fitnesss landscape, since the global optimum can always be reached from any string given the 
rightt set of elements are mutated at the same time. The existence of local optima is not an 
intrinsicintrinsic property of a complex system, but depends on the search strategy designers apply. 

Althoughh designers that apply the N-element mutation rule wil l eventually always find 
thee global optimum, the number of trials required equals the total size of the design space. N-
elementt mutation thus corresponds to "exhaustive search", which renders this kind of search 
time-inefficient.. By contrast, the local one-element mutation rule, which runs the risk of 
endingg up in a sub-optimum, is more time-efficient since the number of trials required equals 
onlyy a fraction of the design space. A trade-off exists between the effectiveness of search 
regardingg the result in terms of the fitness of the solution and the efficiency of search in terms 
off  the time required to reach this solution. One question then becomes whether there exist 
alternativee search strategies that are able to find the global optimum with full certainty but 
requiree less time than the N-element mutation rule. 

2.3.11 Structural versus computational complexity 

Forr decomposable systems it holds that the global optimum can be found using a more time-
efficientt strategy than the N-element mutation rule. A system is decomposable when a system 
cann be partitioned in subsystems of elements for which holds that epistatic relations exist only 
betweenn elements that are part of the same subsystem and not between elements mat are part 
off  different subsystems (Simon 1969; Wagner and Altenberg 1995). When a system is 
decomposablee designers can apply a more time-efficient search strategy in order to find the 
globall  optimum by confining their search within subsystems rather than in the whole set of 
elements.. The ultimate degree of decomposability or "modularity" is the case of N 
subsystemss containing one element, which correspond to the case in which no epistatic 
relationss exist at all. This case is already discussed above for K=0-systems for which one can 
alwayss find the global optimum using one-element mutations. 

Forr systems with a positive K-value the degree of decomposability depends on the 
specificc architecture of the system. Consider for example the architectures of epistatic relations 
off  two systems with N=4 and K=l  in Figure 2-5-1 and Figure 2-5-2. The architecture of the 
systemm in Figure 2-5-1 is non-decomposable, as the system cannot be split up in subsystems 
suchh that the subsystems have no epistatic relations with one another. Therefore, the system can 
onlyy be globally optimised with full certainty by means of four-element mutations in the system 
ass a whole. By contrast, the architecture of the system in Figure 2-5-2 is characterised by two 
subsystemss in which all epistatic relations are located. One subsystem contains the first and 
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secondd element and the other subsystem contains the third and fourth element. Since there exist 
noo epistatic relations between the subsystems, the system as a whole can be optimised by 
meanss of two-element mutations within each subsystem. 
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Figuree 2-5-1: Example of anon-decomposable architecture (N=4, K=l ) 
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Figuree 2-5-2: Example of a decomposable architecture (N=4, K=l ) 

Thee time efficiency of search is greatly enhanced by decomposition. In the example, 
assumingg An=2 for all elements, the design space contains 24=16 possible designs. To optimise 
thee non-decomposable system in Figure 2-5-1, one requires the four-element exhaustive 
mutationn strategy to find the global optimum. This strategy requires 16 trials since all possible 
designss need to be evaluated before the global optimum is found. To optimise the 
decomposablee system in Figure 2-5-2, one does not need the exhaustive search strategy to find 
thee global optimum. By decomposing the system in two subsystems, the number of trials 
requiredd is reduced. The two subsystems containing two elements add up to 22 possible designs 
forr each subsystem. The total number of required trials to optimise the whole system thus adds 
upp to 2 +2 =8 trials. Decomposition thus reduces the design space by means of splitting the 
designn space of 16 strings into two subsystems of four strings. In this example, one economises 
50%% on the total number of required trials (and thus, 50% in search time and search costs). 
Notee that although the two systems have the same K-value (K=l),  the number of trials required 
too optimise the design of the system differs substantially. 

Thee trials are for the first subsystem 00, 01, 10, and 11, and for the second subsystem 00,01, 10, and 11. 
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Apartt from saving on the number of required trials, a second advantage of decomposition 
holdss that separate teams can work independently on subsystems and thus in parallel (Marengo 
1998;; Frenken et al. 1999a; Kollman et al. 2000). This division-of-labour and decentralisation 
inn search activity further economises search time.51 In the example, each subsystem contains 22 

possiblee designs. Hence, search time can be reduced to 22 parallel trials, whereas global trial-
and-errorr would require 24 sequential trails, a reduction in search time of 75%. The advantage 
off  decomposition increases for larger systems. For example, the required number of trials to 
optimisee an N=8 system with epistatic relations located in two subsystems of size four, is only 
2-24=322 against the 28=256 trials required to optimise a non-decomposable N=8 system (a 
reductionn of 87.5%). When working in parallel on the design of each subsystem, the search 
timee decreases from 256 to 16 iterations (a reduction of 93.75%). The possibility of parallel 
problem-solvingg creates advantages in terms of search time required thereby shortening product 
developmentt cycles. 

Notee that parallel design is not necessarily restricted to parallel searching teams in one 
firm,, but can also concern parallel searching firms that collaborate in technological 
development.. And, parallel design of subsystems can also be divided among producers and 
users,, where producers combine some elements, while users add other elements to the system 
ass in the case of personal computers and hi-fi stereo (Langlois and Robertson 1992). In this 
case,, the decomposability of the system allows firms the outsource part of the design activity to 
thee users themselves (Von Hippel 2000). Thus, generally speaking, decomposability allows for 
aa division-of-labour in the tasks of agents with regard to the design of the system, without the 
needd for co-ordination among the agents (Marengo et al 2000). 

Itt becomes clear from the discussion that decomposable structures of epistatic relations 
inn NK-systems substantially reduce the time needed to find the global optimum in a system. 
Thee K-value, which indicates the number of elements epistatically affecting each element, does 
nott take into account to what extent a system can be decomposed in subsystems. Thus, the K-
valuee is not a precise indicator of complexity in terms of the time needed to find the global 
optimum.. AT is a measure of a system's "structural complexity" as it indicates the complexity in 
termss of the number of epistatic relations that make of a system's internal structure. However, 
thee K-value does not indicate the "computational complexity" of a system in terms of the 
requiredd time to find the global optimum. Systems with the same K-value can have very 
differentt degrees of computational complexity. 

2.3.22 Cover size 

Onee can distinguish between different complexity measures when describing a complex 
system.. The K-value in Kauffman's (1993) NK-model describes complexity in terms of the 
numberr of epistatic relations in a complex system. As epistatic relations describe the internal 
structuree of a system, the K-value can be termed a measure of structural complexity. In the 
contextt of models of problem-solving designers, alternative measures of computational 
complexityy are relevant to describe complex systems. Computational complexity of a system 
boundss the search time that is required to optimise a system's fitness. Page (1996) proposed 
thee cover size as a complexity measure referring to the difficulty to optimise a problem. 

11 Another advantage of decomposable teams concerns the reduction in the costs of communication channels 
betweenn different teams (Arrow 1974). 
522 Page (1996) prefers to consider cover size as a measure of "difficulty" instead of a measure of complexity. 
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Thee concept of cover size is based on the concept of schema introduced by Holland 
(1975)) in the context of genetic algorithms. A schema can be understood as a string that 
representss classes of strings. Formally, a schema h with length N is described as: 

hh = hlh2...hN;hn<=  {0,1,...,AH-l#} (2.5) 

wheree # stands for "any allele". In the following, I assume binary strings (An=2) for all N 
elementss without loss of generality (Page 1996). Thus, each allele in a schema takes on a 
valuee out of the set {0,1,#}  where # stands for "either 0 or 1". The number of possible 
schemaa thus adds up to 3N. . 

AA "defining" allele of a schema is contained in the set {0,1} . A schema can thus be 
understoodd as referring to the subset of strings for which holds that they share the defining 
alleless of elements as specified in the schema. For example, schema 00## has as defining 
alleless a 0-allele for the first element and a 0-allele for the second element. This schema thus 
referss to the class of strings, which have a 0-allele for the first element and a 0-allele for the 
secondd element, which is the subset {0000, 0001, 0010, 0011}. 

AA "projection" of a string that is not part of a schema yields a new string that is part of 
thee schema. For example, the projection of the string 1011 on the schema 00## gives as a 
resultt the string 0011. A projection of a string on a schema can be understood as a mutation 
off  one or more elements that yield a new string that is part of the schema. 

AA schema is called "dominant" if the projection of all possible strings on this schema 
yieldss a new string with higher or equal fitness. Only schemata, which are part of the globally 
optimall  string, can be dominant. By definition, the schema that corresponds to the global 
optimum,, is itself a dominant schema since all projections of strings on this schema yield the 
globallyy optimal string. However, this is a schema of maximum size N, and therefore, the 
numberr of trials needed to find the global maximum equals the size of the design space. The 
questionquestion holds whether there exist sets of smaller schemata, which all are dominant as they 
jointlyjointly map the decomposable architecture of a system. Using these schemata, the 
computationall  complexity can be defined. 

AA "cover" is a set of dominant schemata such that the union of all their defining 
alleless adds up to Af defining alleles. If one constructs the cover with minimum size schemata, 
thiss wil l give the decomposition of the problem into minimum size sub-problems. This means 
thatt one can optimise each subset separately, defined by each of such schemata. The global 
optimumm will be simply the union of such sub-strings. The cover size of a function defined on 
binaryy strings is exactly the size of the largest schema contained in the minimum size cover.53 

Coverr size represents a measure of complexity of the problem in terms of the size of 
thee largest of the smallest possible subsystems in which it can be decomposed. A cover gives 

Coverr size may over-estimate the complexity of the system for a search algorithm, because, if some schemata 
thatt form the minimum cover have bits in common, solving one of them reduces the size of those with 
overlappingg elements. Page (1996) introduced a second complexity measure called "ascent size" of the cover, 
whichh is the minimum number of elements that have to be mutated simultaneously in order to be sure to find the 
globall  optimum. Consider, as an example, that a problem has been decomposed in the following cover: 
CC = {1###, 11##, 110#, 1101}. The cover size of this function equals four, with cover 1101 corresponding to the 
globall  optimum, which suggests that the fitness landscape has maximum complexity. However, if one explores 
thee function sequentially with a one-element mutation algorithm one is able to locate the first schema (of size 
one).. Once one locates such a schema one is able also to locate the second - still using a one-element mutation 
algorithmm - and so on. In this case, a one-element mutation algorithm is able to find the global optimum of the 
functionn given the right sequence of mutations, although its cover size equals N. Computation of ascent size of 
NK-systemss are made by Frenken et ah (1999a). 
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aa perfect decomposition in the sense that each subset of bits defined by a schema in a cover 
cann be optimised independently from the others. Thus the problem can be solved in parallel.. 
Assumingg An to be equal for all N, the largest sub-problem gives the upper bound to the 
complexityy of the system i.e. the time required to find its optimal solution. 

Too calculate the cover size, one can use a recursive procedure, which is given in 
AppendixAppendix I. An example suffices here to clarify. Consider again the system in Figure 2-5-2 
containingg four variables in which two pairs of variables are mutually epistatically related. The 
firstt and second elements are interrelated, and the third and fourth variables are interrelated. 
Thee Cover Size of such a system is, at maximum, two since each pair of interrelated variables 
cann be optimised independently of the other pair. To calculate the cover size, consider the 
simulationn of the fitness landscape of this system in Figure 2-6. 

Too find the cover size of this artefact, one first checks for dominance of all schemata 
withh only one defining allele, which is the set: 

(omt,(omt, ;###, mm, mm, mo#, mi#, mm, mmi) 

Fromm the fitness landscape in Figure 2-6, it turns out that of all schema's with one defining 
allele,, only schema 1### is dominant. Only for this schema it holds that the projections of all 
stringss that are not part of this schema yield a new string with equal or higher fitness. Put 
anotherr way, for any string with a 0-allele for the first element, a mutation in the first element 
fromfrom 0 to 1 does not lead to a fitness decrease. 

Afterr checking for dominance of schemata with one defining allele, one checks for 
dominancee of all schemata containing two defining alleles, which is the set: 

{oom,{oom, oim, ïom, urn, om#, om#, im#, im#, omo, omi, imo, ïmi, 
mm,mm, mm mm #//#, mm, mm, mm, mm, moo, moi, mio, mil} 

Fromm the fitness landscape in Figure 2-6, it turns out that schema 10## and schema ##10 are 
dominant.. For all strings in which a mutation yields a string with a 1-allele for the first element 
andd a 0-allele for the second element, fitness never decreases. And, for all strings in which a 
mutationn yields a string with a 1-allele for the tiiird element and a 0-allele for the fourth 
element,, fitness never decreases. 

Sincee covers are found that include defining alleles for all elements, one can derive the 
globall  optimum from the union of the three covers: 

CC = {1###, 10##,##10} 

Thee union of these three covers yields 1010 corresponding to the globally optimal solution. The 
coverss indicate that the system can be decomposed in two subsystems of size two. The cover 
sizee of this system's architecture thus equals two. By means of a two-element mutation rule in 
eachh subsystem, the global optimum 1010 can always be found. This search strategy is the most 
efficientt search procedure to find the global optimum of this system's architecture. Only four of 
suchh mutations are needed to find the optimal solution for each of the two subsystems, where 
globall  search would require 16 mutations. 
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Stringg Wi w2 w3 w4 W String g Wii W2 W3 W4 W W 

0000 0 
0001 1 
0010 0 
0011 1 
0100 0 
0101 1 
0110 0 
0111 1 

0.2 2 
0.2 2 
0.2 2 
0.2 2 
0.9 9 
0.9 9 
0.9 9 
0.9 9 

0.1 1 
0.1 1 
0.1 1 
0.1 1 
0.3 3 
0.3 3 
0.3 3 
0.3 3 

0.6 6 
0.2 2 
0.3 3 
0.1 1 
0.6 6 
0.2 2 
0.3 3 
0.1 1 

0.1 1 
0.8 8 
0.8 8 
0.5 5 
0.1 1 
0.8 8 
0.8 8 
0.5 5 

0.25 0 0 
0.32 5 5 
0.35 0 0 
0.22 5 5 
0.47 5 5 
0.55 0 0 
0.57 5 5 
0.45 0 0 

1000 0 
1001 1 
1010 0 
1011 1 
1100 0 
1101 1 
1110 0 
1111 1 

0.5 5 
0.5 5 
0.5 5 
0.5 5 
0.7 7 
0.7 7 
0.7 7 
0.7 7 

0.9 9 
0.9 9 
0.9 9 
0.9 9 
0.5 5 
0.5 5 
0.5 5 
0.5 5 

0.6 6 
0.2 2 
0.3 3 
0.1 1 
0.6 6 
0.2 2 
0.3 3 
0.1 1 

0.1 1 
0.8 8 
0.8 8 
0.5 5 
0.1 1 
0.8 8 
0.8 8 
0.5 5 

0.52 5 5 
0.600 ° ° 
0.62 55 ° ° 
0.50 0 0 
0.47 5 5 
0.55 0 0 
0.57 5 5 
0.45 0 0 

Figuree 2-6: Fitness landscape for decomposable system of Figure 2-5-2 
00 = local optimum, °° = global optimum 

Too test whether the cover size as a measure of complexity significantly differs from 
thee K-indicator of complexity, seven types of NK fitness landscapes have been analysed for 
N=12N=12 with K=0, K=l, K=2, K=3, K=4, K=5, and K=6 (Frenken et al. 1999a).54 For each 
valuee of K, randomly 100 landscapes have been generated and cover sizes have been 
computedd for all these landscapes. The results are listed in Table 2-1. The results are 
averagedd for 100 simulated fitness landscapes for each K-value. 

Thee results for the cover size of systems with different K-values are quite pronounced. 
Ass explained above, for K=0 is the cover size always equals 1 (with standard deviation 0) 
sincee the choice of an allele of each element can always be optimised independently of the 
alleless of other elements. For parallel optimisation, only 21=2 time units are required to find 
thee optimal solution as each element is to be evaluated for allele 0 and 1. For systems with 
K>0,K>0, cover size increases rapidly for larger K-values. For example, already for a modest 
structurall  complexity value of K=2 cover size equals about 10, which implies that about 
210=10244 trials are required to find the global optimum. Also note that the maximum value 
forr cover size, which equals N, is already approached for systems with K=6 with average 
coverr size 11.99, which indicates that K=6-systems are generally non-decomposable. From 
thee result, one can extrapolate that cover size of systems with 6<K<12 lies between 11.99 and 
12.00.. Thus, all systems with K>5 are virtually without exception non-decomposable. 

Fromm these results it can be concluded that the K-value of a system substantially 
underestimatess the complexity of a system in terms of its decomposability. The 
computationall  complexity as indicated by the cover size is much higher than the structural 
complexityy as indicated by the K-value. The results suggest that even system with moderate 
complexityy require a high amount of search time to be optimised. Since search time comes at 
aa cost, finding the global optimum may not best strategy from an economic point of view (cf. 
Simonn 1955, 1969). Below, this proposition is further elaborated using simulation. 

Forr computational simplicity bi-directional epistatic links are used, which means that each variable that 
epistaticallyy affected by a randomly chosen other variable, also epistatically affects this variable. Originally, 
Kauffman'ss model is based on uni-directional links, but the use of bi-directional links does not change the 
qualitativee properties of NK-systems with regard to their decomposition, since both uni-directional links and bi-
directionall  links can cause local optima among two elements, though uni-directional links less probable so. 
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K-value e 

coverr size 
(standardd deviation) 

0 0 

1.00 0 
(0.00) ) 

1 1 

4.25 5 
(1.39) ) 

2 2 

10.09 9 
(1.92) ) 

3 3 

11.62 2 
(0.63) ) 

4 4 

11.89 9 
(0.35) ) 

5 5 

11.96 6 
(0.20) ) 

6 6 

11.99 9 
(0.10) ) 

Tablee 2-1: Average cover size for 0 <K<6 (N=12). 

2.3.33 Satisficing 

Fromm the previous simulation it has been concluded that even for systems that have relatively 
feww dependencies between its elements, finding the global optimum would require an 
extremee amount of search time. In many cases, the global optimum can only be found by 
meansmeans of exhaustive search testing all strings in the design space on fitness or by searching 
veryy large areas of the design space. For example, relatively "simple" systems with N=12 and 
K=2K=2 have on average a cover size of about 10. This implies that global optimisation would 
require,, on average, 210 = 1024 trials. And, for systems with N=12 and K>2, the cover size 
quicklyy approaches the maximum value of 12 indicating that global optimisation requires 212 

== 4096 trials. 
Designerss are not expected to search in such large design spaces as their resources to 

searchh the design space are limited (Simon 1955, 1969). A local search strategy involving 
mutationss in one or few elements at the time would require much less computational 
resources.. When time and resources are scarce and thus discounted for, local search strategies 
mayy turn out to be economically more successful compared to the global search strategy. 

Simonn (1955,1969) already stressed in this context that designers faced with complex 
systemss are expected to engage in what he called "satisficing" instead of optimising, because 
aa satisficing strategy requires much less computational time and resources compared to the 
optimisingg strategy. Satisficing refers to search procedures that lead to "good enough" 
solutionss instead of optimal solutions. One satisficing strategy is to apply a local search 
strategyy to find a solution to a non-decomposable system that would require a global search 
strategyy to be optimised (Simon 1969 [1996]: 119-120). Though such a local search strategy 
iss likely to lock-in into a local optimum, it requires much less time and resources compared to 
thee optimising strategy. 

Satisficingg strategies can be understood as meta-strategies in the sense that these 
strategiess try to balance the loss in fitness as a result of becoming trapped in a local optimum 
withh savings on time and resources required to perform the search. Such strategies are also 
calledd "heuristics", which can be denned as ways to reduce to search space in order to 
economisee on time and resources (Nelson and Winter 1977; Dosi 1982; Van Lente 1993; 
Metcalfee 1995). 
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Too test whether a satisficing strategy requires substantially less time than an 
optimisingg strategy, Frenken et al. (1999a) computed the cover size of systems, the 
optimisationn of which allows for a margin of error called a "satisficing threshold" e. The 
satisficingg threshold stands for the percentage of fitness that a solution is allowed to deviate 
fromfrom the fitness of the global optimum. Thus, when s=0.10 the satisficing search strategy 
acceptss all strings that have fitness equal of higher than ninety percent of the fitness value of 
thee global optimum. 

Thee concept of "e-cover size" of an NK-system can be understood with reference to 
thee satisficing threshold. The e-cover size of a complex systems corresponds to the size of the 
largestt of subsystems in which a system can be decomposed such that optimising each 
subsystemm leads with full certainty to a solution with fitness that is equal or higher than (/-£•) 
timess the optimal solution. 

Forr example for e=0.10, the e-cover size is the size of the largest of subsystems in 
whichh the system can be decomposed such that optimising each subsystem leads to finding a 
solutionn that has fitness that is equal or higher than 0.90 times the fitness of the optimal 
solution.. In other words, e=0.10 means that agents accept all solutions that are at most 10 
percentt lower than the optimal solution. One can thus understand e as the tolerated "error" in 
thee fitness of solutions as a percentage of the optimal solution. 

Inn Figure 2-7, the results from Frenken et al. (1999a: 158) on e-cover size are plotted 
forr N=12-systems with values of satisficing threshold s ranging from 0 to 0.55 and with K-
valuess ranging from K=0 to K=6.55 The case of s=0.0 corresponds to the cover size results 
givenn in Table 2-1 above. In this case designers do not tolerate any error in the fitness of 
solutionss i.e. designers only accept the optimal solution as in the original application of cover 
size.. As the e-value increases, the required fitness of the solution is relaxed, and the cover 
sizee sharply decreases. The more one relaxes the fitness requirement, the smaller the cover 
sizee of a system, and the faster designers reach a solution. As expected, the tolerance of error 
inn the fitness of the solution pays off in terms of the smaller amount of time required. 

-K=0 0 
-K=1 1 
-K=2 2 
K=3 3 

-K=4 4 
-K=5 5 
-K=6 6 

0.000 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 

Satisf.. Threshold 

Figuree 2-7: e-cover sizes of N=12 systems for different values of e and K 
(from:: Frenken etal. 1999a: 158) 

'' The algorithm to calculate E-cover size can be found in Frenken et al. (1999a). 
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Importantly,, every reduction by 1 in the cover size corresponds to a decrease by half 
off  the time required to complete the search. The benefits in terms of the amount of time and 
resourcess that are saved thus increase exponentially for each reduction by 1 in e-cover size. 
Forr example, for s=0 and K=2, cover size equals 10 which implies that 210 = 1024 trials are 
requiredd to find the optimal solution. Relaxing the performance requirement to £=0.20 for 
systemss with K=2, e-cover size only equals 7 which implies that only 128 trials are required 
too find a satisfactory solution. Search is thus eight times faster when a loss in fitness of at 
mostt 20 percent is tolerated. In a situation of competing firms, a firm that wants to offer the 
optimall  design to its users requires 8 times as much time to bring a product to the market 
comparedd to a firm that offers a design with at most 20 percent less performance. 
Furthermore,, assuming that each firm incurs a fixed cost per trial, the firm aiming to design 
thee optimal design also requires a search budget that is 8 larger compared to the other firm. 

Thee results suggest that in complex non-decomposable landscapes, firms with an 
optimisingg strategy that aims to find the global optimum are not expected to be competitive 
comparedd to firms with a satisficing strategy that aims at reasonably good designs. The 
complexityy involved in optimising a complex system is such that the fitness of the optimal 
solutionn generally does not justify the time and resources required to find it. This result is 
consonantt with Simon's (1969 [1996]: 28) observation that: 

"(i)n"(i)n  the face of real-world complexity, the business firm turns to 
proceduresprocedures that find good answers to questions whose best answers are 
unknowable." unknowable." 

Fromm our analysis, one can add to the last part of this statement "or whose best answers are 
tooo expensive to find". Thus, in cases were best answers could be found at all, it is often too 
expensivee to look for these answers. 

2.3.44 Competing agents with different types of search strategies 

Thee conclusion drawn above has been further illustrated by simulation exercises reported in 
Frenkenn et al. (1999a). In one simulation56, agents with different decomposition schemes are 
competingg on some fitness landscape of size N=12. Each agent is defined by a given 
decompositionn of the system into sub-systems and generates new points by choosing 
randomlyy one of the subsystems, and mutating its elements (possibly all of them) randomly. 

Forr instance, consider an agent who follows the decomposition strategy 
D={{{  1,2,3},{4,5,6,},{7,8,9},{10,11,12}}. This agent decomposes the search space into four 
subsystemss of three elements. In order to generate a new point, the agent chooses randomly 
onee of these four subsystems, and then mutates some (possibly all) of the elements in the 
chosenn subsystem. The fitness value of the new point is observed: if such a fitness is higher 
thann the one of its current position the agent moves to it, and the latter becomes the new 
startingg point, otherwise the agent remains where it is. This step is iterated. Thus, what 
differentiatess agents is only the way they generated new points to be tested i.e. their search 
strategy,, which in turn is determined by their decomposition of the search space. 

Al ll  simulations have been programmed using the simulation platform called LSD (Laboratory for  Simulation 
Development)) that has been developed by Valente (1998, 2000). One can find downloadable code, user's 
manuals,, and details on other  simulation programs at the site: www.business.auc.dk/lsd. 

77 7 

http://www.business.auc.dk/lsd


Off  course, a huge number of possible decompositions exist that agents can follow. 
Simulationn is restricted to those decompositions that have subsystems of equal size. For 
N=12,N=12, there are six possible decomposition and, correspondingly, six types of agents, named 
afterr the dimension of the sub-problems into which they decompose the problem: 

{1},{2},{3},{4},{5},{6},{7},{8},{9}{10},{11},{12} } } 
{1,2},{3,4},{5,6},{7,8},{9,10},{11,12} } } 
{1,2,3},{4,5,6},{7,8,9},{10,11,12}} } 
{1,2,3,4},{5,6,7,8},{9,10,11,12}} } 
{1,2,3,4,5,6},, {7,8,9,10,11,12}} 

Agentt  type 12: D = {{1,2,3,4,5,6,7,8,9,10,11,12}} 

Wee first checked whether agents whose decomposition perfectly reflects the structure of the 
underlyingg landscape are actually able to find its global optimum irrespectively of the initial 
conditions.. To test this hypothesis five57 kinds of random landscapes with given architectures 
havee been built. The matrices of epistatic relations between elements are given in Appendix 
II.II.  The corresponding landscapes are named after the size of the corresponding cover and 
givenn in Figure 2-8 (where + stands for a defining alleles and # stands again for any allele). 

Agentt  type 1: 
Agentt  type 2: 
Agentt  type 3: 
Agentt  type 4: 
Agentt  type 6: 

DD = 
DD = 
DD = 
DD = 
DD = 

Landscapee type 2: {(++##########); (##++########); (####++######); (######++####); (IIIIIInilIIII #++##); (IINIIIIIIIIIttt##++)} 

Landscapee type 3: {(+++mmmm#); (###+++######); (######+++###); (#########+++)} 

Landscapee type 4: { ( M I  I llllllllllltllll);  (####++++####); (########++++)} 

Landscapee type 6: { ( H I M i IIIIII  till  II);  (######++++++)} 

Landscapee type 12: { ( H l l l l H i l i i ) ) 

Figuree 2-8: cover of the five simulated five landscapes 

Agentss that have a decomposition scheme that includes the exact cover of the landscape can 
findfind the global optimum of landscapes. For example, landscape type 2 is the fitness landscape 
off  a system that can be divided in the following six subsystems of two elements: 
{1,2},{3,4},{5,6},{7,8},{9,10},{11,12} .. Therefore, agents type 2 can find the global 
optimumm as it uses the corresponding decomposition schema, but agents type 4, 6 and 12 can 
alsoo find the global optimum as their decomposition schemes includes the finer 
decompositionn scheme of agent type 2. 

Simulationss by Frenken et al. (1999a) show indeed that landscape 2 can be globally 
optimisedd by agents types 2, 4, 6 and 12, landscape 3 can be globally optimised by agents 
typess 3, 6 and 12, landscape 4 by agents types 4 and 12, landscape 6 by agents types 6 and 
12,, and landscape 12 by agents types 12. Moreover, given the right decomposition, the finer 
decompositionn schemes find the global optimum faster than the less fine decomposition 
scheme.. For example, landscape 4 is fastest optimised by agents of type 4 and slower by 
agentt types 12 (Frenken et al. 1999a: 161). 

577 Landscapes of Cover Size one are omitted, because they are trivial. 
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Figuree 7: Average Number of Agents per Class 

{averagee on 10 runs) 

800 0% -, 

711 1 si 1 JT LL ^T it it 
LL 2 L 3 L 4 L 6 L 12 

DNumClassII 2 DNumClass3 DNumClass4 6 DNumClass12 | 

Figuree 2-9: Number of agent types after 1000 mutations and 100 selection rounds 

Ourr interest here is to show that optimising strategies that are able to find the global 
optimumm given enough search time can be outperformed by satisficing strategies that are 
generallyy not able to find the global optimum, but reach good solutions in much shorter 
searchh time. In order to test this proposition, a set of simulations has been run in which 
differentt agents using different decompositions compete. All agents start from a random point 
inn the landscape and explore it according to their individual decomposition scheme (180 
agents,, 30 for each of the six agents types). After each round of 10 mutations, agents are 
rankedd according to their fitness. Selection is specified as the removal of worst scoring 
agents,, which are replaced with "copies" of other agents. In the simulations, each selection 
roundd removes the 30 worst scoring agents and replaces them by copies of 30 agents who are 
randomlyy chosen among the other surviving agents. Figure 2-9 shows the average number of 
agentss types over 10 different simulation runs on each of the landscapes considered for 1000 
mutationss and 100 selection rounds. 

Thee results show that for decomposable systems (landscapes 2, 3, 4 and 6), agents 
withh the finest possible decompositions come to dominate the population of agents. Thus, 
agentss types 2 dominate when cover size is two, agents types 3 dominate when cover size is 
three,, agents types 4 dominate when cover size is four, and types 6 dominate when cover size 
iss six. However, for landscapes with cover 12 i.e. for non-decomposable landscapes, agents 
off  type 12 do not dominate the population of agents, although agents type 12 is the only type 
off  agents that will always find the global optimum would selection have been absent. Instead, 
agentt types 3 and 4 dominate the population in this non-decomposable landscape, even 
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thoughthough they are generally bound to get locked-in into a local optimum. The reason for this 
resultt is that agent types that search within sub-spaces of size 3 and 4 require much less time 
too find reasonable solutions than agents that search the whole design space of size 12 require 
too find the global optimum. 

Thiss simulation exercise confirms the previously drawn conclusion that in complex, 
non-decomposablee landscapes, firms with an optimising strategy that aims to find the global 
optimumm are generally not competitive compared to firms with a satisficing strategy that aims 
att reasonably good designs. The complexity involved is such that the fitness of the optimal 
solutionn generally does not justify the time required. 

2.3.55 Near-decomposability 

Wee concluded that optimising the design of a complex system by means of exhaustive search 
inn the entire design space is generally not expected to be a viable strategy. Local search 
strategiess require much less time and resources to find reasonable solutions in terms of 
fitness.. However, not every kind of local search strategy will be equally successful in terms 
off  the time and resources required and the fitness of the solution reached. The question that 
followss is what kind of local search strategies, or "heuristics", are expected to be most 
successfull  in finding reasonably good solutions to complex designs problems using littl e 
computationall  time and resources. 

Forr one set of complex systems, called nearly-decomposable systems, a very powerful 
heuristicc can be followed. Nearly-decomposable systems are systems that are non-
decomposable,, but have a structure of epistatic relations such that the majority of these 
relationss are located within subsystems (Simon 1969 [1996]: 197-210; Nelson and Winter 
1977:: 53; Dennett 1995 [1996]: 215). 
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Figuree 2-10: Architecture of epistatic relations of a nearly-decomposable system 
(from:: Frenken et al. 1999a: 164) 
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Frenkenn et al. (1999a: 162-165) simulated the fitness landscape of a non-
decomposable,, but nearly-decomposable system of 12 elements. In this system, there are 
threee subsystems containing four elements each that are all epistatically interrelated. 
Furthermore,, one element in the first subsystem (n=4) epistatically affects the fitness of an 
elementt in the second subsystem (w5), and one element in the second subsystem (n=8) 
epistaticallyy affects the fitness of an element in the third subsystem (W9). The architecture of 
thee system is given in Figuree 2-10. 

Simulationss of the fitness landscape of this system showed that this system is non-
decomposablee i.e., has a cover size equal to 12. The optimising strategy to find the globally 
optimall  solution is the exhaustive 12-element mutation strategy, which requires 212 = 4096 to 
findd the global optimum with full certainty. However, a satisficing strategy that searches only 
withinn the three subsystems of four elements with up to four-element mutations, achieves 
higherr fitness value much faster compared to the optimising strategy. 

Thee specification of a simple evolutionary selection mechanism58 shows that agents 
withh the optimising 12-element mutation strategy die as they are too slow to improve then-
fitnesss compared to agents with the satisficing four-element mutation strategy covering the 
structuree of epistatic relations. Agents applying satisficing strategy are able to improve their 
fitnesss much faster, and accordingly, drive out agents with the optimising strategy. 

Thiss simulation exercise shows that nearly-decomposable systems are best searched 
byy ignoring the rare epistatic relations between subsystems and by restricting search within 
subsystems.. It thus explains that systems with a nearly-decomposable architecture of epistatic 
relationss are expected to be very common, since for these systems it is relatively easy to find 
aa well-working design. This conclusion has been drawn previously by various scholars in 
variouss contexts (Simon 1962, 1969, 1973; Dennett 1995; Schilling 2000). This result 
confirmedd the early discussion of Simon (1969) on nearly-decomposable systems, in which 
hee stated that nearly-decomposable systems have the advantage that these can be improved 
byy changes within each subsystem without the need to coordinate in between subsystems. 
Thee contribution in this chapter has been to formalise the principles of decomposability and 
near-decomposabilityy in an evolutionary model. 

2.44 SUMMARY 

Inn this Chapter 2, the main line of argument to transfer the NK-model from evolutionary 
biologyy into the realm of human problem-solving held that, analogously to the biological 
modell  of mutation and selection, human search can be modelled as trial-and-error. In both 
situations,, an algorithm can be specified that leads to the discovery of peaks in a fitness 
landscape.. The NK-model thus provides one with a general way to construct complex fitness 
landscapess that represent the trade-offs between the functioning of different elements in a 
technologicall  system. In future research NK fitness landscapes can be introduced in existing 
modelss in evolutionary economics that previously assumed non-complex search spaces. 

588 Selection is specified as follows. Out of a population of 180 agents - the number  of agents in the population is 
arbitraril yy chosen - the 30 worst scoring agents are removed and replaced with agents that "copy"  one search 
strategyy of the other  surviving agents. Copies are new agents that inherit the parent's decomposition scheme, but 
exploree the landscape starting from a different, randomly assigned string in design space (Frenken et al. 1999a). 
Thee simulation program used is called LSD (Laboratory for  Simulation Development) that has been developed 
byy Valente (1998,2000), www.business.auc.dk/lsd. 
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Exampless of non-complex search space include the models that represent the search space as 
coordinatess in capital-labour space as in Nelson and Winter (1982), Winter (1984), Silverberg 
etet al. (1988), Andersen (1994), Dosi et al. (1995), Jonard and Yildizoglu (1998), and Oltra 
(1998).. The search space part in these models can be replaced by a complex search space 
basedd on the NK-model as to render these models more realistic with regard to the 
complexitiess in problem-solving activity. 

AA number of other issues have recently been addressed using the framework of the 
NK-model,, including models of epistatic relations in a set of business strategies. Judging 
fromm the number of recent studies, the NK-model could well come to provide the basic 
frameworkk of a new research program in evolutionary economics (Kauffman and Macready 
1995;1995; Frenken et al. 1997; Levinthal 1997; Baum 1999; Camineti 1999; Frenken et al. 1999a; 
McKelveyy 1999a, 1999b; Auerswald et al. 2000; Frenken and Windrum 2000; Gavetti and 
Levinthall  2000; Ghemawat and Levinthal 2000; Kauffman et al 2000; Marengo et al. 2000; 
Rivkinn 2000; Valente 2000; Frenken 2001a). I will not go into the outlines of such a research 
programm in the coming chapters, but I will do so in the final Chapter 9 where issues for 
furtherr research are discussed. In the coming chapters, I limit the discussion of the NK-model 
too the application of the model to product technology, which can be considered as a sub-
programm of a larger modelling research program that is discussed in the final Chapter 9. 

Summarisingg the principal insights in this chapter, it has been argued that 
evolutionaryy models based the one-element mutation strategy ignore the fact that, contrary to 
biologicall  evolution, mutation in human problem-solving is not restricted to one-element 
mutation,, but includes mutations in any number of elements. This argument led me to follow 
Page'ss (1996) suggestion to define the complexity of a system in terms of the 
decomposabilityy of a system. In this view, the largest of the subsystems in which a system 
cann be decomposed bounds the computational complexity of a system. 

Inn discussing the trade-off between time-efficiency in search and the fitness of the 
stringg that is found, it has been concluded that in evolutionary contexts, strategies that aim to 
findfind the string with highest fitness are not necessarily most successful. Alternative 
"satisficing""  strategies that also accept "good enough" solutions with fitness close to the 
fitnesss of the global optimum, can be expected more successful in evolutionary contexts. 
Satisficingg strategies are heuristic strategies as they aim to reduce search time at the cost of 
fitness.fitness. Heuristic search strategies require less time and resources compared to optimising 
strategies.. Therefore, heuristic strategies can well be more successful in evolutionary contexts 
wheree time and resources required for search play an important role. Heuristics strategies are 
exampless of how designers can search intelligently under bounded rationality, i.e. when they 
lackk precise information on the odds of success and failure of mutations (Simon 1969). 

Too claim that optimising strategies compared to heuristic strategies are unlikely to be 
successfull  in competitive environments is only a negative statement. The question that 
followss is what type of heuristics is likely to be most successful. One example of a powerful 
heuristicc was given for non-, but nearly-decomposable systems. These systems have a 
structuree of epistatic relations in which that the majority of epistatic relations are located 
withinn subsystems and only few epistatic relations exist between subsystems. An 
evolutionaryy simulation model showed that for nearly-decomposable systems a satisficing 
strategyy that searches through random mutation in elements within each subsystem is superior 
too an optimising strategy that searches by random mutations in all elements at the same time. 
Thiss result confirmed the early discussion of Simon (1969) on nearly-decomposable systems, 
inn which he stated that nearly-decomposable systems have the advantage that these can be 
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improvedd by changes within each subsystem without the need to coordinate in between 
subsystems. . 

Thiss example of a heuristic search strategy in nearly-decomposable system, however, 
iss just one very specific example of a heuristic. It applies only to systems that are 
characterisedd by a nearly-decomposable structure of epistatic relations. Moreover, this 
examplee of a heuristic strategy is not very sophisticated as it is still based on random 
mutationss in elements. As discussed in Chapter 1, students of technological development 
havee stressed that human search is indeed best characterised as local, but not as random 
(Rosenbergg 1969; Nelson and Winter 1977; Dosi 1982; Van den Belt and Rip 1987; 
Bradshaww 1992; Metcalfe 1994). Rather, designers direct their design activity to some 
selectedd problems that are considered most important, and limit search to those elements in a 
systemm that are considered to be related to these problems. The priority ranking of sub-
problemss is informed by information on the preferences of particular user groups. This type 
off  user-informed heuristic search is fundamentally different from the strategies discussed in 
thiss chapter. 

InIn Chapter 3,1 will show how the non-random user-informed nature of technological 
innovationn can be modelled in the framework of the NK-model. To this end, a generalisation 
off  the NK-model is required that includes a fitness function based on multiple quality 
attributess (speed, comfort, safety, fuel-efficiency etc.) instead of a fitness function based on 
onee quality attribute underlying Kauffrnan's original NK-model. In the generalised model, 
non-randomm search can men be operationalised as an algorithm that sequentially optimises 
differentt quality attributes according to the ranking users apply. This algorithm can be further 
extendedd in the case different user groups exist, each of which have a different ranking of 
qualityquality attributes. 

Inn Chapter 4, the generalised model as developed in Chapter 3 wil l in turn be 
specifiedd substantially as a model of the product life-cycle. This specification informs the 
empiricall  analyses on product evolution in a number of industries, which are reported in the 
chapterr in Part III  of this study. 
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