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Chapter 1

Introduction

Industrial landscapes exhibit high degrees of diversity. In all developed
countries, we observe a substantial cross-sectional variety in the ways in which
the activities of producers are organised in meeting the demands of their
customers. Consider, for example, the large variances in sectoral structures.
Whereas some industries accommodate only a small number of large enterprises
that are hardly ever challenged by entering firms, other sectors are much more
characterised by a large population of small firms that continuously rejuvenates
itself through the process of entry and exit. Interestingly, this observation goes
together with some remarkable similarities between countries. Chemicals and oil
refinery are typical examples of industries dominated by a few large firms,
whereas sectors such as textiles and wooden products show much lower levels
of sales concentration in most of the industrialised countries.

Besides the large diversity of the industrial landscape, we also observe that this
landscape is subject to substantial change over time. The rise and fall of some
industries and, within these industries, the evolving patterns of entry, exit, and
growth and decline of firms continuously alter the industrial landscape at the
various levels of analysis. For instance, in the United States the automobile
industry initially experienced a rapid increase in the number of producers, but
while market sales were stil l increasing, a sharp reduction in the number of fi rms
took place. Nowadays, the number of f irms in this industry has more or less
stabilised at a low level, which naturally implies rather high concentration
levels.

Traditionally, such high concentration levels have been among the main
concerns of anti-trust policies. A high concentration of sales in an industry is
usually associated with substantial market power of the firms in the industry
and, consequently, with a suboptimal economic performance (in terms of
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welfare). Many economic policies therefore reflect the idea that having an
industry structure characterised by the presence of many firms is the best way to
minimise the market power of individual firms and hence to maximise economic
performance. Obviously, the justification of these policies is strongly based on
the following two hypotheses: (1) high concentration levels imply low levels of
competition, and (2) maximising competition guarantees optimal economic
performance.

From a theoretical point of view, these two hypotheses can be seriously
questioned. Concentration levels do not necessarily indicate the intensity of
industrial competition. Although we may observe a small number of large firms
in an industry, competition between them, or the competitive pressures from
potential entrants, may still be considerable. Even if the concentration level of
an industry is found to be high for many subsequent years, still a large share of
the market may have been transferred within the group of continuing firms or
from these continuing firms to entrants. Finally, one could even argue that
increasing competitive pressures might force inefficient firms to exit the market,
leading to an increase in concentration levels.

The second hypothesis asserts that maximal competition assures optimal
economic performance. Although this may perhaps maximise the economic
performance of an industry in the short run, one may question whether such
highly competitive markets maximise economic performance in the long run as
well , as fierce competition may hamper technological progress. High levels of
competition could adversely effect firms’ endeavours to be innovative in two
ways. First, fierce competition may suppress profits so much that firms cannot
finance their investments in research and development from their retained
earnings. Second, the profits resulting from successful innovation may quickly
be eroded in highly competitive markets. Consequently, if f irms expect they
cannot sufficiently reap the potential benefits from their innovations, they may,
in the worst case, decide to refrain from investing in research and development
at all.

In order to assess the validity of these arguments, and thus to evaluate the
appropriateness of anti-trust policies, empirical research is obviously of utmost
importance. Empirical analyses of, for instance, the relationships between
concentration, competition and technological change may learn us more about
the existence and significance of the trade-off between the short-run and long-
run economic performance of an industry. Since the outcomes of such analyses
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could directly be used for welfare analysis and economic policy making,
empirical research in industrial economics can already be fully justified on
purely normative grounds.

On positive grounds, the legitimacy of empirical exercises in industrial
economics is undisputed as well . As in many other scientific disciplines,
theoretical and empirical work are strongly related in two ways. By exploring
databases we may find empirical regularities that could provide a useful starting
point for the identification of the phenomena to be explained. As such, empirical
work contributes to the initial setting of a theoretical research agenda.
Alternatively, by confronting theoretical conceptualisations with empirical data
we are able to evaluate the explanatory powers of the models under
investigation. If necessary, the output of such analyses can in turn be used to
further improve, expand or redirect theoretical work in industrial economics.

In conclusion, on both normative and positive grounds, empirical research is
essential for the analytical rigour and practical relevance of industrial economics
as a scientific discipline. Naturally, sound empirical research in this field
imposes strong requirements on the availabil ity of economic data. However, for
many decades industrial economists had to rely on case studies and on rather
highly aggregated cross-sectional data. The availability of only this type of data
has indeed affected the research agenda in this era. Since these data did not
allow for empirical research on the long-run impact of, e.g., entry and exit, or
the transfer of market shares within the group of continuing firms1, not much
effort was taken to develop or advance theoretical frameworks analysing the
causes and consequences of these phenomena. Instead, theoretical work mainly
concentrated on static equilibrium analyses of industry structures with the
structure-conduct-performance framework, originally developed by Edward
Mason and Joe Bain in the 1950s, as the dominant paradigm. In this approach,
industrial competition is regarded as a static phenomenon, i.e., as a state of
affairs, of which the intensity can simply be assessed by a set of structural
attributes.

However, over the last fifteen years the quality and availabili ty of economic data
has substantially improved. Especially the increased availability of longitudinal
firm-level databases has greatly enlarged the scope of empirical research in

                                                          
1 Case studies could, of course, allow for studying these matters. However, as Baldwin

(1995) argues, their limited scope precludes the type of generalisations that social science
demands.
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industrial economics. The availability of these data has made it possible for
researchers to follow the characteristics of a large number of f irms over time.
This opportunity does not only allow for studying patterns of birth, growth and
death of individual firms, but also for an analysis of the cumulative effect of
entry, exit, and variations in sizes or market shares of continuing firms.
Furthermore, it has become possible to analyse differences between industries
concerning these cumulative effects, and to investigate how industries change
over time.

The increased availabil ity of these longitudinal firm-level databases has indeed
led to a large amount of empirical work taking advantage of the opportunities
mentioned above. This work has resulted in a number of robust empirical results
that are hard to reconcile with the assumptions and analytical results of the
conventional static equilibrium theories. For instance, it has been observed that
in virtually all industries entry and exit of firms occur simultaneously. This
result is at odds with models in which the entry process is viewed as a
mechanism by which the industry adjusts itself to changing exogenous
conditions. A second example is the coexistence of firms of various sizes in
rather narrowly defined industries. Many industries exhibit a fairly skewed and
stable distribution of firm sizes, indicating that at any point in time large as well
as small firms simultaneously inhabit the industry. This observation seemingly
rejects the notion of the optimal firm size found in textbook models on industrial
organisation. The final example concerns the persistence of asymmetric firm
performances. The ‘ fact’ that, e.g., profitability differentials between firms in
the same industry are persistent over time suggest that profitability levels do not
converge to some ‘normal’ equilibrium rate of return.

These empirical findings constitute an important reason for the increased interest
in dynamic approaches that we observe in the recent theoretical literature on
industrial economics. However, the idea of analysing industrial economics from
a dynamic perspective is certainly not new. In the early days of this discipline,
prominent economists such as Adam Smith, Alfred Marshall and Joseph
Schumpeter started from a dynamic approach as well in theorising about the
organisation of manufacturing industries. Intra-industry competition was clearly
viewed by them as a dynamic process, i.e., a process causing continuous change,
driven by the entry, exit and growth and decline of profit-seeking firms.

The increased scope of empirical research, together with the evidence it has
brought forward, is certainly not the only reason for the upsurge of dynamic
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approaches in industrial economic theory. Especially in the last two decades,
technological change is increasingly being acknowledged as an endogenous
process driving industrial competition and economic growth. Since the industrial
revolution, technological change has obviously always been an important
economic phenomenon, but for many decades it has mostly been regarded as an
exogenous factor in models of industrial economics. These models simply
assume that the exogenously created knowledge related to any innovation flows
around freely and hence does not effect competition between fi rms.

In reality, however, both bounded rationality and the tacit nature of
technological knowledge prevent that new knowledge spills over rapidly,
enabling innovative firms to enjoy at least temporaril y higher (disequilibrium)
profits. In fact, the opportunity to enjoy these profits provides the economic
incentives to firms’ search for technological improvements. Competition
between firms is therefore largely driven by the process of technological change,
continuously disturbing the economic status quo. Obviously, this rejects the
notion of competition as a static concept underlying the mainstream equil ibrium
models. The inabili ty to incorporate (technological) competition as an
endogenous, perturbing process has therefore led to an increasing dissatisfaction
with these models and, consequently, to an increasing and renewed interest in
theoretical approaches in which the dynamics of industrial competition are
endogenously driven by the process of technological change.

These theoretical approaches can roughly be categorised in two groups. The first
one focuses on technological regimes. A technological regime can be defined as
a particular combination of opportunity, appropriabil ity, cumulativeness
conditions and properties of the knowledge base that underlies the innovative
and productive activities in an industry and explains how these activities are
organised in an industry. The second group of theories focuses on product or
industry li fe cycles. These theories start from the observation that most
successful products go through a number of distinct stages over their lives, and
aim to explain how the structural and dynamic properties of the industry co-
evolve with these product life cycles.

Given the presence of these theoretical frameworks embodying the dynamic
interaction between industrial competition and technological change, and given
the increased availabili ty of longitudinal firm-level data, it is actually quite
surprising that until now the opportunity of testing these theories with the
longitudinal micro-data has hardly been taken advantage of. Most of the
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empirical work using these data focussed on revealing some strong empirical
regularities, but one of the main issues in industrial economics, explaining the
observed cross-sectional differences, has hardly been addressed so far. This
virtually unexploited opportunity constitutes the primary objective of this thesis:
to explain how and, by using firm-level data on Dutch manufacturing,
investigate empirically whether the technological regime framework and the
product life cycle approach can explain the observed differences between
industries with regard to their structural and dynamic properties.

Understanding whether and how technological regimes and product life cycles
shape the structures and the dynamics of industries is important for a number of
reasons. As mentioned already, the evidence derived from longitudinal
databases suggests that existing conventional theories are in need of
improvement. Probably the main reason why these equil ibrium theories are
hardly corroborated by the data is that they mostly neglect the process of
technological change. Since both the technological regime framework and the
product life cycle approach explicitly recognise technological change as the
major determinant of the competitive process, empirical evidence supporting or
rejecting these theories could at least indicate which directions to explore and
which directions to discard in the further development of industrial economic
theory.

From a policy point of view, understanding how technological regimes and
product life cycles affect the competitive process is important as well. As we
have argued before, the justification of economic policies rely substantially on
what we know, both theoretically and empirically, about the competitive process
within industries. As an example, consider again the concerns of anti-trust
policies regarding high concentration levels. The assumption underlying these
policies is that high levels of sales concentration indicate a lack of competition.
However, both the technological regime framework and the product li fe cycle
approach can provide certain conditions under which intense technological
competition and oligopolistic market structures are naturally conjoined.

For instance, a technological regime with high appropriabil ity and
cumulativeness conditions and characterised by tacit and complex knowledge is
much more conducive to technological competition driven by large and
established firms than to a competitive process driven by small firms. But also
the product life cycle approach depicts a specific evolutionary stage in which
dynamic increasing returns to technological change becomes an important
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determinant of the competitive process. As these models show, the outcome of
such a competitive process necessarily implies strongly increasing concentration
levels. Although under these circumstances market structures will not
correspond to the textbook conditions of perfect competition, the typical
concerns of anti-trust policies regarding the adverse effects of high
concentration levels on industrial competition may still be largely misplaced.

In conclusion, understanding whether and how technological regimes and
product life cycles shape the structures and the dynamics of industries is of
substantial importance to both the theory of industrial economics and the
practical implications of this theory for policy. We believe therefore that the
present thesis will provide a valuable contribution to the empirical foundations,
as well as to our theoretical understanding and the practical relevance of
industrial economics. In what follows, the structure of this dissertation and the
underlying research methodology will be presented.

Since the regularities provided by earlier empirical research using longitudinal
databases are the starting point of this thesis, chapter 2 wil l investigate whether
the previously obtained ‘stylised facts’ 2 are also observed in the Dutch
manufacturing sector. As such, chapter 2 aims to serve three objectives. The first
one is to describe the database we have used in this dissertation. We will provide
some general information regarding, e.g., the variables that are included, the
number of firms and the period it captures, and present some descriptive
statistics of the dataset. Further, we will pay attention to one specific limitation
of the database, namely its observation threshold: only firms with at least twenty
employees are included in the database. The second objective of chapter 2 is to
provide a survey of the stylised facts that empirical work in industrial economics
have provided so far. Finally, we will investigate whether these stylised facts are
observed in the Dutch manufacturing sector as well .

Chapter 3 surveys the theoretical l iterature on industrial economics, and
demonstrates how the selected theories may explain variances in the structural
and dynamic properties of industries. The main focus of this chapter will be on
the theoretical issues regarding the technological regime framework and the
product life cycle approach, but chapter 3 will also include an overview of the

                                                          
2 Because the notion of stylised facts is perhaps slightly confusing, we would like to

emphasise that using the terminology of stylised facts merely represents our way of
characterising the process and outcome of creating broad characterisations of available
patterns in the data.
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equilibrium models. Although these models have dominated the literature on
industrial economics for a considerable time, we will demonstrate that the
equilibrium approaches and their related assumptions inherently involve some
theoretical and empirical li mitations. We will t hen argue that the technological
regime framework and the product li fe cycle approach are conceptually much
more appropriate in providing plausible explanations for the structures and
dynamics of industries, as they both embody elements such as bounded
rationality and technological uncertainty that are close to empirical substance.

Finally, chapter 3 will demonstrate how the technological regime framework
and the product li fe cycle approach may explain the observed structural and
dynamic differences between industries. The basic arguments are as follows.
Given different technological regimes, i.e., different combinations of
opportunity, appropriabil ity, cumulativeness conditions and properties of the
knowledge base underlying the innovative and productive activities, the
resulting different patterns of innovative activities are likely to affect the
structural and dynamic properties of industries. Alternatively, theories and
models on product life cycles explain and depict the evolution of an industry’s
structural and dynamic properties over its li fetime. Based on this approach, the
observed cross-sectional differences may be explained by the different
evolutionary stages that the industries occupy.

By using the longitudinal firm-level database on Dutch manufacturing, chapter 4
will investigate the extent to which the technological regime framework and the
product life cycle approach can actually explain the cross-sectional variances in
structures and dynamics. From both theoretical frameworks we wil l fi rst derive a
number of hypotheses. Next, we will classify the industries in the sample
according to their underlying technological regime and the evolutionary stage
they occupy. For the classification of the industries into regimes we will use a
taxonomy of technology classes offered by Malerba et al. (1995). Ideally, some
exogenous criteria would be used for the classification of industries into
evolutionary stages as well. However, since these are not available, we will have
to base our classification on the revealed patterns of some variables denoting the
evolutionary stage of the industries in the sample. Based on these classifications,
we will then test the hypotheses for the technological regime framework and the
product life cycle approach individually. Finally, we will perform a number of
regression analyses in this chapter to investigate the extent to which these
approaches collectively account for differences between industries, and whether
any interaction effects can be observed between them.



9

Although the technological regime framework and the industry li fe cycle
approach provide plausible explanations for differences in the structures and
dynamics of industries, we believe that both these theories still ignore a number
of crucial elements. First of all, models on product li fe cycles generally focus on
the emergence and evolution of only one product and its associated technology.
However, in many industries we observe that firms repeatedly introduce or
adopt new product technologies that replace the older ones. Second, both these
approaches do not explicitly consider differences in the technological properties
of the goods produced by the industries. Finally, in models on technological
regimes and on industry li fe cycles the growth of a firm is generally determined
by its relative (technological) performance. However, empirical studies on firm
growth do not provide much evidence supporting such a relationship. Most of
these studies suggest that the size of a firm generally follows a random walk
with a declining positive drift.

In chapter 5 we will introduce a model on industry dynamics that attempts to
include these three elements. As in Shy (1996), the degree of substitutability
between the quality and the network size of a technology and the degree of
compatibil ity of succeeding technologies are the key determinants of the
simulation model presented here. However, Shy (1996) mainly limits his focus
to the demand side, as he investigates how varying consumer preferences over
technology advance and network size effects the timing and frequency of new
technology adoption. Our focus in chapter 5 will be on the relation between the
demand side and the supply side. Given variations in consumer preferences over
quality and network sizes, and different degrees of compatibility between
succeeding technologies, we will investigate whether the resulting differences in
the timing and frequency of new technology adoptions affect the dynamics of
the population of supplying firms. This would be an important result, because if
the industrial properties are indeed related to the diffusion patterns, our model
may provide an additional explanation for the observed structural and dynamic
differences between industries.

Since we believe that it is of equal interest that the emergent properties of our
model are close to empirical substance, we will also investigate in this chapter
whether the results of our model are consistent with the stylised facts that
empirical research in industrial economics has put forward so far. Finally, by
varying a number of parameters reflecting the technological regime conditions,
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we will i nvestigate whether the results of our model are significantly different
under various technological regimes.

Chapter 6 concludes this dissertation by summarising the main results and by
presenting some concluding remarks. Further, we will suggest some directions
for future research in this final chapter.
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Chapter 2

Empirical Regularities in Dutch Manufacturing

2.1  Introduction

In the last fifteen years, the increased availability of micro-level data has led to
numerous studies on firm and industry dynamics using longitudinal datasets.
The possibili ty to follow a large number of individual firms over time allowed
researchers to study the dynamics of industries without having to rely
exclusively on case studies. As a result, the empirical foundations of industrial
dynamics have been greatly enhanced at all three levels of aggregation. At the
firm level, these data have provided evidence regarding patterns of birth, growth
and death of individual firms and their potential determinants. At the industry
level, we have been able to fully assess the impact of dynamic changes in
industries by, for instance, measuring the cumulative effect of entry and exit,
and the turbulence caused by variations in sizes and market shares of continuing
firms. Finally, at the sectoral (i.e., manufacturing) level we have been able to
directly compare different industries with respect to their dynamics, and
investigate their structural evolution. Together, these empirical studies have led
to a rich set of stylised facts in the field of industrial economics.

This collection of stylised facts is employed to construct the framework of this
chapter in the following way. First, the presentation of the stylised facts aims to
provide a survey of the most important results empirical literature in industrial
economics has put forward so far. Second, testing for the presence of these
stylised facts in the Dutch manufacturing sector learns us the similarities and
differences between the manufacturing sector in the Netherlands and
manufacturing sectors in other countries. Finally, it gives us the opportunity to
provide a detailed description of the dataset that we use throughout this thesis.
The next section starts with this.
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2.2  The data

Recently, Statistics Netherlands (SN) has made it possible for researchers to
gain access to a firm-level longitudinal dataset. In this section we will describe
the SN manufacturing database that we will use throughout this thesis. We will
provide some general information about the database (e.g., the period it
captures, the number of f irms), and pay attention to the specific limitations of it,
especially with regard to its truncation of certain types of observations.

The SN manufacturing database captures all firms with more than twenty
employees (working 15 hours or more weekly) that have been active in the
Dutch manufacturing sector between 1978 and 1992. In total, there are 10,246
firms in the dataset, of which 2,558 firms are present throughout the whole
period. These continuing firms on average capture 53.5 and 52.4 percent of,
respectively, total manufacturing employment and value of production. The
remaining firms are only temporaril y present in the dataset. Although these
firms enter and exit the database, defining them as greenfield entrants and
closedown exiters is not appropriate in most of the cases. The majority of the
entering and exiting firms appears or disappears because of passing the
threshold of twenty employees. For the period from 1986 and onwards, SN
provides aggregated statistics of the specific reasons why firms respectively
enter or exit the database. Over this period, on average only 8.9 percent and 21.1
percent of the firms entering and exiting the database were greenfield entrants or
closedown exiters.

Unfortunately, the firm-level data we have access to do not allow us to
distinguish the entry and exit categories in detail . We are only able to identify
firms that enter and exit for other reasons than greenfield entry, closedown exit,
and passing the observation threshold. Whenever firms enter of exit because of
these ‘other’ reasons (such as mergers, acquisitions or administrative reasons)
SN assigns an additional variable to these firms. However, this variable does not
specify which of these reasons applies. Hence, we can only distinguish firms
that enter or exit for ‘normal’ reasons (i.e., new firms that really enter, existing
firms that really close down and firms passing the observation threshold) from
firms that enter or exit for ‘other’ reasons (which is never real entry or real exit).
To give an example: when two firms merge in a certain year, we observe in that
year two firms exiting for an ‘other’ reason, and one firm entering for an ‘other’
reason in the following year.
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Although most of the firms enter and exit the dataset because of passing the
observation threshold, we will still label them as entrants and exiters. We could
have called them, e.g., pseudo-entrants and pseudo-exiters, but for convenience
we have simply named them entrants and exiters. Certainly, any empirical test
aiming to identify, for instance, the determinants of the entry and exit decision
would be highly inappropriate when these groups of f irms are considered. For
cross-sectional purposes however, studying the impact of the entry and exit
process still makes sense. If , for example, an industry is conducive to entrants
we may well assume that it is less difficult for small firms to grow and pass the
observation threshold, to stay above the threshold, and to obtain a significant
market share in that industry compared to other industries. We believe therefore
that for the purpose of comparing different industries the use of statistics
measuring the impact of the entry and exit process is useful, despite the presence
of the observation threshold.

Hence, we will use the following definitions throughout this thesis. An entrant is
a firm present in the dataset for one or more years, but absent in 1978. Its year of
entry is the year in which it is observed for the first time. If a firm is present for
one or more years, but absent in 1992, we label it an exiter. Its year of exit is the
year in which it is observed for the last time. Excluded from the groups of
entering and exiting firms are firms that enter and exit the dataset because of
mergers, acquisitions or administrative reasons. Finally, an incumbent or
continuing firm is defined as a firm that is present in 1978 and in 1992.

Table 2.1 shows the variables that are annually available for each firm.
Furthermore, for most observations we have information about the gross
investments in fixed assets. In total, 17,584 observations (out of 79,662) have
missing values on this variable, however. Finally, we used producer price index
numbers at the 3-digit industry level to calculate the real values of the nominal
variables.
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Table 2.1: L ist and description of var iables available in the SN database

Variable Description

Class of manufacturing All firms are allocated to a 4-digit industry, according to Statistics
Netherlands’ standard classification of industries as of 1974. If a
firm is active in more than one industry it is allocated to the
industry from where it receives most of its revenues

Number of employees The number of employees working more than 15 hours a week,
employed by the end of September

Industrial sales The revenues from sell ing goods manufactured in-house or by
others, provided they are on the payroll of the firm

Total value of production The sum of industrial sales, activated costs (i.e., costs made for the
internal production of capital goods for internal use), changes in
the stock of final products and other revenues

Total consumption value The sum of industrial purchases, changes in the stock of raw
materials, usage of energy and other costs

Value added Total production value minus total consumption value

Indirect taxes Sum of indirect taxes (excluding value added tax) and levies less
operating subsidies received

Labour costs The sum of gross wages and salaries paid by the firm

Gross result Value added minus labour costs and indirect taxes

In total there are 106 industries in the sample.1 The original dataset also
contained limited data on the petroleum industry (mainly refining), the optical
and medical instruments industry and a number of miscellaneous industries.
However these data did not cover the full period between 1978 and 1992. For
compatibil ity reasons we have left these industries out of our analyses. Table 2.2
shows to what extent the remaining industries in the SN dataset cover the total
manufacturing sector in the Netherlands. A list of all 106 industries can be found
in Appendix 1.

                                                          
1 Because some small 4-digit industries were (technologically) so closely related, we have

aggregated these industries into 3-digit industries, and in one case even into a 2-digit industry.
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Table 2.2: Compar ison of the SN database with total Dutch manufactur ing

Number of
firms

Value of production
 (mln. guilders)

Employment
(x 1000)

Investments in
fixed assets

(mln. guilders)

Year Sample
Total
manuf. Sample

Total
manuf. Sample

Total
manuf. Sample

Total
manuf.

1978 5444 . 145535 180984 819 998 6595 .
1979 5411 . 160984 201194 815 987 6741 .
1980 5377 . 171630 219283 807 974 7297 .
1981 5209 . 184384 233868 773 949 6691 .
1982 5006 . 185277 240214 733 911 6668 .
1983 4987 44167 192700 248746 705 870 7076 .
1984 4893 43586 212420 274616 695 849 8917 .
1985 4951 44846 224905 280894 709 860 10444 14998
1986 4965 44742 217122 260156 725 872 11959 16328
1987 5080 45735 214838 257907 732 882 12786 16511
1988 5295 46736 229713 272780 732 889 11789 15657
1989 5517 48215 248572 295163 751 902 12955 16070
1990 5593 49240 255370 303753 764 920 13286 17515
1991 5868 50798 258769 309752 765 917 12852 16819
1992 6066 51661 260972 308674 757 910 12725 15856

Note: The numbers of firms for the total manufacturing sector were obtained from the website of
SN (http://statline.cbs.nl); before 1983 these numbers were not available. The data on the value of
production, employment and investments for total manufacturing were taken from the national
accounts statistics, also provided by SN. Before 1985 the investments figures from were not
available for the manufacturing sector separately.

Although the vast majority (around 89 percent) of the manufacturing firms
employs less than twenty workers, the firms in the dataset cover approximately
eighty percent of total manufacturing value of production and employment, and
about 75 percent of total investments. Hence, the exclusion of firms with less
than twenty employees does not have a major effect (in terms of production,
employment and investments) on the representation of the Dutch manufacturing
sector, at least in a quantitative sense. Still , the exclusion may affect the typical
patterns of entry and exit by small firms, as observed in the empirical l iterature.
For instance, it has often been noticed that hazard rates of entering firms decline
with firm age and initial f irm size. But these observations are based on empirical
studies exploring firm-level databases that include firms of all sizes. Does the
exclusion of firms with less than twenty employees affect these and other
empirical regularities? The next section wil l deal with this question.
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2.3  Stylised facts and the Dutch manufacturing sector

As mentioned in the introduction of this chapter, the increased availability of
micro-level longitudinal databases has led to a rich set of stylised facts in
industrial economics. This section will select a number of these stylised facts
and investigate whether they can also be found for the population of Dutch
manufacturing firms having more than twenty employees. The selection of
stylised facts is based on a number of criteria. The first and most obvious one is
that the stylised fact selected should be testable, given the available variables of
the SN dataset. Hence, stylised facts involving, for instance, research and
development expenditures, patent applications, and advertisement expenditures
are excluded in advance. The second criterion is related to the limitations of the
SN dataset with regard to the observation threshold. We will try to select and
test some stylised facts that should indicate to what extent the regularities
emerging from, for instance, the entry and exit process are affected by the
exclusion of firms with less than twenty employees. The third and last selection
criterion is related to the relevance of the stylised fact for the objectives of this
thesis. Certainly this is an arbitrary task, but given the large amount of empirical
research output of especially the last decade a selection had to be made here.

The presentation of the selected stylised facts will be organised as follows. First,
we will focus on the regularities observed at the firm level. These include, e.g.,
survival patterns, persistency in performance levels, and the evolution of f irm
sizes. Then we will zoom out to study the impact of the firm level regularities at
the aggregate level of the manufacturing sector. Here, we will look for stylised
facts related to, e.g., size distributions, or the aggregate impact of entry and exit.
Finally, we will t ry to identify the stylised facts at the industry level that have
been established so far in industrial economics. Since the aim of the present
chapter is to provide a survey of the stylised facts in industrial economics, we
will not elaborate on theoretical considerations regarding the observed
relationships.

2.3.1 Firm level

Let us start at the beginning of a firm’s li fe. Obviously, as many studies2 have
shown, the first years are the most difficult for the newborn firm. Entrants are
typically small , and commence their operations at relatively low productivity
                                                          

2 For an extensive overview see Caves (1998).
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levels (Baldwin, 1995). Thus infant mortality rates are high, but for a given
entry cohort exit rates decline over time. Besides the negative relationship
between exit rates and age, the initial size of entrants also seems to have a
positive impact on the probability to survive, whereas survivors’ growth rates
are often observed to be negatively related to initial size and age (see Dosi et al.,
1997, and Geroski, 1995).
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Figure 2.1: Average relative size and productivity of entrants

We will first consider the relative size and productivity of entrants. Figure 2.1
displays the ratio of the mean value of the size (number of employees) and
productivity (value added per employee) of entrants divided by the mean of all
firms in Dutch manufacturing. On average, the size of entrants is 36 percent of
the size of existing firms in the first year of birth, gradually growing to 57
percent after 14 years. In a similar exercise, but with a dataset containing firms
of all sizes, Baldwin (1995) found entrants to start at 17 percent of the Canadian
manufacturing average, increasing to 33 percent after a decade. Further, he
found that the productivity of entrants averaged about 73 percent of
manufacturing average at birth, increasing to 100 percent after ten years. In our
data, we see that the average initial productivity is higher (89 percent of
manufacturing average), but after fourteen years entrants are also on average as
productive as all manufacturing firms.
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Figure 2.2: Average exit rates of entrants by years after entry

Next, we consider the relationship between exit rates and ‘age’ . Figure 2.2
shows the average exit rates of entrants versus the number of years after entering
the dataset. The pattern is obvious: average exit rates decline as entry cohorts
mature. Before investigating the effect of initial size on the probabil ity to
survive, let us first have a look on the distribution of the initial firm sizes,
presented in figure 2.3. Initial size is measured by the number of employees in
the year of first appearance in the dataset.
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Figure 2.3: Distr ibution of initial firm sizes of entrants
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As figure 2.3 shows, most firms enter the database employing approximately 30
workers. More precisely, the median number of employees at the year of
entering is equal to 31, whereas the mean equals 52.5 employees (with a
standard error of 1.86). Next, we have estimated the following logit model for
all appropriate entry cohorts:

 Surv = β1 + β2 ln (ini_empl) + ε, (2.1)

where Surv = 0 if a firm exits before 1992 and 1 otherwise. The variable
ini_empl denotes the number of employees of each firm in its year of entry.
Table 2.3 shows the regression statistics.

Table 2.3: Regression analysis of survival on initial size

Entry cohort Constant  Initial size -2 log L

1979 -1.18 (0.54)  0.23 (0.15)* 614.68
1980  0.51 (0.73) -0.25 (0.22) 421.16
1981 -0.33 (0.68)  0.08 (0.18) 357.40
1982 -1.32 (0.65)**  0.35 (0.17)** 393.57
1983 -1.06 (0.48)**  0.34 (0.13)** * 660.23
1984 -0.73 (0.69)  0.28 (0.18) 404.21
1985  0.26 (0.68)  0.06 (0.18) 386.78
1986 -1.38 (0.86)  0.49 (0.23)** 321.29
1987 -0.62 (0.83)  0.39 (0.23)* 375.68
1988 -0.02 (0.83)  0.25 (0.23) 395.04
1989 -0.96 (0.78)  0.48 (0.22)** 447.95
1990 -2.50 (1.14)**  1.01 (0.33)** 314.01
1991 -1.77 (1.19)  1.07 (0.35)** * 398.45

All entry cohorts -0.13 (0.18)  0.20 (0.05)** * 6343.5

Firms present in 1978 -1.63 (0.13)** *  0.34 (0.03)** * 7364.0

Note: Standard errors in parentheses
* significant at the 10%-level
** significant at the 5%-level
** * significant at the 1%-level

The results of table 2.3 show that there is some mixed evidence for a positive
effect of initial size on the probability to survive. For five entry cohorts we have
found estimates for β2 that were not significantly different from zero at the 10
percent level.3 The other entry cohorts did show a significant effect of initial
size. When all entry cohorts were pooled together, the effect of initial size was

                                                          
3 This is based on the calculation of the probabili ty of obtaining (by chance alone) a chi-

square statistic (for testing the hypothesis that the parameter estimate is zero) greater in
absolute value than that observed given that the true parameter is zero.
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significant at the 1 percent level. In order to compare the regularities of these
entry cohorts with all the firms present in 1978, we have run regression (2.1) for
these firms as well , where ini_empl is the number of employees in 1978. Here,
we also found a significant positive effect of size on the probabili ty to survive
(see the last row of table 2.3).

Finally, we examine whether initial size and age indeed have a negative impact
on the growth rates of surviving entrants. For all surviving entrants (i.e., entrants
still present in 1992), we have estimated the following model by ordinary least
squares:








−1

ln
t

t

empl

empl
 = β1 + β2 ln (ini_empl) +β3 ln (aget) + ε , (2.2)

where empl t is equal to the number of workers employed by the firm at year = t,
and aget is equal to the number of years a firm is present in the dataset at
year = t. As the results in table 2.4 show, initial size and age indeed have a
significant4 negative effect on the growth of surviving entrants, although the
parameter estimates are very small .

Table 2.4: Regression analysis of post-entry growth rates of surviving
entrants on initial size and age

Constant Initial size Age Adjusted R2

0.135 (0.010) -0.024 (0.002) -0.007 (0.003) 0.010

Note: Standard errors in parentheses.

In conclusion, we see that the stylised facts related to entering firms can also be
found in the SN data on Dutch manufacturing. Despite the uncertainty we have
with regard to e.g. the age of f irms appearing in the dataset, still the regularities
observed in the empirical l iterature for real entrants are also found for firms
entering the SN dataset: exit rates decline as entry cohorts mature, the
probability to survive is positively related to the initial size of entrants and
finally, the growth of surviving entrants is negatively related to their initial size
and age.

For continuing firms, similar studies of patterns of firm growth are found in the
empirical l iterature. Especially those studying the relationship between growth
                                                          

4 All coeff icients are significant at 1 percent level, according to a t-test to test the hypothesis
that the parameter is zero.
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and size are often led by investigations related to the validity of Gibrat’s ‘Law of
Proportionate Effect’ . This ‘Law’ basically states that in each period the
expected value of the increment to a firm’s size is proportional to the current
size of the firm (Sutton, 1997). More formally, let x (t) denote the size of a firm
at time t, then Gibrat’s Law states:

x (t + 1) − x (t) = εt x (t), (2.3)

where the random variable εt denotes the proportionate rate of growth. Most
studies5, however, reject this law. For instance, Evans (1987a, 1987b) found that
firm growth and its variance decreases with both firm size and age for a sample
of U.S. manufacturing firms. Do these empirically observed departures from
Gibrat’s Law also apply to Dutch manufacturing firms? Obviously, the
relationship between the growth of continuing firms (i.e., firms present in 1978
and 1992) and their age cannot be studied here, however we can investigate the
relation between growth rates and sizes.

Similar to Evans (1987b), we regressed the average annual growth rate of
employment for each continuing firm on the logarithm of its number of
employees in 1978. Hence, we have

[ln (empl1992 ) – ln (empl1978 )] / 14 = β1 + β2 ln (empl1978) + ε . (2.4)

The ordinary least squares estimate of β2 gives a value of –0.013, with a t-value
of –17.7. 6 Alternatively, we run a similar regression taking the annual growth
rates as the dependent variable. Hence, we have

ln (emplt+1) – ln (empl t) = β1 + β2 ln (empl t) + ε , (2.5)

Here, the estimate for β2 equals –0.009, with a t-value of –12.6.7 Hence, both
tests corroborate the findings mentioned by Sutton (1997) that the growth of
continuing firms declines with their sizes. Consequently, we reject Gibrat’s
Law, since β2 is significantly different from zero.8

                                                          
5 See Sutton (1997) for an extensive overview.
6 The parameter estimate for β1 is equal to 0.058, with a t-value of 18.3; the adjusted R2 is

equal to 0.11.
7 Here, the parameter estimate for β1 is equal to 0.042, with a t-value of 12.9; the adjusted

R2 is equal to 0.005.
8 To see why β2 = 0 is consistent with Gibrat’s Law, rewrite (2.3) as: x (t + 1) / x (t) = 1 + εt.
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With regard to the relationship between the variance of growth rates and firm
size, we calculate the variability of growth rates in the following way. For each
firm present in 1978 and 1992, we calculate the standard deviation of the actual
annual growth rates (StdGrowth). The logarithm of this standard deviation is
then used in the following equation:

ln (StdGrowth) = β1 + β2 ln (empl1978) + ε . (2.6)

Estimating this regression (by ordinary least squares) returns a value of –0.084
for β2, with a t-value of –8.2.9 Also here the data corroborate earlier findings: the
variance of growth rates of firms signif icantly decreases with their sizes.

The next stylised fact we have selected concerns the observed heterogeneity of
firms. Given the overwhelming amount of evidence regarding firm
heterogeneity across and within industries, the adjective ‘stylised’ may very well
be omitted here. As Jensen and McGuckin (1997) argue, within industries
heterogeneity is pervasive along a wide variety of dimensions, including size,
investment patterns, productivity and profitability. We will not show the
dispersion of all these variables here, however we will analyse one particular
variable (i.e., labour productivity) as we will need it to test the following stylised
fact: Not only firms exhibit asymmetric performances, but, equally important,
these performance differentials appear to be persistent.10

Let us first focus on the dispersion of productivity levels within industries. For
each industry, the weighted average of labour productivity is calculated for each
year. Then, for each year, each firm' s labour productivity is divided by the
industry mean to obtain its relative labour productivity (RelProd). Figures 2.4a
and 2.4b plot the dispersion of these relative labour productivity levels of
respectively all firms, and for a sample of continuing firms only. In the
computation of the relative productivity of continuing firms, entrants and exiters
are also excluded in the calculation of the industry average.

                                                          
9 The parameter estimate for β1 is equal to -1.97, with a t-value of –43.2; the adjusted R2 is

equal to 0.03.
10 See Cefis (1998) and Dosi et al. (1997).
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Figure 2.4: Distr ibution of relative productivity levels

Obviously, firms differ widely with regard to relative productivity levels. Even
when the (possibly) low-productive entering and exiting firms are excluded (see
figure 2.4b), we stil l observe a high degree of heterogeneity. Theoretically, this
dispersion could be due to variation of productivity levels over time. For
instance, some years a firm may be at 80 percent of the industry average,
whereas other years it may perform at 120 percent. However, several studies11

have shown that these asymmetric performances are persistent. For instance,
Jensen and McGuckin (1997), using U.S. census data, show that the productivity

                                                          
11 See Dosi et al. (1997) for an overview of these studies.
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distribution is persistent over a five-year interval. We perform a similar
regression analysis for Dutch manufacturing firms to investigate the extent of
persistence. We regressed the 1992 relative labour productivity of all continuing
firms on the similar variable for all preceding years:

ln (RelProd1992) =  β1 + β2 ln (RelProdt)  + ε . (2.7)

Table 2.5 shows the regression statistics. Since all values are positive and
significant at the 1 percent level, we can accept the hypothesis that relative
productivity differentials are persistent.

We conclude therefore that the selected stylised facts related to continuing firms
are found for Dutch manufacturing firms with more than twenty employees as
well . We see that firms’ growth rates and the variances of their growth rates fall
with their sizes. Further, we found rather strong evidence that the observed
differentials with respect to firm performances (measured by labour
productivity) are persistent.

Table 2.5: Regression analysis of persistence in relative productivity levels

Year (t) Constant ln (RelProdt) Adjusted R2

1978 -0.08 (0.01) 0.38 (0.02) 0.12
1979 -0.08 (0.01) 0.44 (0.02) 0.14
1980 -0.08 (0.01) 0.48 (0.02) 0.17
1981 -0.07 (0.01) 0.52 (0.02) 0.20
1982 -0.07 (0.01) 0.52 (0.02) 0.21
1983 -0.06 (0.01) 0.54 (0.02) 0.22
1984 -0.06 (0.01) 0.56 (0.02) 0.24
1985 -0.06 (0.01) 0.58 (0.02) 0.26
1986 -0.05 (0.01) 0.59 (0.02) 0.29
1987 -0.05 (0.01) 0.63 (0.02) 0.32
1988 -0.05 (0.01) 0.66 (0.02) 0.36
1989 -0.04 (0.01) 0.64 (0.02) 0.39
1990 -0.04 (0.01) 0.76 (0.01) 0.55
1991 -0.02 (0.01) 0.85 (0.01) 0.67

Note: Standard errors in parentheses. All parameter estimates are significant at the 1%-level.

2.3.2 Manufacturing level

We now turn to an investigation of the regularities in the manufacturing sector
as a whole. Again, we start by focussing on the process of entry and exit. Most
studies on this subject report substantial entry and exit rates in manufacturing.
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Cable and Schwalbach (1991) calculated average annual entry rates of about 6.5
percent in terms of number of firms, and about 2.8 percent in terms of market
shares for eight countries over various time periods. Average exit rates were
found to be roughly similar: 6.5 and 3.0 percent respectively. Table 2.6 shows
the entry and exit rates for Dutch manufacturing for 1978 to 1992. Firm entry
and exit rates are derived by counting for each year the number of entering and
exiting firms and dividing them by the total number of firms active in
manufacturing in the same year. Accordingly, the shares of sales (employment)
of entering and exiting firms in total manufacturing sales (employment) are
calculated for each year in order to measure annual sales (employment) entry
and exit rates.

Table 2.6: Entry and exit rates in Dutch manufacturing

Entry rate (%) Exit rate (%)

Year Firms Empl. Sales Firms Empl. Sales

1978 . . . 6.67 3.14 2.95
1979 8.39 3.07 2.23 5.41 2.30 1.74
1980 5.82 1.93 1.56 7.14 2.68 1.85
1981 4.95 1.88 1.61 7.85 3.26 4.15
1982 5.73 2.25 1.87 8.83 4.63 3.81
1983 9.73 4.91 3.88 7.20 3.03 2.15
1984 6.09 2.39 2.05 4.93 2.20 1.42
1985 5.88 2.34 1.88 4.34 1.84 1.66
1986 4.89 1.72 1.68 3.99 1.62 1.17
1987 6.06 2.13 1.53 4.09 2.02 1.82
1988 6.14 2.05 1.61 4.15 1.98 1.55
1989 6.54 2.32 1.61 4.91 2.32 1.86
1990 5.17 2.41 1.73 6.74 3.42 2.71
1991 9.36 3.47 2.43 7.06 3.25 2.41
1992 7.27 2.96 2.13 . . .

Mean 6.52 2.56 1.98 5.95 2.69 2.23

As table 2.6 shows, despite the observation threshold of twenty employees in the
SN database, the numbers are strikingly similar to those found in other studies
using complete firm level databases. We also find substantial annual entry and
exit rates, although the shares of entering and exiting firms in total employment
and sales are obviously much smaller, given the relatively small firm sizes of
entrants and exiters.

Given the high hazard rates of entrants, the long run or cumulative impact of
entry may be far less substantial. However, as Baldwin (1995) shows for the
Canadian manufacturing sector, the accumulation of entry (over 1970-1981) is
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of a considerable magnitude. The number of entrants alive in 1981 equalled 35.5
percent of the 1970 firm population, while their number of employees was equal
to 10.9 percent of total 1970 employment. The magnitude of exit was found to
be substantial as well : 35.0 percent in terms of f irm numbers, 10.5 in terms of
employment.

Calculating these numbers for Dutch manufacturing over 1978-1992 also shows
a significant cumulative impact of entry and exit. In 1992, 43.0 percent of all
firms are firms that were not present in 1978, collectively capturing 22.4 percent
of total 1992 employment and 19.5 percent of total 1992 sales. Hence, although
entrants are typically small and have high hazard rates, those that survive are
collectively able to obtain a significant market share in time. Further, the
number of firms that were present in 1978, but absent in 1992 equals 39.1
percent of the total population of firms in 1978. Their shares in 1978
employment and sales were 23.5 and 23.3 percent, respectively.

To summarise, when measured over the full period (1978-1992) the Dutch
manufacturing sector is characterised by high turnover of market shares due to
firms entering and exiting the database. However, this is not the only source of
turbulence, of course. Within the population of continuing firms, the turnover
due to changing market shares may also substantially contribute to the
reallocation of market shares. To measure this source of turbulence, we first
calculated for each continuing firm the absolute change (between 1992 and
1978) of its share in total sales of the industry in which it is allocated. Next, for
each industry we calculated the sum of these changes, and divided this by two.
Finally, we computed the average of this number over the 106 industries. Based
on these calculations we find that in the Dutch manufacturing sector, on average
15.5 percent of industrial market share is reallocated between continuing firms
over the period 1978-1992. This number is very close to the 16.0 percent found
by Baldwin (1995) for the Canadian manufacturing sector, measured likewise
over the period 1970-1979.

Potentially, the observed turbulence could substantially contribute to aggregate
productivity growth at the industry level. If market shares are generally
transferred from the less productive to the more productive firms in an industry,
aggregate productivity will rise due to this simple Darwinian selection
mechanism. However, individual firms may also contribute to aggregate
productivity growth by increasing their productive eff iciency. As Baldwin
(1995) shows, the contribution of turnover to productivity in Canadian
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manufacturing is substantial when the cumulated or long run impact of entry and
exit is taken into account. Depending on the assumptions related to the
replacement patterns between entrants, exiters, and incumbents, he found that
between 40 to 50 percent of aggregate productivity growth could be attributed to
the turnover process. Another study by Haltiwanger (1997)12 found similar
values for all U.S. manufacturing industries, although his decomposition method
was slightly different from Baldwin’s. In what follows we will decompose
aggregate productivity growth in order to calculate the contribution of turnover
to aggregate productivity growth in Dutch manufacturing.

Labour productivity at the firm level (Prodi,t) is again measured as the real value
added per employee. The average labour productivity in 1978 and 1992 is then
the output (sales) share weighted sum of the productivity levels of all firms in
Dutch manufacturing (denoted by AvgProd1978 and AvgProd1992). Let Shcont,t

denote the output share (in total manufacturing) of a continuing firm at t,
Shext,1978 the output share of an exiting firm in 1978, and Shent,1992 the output
share of an entering firm in 1992. Based on Haltiwanger (1997) we decompose
growth of average labour productivity (AvgProd1992 - AvgProd1978) into the
following five components:

1. A within effect: within firm productivity growth weighted by initial output
shares

( )[ ]∑ −
cont

contcontcont ProdProdSh 1978,1992,1978,

2. A between firm effect: changing output shares weighted by the deviation of
initial firm productivity and initial average manufacturing productivity

( )( )[ ]∑ −−
cont

contcontcont AvgProdProdShSh 19781978,1978,1992,

3. A covariance term: the sum of f irm productivity growth times firm share
change

( )( )[ ]∑ −−
cont

contcontcontcont ProdProdShSh 1978,1992,1978,1992,

                                                          
12 This study decomposed total factor productivity growth, whereas Baldwin (1995)

decomposed aggregate growth of labour productivity.
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4. An entry effect: the end year share weighted sum of the difference between
productivity of entering firms and initial average manufacturing productivity

( )∑ −
ent

entent AvgProdProdSh 19781992,1992,

5. An exit effect: the initial share weighted sum of the difference between initial
average manufacturing productivity and productivity of exiting fi rms

( )∑ −
ext

extext ProdAvgProdSh 1978,19781978,

Hence, the sum of these five components equals the growth of average labour
productivity (AvgProd1992 - AvgProd1978). The first three components consider
the effects of the population of continuing firms, i.e., firms present in 1978 and
1992, whereas the last two components measure the effect of the entry and exit
process. Exiting firms are here defined as firms present in 1978, but absent in
1992; entering firms are firms present in 1992, but absent in 1978. Table 2.7
lists the contributions of all components in total productivity growth for the
Dutch manufacturing sector. For comparison, the last column lists the results for
the U.S. manufacturing, taken from Haltiwanger (1997). All values are
expressed in percentages.

Table 2.7: Decomposition of aggregate productivity growth

Share in manufacturing
productivity growth of:

Netherlands
(1978-1992)

United States
(1977-1987)

Within effect 57.3 54.4
Between effect -8.5 -10.3
Covariance effect 20.2 37.6
Entry effect 25.9 18.4*
Exit effect 5.1

* This value is based on net entry

Since the period captured by Haltiwanger (1997) is different from our period
and given the truncation in the SN dataset, these results are not strictly
compatible. Still, two interesting similarities emerge. The first one is the
negative value of the between effect. This suggests that among continuing firms
the selection process on average does not reallocate market shares from initiall y
less productive firms to more productive ones. The second similarity we found
between the Netherlands and the United States and Canada concerns the total
contribution of the process of market share reallocation to aggregate
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productivity growth. Since all but the ‘within’ component capture changes in
market shares, this turnover contribution can be calculated as [100 percent – the
‘within’ share]. For the Netherlands, this equals 42.7 percent, which is similar to
the values between 40 to 50 percent found in the earlier mentioned studies. One
important difference between the US and Dutch manufacturing is found for the
effects of entry and exit. In Dutch manufacturing, especially the entry of f irms
with high productivity levels substantially contributed to aggregate productivity
growth.13

Despite the large amount of turnover of market shares due to entry, exit, and the
growth and decline of continuing firms, it has often been observed in earlier
empirical work that there is a strong persistence over time of a skewed
distribution of f irm sizes in manufacturing as a whole, following approximately
a Pareto distribution (Dosi et al., 1995, Dosi et al., 1997). To see whether a
similar distribution is found in Dutch manufacturing, we ranked for each year all
firms according to their size (number of employees) in descending order, and
plotted to logarithm of their rank (ln_rank) against the logarithm of their number
of employees (ln_empl). Figure 2.5 shows the 15 size distributions (one for each
year between 1978 and 1992).

Figure 2.5: Firm size distr ibutions (1978-1992)

                                                          
13 This result would undoubtedly have been different in the absence of the observation

threshold of twenty employees in our dataset. Compared to greenfield entrants, firms crossing
the observation threshold are probably much more labour productive. In a sense, they have
already survived a first selection round in which the wheat (eff icient greenfield entrants) was
separated from the chaff (inefficient greenfield entrants).
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Visual inspection of this figure shows that these distributions indeed
approximate a Pareto distribution. Further, the distributions appear to be stable
over time, as they are fairly near to each other. However, stronger evidence
should come from running the following regressions:

ln_empl t =  β1 + β2 ln_rankt  + ε , (2.8)

where β2 = –1  would be consistent with a Pareto distribution. Table 2.8 shows
the regression statistics.

Table 2.8: Regression analysis of size distr ibutions

Year (t) Constant ln_rankt Adjusted R2

1978 11.36 (0.013) -0.94 (0.002) 0.98
1979 11.36 (0.013) -0.94 (0.002) 0.98
1980 11.35 (0.012) -0.94 (0.002) 0.98
1981 11.33 (0.012) -0.94 (0.002) 0.98
1982 11.27 (0.012) -0.94 (0.002) 0.99
1983 11.21 (0.012) -0.94 (0.002) 0.99
1984 11.15 (0.012) -0.93 (0.002) 0.99
1985 11.12 (0.012) -0.93 (0.002) 0.99
1986 11.10 (0.012) -0.92 (0.002) 0.99
1987 11.04 (0.012) -0.91 (0.002) 0.99
1988 11.01 (0.012) -0.90 (0.002) 0.99
1989 11.01 (0.012) -0.90 (0.002) 0.98
1990 11.03 (0.012) -0.90 (0.002) 0.98
1991 11.02 (0.012) -0.89 (0.002) 0.98
1992 10.99 (0.011) -0.89 (0.001) 0.98

Note: Standard errors in parentheses

Since all estimates are significantly14 different from –1, the distribution of f irm
sizes does not perfectly follow a Pareto distribution. Moreover, we observe that
the distribution is not perfectly stable over time: after 1984 the distribution
becomes gradually less skewed (as the estimate for β2 decreases in absolute
terms). However, the general pattern is clear. For all years the size distributions
are fairly close to a Pareto one. One objection that can be made here is related to
the high level of aggregation. In the simulations of the model by Dosi et al.
(1995), the departures from the Pareto distribution are much larger when
individual microsectors are considered. However, random aggregations (of their
simulation results) over different microsectors with different size distributions
result in distributions much closer to the Pareto one.

                                                          
14 Based on t-test on the hypothesis that β2 = -1.
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Therefore, disaggregating the manufacturing sector into the 106 industries in the
SN database may show size distributions less stable and less close to the Pareto
distribution than the one for the manufacturing as a whole. Also the other
regularities and statistics shown in this section are derived from the
manufacturing sector as a whole, concealing possible differences between the
industries. In the next section we will disaggregate the manufacturing sector and
focus on the differences between the industries.

2.3.3 Industry level

Given the objectives of this thesis, the most important stylised fact discussed in
this chapter is related to the observed differences between industries. Many
studies have observed that variables like capital intensity, advertising intensity,
R&D intensity, concentration, and entry and exit rates differ widely across
sectors, observations that are indeed at the very origin of the birth of industrial
economics as a discipline (Dosi et al., 1997). At the end of this section we will
show the specific distributions of a number of selected variables over the
industries in the SN database. But first we wil l investigate whether the data on
Dutch manufacturing support cross-sectional relationships that have been
observed in earlier empirical research.

Compared to the evidence obtained at the firm and manufacturing level,
empirical evidence on cross-sectional relationships at the industry level is rather
thin. Most of this evidence addresses the (theoretical) determinants of entry and
market share turnover among incumbents, the relation between entry and exit
rates, and the determinants of industry-level profitability. As we will show, a
considerable part of the evidence is ‘negative’ , i.e., it shows that some
explanatory variables have repeatedly been found to be insignificant. Especially
in cases where, from a standard theoretical point of view, these variables are
supposed to have considerable explanatory powers, negative results are naturally
equally interesting.

But first we will deal with a general phenomenon that has been observed by
many studies on entry and exit, i.e., the strong correlation between entry and exit
rates (Geroski, 1995). For the Dutch manufacturing sector this relationship
exists as well: for the correlation between the industry averages of annual sales
entry and exit rates we found a (Pearson) correlation coefficient of 0.58 (0.76
when firm entry and exit rates are correlated). When cumulative entry and exit
rates are considered, we also find significantly positive relationships: 0.23
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between cumulative firm entry and exit, and a correlation coefficient of 0.52
when cumulative sales entry and exit rates are considered.15 Hence, at the
industry level high entry rates are associated with high exit rates, regardless of
how the entry and exit rates are measured.

With regard to the determinants of gross entry, earlier research has shown that
profitability does not seem to have a significant effect on attracting entrants.
Obviously, this observation is at odds with standard models of the entry process,
in which high profits are supposed to attract profit-seeking entrants. Mixed
results were obtained for the effect of industry growth, whereas capital intensity,
scale economies and concentration levels were found to have a negative effect
on gross entry.16 Since we have several ways to measure the entry process, we
will analyse the regression results of each of the entry measures on the following
‘determinants’ . For profitability, we use the industry mean of profits over sales.
Since we have no data on capital stock, we will use the industry mean of
investments over sales as a proxy for capital intensity. For scale economies, we
use a proxy as well, which is (the log of) the median firm size in an industry.
Finally, for concentration levels we use the average Herfindahl-index of an
industry.17 Table 2.9 lists the results of the (ordinary least squares) regression
analysis.

                                                          
15 All these correlations have p-values less than 0.01. This p-value (of a correlation r) is

obtained by treating the statistic
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as having a Student' s t distribution with (n-2) degrees of freedom, where n is the number of
observations. The p-value of the correlation r is the probabili ty of obtaining (by chance alone)
a Student' s t-statistic greater in absolute value than the observed statistic t.

16 See Schmalensee (1989), Malerba and Orsenigo (1994), Dosi et al. (1995), and Geroski
(1995).

17 The Herfindahl-index is calculated as the sum of the squared market shares. Using the
collective market share of the four largest firms as an alternative measure for concentration
does not significantly change the results.
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Table 2.9: Regression analyses of entry rates and market share turbulence
among continuing firms

    Annual entry rates Cumulative entry rates

Firms                 Sales Firms                Sales

Market share
turbulence
among
incumbents

Constant 0.118** *
(0.024)

0.119** *
(0.024)

1.120** *
(0.122)

1.054** *
(0.125)

0.027
(0.054)

Profit margin -0.421** *
(0.113)

-0.299** *
(0.111)

-1.881** *
(0.568)

-2.030** *
(0.584)

0.059
(0.256)

Industrial
growth rate

0.020** *
(0.004)

0.011** *
(0.004)

0.133** *
(0.019)

0.116** *
(0.019)

0.002
(0.009)

Investment
margin

0.278*
(0.154)

0.153
(0.151)

0.855
(0.775)

0.657
(0.797)

-0.141
(0.349)

Median firm
size

-0.013**
(0.006)

-0.015** *
(0.005)

-0.159** *
(0.028)

-0.152** *
(0.029)

0.037**
(0.013)

Herfindahl-
index

0.263** *
(0.022)

-0.011
(0.022)

0.307** *
(0.112)

-0.249*
(0.115)

-0.166**
(0.051)

Adjusted R2 0.653 0.210 0.490 0.516 0.075

Note: Standard errors in parentheses
* significant at the 10%-level
** significant at the 5%-level
** * significant at the 1%-level

For all measures of entry we observe a negative effect of average profit margins
and median firm size, whereas industrial growth rates always show a positive
effect on the entry rates.18 Investment margins have a significant positive effect
on annual firm entry rates, for the other entry measures the effects of investment
margins are insignificant. With regard to the Herfindahl-indices, we observe a
positive effect on firm entry rates, but a negative effect on sales entry rates (only
significant for cumulative entry sales rates). This peculiar result is due to the
small number of firms typically found in industries with high Herfindahl-
indices. A small number of mostly large firms in an industry (denominator)
creates an upward bias of firm entry rates, given an equal number of small
entrants (numerator). Therefore, measuring the share of entrants in total
industrial sales in general provides more reliable results.

These regularities are not consistent with earlier empirical research. Only the
effects of scale economies (approximated by median firm size) and
concentration levels (in explaining cumulative sales entry rates) are consistent
with earlier findings. However, capital intensity (roughly approximated by
investment margins) generally does not have a negative impact on entry rates.

                                                          
18 Obviously, the direction of causali ty can be discussed here.
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And instead of an insignificant effect of profitabil ity on gross entry rates, we
observe a significantly negative relationship.

Of course, an exercise like this should be taken with some caution. Explaining
the entry rates derived from the SN database is in fact explaining the extent to
which small firms are able to grow and pass the observation threshold of twenty
employees (annual entry rates) and the extent to which they are able to survive
and gain market share (cumulative entry rates). Therefore, the independent
variables mostly reflect the growth opportunities for entrants. Interpreted as
such, it can well be explained why we observe a negative relationship between
profitability and our ‘entry rates’ . Perhaps high profits initiall y attract many
entrants, but if many of these entrants have difficulties in surviving they may
never exceed the observation threshold of twenty employees. And the more
difficult it i s for entrants to survive and grow, the less competition the
incumbents face and hence the more they are able to retain their high profit
levels, ceteris paribus. In this interpretation, high profits simply reflect the
appropriability conditions in an industry and, consequently, the opportunities for
young and small firms to survive and grow.

With regard to the stylised facts related to the determinants of turbulence among
incumbents19, earlier empirical research20 has shown that variables related to the
level of international competition and conditions related to technology and to the
demand side explain a great deal of the differences among industries in
incumbents’ market share mobili ty. Since these variables cannot be extracted
from the SN dataset, the only appropriate variables we can include in the
analysis are those we also included in analysing the entry rates. But the evidence
on the explanatory powers of these variables is rather thin. No study so far has
convincingly shown that any of these variables significantly explains the amount
of turbulence among incumbents in an industry. As shown by the low adjusted
R2, displayed in the last column of table 2.9, in Dutch manufacturing these
variables together do not explain much of the variation of incumbents’ mobility
in market shares as well. Only median firm size (positive) and the Herfindahl-
index (negative) are statistically significant in explaining the market share
turbulence among incumbents.

                                                          
19 Measured as half the sum of the absolute changes in market shares for all continuing

firms in an industry between 1978 and 1992.
20 See Baldwin and Rafiquzzaman (1995) and Baldwin and Caves (1998).
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Another widely studied cross-sectional relationship concerns the determinants of
industry level profitabil ity, usually including concentration levels, scale
economies and capital intensity. Based upon a survey of empirical li terature,
Schmalensee (1989) concludes that the relation between seller concentration and
industry-level profitability is usually statistically weak or even absent, whereas
scale economies and capital intensity tend to be positively related with industry-
level profitability. Again, the ‘negative’ result found for the effect of
concentration is interesting, as it contradicts the textbook models of industrial
organisation, where high concentration is supposed to reflect market power
which, in turn, should lead to high profits.

For investigating this relationship with the SN database, we have regressed the
industry-level profit margin on the Herfindahl-index, the median firm size and
the investment margin (the variables are defined in the analysis of the
determinants of gross entry rates above). Table 2.10 shows the results. In line
with the findings reported by Schmalensee (1989), the concentration levels of
the industries do not significantly explain the variances in profit margins,
whereas capital intensity (approximated by investment margins) is significantly
positively related to industry-level profitabili ty. Finally, scale economies
(approximated by the log of median firm size) are not statistically significant.

Table 2.10: Regression analysis of profit margins

Constant Herfindahl-index Median firm size Investment margin Adjusted R2

0.017 (0.021) 0.015 (0.019) 0.002 (0.005) 0.986** * (0.094) 0.509

Note: Standard errors in parentheses
*** significant at the 1%-level

The final observation we will focus upon in this chapter addresses the
differences between industries with regard to their structural and dynamic
properties. Since the aim of this thesis is to explain the observed cross-sectional
variations, this observation is in fact the starting point of the present dissertation.
However, before exploring and testing some selected theoretical contributions
concerned with explaining the diversity in sectoral patterns in the following
chapters, we consider it useful to first give an impression of the extent to which
the industries in the sample diverge.

For this purpose, we have selected a number of key-variables that together
capture a wide array of dimensions of industry properties, including measures of
concentration levels, size distributions, profit and investment margins, and the
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entry and exit process. Table 2.11 shows the distribution statistics of the selected
variables. These variables can roughly be categorised into two groups: one
group measures the static properties of industries, the second focuses on more
dynamic characteristics of the industries. The first group contains two
concentration measures: the average Herfindahl-index (multiplied by one
hundred) and the average collective market shares of the four largest firms (CR-
4) in each industry. Further, we included the median firm sizes (in terms of
number of employees) of each industry, calculated over 1978-1992. For
displaying differences in the size distribution, we have calculated the average
parameter estimates for ln_ranki, t, resulting from running the following
regression (based on regression (2.8)):

ln_empl i,t =  β1 + β2 ln_ranki,t  + ε . (2.9)

Hence, we ran this regression for each industry i and for each year t, and
calculated for each industry the mean estimate of β2 over 1978-1992. The final
two variables in the group of static measures are the industry profit and
investment margins. For each firm we calculated the annual mean of its ratio of
profits (i.e., gross result) over sales and the ratio of its investments in fixed
assets over sales. Table 2.11 shows the statistics of the industry means
(calculated over the period 1978-1992) of these ratios.

The group of dynamic measures includes the following variables. Entry and exit
is measured by annual and cumulative sales entry and exit rates. Further, we
have included survival rates, measured by the ratio (for each industry) of
successful entrants (i.e., firms present in 1992, but absent in 1978) over all firms
that enter the dataset after 1978, and the market share turbulence among
incumbents. The ‘within’ share, which measures the contribution of individual
productivity increases by incumbents to total industry productivity growth, is
also included. It is simply the ‘within’ effect as described in the previous section
(within firm productivity growth weighted by initial output shares in the
industry), divided by the total productivity growth in an industry between 1978
and 1992. The final row of table 2.11 displays the distribution statistics of the
industrial growth rates: the difference in total real sales between 1978 and 1992
of an industry, divided by its total real sales in 1978.

The first four columns of table 2.11 list the mean, its standard error and the
lowest and highest values of the selected industry-level variables. In order to get
a first impression of the shape of the distribution of these variables over the
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industries, column three and four show respectively the skewness and the
Kurtosis-level for each variable.21 In Appendix 2 of this chapter the histograms
visualise the distribution of the selected variables.

As table 2.11 shows, the various measures related to the static and dynamic
characteristics of industries all show a substantial degree of dispersion.22

Certainly, some variables exhibit distributions that are more symmetric and with
heavier tales than others, but all variables display enough variation over
industries to conclude that industries differ in all dimensions, whether they are
related to more static measures or to more dynamic measures. In conclusion, this
last stylised fact tested in this chapter emerges from the SN database on Dutch
manufacturing as well .

Although we have not obtained results consistent with earlier findings on the
relationship between entry rates and a number of other variables, this section has
shown that other regularities at the industry level in Dutch manufacturing are
fairly consistent with the stylised facts established so far. We have observed
rather strong correlations between the average entry and exit rates of industries.
Further, we have found that market share turbulence among incumbents is hard
to explain with the standard industry-level variables. This finding is also
                                                          

21 For measuring the skewness of the distribution of a variable y with standard deviation Sy
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Large values of Kurtosis indicate the distribution has heavy tails.
22 The strong outliers observed for the ‘within’ variable are inherent to the applied

decomposition method in cases where some industries exhibit low levels of aggregate
productivity growth. For instance, the appearance of a large entering firm with a low
productivity level may suppress the aggregate productivity growth such that a moderate
productivity change by incumbents becomes extremely high when it is expressed as a share in
aggregate productivity growth.
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consistent with earlier empirical research, which highlighted underlying
conditions of technology and demand as the important determinants of
incumbents’ mobility rather then variables like concentration and capital
intensity. Next, and again in line with earlier empirical research, we have found
that concentration does not significantly explain industry-level profitabil ity.
Capital intensity (approximated by investment margins) explains much stronger
the variance in the latter variable. Finally, we have observed a high degree of
heterogeneity in the properties of the industries in the sample. Both static as well
as dynamic measures of the industry characteristics show a wide variety, in most
cases displaying rather skewed distributions over the industries.

Table 2.11: Distr ibution statistics on selected industry-level key variables

Variable Mean Std.Err. Minimum Maximum Skewness Kurtosis

Static measures:

Herfindahl-index 13.0 1.29 0.95 98.2 3.28 16.1

CR-4 51.2 2.15 11.6 100 0.25 -0.72

Median size 80.3 5.75 33 390 2.60 8.32

Ln_rank -1.06 0.04 -3.47 -0.49 -2.48 9.27

Profit margin 9.02 0.32 2.87 22.1 0.86 1.76

Investment margin 6.28 0.23 1.76 14.0 0.95 0.86

Dynamic measures:

Annual entry sales rate 4.13 0.28 0.16 17.3 1.55 3.66

Annual exit sales rate 4.39 0.34 0 19.6 1.73 4.19

Cumulative entry sales rate 28.7 1.90 0 81.6 0.58 -0.39

Cumulative exit sales rate 29.0 2.09 0 82.1 0.63 -0.38

Survival rate 71.3 1.79 0 1 -1.09 2.90

Market share turbulence 15.5 0.61 0.60 35.7 0.66 1.18

‘Within’ share 40.4 8.53 -3.71 1.62 -3.20 12.6

Industrial growth rates 42.4 6.80 -0.71 3.33 1.54 4.03

Note: Except for the Herfindahl-index, median size and ln_rank, the (unweighted) means of all
variables are expressed in percentages. In calculating the average ‘within’ share, we have only
included industries with positive productivity growth. This restriction ruled out 16 industries.
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2.4  Conclusions

Given the empirical nature of this thesis and the extensive use of the SN
manufacturing database throughout it, this chapter illuminated three important
issues related to empirical research in industrial economics. First of all, we have
described in detail the firm-level data on which a major part of the research in
this dissertation is based. Second, by presenting a number of selected stylised
facts we aimed to highlight some robust empirical results that have been
established so far in industrial economics. Especially in the last fifteen years, the
increased access to firm-level data has resulted in a collection of results that
were found to be rather invariant across countries and over time. Finally, we
have investigated whether these stylised facts could also be found in Dutch
manufacturing.

Two important results emerge from this chapter. The first is that the regularities
emerging from the SN manufacturing database are to a large extent consistent
with the stylised facts in industrial economics. Whether we look at firm-level
regularities, their aggregate impact on the manufacturing sector, or regularities
at the industry level, practically all of them seem to be consistent with earlier
empirical findings in industrial economics. The second result is in fact already
captured by the first one, but is still mentioned separately here because of its
essence for the research in this thesis. We have shown that industries widely
differ in virtually all dimensions observable in the data. Certainly, this result is
far from new. In fact, it constitutes the origin of industrial economics as a
discipline. However, despite the presence of a number of theoretical
contributions that potentially can explain the observed differences, not much
effort has been done so far in testing these theories with the increasingly
available firm-level data.

As mentioned already in chapter one, the aim of this thesis is to fill this gap. In
chapter 4 we will use the SN database to empirically test some theories that may
explain the observed differences between industries with regard to their
structural and dynamic properties. But first, the next chapter will elaborate on
these theoretical contributions.
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Appendix 1: List of industries in the SN database

Food products

Production, processing and preserving of meat and meat products
Manufacture of dairy products
Processing and preserving of f ish and fish products
Manufacture of grain mill products
Manufacture of vegetable and animal oils and fats
Processing and preserving of fruit and vegetables
Manufacture of bakery products
Manufacture of sugar, cacao, chocolate and sugar confectionery

Beverages, tobacco, and food nec*

Manufacture of prepared animal feeds
Manufacture of other food products nec
Distil ling, rectifying and blending of spirits; ethyl alcohol production
Manufacture of malt liquors and malt
Manufacture of soft drinks
Manufacture of tobacco products

Textile products and wearing apparel

Preparation and spinning of wool fibres, weaving of wool
Preparation and spinning of cotton fibres, weaving of cotton
Manufacture of tricot and stockings
Finishing of textiles
Manufacture of carpets and rugs
Manufacture of made-up textile articles, except apparel
Manufacture of other textiles nec
Manufacture of wearing apparel, dressing and dyeing of fur

Leather products

Tanning and dressing of leather
Manufacture of luggage, handbags and the like, saddlery and harness
Manufacture of footwear

Wood and wood products

Sawmill ing and planing of wood, manufacture of veneer sheets, plywood, laminboard,
particleboard and other panels and boards
Carpentry and manufacture of densified wood and parquet flooring blocks
Manufacture of wooden containers
Manufacture of other products of wood, manufacture of articles of cork, straw and plaiting
materials
Manufacture of furniture, except metal furniture

Paper and paper products

Manufacture of paper and paperboard
Manufacture of other articles of paper and paperboard
Manufacture of corrugated paper and paperboard
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Printing and publishing

Printing of newspapers
Printing of books
Offset printing
Chemigrafical and fotoli thografical firms
Other printing
Publishing of newspapers
Publishing of periodicals
Publishing of books
Other publishing
Bookbinding

Chemicals, chemical products, yarns and fibres

Manufacture of fertili sers
Manufacture of synthetic resin
Manufacture of dyestuffs and colouring matters
Manufacture of chemical raw materials nec
Manufacture of paints, varnishes and similar coatings, printing ink
Manufacture of pharmaceuticals and medicinal chemicals
Manufacture of soap and detergents, cleaning and polishing preparations, perfumes and toilet
preparations
Manufacture of chemical pesticides
Manufacture of other chemical products nec

Rubber and plastic products

Manufacture of rubber products
Manufacture of plastic products

Building materials, earthenware and glass

Manufacture of bricks and tiles
Manufacture of ceramics
Manufacture of cement and lime
Manufacture of articles of concrete and cement
Manufacture of other non-metalli c mineral products nec
Manufacture of glass and glass products

Basic and fabricated metal products

Manufacture of basic metals
Iron, steel and non-ferrous metal foundries
Forging, pressing, stamping and roll -forming of metal
Manufacture of metal fasteners, cables, springs and the like
Manufacture of tanks, reservoirs and pipelines
Manufacture of steel and non-ferrous metal doors, windows, walls and the like
Metal construction nec
Manufacture of metal furniture
Manufacture of metal packings
Manufacture of heating and boilers, except electrical
Manufacture of other fabricated metal products nec
Forging, treatment and coating of metals
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Machinery

Manufacture of agricultural machinery
Manufacture of tools and machinery for metallurgy
Manufacture of machine tools
Manufacture of machinery for packing and wrapping
Manufacture of machinery for food, beverage and tobacco processing
Manufacture of machinery for petrochemical, chemical and pharmaceutical industries
Manufacture of machinery for manufacturers of rubber and plastic products
Manufacture of lifting and handling equipment
Manufacture of machinery for mining, construction, building materials and metallurgy
Manufacture of bearings, gears, gearing and driving elements
Manufacture of machinery for wood and furniture
Manufacture of machinery for textile and apparel
Manufacture of machinery for chemical cleaning, washing, leather and leather products, paper and
paper products and printing
Manufacture of engines and turbines, except aircraft, vehicle and cycle engines
Manufacture of office machinery
Manufacture of pumps, compressors, taps and valves
Manufacture of fans, refrigerating and freezing equipment
Manufacture of weighing machinery and domestic appliances, except electrical
Appendage
Manufacture of machine parts nec
Manufacture of machinery nec
Machine repair nec

Electrical products

Manufacture of insulated wire and cable
Manufacture of electric motors, generators and transformers
Manufacture of electricity distribution and control apparatus
Manufacture of other electrical equipment nec

Transport equipment

Manufacture of motor vehicles
Manufacture of trailers and semi-trailers
Manufacture of bodies for motor vehicles
Manufacture of parts and accessories for motor vehicles
Building and repairing of ships and boats
Manufacture of motorcycles and bicycles
Manufacture and repair of aircraft
Manufacture of transport equipment nec

* Not elsewhere classified
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Appendix 2: Histograms of the industry-level variables
selected in section 2.3.3
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Chapter 3

Survey of Selected Theories

3.1  Introduction

In the early days of industrial economics as a discipline, competition within
industries was clearly viewed as a dynamic process. Although Alfred Marshall
has laid the foundations of the partial equilibrium analysis found in many
textbooks, he acknowledged that dynamics, rather than statics, should be the
main concern of economics. Marshall’s view is best reflected by his famous
analogy of the young trees in the forest of which many succumb, but those few
that survive gradually grow and replace the older ones. And as in the forest,
“ …in almost every trade there is a constant rise and fall of large businesses…”
(Marshall , 1936, p. 316).

By describing competition as a process mainly involving the dynamic
innovations of the entrepreneur, Joseph Schumpeter (1912, 1942) even more
rejected the idea of competition as a static concept. In Schumpeter’s view,
economic processes are organic: changes come from within the system. In this
system, the entrepreneur is a key figure, an active agent of economic progress
who induces economic development by actively searching for and carrying out
‘new combinations’ in production (Ekelund and Hébert, 1990).

Marshall and Schumpeter’s acknowledgements of the dynamics of the
competitive process were virtually discarded in the subsequent developments in
industrial economics. Instead, priority was given to analytical tractability and,
consequently, attention shifted to essentially static equilibrium analyses of
industrial structures, which constituted the dominant paradigm in industrial
economics for many decades. However, the research methodology underlying
this paradigm inherently involves some theoretical and empirical limitations.
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Especially technological change, generally acknowledged to be a major engine
driving economic growth, is diff icult to embody properly in equil ibrium models.
In section 2 of this chapter we will focus on these models and explain how the
equilibrium approach limits the theoretical and empirical analysis of industrial
economics.

Perhaps because of these limitations we recently observe a renewed interest in
disequilibrium phenomena that is starting to change the conventional way of
analysing industries (Dosi et al., 1997). The recently obtained empirical
evidence on the persistence of heterogeneity and turbulence, as discussed in the
previous chapter, undoubtedly contributed to this renewed and increasing
interest. The remainder of this chapter wil l focus on two of these rather recently
developed theoretical approaches that may help to explain the observed
differences between industries with regard to their structural and dynamic
properties. The first one, which will be described in section 3, is the framework
of technological regimes. A technological regime can be defined as a particular
combination of opportunity, appropriability, cumulativeness conditions and
properties of the knowledge base underlying the innovative and productive
activities of an industry. Given differences in these conditions, different patterns
of innovative activities are likely to emerge which, in turn, may affect the
structures and dynamics of industries. However, cross-sectional differences
between industries may also stem from the different evolutionary stages these
industries occupy. Explanations of this type can be derived from theories on
product or industry li fe cycles. This is the second recently developed theoretical
approach upon which we will focus in this chapter.

3.2  Equilibrium models

This section aims to give a brief overview of the equilibrium approaches in
industrial economics. It is divided in four parts. First we will describe the static
equilibrium models, including the structure-conduct-performance approach and
the game-theoretical contributions. Second, we will pay attention to the ‘bounds’
approach, developed by John Sutton. Because of its explicit aim to construct an
empirically testable framework, applicable to a wide range of industries, we
have devoted a complete subsection to this approach. Third, we will focus on the
class of dynamic equilibrium models. Fourth, and finally, we will discuss the
theoretical and empirical li mitations of the equilibrium models in industrial
economics.
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3.2.1 Static equilibrium models

For a number of decades the structure-conduct-performance (SCP) approach,
developed by Mason and Bain1, was the dominant paradigm in industrial
economics. Based upon neo-classical theory, as well as upon empirical work2,
this paradigm postulates causal relationships between the structure of an
industry, the conduct of f irms in the industry, and their economic performance.
Structure refers to the environment within which firms operate, and includes
elements like the number and size distribution of buyers and sellers, the level of
product differentiation, and the height of entry barriers. The fact that structural
conditions may provide the latitude to act in some other way than being a ‘price-
taker’ in the market leads to the assumption that structure influences conduct.
The variety of behaviours that might be realised due to weak structural
foundations for competition might, in fact, be very large and include collusive
behaviour, price discrimination, et cetera. Regardless of the non-competitive
behaviour employed, the assumption of the SCP approach was that, because
firms are profit maximising, the result would be detectable differences in the
performance of these firms in the market and, in particular, in the allocative
ineff iciency compared to perfect competition.

Hence, in its simplest form, the exogenously determined structural properties of
an industry govern the conduct of f irms, which in turn determines the economic
performance of a market. More sophisticated versions of this framework also
recognise causal relationships in opposite directions. For instance, entry-
deterring practices by existing firms (conduct) are aimed to discourage entrants
and will thus affect the ultimate structure of an industry. Also, the level of
product differentiation is likely to be affected by the marketing strategies of the
firms. Although recognising the interaction between the elements has made the
SCP paradigm more realistic, it has also posed new problems related to the
empirical work in this area. As Schmalensee (1989) argues:“ … in the long-run
equilibria with which cross-section studies must be primarily concerned,
essentially all variables that have been employed in such studies are logically
endogenous. This means that there are in general no theoretically exogenous

                                                          
1 See Bain (1956) and Mason (1957).
2 For instance, see Bain (1951, 1954), or Weiss (1974) for a survey.
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variables that can be used as instruments to identify and estimate any structural
equation.”  (Schmalensee, 1989, p. 954).3

Mostly due to this fundamental endogeneity problem, the interests of the
mainstream industrial economists shifted from empirical research to more
theoretical founded contributions. Most of these theoretical contributions came
from the Chicago School during the 1970s and from the New Industrial
Economists during the 1980s. Whereas the starting point of the SCP paradigm
was imperfect competition, the Chicago School asserts that perfect competition
has substantial explanatory power (Martin, 1994). In their view, market power
may only exist temporarily, unless supported by government interference. A
particularly important point of contention of the Chicago School was the
presumed effect of a competitive ‘ fringe’ , even in industries that are structurally
highly concentrated. Bork (1978), for example, criticised many of the classic
antitrust decisions because of their failure to consider the impact of competitors,
even though they held a relatively small share of the market.  In essence, the
argument of the Chicago School was that structure reflected relative efficiency
and that larger firms were large because they were more eff icient than rivals.4 If ,
however, these larger firms proceeded to the ‘conduct’ stage of the SCP model
in ways that prove antithetical to competitive behaviour, the smaller fi rms would
have a significant impact on the market.5  By breaking the link between structure
and conduct, the Chicago school undermined the theoretical consistency of the
SCP model.

Subsequent research in industrial economics in the 1980s shifted back the
attention from perfect markets to essentially oligopolistic market structures. This
school, labelled New Industrial Economics or New Industrial Organisation, is
even more based on neo-classical theory than the SCP tradition. However, New
Industrial Economists consider conduct as the key element rather than structure.

                                                          
3 The empirical foundations of the structure-performance link were also attacked by a

variety of studies contesting Bain' s original findings. For an overview, see chapter 9 of
Scherer (1980).

4 See Demsetz (1973).
5 A similar argument is derived from the theory of contestable markets (Baumol et al.,

1982). Assuming that there are no sunk costs and that an existing dominant firm will not
decrease its price if an entrants comes in, this theory claims that the only way the dominant
firm can keep an entrant out is to set a price that yields zero economic profit. Hence, even in
highly concentrated markets the force of potential competition is enough to yield the same
performance as a competitive market (Martin, 1994).
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This emphasis on behaviour is reflected by the extensive use of game theory6 in
New Industrial Economics. The strength of these game-theoretical models is the
abil ity to formally incorporate in an elegant way the strategic interactions
between players (usually fi rms in an oligopolistic setting). For instance, duopoly
models, such as the Cournot and Stackelberg (leader-follower) models, are set
up as non-cooperative games in which the players’ strategies consist of setting
quantities as a function of the other player’s quantity setting. The outcome of
such a game (in terms of, e.g., market shares) is a Nash-equil ibrium, i.e., a
configuration of strategies in which no player has an incentive to change its
strategy given the other players’ strategies. Other applications of game theory in
industrial economics include models of collusive behaviour, product
differentiation, innovation and patent races, and predatory pricing strategies.7

Despite the novelty of formally embodying strategic interactions, these
applications of game theory have not enabled us to say much more on the
working of oligopolistic markets than that could be said on the basis of earlier
theory (Fisher, 1989). Many outcomes are still possible. Another objection is
that the results of such game-theoretic analyses tend to depend delicately on the
precise form of the underlying game (Sutton, 1991). Further, these form-specific
factors, such as the information partition among the players, are usually diff icult
to map into empirical categories that hold across a range of different industries.

One way to overcome this latter diff iculty is to tailor-make a model to fit a more
narrowly defined environment. Such a modell ing strategy is likely to increase
the degree of precision of predictions, but by definition it will li mit the breadth
of applications. Acknowledging this trade-off, Sutton (1991, 1998) aims to find
a middle way that has come to be known as the ‘bounds’ approach. Rather than
predicting some unique equilibrium outcome, this approach aims to predict a set
of outcomes that can be supported as an equilibrium outcome of a wide class of
models that may all be plausible a priori. In game-theoretical terms, such an
exercise “ …results in a partitioning of the space of outcomes into two sets: the
set of points that can be supported as equilibria…and the set of points that
cannot.”  (Sutton, 1998, p.7). For instance, with regard to market concentration,
this approach aims to specify a lower bound to the equilibrium level of
concentration that holds across a broad set of different industries instead of
predicting precise levels of market concentration for a limited set of industries.

                                                          
6 Initially already introduced in economics in the 1940s by Von Neumann and Morgenstern

(1944).
7 Chapter 13 of Rasmussen (1989) gives on overview of these applications.
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Because the ‘bounds’ approach strongly aims to construct an empirically
testable framework, applicable to a wide range of industries, this approach
potentially fits well in our search for theories that contribute in explaining the
observed differences between industries. Furthermore, this approach is
supported by substantial empirical evidence. We consider it appropriate
therefore to explain this approach in more detail.

3.2.2 The ‘Bounds’ approach

The central focus of the theory presented in Sutton (1991) lies in disentangling
the way in which exogenous and endogenous elements of sunk cost interact with
each other in determining the equilibrium pattern of industrial structure (mainly
industrial concentration). Industry equilibrium is modelled in terms of a two-
stage game, in which the fixed costs of the first stage are treated as sunk costs in
the second stage of the game. Sutton distinguishes three cases. The first two
cases have in common that the only sunk costs involved are the exogenously
given set-up costs. The distinction between them relates to the heterogeneity of
the goods produced. If the goods are homogeneous, Sutton shows that as the size
of the market increases, the equil ibrium number of entrants increases, leading to
a continuous decline of concentration levels. This is due to the following
process. Given that entry occurs up to the point at which the profits (at stage 2)
of the last entrant cover its sunk costs incurred at stage 1, any increase in the
market size (starting from any given concentration level) will raise profits and
thus attract more entrants.

Multiple equilibria arise in case of heterogeneous goods, with sunk costs still
being exogenous. Sutton argues that under these circumstances the lower bound
of equilibrium concentration levels stil l declines indefinitely with a growing
market size, similar to the homogeneous goods case. However, with endogenous
sunk costs, such as advertising and R&D expenditures, this property breaks
down. If a firm can enhance the demand for its product at stage 2 by incurring,
e.g., higher advertising costs at stage 1, such a decision will l ead to higher sunk
costs in the equilibrium. Since a growing market increases the achievable profits
at the second stage, we may indeed expect the equilibrium level of sunk costs to
be higher. Obviously, these higher sunk costs offset the tendency of an industry
to become less concentrated as the market size increases. Hence, “ …a lower
bound exists to the equilibrium level of concentration in the industry, no matter
how large the market becomes.”  (Sutton, 1991, p.11).
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In Sutton (1998), the ‘bounds’ approach is applied to research-intensive
industries by focusing on the relationship between an industry’s R&D/sales ratio
and its level of concentration. A crucial parameter in shaping this relationship is
the ‘escalation parameter’ , indicating the extent to which an industry consisting
of many small firms can be destabilised by a firm by spending more on R&D
than its rivals. Sutton shows that this (empirically unobservable) parameter sets
a lower bound both to the maximal market share of a firm and to the R&D/sales
ratio of the leading firm in an industry. Although the mechanism behind this
resembles the endogenous sunk cost situation in Sutton (1991), a number of
distinguishing features are worth mentioning here.

Given that a conventionally defined industry often captures several groups of
products with different underlying technologies, complex overlapping patterns
of substitutability on the demand side and of economies of scope (in R&D) on
the supply side emerge. Since Sutton’s aim is to develop an empirically testable
framework, this complexity is explicitly acknowledged by modell ing the R&D
behaviour of firms as an allocation choice regarding their R&D projects. A firm
can choose to focus on one particular technology (escalation) or to spread its
R&D efforts across several technologies (proliferation). The more that R&D
spending is effective in increasing the wil lingness-to-pay for the firm’s products
within the associated submarket, the more effective the escalation strategy will
be. A high degree of substitution on the demand side between the product
groups and the presence of scope economies in R&D will, however, make the
escalation strategy more effective as well.

Sutton (1998) argues that in industries in which R&D spending is effective in
raising consumers’ will ingness-to-pay, we can expect a high R&D/sales ratio.
But the strength of the linkages between the submarkets eventually determines
the level of concentration. For instance, if the degree of substitution on the
demand side is low, the returns from escalation are low too, since it will only
improve a firm’s position in single, small submarket of the industry. However,
the higher the degree of substitution, the more effective the escalation strategy
will be. This automatically implies higher (minimal) levels of concentration,
because any configuration in which the concentration level is lower than the
minimal value wil l turn out to be unstable. In such a configuration, firms’ fixed
R&D expenditures must be small relative to the level of industrial sales. Under
these circumstances it wil l be profitable for some firm to outspend its rivals on
R&D, eventually resulting in a higher market share.
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In conclusion, for those industries characterised by a high R&D/sales ratio,
Sutton (1998) predicts that the lower bound to concentration should increase
with the strength of the linkages between the submarkets. For industries
exhibiting low R&D and advertising outlays, no lower bound to concentration
exists. As in Sutton (1991), a rich set of statistical tests and detailed case studies
accompany and support the theoretical framework by Sutton (1998).

3.2.3 Dynamic equilibrium models

Besides the static models mentioned above, also a number of dynamic
equilibrium models have entered the industrial economic literature, mainly in
the 1980s and 1990s. Their dynamic nature lies predominantly in their treatment
of learning and selection as processes. Two of these models will stil l be shortly
described here. The first one, Jovanovic (1982), is selected because of its
pioneering way of modell ing the entry process. The second model presented
here is Ericson and Pakes (1995). Like Sutton’s ‘bounds’ approach, this model is
aimed at providing an empirical framework and could therefore serve well in
explaining cross-sectional differences.

Jovanovic (1982) proposes a theory of ‘noisy’ selection. In his model of ‘passive
learning’ , firms have rational expectations with regard to distribution of true
eff iciency levels among the potential entrants. However, the most interesting
assumption is that the firms do not know their (mean) individual level prior to
entry. Only after entering, through receiving noisy information, does a firm
discover its actual eff iciency levels. If its actual efficiency exceeds its
expectation, the firm will expand; in the other case it will contract or even exit
the industry. The assumption that firms do not know their individual efficiency
level prior to entry is interesting, because it is consistent with empirical
observations regarding the productivity of entrants. Many firms enter with
productivity levels far below the industry average (Baldwin, 1995), and
consequently many of them leave the industry again shortly after entering.
Another interesting feature of this model is that it explains the observation that
smaller firms have higher and more variable growth rates than large firms. For
explaining differences between industries, however, this model is under-
determined, as it contains no industry-specific elements.

Ericson and Pakes (1995) propose a model that is aimed to serve as an empirical
framework. Their model of ‘active learning’ is based upon a stochastic model of
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the entry and growth of a firm through the active exploration of its economic
environment. This model assumes that a firm knows the current value of the
parameter that determines the distribution of possible future streams, but that the
value of this parameter changes over time in response to the stochastic outcomes
of the firm’s investments. Hence, in order to learn the value of a perceived
opportunity, a firm must invest to enter the industry and to develop and (if
feasible) exploit the opportunity. The stochastic outcome of this investment,
together with the success of other firms in the industry and the competitive
pressures from outside the industry, determine the profitabili ty and the value of
a firm. If the outcome is not favourable, a firm may find itself in an situation in
which its idea is not perceived to be worth developing further and thus may
decide to leave the industry.

This model of active learning is contrasted with a model a passive (Bayesian)
learning in the empirical analysis of Ericson and Pakes (1998). As opposed to
the active learning model, the passive learning model assumes that firms do not
know the current value of the (time-invariant) profitabili ty parameter. Only past
profit realisations enable the firm to learn about the value of this parameter.
Ericson and Pakes (1998) show that both models imply that the regression
function of current firm size on initial size should be nondecreasing, but the
passive learning model implies it should be strictly (i.e., monotonically)
increasing, while the active learning model implies it need not be. Using
longitudinal firm-level data, the authors conclude that the manufacturing data is
consistent with the implications of the active learning model but is inconsistent
with passive learning. The opposite conclusion holds for the data for retail trade.
Unfortunately, the authors do not empirically exploit their data to search for
differences within the manufacturing sector.

Although these and some other dynamic equil ibrium models8 allow for firm
heterogeneity, technological uncertainty, and idiosyncratic (efficiency) shocks,
still the level of rationali ty and forecasting abil ities demanded from the agents
are enormously high. For instance, in Jovanovic (1982), all (indefinitely small )
firms have to know the entire equil ibrium price sequence, whereas in Ericson an
Pakes (1995) all firms are supposed to know their own and their competitors
current efficiency levels, as well as the distribution of the industry’s structure in

                                                          
8 E.g., see Lippman and Rumelt (1982) and Hopenhayn (1992). More game-theoretical

oriented models of industry dynamics can be found in, e.g., Maskin and Tirole (1988), Beggs
and Klemperer (1992) and Rosenthal and Spady (1989). For a discussion of these models see
Ericson and Pakes (1995).
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future years.9 As Dosi et al. (1995) argue, one is not at all sure what the
dynamics would be if the rationality requirements of the agents were set much
lower. Furthermore, they argue, it is difficult to accept that the speed of
adjustment (by the agents) to changes in the selection environment is so high
that empirically observed regularities are (near) equilibrium outcomes.
Moreover, most of these models are difficult to translate into empirically
testable models. Despite their dynamic approach, these models do not depict the
properties of an industry for those periods in which it actually evolves into the
predicted steady state solution. Only the properties of the steady state are
depicted. Therefore, explaining cross-sectional differences by asserting that
industries are in different stages of their evolution is not feasible with these
models, basically because there is no explicit evolution.

3.2.4 Theoretical and empirical limitations of equilibrium models

During our discussion of the various classes of equilibrium models in the
previous subsections, we have already indicated a number of problems
associated with the empirical applications of these models. In what follows we
aim to provide a more systematic overview of the theoretical and empirical
limitations of the equili brium models.

The most fundamental criticism of equil ibrium models concerns the neglect of
the process of change. Equilibrium models show the conditions for and
properties of stable equilibrium configurations. Changes in the conditions
underlying these configurations are analysed by comparative statics: the
properties of the old equilibrium are compared with the properties of the new
one. However, no reference is made to the way in which an industry moves from
one equil ibrium to another. In fact, disequilibrium cannot exist. This is an
important shortcoming, because even if changes in the underlying conditions
were discrete and only happened rarely, an industry may still be out of
equilibrium for a considerable time, depending on the speed of adjustment. Only
if all agents are fully rational and possess perfect forecasting abili ties, they will
instantaneously adjust to changing conditions.

                                                          
9 More formal criti cism comes from Kaniovski (1998), who observes a central analytical

inconsistency in Ericson and Pakes (1995), and from Dosi et al. (1995), who argue that the
heterogeneity claim of models involving Markov processes should be taken with caution,
because in the limit all agents visit infinitely often all attainable states and are therefore
identical.
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However, behaviourists10 have stressed that human beings are not perfectly
rational. In many real-li fe situations, “ …decision problems are too complex to
comprehend and therefore firms cannot maximize over the set of all conceivable
alternatives. Relatively simple decision rules and procedures are used to guide
action…”  (Nelson and Winter, 1982, p.35). Therefore, whenever the equil ibrium
conditions of an industry change, the industry will be temporarily out of
equilibrium as firms will need time to adapt to the new situation. Again, if the
equilibrium conditions seldom change, equilibrium analysis may still be
appropriate, provided that the industry is in equilibrium most of the time. But
technological and institutional changes, both from within the industry as well as
from outside the industry, continuously alter the conditions underlying the
equilibrium configurations.

Technological change, generally acknowledged to be a major determinant of
economic growth, is especially difficult to embody properly in equil ibrium
models. The usual way of incorporating technological change in these models
starts by assuming that technological change is exogenous to the economic
system, and that, because of perfect information, the new knowledge associated
with the innovation is immediately available to all firms. Given these
assumptions, any innovation is immediately taken up by the firms and
optimally11 implemented in their production processes. As mentioned before,
this necessarily implies that the relevant decision-makers within the firms know
all the available production techniques and, equally important, how to apply
them. Further, they will need to know the prices of all inputs, regardless of the
scale on which these are hired. Finally, they will have to have the cognitive
abil ities to assess all the available techniques in order to select the one that
minimises costs.

Obviously, this view on the innovative process has received a great deal of
criticism. First of all , many firms devote resources to research and development
in order to enhance their technological knowledge base. Since a large number of
innovations are the outcome of these research and development activities,
technological progress is endogenous rather than exogenous to the industry.
Even in cases in which new technological knowledge becomes available to firms
through research efforts from outside their industry, still they will have to
undertake efforts to obtain and implement the knowledge. As such, the

                                                          
10 Most notably Herbert Simon; see Simon (1959, 1965).
11 In terms of cost minimisation.
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implementation of the exogenously available knowledge is an endogenous
process as well.

This brings us to the second point of criticism, namely the diffusion of new
technological knowledge. Equilibrium models assume that whenever an
innovation is introduced in an industry, the knowledge related to the innovation
flows around freely and competitors can thus rapidly incorporate the new
knowledge. This assumption assures that any disequil ibrium in the industry is
only short-lived. However, it is plausible that both the tacit nature of
technological knowledge and the bounded rationality of entrepreneurs prevent
new knowledge from spilling over rapidly to competitors. As Nelson and Winter
(1982) argue, a large component of technological knowledge is tacit, meaning
that it cannot be articulated in codified forms such as blueprints or written
instructions. But even if every new technology were fully specified in
blueprints, bounded rationality would still li mit the speed of diffusion.
Entrepreneurs, like any other human being, do not have the cognitive powers to
know and assess all the options available to them. Instead, the subjectively
create a highly simpli fied model of their environment. Therefore, entrepreneurs
vary in their perception of technological developments and their alertness to
these developments. Together with the tacitness of knowledge this obviously
hinders the rapid transfer of technological knowledge from innovators to
imitators.

Because of the duration and imperfections of the knowledge diffusion process,
innovative firms are able to enjoy at least temporaril y higher (disequilibrium)
profits. In fact, the opportunity to enjoy these profits provides the economic
incentives to firms’ search for technological improvements. But also in this
respect the assumption of perfect information is obviously not plausible and
even invalid. The innovative process involves some fundamental uncertainty,
entailing the existence of techno-economic problems whose solution procedures
are not known and the impossibility of precisely tracing consequences to actions
(Dosi, 1988b). Consequently, entrepreneurs will sometimes make mistakes in
this process or, at the minimum, behave in a way that is inconsistent with the
assumption of rational profit maximisation. Of course, future profit
opportunities may stil l be the main reason why firms engage in research and
development, however a positive outcome of their search activities is never
guaranteed a priori.
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Since the outcomes of research and development programs are not known in
advance, some firms will be more successful in the innovative process than
others. Those firms that have successfully introduced an innovation increase
their relative competitiveness vis-à-vis the unsuccessful ones. Competition
between firms is therefore to a considerable extent endogenously driven by the
process of technological change, continuously disturbing the economic status
quo. Obviously, this rejects the notion of competition as a static concept. In
conclusion, the inability to incorporate (technological) competition as a
dynamic, perturbing process renders the equil ibrium models largely inadequate
for capturing the essence of real-life industry dynamics.

Besides these theoretical limitations of equilibrium models, a number of
practical diff iculties and limitations arise as well when translating the
equilibrium approaches into empirically testable models. First of all , in some of
these models the direction of causali ty is ambiguous. Especially the SCP-
approach suffers from this endogeneity problem, where structure determines
performance, but where performance may support some types of f irm behaviour
that could eventually affect market structure as well. A second ‘empirical’
problem with the class of equil ibrium models relates to the uniqueness of the
equilibria. In particular the game-theoretical models often depict multiple
equilibria. Naturally, if a given model supports many outcomes, it is virtually
impossible to find empirical support for its validity. Finally, some of the
equilibrium models only focus on one dimension of industrial organisation. For
instance, the ‘bounds’ approach mainly deals with explaining concentration
levels. Explanations for, e.g., cross-sectional differences in market share
turnover and profitabili ty levels are unfortunately not captured by the ‘bounds’
approach.

3.3.  Technological regimes

The framework of technological regimes significantly departs from the
equilibrium models mentioned above, both theoretically as well as
methodologically. From a theoretical point of view, the most important
difference concerns the explicit recognition of competition as a technologically
driven, dynamic process. Further, bounded rationality and technological
uncertainty, mostly absent in equilibrium models, are important building blocks
of the technological regime framework. Together, this makes the technological
regime framework highly suitable for analysing the effects of technological
search and learning processes.
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The main difference in methodology between the equilibrium approaches and
the technological regime framework can best be described by the distinction
between formal and appreciative theorising, first brought forward by Nelson and
Winter (1982). Formal theorising aims to set up a framework that enables one to
explore, find and check logical connections between economic variables and to
display possible causal mechanisms for particular phenomena. In formal
theorising, analytical tractability is more important than minimising the
intellectual distance from what is known empirically. Appreciative theorising
tends to stay much closer to empirical substance. Here, theories are primarily
conceptual tools of inquiry, and the focus is on the endeavour in which these
tools are applied in explaining why certain economic events have happened.
Although some overlap exists, it can be argued that formal theorising is the main
methodological tool used in equilibrium models, whereas appreciative theorising
much more underlies the technological regime framework.12

Given its theoretical and methodological foundations, the technological regime
framework potentially serves well i n providing realistic explanations for the
observed differences between industries. In this section we will therefore
elaborate on the technological regime framework. We will first focus on the
evolution of the notion of technological regimes within the literature on
economics and technological change. Attention will be paid to the different
views on the role of technological opportunity and the role of knowledge in
determining the rate and direction of technological change. Further, the role of
institutional and market forces in selecting and establishing technological
regimes will be considered. Second, we will present a short overview of
empirical research on the relationship between technological regimes and the
intersectoral variety in the rates and forms of organisation of innovations.
Finally, we will examine the contribution of a number of evolutionary models to
understanding the relationship between the structural and dynamic properties of
an industry and its underlying technological regime.

3.3.1 Literature overview

Not surprisingly, this overview of the literature on technological regimes starts
with a discussion on the work of Joseph Schumpeter. During his life,

                                                          
12 For a discussion of the linkages between formal and appreciative theorising, see Nelson

(1994).
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Schumpeter held two rather different views of the innovative process. The first
view, expressed in “The Theory of Economic Development” (Schumpeter,
1912), emphasises the role of new entrepreneurs in the innovative process. By
introducing new ideas and innovations, new, small firms challenge the
incumbent firms, contributing to what Schumpeter called the process of
‘creative destruction’ . However, the emergence of giant enterprises and
industrial research laboratories during the first half of the twentieth century
changed Schumpeter’s view of the innovative process. In “Capitalism, Socialism
and Democracy” (1942), Schumpeter calls attention to the key role of large
firms as engines of economic progress by accumulating non-transferable
knowledge in specific technological areas. Hence, his second view of the
innovative process could be described as “creative accumulation” (Breschi et al.,
1996). According to Freeman (1982), the main difference with Schumpeter’s
first view is: “ ... the incorporation of endogenous scientific and technical
activities conducted by large firms. There is a strong positive feedback loop
from successful innovation to increased R&D activities setting up a ‘virtuous’
self-reinforcing circle leading to renewed impulses to increased market
concentration.”

During the 1950s, 1960s and 1970s only a few economists elaborated on
Schumpeter’s idea of putting technical change at the heart of the analysis of
economic growth. Because of a preoccupation with unemployment and cyclical
phenomena, unfamili arity with natural sciences and technology, and major
difficulties associated with the measurement of technical change, most
economists preferred to consign technical change to a ‘black box’ (Coombs,
1988). The few economists that did concentrate on technical change mainly
focused on particular innovations. With regard to the links between technical
change and industrial organisation, causality was predominantly presumed to
run from industrial structure (market concentration), through firm behaviour, to
technological achievements, similar to the SCP approach. However, most of
these studies13 did not reveal this causality. Rather, there seemed to be a strong
effect of industry-specific variables and a major influence of the degree of
technological opportunity (at the industrial level) on the research intensity of the
firms (Scherer, 1967, 1986; Kamien and Schwartz, 1982). Since a high research
intensity creates technological entry barriers (in terms of high R&D investments
required to compete successfully), concentration is likely to be affected by the
research intensity of an industry and thus by the degree of technological

                                                          
13 See Kamien and Schwartz (1982) for an extensive overview.
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opportunity. Therefore, a direct relationship exists between technological
opportunity and industrial structure.

With regard to the link between technological opportunity and firm innovative
behaviour, Griliches (1958) particularly focused on the diffusion process of
inventions. Although in Griliches’ analysis the technological opportunities are
given, his contribution was important, since he was one of the first scholars to
explain the intra-firm diffusion of inventions by economic forces. Once an
invention is made, the diffusion of it (by means of firms managing the intra-fi rm
adoption of the invention) can be explained in economic terms. Grili ches (1958):
“ Conceptually, the decisions made by an administrator of research funds are
among the most difficult economic decisions to make and evaluate, but basically
they are not very different from any other type of entrepreneurial decision.”

Schmookler (1966) went one step further by claiming that not only the diffusion
of inventions, but also the pattern of inventive activity itself could be explained
in economic terms, i.e., in terms of revenues and costs. According to
Schmookler, the direction of inventive activities is mainly determined by
demand considerations: the size of the market for specif ic inventions determines
the composition of inventions. With regard to the supply side, he regards science
and technology as an unlimited resource of inventions. Hence, from the supply
side there are restrictions on neither the rate, nor the direction of inventive
activities, and therefore it is demand that ultimately shapes this process.

According to Rosenberg (1976), the central weakness of Schmookler’s demand-
pull approach is the neglect of supply-responsiveness of technology and
invention. His main objection is that inventions are not equally possible in all
industries, because “ ...there is a crucial intervening variable: the differential
development of the state of subdisciplines of science and bodies of useful
knowledge generally at any moment in time.” . He therefore argues that
industries should be treated individually, since the supply of inventions depends
on the knowledge bases upon which inventive activity in each industry can be
drawn. But not only the rate of inventions is limited, inventive activities are also
subject to what Rosenberg calls ‘ focussing devices’ . These devices imply that
inventive activities cannot explore in all directions, since “ ...complex
technologies create internal compulsions and pressures which, in turn, initiate
exploratory activity in particular directions.”  (Rosenberg, 1976).
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Nelson and Winter (1977) agree that, even under a wide range of demand
conditions, some powerful intra project heuristics could apply that guide the
evolution of certain technologies in a particular direction. They call these
directions ‘natural trajectories’ , and introduce the notion of a technological
regime. A technological regime reflects the (perceived) boundaries of
technological opportunities for further innovations and defines the trajectories to
those boundaries. Like Rosenberg, they also recognise that underlying the
movement along the natural trajectories involves “ ... a certain knowledge on the
part of the technicians, engineers, scientists, involved in the relevant inventive
activity.”  (Nelson and Winter, 1977, p.60). One key property of the knowledge
base that may differ across industries is the extent to which scientific knowledge
underpins the relevant technologies. That is, in some industries the role of
science may be limited: the knowledge may then be quite specific and “ may
involve more art and feel than science”  (Nelson and Winter, 1977, p.60).
However, in other industries science may play a major role in the process of
technological change, providing generic knowledge relevant to the specific
technologies.

Dosi (1982, 1988a) elaborates on both the natural trajectories and the
characteristics of the knowledge base. To start with the latter, Dosi (1988a)
distinguishes three aspects of knowledge: (1) the level of specificity, (2) the
level of tacitness, and (3) the extent to which the knowledge is publicly
available. The first aspect is quite similar to the property of the knowledge base
put forward by Nelson and Winter (1977), i.e., knowledge can be universal and
widely applicable, or more specific to particular ‘ways of doing things’ . The
second aspect has to do with the extent to which the knowledge is well codified,
or whether it is more tacit, learned mainly through practice. The third aspect
relates to the fact that some knowledge is open and public, e.g., scientific and
technical publications, whereas other knowledge is more private, either because
it is protected by secrecy or patents which represents a choice behaviour of
firms, or because it is tacit, which may either represent a choice not to
‘articulate’ the knowledge (akin to secrecy), or may be inherent in the process
by which the knowledge needs to be exchanged or ‘ taught’ .

With regard to Rosenberg’s focussing devices, and Nelson and Winter’s
technological regimes and natural trajectories, Dosi (1982) adds to their
concepts the notion of ‘ technological trajectories’ and ‘ technological
paradigms’ . Similar to what a ‘scientific paradigm’ does in science in general14,
                                                          

14 See Kuhn (1962).
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a technological paradigm sets out the relevant technological problems, and the
pattern of solving these problems that are based on selected principles derived
from natural sciences and on selected material technologies. A technological
paradigm thus “ …embodies strong prescriptions on the directions of technical
change to pursue and those to neglect.”  (Dosi, 1982, p.152). These directions
are then the technological trajectories, defined as the patterns of problem solving
activities on the ground of a technological paradigm. Typical examples of
technological paradigms and trajectories can be found in chemical processes,
power generation, aircraft technology, microelectronic technology (Nelson and
Winter, 1977; Saviotti and Metcalfe, 1984; Sahal, 1985), and in biotechnology
(Orsenigo, 1989).

An interesting question posed by Dosi (1982) is what actually determines the
emergence and establishment of a technological paradigm. Selection by market
mechanism is not likely to be very strong ex ante, given the intrinsic uncertainty
associated with the outcome of a technological paradigm.15 Dosi (1982, p.155):
“ Other, more specific variables are li kely to come into play such as (1) the
economic interests of the organizations involved in R&D in these new
technological areas, (2) their technological history, the fields of their expertise,
etc.; (3) institutional variables ‘strictu sensu’ such as public agencies, the
mil itary, etc.”  The market is more selective ex post and within a technological
paradigm. After a technological paradigm is selected and the technological
trajectories have been defined, the market operates as (1) a selecting device
among the range of products in which the technologies have been incorporated,
and (2) as a signalling device, inducing producers to respond through technical
advance, but mainly within the boundaries of the existing technological
trajectory. New technological paradigms emerge “ ...either in relation to new
opportunities opened-up by scientific developments or to the increasing
difficulty in going forward on a given technological directory...”  (Dosi, 1982,
p.157).

Dosi (1988a) suggests that the empirically observed inter-sectoral differences in
the rates and forms of organisation of innovations can be explained by
0differences in paradigm-specific opportunities.16 Since opportunities for
innovation depend on the stage of development of a technological paradigm (by
definition, the establishment of a new paradigm increases both the scope and the
ease with which potential innovations can be achieved), unevenly distributed
                                                          

15 See also Freeman (1974).
16 Scherer (1967, 1986) and Kamien and Schwartz (1982) provide similar suggestions.
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degrees of development across sectors can explain the inter-sectoral differences
with regard to innovations.

However, there are also differences between technological paradigms. One
aspect in which technological paradigms differ (and, related, the opportunities
for innovation) has already been mentioned, i.e., the underlying properties of the
knowledge base. But differences in the paradigm-specific opportunities may also
stem from “ ...(1) the ‘ease’ with which technological advances, however
defined, can be achieved; (2) different possibil ities for the innovator to
appropriate economic benefits from it in terms of profits, market shares, etc.;
and (3) different degrees of cumulativeness of technological advances...”  (Dosi,
1988b, p.233). The ‘ease’ with which technological advances can be achieved in
a certain sector depends on, for instance, the extent to which that sector can
draw from the knowledge base and the technological advances of its suppliers
and customers. Appropriability refers to the possibility of innovators to reap the
profits from their innovations and to protect it from imitation. Possible
appropriability devices17 are patents, secrecy, lead times, costs and time required
for duplication, learning curve effects, superior sales efforts, and differential
technical efficiency due to scale economies. Several studies18 have shown that
the combination of these devices, as well as the overall degree of
appropriability, differs between sectors. Finally, dynamic returns to innovative
effort or auto-correlated probabilities of innovative success, indicating the
cumulativeness of technological advance19, may differ between sector because of
differences in the cognitive nature of the learning process (e.g., learning by
doing). It depends on the extent to which the underlying technology is
cumulative, i.e., the extent to which “ ...today’s technical advances build from
and improve upon the technology that was available at the start of the period,
and tomorrow’s in turn builds on today’s.”  (Nelson, 1995, p.74).

For a clear understanding of the differences between technological paradigms
and technological regimes, it is perhaps useful to express our view on the
distinction between the two concepts. A technological paradigm defines the
technological opportunities for further innovations and channels the direction of
technological activities within a paradigm (i.e., the technological trajectories).
The emergence and establishment of a technological paradigm is mainly
determined by institutional factors, whereas market selection is more important

                                                          
17 See Levin et al. (1984).
18 See Dosi (1988a) for an overview of these studies.
19 See also Teece (1982, 1986).
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within a paradigm (i.e., along the technological trajectories). Finally, each
technological paradigm is characterised by a particular combination of the
following elements: (1) the ‘ease’ of achieving technological advances, (2) the
level of appropriability, (3) the level of cumulativeness, and (4) the properties of
the knowledge base, common to specific activities of innovation and production
and shared by the population of f irms undertaking those activities.

This particular combination of opportunity, appropriabili ty, cumulativeness
conditions and properties of the knowledge base in turn determines the
technological regime, which specifies the economic logic governing the
introduction and adoption of the paradigm-specific technologies. Hence, a
technological paradigm defines the opportunities of the innovative process
mainly in technological terms, whereas a technological regime consists of the
economic opportunities and constraints.
To explain how a technological regime specifies the economic logic governing
the introduction and adoption of paradigm-specific technologies, usually two
combinations of opposite regime conditions are analysed in the li terature on
technological regimes. The first one is characterised by low appropriability and
cumulativeness conditions, and the knowledge is mainly specific, codified and
simple.20 All these conditions facilitate innovative activities by young and small
firms. Low appropriabil ity conditions impede the persistence of high profits
associated with previous innovations and, as a consequence, they impose a
barrier to growth to previously successful innovators. And because
cumulativeness is low, previously successful innovators cannot benefit from
dynamic increasing returns to their innovative efforts. Finally, the properties of
the knowledge base contribute to potentially high spillover levels. When the
knowledge underlying an innovation is specific21, codified and simple, it spills
over rather easily, which facili tates imitation by other firms.

Therefore, when appropriability and cumulativeness conditions are low, and the
knowledge is mainly specific, codified and simple we can expect the pattern of
innovative activities to be characterised by the constant inflow of new
entrepreneurs with new ideas, products and processes, continuously challenging
the established firms and wiping out their quasi rents associated with previous
innovations. Since such a pattern resembles the first one of Schumpeter’s two
views on the innovative process (as set out at the beginning of this subsection), a

                                                          
20 Opportunity conditions are assumed to be similar in these two regimes.
21 In the sense that generically applicable scientific knowledge plays a minor role.
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regime with such underlying conditions is often called a Schumpeter Mark I
(SM-I) regime.

This SM-I regime is contrasted with a technological regime where the three
conditions are reversed. Here, appropriability and cumulativeness conditions are
high, whereas the knowledge is mainly generic, tacit and complex. Under these
conditions, the patterns of innovative activities are likely to be dominated by
large and established firms. High appropriabil ity conditions facilitate the
persistence of high profits associated with previous innovations. Therefore,
previously successful innovators will have sufficient financial means to expand
their operations. Further, because of high cumulativeness the previously
successful innovators can explore dynamic increasing returns to their innovative
efforts, which reinforces their innovative successes. Finally, the properties of the
knowledge base impede other firms to imitate successful innovators, because
generic, tacit and complex knowledge by definition implies low spillover levels.

Since the pattern of innovative activities resulting from such conditions is likely
to be characterised by the dominance of large and established firms and by high
(technological) entry barriers, this regime closely resembles Schumpeter’s
second view on the innovative process. Therefore, a regime with high
appropriability and cumulativeness conditions and with generic, tacit and
complex knowledge conditions is called a Schumpeter Mark II (SM-II ) regime.

In conclusion, the conditions defining a technological regime provide a set of
economic opportunities and constraints for the population of innovative firms.
As such, the technological regime framework provides a plausible theoretical
explanation for the inter-sectoral variety in the rates and forms of organisation of
innovations. To what extent the empirical literature on technological regimes
supports this explanation will be investigated in the next subsection.

3.3.2 Empirical evidence on innovative patterns

The most important empirical work in this area can be found in Malerba et al.
(1995) and Breschi et al. (1996). By using patent data for four countries
(Germany, France, United Kingdom and Italy) for the period 1968-1986,
Malerba et al. (1995) construct a group of indicators of the Schumpeter Mark I
and Schumpeter Mark II patterns of innovative activities, and call these patterns
respectively ‘widening’ and ‘deepening’ . Next, they group the empirical proxies
into four types: concentration of innovative activities, size of the innovating
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firms, change over time in the hierarchy of innovators, and the relevance of new
innovators. After applying these indicators to 33 technological classes, the
authors find the following results.

First, patterns of innovative activities differ systematically across technological
classes. Second, they observe that across countries, remarkable similarities
emerge in the patterns of innovative activities for each technological class. In
the same technological class the indicators approximately have the same values
across countries. Third, two groups of technological classes can be defined, in
which innovative activities are organised according to the widening and the
deepening patterns of innovative activities. In general, mechanical and
traditional sectors show a widening pattern, whereas chemicals and electronics
better show a deepening pattern. Especially the second result “ ...suggests
strongly that ‘ technological imperatives’ and technology-specific factors
(closely linked to technological regimes) play a major role in determining the
patterns of innovative activities...”  (Malerba et al., 1995, p.47).22

Breschi et al. (1996) estimate the impact of a number of technological regime
variables on Schumpeterian patterns of innovation (defined by the specific
combination of entry, stabili ty and concentration of the innovating firms). They
find considerable evidence for the existence of a relationship between sectoral
patterns of technical change and the nature of the underlying technological
regime. Especially the deepening patterns of innovative activities seem to be
related to high degrees of cumulativeness and appropriability, and high
importance of basic sciences relative to applied sciences. Another interesting
conclusion is that widening patterns of innovation are associated to either very
high or very low opportunity conditions. The authors explain this result by the
ambiguous effects of opportunity conditions on concentration. High levels of
opportunity facilitate the entry of new innovative firms, which leads to an
increase in the population of innovation and thus lower concentration levels. But
also low opportunities can have a negative effect on concentration by impeding
the persistence of major differences in innovative rates among firms.

In conclusion, both of these papers provide evidence for the hypothesis that a
relation exists between the pattern of innovative activities in a sector and its
underlying technological regime. However, although the previously mentioned
authors have used some demographic indicators, they have only employed these
                                                          

22 Malerba et al. (1996) perform a similar analysis with a different dataset, however the
results are “ remarkably consistent” .
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indicators to the population of f irms registered in patent databases. The question
that naturally follows concerns whether a similar relationship exists between the
structural and dynamic properties of the full population of firms in an industry
and its underlying technological regime.

3.3.3 Technological regimes and industrial dynamics in evolutionary
models

Such a relationship, running in first approximation from the latter to the former,
has indeed been suggested by, e.g., Nelson and Winter (1982), Winter (1984)
and Dosi et al. (1995). Nelson and Winter (1982) have developed a number of
models that capture some elements of technological regimes. Without going into
details, the main results derived from the simulations of these models are the
following. In general, higher opportunities for innovation (parameterised by a
higher growth of latent productivity, i.e., the movement of the set of new
technological possibil ities created outside the industry) lead to higher
concentration levels. The model’s explanation for this is that if one firm is
successful in R&D, it will create a larger advantage of that firm over non-
successful innovators in case of high latent productivity growth.

Being successful in R&D is modelled as a random process, in which a firm
receives a draw from a distribution of technological opportunities. Since higher
latent productivity growth is reflected by the distribution of opportunities, the
‘productivity jump’ of a successful innovator will therefore be higher when
latent productivity growth is high. This, in turn, leads to a higher expansion of
the firm (in the model, net investments are a function of price-cost margin,
which is positively related to productivity levels). Another important result is
that a lower ease of imitation (implying higher appropriabili ty) leads to a higher
ultimate concentration level of the industry. The explanation is quite
straightforward: if it is hard for firms to imitate the technology of an innovator,
the latter will be able to reap the benefits from its innovation longer than in case
of easy imitation, and will therefore expand more rapidly.23

Nelson and Winter (1982) admit that the exclusion of entry of new fi rms in their
models might be an important omission. Winter (1984) overcomes this omission

                                                          
23 Both this and the previous result were found if the industry was relatively unconcentrated

initially. Industries that were initially already concentrated were found to remain very stable
with regard to concentration, regardless of the parameter setting.
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by presenting an extension of one of the models presented in Nelson and Winter
(1982), in which the role of innovative entry on industry evolution is examined
under two different technological regimes. The first regime is labelled
‘entrepreneurial’ , and resembles more or less Schumpeter’s earlier view of the
innovative process, as expressed in “The Theory of Economic Development” .
Schumpeter’s later view, expressed in “Capitalism, Socialism and Democracy”
underlies the ‘ routinised’ technological regime. These different regimes are
represented by different parameter settings24, such that an entrepreneurial regime
is favourable to innovative entry and unfavourable to innovative activity by
established firms. In a routinised regime these conditions are reversed, of course.

The two most important parameters are the relative importance of externally and
internally generated innovations, and the degree of comprehensiveness of a
single innovation. Externally generated innovations, which are more important
in the entrepreneurial regime, are the result of ‘background’ R&D activity that is
relevant to the industry’s technology but is not funded by the industry itself (as
opposed to internally generated innovations). Hence, this first parameter
basically reflects differences with respect to properties of the knowledge base
relevant to the industry. The second parameter relates to cumulativeness
conditions. In the entrepreneurial regime, an innovation is comprehensive in the
sense that if a firm is successful in innovating, the firm’s new productivity level
is equal to the productivity level associated with the new technique it found. In
the routinised regime, however, the new productivity level is the geometric
mean of the level associated with the innovation and the level associated with
the old technique. Including some additional assumptions with regard to the
productivity growth of the old technique, actual innovative entry is tended to be
confined to the early stages of the industry’s development in the routinised
regime. In later stages, “ ...the potential innovative entrant faces the handicap
that the single good idea represented by his one non-comprehensive innovation
tends not to be enough to permit him to match the efficiency of the established
competition...”  (Winter, 1984, p.221).

The simulation runs show a number of interesting results. With regard to the
ratio of adopted innovations associated with new entry and the innovations by
established firms, the simulations clearly show that in the entrepreneurial regime
the majority of innovations arise from the entry of new firms, as opposed to the

                                                          
24 More specifically, the parameters governing the rate of innovative entry and the

productivity level resulting from an innovation have different values between the two
regimes.
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routinised regime. Further, the total number of innovations in the routinised case
is much higher than in the entrepreneurial regime, which offsets their more
incremental nature. Hence, by the end of the run productivity is substantially
higher in the routinised case. Finally, in the entrepreneurial regime the industry
structure is much less concentrated and less profitable at the end of the run than
in the routinised regime.

The final model discussed here is by Dosi et al. (1995). In this model,
technological regimes (together with ‘market regimes’ , indicating the relative
speed at which selection occurs) are used to explain the empirically observed
intersectoral variety in the industrial structures and dynamics. In the model, each
technological regime is defined by the stochastic processes determining the
‘competitiveness’ of entrants and incumbents. For instance, in one regime,
called Schumpeter Mark I, the competitiveness of incumbents remains the one
they were endowed with at their birth. Hence, in this regime they never learn, as
opposed to the Schumpeter Mark II regime. Here, learning by incumbents is
highly cumulative: in each period the competitiveness of incumbents is
stochastically augmented by a factor that is positively related to their relative
competitiveness (i.e., vis-à-vis the average competitiveness of the industry).
Thus, in Schumpeter II regimes, ‘success breeds success’ . Finally, an
Intermediate Regime is defined, in which the competitiveness of incumbents
essentially follows a random walk with a positive drift.

Interestingly, the simulation results show that within a Schumpeter I regime
some intertemporally stable, but lowly concentrated, structures emerge. This is
not the case for the other two regimes that display an irregular long-term
cyclical pattern. In a Schumpeter II regime, however, the average time that the
industries spend in highly concentrated structure is longer than in an
Intermediate regime. Hence, disruptions occur less frequently under Schumpeter
II , but they induce major discontinuities when they occur. With regard to firm
size distributions, the simulations show that the less skewed size distribution
appear under Schumpeter I regimes, whereas the most skewed appear under
Schumpeter II .

Besides these comparisons between the three regimes, the experiments by Dosi
et al. (1995) also allow for an analysis of different parameter settings within the
regimes. Three parameters are considered here: the technological opportunities
for incumbents, the technological opportunities for entrants, and the level of
market selection. In general, higher opportunities for incumbents lead to a
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smaller population of firms, higher concentration, and lower market
turbulence.25 Higher technological opportunities for entrants lead to exactly
opposite results: a higher number of firms, lower concentration, and higher
market turbulence. Finally, a higher level of market selection has a negative
effect on the number of firms, and a positive effect on concentration.26 Hence,
higher selective market forces (more ‘eff icient’ markets) “ ...tend to yield, in
evolutionary environments, more concentrated market structures, rather than
more ‘perfect’ ones in the standard sense.”  (Dosi et al., 1995, p.13).

3.3.4 Conclusion

This section has shown that the technological regime approach provides a sound
framework for explaining the inter-sectoral variety in the rates and forms of
organisation of innovative activities. By explicitly recognising competition as a
dynamic process, and by allowing for bounded rationality and technological
uncertainty, the theoretical foundations of the technological framework are
based on very realistic assumptions. Given these assumptions, the technological
regime frameworks explains the sectoral asymmetries in innovative activities by
differences in opportunity, appropriability, cumulativeness and knowledge
conditions underlying the innovative activities. As we have shown, this
explanation is supported by substantial evidence from empirical research that
focussed on the structure and dynamics of the population of innovating firms.

The evolutionary models discussed in the previous subsection also depict a
theoretical relationship between the structural and dynamic properties of the full
population of firms in an industry and its underlying technological regime. In
chapter 4 we will test whether such a relationship can also be established
empirically. However, differences in the structural and dynamic patterns
between industries may also stem from the fact that the industries are at different
stages of their life cycle. In the next section we will elaborate on how theories
on product or industry li fe cycles depict the evolution of industries.

                                                          
25 Measured as the sum of the absolute changes in market shares.
26 No clear relationship was found between market selection and turbulence.
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3.4  Product li fe cycles

The product life cycle approach starts from the observation that most successful
products exhibit a life cycle that basically consists of four subsequent stages:
introduction, expansion, consolidation, and contraction. When the product is
introduced, sales are low and prices are high, but in the expanding stage sales
increase rapidly and prices fall significantly. Both trends level off in the
consolidating stage, after which sales start to fall during the contracting stage;
for prices the trend is less clear during this stage. These regularities in itself may
have important implications for firms marketing their products27, but from the
perspective of this chapter, the most interesting aspects of the product life cycle
are the co-evolving structural and dynamic properties of the industry. This
section will present the most important contributions to the literature on product
or industry li fe cycles.

3.4.1 Literature overview

In the late thirties, Joseph Schumpeter28 already observed that after the
introduction of a major product innovation, a strong ‘band-wagon’ effect often
appears, followed by the entry of many new firms into the rapidly expanding
sectors, attracted by the high profits associated with innovations. However, the
entry of new firms leads to an erosion of profit rates, and as the industry matures
and its product becomes standardised, a shift to cost-saving innovations occurs
and the exploitation of scale economies becomes more important, leading to a
reduction in the number of f irms in the industry. In the subsequent decades, a
number of detailed industry studies29 have confirmed and refined these
regularities. For instance, the evolutionary patterns of automobiles, car tires,
televisions and television picture tubes, penicillin, typewriters, and commercial
aircraft for trunk carriers all showed a sharp shakeout, together with a peak of
entry rates in the initial build-up of the industry and negligible entry shortly after
the shakeout. Furthermore, these studies observed that market shares tend to
stabilise over time, with a general dominance of the earliest entrants in these
industries (Klepper, 1997).

                                                          
27 See e.g., Dean (1950), Levitt (1965), or Hayes and Wheelwright (1979a and 1979b).
28 See Schumpeter (1939).
29 See Klepper (1997), and Klepper and Simons (1999) for a detailed overview of these

studies.
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Textbook models of perfect and monopolistic competition are not able to
reproduce these regularities. The main reason for this is that such models are
static, whereas the product life cycle is essentially a dynamic process. But even
applying comparative static analysis could not show the patterns described by
the product life cycle framework. Suppose the product life cycle would be
simulated in a model of perfect competition by an exogenously shifting demand
curve. In such models the relationship between demand and the number of f irms
would always be positive and linear: ceteris paribus, the change in the number of
firms is always equal to the total change in demand divided by the cost
minimising size of the representative firm.

In the framework of the product life cycle, however, this relationship is not so
straightforward. There can even be an increase in demand and a simultaneous
reduction in the number of f irms in the industry. This last regularity can be
reproduced only by an (again) exogenously changing production function such
that the average cost minimising size of the representative firm increases. Still,
this would not reflect the empirically observed gradual standardisation of the
industry’s product over its life cycle, simply because in models of perfect
competition the products are assumed to be homogeneous. Models of
monopolistic competition could reproduce this result by imposing a decreasing
elasticity of the firm’s individual demand curve. But then again the adjustment
needed to reproduce the different regularities of the different stages of the
product life cycle would have to be imposed on the model.

In conclusion, static models of industrial organisation require arbitrary
assumptions to reproduce the regularities of the different evolutionary stages of
an industry by exogenously changing the relevant parameters of the model. But
these models cannot explain why these parameters change over the life cycle of
an industry. An approach for modelling and analysing the relationships between
the product life cycle, the co-evolving nature of technological change and their
impact on industrial dynamics that does not require such arbitrary assumptions
would obviously be much more satisfactory.
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In line with Klepper and Simons (1999), we divide the most important
contributions in modelling and analysing these relationships30 in two ‘schools’ .
The first one, labelled ‘event theories’ presumes a well -defined technological
event or development that increases the value of experience of some firms. The
second school, called ‘competitive advantage theories’ , emphasises firm
heterogeneity coupled with intensifying competition over time. Both approaches
show how a shakeout of firms can take place in the evolution of the industry.
We will first discuss the event theories.

The first important contributions in the event theories have been provided by
Willi am Abernathy and James Utterback31, by introducing the notion of a
dominant design. In their view, new industries are initially characterised by
uncertainty about the product’s technology and the user preferences. In this
‘experimental’ stage market shares often change rapidly between successful
innovators and less efficient rivals, with firms mainly competing on product
innovations. However, as both producers and consumers gradually select the
desired features of the product, the opportunities for improving the product
decrease. At this stage a ‘dominant design’ emerges that sets the standards for
the product. “ A dominant design…is synthesized from more fragmented
technological innovations introduced independently in prior products and tested
and often modified by users of those prior products.”  (Suárez and Utterback,
1995, p.418) Typical examples of emerging dominant designs can be found in
the typewriter industry, automobiles, television and picture tubes and the
transistor industry.

Obviously, the technological event here is the emergence of a dominant design
that shifts the terms of technological competition in an industry. In this stage,
firm survival is largely determined by the abil ity to adapt to the new
technological environment. Firms that are not able to eff iciently produce the
dominant design are forced to exit. Further, entry and survival rates decline too,
because (1) the opportunities for new product designs are depleted, and (2) the
experience, knowledge and reputation build up by earlier entrants have become
important competitive assets, reducing the relative competitiveness of the new

                                                          
30 Naturally, the product li fe cycle concept has also been studied by other economic

disciplines. We have mentioned already some contributions from the business literature (see
footnote 27), but also in the international trade literature the product li fe cycle has been
employed; see Vernon (1966, 1979). However, we will only discuss the literature on product
li fe cycles in industrial economics.

31 See, for instance, Utterback and Abernathy (1975) and Abernathy and Utterback (1978).
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entrants and thus decreasing their survival chances. Together with the increasing
exit of fi rms not sufficiently adapting to the new technological environment, this
leads to a shakeout of firms in the industry.

After the emergence of a dominant design, exit still continues, as surviving firms
gradually shift their attention from product improvements to means of producing
more eff iciently by investing in capital-intensive production methods. This
increases the minimum eff icient size of firms in the industry, which forces firms
below this size to exit as well . Eventually, the industry consolidates as the
opportunities for improving the production process are depleted. Hence, process
innovations occur less frequently and become more incremental, causing market
shares to stabilise.

An important condition for the emergence of a single dominant product design is
that the consumers of the product have similar demands. Obviously, not all
markets satisfy this condition. Windrum and Birchenhall (1998) provide three
counterexamples of mature markets characterised by divergent consumer needs
(camera, musical ampli fier and personal computer markets) which all have
differentiated into a number of market niches. Moreover, they observe, even
within these niches alternative designs may compete. For instance, within the
group of professional photographers, a variety of f ilm formats, lenses and
shutter mechanisms are being used. In their simulation model, embodying
coevolutionary, interpopulation dynamics of consumer and firm learning, they
aim to analyse under what conditions such a pattern of multiple niches is likely
to emerge. The authors’ simulation experiments are based on differences in the
initial number of f irms to consumer types. The results show that in most of the
simulation runs the market converges to more than one consumer type serviced
by multiple firms. Only in some cases a single dominant design emerges. The
likelihood of this event decreases as the initial number of f irms to consumer
types increases. Hence, the authors conclude that the emergence of a single
dominant design is not more than a ‘special case’ .

Within the event theories, the model by Jovanovic and MacDonald (1994) offers
an alternative technological event that shifts the terms of competition in the
industry. Instead of the emergence of a dominant design, a major invention
emanating from outside the industry eventually causes the shakeout of f irm. The
intuition behind their model is as follows. At the moment the invention arrives, a
group of firms trying to exploit the invention will enter the industry. Both
incumbents and entrants will try to implement the invention, but only the
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successful ones will be able to decrease their costs and expand to a greater
optimal size. Being successful is determined by a random process, in which the
more experienced incumbents have a higher probability to implement the
innovation than the post-invention entrants. The output growth and declining
prices resulting from the expansion of successful firms render technological
laggards unprofitable and force them to exit the industry. Since entry does not
occur after the introduction of the invention, the exit of the laggards constitutes
the shakeout in their model.

In the comparative advantage theories, shakeouts are due to a process of
continuously increasing competition instead of the emergence of a dominant
design or a radical invention. Within these theories, the organisational ecology
approach focuses on non-technological competition. Organisational ecology32

primarily studies the evolution of heterogeneous populations of organisational
forms, but it departs from the traditional organisational theories by focussing
much more on the population of organisational forms rather than on the
behaviour of individual organisations. An important assumption in this theory is
that organisations are relatively inert, i.e., they adapt rather slow to changes in
the selection environment. Competition (for scarce resources) and legitimation
(the social acceptance of an organisational form) determine the evolutionary
pattern of populations. The strength of both these forces depends on the density
of the population in the following way. The closer the number of organisations
is to the maximum number of organisations supported by the resource
environment (the so-called carrying capacity), the more intensive the selective
forces will be.

The most interesting aspect from the point of view of this thesis is the predicted
relationship between density on the one hand, and founding and survival rates of
organisational forms on the other. In the early stage of the evolution of a
population, founding and survival rates wil l be low due to the absence of
sufficient legitimacy. But as legitimacy increases over time, both founding and
survival rates will grow up to a point where the carrying capacity of the
environment is approached. At this point the increased competition for the
scarce resources will cause founding and survival rates to decline again.

As with the product li fe cycle theories, organisational ecology could explain
differences between industries by asserting that industries are in different stages
                                                          

32 Hannan and Freeman (1989) and Hannan and Carroll (1992) are the basic references for
studies in this field.
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of their evolution. However, we have not included the organisational ecology
approach in our empirical analysis for the following reason. The organisational
ecology approach strongly focuses on the emergence and coexistence of
different organisation forms of f irms, but with the available data it is virtually
impossible to distinguish these different organisational forms. Therefore, despite
the focus on non-equilibrium interactions and the recognition of heterogeneity
and bounded rationality, we have not explored the empirical opportunities of the
organisational ecology approach.

Comparative advantage theories embodying increasing technological
competition can be found in Gort and Klepper (1982), Klepper and Graddy
(1990), and Klepper (1996). Gort and Klepper construct a theory of the
evolution of a new industry to explain the history of the diffusion of 46
products. They distinguish five evolutionary stages with respect to the number
of producers in a prototypical new industry. The commercial introduction of a
new product marks the beginning of stage I. Stage II is defined as the period of
sharp increase in the number of producers, whereas in stage III the number of
entrants more or less balances the number of exiting firms. Stage IV then is the
period of negative net entry, and the final stage V is the second period of
approximately zero net entry. However, Gort and Klepper do not consider the
first and the final stage and thus apply their following model only to stages II ,
III , and IV.

By definition, in every period the expected number of entrants is equal to the
probability of entry of each potential entrant, multiplied by the number of
potential entrants. The probability of entry depends on information on new
product technology, including the potential rewards of entry. The information
stems from two sources: (1) non-transferable information emanating from
experience in production by existing firms, and (2) information emanating from
sources outside the set of current producers. The first type of information has a
negative effect on the probability of entry, since it provides an advantage of
incumbents over entrants and hence operates as an entry barrier. Because the
second type of information reduces the value of accumulated experience of
incumbents, it has a positive effect on entry. In the early stages of the product
li fe cycle, most innovations are based on the second type of technological
information, whereas at later stages the innovations emanate more from the
accumulated stock of experience of existing firms.
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Therefore, entry rates are high in the early stage of an industry, when the
number of firms is relatively low and, consequently, profits are high. But as the
industry matures, three forces reduce the entry of f irms: (1) the accumulation of
experience by existing firms, (2) the decrease in profit rates resulting from an
increase in the number of producers, and (3) a gradual reduction in the
population of potential entrants that have not yet entered the market. Eventually
a point of zero net entry is reached, but as the above mentioned process
continues, entry rates are stil l falling and exit rates will rise sharply, because the
increasing competition compresses profit margins and forces less eff icient firms
to leave the market. Gort and Klepper (1982) find substantial support for their
hypotheses in analysing the 46 product histories. However, as they state in their
conclusion: “ We view many of these inferences as only first steps toward
developing a theory of the evolution of industries.” (Gort and Klepper, 1982,
p.651).

In this respect, Klepper and Graddy (1990) could be seen as a second step in
developing such a comparative advantage theory. After reanalysing the data set
assembled by Gort and Klepper, they establish three evolutionary stages, again
with respect to the number of f irms in a new industry: first it grows, then
declines sharply, and finally it levels off .33 Based on this and other inferences
about output and prices, Klepper and Graddy construct a model, which aims at
explaining the observed regularities. In comparison with Gort and Klepper
(1982), the model by Klepper and Graddy focuses more on individual firms.
They assume that the limited number of potential entrants differ in the average
costs and product quali ty, and that cost reductions only occur immediately after
entry by means of imitating more eff icient rivals. All firms in the industry
change their capacity in each period at a rate that is determined by their average
cost relative to the prices.

Including some other assumptions, Klepper and Graddy (1990) show that their
model is “ capable of explaining the fall in price, the rise in output, and the
eventual levelling off of both that characterizes the evolution of new industries.”
(Klepper and Graddy, 1990, p. 39). According to the model, in the early stage of
a new industry, when prices are relatively high, the number of f irms increases
because all firms are profitable, and consequently no prior entrants exit the
industry. But as the price decreases, firms with high cost levels will eventually
make losses and therefore exit the industry. At some point, the price wil l attain a
level at which profitable entry is no longer possible, causing entry to cease. With
                                                          

33 Hence, these stages resemble respectively stages II , IV and V of Gort and Klepper (1982).
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exit still continuing, the number of fi rms in the industry drops significantly, until
eventually price levels off , which stabilises the number of firms.

Although the model by Klepper and Graddy is capable of reproducing many
empirical regularities concerning the evolution of new industries, the authors
admit that their model is highly simpli fied, excluding factors as innovation by
incumbents, scale economies, and strategic behaviour. Further, the gradual shift
over time from product innovations to process innovations, as observed by for
instance Schumpeter (1939), is absent in their model as well. The model by
Klepper (1996) does include many of these issues. Furthermore, it allows for the
derivation of a number of testable hypotheses, as will be shown in the next
chapter. For these reasons we believe that Klepper (1996) provides the most
appropriate conceptual tool to study empirically the relation between the
evolutionary stages of industries and their structural and dynamic properties.
The next subsection will highlight the most important features of this model.

3.4.2 Klepper’s model

The basic idea of Klepper’s model is to depict the evolution of a new,
technologically progressive industry. In this model, all the decisions of the firms
are made to maximise current expected profits. For firm i in period t, the
expected profit E (Πit) can be expressed as:

E (Πit)     = [si + g (rdit)] G  - F - rdit +

[Qit-1(Qt/Qt-1) + ∆qit] × [pt - c + l (rcit)] - rcit - m (∆qit) (3.1)

In the first part of this expression,  [si + g (rdit)] is the probability of f irm i
developing a product innovation. This probabil ity is determined by two factors.
The first one is the firm’s innovative expertise si, with which it is randomly
endowed at its birth and which remains constant over time.34 The second factor
is the firm’s spending on product R&D, i.e., rdit. The function g (rdit) reflects the
firm-specific opportunities for product innovation. The following conditions
apply:

                                                          
34 The cumulative distribution function H (s) , from which the innovation expertise si  is

drawn, is the same for the potential entrants in each period.
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(i) g’ (rdit) > 0 ,∀ rdit ≥ 0
(ii ) g’’ (rdit) < 0 ,∀ rdit ≥ 0
(iii) g’ (0) G > 1
(iv) ∀ t , ∃ i s.t. si = smax

(v) si + g (rdit) ≤ 1

G denotes the one-period gross monopoly profit from offering a distinct product
variant achieved by a successful product innovation. The innovators sells the
distinctive variant of the product at a higher price than the price of the standard
product, but the monopoly profits are only made for one period, because other
firms monitor all the innovations at some fixed costs35 F and subsequently
imitate the innovation without any additional costs. After one period, all product
innovations are copied and incorporated in the standard product. It is assumed
that F > [si + g (rdit)] G - rdit for all rdit. Hence, all firms must produce the
standard product in order to have nonnegative profits. Condition (ii i) ensures
that rdit > 0 for all i, t.

The second part of expression (3.1) denotes the firm’s net profit from producing
the standard product after subtracting its spending on process R&D, rcit, and the
costs of adjusting its output, m (∆qit).  Qt, the total quantity demanded, expands
over time as the price of the standard product, pt, falls over time. A key
assumption is that incumbents can maintain their market share at no additional
costs. Therefore, they experience a rise in their sales from Qit-1 in period t - 1 to
Qit-1(Qt/Qt-1) in period t, where Qt/Qt-1 is the growth in total quantity demanded.
If it wants to increase its output further (i.e., increasing its market share), it must
incur an adjustment cost of m (∆qit), where ∆qit is the expansion in its output
above Qit-1(Qt/Qt-1). The function m (∆qit) is such that m’ (0) = 0,  m’ (∆qit) > 0
for all ∆qit > 0, and m’’ (∆qit) > 0 for all ∆qit ≥ 0. Hence, increasing market share
is assumed to be subject to increasing marginal adjustment costs.

The function l (rcit), reflecting the opportunities for process R&D, is assumed to
asymptotically approach an upper bound as rcit increases. Furthermore it reflects
diminishing returns. Hence, l’ (rcit) > 0 and l’ ’ (rcit) < 0 for all rcit ≥ 0. Because
of the assumption that l’ (0) Qmin > 1, where Qmin is the smallest level of output
ever produced by any firm, rcit > 0 for all i, t. Finally, the average cost of

                                                          
35 According to Klepper (1996), these monitoring costs F have to be incurred by a firm “ in

order to be able to imitate costlessly the innovations of its rivals, which is required to market
a distinctive product variant and also the standard product...” .
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producing the standard product36 is assumed to be independent of Qit and equal
to c - l (rcit). Thus if no firm spends money on process R&D, the average cost of
producing the standard product is equal to c, and it is the same for every firm.

If the expected profits are negative, incumbents will exit the industry. Entrants
will only enter if the expected profits are positive. In each period t there is a
limited number of potential entrants Kt. For entrants, expression (3.1) applies as
well , with Qit-1 equal to zero. It is assumed that all firms are atomistic and price
takers, and the market is cleared in every period. In every period firms decide on
how much will be spent on product R&D, process R&D, and the expansion in
market share to maximise current expected profits. As we have discussed in
section 3.2.4, this is a strong assumption, that conflicts with the more realistic
assumption of bounded rationality. On the other hand, the behavioural
assumptions of Klepper (1996) are much less strong than the assumptions
underlying the dynamics equil ibrium models as discussed in section 3.2.3,
because the agents in Klepper’s model are assumed to be myopic instead of
knowing all future states of the industry.

In Klepper (1996), the most important results of the model are formalised in ten
propositions. The next chapter will derive and test hypotheses that are based on
only four of these propositions, because the other six are related to issues for
which data is unavailable. Hence, only the propositions that are relevant for the
empirical analysis of the next chapter are given below.

Proposition I  Initially the number of entrants may rise or decline, but
eventually it will decline to zero.

To prove this proposition, first the first-order conditions for maximising
expected current profits are derived by differentiating (1) with respect to rdit ,
rcit , and ∆qit:

                                                          
36 Here, Klepper follows Flaherty (1980): average cost in period t is a function of only

process R&D in period t . However, as Klepper argues: “ If all process improvements were
assumed to be costlessly imitated one period after they were introduced, firm differences in
average costs would still be a function of only differences in contemporaneous firm spending
on process R&D. ... This change would not affect the model. Even if cost differences were
allowed to cumulate, it would only reinforce the advantages of the largest firms.”
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g’ (rdit
*) G = 1 (3.2)

[Qit-1(Qt/Qt-1) + ∆qit
* ]  l’ (rcit

*) = 1 (3.3)

m’ (∆qit
*) = pt - c + l (rcit

*) , (3.4)

where an asterisk denotes optimal values. Since it is assumed that
F > [si + g (rdit)] G - rdit for all rdit, a necessary condition for nonnegative
expected profits is:

pt - c + l (rcit
*) > 0 (3.5)

This last expression assures that m’ (∆qit
*) > 0 through expression (3.4) and,

consequently, that  ∆qit
* > 0. Hence all firms that remain in the market in period

t increase their market share. Another implication is that the firm’s incremental
profit earned from product R&D remains constants over time, since rdit

* is
defined by (3.2) and is the same for all firms. Let VEit

* = ∆qit
* [pt - c + l (rcit

*)] -
rcit

* - m (∆qit
*) denote the entrant’s incremental profit earned from the standard

product. Differentiating VEit
* with respect to pt yields:

dVEit
* / dpt = ∂VEit

* / ∂pt = ∆qit
* (3.6)

Given that ∆qit
* > 0 and that pt falls over time, VEit

* must fall over time as well .
Thus the marginal entrant must earn greater incremental profit from product
innovation over time, which can only be achieved by a higher innovative
expertise si. Hence, over time the minimum innovative expertise required for
entry must rise. As long as this minimum level is lower than or equal to smax,
then E (Πit

*) ≥ 0 for potential entrants with smax. In that case E (Πit
*) > 0 for all

prior entrants with smax, because they spent more on process R&D and have
lower average cost therefore. This can be shown by rewriting (3.3) as
Qit l’ (rcit

*) = 1, and since Qit > Qit-1, and l’’ (rcit) < 0, it follows that rcit > rcit-1.
As a consequence, no incumbent firm with smax will exit the industry. In fact,
they will want to expand their market share, but because this cannot happen
indefinitely, some incumbents will have to exit the industry. This requires a
decrease in pt such that E (Πit

*) < 0 for some incumbents with smax. After that
point, potential entrants even with smax will be unable to earn positive profits,
and no further entry will occur.
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Proposition I I  Initially, the number of firms may rise over time, but
eventually it will decline steadily.

In proving proposition I, it was shown that pt must fall over time by a suff icient
amount to cause some firms to exit in every period. Secondly, it was also shown
that after some time entry ceases. Hence, eventually the number of f irms will
decline.

Proposition II I  As each firm grows large, eventually the change in its
market share will decline over time.

If  ∆qit declines in time, ∆qit / Qt will decline, because Qt is nondecreasing over
time. As expression (3.4) indicates, ∆qit is based on pt - c + l (rcit). Since rcit

grows in time, l (rcit) will grow as well , but eventually it will approach its upper
bound. However, pt falls over time, and therefore pt - c + l (rcit), the profit
margin on the standard product,  decreases as well . Consequently, ∆qit declines
in time.

Klepper’s next five propositions are all related to issues such as the number of
product innovations, and the amount spent on product and process R&D. As
mentioned before, the absence of data on these variables impedes the derivation
of testable hypotheses.37 Therefore, these propositions are skipped, which leads
us to the fourth proposition considered here (proposition 9 in Klepper’s article).

Proposition IV For each period, firm average cost varies inversely with
firm output.

Klepper (1996, p.578): “ Since rcit varies directly with Qit and l’ (rcit) > 0 for all
rcit , it follows directly that c - l (rcit) varies inversely with Qit .”

Let us shortly summarise the model. Its main implication is that the industry will
eventually evolve to an oligopoly. The earliest successful entrants engage in
R&D and start growing. This increases their returns from R&D, because the
output in which they can embody their innovations rises. Initiall y, i.e., in the
expanding stage, firms enter, but at some point the price is driven down to a
level at which (profitable) entry is no longer possible. Exit stil l continues, as for
                                                          

37 Audretsch (1987) however found significant differences between industries in different
evolutionary stages with respect to R&D and skill i ntensity “ consistent with the assumptions
of the empirical literature.”  (Audretsch, 1987, p. 306).
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some firms the price falls below their average costs. Hence, the number of firms
declines, contributing to a shakeout. Eventually, both industrial sales and the
number of firms level off . It is in this consolidating stage that the oligopoly
emerges.

3.4.3 Conclusion

By depicting the evolution of the structural and dynamic properties of an
industry over its life, theories on product of industry li fe cycles may explain
cross-sectional differences between industries by asserting that the industries are
in different stages of their life cycle. This section has provided an overview of
these theories, divided into event theories and comparative advantage theories.
From the comparative advantage theories, the model by Klepper (1996) was
selected to provide the conceptual framework for the empirical analysis of the
next chapter. This model provides the most comprehensive theoretical
framework as it includes factors as innovation by incumbents, scale economies,
and the gradual shift over time from product innovations to process innovations.
Furthermore, this models allows for a number of testable hypotheses, as will be
shown in the next chapter.

3.5  Appraisal

Compared to the equilibrium models described in section 3.2, both the
technological regime and the product life cycle approach provide a much more
plausible and powerful framework to explain variances in the structures and
dynamics of industries. In this section we will first summarise the merits of the
two approaches vis-à-vis the mainstream equilibrium models. Next, we will
highlight the main difference between them and discuss the extent to which they
complement each other. Finally, we will focus on some important issues that are
currently stil l ignored by the technological regime framework and the product
li fe cycle approach.

The merits of the technological regime framework lie predominantly in its
abil ity to identify a number of conditions that together explain why sectoral
patterns of innovative activities are different across industries. Bounded
rationality, imperfect information and technological uncertainty are important and
plausible assumptions of the technological regime framework that are mostly
absent in equili brium models. Given these assumptions, this framework can
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explain why the creation and diffusion of technological knowledge is an
endogenous process that produces winners and losers among the firms involved in
research and development activities. As we have argued in section 3.2.4, by
assuming that new technological knowledge arrives exogenously, information is
perfect and entrepreneurs are perfectly rational, equil ibrium models lack the
possibili ty of modelling the competitive process driven by endogenous
technological change. Hence, by endogenising technological change and
identifying technological innovativeness as a major determinant of the competitive
process, the technological regime approach provides a much more comprehensive
and plausible framework for analysing the structural and dynamic properties of
industries than the equili brium models.

The strength of the product or industry li fe cycle approach lies in its ability to
endogenise the evolution of an industry over its lifetime. More specifically, it
analyses how the terms of (technological) competition change through the
formative stages of an industry, and how these changes effect the industry’s
structural and dynamic properties. To some extent, equilibrium models could be
used as well to analyse different equilibrium properties of industries under
different competitive and technological38 conditions. However, these models
would not able to explain why the competitive and technological conditions
change over time. This is an important omission, because many new industries
have shown rather similar evolutionary patterns, suggesting that the competitive
process changed in a systematic way as these industries matured. Since models
on product life cycles do explain how these changes arise, they provide a much
better tool to analyse the evolution of industries than the mainstream equil ibrium
models.

In conclusion, compared to the mainstream equilibrium models we consider the
technological regime and the product life cycle approach much more appropriate
and plausible theoretical frameworks for explaining and analysing industrial
dynamics. But how do the technological regime framework and the product or
li fe approach compare to each other? In our view, these theoretical bodies are
highly complementary. The technological regime framework explains structural
differences in industrial dynamics between industries, whereas the product life
cycle approach explains temporal differences in industrial dynamics within
industries. In general, the technological regime framework does not distinguish
the various stages through which new industries evolve. Reversely, the product
li fe cycle approach does not distinguish differences in, e.g., cumulativeness
                                                          

38 In terms of different specifications of the production function.
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conditions between industries. Within the product life cycle approach, the
comparative advantage models certainly acknowledge the cumulative nature of
the innovative process. But no reference is made to the effect of different
degrees of cumulativeness on the evolutionary patterns of the industries.

Since these two approaches are highly complementary, there seems to be a great
potential for combining the technological regime framework and the product life
cycle approach. To a large extent the deficiencies of the former can be overcome
by the latter, and vice versa. The result of such an attempt to combine the two
frameworks may be a model that allows for a direct comparison between the life
cycle patterns of new industries with different underlying technological regime
conditions. However, when the present models of the technological regime and
the product life cycle approach were taken as a starting point for such a
combined model, a number of important issues would still be ignored.

First of all, models of product life cycles generally focus on the emergence and
evolution of only one product and its associated technology. However, in many
industries we observe that firms repeatedly introduce or adopt new product
technologies that replace the older ones. Second, both these approaches do not
explicitly consider differences in the technological properties of the goods
produced by the industries. Finally, in models on technological regimes and on
industry li fe cycles the growth of a firm is generally determined by its relative
(technological) performance. However, empirical studies on firm growth do not
provide much evidence supporting such a relationship. Most of these studies
suggest that the size of a firm generally follows a random walk with a declining
positive drift.39

In conclusion, although the present models of the technological regime and the
product life cycle approach still ignore a number of interesting issues, we
believe they provide a comprehensive and plausible framework to analyse the
structural and dynamic properties of industries. Furthermore, we expect that
future efforts to combine them will prove valuable, as these two approaches are
highly complementary. A preliminary attempt to combine some parts of the
technological regime framework and the product life cycle approach and to
overcome their present shortcomings is presented in chapter 5 of this thesis.

                                                          
39 See Geroski (1998).
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3.6  Conclusions

In our search for theoretical contributions that may explain the observed
differences across industries in a dynamic and comprehensive way, we have
selected two approaches and described them thoroughly in this chapter. In our
view, both the technological regime framework as well as the product life cycle
approach are highly appropriate conceptual tools to study empirically the
differences in cross-section regularities, as they both embody elements such as
firm heterogeneity and technological uncertainty that are close to empirical
substance. With regard to their potential power to explain differences in
structures and dynamics between industries, we have argued the following.

The technological regime framework asserts that patterns of innovative activities
are determined by the combination of opportunity, appropriabil ity and
cumulativeness conditions, and properties of the technological knowledge base
underlying these activities. If entry, survival, growth and exit patterns are related
to the rates and forms of organisation of innovations, then the observed inter-
sectoral variety in structures and dynamics can be explained by differences in
the underlying technological regimes. Alternatively, theories and models on
product life cycles explain and depict the evolution of an industry’s structural
and dynamic properties over its lifetime. Based on this approach, the observed
cross-sectional differences can be explained by the different evolutionary stages
that industries occupy. To what extent these theories can actually account for the
cross-sectional variances will be investigated in the next chapter.
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Chapter 4

Technological Regimes and Industry Life Cycles
in Dutch Manufacturing

4.1  Introduction

The empirical li terature in industrial economics has indeed been greatly enriched
by the increased availabil ity of longitudinal firm-level databases. As we have
shown in chapter 2, the exploration of such databases has resulted in a collection
of strong empirical regularities that seem to hold over different countries, as
well as over different time periods. One of these regularities concerns the
observed variances in the structures and dynamics of industries. However, until
now the opportunity to test theories explaining these cross-sectional differences
with the available longitudinal firm-level data has hardly been exploited. Using
the SN database, the present chapter aims to exploit this opportunity by
investigating whether the technological regime framework and the product life
cycle approach can explain the observed differences between industries with
regard to their structural and dynamic properties.

This chapter is structured as follows. In section 4.2, we will investigate the
empirical relationship between industrial dynamics and technological regimes.
After deriving a number of hypotheses from the theoretical framework and
classifying the industries according to their technological regime, we will test
whether the differences suggested by the technological regime framework
actually exist. The structure of section 4.3 is rather similar. A number of
hypotheses, derived from Klepper (1996), will be tested to see whether
industries in different evolutionary stages show different regularities, and
whether these regularities are in line with Klepper’s model. In section 4.4 we
will use regression analyses to investigate the extent to which the selected
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theoretical approaches simultaneously account for differences between
industries, and whether any interaction effects can be observed between them.
Section 4.5 concludes this chapter.

4.2  Technological regimes

As argued in the previous chapter, the main contribution of the technological
regime framework is that it suggests an explanation for the observed inter-
sectoral variety in the rates and forms of organisation of innovations. Empirical
evidence supporting this explanation can be found in Malerba et al. (1995) and
Breschi et al. (1996). However, these studies only focused on structural and
dynamic differences in the populations of innovative firms in relation to the
underlying technological regimes. The question that naturally follows concerns
whether a similar relationship exists between the structural and dynamic
properties of the full population of f irms in an industry and its underlying
technological regime.

The aim of the present section is to answer this question. It is structured as
follows. First, we will shortly summarise the main characteristics of the
technological regime framework, and formulate a number of hypotheses derived
from this framework. Second, we will present how we have classified the
industries in the SN database according to their technological regime. Finally,
we will t est the hypotheses with the firm-level data at hand.

4.2.1 The hypotheses

The previous chapter already discussed in detail the literature on technological
regimes. Before formulating the hypotheses, let us briefly summarise the most
important issues on the technological regime framework from which the
hypotheses will be derived. A technological regime can be defined as a
particular combination of opportunity, appropriabil ity, cumulativeness
conditions and properties of the knowledge base, common to specific activities
of innovation and production and shared by the population of f irms undertaking
those activities. Opportunity conditions refer to the likelihood of innovating,
given a certain research effort. Appropriabil ity conditions reflect the possibilit ies
of protecting innovations from imitation and of appropriating the profits from an
innovation. Cumulativeness conditions refer to the extent to which the
innovative successes of individual firms are serially correlated. Finally, with



89

regard to the properties of the knowledge base, the following three aspects of
knowledge can be distinguished: (1) the level of specificity, (2) the level of
tacitness, and (3) the extent to which the knowledge is publicly available.

In the literature on technological regimes, two regimes with opposite underlying
conditions are usually distinguished. These metaphorical archetypes correspond
to the two rather opposite views on the innovative process that Schumpeter held
during his life. The two regimes are labelled Schumpeter Mark I (SM-I) and
Schumpeter Mark II (SM-II). Since opportunity conditions do not necessarily
differ between the regimes, the differences between them are mainly related to
differences in appropriabili ty, cumulativeness conditions and patterns of access
to knowledge. A SM-I regime is characterised by low appropriabili ty and
cumulativeness conditions, and the knowledge is mainly specific, codified and
simple. In a SM-II regime, these three conditions are reversed: appropriabili ty
and cumulativeness conditions are high, whereas the knowledge is mainly
generic, tacit and complex.

In the presentation of hypotheses that follows, we will base the formulations of
the hypotheses on these two archetypes. We will propose one group of industries
in which the SM-I regime underlies the innovative and productive activities, and
a second group in which the SM-II regime prevails. Based on the differences in
the appropriabil ity, cumulativeness and knowledge conditions, we will
hypothesise significant differences between the two groups of industries with
regard to a number of selected variables. These differences can be classified in
two major categories. The first category addresses differences in static measures,
such as the firm size distribution, whereas the second category more reflect
differences in the dynamic properties of the industry, e.g., the process of entry
and exit. We will first derive some hypotheses related to the static inter-industry
differences.

As argued in chapter 3, in a typical SM-I industry we can expect the pattern of
innovative activities to be characterised by the constant inflow of new
entrepreneurs with new ideas, products and processes, continuously challenging
the established firms and wiping out their quasi-rents associated with previous
innovations. Such an industry is therefore likely to be characterised by the
presence of many small firms and low entry barriers (Malerba et al., 1995). In
SM-II industries, this situation is reversed: large firms prevail , (technological)
entry barriers are high, and the high profit rates of incumbent firms are
persistent. Additionally, Audretsch (1997) suggests that the degree of capital
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intensity also shapes the technological regimes: a routinised technological
regime (which resembles a SM-II regime) is more capital intensive than an
entrepreneurial technological regime (SM-I regime). All together, these
characterisations allow us to derive the following hypotheses:

Hypothesis 1 The share of small firms is higher in SM-I industries than
in SM-II industries.

Hypothesis 2 Concentration levels are lower SM-I industries than in
SM-II industries.

Hypothesis 3 Entry barriers are lower in SM-I industries than in SM-II
industries.

Hypothesis 4 Capital intensity is lower in SM-I industries than in SM-II
industries.

Hypothesis 5 In SM-I industries, profit rates are lower than in SM-II
industries.

Hypothesis 6 In SM-I industries, entrants are more productive than
incumbents, whereas in SM-II industries incumbents are more
productive than entrants.

This last hypothesis reflects the relative advantage that entrants should have
over incumbents in SM-I industries, and vice versa for SM-II industries. Hence,
hypothesis 6 tests for differences between entrants and incumbents within each
technological regime.

With respect to variances in the dynamic properties of industries, differences in
the stability of the firm population can be measured by looking at the amount of
turnover (in terms of shifts in market shares) due to entry and exit. Moreover,
the turbulence within the group of incumbent firms can be examined here: SM-I
industries are expected to show a less stable population of incumbent firms than
SM-II industries. This leads to the following hypotheses:

Hypothesis 7 In SM-I industries, the amount of turnover due to entry
and exit is higher than in SM-II industries.
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Hypothesis 8 The turbulence within the group of incumbent firms is
higher in SM-I industries than in SM-II industries.

Another potential difference between the two groups of industries concerns the
share of the entry and exit process in the total growth in productivity. Given the
nature of the two regimes, we can expect the contribution this process to
productivity growth to be higher in SM-I industries, and the contribution of
incumbents to be higher in SM-II industries. Hence, we can derive the following
hypothesis:

Hypothesis 9 The contribution of the entry and exit process to
productivity growth is higher in SM-I industries than in SM-II
industries, and vice versa for incumbents’ contributions.

In section 4.2.3, these hypotheses will be tested. But first we will explain how
we have classif ied the industries into the groups of SM-I and SM-II regimes.

4.2.2 Classification of industries

As mentioned in chapter 3, previous empirical research used data on innovation
activities performed by the firms to study the technological regime of an
industry. Unfortunately, the SN database does not include variables indicating
the innovative activities of the firm. We therefore have to rely on the results of
previous empirical research to classify our industries into a group of SM-I and a
group of SM-II industries.

The classification of industries into technological regimes that we propose is
based on the taxonomy presented in Malerba et al. (1995).1 Although this
taxonomy does not directly rest on differences with regard to the underlying
appropriability, cumulativeness, and knowledge conditions, the applied
indicators of innovative activity strongly suggest major differences between the
technological classes according to the widening (SM-I) and the deepening
(SM-II) pattern. And, as mentioned in chapter 3, Breschi et al. (1996) found that
these patterns are, in turn, related to the conditions of the underlying
technological regime.

                                                          
1 See section 3.3.2 of the previous chapter for the details of this taxonomic exercise.
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Since the 33 technological classes do not always match the industries in our
sample, we unfortunately had to exclude those industries for which no evidence
existed regarding their underlying technological regime. Hence, only industries
that are unambiguously SM-I and SM-II (according to Malerba et al., 1995) are
considered in the analysis that follows. Although even for this group of
industries there may not be a strict conceptual correspondence between a
technology class and an industry, we believe this does not cause a major
distortion in mapping the technology classes to industries. Furthermore, given
the strong similarities across the four European countries investigated by
Malerba et al. (1995), we do not expect that a similar exercise based on patent
data for the Dutch manufacturing sector will l ead to a different taxonomy of
technological classes. Finally, given the substantial overlap in the time periods
of the dataset by Malerba et al, (1968-1986) and our dataset (1978-1992), we do
not believe that the small differences in these time periods will bias the results.

According to the proposed criterion, our total sample of 106 industries is divided
in 60 SM-I industries and 18 SM-II industries. The remaining 28 industries are
excluded from the analysis in this section. This group of industries mainly
involves the manufacturing of food products, which could not be classified in a
distinct category in the analysis by Malerba et al (1995)2, and the printing
industries, which was simply not included in their analysis. The complete list of
industries and the technological regimes to which they have been allocated can
be found in the Appendix of this chapter, as well as the list of excluded
industries.

Before turning to the next section, in which we will test the proposed
hypotheses, we would like to repeat our remarks made in chapter 2 with regard
to the truncation of the SN database. The point we raised there is that the
consequence of this truncation is that our ‘entering’ and ‘exiting’ firms are
mainly firms crossing the observation threshold. It might seem awkward then to
propose a number of hypotheses related to the process of entry and exit.
However, if, for instance, the regime of an industry is favourable to new and
small firms, it is likely that it is easier for these firms to grow and pass the
observation threshold than in an industry with a regime favourable to large and
established firms. To put more strongly, excluding firms with less than twenty
employees, even if involving an inevitable censoring of observations, is not
likely to distort the entry and exit characteristics associated with the two
                                                          

2 Malerba et al. (1995) put the food and tobacco industry into a group labelled ‘other
technological classes’ .
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regimes. Therefore, there is reason to believe that if there are differences
between industries with different underlying technological regimes, these
differences will be statistically significant, regardless of whether the firm
observation threshold is set at twenty, at ten, or at zero employees.

4.2.3 The results

For every hypothesis, we will calculate the means of the relevant variables for
the two groups of industries, and test whether the differences between the means
are significantly different between SM-I and SM-II industries, and whether the
sign of the difference is consistent with the hypothesis tested. In the tables that
follow, the specific variables used for testing the hypothesis can be found in the
first column. In the second and third column the means of these variables are
listed for both groups of industries, together with their standard errors. The rest
of the table shows the output of a two-sided t-test of the null hypothesis that the
means of the different groups of industries are the same. Because the
computation of the t-statistic depends on whether the variances of the two
populations are equal or not, for each of the hypothesis an F-test was performed
to test the hypothesis that the population variances are equal. Whenever this
hypothesis could be accepted at the 5 percent significance level, the t-statistic
(of the hypothesis that the true means of the different groups of industries are the
same) was calculated as follows:
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and y are the two groups. This results in a Student’s t distribution with n-2
degrees of freedom. When the hypothesis that the population variances are equal
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This again results in a Student’s t distribution, with ν degrees of freedom, where 
ν is given by Satterthwaite’s formula:
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In column four the value of the t-statistic is listed. The corresponding p-value
can be found in parentheses, indicating the probabili ty of the occurrence of an
absolute value larger than t. The lower this p-value, the less likely it is that the
true means of the groups of industries under consideration are the same. We
reject the hypothesis that the true means are the same when the p-value is less
than 0.05.

Hypothesis 1 The share of small firms is higher in SM-I industries than
in SM-II industries.

The share of small firms, here defined as firms having less than 100 employees,
can be measured as the annual mean of their share in the total population of
firms, or as the annual mean of their share in total industrial sales. These
variables, expressed in percentages, are listed in table 4.1.

Table 4.1: Share of small firms

Mean (standard error) Group means T-test

Variable
Schumpeter

Mark I
Schumpeter

Mark II T-statistic P-value

Share of small firms in
total population 74.3 (1.96) 52.7 (4.24) 5.06 <0.01

Share of small firms in
total sales 42.7 (2.94) 14.5 (2.64) 7.14 <0.01

As the results in table 4.1 show, there is considerable support for accepting this
hypothesis: the share of small firms is significantly higher in SM-I industries.

Hypothesis 2 Concentration levels are lower in SM-I industries than in
SM-II industries.

To test this hypothesis, we calculated for each industry two concentration
measures. The first is the annual mean of the Herfindahl-index, which is the sum
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of squared market shares of all firms in the industry. The second is the annual
mean of the total market share of the largest four firms in the industry (the CR-4
ratio).

Table 4.2: Concentration levels

Mean (standard error) Group means T-test

Variable
Schumpeter

Mark I
Schumpeter

Mark II T-statistic P-value

 Herfindahl- index 11.3 (1.29) 18.3 (2.83) -2.51 0.01

 CR-4 ratio 47.1 (2.84) 67.3 (4.03) -3.59 <0.01

As table 4.2 shows, there are significant differences between SM-I and SM-II
industries with regard to concentration levels, hence accepting the hypothesis.

Hypothesis 3 Entry barriers are lower in SM-I industries than in SM-II
industries.

Hypothesis 4 Capital intensity is lower in SM-I industries than in SM-II
industries.

Advertising intensity, capital intensity, and the minimum eff icient scale of an
industry are often considered as important entry barriers. We cannot test for
differences with regard to advertising intensity, since advertising expenditures
are not in our data set. Also, there are no data on the capital stock of f irms in our
set; however we can roughly approximate capital intensity by the average
investment margin, i.e., the annual mean of the ratio of investments to sales.
Finally, a proxy for the minimum eff icient scale is the median plant size of the
industry.

Table 4.3: Entry barr iers

Mean (standard error) Group means T-test

Variable
Schumpeter

Mark I
Schumpeter

Mark II T-statistic P-value

Investment margin 6.05 (0.27) 6.63 (0.49) -1.03 0.31

Median firm size 60.3 (4.01) 121.3 (21.3) -2.82 0.01

Survival rate 71.0 (2.23) 76.3 (4.12) -1.15 0.26
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As table 4.3 shows, in SM-I industries ‘capital intensity’ (as approximated here)
is not significantly lower than in SM-II industries. However, there is strong
evidence that the median size of firms in SM-I industries is lower than in SM-II
industries. Hence, the evidence for hypothesis 3 is mixed when ex ante measures
of entry barriers are applied. By using the proxy for capital intensity as an
indicator for entry barriers, hypothesis 4 was automatically tested as well , and
rejected. We also measured entry barriers ex post by calculating for each
industry the number of successful entrants (firms not present in 1978, but still
present in 1992) relative to the total number of entrants over the whole period.
Measured in this way, entry barriers are not significantly higher in SM-II
industries than in SM-I industries.

Hypothesis 5 Profit rates in SM-I industries are lower than in SM-II
industries.

Hypothesis 6 In SM-I industries, entrants are more productive than
incumbents, whereas in SM-II industries incumbents are more
productive than entrants.

For measuring profitabili ty, we use the average profit margin, calculated as the
annual mean of the ratio of gross profit to sales. For testing hypothesis 5, the
mean of this ratio of all firms in the industry is calculated (expressed in
percentages). For hypothesis 6, we use respectively the annual mean of relative
labour productivity of all continuing firms, and of all entrants in each industry.
A firm’s relative labour productivity is equal to its real value added per worker
divided by the industry mean. The results are listed in table 4.4.

Table 4.4: Profitabili ty and relative productivity

Mean (standard error) Group means T-test

Variable
Schumpeter

Mark I
Schumpeter

Mark II T-statistic P-value

Profit  margin 8.52 (0.46) 10.4 (0.67) -2.09 0.04

Relative productivity of
incumbents 1.03 (0.01) 1.01 (0.02) 1.55 0.12

Relative productivity of
entrants 1.03 (0.02) 1.07 (0.04) -0.98 0.33
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Hypothesis 5 is accepted: the average profitabil ity in SM-I industries is
significantly lower than in SM-II industries. For hypothesis 6, we applied a
paired groups t-test. For each industry, the difference between the relative
productivity of entrants and incumbents was calculated. Subsequently, for SM-I
and SM-II industries the mean of these differences was computed. For both
SM-I and SM-II industries, the hypothesis that the true means of these
differences are equal to zero was accepted (the t-values are respectively equal to
-0.18 and 1.21). Hence, within both groups of industries the relative productivity
of incumbents is not significantly different from the relative productivity of
entrants.3 Also note that between the regimes, no significant differences exist for
the relative productivity of incumbents or entrants.

Hypothesis 7 In SM-I industries, the amount of turnover due to entry
and exit is higher than in SM-II industries.

There are two ways of measuring the magnitude of the process of entry and exit.
The first one simply measures annual firm entry and exit rates, by counting the
number of entering and exiting firms and dividing them by the total number of
firms active in the industry. Accordingly, the share of sales of entering and
exiting firms in total industrial sales can be calculated for each year in order to
measure annual sales entry and exit rates. The industrial means of the annual
firm entry and exit rates, as well as the industrial means of annual sales entry
and exit rates, all in percentages, are listed in table 4.5.

Table 4.5: Annual entry and exit rates

Mean (standard error) Group means T-test

Variable
Schumpeter

Mark I
Schumpeter

Mark II T-statistic P-value

Annual firm entry rate 8.66 (0.50) 8.66 (0.81) <0.01 0.99

Annual firm exit rate 8.34 (0.44) 7.57 (0.91) 0.82 0.41

Annual sales  entry rate 4.84 (0.40) 2.89 (0.40) 3.47 <0.01

Annual sales  exit rate 4.97 (0.46) 3.12 (0.69) 2.00 0.05

The second way is to measure cumulative entry and exit rates, which reflect the
significance of entry and exit in the long run. The cumulative entry rate is the

                                                          
3 Similar results were obtained for differences between incumbents and entrants with regard

to their mean relative profit margins.
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share of entrants in the total number of f irms or total sales at the end of a given
period, i.e., 1992. The cumulative exit rate is the share of exiting firms in the
total number of fi rms or total sales at the beginning of the period, i.e., 1978. The
means of these variables, in percentages, are listed in table 4.6.

Table 4.6: Cumulative entry and exit rates

Mean (standard error) Group means T-test

Variable
Schumpeter
Mark I

Schumpeter
Mark II T-statistic P-value

Cumulative firm
entry rate 45.9 (2.21) 39.7 (3.66) 1.37   0.17

Cumulative firm
exit rate 37.4 (1.76) 32.7 (3.96) 1.22   0.23

Cumulative sales
entry rate 34.6 (2.55) 18.0 (3.11) 3.34 <0.01

Cumulative sales
exit rate 34.3 (2.72) 16.3 (3.23) 3.41 <0.01

As table 4.6 shows, annual and cumulative firm entry and exit rates do not
significantly differ between the two groups of industries. However, annual and
cumulative sales entry and exit rates are indeed higher in SM-I industries than in
SM-II industries. Therefore, when measured in terms of market shares, both for
the short and the long run perspective there is considerable evidence that the
amount of turnover due to entry and exit rates is higher in SM-I industries than
in SM-II industries.4

Hypothesis 8 The turbulence within the group of incumbent firms is
higher in SM-I industries than in SM-II industries.

Two measures are proposed here. The first one measures the short run
turbulence within the group of incumbent firms. For each year and for each
continuing firm (i.e., firms present in 1978 and 1992), the absolute change in
market share is calculated. Next, for each industry the sum of the absolute
changes in market shares is computed for each year. Finally, the annual mean of
the sum of changes is calculated for each industry. The second measure
measures the long run turbulence. For each continuing firm, the absolute change
                                                          

4 Since the number of f irms crossing the observation threshold may also depend on the
growth or decline of industries, we have tested whether the mean growth rates of total
industrial sales were significantly different between the two groups of industries. We have
found no evidence for this.
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in market share between 1978 and 1992 is calculated. The long run turbulence of
an industry is then equal to the sum of absolute market share changes of the
continuing firms within that industry. The results are listed in table 4.7.

Table 4.7: Turbulence among incumbents

Mean (standard error) Group means T-test

Variable
Schumpeter

Mark I
Schumpeter

Mark II T-statistic P-value

Short-run turbulence 14.4 (0.87) 11.1 (0.50) 3.34 <0.01

Long-run turbulence 26.6 (1.35) 28.9 (2.25) -0.87 0.39

Only when measured in the short run, the amount of turnover is significantly
higher in SM-I industries than in SM-II industries. The long run measures of
turbulence are not signif icantly different between the two groups of industries.

Hypothesis 9 The contribution of the entry and exit process to
productivity growth is higher in SM-I industries than in SM-II
industries, and vice versa for incumbents’ contributions.

For calculating the contribution of the entry and exit process to the total
productivity growth of an industry, we applied the same decomposition method5

as the one used for decomposing productivity growth at the manufacturing level
in section 2.3.2 of chapter 2. The contribution of the entry and exit process is
then calculated as the sum of the entry and exit effect. For each industry with
positive productivity growth6, we have calculated these numbers and divided
them by the total productivity growth of each industry in order to get their shares
in total productivity growth. In table 4.8 the means of these shares are listed for
both groups of industries.

Table 4.8: Contr ibution of entry and exit to productivity growth

Mean (standard error) Group means T-test

Variable
Schumpeter

Mark I
Schumpeter

Mark II T-statistic P-value

Share in productivity
growth of the entry and
exit process

51.0 (11.7) 14.8 (8.53) 2.50 0.02

                                                          
5 Originally taken from Haltiwanger (1997).
6 This restriction ruled out 13 SM-I industries and 1 SM-II industry.
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If we compare the difference in the contribution of the entry and exit process
between the two regimes, we find strong support for hypothesis 9. The
contribution to total productivity growth of entrants is significantly higher in
SM-I industries than in SM-II industries. The results also indicate that within the
group of SM-I industries, the contributions of entry and exit on the one hand,
and the contribution of the group of continuing firms on the other7, are not
significantly different. This is confirmed by a paired groups t-test, similar to the
one applied at testing hypothesis 6 (t-value equal to 0.50). However, within the
group of SM-II industries, the contribution by entering and exiting firms is much
lower than the contribution by the group of incumbent firms (t-value equal
to -4.13).

In conclusion, most of the hypotheses of this section are accepted. The two
groups of industries show significantly different group means with regard to
most of the selected variables. However, one objection to our analysis might be
that these results are merely the outcome of the aggregation of heterogeneous
industries. Depending on the distributions of the industry-level variables over
the industries, a considerable number of other (random) partitions of the
industries in the sample may have led to similar conclusions regarding the
significance of the differences in group means. In order to investigate whether
this objection is right, one could calculate for each variable the probabil ity of
finding (by chance alone) a partition of the 78 industries into a group of 60 and
18 industries yielding significantly different group means as well. One way to
do this would be to consider all possible partitions8, and count how many of
these exhibit significant differences in group means. If this number was high
relative to the total number of possible partitions, the original partition based on
the taxonomy by Malerba et al. (1995) may not be so ‘unique’ . In that case
many other partitions would lead to significantly different group means as well ,
rendering the distinguishing power of the original partition moot.

Given the extremely large total number of possible partitions, performing the
exercise mentioned above obviously requires too much computation time.
Instead, we have approximated the true proportion (of the total number of
possible partitions) that yields significantly different group means by the
                                                          

7 The contribution of the group of incumbent firms to total productivity growth is simply
100 percent minus the contribution of the entry and exit process.

8 In total, there are 2.12×1017 possible partitions 
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following procedure. In total 25,000 times, we have randomly divided the 78
industries into a group of 60 and a group of 18 industries, and counted the
number of times the means of the industry-level variables9 were significantly
different between the two subgroups. For each variable, table 4.9 lists the
percentage of cases in which the mean of the 60 industries group is significantly
lower than the mean of the 18 industries group, and the percentage of cases in
which the opposite holds.10 Hence, the sum of these percentages approximates
the probabili ty of f inding by chance alone a partition yielding significantly
different group means (regardless of their signs).

As the results in table 4.9 show, the proportion of cases in which the random
grouping procedure leads to significantly different group means consistent with
the technological regime framework is quite low. And given that the variables
are not perfectly correlated, we can expect the number of cases in which the
means of a selection of these variables are simultaneously different and
consistent with the technological regime framework to be even much lower.11 In
conclusion, the results of this random grouping procedure provide additional
evidence that the criterion based on the taxonomy by Malerba et al. (1995)
constitutes a significant determinant of structural and dynamic differences
between industries.

4.2.4 Conclusion

The main conclusion from the analysis of this section is that the results indeed
suggest that the structural and dynamic properties of the industries are strongly
related to their underlying technological regimes. Obviously, the two groups of
industries show considerable differences with regard to most of the selected
variables, which in all cases have the right sign, and thus corroborate the
hypotheses. For only a few variables the differences are not significant. Let us
shortly summarise the results.

                                                          
9 We have omitted the variables that tested for differences within the technological regimes,

as these variables are not included in hypotheses that test for differences between the SM-I
and SM-II groups.

10 Based on the t-test described in section 4.2.3.
11 In fact, none of the 25,000 random partitions exhibited a sequence of group means test

results for the 19 variables identical to the sequence derived from the original analysis of this
section.
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Table 4.9: Analysis of random grouping procedure

Variable
Significantly

negative
Significantly

positive Variable
Significantly

negative
Significantly

positive

Share of small
firms in total
population

3.39% 2.98%* Annual sales
entry rate

3.23% 3.80%*

Share of small
firms in total
sales

2.99% 2.74%* Annual sales
exit rate

3.63% 4.75%*

Herfindahl-index 3.38%* 5.23% Cumulative
firm entry rate

2.63% 2.81%*

CR-4 ratio 2.75%* 2.70% Cumulative
firm exit rate

2.58% 3.11%*

Investment
margin

2.82%* 3.50% Cumulative
sales entry rate

2.81% 2.74%*

Median firm size 3.98%* 8.35% Cumulative
sales exit rate

3.01% 2.66%*

Survival rate 6.68% 3.12%* Short-run
turbulence

3.83% 6.60%*

Profit margin 2.84%* 2.74% Long-run
turbulence

2.99% 2.83%*

Annual firm
entry rate

3.32% 3.51%*

Annual firm
exit rate

3.08% 3.56%*

Share in
productivity
growth of the
entry and exit
process

4.81% 7.27%*

Note: Assuming that the SM-I regime underlies the large group, an asterisk indicates the sign for
each variable that would be consistent with the technological regime framework.

With regard to firm size distribution, we have found considerable evidence for
the hypothesis that the share of small firms is higher in SM-I industries than in
SM-II industries. Furthermore, significant differences were found for the
concentration levels of industrial sales. The two groups of industries also
showed a considerable difference with respect to the median firm size. However,
using a proxy for capital intensity as an alternative measure for entry barriers did
not provide any evidence that entry barriers are higher in SM-II industries than
in SM-I industries. Overall profitability is significantly higher in SM-II
industries, however incumbent firms are not more productive (or profitable) than
entrants in SM-II industries, and vice versa in SM-I industries.

Regarding the dynamic measures, we have found that both short run as long run
indicators show that the amount of market share turnover due to entry and exit is
higher in SM-I industries than in SM-II industries. Interestingly, however, this
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goes together with the evidence that firm entry and exit rates did not differ
significantly between the two groups of industries. The measures of turbulence
within the group of incumbent firms showed some mixed results. This variable
was only significantly different when measured as year to year changes. If the
full period was taken into account, the turbulence within the group of
incumbents is approximately the same for SM-I and SM-II industries. Finally,
the contribution of the entry and exit process to total productivity growth is
higher in SM-I industries than in SM-II industries.

These results show that technological regimes to a considerable extent explain
differences between industries with regard to their structural and dynamic
properties. In our view, the results of this analysis are strong enough to support
to “ …interpretations leaning toward an evolutionary approach [which]
emphasize sector/technology-specific patterns and invariances in the way agents
learn…as determinants of both structures and dynamics.”  (Dosi et al., 1997,
p.19). In the next section we will i nvestigate to what extent differences between
industries can be explained by the different evolutionary stages they occupy.

4.3  Industry life cycles

This section attempts to interpret the observed differences between industries
with regard to their structural and dynamic properties by relating them with
theoretical conceptualisations regarding industry li fe cycles. By asserting that
industries subsequently go through their stages of birth, growth, maturity and
decline, theories on product or industrial life cycles could explain the observed
differences in the following way. If each of these evolutionary stages of an
industry has its own structural and dynamic properties, then cross-sectional
differences between industries may stem from the different evolutionary stages
those industries are in. This section aims to find empirical evidence for this
explanation by posing the following question: can differences between
industries be explained by the different evolutionary stages they occupy?

In order to answer this question, we will derive and test a number of hypotheses
based upon Klepper’s model, as presented in chapter 3. The structure of this
section will be as follows. First, we will briefly explain how we will employ
Klepper’s model in the empirical analysis of this section, and present the
hypotheses derived from this model. Next, we will present how we have
assigned the evolutionary stages to the industries in the SN database, and discuss
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some restrictions the data may impose on testing the hypotheses. Finally, we
will t est the hypotheses and discuss the results.

4.3.1 The hypotheses

As mentioned in chapter 3, the most important feature of Klepper’s model is the
dynamic increasing returns from technological change. The model emphasises
differences in firm innovative capabilities, and the importance of f irm size in
appropriating the returns from innovation to explain regularities concerning how
entry, exit, market structure, and innovation vary from the birth of
technologically progressive industries through maturity. The main implication of
this model is that the industry will eventually evolve to an oligopoly. The
earliest successful entrants engage in R&D and start growing. This increases
their returns from R&D, because the output in which they can embody their
innovations rises. Initiall y, i.e., in the expanding stage, firms enter, but at some
point the price is driven down to a level at which (profitable) entry is no longer
possible. Exit stil l continues, as for some firms the price falls below their
average costs. Hence, the number of f irms declines, contributing to a shakeout.
Eventually, both industrial sales and the number of f irms level off . The
oligopoly emerges in this consolidating stage.

Unfortunately, the time span of the SN manufacturing database does not allow
for studying the full evolution of the industries in the sample. In fact, it is likely
that most of these industries have already reached maturity. Furthermore, the
level of aggregation of the sampled industries may in some cases be too high to
investigate the impact of life cycles of individual products. Therefore, we do not
aim to directly test the model. Rather, we try to investigate whether basically
mature industries exhibit distinct evolutionary stages as well, and whether
dynamic increasing returns to technological change underlie the emergence of
these stages. For instance, the obsolescence of the prevailing design of a good,
or a radical change in the technology used to produce it may initiate a new
evolutionary pattern in a mature industry, resembling the li fe cycle of a new
industry. Hence, we will employ Klepper’s model as a conceptual tool to answer
the following questions: (1) Do industries in different stages show different
regularities? (2) Are these observed regularities in line with the regularities
predicted by Klepper’s model? (3) Can the observed differences be explained by
dynamic increasing returns from technological change?
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We will try to answer these questions by testing a number of hypotheses derived
from some selected propositions in Klepper (1996). In chapter 3 these
propositions and their formal proofs were already presented, however, in what
follows we will repeat the selected propositions and present the hypotheses
derived from these propositions. We will hypothesise differences between a
group of expanding industries and a group of industries experiencing a shakeout.
In section 4.3.2 we will explain how we have classified the industries into these
groups.

Proposition I  Initially the number of entrants may rise or decline, but
eventually it will decline to zero.

As we argued in section 4.2, differences between entry and exit rates with the
SN database are in fact differences in the extent to which firms cross the
observation threshold. Therefore, we cannot test Klepper’s first proposition
directly. We can, however, investigate differences between the stages with
regard to the proportion of firms entering the sizeclass of more than twenty
employees. If the advantage of incumbents over entrants grows over time, it
should become more difficult for small firms to (1) grow and pass the
observation threshold, (2) to stay above the threshold, and (3) to obtain a
significant market share in the industry. This leads to the first three hypotheses.

Hypothesis I.1 The entry rates in expanding industries are higher than
in industries experiencing a shakeout.

Hypothesis I.2 Firms entering expanding industries have higher
survival rates than firms entering shakeout industries.

Hypothesis I.3 The collective share of all entrants at the end of the
observation period is higher in expanding industries than in industries
experiencing a shakeout.

Klepper’s assumption of profit maximisation assures that all f irms that remain in
the market increase their market share.12 Therefore:

Hypothesis I.4 Incumbents have a higher market share in 1992 than in
1978.

                                                          
12 In terms of the model: ∆qit

* > 0; see section 3.4.2.
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Since the model predicts that over time incumbents achieve an increasing cost
advantage over entrants, we can derive a fifth hypothesis:

Hypothesis I.5 Incumbents are more productive than entrants, and the
productivity gap between continuing firms and entrants is higher in
shakeout industries than in expanding industries.

To summarise these five hypotheses: testing I.1 to I.3 should reveal the growing
advantage of incumbents over entrants, whereas testing I.5 should indicate
whether this growing advantage is caused by technological superiority in
production. Hypothesis I.4 follows directly from the model’s assumption of
profit maximisation.

Proposition I I  Initially, the number of firms may rise over time, but
eventually it will decline steadily.

Since we will use the change in the number of firms for classifying the
industries into the stages of the life cycle, this proposition cannot be tested.
However, Klepper’s following intuitive proof of this proposition allows for
another hypothesis.

Klepper (1996, p.573): “ Intuitively, over time price falls, the more innovative
incumbents expand, and the less innovative incumbents exit and are replaced by
more innovative, smaller entrants. This can result in a rise in the number of
producers. However, as incumbents continue to grow their advantage eventually
becomes insurmountable and entry ceases. Exit continues, though, as the largest
firms with the greatest innovative expertise expand their market shares and push
the less fit firms out of the market. Consequently, eventually the number of firms
declines over time.”

Hypothesis I I .1 In expanding industries, a certain number of
incumbents is replaced by a larger number of smaller entrants.13 In
industries experiencing a shakeout, the largest firms expand their
market shares at the expense of smaller firms.

                                                          
13 The emphasis here is obviously not on differences in sizes between entrants and exiting

firms, simply because the nature of the data does not allow for reasonably testing of this
hypothesis. What will actually be tested here is whether some incumbent firms exit the
expanding industry, whereas at the same time new fi rms enter.
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Proposition II I  As each firm grows large, eventually the change in its
market share will decline over time.

The prediction that the continuing firm’s growth in market share declines over
time can easily be tested with the available data. However, testing whether the
profit margin on the standard product decreases is more difficult. In the model,
the profit margin is defined as price minus average cost of production. The latter
are negatively dependent on the amount spent on process R&D. Since there is no
data on any of these variables, the profit margin (total profits before taxes over
total sales) is taken as a proxy for the profit rate. This leads to the following
hypotheses.

Hypothesis II I .1 The growth of continuing firms’ market shares is
positively related to their profit rates.

Hypothesis II I .2 Profit rates are higher in expanding industries than in
industries experiencing a shakeout.

Hypothesis II I .3 The growth of market shares of continuing firms is
higher in expanding industries than in industries experiencing a
shakeout.

Proposition IV For each period, firm average cost varies inversely with
firm output.

This proposition implies that in each period small firms are less productive than
large firms, basically because of scale economies in process R&D. Hence, the
following hypothesis can be derived.

Hypothesis IV.1 For each period, large firms are more productive than
small f irms.

In section 4.3.3 we will test these hypotheses and discuss the results. But first
we will explain how we have classified the industries into their evolutionary
stages.
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4.3.2 Classification of industries

Given the characteristics of the SN dataset, a number of problems arise.
Obviously, the major problem is that the entire evolutionary history of each
industry cannot be observed, i.e., the origin of the industries occur before the
first year of observation. Therefore, it cannot be tested whether the industries
evolve according to the pattern predicted by Klepper’s model. Instead, we will
attempt to locate the industries in the sample in terms of the evolutionary stage
that they occupy in Klepper’s framework.14 This is facilitated by the relatively
long period over which the fi rms are observed in the dataset.

Ideally, some independent proxies, such as the growth rate of patents, would be
used to determine the evolutionary stage the industry is in. Since these, or any
other data that would allow us to exogenously classify the industries, are not
available, we will have to base our classification on the revealed patterns of
some variables denoting the evolution of the industries in the sample.
Obviously, such an endogenous classification will , to some extent, limit our
empirical analysis. However, we can still investigate whether the industry
patterns, denoted by variables other than the ones used for classifying the
industries, are consistent with the regularities predicted by Klepper’s model. If
we would find that the patterns are indeed consistent, such results would provide
evidence, albeit circumstantial, that differences in regularities between industries
in different stages can be explained by dynamic increasing returns to
technological change.

We propose a combination of the following two variables to determine in which
stage an industry is: the growth rate of the total number of firms and the growth
rate of the sum of their total industrial real sales, both measured over the full
period (i.e., 1978-1992). A standard t-test was applied to determine whether
each of these growth rates was significantly different from zero. Table 4.10
explains how each industry is classified into the stage of its evolution. In
parentheses the number of industries in each category is listed.

                                                          
14 This methodology is very similar to Audretsch (1987).
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Table 4.10: Classification of the industr ies

Growth rate of the total number of firms

Significantly
positive

Approximately
zero

Significantly
negative

Significantly
positive

Expanding
(36)

Expanding
(15)

Shakeout
(16)

Approximately
 zero

Other
(3)

Consolidating
(6)

Shakeout
(12)

Growth rate of
total industrial
sales

Significantly
negative

Other
(1)

Contracting
(4)

Contracting
(13)

Given this classification, we have 51 industries in the expansion phase, 28
industries experiencing a shakeout, 6 industries are consolidating, 17 industries
are contracting, and 4 industries are in the ‘other’ class. This last group and the
group of consolidating industries will be left out of the analysis, because of the
small sample sizes. The high standard errors of the means of most of the
variables impede the detection of significant differences. Hence, the focus wil l
only be on expanding industries, industries experiencing a shakeout, and
contracting industries. In the Appendix of this chapter all i ndustries are listed
and grouped according to their evolutionary stage.

A further limitation of the data to the empirical analysis of this section is the
definition of an industry. In Klepper (1996), an industry consists mainly of f irms
producing the same standard product and of some firms temporarily producing a
distinctive variant of the standard product. Although the industry classification
of the Statistics Netherlands dataset is designed to obtain high levels of
homogeneity with respect to the products and the technologies used within the
industries, there might still be a number of industries left that are less
homogeneous than the industries in Klepper’s model. Since the identification of
those industries is to some extent an arbitrary exercise, and in order to keep the
sample large, no attempt has been made to identify or exclude those industries.
For the same reasons, no attempt is made to exclude industries that are not
technologically progressive.15

Since the industries might show different structural properties, especially with
respect to (potential) entry barriers, dividing the industries in three subgroups

                                                          
15 I.e., we have not attempted to identify and exclude industries that do not manufacture

“ products with rich opportunities for both product and process innovation”  (Klepper, 1996).
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could create some bias. For instance, if by coincidence the group of expanding
industries contains a large number of industries with high entry barriers, then the
results of testing a hypothesis for differences between the group of industries
with respect to entry rates will be unreliable. Therefore, we have compared the
three groups with respect to the means of capital intensity, approximated by the
ratio of investments to sales, and median firm size. Because the means of these
variables do not differ significantly between the three groups, there is less
reason to believe that the proposed division leads to a bias with respect to
different structural properties of the groups of industries.

4.3.3 The hypotheses tested

In this section, the ten hypotheses will be tested. For each hypothesis, the
specific variables used for testing wil l be defined. Subsequently, the results of
the test wil l be reported, together with a short discussion on their consistency
with the model. Although Klepper’s model does not deal with the evolution of
industries after consolidation (the total quantity demanded expands over time), it
might be interesting to see to what extent the group of contracting industries
differs from the other groups. Therefore, for each hypothesis the values of the
specific variables for the contracting industries will be listed as well.

In each of the following tables that show the results of testing for differences
between the groups of industries, the mean and its standard error of the specific
variable wil l be listed in the second column. The rest of the table shows the
output of a t-test of the null hypothesis that the means of the different groups of
industries are the same.16 In the third and fourth column the values of the
t-statistic wil l be listed. The corresponding p-values can be found in parentheses,
indicating the probabili ty of the occurrence of a value larger than t. We reject
the hypothesis that the true means are the same when the p-value is less than
0.05.

Hypothesis I.1 The entry rates in expanding industries are higher than
in industries experiencing a shakeout.

For each industry, the mean of annual gross entry rates, defined as the number of
entrants in a certain year divided by the total number of firms present at the
beginning of the year, is calculated.

                                                          
16 For the details of this test, see section 4.2.3 of this chapter.
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Table 4.11: Firm entry rates

T-statistic (p-value) of a T-test for mean differences

Industry stage Mean (Std.Err.) vs. Shakeout-industries      vs. Contracting industries

Expansion 9.81 (0.72) 4.06 (<0.01) 1.15 (0.25)

Shakeout 6.48 (0.39) -1.46 (0.16)

Contraction 8.20 (1.10)

As the t-statistic indicates, the gross entry rates are indeed significantly higher in
expanding industries than in industries experiencing a shakeout of firms. Hence,
this hypothesis is accepted. Contracting industries show intermediate values for
this variable, but with the highest standard error of the mean. The mean of the
gross entry rates of contracting industries is not significantly different from the
means of the groups of expanding and shakeout industries.

To some extent the acceptance of this hypothesis may seem too obvious: one
could argue that it is not surprising to see higher entry rates in industries in
which the total number of f irms grows, as compared to industries in which this
number declines. However, the classification of industries is based on net entry,
whereas this hypothesis tests for differences with regard to gross entry. Hence,
in principle shakeout industries may even show higher entry rates than
expanding industries. In that case of course the exit rates of shakeout industries
would have to significantly exceed the exit rates of expanding industries as well .

Table 4.12, in which we have displayed the means of annual firm exit rates,
shows that this is not the case after all. On average, firm exit rates are not
significantly higher in industries experiencing a shakeout than the exit rates for
the group of expanding industries. But the interesting conclusion is then still
that, exactly as in Klepper’s model, a shakeout of firms is not caused by an
increase in exit rates, but by a significant reduction in the number of firms
entering the industry.

Another argument against the acceptance of this hypothesis might be that
expanding industries have higher growth rates (in terms of sales) then industries
experiencing a shakeout, and that therefore entry rates are higher as well.
However, if this were true, contracting industries would have to show the lowest
entry rates. Since this is not the case, the lowest entry rates of shakeout
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industries may be interpreted as circumstantial evidence for an advantage of
incumbents over entrants in this group of industries.

Table 4.12: Firm exit rates

T-statistic (p-value) of a T-test for mean differences

Industry stage Mean (Std.Err.) vs. Shakeout-industries      vs. Contracting industries

Expansion 7.87 (0.81) -0.01 (0.99) -1.83 (0.07)

Shakeout 7.88 (0.47) -2.99 (<0.01)

Contraction 10.6 (0.90)

Finally, one could argue that the emergence of niches, for instance through
specialisation, has been much higher in expanding industries. However, this is
not confirmed by the latest standard classification of industries, introduced by
Statistics Netherlands in 1993. When the total sales of a new product, initially
assigned to existing industries, become suff iciently high, Statistics Netherlands
introduces a new 4-digit industry. If this has happened relatively often in
expanding industries, it could explain the higher entry and survival rates. This is
not the case, however. About one fifth of the group of expanding industries has
been spli t up in two or more new 4-digit industries17, equal to the proportion of
the group of shakeout industries that have been subdivided in 1993.

Hypothesis I.2 Firms entering expanding industries have higher
survival rates than firms entering shakeout industries.

The variable used here is the industrial mean of the survival rates. It is
calculated (for each industry) as the number of successful entrants (firms not
present in 1978, but still present in 1992) relative to the total number of entrants
over the whole period.

Table 4.13: Survival rates

T-statistic (p-value) of a T-test for mean differences

Industry stage Mean (Std.Err.) vs. Shakeout-industries      vs. Contracting industries

Expansion 77.1 (1.82) 3.46 (<0.01) 2.24 (0.04)

Shakeout 61.1 (4.28) -0.76 (0.45)

Contraction 66.1 (4.60)

                                                          
17 As compared to the 1974 classification used in the present analysis.
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Again, this hypothesis is accepted. Survival rates are on average significantly
higher in expanding industries than in industries experiencing a shakeout.
Contracting industries show a value for this variable similar to the one for the
group of shakeout industries.

Hypothesis I.3 The collective share of all entrants at the end of the
observation period is higher in expanding industries than in industries
experiencing a shakeout.

For testing this hypothesis the cumulative sales entry rate is calculated for each
industry. It is the mean of the total market share in 1992 of all (surviving) firms
that have entered the dataset between 1978 and 1992.

Table 4.14: Cumulative sales entry rates

T-statistic (p-value) of a T-test for mean differences

Industry stage Mean (Std.Err.) vs. Shakeout-industries      vs. Contracting industries

Expansion 34.8 (2.93) 3.02 (<0.01) 2.13 (0.04)

Shakeout 21.2 (2.88) -0.43 (0.67)

Contraction 23.2 (3.48)

Just like the two previous hypotheses, hypothesis I.3 is accepted as well . In
expanding industries, on average almost one third of the total industrial sales in
1992 is captured by fi rms that entered the dataset between 1978 and 1992, which
is signif icantly higher than in shakeout industries. For contracting industries, the
mean is about the same as for industries in the shakeout stage, and it is
significantly lower than for the group of expanding industries.

The results of testing the first three hypotheses indeed seem to indicate a
growing advantage of incumbents over entrants. The evidence suggests that it is
more diff icult for small firms to grow and pass the observation threshold, to stay
above the threshold, and to obtain a significant market share in the industry
when expanding and shakeout industries are compared. Contracting industries
show values that are not significantly different from the values found for the
group of shakeout industries.

Hypothesis I.4 Incumbents have a higher market share in 1992 than in
1978.
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For each continuing firm present in expanding or shakeout industries, the
difference in market shares between 1992 and 1978 is calculated. The mean over
all i ncumbent firms of this difference is -0.09 percent (t-value is equal to -1.44).
Of all 1962 incumbents in this sample, 907 firms had a higher market share in
1992. On average, they increased their market share by 1.2 percent. The other
1055 firms lost on average 1.2 percent.

Another way of testing this hypothesis is by measuring difference between the
collective share of all incumbents in 1992 and 1978. The mean over all
industries of this difference is 2.3 percent, but with a t-value of -1.14 it is not
significantly different from zero. Hence, there is no support for this hypothesis.

Hypothesis I.5 Incumbents are more productive than entrants, and the
productivity gap between continuing firms and entrants is higher in
shakeout industries than in expanding industries.

The relative productivity of entrants is the mean value of productivity of entrants
divided by the mean for all firms (including exiting firms) in the industry18. The
same procedure is applied to the calculation of the relative productivity of
incumbent firms. In table 4.15 the mean of these variables are presented for the
three stages, together with their standard errors.

Table 4.15: Relative productivity incumbents and entrants

Paired groups T-test

Industry
stage

Relative productivity
of incumbents

Relative productivity
of entrants

T-statistic              P-value

Expansion 1.02 (0.01) 1.03 (0.01) -0.34 0.74

Shakeout 1.04 (0.01) 0.99 (0.05) 1.02 0.32

Contraction 1.05 (0.02) 1.04 (0.06) 0.11 0.91

This hypothesis is rejected: for each group of industries, incumbent firms are on
average not significantly more productive than entrants. This is confirmed by a

                                                          
18 Here, unweighted means were used: the mean value of, for instance, entrants’

productivity is the unweighted mean of all observations available for successful entrants
within an industry. When weighted means are used, approximately the same results are
observed. Still , unweighted means are preferred as they mitigate the effect of the appearance
of very large firms in an industry, which in most cases are no entrants in this dataset.
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paired groups t-test. For each of the three groups of industries, the hypotheses
that the true means of the differences between the relative productivity of
incumbents and entrants are equal to zero could not be rejected on the basis of
the t-values.19 This result is important, because it possibly rejects the hypothesis
that the growing advantage of incumbents over entrants is in general due to
increasing returns to technological change.

Hypothesis I I .1 In expanding industries, a certain number of
incumbents is replaced by a larger number of smaller entrants. In
industries experiencing a shakeout, the largest firms expand their
market shares at the expense of smaller firms.

Four measures are used. The first one is the number of entrants over the number
of exiters per industry. Entrants are here defined as firms not present in 1978,
but present in 1992. Exiters are firms present in 1978, but absent in 1992. As
mentioned before, the observation threshold of the data used here impedes
reasonable size comparisons between entering and exiting firms. But perhaps it
is interesting then to compare the ultimate size of entrants with the initial size of
exiters. The former is the industrial mean of the 1992 size of entrants (in terms
of the number of employees); the latter is the industrial mean of the 1978 size of
exiters. For testing the second part of hypothesis II .1, the absolute change in the
Herfindahl index is used. If large firms indeed expand their market shares at the
expense of smaller firms, this index should increase.

Table 4.16: Relative productivity incumbents and entrants

Industry stage

Number of entrants
over the number of

exiting firms
Ultimate size
of entrants

Initial size of
exiters

Absolute change
in the

Herfindahl-index

Expansion 2.80 (0.36) 68.0 (4.27) 92.2 (13.4) -2.39 (1.03)

Shakeout 0.74 (0.09) 100.8 (25.3) 101.7 (17.1) 1.42 (1.05)

Contraction 0.83 (0.23) 64.2 (6.16) 161.7 (29.0) 1.32 (1.79)

This hypothesis is not confirmed by the data. Naturally, in expanding industries
a number of exiting firms is replaced by a higher number of entrants. However,
the 1992 size of these entrants is not significantly20 lower than the 1978 size of
exiters. With regard to the second part of hypothesis II .1, no evidence is found.
                                                          

19 We have also tested for differences in relative profitabili ty between incumbents and
entrants. For this variable, no significant differences were found as well .

20 As shown by a paired groups t-test, similar to the test applied to hypothesis I.5.
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On average, the Herfindahl index does not increase significantly in shakeout
industries. An interesting observation is that in contracting industries, the initial
size of exiters is significantly larger than the ultimate size of entrants.

Hypothesis II I .1 The growth of continuing firms’ market shares is
positively related to their profit rates.

For each continuing firm present in the group of expanding and shakeout
industries, the change in market share between 1978 and 1992 was calculated.
Then, again for each firm, the average profit rate was calculated by the sum of
real profits (between 1978 and 1992) divided by the sum of real sales over the
same period. This average profit rate of each incumbent was then divided by the
average industrial profit rate for continuing firms to calculate the relative
profitability of each continuing firm. To test hypothesis III .1, the correlation
coefficient between the change in market share and the log of relative
profitability was calculated. Although the coefficient is significantly positive at
the 1 percent level, its value of 0.11 is not high. But despite this low value, the
hypothesis is accepted.

Hypothesis II I .2 Profit rates are higher in expanding industries than in
industries experiencing a shakeout.

The profit rates are approximated by the profit margin: the total profits (before
taxes) over total sales. Then for each industry the mean of these profit margins is
calculated.

Table 4.17: Profit margins

T-statistic (p-value) of a T-test for mean differences

Industry stage Mean (Std.Err.) vs. Shakeout-industries      vs. Contracting industries

Expansion 9.48 (0.42) 0.51 (0.61) 2.42 (0.02)

Shakeout 9.10 (0.67) 1.60 (0.12)

Contraction 7.35 (0.88)

Because the differences are insignificant between expansion and shakeout,
hypothesis III .2 is not accepted. Contracting industries exhibit the lowest profit
rates, which are significantly lower than the profit rates of expanding industries.
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Hypothesis II I .3 The growth of market shares of continuing firms is
higher in expanding industries than in industries experiencing a
shakeout.

For testing this hypothesis, the same variables defined at hypothesis I.4, both
expressed in percentages, are used.

Table 4.18: Firm-level differences in market shares of continuing firms

T-statistic (p-value) of a T-test for mean differences

Industry stage Mean (Std.Err.) vs. Shakeout-industries      vs. Contracting industries

Expansion -0.44 (0.32) -2.48 (0.02) -3.28 (<0.01)

Shakeout 0.87 (0.40) -1.98 (0.06)

Contraction 3.00 (1.00)

Table 4.19: Differences in the collective market shares of continuing firms

T-statistic (p-value) of a T-test for mean differences

Industry stage Mean (Std.Err.) vs. Shakeout-industries      vs. Contracting industries

Expansion -9.20 (2.12) -5.43 (<0.01) -8.42 (<0.01)

Shakeout 10.3 (2.92) -3.63 (<0.01)

Contraction 29.5 (4.78)

The tables show exactly the opposite of what is stated in hypothesis III .3. The
mean of the growth of market shares of incumbents is significantly lower (it is
even negative) in expanding industries than in shakeout industries. The highest
values for these variables are found in contracting industries. These results reject
hypothesis III .3, however they do not necessarily reject the hypothesis that
incumbents have a growing advantage over entrants. To show this more clearly,
two variables are calculated for each industry and listed below in table 4.20. The
first one is the mean of the growth rates of real total industrial output. The
second variable is the growth rate (between 1978 and 1992) of the real sales of
all continuing firms together. Between parentheses the standard errors of the
means are listed.
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Table 4.20: Growth of industr ial sales vs. incumbents’ sales

Industry stage
Growth rate of total

industrial sales
Growth rate of the collective

 sales of continuing firms

Expansion 0.91 (0.09) 0.52 (0.05)

Shakeout 0.21 (0.04) 0.44 (0.07)

Contraction -0.41 (0.04) 0.20 (0.23)

In expanding industries, total industrial output grew by 91 percent on average.
The collective sales of continuing firms, however, grew only by 52 percent.
Apparently, continuing firms do benefit from the growth of the industry, but
their collective share grows at a slower rate than total industrial output. But in
contracting industries, the mean growth rate of total industrial output is minus
41 percent, whereas continuing firms together increase their sales by 20 percent
on average (the standard error is quite high, though). Hence, there seems to be
evidence that continuing firms only partly benefit from the growth of the
industry when the industry is in an expanding stage. However, in contracting
industries, continuing firms perform relatively well in terms of their aggregate
sales, despite the fact that the entrants are on average not significantly less
productive as incumbents.

Hypothesis IV.1 For each period, large firms are more productive than
small f irms.

The correlation coefficient between firm size (in terms of the log of sales) and
productivity (real value added per employee) is equal to 0.40 for expanding
industries, and 0.41 for shakeout industries, with both p-values far less than
0.01.21 Hence, this finding supports the hypothesis that in every period large
firms are more productive than small firms.

4.3.4 Conclusion

Let us give a short summary of the results of this section. The results of testing
the first three hypotheses show that the process of entry is in line with Klepper’s
propositions. Annual entry rates, survival rates and cumulative entry rates are
higher in expanding industries than in industries experiencing a shakeout of

                                                          
21 A higher capital intensity of large firms might also explain their higher labour

productivity. However, using investment in fixed assets over sales as a proxy for capital
intensity, no positive correlation was found between the log of sales and ‘capital intensity’ .



119

firms. Apparently, for entrants it becomes more diff icult to survive and grow as
the industry matures. The model’s explanation for this is that the advantage of
incumbents over entrants grows over time. However, as the results of testing
hypothesis I.5 show, this is not reflected by a higher productivity of continuing
firms.

No evidence was found for the hypothesis I.4: on average changes in market
shares are very small for continuing firms, and about half of them actually lose
market share. Hypothesis II .1 was rejected as well: in expanding industries a
number of exiting firms are replaced by a higher number of entrants, but the
latter are not significantly smaller than the former. Further, in the group of
shakeout industries the Herfindahl-index does not increase significantly,
suggesting that large firms do not grow at the expense of small firms.
Hypothesis III .1 was accepted, because a positive correlation was found between
the growth of market share of continuing firms (in expanding and shakeout
industries) and their average profit rates. Hypothesis III .2 could not be accepted,
since on average the profit rates between the group of expanding industries and
shakeout industries do not significantly differ. Hypothesis III .3 was rejected,
because in expanding industries continuing firms on average lose market share,
whereas in industries experiencing a shakeout they gain on average. The final
hypothesis (IV.1) was accepted, because a fairly strong positive correlation was
found between labour productivity and the size of the firm (in terms of output),
suggesting that large firms are indeed more productive than small fi rms.

Returning to the three questions posed in section 4.3.1, the analysis of this
section has shown that the answer to the first question is affirmative: industries
in different stages show different regularities. The second question (are the
observed regularities in line with the regularities predicted by the model?)
cannot be answered so easily, because the evidence is mixed. On the one hand,
no (or only weak) evidence was found for the hypotheses that focused on the
expansion of market shares of continuing firms, or on the differences of profit
rates between expanding and shakeout industries. On the other hand, the test
results of hypotheses I.1 to I.3 seem to confirm Klepper’s prediction of a
growing advantage of incumbents over entrants, since the results suggest that is
it more difficult for small firms to enter, survive, and grow in industries
experiencing a shakeout. Further, we have found evidence that a shakeout of
firms is not caused by an increase in exit rates, but rather by a significant
reduction in the number of f irms entering the industry. This finding is again
consistent with the model by Klepper. Finally, large firms were found to be
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more productive than small firms. Hence, to some extent the observed
regularities are in line with Klepper’s predictions.

However, no evidence was found for the part of Klepper’s model that actually
explains the emerging regularities of new, technologically progressive
industries. It is dynamic increasing returns to technological change that drives
Klepper’s model, but on average incumbent firms were not found to be more
productive or profitable than entrants when mature industries are considered.
Therefore, the answer to the third question seems to be no: although industries in
different stages show different regularities, and although the observed
(differences in) regularities are to some extent in line with Klepper’s model,
they cannot generally be explained by dynamic increasing returns to
technological change. However, the significant differences between the groups
of industries in different stages that were observed for many of the variables,
indicate that distinguishing industries on the basis of their evolutionary stage
still makes sense. Furthermore, there is some evidence for a growing advantage
of incumbents over entrants, even though incumbents are not significantly more
productive than entrants.

4.4  Combined analysis

Since there are a number of variables that are theoretically explained by both the
framework of technological regimes and the product life cycle, it might be
interesting to investigate empirically the extent to which these two approaches
can simultaneously account for differences in these variables across industries,
and to see whether there is any interaction between them. The most appropriate
way to investigate this is to run regressions in which the independent variables
are dummies denoting the technological regime and the evolutionary stage of the
industries. An interesting opportunity of applying such a regression analysis is
that we can now also include those industries that were left out in the previous
sections (e.g., the 28 industries that were omitted in the analysis of section 4.2
because their technological regime was unknown), and see whether these
industries have some special properties in common. Therefore, all 106 industries
present in the SN database wil l be included in the regression analysis that
follows. Table 4.21 shows how the technological regimes and the evolutionary
stage are distributed over the industries.
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Table 4.21 Distr ibution of technological regimes and
 evolutionary stages over the industr ies

Technological regime

Schumpeter
Mark I

Schumpeter
Mark II

Unknown
regime Total

Expanding 27 12 12 51

Shakeout 13 4 11 28

Consolidating 5 0 1 6

Contracting 14 0 3 17

‘Other’ stage 1 2 1 4

Evolutionary
stage

Total 60 18 28 106

In the regressions, the following six dummies are always included in the
analysis: SM-II , Unknown regime, Shakeout, Consolidating, Contracting and
‘Other’ stage. Interaction dummies are included on the basis of a stepwise
selection method. This method maximises the number of interaction dummies
included under the condition that each interaction dummy is significant at the 10
percent level. Because there are no observations for the dummies
(SM-II x Consolidating) and for (SM-II x Contracting), at most six interaction
dummies can be included. The group of industries that are both SM-I and in the
expanding stage is thus taken as the reference group in this regression analysis.
Table 4.22 to 4.25 lists the results of the regression analyses for the selected
industry-level variables.22

Regarding the regime dummies, table 4.22 shows that the SM-II dummy is
significant and with the expected sign for the first three variables, and
insignificant for the profit and investment margins and the survival rates. Hence,
except for the profit margin, these observations corroborate the findings of
section 4.2 regarding these variables: the share of small firms is significantly
lower, and concentration levels and median firm sizes are significantly higher in
SM-II industries.

                                                          
22 All i ndustry-level variables that are theoretically explained by the technological regime

framework and Klepper’s model are included. The variables measuring the share of small
firms in the total population of an industry and the share of the largest four firms in total sales
are left out because they closely correspond to respectively the share of small firms in total
sales and the Herfindahl-index.
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Table 4.22

Share of
small firms

in total
sales

Herfindahl-
index

Median
firm size

Profit
margin

Investment
margin

Survival
rate

Constant 0.446** *
(0.035)

0.107** *
(0.023)

3.977** *
(0.079)

0.088** *
(0.006)

0.063** *
(0.004)

0.780** *
(0.029)

SM-II -0.320** *
(0.056)

0.079**
(0.038)

0.617** *
(0.129)

0.014
(0.009)

0.004
(0.007)

-0.009
(0.048)

Unknown
regime

-0.122**
(0.058)

0.033
(0.031)

0.106
(0.129)

0.016*
(0.009)

0.013*
(0.007)

-0.046
(0.043)

Shakeout 0.069
(0.056)

-0.027
(0.032)

-0.119
(0.130)

0.009
(0.009)

-0.001
(0.007)

-0.152** *
(0.040)

Consolidating -0.086
(0.094)

0.019
(0.058)

0.055
(0.200)

-0.005
(0.014)

-0.003
(0.011)

-0.013
(0.074)

Contracting -0.116**
(0.057)

0.041
(0.038)

0.232*
(0.131)

-0.017*
(0.009)

-0.010
(0.007)

-0.162** *
(0.054)

‘Other’ stage 0.037
(0.103)

0.029
(0.070)

0.358
(0.238)

0.005
(0.017)

-0.012
(0.014)

0.069
(0.089)

Shakeout
x SM-II
Shakeout
x Unknown
regime

-0.223**
(0.094)

0.795** *
(0.215)

-0.035**
(0.015)

-0.024**
(0.011)

Consolidating
x Unknown
regime

0.404*
(0.222)

0.051**
(0.026)

Contracting
x Unknown
regime

 0.284*
(0.115)

‘Other’ stage
x SM-II
‘Other’ stage
x Unknown
regime

-0.047*
(0.027)

Adjusted R2 0.282 0.008 0.285 0.065 0.106 0.162
F-statistic
(p-value)

6.15
(<0.01)

1.15
(0.34)

6.98
(<0.01)

2.04
(0.06)

2.38
(0.02)

3.89
(<0.01)

 Note: For the dependent variable Median firm size we have taken its logarithm. Standard errors
are in parentheses.
* Significant at the 10%-level
** Significant at the 5%-level
** * Significant at the 1%-level

The group of industries with unknown regimes shows a lower share of small
firms and higher profit and investment margins. With regard to the evolutionary
stages, the dummies denoting shakeout, consolidating and ‘other’ stage are not
found to be statistically significant for any of these six variables, with the
notable exception of survival rates in shakeout industries. In line with the results
of section 4.3, survival rates are significantly lower in industries experiencing a
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shakeout. Contracting industries exhibit lower small firm shares, higher median
firm sizes, and lower profit margins and survival rates.

The parameter estimates of the interaction terms highlight the group of
industries with an unknown technological regime experiencing a shakeout. This
group of industries has a lower share of small firms and a higher median firm
size. Further, profit and investment margins are significantly lower in this group.
Finally, the F-statistics show that the hypothesis that all parameter estimates
(except for the constant) are equal to zero cannot be rejected at the 10 percent
level for the Herfindahl-index. For the profit margin, this hypothesis cannot be
rejected at the 5 percent level.

Table 4.23

Annual firm
entry rate

Annual sales
entry rate

Annual firm
exit rate

Annual sales
exit rate

Constant 0.100** *
(0.007)

0.055** *
(0.005)

0.078** *
(0.008)

0.039** *
(0.006)

SM-II -0.007
(0.012)

-0.023** *
(0.008)

0.000
(0.014)

-0.009
(0.009)

Unknown regime -0.003
(0.010)

-0.015**
(0.007)

0.005
(0.011)

-0.006
(0.008)

Shakeout -0.033** *
(0.010)

-0.011
(0.007)

-0.001
(0.011)

0.007
(0.008)

Consolidating -0.030
(0.019)

-0.009
(0.012)

-0.003
(0.021)

0.006
(0.014)

Contracting -0.018
(0.012)

-0.015*
(0.008)

0.028**
(0.014)

0.036** *
(0.009)

‘Other’ stage 0.003
(0.023)

-0.006
(0.015)

-0.014
(0.025)

-0.001
(0.017)

Adjusted R2 0.057 0.070 <0.001 0.118
F-statistic
(p-value)

2.05
(0.07)

2.33
(0.04)

0.94
(0.47)

3.35
(<0.01)

Note: None of the interaction dummies was statistically significant. Standard errors are in
parentheses.
* Significant at the 10%-level
** Significant at the 5%-level
** * Significant at the 1%-level

Next, table 4.23 shows the regression results of the annual entry and exit rates.
In line with the results of section 4.2, the SM-II dummy is not significant in
explaining annual firm entry and exit rates, but significant in explaining annual
sales entry rates. However, annual sales exit rates are not significantly lower for
SM-II industries (in contrast with the result of section 4.2). The dummy
indicating the group of unknown regime shows a significance pattern identical
to the SM-II dummy: it is only significant in explaining annual sales entry rates.
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The shakeout dummy is only significantly negative for firm entry rates,
confirming the results of section 4.3. Consolidating industries and industries in
the ‘other’ stage do not show any significant differences regarding annual entry
and exit rates. However, in contracting industries, entry rates (in term of sales)
are significantly lower and exit rates are significantly higher. Finally, note that
the values for the adjusted R2 for all four variables and the value of the
F-statistic for annual firm exit rates are quite low.

Table 4.24

Cumulative
firm entry rate

Cumulative
sales entry rate

Cumulative firm
exit rate

Cumulative
sales exit rate

Constant 0.566** *
(0.026)

0.425** *
(0.030)

0.320** *
(0.023)

0.310** *
(0.031)

SM-II -0.118** *
(0.042)

-0.211** *
(0.049)

0.021
(0.039)

-0.183** *
(0.058)

Unknown regime -0.012
(0.042)

-0.116** *
(0.041)

0.050
(0.038)

-0.129** *
(0.046)

Shakeout -0.211** *
(0.042)

-0.137** *
(0.041)

0.080**
(0.038)

0.007
(0.047)

Consolidating -0.162** *
(0.064)

-0.105
(0.076)

-0.012
(0.058)

-0.004
(0.078)

Contracting -0.204** *
(0.042)

-0.173** *
(0.050)

0.162** *
(0.039)

0.142** *
(0.057)

‘Other’ stage -0.043
(0.077)

-0.032
(0.091)

0.038
(0.097)

-0.100
(0.109)

Shakeout
x SM-II

0.202*
(0.112)

Shakeout
x Unknown regime

-0.123*
(0.070)

-0.152**
(0.063)

Consolidating
x Unknown regime
Contracting
x Unknown regime

0.392** *
(0.122)

‘Other’ stage
x SM-II

-0.316**
(0.139)

‘Other’ stage
x Unknown regime

0.591** *
(0.212)

Adjusted R2 0.374 0.214 0.203 0.315
F-statistic
(p-value)

9.95
(<0.01)

5.75
(<0.01)

4.35
(<0.01)

6.36
(<0.01)

Note: Standard errors are in parentheses.
* Significant at the 10%-level
** Significant at the 5%-level
** * Significant at the 1%-level

With regard to cumulative sales entry and exit rates, the figures in table 4.24
confirm our findings of section 4.2 that these measures are significantly lower in
SM-II industries. However, with regard to cumulative firm entry and exit rates
the results suggest a significance pattern opposite to section 4.2. Here, we find
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that firm entry rates are significantly lower in SM-II industries, whereas
cumulative firm exit rates are not significantly lower in this group of industries.
The dummy denoting the group of unknown regimes is negatively significant for
the cumulative sales entry rates and exit rates. The dummies denoting the group
of shakeout and contracting industries show rather similar significance patterns:
cumulative entry rates are lower and cumulative exit rates are higher in these
two groups. The group of shakeout industries with an unknown technological
regime shows significantly lower cumulative firm entry and exit rates. Finally,
compared to the previous two groups of variables, the values of the adjusted R2

and the F-statistic are much higher.

Table 4.25 shows the regression statistics of the final four industry-level
variables. In line with the findings of section 4.2, short run market share
turbulence among incumbents is significantly lower in SM-II industries, whereas
long run turbulence is not. Further, the contribution of the entry and exit process
in aggregate productivity growth is significantly lower in SM-II industries. The
dummy denoting the group of industries with unknown regime is (negatively)
significant in explaining both short and long run turbulence among incumbents.
The group of shakeout and consolidating industries show a higher growth of the
collective market share of incumbents and a lower share of the entry and exit
process in aggregate productivity growth. In contracting industries, long run
turbulence and the market share growth of incumbents are significantly higher,
whereas for the industries in the ‘other’ stage only the long run turbulence
among incumbents was found to be significantly higher.

For two out of the four variables in table 4.25, the group of unknown regime
industries experiencing a shakeout stands out again. This interaction term is
significantly positive in explaining long run turbulence among incumbents and
significantly negative in explaining the collective market share growth of
incumbents. Finally, note that for the regression of the last dependent variable of
table 4.25 (the share of the entry and exit process in aggregate productivity
growth) the hypothesis that all parameter but the constant are equal to zero could
not be rejected at the 10 percent level.
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Table 4.25

Short-run
turbulence

among
incumbents

Long-run
turbulence

among
incumbents

Differences in
the collective

market shares of
incumbents

Share in
productivity
growth of the
entry and exit

process

Constant 0.144** *
(0.009)

0.267** *
(0.019)

-0.128** *
(0.024)

0.550** *
(0.124)

SM-II -0.033**
(0.015)

0.020
(0.031)

0.047
(0.038)

-0.357*
(0.196)

Unknown regime -0.055** *
(0.013)

-0.059*
(0.031)

0.050
(0.042)

-0.060
(0.162)

Shakeout -0.013
(0.013)

-0.049
(0.031)

0.225** *
(0.038)

-0.308*
(0.164)

Consolidating -0.014
(0.023)

-0.059
(0.047)

0.132**
(0.058)

-0.172
(0.338)

Contracting 0.016
(0.015)

0.051*
(0.031)

0.378** *
(0.043)

0.170
(0.205)

‘Other’ stage 0.022
(0.028)

0.122*
(0.065)

0.059
(0.069)

0.078
(0.390)

Shakeout
x SM-II
Shakeout
x Unknown regime

0.088*
(0.051)

-0.111*
(0.065)

Consolidating
x Unknown regime
Contracting
x Unknown regime

0.249** *
(0.094)

‘Other’ stage
x SM-II
‘Other’ stage
x Unknown regime

-0.260**
(0.128)

Adjusted R2 0.174 0.108 0.569 0.042
F-statistic
(p-value)

4.68
(<0.01)

2.59
(0.01)

18.3
(<0.01)

1.14
(0.14)

Note: Standard errors are in parentheses.
* Significant at the 10%-level
** Significant at the 5%-level
** * Significant at the 1%-level

In conclusion, most of the results obtained in section 4.2 and 4.3 remain
unchanged. Considering the group of industries that were already included in
these two sections, only three minor changes can be observed. The first one
addresses annual sales exit rates. In section 4.2, these rates were significantly
lower in SM-II industries, whereas the SM-II dummy in the regression analysis
of this section was not statistically significant. The second difference is that
cumulative firm entry rates are significantly lower in SM-II industries in the
regression analysis, whereas section 4.2 showed they were not significantly
different. The third difference concerns the profit margins. In section 4.2, we
showed that this variable was significantly higher in SM-II industries than in
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SM-I industries, whereas in the regression analysis of the present section the
dummy denoting the group of SM-II industries was not significantly different.

When we look at the industries that were initially not included in the analysis,
we observed the following results. First, the group of industries for which the
technological regime was unknown showed some interesting properties. In this
group, the share of small firms, annual and cumulative sales entry rates and
turbulence among incumbents are lower, whereas profit and investment margins
were found to be higher than in the reference group. Hence, for these variables
the group with unknown regimes resembles the archetypical SM-II regime.
However, the insignificant results for the other variables (most notably
concentration levels and the contribution of the entry and exit process to
aggregate productivity growth) do not correspond to the theoretical SM-II
regime.

Second, the group of contracting industries showed some structural properties
(low share of small firms, high median firm size) that may indicate
circumstances conducive to large firms. In this group, selective forces seem to
be rather strong: low profit margins, low entry and survival rates and high exit
rates. Finally, the interaction terms highlighted the group of industries with an
unknown technological regime experiencing a shakeout. This group has the
following properties in common. Small fi rms have a minor share in the industry,
the median size of the firm is high, and profit and investment margins are low.
Regarding the dynamic properties, we observed for this group low cumulative
firm entry and exit rates, but a high long run market share turbulence among
incumbents. Incidentally, the other interaction terms were significant too, but
none of them exhibited a systematically different pattern vis-à-vis the reference
group of industries.

4.5  Conclusions

Starting from the hypothesis that differences between industries can be
explained by underlying structural differences (i.e., different technological
regimes) as well as by temporal differences (i.e., differences in the evolutionary
stages of the industries), this chapter has shown that the data indeed provide
evidence for both types of explanations. The analysis of section 4.2 strongly
suggested that differences in the structural and dynamic properties of industries
are closely related to the set of opportunity, appropriabili ty, cumulativeness and
knowledge conditions underlying the innovative activities in an industry. And
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although the model by Klepper (1996) is primarily intended to depict the
evolution of technologically progressive industries, section 4.3 has shown that
applying the model to (basically mature) manufacturing industries in general,
i.e., without any reference to their technological progressiveness, provides some
interesting results. Industries in different evolutionary stages indeed show
different regularities, which are partly in line with Klepper’s model. Especially
differences in the entry and survival rates of industries corroborate Klepper’s
hypothesis of a growing advantage of incumbents over entrants. Further, we
have found circumstantial evidence that a shakeout of firms is not caused by an
increase in exit rates, but rather by a significant reduction in the number of f irms
entering the industry. This finding is again consistent with the model by
Klepper. Apart from some minor differences, the regression analysis of section
4.4, which investigated the interaction between the two theoretical approaches,
generally confirmed the results of section 4.2 and 4.3.

Further analyses, directly using proxies for the actual opportunity,
appropriability, cumulativeness and conditions of knowledge accumulation to
determine the technological regime, or the actual age of an industry together
with, e.g., the growth rate of patents to determine an industry’s evolutionary
stage would certainly provide a stronger basis for testing whether technological
regimes and industry li fe cycles explain the observed differences between
industries. However, we believe that the analysis presented here has provided
important evidence on the links between technological regimes, patterns of
innovation, industry li fe cycles and industrial dynamics.
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Appendix: list of industries with their technological regime
and evolutionary stage

Industry
Technological
regime

Evolutionary
stage

Finishing of textiles Schumpeter Mark I Expanding
Manufacture of carpets and rugs Schumpeter Mark I Expanding
Manufacture of made-up textile articles, except apparel Schumpeter Mark I Expanding
Manufacture of other non-metalli c mineral products nec* Schumpeter Mark I Expanding
Manufacture of glass and glass products Schumpeter Mark I Expanding
Iron, steel and non-ferrous metal foundries Schumpeter Mark I Expanding
Manufacture of tanks, reservoirs and pipe-lines Schumpeter Mark I Expanding
Manufacture of steel and non-ferrous metal doors,
windows, walls and the like

Schumpeter Mark I Expanding

Metal construction nec Schumpeter Mark I Expanding
Manufacture of metal furniture Schumpeter Mark I Expanding
Forging, treatment and coating of metals Schumpeter Mark I Expanding
Manufacture of agricultural machinery Schumpeter Mark I Expanding
Manufacture of machine-tools Schumpeter Mark I Expanding
Manufacture of machinery for packing and wrapping Schumpeter Mark I Expanding
Manufacture of machinery for food, beverage and tobacco
processing

Schumpeter Mark I Expanding

Manufacture of machinery for manufacturers of rubber
and plastic products

Schumpeter Mark I Expanding

Manufacture of lifting and handling equipment Schumpeter Mark I Expanding
Manufacture of machinery for textile and apparel Schumpeter Mark I Expanding
Manufacture of machinery for chemical cleaning,
washing, leather and leather products, paper and paper
products and printing

Schumpeter Mark I Expanding

Manufacture of pumps, compressors, taps and valves Schumpeter Mark I Expanding
Manufacture of fans, refrigerating and freezing equipment Schumpeter Mark I Expanding
Appendage Schumpeter Mark I Expanding
Manufacture of machine parts nec Schumpeter Mark I Expanding
Manufacture of machinery nec Schumpeter Mark I Expanding
Manufacture of trailers and semi-trailers Schumpeter Mark I Expanding
Manufacture of bodies for motor vehicles Schumpeter Mark I Expanding
Manufacture of transport equipment nec Schumpeter Mark I Expanding
Manufacture of other textiles nec Schumpeter Mark I Shakeout
Tanning and dressing of leather Schumpeter Mark I Shakeout
Manufacture of luggage, handbags and the like, saddlery
and harness

Schumpeter Mark I Shakeout

Manufacture of wooden containers Schumpeter Mark I Shakeout
Manufacture of other products of wood, manufacture of
articles of cork, straw and plaiting materials

Schumpeter Mark I Shakeout

Manufacture of furniture, except metal furniture Schumpeter Mark I Shakeout
Manufacture of cement and lime Schumpeter Mark I Shakeout
Manufacture of articles of concrete and cement Schumpeter Mark I Shakeout
Forging, pressing, stamping and roll -forming of metal Schumpeter Mark I Shakeout
Manufacture of metal fasteners, cables, springs and the
like

Schumpeter Mark I Shakeout

Manufacture of heating and boilers, except electrical Schumpeter Mark I Shakeout
Manufacture of other fabricated metal products nec Schumpeter Mark I Shakeout
Machine repair nec Schumpeter Mark I Shakeout
Carpentry and manufacture of densified wood and parquet
flooring blocks

Schumpeter Mark I Consolidating

Manufacture of ceramics Schumpeter Mark I Consolidating
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Industry
Technological
regime

Evolutionary
stage

Manufacture of basic metals Schumpeter Mark I Consolidating
Manufacture of tools and machinery for metallurgy Schumpeter Mark I Consolidating
Manufacture of bearings, gears, gearing and driving
elements

Schumpeter Mark I Consolidating

Preparation and spinning of wool fibres, weaving of wool Schumpeter Mark I Contracting
Preparation and spinning of cotton fibres, weaving of
cotton

Schumpeter Mark I Contracting

Manufacture of tricot and stockings Schumpeter Mark I Contracting
Manufacture of wearing apparel, dressing and dyeing of
fur

Schumpeter Mark I Contracting

Manufacture of footwear Schumpeter Mark I Contracting
Sawmill ing and planing of wood, manufacture of veneer
sheets, plywood, laminboard, particle board and other
panels and boards

Schumpeter Mark I Contracting

Manufacture of bricks and tiles Schumpeter Mark I Contracting
Manufacture of metal packings Schumpeter Mark I Contracting
Manufacture of machinery for petrochemical, chemical
and pharmaceutical industries

Schumpeter Mark I Contracting

Manufacture of machinery for wood and furniture Schumpeter Mark I Contracting
Manufacture of engines and turbines, except aircraft,
vehicle and cycle engines

Schumpeter Mark I Contracting

Manufacture of office machinery Schumpeter Mark I Contracting
Manufacture of weighing machinery and domestic
appliances, except electrical

Schumpeter Mark I Contracting

Building and repairing of ships and boats Schumpeter Mark I Contracting
Manufacture of machinery for mining, construction,
building materials and metallurgy

Schumpeter Mark I ‘Other’ stage

Manufacture of synthetic resin Schumpeter Mark II Expanding
Manufacture of dye-stuffs and colouring matters Schumpeter Mark II Expanding
Manufacture of chemical raw materials nec Schumpeter Mark II Expanding
Manufacture of paints, varnishes and similar coatings,
printing ink

Schumpeter Mark II Expanding

Manufacture of pharmaceuticals and medicinal chemicals Schumpeter Mark II Expanding
Manufacture of other chemical products nec Schumpeter Mark II Expanding
Manufacture of plastic products Schumpeter Mark II Expanding
Manufacture of electric motors, generators and
transformers

Schumpeter Mark II Expanding

Manufacture of electricity distribution and control
apparatus

Schumpeter Mark II Expanding

Manufacture of other electrical equipment nec Schumpeter Mark II Expanding
Manufacture of motor vehicles Schumpeter Mark II Expanding
Manufacture of parts and accessories for motor vehicles Schumpeter Mark II Expanding
Manufacture of soap and detergents, cleaning and
polishing preparations, perfumes and toilet preparations

Schumpeter Mark II Shakeout

Manufacture of chemical pesticides Schumpeter Mark II Shakeout
Manufacture of rubber products Schumpeter Mark II Shakeout
Manufacture of motorcycles and bicycles Schumpeter Mark II Shakeout
Manufacture of fertili sers Schumpeter Mark II ‘Other’ stage
Manufacture of insulated wire and cable Schumpeter Mark II ‘Other’ stage
Processing and preserving of f ish and fish products Unknown regime Expanding
Manufacture of bakery products Unknown regime Expanding
Manufacture of other food products nec Unknown regime Expanding
Manufacture of malt liquors and malt Unknown regime Expanding
Manufacture of other articles of paper and paperboard Unknown regime Expanding
Manufacture of corrugated paper and paperboard Unknown regime Expanding
Offset printing Unknown regime Expanding
Chemigrafical and fotoli thografical firms Unknown regime Expanding
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Industry
Technological
regime

Evolutionary
stage

Other printing Unknown regime Expanding
Publishing of books Unknown regime Expanding
Other publishing Unknown regime Expanding
Manufacture and repair of aircraft Unknown regime Expanding
Production, processing and preserving of meat and meat
products

Unknown regime Shakeout

Manufacture of grain mill products Unknown regime Shakeout
Manufacture of vegetable and animal oils and fats Unknown regime Shakeout
Processing and preserving of fruit and vegetables Unknown regime Shakeout
Manufacture of sugar, cacao, chocolate and sugar
confectionery

Unknown regime Shakeout

Manufacture of prepared animal feeds Unknown regime Shakeout
Manufacture of soft drinks Unknown regime Shakeout
Manufacture of tobacco products Unknown regime Shakeout
Manufacture of paper and paperboard Unknown regime Shakeout
Printing of newspapers Unknown regime Shakeout
Publishing of newspapers Unknown regime Shakeout
Bookbinding Unknown regime Consolidating
Manufacture of dairy products Unknown regime Contracting
Distil ling, rectifying and blending of spirits; ethyl alcohol
production

Unknown regime Contracting

Printing of books Unknown regime Contracting
Publishing of periodicals Unknown regime ‘Other’ stage

       * not elsewhere classified
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Chapter 5

Technological diffusion patterns and their effects
on industrial dynamics

5.1  Introduction

Both the technological regime framework and the industry li fe cycle approach
are able to explain variations in industry structures and dynamics. The previous
chapter has shown that opportunity, appropriability, cumulativeness and
knowledge conditions underlying the industrial innovative process, as well as
the evolutionary stage of the industrial life cycle affect the structural and
dynamic properties of an industry. However, as we have mentioned in section
3.5, in our view these theories still ignore a number of crucial elements. First of
all , models of product life cycles generally focus on the emergence and
evolution of only one product and its associated technology. However, in many
industries we observe that firms repeatedly introduce or adopt new product
technologies that replace the older ones. Second, both the technological regime
and the industry li fe cycle approach do not explicitly consider differences in the
technological properties of the goods produced by the industries. Finally, in
models on technological regimes and on industry li fe cycles the growth of a firm
is generally determined by its relative (technological) performance. However,
empirical studies on firm growth do not provide much evidence supporting such
a relationship. Most of these studies suggest that the size of a firm generally
follows a random walk with a declining positive drift.1

In this chapter we wil l introduce a model on industry dynamics that attempts to
include these three elements. As in Shy (1996), the degree of substitutability

                                                          
1 See Geroski (1998).
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between the quality and the network size of a technology and the degree of
compatibil ity of succeeding technologies are the key determinants of the
simulation model presented here. However, Shy (1996) mainly limits his focus
to the demand side, as he investigates how varying consumer preferences over
technology advance and network size effects the timing and frequency of new
technology adoption. Our focus will be on the relation between the demand side
and the supply side. Given variations in purchaser preferences over quality and
network sizes, and different degrees of compatibility between succeeding
technologies, we will investigate how the resulting differences in the timing and
frequency of new technology adoptions by purchasers effect the dynamics of the
population of supplying firms. Furthermore, we will investigate whether these
effects are different under various technological regimes.

The structure of the chapter is as follows. The next section presents the
conceptual basis of the model. Based on Shy (1996), we will explain how
variations in consumer preferences over quality and network sizes of product
technologies and different degrees of compatibility between succeeding
technologies affect the timing and frequency of new technology adoptions.
Further, we will elaborate on some theoretical and empirical issues concerning
firm growth. Section three formally presents the model, of which the simulation
results will be analysed in section four. Section five focuses on how these results
are effected when different technological regime conditions are considered.
Section six concludes this chapter.

5.2  The diffusion of new product technologies

As mentioned in the introduction, one of the objectives of the industry model
presented in this chapter is to include a repeating process of new technology
adoptions. An interesting option of including such a process is that, by varying
the parameters determining the diffusion patterns, the model can be used to
investigate whether differences in the diffusion of new technologies affect the
structural and dynamic properties of an industry. This would be an important
result, because if the industrial properties are indeed related to the diffusion
patterns, our model may provide an additional explanation for the observed
structural and dynamic differences between industries.

Obviously, we will first need a theoretical framework that explains how
differences in the diffusion patterns of new product technologies may arise.
Although there is a considerable amount of literature on modelling diffusion
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dynamics2, in our view the model by Shy (1996) provides the most appropriate
framework for analysing the determinants of diffusion patterns. In this model,
the degree of substitutabili ty between the quality and the network size of a
technology and the degree of compatibility of succeeding technologies are the
key variables determining the timing and frequency of new technology
adoptions. In what follows we will briefly explain the logic behind Shy’s model.

5.2.1 Modelli ng diffusion dynamics: Shy’s approach

Shy (1996) describes the consumer dynamics within an overlapping generations
framework. In the model, the generation of entering consumers chooses whether
to purchase a certain product based on an old technology already used by an
older generation of consumers or whether to purchase the product based on the
new technology with a higher quality. The young generation chooses the new
technology if the utilit y from the high quality technology, combined with the
size of the network associated with the new technology, overtakes the utility
from the old technology with its associated network size. The size of the
network of the new technology is the sum the population size of the young
generation and a certain percentage of the old generation of users. This
percentage is determined by the degree of compatibility between the old and
new technology. Hence, the higher the compatibility, the larger the network size
associated with the new technology will be. Shy (1996) then shows that a
decrease in the degree of compatibility between new and old technologies will
increase the duration of each technology. Further, by varying the degree of
substitution between the quality and the network size of a technology, he shows
that the duration of each adopted technology is lower and the frequency of
technology adoptions is higher the more consumers value quality and network
size as substitutes rather than complements.

Hence, his focus on consumer preferences helps us understand “…why
technology is replaced more often in some industries than in others…” (Shy,
1996, p.786). He also asserts that his model is general enough to capture a
variety of market structures. That is, he shows that both a persistent monopoly,
as well as a more competitive market structure with the entry of a new firm
whenever a new technology becomes available3, is consistent with his model.
The aim of our model is to further elaborate on the evolution of the supply side
                                                          

2 See Stoneman (1991) for an overview of these models.
3 Shy (1996) assumes that the new firm is endowed with a one period patent right on the

new technology, allowing it to (temporarily) charge a monopoly price.
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of industries experiencing repeated adoption of new technologies. Although
previous models on technological change and industry evolution have
investigated issues such as the evolution of the firm population4 or the diffusion
process of (subsequent) innovations5, they have not explicitly linked these two
processes such that causality runs from the latter to the former. Hence, these
models have not analysed the effect of technology diffusion patterns on the
dynamics of the firm population. The model presented in this chapter attempts to
fill this hiatus.

In conclusion, the model by Shy (1996) provides the theoretical basis of the first
two distinguishing elements that are included in our model on industry dynamics
(i.e., the repeated adoption of new product technologies, and differences in
technological properties of the goods produced). The next subsection will focus
on the process governing firm growth that constitutes the third distinguishing
element of our model.

5.2.2 A note on firm growth

In virtually all evolutionary models on industrial dynamics some type of
replicator dynamics is employed to depict the evolution of the size of a firm.
The basic assumption underlying this mechanism is that the selection process
allocates market share from the less eff icient firms to the more eff icient ones.
Hence, in its simplest form this replication concept states that the growth of a
firm over a certain period is proportional to its relative competitiveness.
However, there are a number of reasons why in practice such a relationship may
not be very strong. Let us briefly summarise these reasons.

The growth or decline of a firm is ultimately a managerial decision: the
management decides on how much to invest and how many workers to hire or
lay off . Many factors may influence the final outcome of this decision. Past
performance is certainly one of them. Besides creating the necessary funds, high
profits in the past are a signal of a firm’s competitiveness, creating confidence
among the management and the potential investors. However, high profits may
also indicate a lag in mobilising effective competition, reflecting a windfall gain
from being properly positioned to take advantage of a change in level or
character of demand. In this last case the high profits may have resulted from
                                                          

4 See, e.g., Nelson and Winter (1982), Winter (1984) and Dosi et al. (1995).
5 See, e.g., Davies (1979), Iwai, (1984a, 1984b), Reinganum (1981), Silverberg and Lehnert

(1993), Silverberg and Verspagen (1994a, 1994b).
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mere chance, and are not likely to be as persistent as profits resulting from
having been superior to competitors.

But probably more important than a firm’s past competitiveness in the growth
decision are the expectations of a firm regarding the state of the economy, the
condition of the industry, a firm’s own performance, et cetera. There are many
reasons why firms may have different expectations. First of all , the prospects
may differ between industries. When an industry is expected to grow rapidly, a
firm will be more inclined to expand than when prospects are less optimistic for
the industry. Second, firms within the same industry could have different
information sets on which the decision to grow is based. Third, even if f irms
would have the same information, still they may perceive and interpret it
differently, leading to different expectations.

Naturally, different expectations lead to different decisions. Moreover, firms
may have different ambitions regarding their (ultimate) sizes or market shares.
Some firms may indeed be driven by enormous ambitions and try to capture the
total market as much as possible. But other firms may be less ambitious. Their
aim could be to acquire a certain amount of profits, and if this goal is reached at
a certain size they may decide to keep the size approximately fixed. Perhaps the
desire to grow is present latently, but if it is not strong enough no serious
attempts will be made to fulfil this desire. Finally, the situation on the markets
for labour and capital goods may differ across industries. A shortage of
labourers with skills necessary for a specific firm probably hinders a firm’s
desire to expand.

Combining the potential differences in expectations, ambitions and input
markets makes anticipating the growth paths of firms very diff icult. As Geroski
(1998) argues, the growth of a firm may very well be understood, but also be
hard to describe or predict with any precision. Perhaps for these reasons
econometric work on the growth of f irms usually find that firm size essentially
follows a random walk. Only some significantly negative effects of initial size
and age on corporate growth are frequently observed, but usually these effects
are not very large (Geroski, 1998).

As shown in chapter 2, in Dutch manufacturing these regularities are also
observed. We have also found that initial size and firm age (at least the proxy we
have used for the age of entering firms) have a significant negative effect on
firm growth. But the main question here concerns the extent to which the
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relative competitiveness of firms can explain their growth rates. In order to
answer this question we will run two regressions for all continuing firms, in
which we will employ the relative labour productivity (RelProd) of a firm to
denote its relative competitiveness. For a given year this variable is calculated as
a firm’s individual labour productivity (value added per employee) divided by
the weighted industry average for that year. The first regression we will run
takes the actual annual growth rate of the firms as the dependent variable, the
second one takes the average growth rate of the firm over the period 1978-1992.
Hence, we have:

ln (emplt+1) – ln (empl t) = β1 + β2 ln (RelProdt) + ε , (5.1)

[ln (empl1992 ) – ln (empl1978 )] / 14 = β1 + β2 ln (RelProd1978) + ε , (5.2)

The following table lists the results of the regression analyses.

Table 5.1: Regression analyses of firm growth on relative productivity

Regression β1 β2 Adjusted R2

(5.1) 0.005 (0.001) 0.048 (0.002) 0.017

(5.2) 0.004 (0.001) 0.012 (0.002) 0.012

Note: Standard errors in parentheses. All parameter estimates are significant at the 1%-level.

Although the parameter estimates for relative labour productivity are significant
in both regressions, they do not explain more than two percent of the total
variance in firms’ growth rates. This clearly confirms that the patterns of f irm
growth are only weakly influenced by selective pressures. We conclude
therefore that relative competitiveness only plays a limited role in explaining the
growth patterns of f irms. In our view, this result is enough to abstain from an
attempt to model the growth process of a firm on the basis of past or current
performance levels.

In the model that follows, we will thus refrain from employing some type of
replicator dynamics in modelling firm growth. Instead, we will model the
evolution of the size of a firm as following a random walk, however with a
declining positive drift. In this way we assure that the process governing firm
growth is a priori consistent with the stylised fact that growth rates are
negatively correlated to the firm’s age. Of course, the relative competitiveness
of a firm will matter in the model, but only in determining the probability of
survival. Therefore, in this model it is really a matter of survival of the fittest, as
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opposed to expansion of the fittest. Modelling firm growth in this way also
allows us to investigate whether replicator dynamics are essential in
evolutionary models on industry dynamics, or whether random firm growth can
lead to realistic results as well .

After having described the two most distinguishing features of the model, i.e., its
focus on the repeated adoption of new technologies in relation to the dynamics
of the firm population, and the modelling of f irm growth as an essentially
random process, we now turn to the technical details of the model.

5.3  The model

Consider an industry where in each discrete time period t, t = 0, 1, 2,…, the firm
population consists of N (t) firms. All firms in the industry are producing a
certain product that is defined by its functional characteristics. An essential
assumption in the model is that the function the product performs can be based
on different technologies. For instance, both the standard compact cassettes as
well as the compact disc (CD) are sound recording media, however analogue
recording technology underlies the compact cassette, whereas a CD is recorded
using digital technology. However, our notion of a product also extends to
producer or capital goods. An example here could be industrial lathes, which can
be manually operated or operated by computer numeric control (CNC)
technology.

Every period a random number of new firms enter the industry according to a
Poisson process6 with arrival rate ρent. At birth, each firm i is endowed with a
firm-specific organisational competitiveness level λi, a product technology Ψ,
and a size si. The organisational competitiveness level λi is a random genotype
variable7 that sets for each firm a potential li mit to its actual competitiveness,
creating some (initial) heterogeneity among firms with regard to their
organisational capabilit ies. As mentioned, this variable may limit the firm’s
actual competitiveness, but whether it actually does depends on its technological
competitiveness that is calculated as follows.

                                                          
6 For practical reasons, we have adopted the Poisson process here and approximated it by

five hundred Bernoulli t rials every period. For analytical convenience, the arrival rate is kept
constant over the simulation period.

7 This variable is generated as follows. Let x ~ N (µλ ,σλ). Then λi =max{0 ; x} if x ≤ µλ ,
and λi =max{0 ; 2µλ-x} if x > µλ.
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5.3.1 Competitiveness of fi rms

Assume that at every period Κ product technologies are available. At birth,
every firm is randomly endowed with a technology Ψ (Ψ  = 1, 2,…,Κ), such that
the probabili ty of receiving a given technology is equal to 1 / (Κ). These
technologies are ranked according to their intrinsic quali ty level QΨ, such that
QΚ > QΚ-1 >…> Q1. Further, there is a class of old technologies Ψ  = 0 that all
have an intrinsic quality level Q0. Every β1 periods a pioneering entrant or
incumbent introduces a new, intrinsically better product technology that has
become available due to exogenous technological change. This introduction
causes all technologies to drop one level in their intrinsic quality. Hence, the
newly introduced technology becomes Κ (the technology with the highest
quality level QΚ), and Ψ = 1 becomes part of the class of old technologies Ψ  = 0
and degrades to the intrinsic quality level Q0. Although our model embodies
intra-firm technology diffusion (firms can employ more than one product
technology simultaneously) we will first explain the evolution of some essential
variables for a single-technology firm.

A firm’s technological competitiveness TCi,Ψ (t) depends on the intrinsic quality
QΨ of the product technology it is applying and the total share ΓΨ of this
technology in the industry in the following way:

TCi,Ψ (t) = α ΓΨ (t)+ (1-α) QΨ (t), (5.3)

where 0 ≤ α ≤ 1, and Q0 ≤ QΨ ≤ 1. The parameter α is essential here, as it
determines the strength of the network externalities on the demand side. The
higher α, the more the total market share of a technology determines the firm’s
technological competitiveness.

Combining the organisational competitiveness λi with the technological
competitiveness TCi,Ψ (t) gives the potential competitiveness PCi,Ψ (t) of a firm,
which is:

PCi,Ψ (t) = min {  TCi,Ψ (t) ; λi } . (5.4)

Hence, a firm’s potential competitiveness is either bounded by its organisational
or its technological competitiveness. We could have modelled organisational
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and technological competitiveness as (imperfect) substitutes, but this would
have implied that, e.g., a firm with a very low level of organisational
competitiveness may still survive as long as it has a high level of technological
competitiveness. We believe that such a situation is not realistic, as firms will
always need a certain level of organisational skil ls in order to manage the
manufacturing and selling of their products. Furthermore, by modell ing
organisational and technological competitiveness as complementary, we exclude
in advance the awkward possibility that the organisational and technological
skills of the firms will be negatively correlated in the simulation results.

Finally, a firm’s actual competitiveness Ci,Ψ (t) evolves according to the
following moving average process:

Ci,Ψ (t) = θ Ci,Ψ (t-1) + (1-θ) PCi,Ψ (t), (5.5)

where 0 ≤ θ ≤ 1, and Ci (t) = β2 λi for all firms that enter at period t. The
parameter β2 puts an entrant at an initiall y disadvantageous and possibly even
hazardous position. To some extent such an entry process corresponds to
Jovanovic (1982). Even firms with very low competitiveness levels may decide
to enter the industry, simply because they do not know their true
competitiveness prior to their entry. Only by actually entering they can gather
some evidence regarding their real capabilities, which may subsequently
eventuate in a rapid exodus of entrants with low competitiveness levels. It is also
consistent with the empirical evidence on the entry process.8

5.3.2 Exit rules

If the actual competitiveness is below a certain fraction ΦL of the industry
average C , or if size drops below the minimum level ŝ, a firm dies with
probability one, a higher productivity level reduces the probabili ty of exiting
Pexit (t). Survival is guaranteed for the next period if relative competitiveness
exceeds an upper level ΦH. Hence, we have

Pexit, i (t)  =  0 

if Ci,Ψ (t) ≥ ΦH C (t)         (5.6a)

                                                          
8 See Caves (1998) for an extensive overview.
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Pexit, i (t)  =  1

if Ci,Ψ (t) ≤ ΦL C (t), or if si (t) ≤ ŝ.         (5.6c)

These exit rules can be interpreted as a mixture of voluntary and forced exit. If
relative competitiveness is lower than ΦL, or if firm size drops below the
minimum level ŝ, firms go bankrupt and are thus forced to exit. However, for
those firms that observe that their relative competitiveness lies between ΦL and
ΦH, the exit decision is voluntary. Depending on their aspiration level, some of
them may decide to continue, whereas others may voluntaril y leave the industry
and perhaps try their chances elsewhere.

5.3.3 Evolution of fi rm size

As mentioned before, all firms are initially endowed with a fixed size si. We
interpret this size as a firm’s sales capacity and assume for convenience that
firms always operate at full capacity. All surviving firms grow each period
according to a random process, however their mean growth rates asymptotically
reach zero as they mature. The process governing firm growth is
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where ai,t denotes the age of firm i at t. The variable χ is randomly drawn from a
normal distribution with mean µχ = 0 and variance σχ , β4 sets the average
growth rate of firms at the age of zero. This growth rate gradually declines as the
firm matures, a process of which the pace is determined by β5 . Finally, β6

assures that even at a high age the size of a firm is stil l subject to random
shocks.
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5.3.4 Imitation

The description of the model, so far, has only considered firms employing one
product technology. But, as mentioned, the model also allows for firms
employing several technologies simultaneously. Let Ψ = A denote the firm’s
intrinsically best technology. As long as A < Κ, a firm may have the opportunity
to imitate an intrinsically better technology. Every period, firms randomly
receive an imitation draw according to a Poisson process9 with arrival rate ρim.
Receiving an imitation draw means that the firm acquires the knowledge of
employing one intrinsically better technology. This process is arranged such that
on average a firm with a given market share10 zi would receive ρim [zi + β7 (1-zi)]
imitation draws in every β1 periods, where 0 ≤ β7 ≤ 1. The parameter β7 sets the
inequality between firms with different sizes with regard to receiving an
imitation draw. If β7 = 1 all firms have equal probabilities to imitate, if β7 = 0
the probabili ty to imitate is proportional to a firm’s market share.

If an imitation draw is received, the probabili ty of acquiring the knowledge of
given other product technology is equal to 1 / (Κ − A).11 Every firm that has
obtained an opportunity reallocates every period a share ωi (t) of its total
capacity from its worst available technology Ψ = L (i.e., the technology with the
lowest technological competitiveness) to its best available technology Ψ = H
(i.e., the technology with the highest technological competitiveness).12 The size
of this reallocation share ωi (t) is determined by:

ωi (t) = β8 [TCi,H (t) − TCi,L (t)] (1 + η ), (5.8)

                                                          
9 Again approximated by Bernoulli trials.
10 By market share we mean the firm’s share in the total capacity of the industry. Hence, we

have ∑=
)(

)()()(
tN

iii tststz .

11 The randomness of this process essentially reflects a bound to the agents’ rationali ty,
combined with some degree of technological uncertainty. Hence, the combination of these
elements may lead to erroneous decisions of f irms with regard to the allocation of their
imitation efforts.

12 Note that what we call here the ‘best’ technology is not necessarily the technology with
the highest intrinsic quali ty.
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where β8 is a system parameter (0 ≤ β8 ≤ 1), and η is a random variable13 drawn
from a normal distribution with mean µη = 0 and variance ση . Hence, on
average the share that is reallocated increases with the difference in the
technological competitiveness between the worst and the best available product
technology.

Whenever capacity is reallocated, part of it gets lost because of adjustment costs.
If we denote si,L as the capacity allocated to the worst product technology, si,H as
the capacity allocated to the best product technology, si as the total capacity of

the firm (i.e., ∑
=

H

L
is

ψ
ψ, ), and ∆si ( = si (t + 1) − si (t)) as the capacity growth of the

firm, we have:

si,H (t + 1) = si,H (t) +  β9 min{ ωi (t) si (t); si,L (t)} + ∆si

if ∆si > 0,         (5.9a)

si,H (t + 1) = si,H (t) +  β9 max{ ωi (t) si (t) ; si,L (t) + ∆si ; 0} +
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if ∆si  ≤ 0,         (5.9b)

si,L (t + 1) = max{ min{si,L (t) + ∆si − ωi (t)si (t); si,L (t) − ωi (t)si (t)} ; 0} ,

        (5.10)

where 0 ≤ β9 ≤ 1. This parameter arranges the fraction of the transferred capacity
that gets lost whenever reallocated. Expression (5.9a) says that if the capacity of
the firm grows, it allocates first of all i ts growth to the best technology. Second,
the firm reallocates capacity from the worst technology according to the amount
determined by (5.8). If this amount is not available, it takes away all the capacity

                                                          
13 Again, bounded rationality and technological uncertainty justify the randomness of this

process.
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that remained for the worst technology14, and adds it to the capacity of the best
technology.

Expression (5.9b) deals with cases of negative growth of total capacity. In such
a case the firm first withdraws the change in capital from the worst technology.
If that is not sufficient, it will subsequently take away capacity from the second
worst, the third worst, et cetera. Only if even the capacity of the second best
technology H − 1 is divested, the firm will necessarily have to withdraw the
remaining part of its total capacity decline ∆si from its best technology. If ,
however, si,L (t) is stil l positive after subtracting (formally adding) ∆si , the firm
will reallocate again capacity from the worst to the best technology, possible
bounded by si,L (t) + ∆si . Expression (5.10) gives the amount of capacity
available for the worst technology after having gone through the process of
reallocation.

With regard to the competitiveness and survival probabili ties, we in fact regard a
firm employing more than one product technology as a ‘mother’ firm consisting
of several subfirms, each of them employing one technology. The actual
competitiveness of each subfirm still evolves according to (5.5). Hence, the
organisational competitiveness of the mother firm still applies to all the
subfirms. Given the reallocation rules, it may happen therefore that a firm shifts
part of its capacity to a certain technology because of its higher technological
competitiveness, whereas the actual competitiveness derived from this
technology is still bounded by the organisational competitiveness. This can be
justified in two ways. First, we could argue that in this way a firm protects itself
for the long run. Somewhere in the future the technological competitiveness of
the worst technology may fall below the organisational competitiveness if new
technologies are introduced, in which case the technological competitiveness
will be binding. In order to avoid this a firm may decide already now to transfer
some capacity to the best technology. Second, we could assume that a firm only
has fuzzy information with regard to its competitiveness. For instance, it may
erroneously think it could perform better by switching to a better product
technology.

                                                          
14 For simplicity, we assume that in such a case the firm only in that period does not

consider reallocation from the second worst to the best technology.
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When a firm is employing several technologies simultaneously, the actual
competitiveness of the whole firm i is the weighted average of the actual
competitiveness levels of all subfirms:
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For the mother firm and all the subfirms the exit conditions expressed in (5.6)
apply. In case of exit a subfirm, its capacity is totally lost. Naturally, in case the
mother fi rm dies, all subfirms cease to exist as well .

It was already mentioned that every β1 periods a pioneering entrant or
incumbent introduces a completely new technology. When this happens, all
technologies that a given firm is employing drop one level in their intrinsic
quality. Further, the subfirm employing Ψ = 1 is merged with the subfirm
employing the class of old technologies Ψ = 0. Hence, in that period si,1 (t) is
added to the capacity allocated to Ψ = 0. With regard to the actual
competitiveness of the subfirm employing Ψ = 0 we calculate a size weighted
average of the actual competitiveness levels of the merging subfirms for that
period. Since it is unlikely that, whenever a firm imitates a product technology,
it could immediately fully benefit from the imitated technology, we assume that
Ci,ψ (t) = β10 λi (where 0 ≤ β10 ≤ 1) for all firms that imitate technology Ψ at t.

5.4  Simulation results

Similar to the notion of technological regimes, we introduce the notion of
technology adoption regimes to classify cases with different levels of
compatibil ity between old and new product technologies, and different degrees
of substitution between the quali ty and the network size of a technology. In
contrast with Shy (1996) however, our concept of compatibility between
technologies is not related to the notion of overlapping generations of users. In
the interpretation of our model, a purchaser, repeatedly buying a given product,
is more willing to switch to a newer product technology if its compatibility with
the old technology is higher. To use again the example of sound recording
media, a consumer that wants to replace his old analogue cassette-player would
be more wil ling to buy a digital compact cassette (DCC) player than a CD-
player, simply because his previously recorded tapes can also be played on the
DCC-player. Of course, in real l ife there are many other considerations
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involved, but purely for the sake of compatibil ity this consumer would find a
DCC player easier than a CD player. Or let us consider a case in which a firm is
considering to switch from a manually operated lathe to a CNC operated one. If
the CNC lathe requires worker skills that are very different from the skil ls
necessary for manually operated lathes, the much more advanced CNC lathe is
quite incompatible with the old fashioned manually controlled workbench,
which could seriously hinder the adoption of this new technology.

In the model, we will simulate different compatibility levels by varying the
differences in the intrinsic quality levels QΨ between succeeding product
technologies. High compatibili ty between a new and an old technology then
implies a high difference in their intrinsic quali ty levels. For simulating various
degrees of substitution between the quality and the network size of a technology,
we will use the parameter α, which sets the relative importance of a
technology’s share in the market.

We will simulate three different adoption regimes, in which the number of
product technologies available is equal to three (K = 3). The first one will be
labelled ‘quality regime’ : in this regime, quality and network size are perfect
substitutes. This is arranged by setting parameter α equal to zero. Hence,
technological competitiveness is only determined by the intrinsic quality of a
technology. Further, in this regime new technologies are highly compatible with
old technologies. This situation is obtained by setting the intrinsic quality levels
as follows: Q3 = 1, Q2 = 0.5, and Q1 = 0.25.

The second technology adoption regime, labelled ‘ intermediate regime’ is
characterised by again perfect substitutability of quality and network size, but
here new technologies are less compatible with old technologies than in the
quality regime. The lower compatibility of succeeding technologies is obtained
by decreasing the differences in their intrinsic quality levels: Q3 = 1, Q2 = 0.75,
and Q1 = 0.5. Thus, compared to the quality regime, the second best technology
is more competitive vis-à-vis the best technology available.

The settings of the third adoption regime (the ‘network’ regime) are such that
quality and network size are to some extent complementary, with α = 0.5.
Further, Q3 = 1, Q2 = 0.75, and Q1 = 0.5. Under this regime, technological
competitiveness is also determined by the market share of a technology. The
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other parameters remain constant across the three technology adoption
regimes.15

Although the three adoption regimes we analyse here are not perfectly consistent
with the cases described by Shy (1996), we can still base our expectations with
regard to the outcomes of the simulations on the predictions of his model.
According to Shy (1996), whenever new technologies are perfectly compatible
with old technologies, the new technologies are adopted each period. Further, a
decrease in the degree of compatibility between new and old technologies would
increase the duration of each technology. Based on this, we may expect that the
duration of a technology is higher in the intermediate regime than in the quality
regime.

Further, Shy (1996) concludes that when newer technologies are not perfectly
compatible with older technologies, new technologies are never adopted if
consumers treat network size and technological advance as perfect
complements, but may be adopted if they are treated as perfect substitutes.
Therefore, we may expect from our simulations that duration will be highest
under the network regime, although eventually newer technologies wil l be
adopted, given that our parameters are not consistent with perfect
complementarity between network size and quality.16 Finally, we may expect to
see that new technologies are not always adopted whenever they appear in both
the quali ty and, more li kely, in the intermediate regime. In both these regimes
there is perfect substitutability between quality and network size and imperfect
compatibil ity. However, Shy’s result (of technologies being skipped
occasionally under these conditions) very much relies on his notion of
compatibil ity. Therefore, some scepticism with regard to this expectation is
appropriate.

Figure 5.1a to 5.1c show the evolution of the market share of successive product
technologies for the three adoption regimes, resulting from one simulation run of
5000 periods. As figure 5.1a shows, in the quality regime technologies have a
rather short life. Whenever a new technology is introduced, it quickly replaces

                                                          
15 The values of the other parameters are: N (0) = 40, ρE = 0.15, µλ = 1, σλ = 0.1, si = 250,

β1 = 500, Q0 = 0, θ = 0.99, β2 = 0.6, ΦL = 0.6 , ΦH = 1, ŝ= 25, β3 = 10, β4 = 0.01, β5 = 0.0069,
σχ = 0.1, β6 = 0.01, ρim = 20, β7 = 0.1, β8 = 0.1, ση = 0.5, β9 = 0.05, and β10 = 0.8. The results
of the simulations are robust to small changes in the levels of all parameters.

16 However, when α is set equal to one, the simulations of our model indeed show that new
technologies are never adopted.
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the previous technology and starts to dominate the market until again a new
technology becomes available. In the intermediate regime, the replacement
process is considerably slower, implying a longer duration of technologies (see
figure 5.1b). Under this regime, none of the technologies persistently captures
the entire market. The last figure shows that under the network regime, after a
very short period of coexistence, one technology always dominates the market
until it becomes obsolete17, after which it is quickly replaced by a new
technology that again dominates until its obsolescence. Thus, the outcomes of
the simulations are fairly comparable to Shy’s predictions. The duration of
technologies is higher when compatibil ity between new and old technologies is
lower. However, both under the quality regime as well under the intermediate
regime, new technologies are always adopted.18 Only under the network regime
new technologies are never adopted until the existing dominant technology has
become obsolete (i.e., until i ts intrinsic quality level QΨ has dropped to Q0).

How do the populations of f irms evolve under these different regimes, and are
there significant differences between the regimes? Figures 5.2 and 5.3 show the
evolution of the number of firms and the concentration levels. Under the quali ty
regime, we observe a gradually declining number of f irms and increasing
concentration levels. The intermediate regime exhibits a gradually growing
population of f irms with decreasing concentration levels. Finally, under the
network regime we see on average a growing population of f irms, however the
growth rates fluctuate considerably. Further, new technology adoptions in the
network regime are associated with a sharp decrease in the number of firms.

These figures, derived from one simulation run for each regime, indeed  show
that the regimes differ with regard to the population dynamics. But for a better
assessment of the significance of these differences we calculated a number of
statistics on the basis of the output of ten runs per regime19, shown in table 5.2.

                                                          
17 I.e., until it becomes part of the class of old technologies.
18 As mentioned before, this is due to the different notion of compatibility in Shy (1996).
19 In order to keep the datasets at a reasonable size we have sampled each run only every 50

periods.



150

0

0,2

0,4

0,6

0,8

1

0 1000 2000 3000 4000 5000

(5.1a) Quali ty regime

0

0,2

0,4

0,6

0,8

1

0 1000 2000 3000 4000 5000

(5.1b) Intermediate regime

0

0,2

0,4

0,6

0,8

1

0 1000 2000 3000 4000 5000

(5.1c) Network regime

Figure 5.1: Market shares of successive product technologies
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Figure 5.2: Number of firms
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Figure 5.3: Herfindahl index

The first two rows of table 5.2 show the average number of firms and the
average Herfindahl-index.20 Next, we calculated the average number of entrants

                                                          
20 The Herfindahl index is calculated as 100 times the sum of squared market shares.
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over 50 periods.21 Entrants are defined as firms absent at the beginning of a
50-period era, but present at the end of the era (vice versa for exiters);
incumbents are firms present throughout the sample period. Further, we
calculated survival rates for entrants, both for the short-run (i.e., the proportion
of entrants that survive at least 50 periods) as well as for the long run
(proportion of entrants surviving at least 500 periods).  Finally, we calculated
the weighted22 average age of all exiting firms at their year of exit, and the
average age of all firms at t = 5000. Table 5.2 shows the averages of these
variables per regime over all the sample periods of the ten simulations.

Table 5.2: Descriptive statistics of simulation output

Quali ty regime Intermediate regime Network regime

Number of firms 21.2 (1.27) 56.1 (2.34) 66.3 (1.70)
Herfindahl-index 12.5 (1.58) 3.57 (0.25) 3.44 (0.22)

Number of entrants over
50 periods 1.24 (0.08) 1.26 (0.06) 2.75 (0.05)

Survival rates (%)
-short-run 43.9 (1.62) 52.1 (0.99) 49.8 (1.12)
-long-run 31.6 (1.74) 43.9 (0.78) 30.5 (0.63)

Mean age of
- all exiters 913 (32.8) 1176 (53.3) 840 (41.3)
- all firms at t = 5000 1852 (177) 2937 (67.6) 2374 (118)

Note: Means over ten simulations. Standard errors in parentheses.

On average, the largest number of fi rms is found in the network regime, whereas
the quali ty regime exhibits the smallest population. Not surprisingly then, the
highest concentration levels are found under the quality regime, whereas the
network regime produces the lowest concentration levels. The highest number of
entrants emerges under the network regime, which is approximately twice as

                                                          
21 We did not calculate entry and exit rates, because they would not reflect real differences

in, e.g., the ease of entry. If a regime is conducive to entrants the simulation results will show
a higher number of f irms in time than for a regime less conducive to entrants. Since the
expected number of entrants in each period is fixed by the arrival rate ρE and identical across
the three regimes, the entry conducive regime will show lower entry rates than the regime less
conducive to entrants.

22 For the weights we use the size of a firm (si in the model).
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high as under the other regimes.23 Concerning the survival rates, we see that the
intermediate regime produces the highest probability for entrants to survive,
both for the short run as well as the long run. The lowest short-run survival rates
emerge under the quality regime. Long-run survival rates for the quali ty and the
network regime are virtually similar.

The average age of exiting firms is highest under the intermediate regime, and
lowest under the network regime. Further, at the end of the simulation the oldest
population is found under the intermediate regime, whereas the youngest
population is found under the quality regime.

All these results suggest that the three adoption regimes induce cross-sectional
differences in the structural and dynamic properties of the population of firms.
As such, our model indeed provides an additional explanation for the
empirically observed sectoral variances. Although this result in itself is very
important, we believe it is of equal interest that our model is also consistent with
the stylised facts that empirical research in industrial economics has put forward
so far. Among these “facts” , the most essential for our model are: (i) persistence
of market turbulence due to entry and exit, (ii ) high infant mortality, negatively
correlated with firm age, (iii ) growth rates of firms that fall with age and with
size, (iv) persistence of asymmetric performances, and (v) skewed and stable
size distributions. We will therefore conclude this section by investigating
whether our model is able to reproduce these stylised facts.

From the results that we have already mentioned in this section, it is obvious
that the model reproduces the first stylised fact. Under all regimes, there is
persistent market turbulence due to entry and exit. The second stylised fact (high
infant mortality, negatively correlated with firm age) also emerges, except for
the quali ty regime. Figure 5.4 shows the probability of exiting over the full
simulation period given the age cohort24 of an entrant for each regime.

                                                          
23 Note that we only sample every 50 periods. Therefore, despite the identical entry arrival

rate of 0.15 per period, the three regimes produce different numbers of entrants due to
variations in the number of f irms that die before being observed in the sample. Hence, this
number can be interpreted as a ‘very short run’ survival rate.

24 Each age cohort covers 50 simulation periods.
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Figure 5.4: hazard rate as a function of age

Under the quality regime, infant mortality initiall y declines with age, however
no entrant is able to live for more than approximately 4,500 periods. This leads
to a rise in hazard rates for entrants with ages exceeding 4,000 periods. The
other two regimes show very similar hazard rates that indeed decline as entrants
mature. Hence, both the intermediate regime and the network regime reproduce
this second stylised fact.

The third stylised fact (growth rates of firms that fall with age and with size) is
of course imposed on the model by equation (5.7). Still, it might be interesting
to learn about the emerging econometric regularities of the model. As in Dosi et
al. (1995), we therefore run a number of regressions of the following form:
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,         (5.12)

for t = 50, 100, …, 5000 and T = 50 (regression 5.12a), and for t = 500, 1000,
…, 5000 and T = 500 (regression 5.12b). The results are listed in table 5.3.
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Table 5.3: Regression analyses of firm growth on size and age

Constant Size Age Size x Age R2-adjusted

Quali ty regime
   5.12a 0.595 -0.045 -0.085 0.006 0.098
   5.12b 1.306 -0.135* -0.202 0.020* 0.036
Intermediate regime
   5.12a 0.595 -0.055 -0.077 0.007 0.119
   5.12b 1.128 -0.099 -0.151 0.012 0.170
Network regime
   5.12a 0.641 -0.058 -0.086 0.008 0.101
   5.12b 1.707 -0.146 -0.235 0.020 0.204

Under all regimes this stylised fact is reproduced. All parameter estimates are
significant at the 1 percent level, except for the ones indicated with an asterisk,
which are only significant at the 10 percent level. Thus, both over the 50 period
interval as well as over the 500 periods (except for the quali ty regime), initial
size and initial age exert a negative impact on firm growth. Surprisingly, the
interaction term exhibits in all cases a positive coefficient. Apparently the
negative effect of, for instance, age on fi rm growth is attenuated for larger firms.
Given the specification of equation (5.7), this emerging property is hard to
explain. However, this regularity has been observed before in empirical studies
on firm growth. E.g., Evans (1987a, 1987b) found significant positive estimates
for the variable indicating the interaction between age and size as well .
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Figure 5.5: standard deviation of average relative competitiveness

Persistence of asymmetric performances, the fourth stylised fact, also emerges
from the model. To show this, we calculated for each 50th period the standard
deviation of the mean of relative competitiveness of all firms (i.e., relative to the
industry mean). These series are plotted in figure 5.5. As this figure shows, there
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is no convergence in the relative competitiveness of f irms, hence in all regimes
asymmetric performances are persistent. Especially under the quali ty regime the
standard deviation clearly exhibits cyclical fluctuations, associated with the high
speed of adoption of new technologies.

The evidence for the last stylised fact mentioned in section two, regarding the
skewed and stable size distributions, is shown by figure 5.6a to 5.6c. These
figures plot the log of firm sizes si (t) on the vertical axis and the log of the
firms’ ranks ranki (t) on the horizontal axis (firms are ranked according to their
size, in descending order) for t = 500, 1000,…5000 for the same simulation run
underlying figure 5.1.

All three regimes produce skew firm size distributions, but there are some
interesting differences. The quali ty regime seems to produce the most skewed
distribution, whereas the least stable size distribution emerges under the network
regime. These findings, derived from visual inspection, are corroborated by the
results from running the following regression:

ln si (t) = A + B ln ranki (t) ,         (5.13)

for t = 250, 750, …, 4750 (regression 5.13a), and for t = 500, 1000,…,5000
(regression 5.13b) over all simulation runs. Table 5.4 shows the results (all
parameter estimates are significant at the 1 percent level).

Table 5.4: Regression analyses of firm size on rank

Constant Ln ranki Adjusted R2

Quali ty regime
   5.13a 10.4 -0.93 0.84
   5.13b 10.5 -0.90 0.83
Intermediate regime
   5.13a 10.7 -0.80 0.79
   5.13b 10.8 -0.81 0.80
Network regime
   5.13a 10.9 -0.80 0.75
   5.13b 11.0 -0.82 0.77

Indeed, the quality regime shows the highest absolute value for B, and hence
produces the most skewed size distribution. Further, we observe that it hardly
matters when the regressions are executed (i.e., either at the end of a
depreciation period or in the middle of it), indicating the stability of the size
distribution.
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Figure 5.6: Size distr ibutions

In conclusion, the simulations of the three technology adoption regimes show
significant cross-sectional differences with regard to the static and dynamic
properties of the firm population. The quality regime produces the smallest and
youngest population of firms, whereas long run survival seems to be easiest
under the intermediate regime. Still , because of a higher number of entrants, the
largest firm population emerges under the network regime. Hence, these results
strongly suggest a relationship between the timing and frequency of new
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technology adoptions and the dynamics of the firm population. Furthermore, the
model is consistent with a number of stylised facts observed in the empirical
literature.

5.5  Interaction between adoption regimes and technological
regimes

As mentioned in the introduction, one of the aims of our model was to introduce
demand side considerations as an alternative to more supply side oriented
explanations for industrial demography, such as the concept of technological
regimes. By varying a number of parameters determining the technological
competitiveness of f irms, we have designed three technology adoption regimes
and investigated the differences in the firm population between these regimes.
However, to some extent our model allows also for investigating the impact of
different technological regimes on the industrial demography, and the
interaction between adoption regimes and technological regimes. The present
section will deal with these issues. By selecting and varying a number of
parameters reflecting the level of cumulativeness and spillovers25 of
technological knowledge, we will run and compare several simulations of
different technological regimes under the three technology adoption regimes.

Chapter 3 has shown that the conditions determining the technological regime
have a strong impact on the patterns of innovative activities of an industry, as
well as on the ease and the impact of imitation. Since in our model innovation is
exogenous, we cannot fully simulate the different conditions underlying
technological regimes. Only to the extent that these conditions apply to ease and
impact of imitation we can analyse the effect of different technological regimes
in our model.

To investigate whether our model is still able to produce the regularities
predicted by the technological regime framework, we first have to identify the
parameters reflecting the cumulativeness and spillover conditions. For
cumulativeness we have to find the variable that indicates best to what extent the
acquisition of knowledge is a cumulative process. We propose to vary the

                                                          
25 For simplicity, we will reduce the number of conditions determining a technological

regime to only two: cumulativeness and spill over effects. The latter captures both the
appropriabili ty and knowledge conditions from the original technological regime framework.
Hence, differences in the opportunity levels regarding innovations are not considered here.
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parameter governing the ‘penalty’ rates for continuing firms (β10). This penalty
rate can be interpreted as a measure indicating to what extent the knowledge and
experiences of a firm with its existing product technologies carry over to the
new technology it adopts. For instance, if β10 is equal to β2 (the penalty rate for
entrants), the subfirm adopting the new technology starts at a competitiveness
level equal to that of an entrant.26 In this case the subfirm has no direct
advantage over entrants with regard to the new technology (the accumulated
experience with its existing technologies does not carry over to the subfirm with
the new technology). However, the higher β10 (relative to β2), the more the
knowledge of new technology is based on the knowledge of previous
technologies, and hence the more a new subfirm benefits from its accumulated
experience vis-à-vis new firms entering with the same technology.27

For varying the spillover effects, it seems natural to vary the parameter
determining the probabilit y to receive an imitation draw (i.e., ρim). Since we
have defined the process of imitating as acquiring the knowledge of applying a
superior technology, this parameter reflects the ease of knowledge of new
product technologies to flow to imitators. However, this parameter only reflects
spillovers between continuing firms, not from continuing firms to entrants. Of
course, in a strict sense, entrants are considered as continuing firms in the model
from the moment they have entered. Thus, when the arrival rate of imitations is
higher, the very young firms have a higher probability to receive an imitation
draw as well . On the other hand, since more continuing firms will imitate, the
average competitiveness level will be higher, which decreases the probabil ity for
entrants to survive. Several simulation runs with different imitation arrival rates
indeed show that this last effect dominates: higher levels of spil lovers generally
lead to less (successful) entry, ceteris paribus. Since this inconsistency is due to
the fact that entrants do not directly benefit from higher spillover levels, we
consider it appropriate to increase the arrival rate of entrants (ρent) too when
spillovers levels are higher. In that case, more entrants have access to the

                                                          
26 I.e., relative to the firms’ genotype organisational competitiveness levels λi.
27 Of course, it may happen occasionally that an entrant with a certain technology receives

an imitation draw quickly after it has entered. If β10 is high, this entrant will also benefit from
its experience with the inferior technology, despite the short time it has been employing it.
This will not seriously effect the results however, because the overall competitiveness of this
entrant is at least for some time also determined by the competitiveness of the subfirm
employing the inferior technology for which the entry penalty rate β2 is still effective. Besides
that, this firm already employed the initial technology successfully and therefore must possess
some crucial knowledge about it.
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knowledge necessary to imitate an existing technology. The entering firms will
then also benefit directly from high spil lover conditions.

In the next experiments we will consider three levels of cumulativeness and
spillover conditions (low, medium, high) for each of the technology adoption
regimes of the previous section. The specific parameter settings are as follows.
Low cumulativeness means no direct advantage for subfirms relative to entrants
(β10 = β2 = 0.6). Medium levels correspond to the parameter settings of the
previous section (β10 = 0.8), whereas high cumulativeness levels are set by
β10 = 1. With regard to spil lover effects, low levels of spillovers are set by
ρI = 10 and ρent = 0.1. Medium levels again correspond to the parameter settings
of the previous section (hence, ρI = 20 and ρent = 0.15). High spillover
conditions are set by ρI = 30 and ρent = 0.2.

Hence, for each adoption regime we will consider nine different combinations of
cumulativeness and spill over conditions. To get a general impression of the
effect of varying the cumulativeness and spil lover conditions, we will show the
means and their standard errors of the same variables listed in table 5.2 under
these various conditions over ten simulation runs (except for the number of
entrants).28 For an assessment of the significance of the effects of different
cumulativeness and spill over conditions, and to investigate the extent to which
these conditions interact, we will additionally perform the following regression
analyses. Each of the six variables will be regressed on a number of dummy
variables, indicating the various cumulativeness and spillover conditions and the
potential interaction between them. More specific, for each adoption regime we
will estimate the following equation:

Y = β1 + β2 Cm_l + β3 Cm_h + β4 Sp_l + β5 Sp_h + β6 (Cm_l x Sp_l) +

β7 (Cm_l x Sp_h) + β8 (Cm_h x Sp_l)  + β9 (Cm_h x Sp_h) + ε ,       (5.14)

where Y is the dependent variable under consideration, Cm_l equals one if
cumulativeness conditions are low and zero otherwise, Cm_h equals one if
cumulativeness is high and zero otherwise, Sp_l equals one if spillover
conditions are low and zero otherwise, and Sp_h equals one if spillovers are high

                                                          
28 We will not display the evolution of market shares of succeeding technologies for the

different technological regime conditions, because these patterns hardly show any differences
within each technology adoption regime.
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and zero otherwise. From this configuration of dummy variables it follows that
the technological regime with medium cumulativeness and spillover conditions
will be the reference regime, implying that the estimates for β1 will be equal to
the means of the variables listed in table 5.2.

Based on the technological regime framework, we would expect that, ceteris
paribus, higher cumulativeness conditions generate a lower number of firms and
higher concentration levels, lower survival rates and relatively young exiting
firms, leading ultimately to an older population of firms. With regard to
spillover conditions we would generally expect opposite regularities to emerge
from the simulation. We have no clear expectations regarding the signs of the
interaction effects. As mentioned, in the literature on technological regimes
often a distinction is made between two regimes (Schumpeter I vs. II) with
opposite spillover and cumulativeness conditions. However, no explicit
reference is made regarding the interaction between them. By impeding the
persistence of monopolistic advantages, high spillover conditions hinder
innovative firms to become large, whereas low cumulativeness conditions
facilitates innovative entry (compared to high cumulativeness conditions).
Therefore, both high spil lovers and low cumulativeness independently impose
restrains on concentration levels. To what extent these conditions reinforce each
other is unclear, however. Studying the significance of the interaction between
the spillover and cumulativeness dummies may partly il luminate this issue.

Table 5.5: Number of firms

Quali ty regime Intermediate regime Network regime

Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h

Cm_l 22.4
(1.20)

34.4
(1.05)

48.6
(1.53)

Cm_l 51.2
(1.50)

67.6
(3.17)

83.2
(3.38)

Cm_l 46.5
(2.68)

63.0
(1.53)

87.8
(2.89)

Cm_m 17.2
(0.70)

21.2
(1.27)

30.8
(1.15)

Cm_m 40.4
(2.04)

56.1
(2.34)

72.1
(2.39)

Cm_m 48.5
(2.24)

66.3
(1.70)

84.4
(3.91)

Cm_h 10.2
(0.88)

12.1
(1.33)

16.0
(0.74)

Cm_h 31.1
(1.29)

36.8
(1.36)

42.6
(2.09)

Cm_h 39.9
(2.79)

49.2
(1.74)

71.3
(3.78)

Note: Means over ten simulations. Standard errors in parentheses.
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Table 5.6: Herfindahl-index

Quali ty regime Intermediate regime Network regime

Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h

Cm_l 10.1
(0.79)

6.13
(0.44)

4.64
(0.37)

Cm_l 4.50
(0.44)

3.62
(0.25)

2.97
(0.12)

Cm_l 5.37
(0.54)

3.53
(0.17)

2.77
(0.28)

Cm_m 12.6
(0.97)

12.5
(1.58)

7.70
(1.15)

Cm_m 5.23
(0.48)

3.57
(0.25)

2.90
(0.26)

Cm_m 4.89
(0.41)

3.44
(0.22)

2.99
(0.20)

Cm_h 31.2
(5.61)

23.4
(3.38)

14.9
(1.58)

Cm_h 6.37
(0.28)

5.29
(0.38)

4.89
(0.37)

Cm_h 5.72
(0.67)

4.89
(0.39)

3.39
(0.26)

Note: Means over ten simulations. Standard errors in parentheses.

As expected, in all three technology adoption regimes we see that, ceteris
paribus, higher spillover conditions lead to a higher number of f irms and to
lower concentration levels. Further, with regard to cumulativeness conditions,
we see that in general the number of f irms decreases and the concentration
increases with higher cumulativeness. Only under the network regime there is no
clear relationship between cumulativeness on the one hand and the number of
firms and concentration levels on the other.

The regression analyses, presented in table 5.7, show that with regard to the
number of firms the differences due to variations in the technological regime
parameters are significant. Only under the network regime the dummy for lower
cumulativeness is not statistically significant. Interesting differences emerge
with regard to the interaction effects. Under the quality regime, the combination
of low cumulativeness and low spillovers significantly decreases the number of
firms. Thus the positive effect of lower cumulativeness on the number of f irms
is almost completely offset by the negative effect of lower spil lovers under this
regime. In the opposite case, the negative effect of higher cumulativeness is
again offset by the positive effect of high spil lovers, but here the former effect
dominates.
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Table 5.7: Regression analyses of number of firms and Herfindahl-index on
technological regime conditions

Number of firms Herfindahl-index

Quali ty
regime

Intermediate
regime

Network
regime

Quali ty
regime

Intermediate
regime

Network
regime

Constant 21.2**

(18.8)
56.1**

(24.6)
66.3**

(24.4)
12.5**

(5.32)
3.57**

(10.8)
3.44**

(8.96)
Cm_l 13.2**

(8.32)
11.5**

(3.58)
-3.36
(-0.88)

-6.42
(-1.93)

0.05
(0.11)

0.09
(0.17)

Cm_h -9.02**

(-5.67)
-19.3**

(-5.96)
-17.1**

(-4.46)
10.9**

(3.26)
1.72**

(3.66)
1.44**

(2.66)
Sp_l -4.02**

(-2.53)
-15.7**

(-4.86)
-17.8**

(-4.65)
0.06
(0.02)

1.66**

(3.54)
1.45**

(2.66)
Sp_h 9.60**

(6.03)
16.0**

(4.96)
18.1**

(4.72)
-4.87
(-1.46)

-0.68
(-1.44)

-0.45
(-0.83)

Cm_l x Sp_l -8.01**

(-3.56)
-0.70
(-0.15)

1.34
(0.25)

3.92
(0.83)

0.78
(-1.18)

0.39
(0.51)

Cm_l x Sp_h 4.63*

(2.06)
-0.48
(-0.10)

6.70
(1.23)

3.38
(0.72)

0.02
(0.04)

-0.31
(-0.41)

Cm_h x Sp_l 2.03
(0.90)

10.0*

(2.19)
8.55
(1.58)

7.73
(1.64)

-0.57
(-0.87)

-0.61
(-0.80)

Cm_h x Sp_h -5.72**

(-2.54)
-10.3*

(-2.25)
4.00
(0.74)

-3.71
(-0.79)

0.28
(0.42)

-1.05
(-1.36)

Adjusted R2 0.91 0.84 0.78 0.53 0.51 0.39

Note: t-values are in parentheses.
* Significant at the 5%-level.
** Significant at the 1%-level.

In cases with opposite spillover and cumulativeness conditions, we observe that
the dummy for low cumulativeness and high spillover is significantly positive
under the quality regime: low cumulativeness and high spillovers reinforce each
other in this case. However, no significant interaction emerges in the opposite
scenario, i.e., no significant interaction is observed between high cumulativeness
and low spillovers under the quality regime. Under the intermediate regime, this
latter interaction is significantly positive. Here, high spillovers and low
cumulativeness together result in a higher number of firms than would be
expected on the basis of these two effects individually. The other significant
interaction under the intermediate regime emerges with high spillover and high
cumulativeness. As under the quality regime, the negative effect of higher
cumulativeness is again offset by the positive effect of high spil lovers, where the
former effect dominates. Finally, under the network regime no significant
interaction is observed between cumulativeness and spil lovers.

With regard to concentration levels the dummies for lower cumulativeness and
higher spillovers are insignificant across all adoption regimes. Further, the
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dummy for low spillovers is insignificant under the quality regime, but
significant under the other regimes. Finally, none of the dummies covering the
interaction effects is statistically significant under any of the three adoption
regimes. Thus, concentration levels are less affected by varying the
cumulativeness and spill over conditions than the total number of firms,
indicating that most of the differences appear in the lower firm size classes.

Table 5.8: Short run survival rates

Quali ty regime Intermediate regime Network regime

Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h

Cm_l 50.1
(1.46)

49.6
(1.39)

46.5
(1.70)

Cm_l 62.6
(0.77)

56.0
(1.34)

52.1
(1.83)

Cm_l 54.1
(1.70)

49.6
(0.81)

49.4
(0.97)

Cm_m 48.5
(1.54)

43.9
(1.62)

42.0
(1.22)

Cm_m 61.6
(2.37)

52.1
(0.99)

47.8
(1.58)

Cm_m 54.9
(1.81)

49.8
(1.12)

49.6
(0.60)

Cm_h 36.6
(3.01)

30.7
(4.54)

30.0
(0.95)

Cm_h 52.0
(2.02)

34.5
(1.96)

28.2
(2.45)

Cm_h 50.4
(1.54)

45.4
(1.91)

46.9
(1.21)

Note: Means over ten simulations. Standard errors in parentheses.

With respect to short run survival rates, the relationship between cumulativeness
and this variable is as expected, albeit rather weak under the network regime:
higher cumulativeness is generally associated with lower short run survival.
However, higher spillover levels lead to lower short run survival rates (again a
rather weak effect under the network regime). Still , this is not surprising, since
high spillovers increase the industrial average competitiveness, making it harder
for entrants to survive.

As table 5.9 shows, the regression analyses generally confirm this. Compared to
the technological regime with medium cumulativeness and spillover levels,
higher cumulativeness significantly decrease the short run survival rates.
Further, lower spillovers significantly increase the short run survival, except
under the quality regime. The dummies for low cumulativeness and high
spillovers are all statistically insignificant. Finally, only one interaction dummy
is significant. Under the intermediate regime, the negative effect of high
cumulativeness on short run survival is almost completely offset by the
(unexpected) positive effect of low spillovers.
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Table 5.9: Regression analyses of survival rates on technological regime
conditions

Short run survival rate Long run survival rates

Quali ty
regime

Intermediate
regime

Network
regime

Quali ty
regime

Intermediate
regime

Network
regime

Constant 43.9**

(19.9)
52.1**

(29.1)
49.8**

(36.4)
31.6**

(17.2)
43.9**

(25.2)
30.5**

(21.9)
Cm_l 5.70

(1.82)
3.89
(1.54)

-0.23
(-0.88)

1.63
(0.63)

0.93
(0.11)

-1.12
(-0.57)

Cm_h -13.2**

(-4.22)
-17.5**

(-6.94)
-4.38*

(-2.26)
-8.38**

(-3.22)
-13.0**

(-5.28)
-2.80
(-1.42)

Sp_l 4.57
(1.46)

9.52**

(3.77)
5.06**

(2.62)
-1.98
(-0.76)

6.17**

(2.51)
0.08
(0.04)

Sp_h -1.87
(-0.60)

-4.30
(-1.70)

-0.24
(-0.12)

-2.26
(-0.87)

-2.57
(-1.05)

0.78
(0.40)

Cm_l x Sp_l -4.11
(-0.93)

-2.91
(-0.81)

-0.54
(-0.20)

-0.23
(-0.06)

-4.59
(-1.32)

0.14
(0.05)

Cm_l x Sp_h -1.22
(-0.28)

0.47
(0.13)

0.10
(0.04)

3.21
(0.87)

2.03
(0.58)

0.80
(0.29)

Cm_h x Sp_l 1.29
(0.29)

7.91*

(2.21)
-0.11
(-0.04)

3.75
(1.64)

5.32
(1.53)

1.38
(0.49)

Cm_h x Sp_h 1.14
(0.26)

-2.00
(-0.56)

1.74
(0.64)

2.66
(0.72)

-4.69
(-1.35)

1.70
(0.61)

Adjusted R2 0.51 0.78 0.25 0.26 0.66 0.00

Note: t-values are in parentheses.
* Significant at the 5%-level.
** Significant at the 1%-level.

Table 5.10: Long run survival rates

Quali ty regime Intermediate regime Network regime

Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h

Cm_l 31.0
(1.11)

33.2
(1.31)

34.1
(1.22)

Cm_l 46.4
(1.30)

44.8
(1.77)

44.3
(1.83)

Cm_l 29.6
(1.32)

29.4
(0.98)

31.0
(1.06)

Cm_m 29.6
(1.41)

31.6
(1.74)

29.3
(1.63)

Cm_m 50.1
(2.02)

43.9
(0.78)

41.3
(1.55)

Cm_m 30.6
(2.06)

30.5
(0.63)

31.3
(1.30)

Cm_h 25.0
(1.77)

23.2
(3.60)

23.6
(1.50)

Cm_h 42.4
(1.63)

30.9
(2.20)

23.7
(2.12)

Cm_h 29.2
(1.73)

27.7
(1.48)

30.2
(1.48)

Note: Means over ten simulations. Standard errors in parentheses.

For long run survival rates, the picture is rather similar with regard to
cumulativeness conditions. Under the quality and the intermediate regime,
higher cumulativeness decreases long run survival, whereas long run survival
under the network regime is not effected by different cumulativeness conditions.
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Only under the intermediate regime higher spillover conditions seem to have a
(negative) effect on long run survival.

Again, these observations are confirmed by the regression analyses (see table
5.9). Under the network regime, none of the dummies is statistically significant,
whereas under the quality regime only the dummy for high cumulativeness is
significant. Further, under the intermediate regime the dummies for low
spillovers (positive) and high cumulativeness (positive) show significant
estimates. Finally, all interaction effects are statistically insignificant under all
three adoption regimes.

Table 5.11: Mean age of exiters

Quali ty regime Intermediate regime Network regime

Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h

Cm_l 676
(21.2)

759
(17.8)

834
(23.3)

Cm_l 1039
(37.2)

819
(28.1)

444
(24.3)

Cm_l 874
(42.2)

883
(25.8)

814
(39.6)

Cm_m 666
(25.7)

913
(32.8)

890
(35.6)

Cm_m 1297
(43.4)

1176
(53.3)

682
(75.6)

Cm_m 759
(32.3)

840
(41.3)

755
(35.2)

Cm_h 659
(37.0)

745
(51.3)

861
(27.1)

Cm_h 1224
(45.8)

1232
(58.5)

612
(84.1)

Cm_h 699
(34.2)

653
(24.2)

559
(34.9)

Note: Means over ten simulations. Standard errors in parentheses.

For the mean age of exiting firms, the picture is quite diverse. Under the quality
regime, higher spillovers tend to increase the average age of exiters (as
expected), whereas under the intermediate regime the opposite tendency is
observed. No clear relationship between spillover levels and the mean age of
exiters emerges under the network regime. With regard to cumulativeness, only
the regularities under the network regime match our expectations. Here, higher
cumulativeness decreases the average age of exiters. This relationship seems to
be reversed under the intermediate regime, whereas no clear effects of
cumulativeness conditions are observed under the quality regime.



168

Table 5.12: Regression analyses of mean age of exiters and mean firm age at
t = 5000 on technological regime condit ions

Mean age of exiters Mean age at t = 5000

Quali ty
regime

Intermediate
regime

Network
regime

Quali ty
regime

Intermediate
regime

Network
regime

Constant 913**

(28.8)
1176**

(22.0)
840**

(24.0)
1852**

(8.30)
2937**

(31.9)
2374**

(22.0)
Cm_l -154**

(-3.44)
-357**

(-4.72)
43.3
(0.88)

-409
(-1.30)

-909**

(-6.98)
-141
(-0.92)

Cm_h -168**

(-3.75)
55.7
(0.74)

-187**

(-3.78)
865**

(2.74)
890**

(6.83)
64.2
(0.42)

Sp_l -247**

(-5.51)
121
(1.60)

-80.8**

(-1.64)
-571
(-1.81)

-662**

(-5.08)
-121
(-0.79)

Sp_h -22.8
(-0.51)

-495**

(-6.54)
-85.1
(-1.72)

172
(0.55)

357**

(2.74)
148
(0.97)

Cm_l x Sp_l 164**

(2.58)
98.2
(0.92)

71.7
(1.03)

426
(0.95)

572**

(3.10)
-58.2
(-0.27)

Cm_l x Sp_h 98.4
(1.55)

119
(1.11)

16.2
(0.23)

65.9
(0.15)

-69.1
(-0.38)

-22.6
(-0.11)

Cm_h x Sp_l 161**

(2.54)
-129
(-1.21)

127
(1.81)

-33.9
(-0.08)

-397*

(-2.16)
-251
(-1.16)

Cm_h x Sp_h 139*

(2.19)
-125
(-1.17)

-8.83
(-0.13)

-524
(-1.17)

-86.2
(-0.47)

-202
(-0.94)

Adjusted R2 0.44 0.75 0.43 0.26 0.86 0.10

Note: t-values are in parentheses.
* Significant at the 5%-level.
** Significant at the 1%-level.

Naturally, the regression statistics in table 5.12 show a dispersed picture as well,
most notably for the quality regime. Both the dummies for low and high
cumulativeness are statistically significant, with both being negative. The
dummy for low spillovers is also significant under this regime, with the
expected negative sign. Under the intermediate regime, both the dummies for
low cumulativeness and high spillover are significant, but both have a negative
sign where we would expect positive ones. Finally, under the network regime
the dummy for high cumulativeness and the dummy for low spillovers are
significant, with the expected negative sign.

Regarding the interaction effects, it is interesting to see that only under the
quality regime significant interactions emerge, where the combined effects seem
to be less strong than the sum of individual effects. This applies to the
combinations of low spil lovers and low cumulativeness, low spillovers and high
cumulativeness, and high spillovers and high cumulativeness.
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Table 5.13: Mean age at t = 5000

Quali ty regime Intermediate regime Network regime

Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h Sp_l Sp_m Sp_h

Cm_l 1298
(82.3)

1444
(81.5)

1682
(75.5)

Cm_l 1938
(59.8)

2029
(58.4)

2316
(75.6)

Cm_l 2055
(109)

2234
(68.8)

2359
(85.3)

Cm_m 1281
(122)

1852
(177)

2024
(132)

Cm_m 2275
(37.3)

2937
(67.6)

3294
(47.3)

Cm_m 2253
(174)

2374
(118)

2522
(56.4)

Cm_h 2112
(424)

2717
(390)

2365
(183)

Cm_h 2768
(157)

3827
(129)

4098
(120)

Cm_h 2067
(72.9)

2438
(122)

2385
(116)

Note: Means over ten simulations. Standard errors in parentheses.

The average age of the total population at the ultimate period (table 5.13)
generally increases with cumulativeness and spillover conditions under the
intermediate regime and, to a lesser extent, under the quality regime, whereas no
relationships emerge under the network regime. The regression statistics in table
5.12 also show no significant dummies for the network regime. For the quality
regime, only the dummy for high cumulativeness is statistically significant. The
dummies for cumulativeness have the expected sign and are both significant
under the intermediate regime. The dummies for spillover conditions are also
statistically significant, however their signs do not match the expectations based
on the technological regime framework.

Interaction effects are only significant under the intermediate regime this time.
The (expected) negative effect of low cumulativeness combined with the
(unexpected) negative effect of low spil lovers results in an older population than
we would expect from those two effects individually. The positive effect of high
cumulativeness on the average age of the total population is more than offset by
the negative effect of low spil lovers when these are combined.

In conclusion, we observe that with regard to the cumulativeness conditions the
regularities predicted by the technological regime framework are reproduced by
the model. In general, we see a smaller, more concentrated and eventually older
population of f irms when cumulativeness conditions are high. Spillover
conditions are in line with the expectations regarding the number of f irms and
concentration levels. I.e., higher spillovers lead to a higher number of f irms and
to lower concentration levels. However, they do not increase survival rates or
decrease the average age of the population.
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A possible explanation for this is that the benefits of the incumbents from high
spillovers are such that they easily imitate and survive, thereby increasing the
industrial average competitiveness. This process leads both to an eventually
older population, as well as to hard survival conditions for entrants. Another
reason for this inconsistency with the technological regime framework is that
our model does not allow for analysing the effect of the technological regime
conditions on differences between the innovative activities of incumbents and
entrants. Innovation is exogenous in our model, and perhaps endogenising the
innovation process would make our model more consistent with the
technological regime framework.

Finally, we observe that the regularities emerging under the network regime are
the least affected by variations in spil lover and cumulativeness conditions. The
interaction effects between spillovers and cumulativeness are never significant
under the network regime as well. Apparently, the emerging regularities under
this regime are mainly determined by the network externalities among users and
the resulting diffusion patterns of new product technologies. Under the quality
and intermediate regime, we have found some significant interaction effects,
however they do not appear to systematically affect the results.

5.6  Conclusions

This chapter has shown that differences in the timing and frequency of new
product technology adoptions provide an additional explanation for sectoral
variations in the dynamics of the firm population. Assuming that varying
consumer preferences over technology advance and network size effects, and
different degrees of compatibili ty between succeeding technologies explain why
in some industries technologies are more often replaced than in others (see Shy,
1996), we analysed, by means of a simulation model, how the different
replacement patterns would effect the dynamics of the firm population. We
designed and investigated three different technology adoption regimes with the
following underlying conditions: (i) a quality regime, in which quality and
network size are regarded as perfect substitutes and new product technologies
are highly compatible with old technologies, (ii ) an intermediate regime, in
which new product technologies are less compatible with old technologies, but
where quality and network size are still regarded as perfect substitutes, and (iii )
a network regime, in which network size and quali ty are regarded as
complementary. By modell ing the growth of a firm’s competitiveness as a
function of both the quali ty level and the market share of the product
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technologies it employs, and by tuning the parameters of this function to arrange
the adoption regimes, the model produced the following results.

First of all, three rather different replacement patterns of technologies emerge.
In the quality regime, technologies are continuously and rather quickly replaced
by superior technologies as soon as they become available. In the intermediate
regime, newer technologies stil l always replace older ones, but the duration of a
technology is higher than under the quality regime. Finally, in the network
regime eventually one technology always dominates the market until it becomes
obsolete (despite the presence of superior technologies), after which it is quickly
replaced by a new technology that again dominates until its obsolescence.

The second result is that the replacement patterns of product technologies
clearly affect the dynamics of the firm population. The quality regime produces
the smallest, but most dynamic population of f irms, whereas the largest firm
population emerges under the network regime. The intermediate regime exhibits
the most stable population of firms, where long run survival is relatively easy.

The third result is that for all three regimes the model is able to reproduce a
number of important stylised facts from industrial organisation. The model
produces persistence of market turbulence due to entry and exit; high infant
mortality, negatively correlated with firm age; growth rates of f irms that fall
with age and with size; persistence of asymmetric performances; and skewed
and relatively stable size distributions.

The fourth result is that all these outcomes are obtained in the absence of
replicator dynamics. There is no explicit relationship in our model between a
firm’s relative competitiveness and its growth rate. The only selection
mechanism in our model is that a minimum level of relative competitiveness is
required in order to survive. This rather simple mechanism turns out to be
sufficient to produce meaningful results, consistent with the previously
mentioned stylised facts.

The fifth and final result is derived from running the model under different
technological regimes, represented by various cumulativeness and spillover
conditions. In general, we see a smaller, more concentrated and eventually older
population of f irms when cumulativeness conditions are high. These regularities
are in line with the technological regime framework. Spil lover conditions,
however, are only partly consistent with this framework. Higher spillovers
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indeed lead to a higher number of f irms and lower concentration levels.
However, they do not generally increase survival rates or decrease the average
age of the population. The explanation for this is found in the trivial effect of
high spillover conditions on the competitiveness of incumbent firms vis-à-vis
entrants. High spillover conditions enable more continuing firms to imitate,
which increases the industrial average competitiveness. This, in turn,
deteriorates the general conditions for entrants and makes it more difficult for
them to survive. Finally, we observed that the regularities emerging under the
network regime are the least affected by varying cumulativeness and spillover
conditions.

Endogenising the innovation process could make our model more consistent
with the technological regime framework. Since innovation is exogenous in our
model, we cannot analyse the effect of the technological regime conditions on
differences between the innovative activities of incumbents and entrants.
Perhaps future efforts in this direction will enable us to better assess the
interaction between the demand side oriented adoption regimes and the more
supply side oriented technological regimes.
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Chapter 6

Conclusions

This dissertation has focussed on variances in the structural and dynamic
properties of manufacturing industries. For many decades we have known
empirically that industries differ widely in, for example, concentration levels,
capital intensity, and entry and exit rates. And for many decades industrial
economists, trying to find theoretical explanations for these observed differences,
have mainly relied upon theories involving stable equili brium solutions. Recently
however, the increased access to firm-level databases has led to a number of robust
empirical results that are hard to reconcile with the assumptions underlying the
mainstream equili brium theories and models of industrial economics, and with the
results these models produce. Probably therefore we observe an increasing interest
in theoretical alternatives based on more realistic assumptions regarding firm
behaviour and the process of technological change. As such, these alternative
theoretical frameworks may provide plausible explanations for the cross-sectional
variations in the structures and dynamics of industries.

The major objective of this dissertation was to find and test for explanations
derived from these rather recently developed theoretical frameworks. By
exploring the theoretical and empirical l iterature in industrial economics, by
using a longitudinal firm-level database, and by developing and simulating a
model on industrial dynamics, we obtained the following results. Empirically,
we have shown that both the technological regime framework as well as the
product or industry li fe cycle approach can explain differences between
industries. Further, our model has shown that differences in the timing and
frequency of new technology adoptions provide an additional explanation for the
structural and dynamic differences between industries. In the next section we
will briefly summarise the main chapters of this dissertation. In the second and
final section of this chapter we will suggest some directions for future research
in industrial economics.
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6.1  Summary

Given the empirical nature of this thesis and the extensive use of the Statistics
Netherlands manufacturing database throughout it, chapter 2 has illuminated
three important issues related to empirical research in industrial economics. First
of all, we have described in detail the firm-level data on which a major part of
the research in this dissertation is based. Second, by presenting a number of
selected stylised facts we have aimed to highlight some robust results that have
been established in industrial economics. Especially in the last fifteen years, the
increased access to firm-level data has resulted in a collection of results that
were found to be rather invariant across countries and over time. Finally, we
have investigated whether these stylised facts could also be found in Dutch
manufacturing.

Two important results emerged from this chapter. The first one was that the
regularities emerging from the SN manufacturing database were to a large extent
consistent with the stylised facts of industrial economics. Whether we looked at
firm-level regularities, their aggregate impact on the manufacturing sector, or
regularities at the industry level, practically all of them seemed to be consistent
with earlier empirical findings in industrial economics. To mention just a few,
we have found hazard rates of entering firms and growth rates of surviving
entrants declining with age and (initial) size; persistence of productivity
differentials between firms in the same industry; skewed but rather stable
distributions of firm sizes; and finally, significantly positive correlations
between entry and exit rates across industries.

The second result of chapter 2 concerns the observation that Dutch
manufacturing industries widely differ in virtually all dimensions observable in
the data. Although this result is far from new, we have argued that, despite the
presence of a number of theoretical contributions that potentially can explain the
observed differences, not much effort has been done in testing these theories
with the increasingly available firm-level data. As such, this unexploited
opportunity constituted one of the main objectives of this dissertation: to
investigate empirically which theoretical frameworks can explain the cross-
sectional differences.

Based on the results of chapter 2, chapter 3 has selectively surveyed the
theoretical literature in industrial economics. In our search for theoretical
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contributions that may explain the observed differences across industries in a
dynamic and comprehensive way, we have selected two approaches and
described them thoroughly in this chapter. We have argued that both the
technological regime framework as well as the product li fe cycle approach are
highly appropriate conceptual tools to study empirically the differences in cross-
sectional regularities, as they both embody elements such as firm heterogeneity
and technological uncertainty that are close to empirical substance. With regard
to their potential power to explain differences in structures and dynamics
between industries, we have argued the following.

The technological regime framework asserts that sectoral patterns of innovative
activities are determined by the combination of opportunity, appropriability and
cumulativeness conditions, and properties of the technological knowledge base
underlying these activities. If entry, survival, growth and exit patterns are related
to the rates and forms of organisation of innovations, then the observed inter-
sectoral variety in structures and dynamics can be explained by differences in
the underlying technological regimes. Alternatively, theories and models on
product life cycles explain and depict the evolution of an industry’s structural
and dynamic properties over its lifetime. Based on this approach, the observed
cross-sectional differences can be explained by the different evolutionary stages
that industries occupy.

To what extent these theories could actually account for the cross-sectional
variances was investigated in chapter 4. The first part of this chapter aimed to
find empirical evidence for the technological regime framework. Based on this
framework, we derived a number of hypotheses and tested these with the
longitudinal firm-level data we had access to. This empirical analysis strongly
suggested that differences in the structural (e.g., concentration levels) and
dynamic (e.g., entry and exit rates) properties of industries are closely related to
the set of opportunity, appropriability, cumulativeness and knowledge
conditions underlying the innovative activities in an industry.

The second part of chapter 4 investigated whether the cross-sectional variations
in structures and dynamics of industries could be explained by the different
evolutionary stages the industries occupied. Based on a model by Klepper
(1996), we again derived and tested a number of hypotheses. Although
Klepper’s model is primarily intended to depict the evolution of technologically
progressive industries, the second part of chapter 4 has shown that applying the
model to (basically mature) manufacturing industries in general, i.e., without
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any reference to their technological progressiveness, provides some interesting
results. Industries in different evolutionary stages indeed show different
regularities, which are partly in line with Klepper’s model. Especially
differences in the entry and survival rates of industries corroborate Klepper’s
hypothesis of a growing advantage of incumbents over entrants. Further, we
have found evidence that a shakeout of firms is mainly caused by a reduction in
entry rates, rather than an increase in exit rates. Again, this finding is consistent
with Klepper’s model. Apart from some minor differences, the regression
analyses of the third and final part of chapter 4, which investigated the
interaction between the two theoretical approaches, generally confirmed the
results of the separate investigations.

In chapter 5 we have introduced a simulation model on industry dynamics. This
model embodies three elements that, in our view, are not properly acknowledged
by the technological regime framework and the product life cycle approach.
First of all, models on product life cycles generally focus on the emergence and
evolution of only one product and its associated technology. However, in many
industries we observe that firms repeatedly introduce or adopt new product
technologies that replace the older ones. Second, both these approaches do not
explicitly consider differences in the technological properties of the goods
produced by the industries. Finally, in models on technological regimes and on
industry li fe cycles the growth of a firm is generally determined by its relative
(technological) performance. However, empirical studies on firm growth do not
provide much evidence supporting such a relationship. Most of these studies
suggest that the size of a firm generally follows a random walk with a declining
positive drift.

As mentioned, the model presented in chapter 5 includes these three elements.
But the most interesting feature of this model is that it provides an additional
explanation for sectoral variations in the structures and dynamics of the firm
population in the following way. Assuming that varying consumer preferences
over technology advance and network size effects, and different degrees of
compatibil ity between succeeding technologies explain why in some industries
technologies are more often replaced than in others (see Shy, 1996), our model
showed how the different replacement patterns effect the structures and
dynamics of the firm population.

More precisely, we designed and investigated three different technology
adoption regimes with the following underlying conditions: (i) a quality regime,



177

in which quality and network size are regarded as perfect substitutes and new
product technologies are highly compatible with old technologies, (ii ) an
intermediate regime, in which new product technologies are less compatible
with old technologies, but where quality and network size are stil l regarded as
perfect substitutes, and (iii ) a network regime, in which network size and quali ty
are regarded as complementary. By modelling the growth of a firm’s
competitiveness as a function of both the quality level and the market share of
the product technology it employs, and by tuning the parameters of this function
to arrange the adoption regimes, the model produced the following results.

First of all, three rather different replacement patterns of technologies emerged.
In the quality regime, technologies are continuously and rather quickly replaced
by superior technologies as soon as they become available. In the intermediate
regime, newer technologies stil l always replace older ones, but the duration of a
technology is higher than under the quality regime. Finally, in the network
regime eventually one technology always dominates the market until it becomes
obsolete (despite the presence of superior technologies), after which it is quickly
replaced by a new technology that again dominates until i ts obsolescence.

The second result was that the replacement patterns of product technologies
clearly affected the dynamics of the firm population. The quality regime
produced the smallest, but most dynamic population of f irms, whereas the
largest firm population emerged under the network regime. The intermediate
regime exhibited the most stable population of firms, where long run survival is
relatively easy. The third result was that for all three regimes the model is able
to reproduce a number of important stylised facts from industrial organisation.
The model produces persistence of market turbulence due to entry and exit; high
infant mortality, negatively correlated with firm age; growth rates of firms that
fall with age and with size; persistence of asymmetric performances; and
skewed and relatively stable size distributions.

The fourth result was that all these outcomes were obtained in the absence of
replicator dynamics. There is no explicit relationship in our model between a
firm’s relative competitiveness and its growth rate. The only selection
mechanism in our model is that a minimum level of relative competitiveness is
required in order to survive. This rather simple mechanism turned out to be
sufficient to produce meaningful results, consistent with the previously
mentioned stylised facts.
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The fifth and final result was derived from running the model under different
technological regimes, represented by various cumulativeness and spillover
conditions. In general, we saw a smaller, more concentrated and eventually older
population of f irms when cumulativeness conditions are high. These regularities
are in line with the technological regime framework. Spil lover conditions,
however, were only partly consistent with this framework. Higher spillovers
indeed led to a higher number of firms and lower concentration levels. However,
they did not generally increase survival rates or decreased the average age of the
population. The explanation for this was found in the trivial effect of high
spillover conditions on the competitiveness of incumbent firms vis-à-vis
entrants. High spillover conditions enable more continuing firms to imitate,
which increases the industrial average competitiveness. This, in turn,
deteriorates the general conditions for entrants and makes it more difficult for
them to survive. Finally, we observed that the regularities emerging under the
network regime are the least affected by varying cumulativeness and spillover
conditions.

In conclusion, this dissertation has shown that theoretical approaches involving
disequilibrium, bounded rationality and technological uncertainty provide
plausible and empirically supported explanations for one of the main issues in
industrial economics, namely the differences in structural and dynamic
properties of industries.

6.2  Suggestions for future research

In what ways can we further improve the empirical and theoretical foundations
of industrial economics? Obviously, more data would be the most
straightforward way to strengthen the empirical foundations. Although the
longitudinal firm-level data at hand has already greatly enriched our knowledge
about the firm-level dynamics and their impact at the level of the industry, still
more information regarding investment behaviour, research and development,
strategic all iances, et cetera, could further improve our understanding of
industrial dynamics.

Regarding the empirical analyses of chapter 4, more data could certainly
strengthen the results. For instance, variables indicating the actual opportunity,
appropriability, cumulativeness and conditions of knowledge accumulation to
determine the technological regime, or the actual age of an industry together
with, e.g., the growth rate of patents to determine an industry’s evolutionary
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stage, would undoubtedly provide a stronger basis for testing whether
technological regimes and industry li fe cycles explain the observed differences
between industries.

Concerning the theoretical foundations of industrial economics, we have argued
in chapter 3 that the technological regime framework and the product life cycle
approach are highly appropriate conceptual tools for studying industrial
dynamics. Given their focus on the process of technological change and the co-
evolving structural and dynamic properties of the industries, these two
frameworks provide useful starting points in theorising on industrial economics.
Advancing these theories therefore seems a fruitful and promising direction to
be explored in industrial economics.

At present, such efforts are already being undertaken by scholars working on
technological regimes. Marsil i (1999), for instance, argues that the concept of
appropriability conditions does not clearly distinguish differences in the ease
with which internal and external firms can access a certain pool of technological
opportunities. She introduces the notion of technological entry barriers in order
to capture the dynamics of industrial competition driven by firms from outside
the industry more accurately than the concept of appropriabil ity, which applies
to competitors from both inside and outside the industry.

The product or industry li fe cycle approach can also be fruitfully extended in our
view. One could, for instance, include networks of exchange relationships that
firms build up in time with their (financial) suppliers and customers. Besides
dynamic increasing returns to technological change underlying present models,
mutual learning and declining transaction costs associated with maintaining a
network of exchange relationships may provide an additional growing
competitive advantage of incumbent firms over entrants as the industry matures.

With regard to our model presented in chapter 5, we have already suggested one
way of advancing our framework. Since innovation is exogenous in our model,
we cannot analyse the effect of the technological regime conditions on
differences between the innovative activities of incumbents and entrants. Hence,
endogenising the innovation process could make our model more suitable for
analysing the effects of various technological regime conditions. Furthermore, it
may allow us to model technological entry barriers as well in order to take into
account the suggestions made by Marsili (1999).
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Another possibili ty to improve the behavioural assumptions of our model, and in
fact of many more models on industry dynamics, is to further investigate the
determinants of firm growth. As we have argued in chapter 5, econometric
estimations regarding firm growth on the basis of relative firm performance (in
terms of productivity or profitabili ty) usually explain only a very small part of the
total variance in growth rates (Geroski, 1998). For the outsider, the evolution of
the size of a firm essentially follows a random walk. But what happens in the
minds of the insiders? After all, the growth of a firm (in terms of capital and labour
increases) is ultimately a managerial decision. But when exactly does the
management of a firm decide to expand its capacity and, equally interesting, with
how much will it increase (or decrease) the capacity of the firm? Attempts to
identify the quantitative and quali tative variables that underlie the growth
decisions of firms are very important as they may substantially improve the
behavioural foundations of agent based models on industrial dynamics.

The final suggestion we make in this section regards the scope of industrial
economics. Most theoretical and empirical work in industrial economics focuses
on manufacturing. However, in most industrialised countries the share of
manufacturing in the gross domestic product is far less than the share of the
services sector. It seems important therefore to enlarge the scope to industries
producing services or, more general, immaterial goods. One could, for example,
investigate whether technological regime conditions also apply to patterns of
innovative activities in services industries. Further, one can look for typical life
cycle phenomena (such as shakeouts) in these sectors. Finally, one could elaborate
on the innovative processes in services industries. Many services are characterised
by the phenomenon that the supplier and the demander have to meet physically in
order to perform a transaction. Hence, for this type of services production and
consumption takes place simultaneously. Is it possible then to distinguish product
innovations from process innovations?

Empirical research on services industries, based on longitudinal firm-level data,
may answer some interesting questions as well. For instance, do the empirical
regularities observed in manufacturing industries also emerge in services
industries? An answer to this question should illuminate additional similarities and
differences between manufacturing and services industries. Furthermore, one
could investigate whether and explain why services industries differ with regard to
their structural and dynamic properties. Whether such an investigation would
resemble the present dissertation remains an interesting question.
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Nederlandse samenvatting

Industriële landschappen vertonen een grote diversiteit. In alle moderne
economieën zijn er substantiële verschillen waar te nemen in de industriële
organisatie van de bedrijfstakken. Sommige bedrijfstakken worden gedomineerd
door een klein aantal grote ondernemingen, waarvan de samenstelli ng zich in de
loop van de tijd nauweli jks wijzigt. Maar er zijn evengoed bedrijfstakken te
vinden die veel meer gekenmerkt worden door een grote populatie van kleine
ondernemingen, en waarin een continu proces van toe- en uittreding ervoor zorgt
dat de ondernemingspopulatie zichzelf steeds vernieuwt. Opmerkeli jk is dat er
zich hierbij sterke overeenkomsten voordoen tussen verschillende landen. Zo
zijn de chemische en de olieverwerkende industrie typische bedrijfstakken die in
veel landen gedomineerd worden door slechts een klein aantal grote
ondernemingen, terwijl de textiel en de houtverwerkende industrie een veel
lagere concentratie van ondernemingen kennen in de meeste geïndustrialiseerde
landen.

Naast de grote diversiteit van het industriële landschap zien we ook dat dit
landschap sterk onderhevig is aan veranderingen over de tijd. De opkomst en
neergang van sommige industrieën en, binnen deze industrieën, de
intertemporele variaties in toe- en uittreding van bedrijven, zorgen ervoor dat het
industriële landschap zich voortdurend wijzigt. In de eerste twintig jaar van het
bestaan van de Amerikaanse automobielindustrie bijvoorbeeld nam het aantal
bedrijven in deze sector sterk toe, maar terwijl de totale omzet van deze markt
nog steeds groeide was er in de daaropvolgende decennia een sterke daling te
zien in het aantal producenten. Vandaag de dag vertoont deze industrie een hoge
concentratiegraad en doen zich nog nauweli jks veranderingen voor in het
(kleine) aantal automobielproducenten.

Binnen de economische wetenschap houdt het vakgebied industriële organisatie
zich voor een belangrijk deel bezig met het verklaren van de waargenomen
cross-sectionele en intertemporele verschillen. Jarenlang hebben wetenschappers
op dit gebied hun theoretische verklaringen veelal gebaseerd op modellen die
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uitgaan van stabiele evenwichtsconcepten. Recentelijk echter heeft de
toegenomen beschikbaarheid van longitudinale data op ondernemingsniveau (de
zogenaamde microdata) tot een aantal robuuste empirische resultaten geleid die
moeili jk te verenigen zijn met zowel de veronderstell ingen die ten grondslag
liggen aan de gevestigde evenwichtsmodellen, als met de resultaten die deze
modellen genereren. Well icht om deze reden zien we een toenemende
belangstelling voor alternatieve theorieën die uitgaan van meer realistische
veronderstell ingen met betrekking tot het gedrag van ondernemingen en het
proces van technologische veranderingen. Gegeven deze meer realistische
uitgangspunten mag verwacht worden dat dergeli jke alternatieve theorieën beter
in staat zijn om de structurele en dynamische verschillen tussen bedrijfstakken
geloofwaardig te verklaren.

De belangrijkste doelstelling van dit proefschrift was het afleiden en toetsen van
verklaringen voor de structurele en dynamische verschillen tussen bedrijfstaken,
gebaseerd op deze vrij recent ontwikkelde theoretische raamwerken. De
volgende werkwijze is daarbij gevolgd. Na een inleidend eerste hoofdstuk,
waarin onder meer het mogeli jke belang en het kader van dit
proefschriftonderzoek zijn uiteengezet, zijn in hoofdstuk 2 drie zaken aan bod
gekomen die van essentieel belang zijn voor met name het empirisch gedeelte
van dit proefschrift. Ten eerste is in hoofdstuk 2 een gedetail leerde beschrijving
gegeven van de longitudinale microdata van de Nederlandse industrie waarop
een groot gedeelte van dit proefschriftonderzoek is gebaseerd. Ten tweede is in
dit hoofdstuk een aantal belangrijke resultaten geselecteerd uit de empirische
onderzoeksliteratuur op het gebied van industriële organisatie. Ten derde
onderzocht hoofdstuk 2 of deze empirische resultaten ook voor de Nederlandse
industrie te vinden waren.

De twee belangrijkste conclusies voortkomend uit hoofdstuk 2 zijn als volgt.
Allereerst is aangetoond dat de karakteristieken van de Nederlandse industriële
sector voor een groot gedeelte consistent zijn met bevindingen die eerder
empirisch onderzoek in andere landen heeft opgeleverd. Zowel op het niveau
van de onderneming, de bedrijfstak, als de gehele industrie komen vrijwel alle
resultaten overeen met eerdere empirische bevindingen op het gebied van
industriële organisatie. Zo is onder meer het volgende aangetoond: de
faalkansen van toetreders en de groeivoet van ‘overlevende’ toetreders dalen
met de leeftijd van de onderneming en haar (initiële) grootte; persistentie van
productiviteitsverschillen tussen bedrijven binnen dezelfde bedrijfstak; scheve,



193

maar stabiele verdelingen van de grootte van ondernemingen; en, ten slotte, een
significante, positieve correlatie tussen toe- en uittredingspercentages.

De tweede conclusie uit hoofdstuk 2 betreft de bevinding dat, voor vrijwel elke
variabele beschikbaar in de data, bedrijfstakken binnen de Nederlandse industrie
op uitgebreide schaal verschillen van elkaar. Hoewel dit resultaat verre van
nieuw is, is dit resultaat toch apart naar voren gehaald vanwege het belang ervan
voor het doel van dit proefschrift, nameli jk het zoeken naar en testen van
verklaringen voor verschillen in de structuur en dynamiek van bedrijfstakken.

Uitgaande van de resultaten gevonden in hoofdstuk 2 is er in hoofdstuk 3 een
selectie gemaakt van theoretische modellen die de gevonden verschillen tussen
bedrijfstakken plausibel kunnen verklaren. Nadat eerst een overzicht is gegeven
van de bestaande evenwichtsmodellen en er op hun theoretische en empirische
tekortkomingen is gewezen, zijn in hoofdstuk 3 twee theoretische benaderingen
geselecteerd en uitvoerig beschreven, te weten het technologisch regime
raamwerk en de productlevenscyclus benadering. Deze benaderingen hebben
met elkaar gemeen dat ze beiden uitgaan van realistische veronderstellingen,
zoals heterogeniteit van bedrijven en substantiële onzekerheid met betrekking
tot technologische veranderingen. Mede om deze reden zijn deze twee
theoretische benaderingen zeer geschikt als conceptuele bases voor empirisch
onderzoek naar structurele en dynamische verschillen tussen bedrij fstakken. Met
betrekking tot hun verklarend vermogen is het volgende in hoofdstuk 3
beargumenteerd.

Het technologisch regime raamwerk gaat ervan uit dat de dynamiek van
innovatieve activiteiten binnen een bepaalde bedrijfstak bepaald wordt door een
combinatie van economische en technologische factoren. Deze factoren bestaan
uit (1) de technologische mogeli jkheden, (2) de toeëigenbaarheid van winsten
uit innovaties, (3) de mate waarin innovaties cumulatief zijn en (4) de specifieke
eigenschappen van de technologische kennisbasis van de betreffende bedrij fstak.
Een technologisch regime wordt dan gedefinieerd als de specifieke combinatie
van deze factoren. Als er binnen een bedrijfstak een verband bestaat tussen
bijvoorbeeld de mate van toe- en uittreding of de slaag- en groeikansen van
jonge ondernemingen enerzijds, en de dynamiek van innovatieve activiteiten
anderzijds, dan kunnen structurele en dynamische verschillen tussen
bedrijfstakken verklaard worden door verschil len in het onderliggende
technologisch regime condities. De productlevenscyclus benadering, op haar
beurt, verklaart het verloop van de structurele en dynamische eigenschappen
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gedurende de verschil lende fasen van de levenscyclus van een bedrijfstak.
Uitgaande van deze benadering kunnen cross-sectionele verschillen tussen
bedrijfstakken verklaard worden door de verschil lende fasen waarin deze
bedrijfstakken zich bevinden.

Of deze theoretische benaderingen ook daadwerkeli jk de gevonden verschillen
tussen bedrijfstakken kunnen verklaren is onderzocht in hoofdstuk 4. In het
eerste deel van dit hoofdstuk werd een aantal hypothesen afgeleid van het
technologisch regime raamwerk en vervolgens werden deze hypothesen
empirisch getoetst met behulp van de beschikbare longitudinale microdata. De
uitkomsten van deze analyses suggereerden inderdaad dat verschillen in
structurele kenmerken (zoals markconcentratie) en dynamische eigenschappen
(zoals de mate van toe- en uittreding) sterk gerelateerd zijn aan verschil len in het
onderliggende technologisch regime condities. Het tweede deel van hoofdstuk 4
onderzocht of de verschillen tussen bedrijfstakken verklaard kunnen worden
door de verschillende evolutionaire stadia waarin de bedrijfstakken zich
bevinden. Hierbij vormde het model uit Klepper (1996) de conceptuele basis
voor de te toetsen hypothesen. Het belangrijkste resultaat van deze analyse was
dat bedrijfstakken die zich in verschil lende fasen bevonden inderdaad significant
verschillende eigenschappen vertoonden die, voor een belangrijk deel,
overeenkwamen met de uitkomsten van het model van Klepper. Vooral de
geconstateerde verschil len in toetreding en overlevingskansen van jonge
ondernemingen ondersteunen Klepper’s hypothese van een toenemend voordeel
van gevestigde ondernemingen ten opzichte van toetreders. Tevens
suggereerden de resultaten dat een shakeout voornameli jk veroorzaakt wordt
door een afname in het aantal toetreders in plaats van een toename van in het
aantal uittreders. Ook dit resultaat is consistent met het model van Klepper.

Zowel het technologisch regime raamwerk als de productlevenscyclus
benadering kunnen derhalve voor een belangrijk deel de geconstateerde
verschillen tussen bedrijfstakken verklaren. In de inleiding van hoofdstuk 5
werd echter geconstateerd dat er nog drie belangrijke elementen zijn die door
beide theoretische raamwerken onvolledig erkend worden. Ten eerste werd
vastgesteld dat productlevenscyclusmodellen zich in het algemeen richten op de
introductie en evolutie van slechts één product en de bijbehorende technologie.
Echter, in veel bedrijfstakken zien we dat bedrijven herhaaldelijk nieuwe
producttechnologieën introduceren of adopteren. Ten tweede werd geconstateerd
dat beide benaderingen niet expliciet rekening houden met verschil len in de
technologische eigenschappen van de geproduceerde goederen. Ten slotte
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veronderstellen beide theoretische benaderingen dat de groei van een
onderneming bepaald wordt door haar relatieve (technologisch) prestatieniveau.
Empirische studies naar de groei van ondernemingen ondersteunen echter
nauwelijks een dergeli jke relatie. Het merendeel van deze studies suggereert dat
de evolutie van de grootte van een onderneming het best benaderd wordt door
een stochastisch proces, zij het met een positieve maar afnemende gemiddelde
groeivoet.

In de rest van hoofdstuk 5 werd een theoretisch model geïntroduceerd dat wel
expliciet rekening houdt met de bovengenoemde drie elementen. De
belangrijkste eigenschap van dit model is dat het een additionele verklaring
geeft voor sectorale verschillen in de structurele en dynamische eigenschappen
van de populatie van bedrijven. Daarbij is uitgegaan van de veronderstelling dat
er twee factoren zijn die het adoptieproces van nieuwe technologieën verklaren.
De eerste betreft verschillen in de preferenties van consumenten met betrekking
tot substitueerbaarheid van de technologische geavanceerdheid van een nieuwe
technologie enerzijds en de netwerkeffecten ervan anderzijds. De tweede factor
betreft de mate waarin nieuwe technologieën compatibel zijn met oudere
technologieën. Shy (1996) toont aan dat deze factoren inderdaad kunnen
verklaren waarom technologieën in sommige bedrijfstakken vaker worden
vervangen dan in andere. Het model uit hoofdstuk 5 laat vervolgens zien dat
verschillen in de wijze waarin opeenvolgende technologieën zich verspreiden
binnen een bedrijfstak een duidelijk effect hebben op de structurele en de
dynamische kenmerken van de bedrijfstak. Een belangrijke bijkomstigheid is dat
de resultaten die dit model genereert verder volledig consistent zijn met de
resultaten die eerder empirisch onderzoek op het gebied van industriële
organisatie heeft opgeleverd.

Concluderend kan gesteld worden dat dit proefschrift heeft aangetoond dat
theoretische benaderingen die uitgaan van technologische onzekerheid, beperkte
rationaliteit en die niet gebonden zijn aan stringente evenwichtsconcepten
plausibele en empirisch ondersteunde verklaringen geven voor het bestaan van
structurele en dynamische verschil len tussen bedrijfstakken.
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