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Abstract:

The product lifecycle model can be understood as a three-stage model of technological development
associated with a particular product technology. In the explorative stage many different designs are
developed, in the development stage products become standardized into a dominant design, and in
the mature stage only incremental changes occur within the dominant design. Although the product
lifecycle model is widely accepted and often applied in empirical research, innovation scholars have
failed to develop systematic theoretical models that explain the different stages of technological
development along the lifecycle. In this study, an attempt is made to contribute to product lifecycle
theory by developing a theoretical model based on percolation dynamics. The model combines the
concept of increasing returns to adoption with information diffusion among consumers within social
networks. The main contribution of the model is that it replicates the three stages of the product
lifecycle as an outcome of a single elementary process. The model also replicates the S-shaped
diffusion curve and the occurrence of an industry shakeout.
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1. Introduction

The product lifecycle model and the concept of d@nt design have received a great deal of
scholarly attention in industrial organisation andovation studies for over three decades.
Since Abernathy and Utterback (1978) first devetbfiee concept of a dominant design from
a study of the automobile industry, scholars haundl the concept to be a useful tool for
studying the evolution of products. Related coneaspch as natural trajectories, technological
paradigms and technological guideposts (Nelsorivdimter 1977, Dosi 1982, and Sahal 1985,

respectively) have also become central conceptsitnnovation literature.

The product lifecycle model can be understood athrae-stage model of technological
development associated with a particular productrielogy. In the first, explorative, stage
product innovation is dominant as many firms expldhe new technology in various
directions. During the development stage, standatidin on a dominant design causes a fall
in product innovation and opens the way for incegasnechanization of the production
process. During this stage, many firms are for@edxit the industry, causing a ‘shake-out’
(Klepper 1997). Finally, in the mature stage, oimigremental innovations occur within the
dominant design to customize the product for speciter groups. A new cycle may be

initiated by the introduction of a radically nevebamology.

Though the product lifecycle model is widely acesgptand often applied in empirical
research, innovation scholars have failed to dgwvslstematic theoretical models that explain
the different stages of technological developmdong@ the lifecycle. Exceptions are the
industrial dynamics models that have focused orskiade-out leading to the emergence of an
oligopoly (Jovanovic and MacDonald 1994; Kleppe®@pP Yet, these ‘industry lifecycle’

models remain silent on the innovation dynamics dieaur during the product lifecycle.



In this study, an attempt is made to contributéhtoproduct lifecycle theory by developing a
theoretical model based on percolation dynamicslof8on et al. 2000). The model

synthesises the concept of increasing returns gptamh and information diffusion within

social networks. Increasing returns to adoptiomsteom the benefits that consumers enjoy
from adopting the same dominant design due to thtipe externalities in common use
(Arthur 1989). Information diffusion processes withsocial networks capture the role of
word-of-mouth and demonstration effects among corsa regarding the properties of new
products (Rogers 1962). Combining these two featafennovation in a percolation model is

shown to be sufficient to replicate the aforemamegd three stages of the product lifecycle.

We proceed as follows. In section 2 we will firgsaliss the product lifecycle model and the
empirical insights that have been derived fromlit.section 3 we turn to the standard
percolation model. In section 4, we introduce iasieg returns to adoption and competing
technologies to elaborate the percolation model mtproduct lifecycle model. Section 5

concludes.

2. The Product Lifecycle Model

The product-life cycle concept was first develo@eda concept in marketing in the 1960s
(Klepper 1997: 146-147). In the 1970s, the coneegs further refined into a stage model of
industrial innovation (Utterback and Abernathy 19A&bernathy and Utterback 1978). Three
stages are generally distinguished: the explorasitage, the development stage, and the
mature stage. Williamson (1975: 215-216) charanterihe three stages of development along

a product lifecycle as follows:

1 As quoted in Klepper (1997: 146-147).



“Three stages in an industry’s development are coniynrecognized: an

early explorative stage, an intermediate developnstage, and a mature
stage. The first or early formative stage involtles supply of a new product
of relatively primitive design, manufactured on quaratively unspecialized
machinery, and marketed through a variety of exgitmy techniques. Volume
is typically low. A high degree of uncertainty cheterizes business
experience at this stage. The second stage isnteemiediate development
stage in which manufacturing techniques are morfine@ and market

definition is sharpened; output grows rapidly ispense to newly recognized
applications and unsatisfied market demands. A High somewhat lesser
degree of uncertainty characterizes market outcommehis stage. The third
stage is that of a mature industry. Managementufaaturing, and marketing
techniques all reach a relatively advanced degfeefimement. Markets may
continue to grow, but do so at a more regular anefliptable rate ...

(e)stablished connections with customers and sewgpl{including capital

market access) all operate to buffer changes asrélil to limit large shifts in

market shares. Significant innovations tend todwetr and are mainly of an

improvement variant.”

The theoretical contribution of the product lifetyenodel lies not so much in its description
of three stages of technological development, butsi explanation of the interplay between
product innovation and process innovation. Afteraplorative period of product innovation,

increasing returns to adoption render one desigorageh dominant (David 1985; Arthur

1989). Both firms and consumers incur increasinmirns from adopting a single design
incorporating standardised features. Product stais#dion in turn opens up opportunities for
process innovation in large-scale production tetdgies. More efficient process technologies
allow for lower sales price of the popular designgcelerating its dominance in the market.

The two trends of product standardisation and m®cmechanisation can be mutually



reinforcing, which would explain the sudden traiesitfrom technological variety to product

standardisation in what is called a “dominant des{@bernathy and Utterback 1978).

The first systematic empirical study of producedycles was carried out by Gort and Klepper
(1982) and examined the history of 46 productsgisiata on entry, exit, patents, prices and
output, as well as counts of major and minor intioves. It can still be regarded as the most
comprehensive study of the subject. They broadlgfioned the basic product lifecycle

pattern in terms of expanding output through fallprices and demand only saturating in the
later stages of the product lifecycle. Using thestidction between major and minor

innovation, they also found that, on average, #te of major innovations peaked earlier than
the rate of minor innovations. In so far as majondvations can be considered as early
product innovations, and minor innovations as lateremental extensions of a dominant
design, the results may be interpreted as consisfimthe predictions of the product lifecycle

model.

The second systematic study of product lifecyclas done by Malerba and Orsenigo (1996),
who speak of the Schumpeter Mark | regime whernrefgto the entrepreneurial stage of the
product lifecycle, and the Schumpeter Mark Il regii referring to the mature oligopoly
stage of the product lifecycfeThey distinguish 49 technological classes, whiakiehbeen
grouped according to classes of patent statisDosthe basis of this classification, they found
that the majority of classes could be characterageither Mark | or Mark Il. The former
group contained industries with small-sized firrhggh entry, low concentration, and low
stability in the ranking of innovators (the expliiva stage in the product lifecycle). The
second group contained industries with large firfog; entry, high concentration, and high
stability in the ranking of innovators (the matstage of the product lifecycle). In a follow-up

study, Breschet al. (2000) related the Schumpeter Mark | and Schumpédsek 1l regimes to

2 Malerba and Orsenigo (1996, p. 452) also recogrisese similarities between their terminology #mel product
lifecycle.



indicators that characterize the properties oftdahnology to test whether these patterns of
industrial organization can indeed be related toparticular stage in technological
development. The indicators include the size ohnetogical opportunities, the degree of
cumulativeness of innovations, the degree of apgabitity of innovations, and properties of
the knowledge base. Following the product lifecyoledel, the Schumpeter Mark | regime is
characterized by high technological opportunities,low degree of cumulativeness and
appropriability, and a knowledge base predominariihsed on applied science. The
Schumpeter Mark Il regime is characterized by leeshnological opportunities, a high degree
of cumulativeness and appropriability, and a knolgte base predominantly based on basic
science. Breschi et al. (2000) indeed found thatuSwpeter Mark | patterns of industrial
organization can be explained by the signs of thar findicators characterizing the first
regime, and that Schumpeter Mark Il patterns ofigtdal organization can be explained by

the opposite signs of the four indicators charézitey the second regime.

Many other empirical studies have been carriednoostly focusing on specific products. In
their reviews, Klepper (1997) and Murmann and Feenk2006) conclude that, despite the
growing body of empirical literature, systematiddmnce on the product lifecycle model is
still limited. This is due to the lack of common tmedologies and definitions as well as a lack
of formal models providing predictions of the spiecinnovation dynamics that are to be

expected given particular sets of industry charésttes.

In the following we propose a simple theoreticaihfiework based on percolation models from
complex systems theory. The model simulates thdoegive stage when many different
designs are developed, the development stage wherdaeminant design emerges, and the
mature stage when only incremental changes occilinvthe dominant design. The main
contribution of the model is that is replicates theee stages of the product lifecycle as an
outcome of a single elementary process. We do scobybining two concepts: technologies

exhibit increasing returns to adoption (Arthur 1988nd information diffusion among



consumers within social networks (Solomon et aD@0The generality of the model can be
easily adapted to account for more specific dynantdbaracterizing individual product

technologies.

3. Adoption as Percolation

Economists have traditionally studied the choickdv@ur of consumers as a rational choice
process in which an individual consumer weighshieefits and costs of alternative product
bundles. Outside the field of theoretical economagsplied researchers as well as company
managers have long acknowledged the relevance eftagteractions in understanding
innovation diffusion. The owner of a given prodigca powerful demonstration able to induce
similar purchasing decisions by people in his ardeeial circle. Still, individual people also
have personal preferences. The sports car usedptgyboy, however attractive, may be of
little interest to the father of four, or the nemtdrnet-enabled mobile phone shown off by a
jetsetting manager may not interest a housewifsoflel of adoption should thus incorporate

both individual preferences and social imitation.

One such model is the social percolation model,ciwhinakes use of a powerful tool
developed in mathematical physics and was recéntipduced into the social sciences to
model diffusion dynamics (Solomon et al. 2000). dekation, as its name suggests, was

originally developed to analyse whether a matesdal be traversed by a fluid or not.

In the model, we have agents connected by sodatiaes to other agents. We assume the

social network to be regular in that all agentsammmetrically connected to four neighbours



on a lattice. This assumption is useful to avoid glossibility that certain model results are

driven by the specific asymmetries in the netwarkcure’

Percolation in adoption means that an agent becawesge of a novel product only when a
neighbour buys it for the first time. At this monmtethe agent considers whether to adopt
him/herself. That is, in our model word-of-mouth tlee only medium for agents to gain
information about new products. Whether the agerissquently adopts the product is
dependent on the agent’s preferences as indicatats Bminimal requirement”, a level of
value-for-money below which the agent refuses tp e product. Conversely, any product
about which the agent becomes aware with a valum@imey index above the minimum

threshold will be purchased.

To assign preferences to agents, we follow thedstah percolation model in assigning a
random number drawn from a uniform distribution tre interval [0,1). These values

represent the minimal requirement demanded by aentdgefore adopting the product.

A simulation consists in assigning a product angexmus value-for-money index level,
defined as a valug in the interval [0,1). The initialisation consists choosing randomly a
few agents, and offering them the product. They il it only if the value-for-money index
g of the product is above the agent's minimal rezgmient. For each subsequent simulation
time stept the agents neighbouring those who made a pur@i&dewill have the opportunity
to buy a product, and the purchase will be madg dnthe product exceeds the agent’s

minimal requirement.

% The model set-up allows any network structure gairbplemented. For example, network structures
can be drawn from empirical research in specifiodpict industries and can reflect quite different
topologies with properties such as small worldscale-free.

4 Other distributions could of course be employetthsas lognormal to reflect income distribution. (cf
Cantono and Silverberg 2008).



A simulation run represents the diffusion of a dgweduct in a market. Clearly, all agents
whose minimal requirements are higher tlogwill never buy it. However, it is also possible
that agents with requirements lower tlgpwill not adopt, because in the absence of prelyous
adopting neighbours they never get a chance taatslthe product. Since preferences are
randomly drawn from a uniform distribution on thaterval [0,1), the maximum extent of
diffusion of a product with value-for-money indexis exactly equal t@. For example, a
product withg=0.9 will be adopted by at most 90 percent of géras, since ten percent of the

agents will have a minimum requirement exceedifg 0.

The mathematical properties of percolation modedssaich that there exists a critical value-
for-money indexg* such that for product with values abayabove the critical valug*, the
diffusion rate will be close to their value-for-mmnindex, and for values af below the
critical value g*, the diffusion rate will be significantly lowethan their value-for-money
index. In the former case, information about théstexice of the new product almost fully
percolates through the social network thus trigggmearly all potential customers to adopt
the product. In the latter case the informationsdaet percolate, causing many potential
adopters not to adopt the product because they heoeme aware of it through contact with

other adopters.

Figures 1 and 2 report the diffusion of a prodachimarket consisting of 160,000 agents on a
lattice of 400 x 400 cellsThe same results are obtained for lattice of dffie sizes. Dark
cells are agents who did not buy the product, whiighter ones are agents who did. Both
snapshots are taken at the end of the simulatios) iLe., when no more purchases take place.
In both cases 10 cells selected at random areligitoffered the opportunity to buy the

product, and then, in subsequent time steps, tlidehavolves iteratively as described above.

® The model has been implemented in the Laboratmrygimulation Development (LSD) available via
http://www.business.aau.dk/~mv/Lsd/Isd.htiBke also Valente (2008).
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In the case reported in Figure 1 the product’s edir-money index is set a=0.55, below
the known critical value threshold for two-dimemnsib site latticesg*=0.593. As can be
expected, only some of the initial agents buy thedpct. These early adopters manage to
“infect” their neighbours, spreading the informatiabout the existence of the novel product.
But each of these cases hits, sooner or laternsigelusters of too demanding agents, that is,
agents with minimal requirements higher than thedpct's value-for-money index.
Therefore, the diffusion of the products is stoppetbre the vast majority of agents have the
opportunity to consider the product. Converselyure 2 reports the same simulation when
the product value-for-money index is seigD.6, above the critical valug®. In this case the
diffusion of the product may be slowed by groupshihly demanding consumers, but the
vast majority of willing consumers have the oppoity to make their purchase.
Consequently, close to 60 percent of all consunweits adopt the new product. The
simulations thus show that raising the value-fommpindex of the product only slightly from
0.55 to 0.60 leads to a sudden increase in theofattee product’s diffusion, a phenomenon

known in physics as a phase transition.

The phase transition property of percolation todpe a qualitative change in system
behaviour above the critical value is well knowrd avas employed by Solomon et al. (2000)
in a model of product adoption as a hit or flop miv@enon. The percolation model thus
explains the fine line between success and fadfimew products, and the inherent difficulty
for firms to predict success and failure. In thdéloiwing section we extend the standard
percolation model to include increasing returns emichpeting technologies, as a model of the

product lifecycle.
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4. The Model

What is characteristic of the product lifecycle rabid the sudden emergence of a dominant
design. David (1985) and Arthur (1989) suggested the emergence of a dominant design,
which often takes the form of a technological stadd is due to increasing returns to
adoption. The benefits of adopting a new technolagyease with the number of adopters due
to lower prices resulting from scale economiesgdmrducers and higher utility, due to wider
availability of complementary products. Even thotigbse benefits are diverse, we capture the

increasing returns in our value-for-money indgx

In the following, we assume that there are sev&ahnologies competing on a product
market, with each technology being offered by alsirfirm. We further assume that their
value-for-money index is not fixed (as in the original percolation mgddlut increases as a

function of the number of adopters as follows:

Qi =1_(1_qi,0)(%J 1)

whereq;; is the value-for-money index of producit timet; N, ., is the number of adopters of

producti at timet-1; k anda are positive parametets.

We set the initial value-for-money index levetf,, for all products identical and to a value
well below the critical valug* so that we know the market will not be automalycaivaded.

Yet, as early adopters generate increasing reamdghus raise the product’s value-for-money

® These parameters govern the “speed” of reactioguedity to the increment of number of adoptersadiven
product. Setting different levels for these pararetllow us to increase or decrease the effeatewfconsumers
on product quality, as well as change the shapbeofelation. The effect of these parameters aépedds on the
extent of the market considered, i.e., the numbegents.

12



index endogenously, the market may eventually badad. We can observe something akin
to a network externalities effect: the higher thare for one specific product, the higher will
be its rate of growth of value-for-money index, shallowing for still higher sales growth in
the future. Since all products are initially idesati in terms of their value-for-money index,
any product can, by pure chance, attain an eangradge that competitors have no way of

overcoming later.

In assuming that products compete on the market#fet solely in value-for-money index,
we abstract from substitutability between produtisgeneral, different products, however
distinct in their specific characteristics, can ethreless be compared along some dimensions
in characteristics space (following Hotelling 192@je assume products to be ranked along a
single, unspecified variable, so that productsesids their ranks are considered more similar
than products with very different ranks. The ramgkirariable is independent of the value-for-

money index variable, which evolves with the insiag returns function as described above.

The ranking variable can be interpreted as a styligpresentation of different technological
patterns, or paradigms, where nearby products hwre similar technological characteristics
then far away products. Any product has the pdgsilbo be developed to provide higher and
higher value-for-money index. However, consumerawabur can restrict the technological
area that is actually explored, because only thicadpption the value-for-money index of a

product will be improved as specified in formulg.(1

From our model, it follows that an agent who isomfied by a neighbour about the existence
of a new product, is actually informed about théstexce of the particular variant of the

product that the neighbour purchased. If the agn decides to purchase the new product,
the agent will adopt the same product variant a@ighbour, or — as we will assume — a

variant technologically similar. This widening options can be considered as reflecting the

13



fact that choices of agents are only partially uaficed by their peers. We modify agents’
behaviour as follows. Once an agent considers luginproduct with rank (because a
neighbour bought it the previous period), he wilbose among all products with rank between
r -t andr + T, wheret is a non-negative integer. Of these productsyfathose with a value-
for-money index below the agent’'s minimal requiremseare removed from the list of
potential choices. Among the remaining ones, priitieb of being chosen decrease the
farther the products rank differs from The probability is controlled by a paramefét]0,1]

in that for each product whose ranks in the ranger from the “triggering” firmsr we

compute the indicatorx = 8", The probability of being chosen is then this dador

normalized by the sum of all the indicators:

5. Results

Figure 3 reports the total number of agents adgptech of the ten products over time for an
example run, while figure 4 shows the lattice foe same run. The model starts with a small
percentage of all the agents that choose randomé moduct. These initial purchases,

scattered across the lattice, then triggers thegs®of diffusion.

We first analyse the results for= 0, thus assuming that consumers purchase the sxame

products as their peers. The results in figure @ @rshow that increasing returns do play a
crucial role in determining the overall successh# introduction of a new product, but also
influence the eventual structure of the marketeims of which agents choose which product.
Our results show that earlier fluctuations may gateeone single firm dominating the whole

market, or a few of them reaching a levelgpkufficient to expand in smaller niche areas of

14



consumers’ space. In this manner, we can not aplcate the outcome of the lock-in model
of Arthur (1989, but also produce different competing dominantigres among different
clusters of consumers. The same results are obtawi different parameter values and
across different runs. For example, if the initialue-for-money index levej  is even lower
than 0.3, it simply takes longer before the domirdasign emerges. And, kfis higher, the

dominant design emerges quicker.

Figure 4 shows a run of the model in three dimerssiimarket share vs. time and firms
offering a ranked product). Initial value-for-mondydex is low §;0=0.1) reflecting the
embryonic stage of product development at the efaatnew product lifecycle. The low initial
value-for-money index means that only a few, racmsumers make a purchase, and generally
no neighbour actually follows this lead. For prdaéinn purposes, we show the simulation
results from step 100 onwards, because during rihiali period of 100 iteration steps, no
product manages to gain more than a few consun@mst time, there will be one design
profiting from the increasing returns, thus inciagsts value-for-money index and appealing
to the majority of consumers. This sudden transifreflected in the rapid increase in the
market share of a particular product. After the dwnt design emerged, however, products
that are similar to the dominant design also becpopilar due to the fact that consumers do
not necessarily perfectly imitate the product pasgd by their neighbours as reflected in a

positive value of taut(= 1).

To understand the evolution of the variety of desig a more precise manner, we computed
the entropy of the market shares of the 100 pradinmcEFigure 5 as well as the total number of
adopting agents. Entropy here reflects the vaiietgesigns. The figure shows that entropy

during the initial period of limited diffusion isevy high? The high level of variety can be

7 A similar model has recently been proposed by lisatinet al. (2006).

8 Entropy is a measure of variety and is giventby -2 log, (5) wheres stands for the share of
producti in the population of products.

? Considering that the maximum entropy for 100 paigiequals log(100) = 6.64.
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understood from the random drawing of agents anduymts. In the second stage, entropy falls
as a single cluster starts to dominate the mak@t@easing returns set in. During this phase,
the dominant design emerges and a mass marketatedr In the final stage, the dominance
of the most popular product diminishes as similadpcts are being purchased as well. In this
mature phase, the dominant design is still in plded has taken the form of a family of
similar products. The emergence of a family of jpidd is indeed in accordance with

empirical evidence as summarised by Murmann anadkére (2006).

The model also replicates two other stylised féRtzgers 1962). The adoption curve in Figure
5 is S-shaped, which is typical for innovation dsifon processes. Second, it takes a long time
for a new product to diffuse after it is introducdebr example, before cars became mass

products, they were used for decades only by algralp of people.

If we further assume that each product variantrapced by a different firm, the entropy
curve in Figure 5 reflects the evolution of markiticture as well. The sudden drop in entropy
reflects the sudden dominance of one or few fir@aading to an industry shake-out as it is
common in product industries (Klepper 1997). Thghslincrease in the number of producers
after the dominant design emerges, reflected bystlght increase in entropy in the final
phase, is also confirmed by empirical evidence thanaturing markets, remaining niches

become filled by small niche players (Carroll anahHan 2000).

The patterns shown in Figures 4 and 5 are robusisacsimulations, yet which design
becomes the dominant design is indeterminate. Tdnes,can explain the general pattern of
product evolution without being able to predict ahiof the 100 designs will become the

dominant design (David 1985; Arthur 1989).
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The qualitative pattern reflecting the three-stdgeelopment of the product lifecycle shown
by the simulations is also robust against changehé parameter values pfand t.° The
possible values of lie between 0 and 1, where the simulation restigd are shown, are
generated fop=1. Lowering the value fof yields a similar pattern of development, though
narrowing the family of firms composing the domibatesign. The parametarcan only
assume positive integer values, where the simulatsults shown, are generated fotl.
Increasingt to 2, 3 or 4 yielded the same qualitative pattgemerating larger “clusters” of
technologies in the dominant design, while furthiecreasingtwould be theoretically

unrealistic.

The range ok-values that produces the product lifecycle pattenrmore limited. This can be
understood on the basis of the model formulatiselfit Given that we assume very low initial
value-for-money index level&y,=0.1), a too low value fok will not trigger a sufficient
amount of increasing returns, so that a dominasigdewill not emerge. Such low values can
be associated to invented products that fail thusf. A too high value df, by contrast, will
immediately lead to a dominant design as the irstngareturns rapidly increase the value-for-
money index of the product. Such products can lsecasted with the (rare) products that

diffuse instantaneously.

6. Concluding Remarks

Using only a few assumptions, the theoretical modgllicates the three-stage product
lifecycle model developed by Abernathy and Uttekbd@978). The first stage in the
theoretical model is characterized by a high l@fetariety of different products, each with its

own small clusters of like-minded agents that areiadly connected (‘niches’). This stage

10 Results can be obtained upon request.
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corresponds to the explorative stage in the protiiectycle theory. In the second stage, one
design suddenly emerges, thereby reducing varietlyraaking the product available for the
mass market. This stage corresponds to the develupstage of the product lifecycle during
which a dominant design emerges. And, assumindesprgduct firms, the occurrence of a
dominant design also leads to an industry shakehouhe third stage, small modifications of
the dominant designs are being explored incorpmyatnly minor modifications of the

dominant design. This stage corresponds to thermatage of the product lifecycle during

which the dominant design is elaborated in differariants.

The main contribution of the model is that is regles the three stages of the product lifecycle
as an outcome of a single elementary process, waltsle producing the S-curve of product
diffusion and the industry shake-out. The model baneasily adapted to account for more
specific dynamics characterizing individual prodtethnologies. For example, we did not
consider the case in which consumers repurchasertidtict several times in their lifetime
(which might reinforce the dominance of the domindasign as consumers abandon their
initial choice and follow the crowd later on). Forany products this is a relevant factor.

Another possible modification of the model is tal for multi-product firms.

For individual industries, empirical evidence onoguct lifecycle patterns and industry

dynamics might be used to validate the theoretiwadlel empirically in specific contexts. We

leave this for future research.
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Appendix - Figures

Figure 1. Diffusion for a single product with vakior-money indexj=0.55 on a square lattig
containing 400 x 400 points and initialising 10damly chosen cells. Lsd configuration file:

SIM1.LSD.
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Figure 2. Diffusion for a single product with valfor-money indexj=0.6 on a square lattig

containing 400 x 400 points and initialising 10demly chosen cells. Lsd configuration fil

SIM2.LSD.
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Figure 3. Time series for number of adopters ammmtsumers on a 400 x 400 lattice of

different products. Initial price-performance indgx0.1; k=1; a=0.2; initial adopters 0.2 %.
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Figure 4. Lattice of adopters among consumers 400ax 400 lattice of 10 different products.

Initial price-performance indexg0.1;k=1; a=0.2; initial adopters 0.2 %.
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Figure 5. Time evolution of market shares for I@@ked products. Consumers form
400x400 latticexr=1 andp=1; initial price-performance indey ,=0.1;a=0.2 andk=1; initial

adopters 0.5%.
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Figure 6. Total number of consumers who adoptgaoaluct and entropy values. On the
vertical axis the upper values refer to the numbkradopters and the lower figures |in

parentheses refer to the entropy measure. Paranadteys for the simulation are as described

in Figure 5.
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Appendix — Model Description

The model has been implemented using Lsd, andaga#le upon request to replicate the

results presented in the paper or test other cordtmpns.

The model contains a set firms, assigned some peas) like an initial value-for-money
index and a ranking index. The model includes s#weutines computing accounting values
and the consequential upgrade of the value-for-mmam#ex, as described in the main text. A
routineInit perform some general initializations at the stgrtof a simulation run. The main

steps of a simulation cycle are composed by thagiemes:Action, Choose andSpread.

Init is used only to create the model's data strucinkis executed only at the first time step
of the simulation. It generates several matricemceming descriptive states for the
consumers. In particular, one of these matricesrides the states of the consumers which
may be one of the following three values: currenidyng a product; considering the purchase
of a product; unaware of the existence of suchywetsd Thenit routine sets all consumers to
the state “unaware”, but for a small number (asingef in the model configuration) of

randomly chosen consumer that are set to “consigéri

The routineAction scans all consumers. Those marked as “considearggévaluated by the
routine Choose. If this routine returns a positive value (i.eeyhactually purchased a
product), then the same consumers are evaluatethebyoutineSpread. For consumers
marked as “unaware”, the routinkction draws a random variable, which, with a small

probability, switches their state as “considering”.

Routine Choose applies to a specific consumer that is evaluativitether to make a

purchase. The routine considers the products coeduby the four neighbours of the
evaluating consumer. One of these products (randahisen, if they are more than one) is
selected as “focal” product. If no neighbouring semer is actually using any product, or, in

general, if the evaluating consumer was not pustate of “considering” by the routine
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Spread, the focal product is chosen randomly among abtexg products. The routine then
assigns the probability of products to be chosenhé following way. The routine assigns an
index 1 to the focal firm, say having rankFor all firms with rank within a ranger from the
focal firm, the probability index i8'"". All firms are then assigned a probability indexa if
scoring a value-for-money measure below the thiesbiothe evaluating consumer, or if they
have a ranking further thanfrom the focal firm. If no firm remains with posié probability,

the routine returns a null code, and the evaluatimgsumer is re-set to the “unaware” state.
Otherwise, the positive probability indexes aremalized, and a random choice according to
these indexes is performed. In this latter cagectosen firm is assigned a new consumer, the
evaluating consumer is set to the state “usingoalymt”, and the product’s code (a positive

value) is returned to the calling routiAetion.

The routineSpread is activated on a specific consumer. All the nbalrs of this consumer
are set to the state “considering”, signalling whproduct has been just purchased by the
consumer specified for the routine. The consumetsnsthis state at time stépill activate

the routineChoose only at time step+1.
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