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Abstract
Innovation and technological change is the major factor of production, renewal,
and competitiveness of firms and nations in the contemporary “knowledge
economy”. The overall purpose of this dissertation is to investigate the
innovative behavior of firms in various sectors and regions. In particular, I have
analyzed the determinants (driving forces) of firms’ innovation on the one hand
(in paper 1 and 2), and the effect of firms’ innovation on the other hand (in paper
3 and 4). In addition, a central concern in this dissertation is that context, in
which firms operate and innovate, matters for innovation. I take into account
several contexts in the analyses of both the determinants and effects of
innovation. These contexts are: the regions in which firms are located, the
dynamics of industries, and the dynamics of cluster in which firms belong to.
This dissertation consists of four separate papers plus an introductory chapter.
Each paper can be read independently, but all of them deal with either
determinants or effects of the innovation of firms.
The first paper analyzes the effect of various firm-specific determinants on
firms’ innovation output. It also considers the stages of the Industry Life Cycle
(ILC) as a context in which firms operate and innovate. Using the Community
Innovation Survey data for manufacturing and service sectors in Sweden during
2002-2004, I find that the importance of various determinants of firms’
innovation depends on the stages of the ILC in which they operate.
The second paper again investigates the determinants of innovation, but this
time incorporates another context that affect the innovation, i.e. the regions that
firms belong to. Using the patent applications data as a measure of innovation in
all functional regions in Sweden during 2002-2007, we find that both the internal
knowledge generated within the region and the inflow of external knowledge
matter for innovation of firms located in the regions. Moreover, the extent of
related variety of knowledge in the region has the superior role to promote
innovation.
4

The third paper examines the effect of a firm’s innovation output on firm’s
performance. Export behavior of firms is chosen as a performance indicator.
Particular attention is devoted to distinguish between innovation input and
innovation output and to isolate their effects on export behavior of firms. Using
two waves of Swedish Community Innovation Survey data during 2002-2006
merged with registered firm-level data, I find that what really matters for
enhancing the export behavior of firms is the innovation output of firms, rather
than the innovation input (mere efforts in investing in innovation activities).
The fourth paper also analyzes the effect of innovation on performance
measures but this time incorporates another context, i.e. the life cycle of the
regional cluster that firms belong to. This paper delves into a particular cluster,
i.e. Linköping ICT cluster. Using data collected through interviews during 2009
and 2012 on key cluster actors, we find that innovation is among the factors that
are always highly important at any given stage of the cluster’s evolution,
however, it has slightly greater importance during the “growing” stage.
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INTRODUCTION AND SUMMARY OF THE DISSERTATION

1. Introduction
In this dissertation, I investigate how to foster innovation and technological
change of firms on the one hand, and what would be the consequence of such
innovation on firm performances, on the other hand. In doing so, I particularly
consider the contexts in which firms operate and innovate. Any phenomenon
happens in a context(s) and innovation is no exception. Firms belong to
industries, they belong to regions, and some of them belong to industrial
clusters. I have chosen to examine the life cycle of industries, the regions, and
the life cycle of industrial clusters as the contexts which matters for innovation
of firms.
The world’s population and also social development index stayed more or less
the same throughout a long period of time in the history of human kind from
2000 BC up to the 18th century. This is despite the fact that several important
milestones happened during this long period of time, such as emergence of
civilizations, religions, empires, and invention of math. Then, looking at Figure
1, the most remarkable boost occurred in the world’s population growth and
social development growth in the 18th century. This is the time when the
industrial revolution happened.

9

Figure 1. World population and social development index over time (from 2000 BC up
to now)

Source: World Population is based on Haub (1995) and United Nations (1999). Social Development
Index is based on Morris (2010, p.161).

Figure 1 is a very simple illustration and it is impossible to make any causal
interpretation, nevertheless, I think it also shows the remarkable contribution of
technological change and innovation for human beings. When it comes to the
scholarly study of innovation as a phenomenon, the significant contributions
started in the 20th century. In the beginning of the 20th century, economists
investigated the determinants of market structure and its effect on price
competition and efficient allocation of resources, however, mainly ignoring
technological change. Edward Chamberlin (1933) was among the first who
proposed the concept of product differentiation, which might lead to
monopolistic competition. Nevertheless, it was Joseph Schumpeter’s writings in
the first half of the 20th century (Schumpeter, 1934; 1942) that made economists
acknowledge the essential role of technological change in affecting economic
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growth and social welfare (Dosi, 1988a; Cohen, 2010)1. This gave birth to at
least two broad avenues in innovation studies, i.e. innovation determinants and
the effects of innovation on the economy (Dosi, 1988b). The first avenue spurs
the extensive discussion of innovation determinants, the so called neoSchumpeterian literature. The main innovation determinants analyzed have been
firm-specific determinants up to the 1980s, in particular, firm size and market
structure. Later, the neo-Schumpeterian literature incorporated the dynamics of
industries (Cohen, 2010) by explicitly considering the concept of industry life
cycle (Klepper, 1997). Moreover, owing to Alfred Marshall’s (1920) writings,
regional economists and evolutionary economic geographers (re-)recognized the
importance of regions as a source of knowledge creation, i.e. a context in which
innovation happens, hence adding regional (spatial) factors as a new category of
innovation determinants (Krugman, 1991; Feldman, 1994).
The second avenue of innovation studies is the effects of innovation on the
economy, which was originally emerged (in an explicit manner) in the 1960s
within the international trade literature. It was macro-level models of
technological gaps and product life cycles (PLC) that explicitly recognized the
effect of innovations on the export behavior of nations (Posner, 1961; Vernon,
1966; Hirsch, 1967)2. Secondly, Solow discovered the so-called Solow-residual
in a neo-classical growth model, and attributed it to technological change as the
main driver of aggregate growth (Solow, 1956, 1957). Then growth accounting
models were developed which disentangled the sources of such technological
change (Denison, 1962). Subsequently, micro-level empirical evidences were
emerged, pointing to a positive and significant effect of innovation on the

1

It is fair to say that the notion of technological change was introduced already by Adam Smith in
his famous first chapter of Wealth of Nations. He pointed out to the importance of “improvement
in machinery” (now known as process innovation) and the way in which division of labor may
enhance specialized inventions (Smith, 1776).
2
It is worthy to note that the concept of product life cycle (PLC) itself can be traced back to
earlier works, at least to Kuznets (1929). Moreover, the PLC model itself can be even further
traced back to the theory of comparative advantages of trade, stemming from the Heckscher–
Ohlin theorem (and subsequent the Leontief paradox discussions).
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productivity of firms. The pioneering work was done by Zvi Grilichez and his
colleagues, who established the foundation for the Knowledge Production
Function (KPF) framework (Griliches, 1963, 1973, 1979). Nevertheless, it took
macro-economists up to the late 1980s and the beginning of 1990s to develop the
formal growth models that explicitly incorporate the effects of technological
change and innovation on the growth of economies. These models are usually
labeled as “new growth theory” or “endogenous growth theory” (Romer, 1986,
1990; Lucas, 1988; Aghion and Howitt, 1992). The new growth theory revised
the neo-classical growth models of Solow type by endogenizing the
technological change (innovation) through incorporating the purposeful and
profit-maximizing behavior of firms in response to market incentives. Owing to
formal theorizing of the effect of innovation on the economy (in the endogenous
growth theory) as well as enhanced availability of micro-data, an extensive
body of empirical micro-level evidence have spurred since the 1990s that
examines the effect of innovation on firm performances (for a survey study see
Hall and Mairesse, 2006). Both the above mentioned avenues of innovation
studies, i.e. determinants and effects of innovation,

have contributed to

recognition of the contemporary world economy, known as the “knowledge
economy”, in which knowledge is recognized as a major factor of production,
renewal, and competitiveness of firms.
However, there is still work that needs to be done for better understanding of
innovation, as a phenomenon, both for enhancing the knowledge frontier in
academia and also for practitioners. Concerning academia, research still suffers
from lack of reliable data and convincing proxies for measuring innovation
itself, its determinants and its consequences, especially at micro-level.
Moreover, the context in which innovation happens is not adequately
investigated. There could be several contexts, such as the evolution of industry,
the regions, and the evolution of a cluster to which firms belong. Concerning the
practitioners, the annual reports by Innovation Union Scoreboard (IUS) is the
standard reference for EU countries to assess their innovative behaviors
12

(European Commission, 2014). This report has been ranking Sweden as the best
innovative country during the past several consecutive years. However, this
report is arguably misleading, since it uses 17 input indicators, e.g. R&D
expenditures, and only 8 output indicators (broadly defined) and then aggregates
the innovation input and innovation output all together in one index. This is one
example showing the need for better understanding of the phenomenon of
innovation.
The rest of this introductory chapter is organized as follows. Section 2
provides the purpose of the dissertation. Section 3 provides the definitions of key
elements of the dissertation, i.e. innovation itself, determinants of innovation,
and the economic concepts that are assumed to be affected by innovation. In
addition, this section provides the theoretical backbones and empirical evidence
concerning these key elements and relates them to the frontier of research.
Finally, Section 4 provides the summary of the four papers included in this
dissertation, as well as stating the contributions and the scope of this
dissertation.

2. Purpose of the dissertation
My overall purpose in this dissertation is to investigate the innovative behavior
of firms. In particular, I have examined the determinants (driving forces) of
innovation and technological change of firms on the one hand, and the
consequences of innovation and technological change of firms on the other hand.
In addition, a central element in this dissertation is that context (in which firms
operate and innovate) matters for innovation. Hence, I explicitly take into
account several contexts in which firms operate and innovate in the analyses of
both determinants and effects of innovation. These contexts are: the regions in
which firms are located (and hence regional-specific factors), the dynamics of
industries, and the dynamics of cluster evolutions to which firms belong.
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The purpose of this dissertation is important to pursue because the contemporary
world economy is known to be the so-called “knowledge economy”, in which
knowledge and innovation are recognized as a major factor of production,
renewal, and competitiveness for firms, regions, and nations. Accordingly,
scholars from several (related) disciplines have contributed to a better
understanding of innovation and technological change in the past century. In this
dissertation, I have tried to advance the current understanding of the
phenomenon by bringing together the theoretical arguments, empirical
evidences, and empirical tools from several related fields and literatures, such as
neo-Schumpeterian literature, agglomeration economies, economic geography
(both evolutionary and new economic geography), and international trade. This
has not been always an easy task so far. An example is the challenges to bring
together the evolutionary economic geography and new economic geography
(Boschma and Frenken, 2006). In the innovation literature itself, such a strategy
of combining several related things together is indeed acknowledged as one of
the most common way of creating a new knowledge and (incremental)
innovation (Schumpeter, 1934; OECD, 2005)3.

The “things” that I am

combining in this dissertation is the theories and empirics of several related
fields and the “outcome” is a new knowledge (not for the sake of creating a new
product, process, or other types of innovation), instead for the sake of creating
new insight for the innovation as the phenomenon of interest.

3. Definitions
Now I will clarify the definition of the three elements of this dissertation: (i)
innovation itself (ii) the determinants of innovation and (iii) the effects of
innovation. Apart from definitions, measurement issues are discussed as well.

3

As Schumpeter defined innovation: “new combinations of new or existing knowledge,
resources, equipment and so on...” (Schumpeter 1934, p. 65)
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3.1. Innovation (output) itself
There have been numerous definitions of innovation in the literature (for a
survey of various disciplines and synthesis, see Baregheh et al, 2009).
Nevertheless, it seems as if a consensus is emerging toward a simple definition
that was already proposed by Schumpeter: “A successful market entry
(commercialization) of an invention”. The Oslo Manual4 provides a more
holistic definition (again based on Schumpeter’s definition): “An innovation is
the implementation (commercialization) of a new or significantly improved
product (good or service), or process, or a new marketing method, or a new
organizational method in business practices, workplace organization or external
relations” (OECD, 2005, p. 31). This definition is well-rooted in Schumpeter’s
definition and distinguished between four types of innovation, i.e. product,
process, marketing, and organizational innovations5. When it comes to
conceptualization of “novelty”, the definition sets the minimum entry criteria.
This means that the innovation should be new or significantly improved to the
firm (it does not have to be necessarily new to the market or world). The
definition has become the foundation for Community Innovation Survey (CIS)
conducted harmonically and periodically in EU member states plus Norway and
Iceland since early 1990s6.
We should bear in mind that innovation is a process, which consists not only
of output (as defined above), but also of inputs (OECD, 2005). Rothwell (1994)
provides an overview of the evolution of five generations of innovation
processes. The first generation was the technology-push innovation process
4

I will provide more information about Oslo Manual soon in this section.
Of course there have been several other definitions of innovation, which were proposed
between Schumpeter and the Oslo Manual, chronologically speaking. For instance, in his seminal
work on technological change, Schmookler (1966) stated that the rate and direction of
technological change could be explained as the outcome of the purposive, profit-seeking
behavior of firms. This not only helped the definition of innovation, but also paved the way for
the emergence of endogenous growth theory in the late 1980 (will be discussed more in Section
3.3).
6
I will explain the detail of CIS data in paper 1 and 3, where I used the CIS data in my empirical
analyses.
5
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model in which advancements in science and technology were pushing the
innovation process during the 1950s to the mid-1960s. The second generation,
the so called model of market-pull, then became dominant, in which market
needs were the main driver of innovation processes during the mid-1960s to
early-1970s7. These two models were linear in nature and they were one of the
first (conceptual) frameworks developed for understanding the relations between
Science & Technology and the economy (Godin, 2006). The third generation of
innovation models, the so-called coupling or Chain-Link model, became
dominant during the early 1970s to mid-1980s. This model conceptualizes
innovation as a recursive interaction between market opportunities and the
firm’s internal capabilities and knowledge base, rather than as a linear model
(Kline and Rosenberg, 1986). The fourth generation, the so-called integration
model, became dominant in the early 1980s to early 1990s. The role models in
this generation were Japanese innovating firms. They integrated suppliers into
the new product development process at an early stage while at the same time
integrated the activities of the various in-house departments involved, who
worked on projects simultaneously rather than sequentially. This is why this
model was also called “concurrent engineering” (Trott, 2008). The fifth
generation, the so-called fast innovator as well as open innovation, started in the
late 1990s and is still ongoing. The emphasis here is on the speed of introducing
innovation, as the life cycles of products have become much shorter
(Chesbrough, 2003).
When it comes to empirical studies of innovation in relation to the above
generations of innovation processes, there is indeed a trend. The earlier studies
were mostly based on the operationalization of the innovation process in a
linear-fashion with the input and output elements of the process. The examples
are the studies that used the Knowledge Production Function framework (using
Cobb-Douglas form functions) (among others, Griliches, 1963, 1973, 1979).

7

The market-pull models can be traced back at least to Schmookler (1966).
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More recent studies consider the interaction of firms with other actors (such as
suppliers and customers), the innovation strategies of firms, hampering factors
for innovative activities of firms, and effects of introduced innovation on firm
performance (Mairesse and Mohnen, 2005; Lööf and Heshmati, 2006; Mohnen
et al, 2006; Mairesse and Robin, 2012). These empirical studies have been
possible to conduct, thanks to availability of survey data, e.g. Community
Innovation Survey (CIS) in Europe.
In order to be able to examine the determinants and also the effects of
innovation (which is the aim of this dissertation), one needs to measure
innovation itself in some way. This indeed has been a long standing issue. This
concern is reflected already in Comanor and Scherer (1969, p.392) (among
others) who asked: “How can one obtain operational indexes of inventive and
innovative activity and technical change?” Traditionally, innovation has been
measured as R&D intensity of firms/regions or the number of employees
working in R&D departments (Soete, 1979). However, these measures are
usually accused of being more of an input measure of the innovation process,
rather than real output of innovation process (Kleinknecht et al., 2002; Smith,
2005). Furthermore, as early as the 1970s, the literature was stressing that R&D
expenditure accounted for only a fraction of the total innovation costs. For
instance, Stead (1976) noted that, along with R&D, at least six other activities
were needed to complete an innovation project: new product marketing, final
product and design engineering, patent work, tooling and industrial engineering,
manufacturing start-up, and financial and organizational changes. This indeed
paved the way for the Oslo Manual to recognize six categories of investments in
innovation activities as innovation inputs. These expenditures are identified to be
in intramural R&D, extramural R&D, other external knowledge, training of
employees, acquisition of machinery, and market introduction of innovation
(OECD, 2005). Therefore, I will use R&D and other innovation expenditure
only as the inputs for the actual innovation output of firms (paper 1 of this
dissertation) and regions (paper 2). Moreover, a clear distinction is provided
17

between the effects of innovation input versus innovation output on the
performance of firms (paper 3).
Another classical measure of innovation has been patent applications of firms
or regions. Although beneficial in some aspects (e.g. the availability of
longitudinal data and also being a representative measure at the regional-level),
this measure is usually accused of having several unsatisfactory features: (i)
being a more indirect or intermediate measure of innovation (Comanor and
Scherer, 1969; Kleinknecht et al, 2002; Smith, 2005) (ii) the propensity to patent
differs between sectors (Paci and Usai, 1999; Hipp and Grupp, 2005; Comanor
and Scherer, 1969), and (iii) the propensity to patent (in general) has been
declining particularly since the 1940s, due to changes in judicial interpretations
of the patent and antitrust laws (Comanor and Scherer, 1969). Overall, it is more
appropriate to consider patent applications as a measure of invention rather than
innovation. Nevertheless, there is also evidence showing that patent applications
are a good proxy for innovative activity at the firm-level (Griliches, 1990) and in
regional-level analyses (Acs et al, 2002). Similar measures are the number of
granted patents or a composite of quality-adjusted patents. While the qualityadjusted patents are shown to perform better than granted patents (Ejermo and
Gråsjö, 2008; Ejermo, 2009), they are still controversial since they measure
invention rather than innovation. Nevertheless, patent applications (or granted)
are still one of most commonly used measure in innovation studies, particularly
when the level of analysis is on regions. This is because (i) patent measures are
the only measure of innovation or invention that are available for a long period
of time and (ii) patent measures are the only measure of innovation or invention
that is representative at regional level8. This is why I used patent application as a
measure of innovation when the level of analysis was on regions (paper 2).
8

As will be discussed soon in this section, one of the most current and attractive measure of
innovation is the one that innovation surveys provide, such as Community Innovation Surveys.
While these surveys are representative of the economies as a whole (because of stratified
sampling), they are not, however, representative at the regional level, since there are many
regions that do not have any observations in the sample (at least in the case of Sweden).
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One attractive measure of innovation is the number of new product
announcements. The survey was conducted by Edwards and Gordon (1984) for
the U.S. Small Business Administration, which was used to observe the
innovation activities of U.S. companies in 1982. This survey initiated some
fascinating works (Acs and Audretsch, 1988; Acs et al., 1992, 1994; Feldman
and Florida, 1994), but remained as cross-sectional analyses. Although a similar
initiative was started in Europe in the early 1990s, it has not become systematic
as of yet.
Another way of measuring innovation has been by using innovation surveys,
which probably has measured innovation in a more direct way (Kleinknecht et
al, 2002; Smith, 2005). The first innovation survey was conducted by the British
Association for the Advancement of Science (Carter and Williams, 1958). Then
the Science and Policy Research Unit (SPRU) conducted different waves of
innovation surveys in the 1970s and the early 1980s, which examined the
successful commercialization of innovations in the UK between 1945 and 1983
(Robson and Townsend, 1984). The most successful and sustained effort in
conducting innovation surveys so far in Europe is the Community Innovation
Survey (CIS), administrated by the European Commission. It is based on the
Oslo Manual (OECD, 2005)9 which was briefly overviewed in the beginning of
this section. The problem with CIS data is that it is only representative at a
highly aggregated level (NUTS2), which makes it difficult to use it when the
unit of analysis is the more appropriate and lower level of aggregation in
regional-level studies, for instance at the level of “functional regions”.
Therefore, I use CIS data as the measure of innovation only in my firm-level
studies (in both paper 1 and 3). Patent applications and expert judgments (based
on interviews) are used as the two alternative measures of innovation in the
regional-level studies of this dissertation (paper 2 and 4, respectively).

9

The initial version of Oslo Manual was published in 1992 with an update in 1997.
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3.2. Determinants of Innovation10
All the generations of innovation process, reviewed in Section 3.1, have some
sort of inputs to the process, such as advancements in Science & Technology,
market demand, or firm’s internal capabilities and knowledge base. This is also
in line with the Knowledge Production Function (KPF) framework, where there
are always some inputs to innovation processes (usually R&D investments),
which eventually may lead to some innovation outputs (Griliches, 1979). The
inputs to the innovation process are considered in this dissertation as the
determinants of innovation. When it comes to determinants of innovation,
Schumpeter is a standard reference. However, Schumpeter was more concerned
with the effect of competition on innovation (and in turn on long run economic
development), and arguably less concerned with the actual determinants of
innovation directly (Cohen, 2010)11. Nevertheless, his writing sparked an
explicit discussion of innovation determinants in the so called neoSchumpeterian literature. This literature (in nexus with other related literature)
provides the general formulation to analyze the effect of innovation determinants
on innovation itself. This can be written as follows:
(1)
Where, INNOVATION is some measure of innovation output of firms (or
regions), preferably over time12. This innovation output is a function of its
10

The determinants of innovation discussed in this section can be seen as the determinants of all
four types of innovation noted in the Section 3.1. However, the discussion mostly suits to
“product innovation”. In order to be a suitable discussion for process innovation, one shall have a
discussion on diffusion of innovation from innovators to adopter enterprise (see Karlsson, 1988).
Since none of the papers in this dissertation dealt with process innovation, such discussion is not
provided here.
11
Schumpeter initially recognized small and entrepreneurial firms as the engine of growth (Mark
I). However, in his later works, he mostly recognized large, monopolistic firms as the engines of
innovation, and, in turn, economic growth (Mark II).
12
Apart from firm (or region) and time, many studies used sectors as the third element in
defining the unit of analysis. This is due to the fact that sectors have significant differences in
their propensity to innovate (Pavitt, 1984; Scherer, 1983; Malerba and Orsenigo, 1997).
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determinants, which can be grouped in three categories: (i) firm-specific
determinants (FIRM) (ii) region-specific determinants (REGION) and (iii)
industry-specific determinants (INDUSTRY)13. Moreover, region-specific and
industry-specific determinants can be considered as the context in which firms
operate and innovate. In this dissertation, paper 1 focuses on firm-specific
determinants and paper 2 focuses on regional-specific determinants. Industryspecific determinants are also considered in paper 1, where the Industry Life
Cycle and technological regime literature is explicitly taken into account.

3.2.1. Firm-specific determinants of Innovation
Firms are heterogeneous in their internal resources (Penrose, 1956), in particular
concerning those internal resources (or characteristics in general) that are
determinants of innovation (Klette and Kortum, 2004). Size of a firm (together
with market structure14) has been the oldest and most common firm-specific
determinants of innovation that have attracted the attentions of scholars, since
Schumpeter himself. Schumpeter initially argued that the engine of growth and
innovations are entrepreneurs or small firms (Mark I). Later he also argued that
large firms in a concentrated market are the foundation of technological progress
(Mark II). These somehow controversial statements sparked the series of studies
concerning the relationship between firm size, market concentration, and
innovative effort. These studies have pre-occupied the field up to the 1980s
(Cohen and Klepper, 1996; Cohen, 2010), providing several explanations (only
some of them were actually suggested by Schumpeter) for a positive effect of

13

One could also consider another innovation determinants set, i.e. country-specific
determinants, such as institutions and tax laws. This is out of the scope of this dissertation;
however, I have touched upon it briefly in Section 3.2.2.
14
Market structure is often measured by market share ratios, concentration ratios, and measures
of barriers to entry. These measures are designated to proxy the ability of a firm to appropriate
the benefits from an innovation in a competitive situation.
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firm size on innovative efforts15. The main reason is that larger firms have more
access to finance and scale economies which in turn lead to increase in (i)
advertising power (leading to product differentiation) (Comanor, 1967) (ii)
scope economies for R&D (provided by scale economy in production) (Scherer,
1965) and (iii) cost spreading advantage, which enables larger firms to profitably
undertake projects at the margin that would be unprofitable for smaller firms
(Cohen and Klepper, 1996). Almost simultaneously, the counterargument also
has been proposed, suggesting that the R&D efficiency could be reduced in
large-bureaucratic organization (Scherer and Ross, 1990). Nevertheless, there
seems to be a consensus on the arguments in favor of the positive association
between size and R&D investments (as a measure of innovation) (Cohen, 2010).
Another classic determinant of the innovation output of firms is R&D
investments (Griliches, 1979), although as noted in Section 3.1, this measure
actually has been used extensively as a measure of innovation (output) itself.
Nevertheless, it is now a stylized fact that firms (within the same sector) are
heterogeneous in terms of their R&D investments, even after controlling for
their sizes (Dosi, 1998b; Cohen, 2010). At the aggregate level of countries, it is a
well-known fact that modern industrial countries devote a considerable share of
their income and labor forces to invest in R&D activities in order to enhance
both basic and applied research, which eventually leads to innovation outputs in
firms (among others Dosi, 1988b).
Another firm-specific determinant of innovation is human capital16. Human
capital (e.g. skilled labor) can facilitate the capacity to absorb, assimilate and
develop knowledge and innovative ideas, thus enhancing innovation output of
firms (Cohen and Levinthal, 1990). Moreover, the formal theory that considers
human capital as a determinant of innovation (more specifically on economic
growth) can be attributed to the macro-level models of endogenous growth
15

It is worthy to note that early empirical studies in neo-Schumpeter literature mostly examined
the effect of size on innovative effort (measured usually as R&D intensity of firms), rather than on
actual innovation output, such as successful introduction of new products to the market.
16
The term human capital is popularized in the literature by Schultz (1963) and Becker (1964).
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theory (Romer, 1986, 1990). Particularly, it was Lucas (1988) that explicitly
formulated a version of the endogenous growth model, which recognizes human
capital as the engine of growth and technological change. He considered two
types of human capital accumulation: (i) through schooling and (ii) through
learning-by-doing. There is empirical evidence from the firm-level studies
suggesting the positive association between human capital and innovation
(Andersson and Lööf, 2011). However such evidence is far from being
redundant, which suggests for further studies.
Another firm-specific determinant of innovation that seems to be wellestablished in the nexus between innovation and international trade literature is
the import and export activities of firms. On the one hand, a trade version of
endogenous growth theory has been developed, which predicts that exporters
will be more likely to innovative in principle for three reasons: (i) the
competition in foreign markets forces firms to invest in innovation activities in
order to improve both products and processes and thus stay competitive, (ii) the
learning-by-exporting effect: exporters are more exposed to some knowledge
inputs from customers abroad, which are not available to firms in the domestic
market17, (iii) the scale effect: exporting extends the market and as R&D
investments are largely fixed costs, such investments may be compensated over
a larger sales volume. This helps productivity and provides greater incentive to
invest in R&D and other innovation activities presumably leading to
improvement in innovation (Grossman and Helpman, 1991). On the other hand,
the literature on learning-by-importing provides evidence that firms can learn
from imported products (Acharya and Keller, 2007). Empirical evidence shows
that high-quality imports positively affect the introduction of novel export
products in the importing regions (as an indication for innovativeness of
regions), by helping local firms to exploit the advantages of global specialization

17

Accordingly, the so called Learning-By-Exporting literature has emerged providing (micro)
evidence concerning the higher productivity (not innovation) due to prior export behavior
(Castellani, 2002).
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(Andersson et al, 2012). Moreover, it is also shown that among the firms who
engage in international trade, those who engage in both import and export (i.e.
two-way traders) perform better in their innovation output compared with oneway traders (Andersson et al., 2008).
The last firm-specific determinant of innovation output to be considered is the
ownership structure of firm, which can be found in the nexus of the innovation
literature and the technology transfer literature. The discussion of ownership
structure is mostly centered on the phenomenon of intra-Multi National
Enterprises knowledge flows. The main idea of this phenomenon is that being
part of a larger group allows for the usage of group resources, which is shown to
be an aid for innovation (Roper et al, 2008). When it comes to the types of
affiliation to a group that matters for innovation, the empirical evidence,
however, seems to be mixed. For instance, affiliation to a domestically owned
multinational enterprise group increases the innovation capacity of small firms
(Andersson and Lööf, 2011). On the other hand, Dachs et al. (2008) found that
foreign ownership is associated with similar levels of innovation input, but
higher levels of innovation output compared to domestic ownership.
3.2.2. Region-specific determinants of Innovation
Firms are located in regions and regions do differ from each other in terms of
providing the supply of fostering factors that enhance the innovation of firms,
such as favorable institutions, infrastructure, and the amount of R&D stock
aggregated in the region. The region-specific factors are important for
innovation of firms located in the regions because they can facilitate the
externalities and knowledge spillovers that occur between firms within a region
(Feldman and Kogler, 2010). Here “regions” act as a context in which firms
operate and innovate within them. Therefore I consider the second category of
innovation determinant to be region-specific determinants. It was Marshall
(1920) that established the foundation for understanding the mechanisms behind
the agglomeration of innovation activities in some specific regions.
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Nevertheless, subsequent studies (re-)recognized the importance of regions as
the source of knowledge creation, in the so-called “new economic geography”
(Krugman, 1991) and later in the so-called “evolutionary economic geography”
(Boschma and Frenken, 2006), hence (implicitly) adding spatial factors as a new
category of innovation determinants18. The importance of regions as the source
of knowledge creation was perhaps recognized explicitly when scholars
observed that innovation activities are clustered geographically in space, even
more than production activities (Feldman, 1994; Audretsch and Feldman,
2004)19. Such recognition subsequently shaped a subfield in economic
geography, the so-called “geography of innovation” (Feldman, 2003; Feldman
and Kogler, 2010). Another stream of literature, so-called regional innovation
system, is developed (mostly among European scholars), who places special
emphasis on the role of institutions, various actors, cultures, infrastructure, and
supporting organizations in the regions for innovation of firms located in those
regions (Cooke, 2001; Asheim and Gertler, 2005). The main reason for
geographically concentrated innovation activities is that innovation is a complex
process which entails exploration of tacit knowledge (Polanyi, 1967). Such
exploration of tacit knowledge is shown to be facilitated by the face-to-face
interaction of economic agents, which in turn would lead to higher learning
opportunities and innovation (Storper and Venables, 2004; Rodríguez-Pose and
Crescenzi, 2008). Accordingly, it is known that talented people (or human
capital), as one of the prominent factor of knowledge production (Lucas, 1988),
are also highly concentrated in urban areas, which in turn facilities their face-toface interaction (Karlsson et al, 2012). Moreover, innovation does not only
depend on the endowment (intensity) of knowledge within the region, but also
on the extent of the knowledge spillovers within the region (Audretsch and

18

Based on the idea of increasing return, the new economic geography stresses on the role of
regions as market places and also as the manifestation of specialization advantages (Karlsson and
Stough, 2002).
19
This view somehow challenges Friedman’s view of the “flat world” (Friedman, 2005).
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Feldman, 2004)20. Such knowledge spillovers have been shown to be
geographically bounded within the regions (Jaffe et al, 1993). In Sweden, such
knowledge spillovers are shown to be bounded within “functional regions”21
(Andersson and Karlsson, 2007). This is because of the fact that functional
regions differ from each other in terms of their production of and access to
knowledge (Karlsson and Johansson, 2006). In particular, it is argued that
functional regions differ from each other in terms of the opportunities that they
provide for innovation, due to the variation in their supply and demand
conditions (Karlsson et al., 2009). In terms of demand, larger functional regions
provide larger home market and higher access to markets compared with smaller
regions. This simply means larger functional regions provide better purchasing
power, which benefits the innovative behavior of the firms located there. In
terms of supply, larger functional regions usually provide richer suppliers, better
infrastructures, institutions, and business climate. Therefore it is reasonable to
consider the regions (in particular functional regions) as a context that provides
some forms of determinants for the innovation output of firms22.
When it comes to intensity of knowledge within the region, the amount of
corporate and university R&D intensity is commonly used to proxy for such
knowledge intensity (Sternberg and Arndt, 2001). This is in line with a steam of
literature which recognizes the accessibility of firms to regional corporate R&D,
university R&D, and business services to be crucial for innovation (Feldman,

20

Among other things, the concept of knowledge spillover solved the paradox of small innovative
firms without formal R&D (innovation input). These firms are innovative because a knowledge
spillover from larger incumbent firms in the region, who may not appropriate totally their
investment in knowledge production (innovation input).
21
Functional regions are delimited based upon the spatial interaction patterns of the economic
agents in a country. A functional region is fundamentally characterized by its size, its density of
economic activities, social opportunities and interaction options, and the frequency of spatial
interaction between the actors within the region. The Swedish Development Agency (NUTEK) has
divided Sweden into 81 functional regions, each composed of several municipalities (NUTEK,
2005).
22
It is worth noting that apart from geographical proximity as an enhancing factor for knowledge
spillover, recent studies recognized other types of proximity for that matter, e.g. cognitive and
organizational proximities (Boschma, 2005; Feldman et al, 2013).
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1994; Feldman and Florida, 1994; Gråsjö, 2006). Accordingly, an empirical
literature has emerged which tests the knowledge production function at the
aggregate regional level, i.e. the so-called Regional Knowledge Production
Function

(RKPF)

framework

(Jaffe,

1989;

Feldman,

1994).

Such

operationalization was a translation of the originally developed firm-level
knowledge production function (by Griliches, as noted earlier) into the regional
level (Audretsch and Feldman, 2004). The RKPF framework acknowledged that
externalities and knowledge spillovers exist (Jaffe, 1989) and endogenized it by
incorporating geography into the analyses of innovation. Moreover, the intensity
of regional knowledge may not only increase by internal knowledge sources
within the region (e.g. regional R&D intensity), but also it may be brought into
the region from outside through interregional, international, and other trade
networks (Keller, 2004). At the country-level, Coe and Helpman (1995)
conclude that a country’s productivity not only depends on its own stock of
R&D intensity, but also on its trading partners’ R&D intensity. Such a countrylevel finding could be safely translated to regions. Indeed it is argued that the
regional studies of innovation determinants (such as RKPF framework studies)
have under-emphasized the importance of wider extra-local networks of
knowledge sources (MacKinnon et al. , 2002).
Apart from the intensity of knowledge in the region, the above mentioned
literature points out to the “knowledge spillovers” from one agent to another
occurring in the region which may facilitate innovation (Anselin et al., 1997). It
is further argued that to facilitate knowledge spillovers, there needs to be some
sort of cognitive proximity or complementarity between firms, thus leading to
higher learning opportunities and innovation among agents (Nooteboom, 2000).
Such an argument is well-rooted in the Jacobian tradition, where the importance
of “variety” in the regions (cities) is emphasized (Jacobs, 1969; Glaeser et al.,
1992). An important contribution has been a distinction, made by evolutionary
economic geographers, between related and unrelated variety of technological
knowledge, where related variety measures the extent of variety of related
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industries and unrelated variety measures the extent of variety of unrelated
industries in a given region (Frenken et al., 2007)23. Accordingly, empirical
studies have examined the effects of such varieties on regional performance,
mostly measured as productivity and employment growth, and have found a
positive effect, specifically concerning related variety (Frenken et al., 2007;
Boschma et al., 2012)24. Another factor that may facilitate the knowledge
spillover and hence innovation is the density of regions, which is shown to have
positive effect on productivity (Ciccone and Hall, 1996) and innovation
(Feldman, 1994). Paper 2 of this dissertation explicitly operationalizes various
determinants of innovation (both the intensity and the variety aspect) at the
regional level and analyzes their effects on regional innovation performance,
which in turn affects the innovation of firms located on those regions.
3.2.3. Industry-specific determinants of Innovation
Firms belong to industries and industries do differ from each other in terms of
the dominant pattern of their innovation and technological opportunities that
underline the industries. Moreover, industries go through the life cycles and even
within a given industry, the innovative behavior of a given firm differs based on
the different stage of the life cycle of the industry. Here “industry” acts as a
context in which firms operate and innovate within them. Therefore, I consider
the third and last set of innovation determinants as to be industry-specific
determinants. This set of determinants seeks to answer the question of why
industries differ in the degree to which they engage in innovative activities, and,
hence why the firms that belong to those differentiated industries differ in terms
of innovative behaviors (Cohen, 2010). In other words, this set of determinants
23

There are other studies that stress the importance of learning from similar agents in the
geographical proximity (although not explicitly evolutionary in essence). For instance, Baptista
and Swann (1998) find that a firm is significantly more likely to innovate if own-sector
employment in its home region is strong.
24
Such discussion of variety can be traced back to Jane Jacob (1969)’s writings which have been
renewed in the literature with the hot topic of diversification vs. specialization (Glaeser et al,
1992).
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deals with the broader context in which firms operate and innovate (Dosi,
1988b). Indeed, the empirical findings that variables like R&D intensity, capital
intensity, and advertising intensity differ significantly across industries were at
the very origin of the birth of industrial economics as a field (Dosi and Nelson,
2010). Pavitt (1984) was one of the first who classify the industries (sectors)
based on their innovation patterns, using data on about 2000 significant
innovations in Britain since 1945. He identifies four types of industries: (i)
supplier dominated sectors, e.g. textile and service industries, in which new
technologies and innovation are embodied in new equipment and machinery and
the innovation diffusion mostly occurs through learning-by-doing, (ii) scaleintensive sectors, e.g. steel and autos, in which process innovation is the
dominant type of innovation and it originated from both the internal R&D
investments and external producers of equipment, (iii) specialized suppliers
sectors, e.g. machinery and instruments, in which source of innovation is the
internal and tacit knowledge of skilled workers and also external user-producer
interactions, and finally (iv) science based sectors, e.g., electronics and
pharmaceuticals, in which science is the source of innovation, which is
generated through university and corporate R&D investments. Each of these
types of industries are argued to have different sources of innovation, different
pattern in terms of being dominated by small or large firms, characterized by
different types of innovation, and different possibilities for appropriation. Such a
sectoral taxonomy paved the way for a stream of literature the so-called
technological regime and sectoral innovation system, arguing how and why
innovation differs across sectors (Malerba and Orsenigo, 1997; Malerba, 2005).
This literature mainly refers to the evolutionary prespective of learning and
knowledge environment in which firms operate, which is notably industryspecific (Nelson and Winter, 1982). The related concept of Industry Life Cycle
has been also embraced by scholars in evolutionary economic geography (e.g.
Boschma and Wenting, 2007), which is well-rooted in the idea that industries

29

experience different stages of evolution and each stage has its own chractrestics
that in turn influnce the innovative behaviour of firms (Klepper, 1997).
Empirical studies usually measure three variables as the industry-specific
determinants, i.e. (product) market demand, technological opportunity, and
appropriability conditions (Pakes and Schankerman, 1984). It is shown that
those industries that have higher market demand, higher technological
opportunity, and higher appropriability for innovation, positively enhance the
innovative behavior of their incumbent firms (for a survey see Cohen, 2010).
However, operationalization and data availability of above three classes of
industry-specific determinants has not been an easy task so far (Cohen, 2010).
Moreover, new evidence suggests that industries do not account for the
considerable fraction of variance observed in firm’s innovation strategy, instead,
considerable heterogeneity is observed in firms’ innovation within the same
industry (Srholec and Verspagen, 2012). An alternative way is to seek the firmand regional-determinants of innovation in each stage of industry life cycle
(Klepper, 1997; Audretsch and Feldman, 1996). This will shed light on industryspecific determinants because, according to the technological regime literature,
the industry life cycle indeed embodies the fact that each stage is different from
other stages in terms of market demand, technological opportunity, and
appropriability conditions (Malerba and Orsenigo, 1997; Malerba, 2005). Such
argument of technological regime literature is well-rooted in Schumpeter Mark I
versus Mark II arguments (Malerba and Orsenigo, 1997). This strategy is
persued in paper 1 in order to take into account the industry-specific
determinants.

3.3. Effect of Innovation on Performances
As discussed in Section 3.2, there are various determinants of the innovation
output of firms. It is a well-known fact that modern industrialized countries
devote a considerable share of their income and labor to innovation
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determinants, such as R&D related activities (among others Dosi, 1988b). But
why they do that? A recent survey by Cohen (2010) on fifty years of innovation
studies concludes that the ability of firms, industries, or nations to make
technological progress (innovation) indeed underpins their long-run economic
growth. Such recognition of the important effect of technological change on
long-run economic growth can be found explicitly in at least two streams of
literature: (i) the neo-classical growth models (Solow, 1956; Denison, 1962;
Romer, 1986; Lucas, 1988) and (ii) the evolutionary growth models (Nelson and
Winter, 1982; Dosi and Nelson, 1994). These two schools of thought have
managed to embrace several principles of each other over time, while still they
have retained some differences (Verspagen, 2005). I will soon discuss this issue
briefly. Nevertheless, in the following, I will pursue the line of neo-classical
theorizing, since it provides relatively more formal modeling of growth
(Verspagen, 2005), while evolutionary models are more dominated by dealing
with how technological innovation drive the evolution of industry (Dosi and
Nelson, 2010). The neo-classical growth models can be traced back at least to
Solow’s growth model (Solow, 1956; 1957)25. A Solow-type growth model,
which explains the macro-level growth model of an economy, can be formulated
as follows:
(2)
Where PERFORMANCE is the country’s output such as GNP26. It is a function
of the capital accumulation (C), labor (L), and the increase in multifactor
productivity or technological change (A). This model indeed attributed the long-

25

This part provides only a brief review on the development of growth models (in neo-classical
tradition) and how these models have incorporated the effect of technological change
(innovation) on growth models. A detailed survey and review is available for example in
Verspagen (1992, 2005).
26
Gross National Product
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run growth in performance of an economy to technological change (A)27.
However, Solow’s model considered technological change as exogenously
provided public goods, meaning that each individual firm is free to exploit the
entire stock of technological change. Rooted in Schmookler (1966)’s emphasize
on the role of demand, Paul Romer’s model of “endogenous growth theory”,
instead, argued that technological change (innovation) is indeed the outcome of
firm’s purposeful and profit-maximizing behavior (Romer, 1986; 1990).
Accordingly, the general formulation for endogenous growth theory is as
follows:
(3)
Where

can be interpreted as some form of performance

output of firm i, which is the function of capital stock ( ), labor ( ), and the
result of the purposeful and profit-maximizing behavior of firms (such as
investment in R&D or human capital) in response to market incentives ( ). This
indeed can be interpreted as “innovation”. The output of firm i is also the
function of aggregate level of technology in the economy (A), as in Solow-type
models. It could be the sum of

(as in Romer, 1986) or can be the average

level of human capital in the economy (as in Lucas, 1988). In either way, A can
be seen as the aggregated stock of knowledge in the economy, because the
knowledge generated within firm i cannot be patented perfectly, instead, it
spillovers to others. Such spillover effect (existence of externalities) allows for
the presence of increasing returns to scale in the aggregate production function
of endogenous models. The presence of increasing returns means that if a firm
increases its input factors (including innovation as an input factor), the input of
other firms will also increase, thus leading to a more than proportionate increase
in the aggregate output. In this way, Romer (and others) not only maintained the
27

Following Solow’s model, growth accounting models became popular in the 1960s and 1970s,
where the aim was to disentangle the sources of the technological change presented in Solow’s
model (Denison, 1962).
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externalities and spillover of knowledge28, but also endogenized the
technological change (innovation) within the growth model by attributing it to be
the result of the purposeful and profit-maximizing behavior of firms, i.e. the
result of investing in R&D, which can be labeled as innovation.
There are two flavors of endogenous growth models that explain how
innovation leads to growth. The first one is the so-called “horizontal
differentiation” of products (Romer, 1990), where successful innovation
provides the innovating firm a new variety of capital goods that will be
demanded by producers of consumption good continually, which, however
should compete with all other varieties in the past and the future. This means
that the varieties of goods do not vanish from the market, rather they are
substituted. The substitutions between varieties of goods are governed by a
utility or production function, depending whether innovation occurs in consumer
goods (product innovation) or capital goods (process innovation). The second
flavors of endogenous growth models is the so-called “vertical differentiation”
of products (Aghion and Howitt, 1992), where innovation consists of a new
intermediate good that can be used to produce final consumer goods more
efficiently than before. Such innovation provides the innovating firm with a
temporary monopoly of supplying the best-practice capital goods to be used for
production of consumption goods (process innovation). Innovation provides the
innovating firms with a temporary monopoly, because such a monopoly vanishes
as soon as another firm makes an innovation. In both flavors of the endogenous
growth models, R&D investment is a lottery for firms and the prize of such

28

Endogenous growth theory acknowledges the existence of knowledge spillover. However, it
assumes that knowledge may spillover freely (and without cost). This was criticized in the
subsequent literature by pointing out that knowledge spillover should not be taken into granted,
as it does not automatically spill overs. There are several factors that constrain the automatic
flow of knowledge and the sum total of these factors is referred to the “knowledge filter” (Acs et
al, 2009). Hence, for the knowledge to be effectively spillover and eventually lead to economic
growth (e.g. job creation), there is a need for some sort of mechanism (conduit) of knowledge
spillover, e.g. entrepreneurship.
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lottery is successful innovation, which eventually leads to growth (Verspagen,
2005).
Romer (1990) provides at least two distinct explanations of why innovation
(specially process innovation) leads to higher productivity: (i) technological
change, i.e. improvement in the instructions for mixing together raw materials,
provides the incentive for continued capital and knowledge accumulation, which
in turn leads to an increase in labor productivity and (ii) a new set of instructions
for workers requires some fixed costs but later on such instructions can be used
over and over again, which eventually lead to lower costs of production, and
again an increase in labor productivity.
Moreover, the neo-classical endogenous growth theory managed to embrace
several principles of “evolutionary theory” concerning technological progress
and growth (Heertje, 1994; Verspagen, 2005). This includes at least two
promises: (i) it acknowledged that R&D and technological progress are
principally stochastic phenomena (although disagreement on the weak versus
strong uncertainty of innovation processes still remains between the two
schools) (ii) the existence of knowledge spillovers between agents (firms) are
explicitly taken into account (Verspagen, 2005).
Endogenous growth theory was an explicit formulation of the effect of
investments in knowledge (leading to innovation) by firms on the performance of
the economy. This indeed paved the way for a stream of empirical literature
dealing with the effects of innovation on various firm performance indicators in
the past 20 years. This stream of literature provides rich empirical evidence
thanks to the availability of micro-data. It is also worth noting that even before
the emergence of endogenous growth theory, a stream of literature dating back
to the 1960s, the so-called Knowledge Production Function (KPF), paved the
way for empirical tests of the effects of technological change (innovation) on the
productivity and other firm performances at the firm-level (Griliches, 1963,
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1973, 1979; Griliches and Mairesse, 1984)29. The commonly used firm
performance indicators are sales (Crepon et al., 1998, Lööf and Heshmati, 2006;
Andersson et al., 2012), productivity (Griliches, 1979; Crepon et al, 1998; Lööf
and Heshmati, 2006), employment (Pianta, 2005; Lööf and Heshmati, 2006;
Harrison et al, 2008; Lachenmaier and Rottmann, 2011), and exports (Wakelin,
1998; Andersson et al., 2012; Becker and Egger, 2013).
Productivity is probably one of the main firm performances that attract the
attention of economics scholars. As noted earlier, a stream of literature, the socalled Knowledge Production Function (KPF), attempted to empirically test the
effect of technological change (innovation) on firm-level productivity (Griliches,
1963, 1973, 1979). However, most of these studies used R&D investment as the
measure of innovation, while it is argued elsewhere that R&D (and other
innovation related investments) works best as part of the innovation input (not
the actual innovation output) and it is not even necessarily the most important
innovation input (Smith, 2005). Therefore, although scholars have been
concerned with examining the effects of innovation on the productivity of firms,
since at least the 1960s, the lack of availability of data on actual innovation
output provided the burden for precise empirical evidence until recently.
Apart from productivity as a measure of firm performance, innovation studies
have analyzed the effect of innovation on other firm’s performances such as
sales, employment growth, and export behavior (as noted earlier). The effect of
innovation on export behavior seems to be particularly interesting, since it is the
nexus between the innovation studies and the international trade literature.
Innovation (especially product innovation) is an essential factor for successful
market entry (in general) in models of creative destruction and Schumpeterian
growth. Apart from general market entry, several theoretical models predict that
innovation is important particularly for international market entry, i.e. export

29

Subsequently, there have been advancements in econometrics modeling of the original KPF by
taking into account various sources of endogeneity, such as selectivity and simultaneity biases
(Crepon, Duguet, Mairesse, 1998).
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market entry. Traditionally these models were developed at the macro-level and
could be categorized into two groups. First, the technology gap and productcycle models (PLC) of international trade predict that innovation is the driving
force for exports of industrialized countries (Posner, 1961; Vernon, 1966;
Hirsch, 1967; Krugman, 1979). The basic prediction of these models is that
developed countries export innovative goods, which are later imitated by
developing countries as these goods become standardized and mature.
Eventually developing countries will export these goods to the developed
countries, as the product becomes mature. For developed countries to keep up
their exports (and incomes), they must persistently innovate. The more they
innovate, the larger are their exports30. Second, as noted in Section 3.2.1, the
trade models of endogenous growth theory has been developed, which actually
recognized the reverse direction of the effect: exporters will be more likely to
innovate in principle, inter alia, because the competition in foreign markets
forces firms to invest in innovation activities in order to improve both products
and processes and hence remain competitive (Grossman and Helpman, 1991).
More recently, the micro-level models are developed, which predict the positive
effect of innovation on export performance of firms (Melitz, 2003; Bustos,
2011). Subsequent empirical evidences in various countries confirm such
predictions (Wakelin 1998; Basile, 2001; Roper and Love, 2002; Becker and
Egger, 2013). However, these empirical studies are far from being redundant yet
and most of them considered innovation input rather than actual innovation
output in their analyses. This will be taken up in paper 3 of this dissertation.
The effect of innovation is also studied on the performance of regions in some
related field, i.e. regional economics and economic geography. Once again, here
regions act as a context that firms belong to, operate, and innovate. The
theoretical modeling of the effect of innovation on regional performances could
30

The original PLC model was developed in the international context (Vernon, 1966; Hirsch,
1967). Later, Rees (1979) provides evidence of PLC model at a regional level, addressing the
regional shifts in American manufacturing through PLC model and technological change
(innovation), i.e. effect of innovation on regional shift of manufacturing.
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be attributed to the regional endogenous growth model (Romer, 1994; Karlsson
et al, 2009). A typical regional performance is the growth in GDP per capita
(Rodríguez‐Pose, 1999)31. Another regional performance indicator, which is
considered in this dissertation, is the success of regional clusters (Gordon and
McCann, 2000). The success of cluster is a plausible indicator for regional
performance, since it triggers higher employment and also wages in the region
(Porter, 2003). After Alfred Marshall’s seminal work on clusters and
agglomerations (Marshall, 1920), the cluster literature has been re-juvenilized in
the field of regional economics and economic geography in the late 1980s and
the early 1990s, by introducing several related concepts, such as innovative
milieux (Aydalot, 1986), industrial districts (Brusco, 1990), clusters (Gordon
and McCann, 2000), and regional innovation systems (Cooke, 2001). Within this
literature, the explicit attempt to relate spatial clustering to the process of firm’s
innovation can be dated back to the notion of “innovative milieux” (Aydalot,
1986). Thereafter, a consensus has emerged in the literature about the vital role
of innovation (and spin-offs due to innovation) on the successful performance of
regional clusters (Iammarino and McCann, 2006; Klepper, 2010)32.
However, it is known that clusters are not static phenomena and instead they
normally experience an evolution, i.e. the notion of cluster life cycle (Brenner,
2004; Press, 2006; Bergman, 2008; Menzel and Fornahl, 2010). Moreover, it is
shown that the factors that contribute to the growth of cluster may not be the
same as the factors that contribute to sustain the cluster (Bresnahan et al, 2001;
Karlsson, 2008). However, the emprical studies that acknowledge the relative
importance of success factors of clusters (e.g. innovation) across the evolution of
cluster is still rare (Boschma and Fornahl, 2011; Brenner and Schlump, 2011). I
have explicitely taken up this gap in paper 4 of this dissertation: not only the
31

However, most of these studies used R&D related measures (which is the input to innovation
as argued earlier) as the measure of innovation.
32
Apart from the studies that analyzed the effect of innovation on cluster performance, another
stream of cluster literature analyzed the reverse: the effect of clustering on innovation
performance of firm or region (Baptista and Swann, 1998; Cook et al, 2012; Rodríguez-Pose and
Comptour, 2012).

37

effect of innovation is analyzed concerning the cluster’s success in the case of
the Linköping ICT33 cluster, but also the relative importance of innovation is
distingueshed based on the stage of the cluster life cycle34.

4. The summary,
dissertation

contribution,

and

scope

of

the

In this last section of the introductory chapter, I provide summary of the four
papers in this dissertation (Section 4.1), the contribution of this dissertation for
research field, firms, and policymakers (Section 4.2), and eventually delimit
myself in the scope of this dissertation (Section 4.3).

4.1. The summary of the dissertation
As reviewed above, two distinctive avenues of the innovation studies are (i)
which factors (firm-, regional-, and industry-specific) induce a firm to innovate
and (ii) what is the effect of innovation on firm performance. I tackled both
avenues in this dissertation in the following way: out of four papers of this
dissertation, two of them deal with innovation determinants (one at the firm- and
one at the regional-level) and two of them on the effect of innovation on
economy (one at the firm- and one at the regional-level).
The first paper analyzes the effect of various firm-specific characteristics on
firms’ innovation output. In addition, this paper explicitly acknowledges the
context in which firms operate and innovate (i.e. the Industry Life Cycle) and
highlights the varying effects (relative importance) of firm-specific determinants
on innovation output across various stages of the Industry Life Cycle (ILC).
Using the CIS data for both manufacturing and service sectors in Sweden during
2002-2004, I find that the relative importance of the determinants of firms’
innovation propensity and intensity indeed differs based on the stages of ILC.
33

ICT: Information and Communication Technology
Beside innovation as a determinant of success of cluster, paper 4 also considers fourteen more
determinants (so called in the paper Critical Success factors).
34
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Innovation Input (investments in six types of innovation activities) is the most
important determinant to explain the innovation intensity of firms in growing
industries (compared with the firms in other stages of ILC). Size and human
capital are the most influential determinants of innovation propensity for the
firms in mature industries. Engagement in networks of international trade is the
most influential determinant of innovation propensity for firms in the declining
industries. All in all, the findings of this paper may provide fruitful insights for
firms to define their innovation strategy contingently in line with the evolution
stage of the industry in which they are operating and innovating.
The second paper is again dealing with determinants of innovation, but this
time incorporates another context that affect the innovation, i.e. regions to which
firms belong. It analyzes the role of region-specific determinates (both in terms
of intensity and variety) on regional innovation, measured as patent
applications35. In addition, both internal and external source of knowledge to the
region are considered as the region-specific determinants of innovation. When it
comes to the variety aspect of knowledge as determinants of innovation,
particular attention is devoted to related and unrelated variety of knowledge in
the region. Using the patent applications data over all functional regions in
Sweden during 2002-2007, this paper finds that both internal knowledge
(generated within the region) and the inflow of external knowledge (brought into
the region from outside) matter for innovation of firms located in the regions.
Regional Knowledge Production Function (RKPF) framework only has
incorporated the internal knowledge generated within the regions and
international trade literature only has incorporated the external knowledge
brought into the regions from outside. By bringing together these two sources of
knowledge generation (i.e. innovation determinants) at the regional level, this
35

The level of analysis in this paper is regions. Alternatively, I could have chosen firm as the unit
of analysis and insert regional variables to the regression analysis. This alternative way of
choosing the unit of analysis, however, turns out to be not effective to reflect the importance of
region-specific factors, because of low variation of regional-variable when the unit of analysis is
firm. Hence, I use the aggregated unit of analysis, i.e. regions.
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paper contributes to both streams of literature. Moreover, a superior role of
related variety of knowledge for higher regional innovation is evident in this
paper, which triggers the policies in favor of regional diversification, in
particular, Constructing Regional Advantage (CRA) policy (Boschma, 2013).
The third paper deals with the effect of firm’s innovation output on firm’s
performance. Export behavior of firms is chosen as the indicator of performance.
Particular attention is devoted to distinguish between innovation input and
innovation output and to isolate their separate effects on export behavior of
firms. Using two waves of CIS data for manufacturing sector in Sweden during
2002-2006, I find that what really matters for enhancing the export behavior of
firms is the innovation output of firms, rather than the innovation input (mere
efforts in investing in innovation activities). This triggers the attention, once
again, to the efficiency of innovation systems, i.e. mitigating the classic Swedish
Paradox (Edquist and McKelvey, 1998)36.
The last (fourth) paper is again analyzing the effect of innovation on some
performance measure but this time incorporating another context that innovation
happens, i.e. life cycle of the regional cluster to which firms belong. This paper
digs into the particular cluster of Linköping ICT cluster because already in the
paper 2 this region stands out as one of the highest regions in terms of patent
applications and also in terms of favorable region-specific factors for
innovation37. This last paper analyzes the role of innovation aggregated in the
region (plus fourteen other regional factors) on the success of the cluster (as a
regional performance indicator) in this region. As noted earlier, this paper
36

It is worth noting that recent studies suggest that there is no such an issue to be called as a
“paradox”. For instance, Ejermo and Kander (2009) disentangled four links on the long journey
from R&D investments to economic growth: (i) R&D to inventions (ii) inventions to innovations
(iii) innovations to high-tech productions and (iv) high-tech productions to economic growth.
They pointed out that it is normal that each links faces some inefficiency and it is not a paradox.
Nevertheless, what I am referring here is the importance of improving the link (i) and (ii).
Specifically, when it comes to link (ii), it could be improved through academic entrepreneurship
as well as entrepreneurship in general.
37
The functional region Linköping outperforms in terms of innovation alongside the expected
three Swedish metropolitan areas (i.e. Stockholm, Gothenburg, and Malmö).
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explicitly acknowledges the dynamics of cluster evolution (i.e. the Cluster Life
Cycle) and distinguishes the varying effect of innovation on the success of the
cluster across various stages of its life cycle. Using the data collected through
interview during 2009 and 2012 with key actors of the cluster, this paper finds
that innovation is among the factors that are always highly important in any
given stage of the cluster life cycle, however, even with slightly greater
importance in the “growing” stage of cluster evolution.
This dissertation tries to be comprehensive in several ways. First, in terms of
methodological tools, it employs both quantitative tools (paper 1, 2, and 3) and
qualitative tools (paper 4) to analyze the determinants and effects of innovation.
Such a complementary use of quantitative and qualitative tools is argued to be
fruitful to enhance the better understanding of the phenomenon at hand, i.e.
innovation (Bryman, 2006). Second, in terms of the level of analysis, it
encompasses both firm-level (paper 1 and 3) and regional-level studies (paper 2
and 4). Such a use of various levels of aggregation provides further better
understanding of the phenomenon at hand. Third, when it comes to measuring
innovation, it uses several alternative measures, i.e. innovative sales from CIS
data (paper 1 and 3)38, patent application (paper 2), and expert-based opinion
through interview (paper 4). Such a use of alternative measure of the
phenomenon at hand (innovation) is necessary, as there is no perfect measure of
innovation available at the moment and each of them has weaknesses (with
different degree) (Kleinknecht et al, 2002; Smith, 2005). Fourth, this dissertation
is a nexus between several related disciplines and borrows arguments and
theories from each of them in order to provide a better understanding about the
phenomenon at hand. The dissertation explicitly borrows arguments from
industrial economics (all papers), evolutionary economic geography (paper 1, 2,
and 4), regional economics (paper 2 and 4), international trade (paper 1, 2, and

38

In this measure, only product innovation is taken into account because of richer availability of
data on this specific type of innovation.
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4), and technology transfer literature (paper 1 and 3). The summary of all papers
in this dissertation is documented in Table 1.
Table 1. The summary of the papers included in the dissertation
Paper 1

Paper 2

Paper 3

Paper 4

Effect of
innovation (and 14
other factors) on
regional
performance
(cluster’s success)

What?

Firm-level
determinants of
innovation

Regional-level
determinants of
innovation

Effect of
innovation on
firm performance
(export)

Main
argument

Context (industry
evolution) matters
for innovation

Context (region)
matters for
innovation

Distinguishing
between the effect
of innovation
input and output

Context (cluster
evolution) matters
for the effect of
innovation

Technological
regime,
international
trade, EEGa
(ILCb), KPFc

Geography of
innovation
(RKPFd),
international
trade, EEG

neoSchumpeterian,
International trade

Agglomeration
economies, CLCe,
EEG

Theory

Unit of
analysis

Firm
(a sample of
manufacturing &
service)

Region
(all functional regions)

Firm

Case study

(a sample of
manufacturing)

(a regional cluster)

Quantitative

Quantitative

Quantitative

Qualitative

(Heckman regression)

(NB regression)

(2SLS regression)

(interview)

Sales due to
innovative
products

Patent
applications

Sales due to
innovative
products

Expert views

Main
finding

Firm-level
determinants have
different relative
importance for
innovation based
on stages of ILC

Related variety of
knowledge in
regions enhance
the innovation

Innovation output
matters for export
of firms, not
innovation input

Status

Published in
Technological
Forecasting &
Social Change

Published in
Small Business
Economics

Under review in
Oxford Economic
Papers

Method

Innovation
Measure

Innovation (and 14
other success factors)
have different
relative
importance based
on stages of CLC
Published in
Environment &
Planning A

Notes: a EEG: Evolutionary Economic Geography, b ILC: Industry Life Cycle, c KPF: Knowledge Production
Function, d RKPF: Regional Knowledge Production Function, e CLC: Cluster Life Cycle
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4.2. The contributions of the dissertation
This dissertation contributes to the research on innovation studies, helps
innovating firms for better understanding of their innovation strategy, and
provides insights for policymakers aiming to promote innovative capabilities of
regions. When it comes to contribution to the research field, this dissertation
contributes to the research on innovation studies in the four following ways:
(i) Taking into account the stage of industry life cycle in which innovation
determinants influence the innovation output of firm, i.e. evolution of industry as
a context:
While there has been rich body of studies on the firm-level determinants of
innovation, the context in which such innovation determinants affect innovation
output of firms are mostly ignored. The stage of Industry Life Cycle in which
firms operate and innovate is chosen as a context in which innovation happen.
Doing so, paper 1 in this dissertation shows that the firm-level determinants of
innovation should not be treated equally important for firms operating in
different stage of Industry Life Cycle. This contributes to innovation studies,
particularly to neo-Schumpeterian and technological regime literature.
(ii) Taking into account the importance of the composition of knowledge within
and outside the regions affecting the innovation of regions (and obviously firms
within those regions), i.e. region as a context:
The emerging field of geography of innovation has dealt with the regional
determinants of innovation of regions, including the importance of knowledge
spillover as one of the prominent determinant. The findings of paper 2 in this
dissertation advance the measurement of the proxy for knowledge spillover by
borrowing empirical tools from evolutionary economic geography. Moreover,
international trade network as the additional determinants of innovation of
region is added to further advance the geography of innovation as a field.
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(iii) Distinguishing between the effect of innovation input and innovation output
on the performance of firms:
The effects of innovation on various firm performances are extensively studied,
such as on export performance of firms. However, the innovation input and
innovation output are usually used interchangeably in empirical setting, mainly
because of the lack of data to distinguish between them. The paper 3 in this
dissertation tackles this issue, thanks to merging the interesting datasets coming
from survey data and registered data. It turns out that such a distinction between
the effect of innovation input and innovation output provides important insight
for the actual effect of innovation on export behavior of firms. Such insight
contributes to a better understanding of innovation’s effect in the nexus of
innovation studies and international trade literature.
(iv) Taking into account the evolution of regional cluster in which innovation
affects the performance of regions, i.e. evolution of regional cluster as a context:
There are rich evidences showing the positive effect of innovation on the
performance of regions, such as the success of industrial clusters. However,
there are still few studies that take into account the evolution of regions (more
specifically regional clusters) as a context which can influence the positive
relation between innovation and regional performance. This is despite the fact
that rigorous theories are developed supporting the existence of Cluster Life
Cycle as the evolutionary pattern of regions. Developing an operational tool to
segment a success regional cluster in ICT sector (as a case study), paper 4 in this
dissertation shows that innovation is always important for success of regional
cluster, but not equally important across various stages of Cluster Life Cycle. In
addition to innovation, this dissertation identified fourteen more determinants
(Critical Success Factors) contributing the success of ICT clusters. Such insight
contributes to the field of regional economics and evolutionary economic
geography, particularly for those scholars who are interested in ICT clusters, as
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well as those scholars who are interested in an operational tool (borrowed from
evolutionary economic geographers) for segmenting the stages of cluster life
cycle.
When it comes to the contribution of this dissertation for firms, the findings in
paper 1 provides insights for firms to define their innovation strategy
contingently in line with the evolution stage of the industry in which they are
operating and innovating, and not only with a myopia of micro dynamics of their
own enterprises. Moreover, the findings in paper 3 shows that if a given firm
wants to enter the export market or improve the intensity of its export, it is not
sufficient to intensify its innovative efforts by investing in various innovation
inputs, such as R&D investment or training of its employee. What ultimately
matters for improving the export behavior of firm is the successful
commercialization of its new products, i.e. innovation output.
When it comes to contribution of this dissertation for policy makers, the findings
in paper 2 suggest that in order to improve the innovation of firms located in
regions, both the internal knowledge generated within the region (e.g. the
intensity of R&D investment in the region) and also the external knowledge
brought into the region (e.g. through trade networks) matters. Moreover,
considering either of these two intra/extra-regional sources of knowledge and
innovation, both aspects of intensity and variety of knowledge also matters, with
superior role of related variety of the knowledge. This means that having related
industries within a region enhances the regional innovation (because of
knowledge spillover occurring between those related industries). What
policymakers may do is to look at the past, identify the potential sectors that
could have contributed to the related variety portfolio of a given region (but they
never came to the region yet), and eventually remove the possible bottlenecks
that have resisted the entry of those related sectors to the region. In this way,
policymakers may help the regions to develop the related variety type of
portfolio, however, in the long run. Such a policy can be a complementary one
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beside the classic policy of increasing the R&D intensity of the regions. That is
having both intensity and variety in mind as complementing each other in order
to have a higher innovation in the regions. Moreover, the finding in paper 3
shows that it is important to distinguish between innovation input and innovation
output. This is currently ignored in the annual Innovation Union Scoreboard
reports, where all the input and output indicators are aggregated to one single
index. Such ignorance may lead to overestimation of innovation of nations, for
instance in Sweden. Moreover, the findings in paper 4 shows that ICT clusters
could grow, and ultimately become successful, in less than perfect conditions, or
that at least not all Critical Success Factors (CSFs) are equally important
throughout a cluster’s evolution for its ultimate success. This raises further
implications for specific CSFs; for example, during the birth of an ICT cluster
the focus should be on both attracting the giant firms as well as developing
incubators in order to nurturing start-ups and spin-offs, while in later stages
increased attention should be placed on developing the brand name for ICT
clusters.

4.3. The scope of the dissertation and suggestions for future
research
In the end, it should be acknowledged that the determinants-to-innovation-toeffect picture, which is portrayed in this dissertation, is not a one-way linear
path. Rather, it has arguably loops, i.e. an effect of innovation on firm
performances may be a determinant of innovation itself. In this dissertation I
partly consider such loops. For instance, on the one hand firm’s export is
explicitly considered to be one of the firm-level determinants of innovation in
paper 1. On the other hand, the effect of innovation on firm’s export is the
subject of paper 3. Nevertheless, considering all the possible loops going from
the effects to determinants are beyond the scope of this dissertation. Such
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consideration could be pursued in future research by, inter alia, the Complex
Adoptive System perspectives (Beinhocker, 2006).
More on suggestions for future research, I have explicitly raised specific
suggestions at the end of the following papers in this dissertation, correspondent
to each of the papers. One general area of further research that I want to raise
here is the exploitation of newly available measures of innovation. The number
of new product announcement is recently collected for Sweden which covers the
period 1970 to 2007 (Sjöö et al., 2014). This database, called SWINNO,
provides an attractive direct measure of innovation over a long period of time.
This database can trigger interesting future research on both determinants and
effect side of innovation as well as analyzing the dynamics of the supply-chain
of the innovation process over time.
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Abstract
This paper analyzes how the influence of firm-level innovation determinants
varies over the industry life cycle. Two sets of determinants are distinguished:
(1) determinants of a firm’s innovation propensity, i.e. the likelihood of being
innovative and (2) determinants of its innovation intensity, i.e. innovation sales.
By combining the literature emphasizing firms’ internal resources (micro level)
with the research strand on the role of the industry context (meso-level), the
paper develops hypotheses about the relative importance of firm-level
innovation determinants over the industry life cycle. Estimation of a firm-level
model of innovation in Sweden, while acknowledging the stage of the life cycle
of the industry a firms belongs to, shows that the importance of the determinants
of innovation propensity and intensity are not equal over the stages of an
industry’s life cycle.

Keywords: Determinants of innovation; innovation intensity; innovation
propensity; Industry Life Cycle (ILC); Community Innovation Survey (CIS4)
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1. Introduction
Firms’ innovation efforts and outcomes take place in contexts. One of the
contexts in which innovation happens is provided by the industry in which firms
operate in. A large literature on industry life cycles (ILC) emphasizes that the
stage of the life cycle of the industry in which a firm operates provides an
important context for innovation (Utterback and Abernathy, 1975; Agarwal and
Gort, 1996; Klepper, 1996, 1997)39. Indeed the stage of the ILC is often claimed
to be an important factor influencing the dynamics and behavior of firms,
particularly innovative behavior (Acs and Audretsch, 1987). This is because
different stages of an industry differ in terms of learning opportunities, modes of
competition, and innovation intensity. This has been a recurrent argument in the
evolutionary school of economics (Dosi and Nelson, 1994), and in particular the
literature on technological regimes (Malerba and Orsenigo, 1997). However, one
aspect that is seldom dealt with is if and to what extent the stage of an ILC
influences the relative importance of firm-level innovation determinants40. The
aim of this paper is to fill this gap in the literature.
This paper provides an empirical analysis on how the relative importance of
firm-level innovation determinants varies over the stages of ILC in which firms
operate and innovate. This is done by bringing together micro (firm-level
innovation studies) and meso level arguments (ILC literature) in which
innovation happens, and testing them in a common empirical setting. While this
is rarely done in the literature, it is frequently called for (Nelson and Winter,
1982, p. 206). Apart from such contribution, the paper has a number of
novelties. In particular, it employs firm-level Community Innovation Survey
39

The (product) life cycle concept can be can be traced back at least to the work by (Kuznets,
1929).
40
Several studies address various ‘questions’ concerning innovation through the stages of ILC:
who innovate (Acs and Audretsch, 1987; Audretsch, 1995; Klepper, 1996), how much innovation
(Pouder and John, 1996; Klepper, 1996; McGahan and Silverman, 2001), what mode of
innovation (Gort and Klepper, 1982), and where innovation takes place (Audretsch and Feldman,
1996). The question that this paper is dealing with is what makes innovation, i.e. determinants of
innovation, which seems rare in the literature.
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(CIS) data, allowing for a direct measure of innovation and a distinction between
determinants of innovation propensity (probability of being innovative) and
intensity (innovation sales), respectively. Such distinction is beneficial (at least)
from theoretical point of view (this will be discussed in Section 4). The paper
also adapts various established methods to empirically identify stages of industry
life cycles.
Using firm-level community Innovation Survey (CIS4) data for Sweden, it is
shown that a firm’s innovation investment has the highest explanatory power for
innovation intensity of firms in growing industries. Size, on the other hand, is
more pronounced to explain the likelihood of being innovative for firms in
mature industries. Finally, engagement in international trade appears to be the
most influential determinant for innovation propensity of firms in declining
industries. The analyses provide a better understanding of the significance of
innovation determinants over the ILC, which may lead to a better contingency
approach for firms as well as policy makers with regard to innovation strategy
and policy.
The rest of the paper is organized as follows: Section 2 builds hypotheses
concerning the relative importance of each innovation determinants based on
ILC stages. This is done by describing important innovation determinants briefly
and weaving them together with the specific characteristics of each stages of
ILC. Section 3 develops empirical methods for identification of the stages of the
ILC. Section 4 describes the dataset, presents the firm-level model of innovation,
tests the hypotheses by empirical estimation, and discusses the main results.
Section 5 summarizes, concludes and discusses further research.
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2. Determinants of Innovation and Industry Life Cycle
The main argument of this paper is that the role of different firm-level
innovation determinants depends on the stage of the industry in which firms
operate. The overall reason for such claim is that the meso-level context (here
referring to stages of ILC) does matter for firm-level innovation. This argument
is motivated by evolutionary economics (Dosi and Nelson, 1994) and
particularly by technological regime literature (Malerba and Orsenigo, 1997). As
Malerba (2005, p. 387) noted “heterogeneous firms [within a same industry]
facing similar technologies, searching around similar knowledge bases,
undertaking similar production activities, and embedded in the same institutional
setting, share some common behavioral traits and develop a similar range of
learning patterns, behavior, and organizational form”

41

. Section 2.1 and 2.2

develop the hypothesis concerning the relative importance of the innovation
determinants over stages of ILC, by distinguishing them into two groups:
determinants of innovation propensity and determinants of innovation intensity.

2.1.Determinants of innovation propensity
In line with neo-Schumpeterian literature and the Resource Based View (RBV),
one of the determinants of innovation propensity of firms is shown to be human
capital (or skilled labor). Human capital is considered as reflecting a firm’s
capacity to absorb, assimilate and develop ‘new knowledge and technology’
(Bartel and Lichtenberg, 1987; Cohen and Levinthal, 1990). The more such new
knowledge and technology, the more innovation propensity of the firms is
expected (Crepon et al, 1998; Hall and Mairesse, 2006).
41

There is indeed a recent and alternative approach arguing that industries do not account for
the considerable percentage of variance observed in firm’s innovation strategy (Leiponen and
Drejer, 2007; Srholec and Verspagen, 2012). Therefore, the result of the analysis of this paper is
only valid if one accepts the standard industry classification and the systematic difference
between industries in their innovative behavior. While it is not a perfectly realistic assumption,
nevertheless the debate between two approaches seems to be still open, so no strict preference
seems to be established in favor of the alternative approach.
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The crucial point is that such new knowledge (leading to higher innovation
propensity) is needed and also generated mostly in the ‘early stage’ of ILC,
compared with later stages. This is because in the early stage of the ILC, the
product and market situation is uncertain and in order to overcome such
uncertainty (and reaching to a dominant design), there is a need for the
generation of new knowledge and innovation (Vernon, 1966; Utterback and
Abernathy, 1975). As noted before, such knowledge generation and
development is accomplished mostly by human capital (skilled labor). This can
be interpreted as emphasizing the relative importance of human capital in the
early stage of ILC (i.e. growing industries) compare with later stages. Such
statement is clearly concluded in Acs and Audretsch (1987, p. 571): “an industry
tends to rely on the highest component of skilled labor during the early stages of
the life-cycle, and the least amount of skilled labor after the product has become
standardized in the mature and declining phases”.
More specifically, the reason for such statement could be the fact that growing
stage of ILC is usually characterized by labor-intensity rather than capitalintensity (Hirsch, 1967; Acs and Audretsch, 1987). Accordingly, Karlsson and
Nyström (2003) provide empirical evidence showing that firms entering/exiting
in early stages of the product life cycle are more knowledge-intensive than their
counterparts in later stages. Hirsch (1967) already argued that ‘human capital’
can be more influential for production (of innovation) in the growing industries,
while capital and unskilled labor are the most important production factors in the
mature (and declining) stage(s). Recent empirical evidences also emphasized the
importance of skilled labor in the growing stage of industries (Neffke et al,
2011), while noting even a negative effect of it in later stages (Potter and Watts,
2011). This is again because of lack of a dominant design in the growing
industries and the more pronounced need for the generation of new knowledge,
which is assumed to be accomplished by skilled labor (human capital).
Moreover, comparing the role of human capital in the earlier stages versus
later stages of ILC can be analogical to Schumpeter Mark I/entrepreneurial
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regime versus Schumpeter Mark II/routine regime, respectively, where the role
of human capital is argued to be more pronounced for the sake of higher
innovation propensity in the former rather than the later regime42. The relative
importance of human capital has also been studied over the stages (age) of the
plants and similar evidence has been found in agreement with the studies over
the stages of ILC: the importance of human capital is declining with the
increasing age of the plant (Bartel and Lichtenberg, 1987).
To sum up, human capital is mostly responsible for generation of new
knowledge within the firms and the more new knowledge the more innovation
propensity for firms. Importantly, the need for generation of new knowledge is
expected to be more pronounced in the growing stage of ILC compared with
later stages, and hence the need for human capital (as the generator of such new
knowledge). Therefore, the first hypothesis can be formulated as follows:

Hp1: Human capital is more important for innovation propensity of the firms in
growing industries than the firms in the later stages of ILC.

Another determinant of innovation propensity of firms is considered to be the
‘size’ of the firms. The size reflects the access to finance and scale economies
(Mohnen et al, 2006). Such access to finance and scale economies play a crucial
role for firms to increase (i) advertising power (leading to product
differentiation) (Comanor, 1967) and (ii) scope economies for R&D (provided
by scale economy in production) (Scherer, 1965).
However, innovation studies provide mixed evidence concerning the exact role
of firm size and the innovation propensity. Some studies show that the likelihood
of being innovative is positively related to the size of firms (Patel and Pavitt,
1995; Janz et al, 2004; Mohnen et al, 2006). Other studies provide evidence in
favor of the high propensity to innovate among the very small firms (Andersson
42

The terminology ‘entrepreneurial regime’ versus ‘routine regime’ is associated with Winter
(1984).
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and Lööf, 2011). One possible explanation for such diverse results can be the
lack of considering the ‘context’ in which innovation happens, i.e. (again) stages
of ILC.
There are indeed evidences showing that large firms probably have
competitive advantages over small ones within ‘mature’ industries, whereas
small firms have competitive advantages in growing industries (Acs and
Audretsch, 1987). The reason can be stated based on a modified Schumpeterian
hypothesis concerning innovation patterns: mature industries are commonly
characterized as capital-intensive industries and existence of such capitalintensity tends to provide a concentrated market and higher appropriability to
innovation, leading to impose the entry barriers to small-firm innovation, while
relatively promoting large-firm innovation (Hirsch, 1967; Acs and Audretsch,
1987; Malerba and Orsenigo, 1997). Further elaboration is already provided by
Vernon (1966) who defined the later stages of the (product) life cycle as the
presence of a standardized product concept in the market, which is characterized
by the existence of a mature technology. There is not much need for the rapid
change and evolution of the products any longer, instead, a relatively high level
of (physical) capital is required in this stage for greater innovation propensity
(mostly towards process innovation). On the other hand, the size of the firm
seems not to be crucial (and even harmful in some cases) for innovation of firms
in ‘growing’ industries. Pavitt and Wald (1971) argued that small-firms have
innovative advantage in industries in the early stages of the life-cycle (where the
use of skilled labor plays a large role).
To sum up, it is argued that large firms have competitive advantages over
small ones within mature industries (due to existence of capital-intensity), hence,
the probability to innovate is expected to be greater for larger firms in these
industries. These large firms in mature stage of ILC are presumably better able
to (and also more willing to) invest heavily in innovation activities, specifically
towards process innovation (Utterback and Abernathy, 1975; Cohen and
Klepper, 1996; Fritsch and Meschede, 2001). This can be interpreted as
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indicating the relatively greater importance of ‘size’ for increasing the
probability of being innovative for firms in the mature industries (compared with
firms in other stages)43.
Hp2: Size is more important for innovation propensity of the firms in mature
industries than the firms in other stages of ILC.

Firms engaged in international trade are regularly claimed to have better access
to foreign knowledge and technology, hence higher propensity for innovation,
since international trade is assumed to act as a conduit for the flow of knowledge
for firms (Keller, 2004)44. Such an argument is supported by the Learning-ByExporting literature, too (Clerides et al, 1998; Castellani, 2002; Andersson and
Lööf, 2009). Moreover, there are empirical studies showing the importance of
engagement in import for a firm’s performance (Acharya and Keller, 2007;
Lööf, 2008; Lööf and Andersson, 2010)45. A similar argument has been also
raised by economic geographers by noting the importance of the “global
pipeline” (i.e. imports and exports) as a source of knowledge for firms’
innovativeness (Bathelt et al, 2004)46.
However, engagement in international trade requires overcoming the fixed and
sunk costs of such engagements, which in turn require considerable physical
capital stock (Bernard and Wagner, 1997; Bernard and Jensen, 1999). The large
firms are usually assumed as the ones who own such capital stock and can afford
such costs. Furthermore, the large firms are visible more in later stages of ILC
43

There are studies analyzing the effect of various innovation determinants on each other, e.g.
‘skilled labor’ is found to be particularly important for innovation of ‘small’ firms (Acs and
Audretsch, 1988) and even more important for innovation of very small firms compared to larger
ones (Andersson and Lööf, 2011). However, this is beyond the scope of this paper.
44
Furthermore, there is empirical evidence showing firms that engage in both export and import
(i.e. two-way traders) are more productive than firms that only engage in export or only engage
in import (Andersson et al, 2008).
45
However, these empirical evidences are mostly concerned with productivity and not directly
addressing innovation.
46
Accordingly, Morrison (2008) emphasizes the international knowledge sources by proposing
the role of “knowledge gatekeepers”, which are the leader firms within the regions that feed the
local firms with the knowledge absorbed and translated coming from external sources.

65

(in line with Schumpeter Mark II) in contrast with earlier stages which are
dominated by small firms (Schumpeter Mark I). This implies that the (large)
firms in later stages are usually more ‘capable’ of engaging in international trade
compared with firms in earlier stage. More importantly, it is shown that large
firms in declining industries are in fact more ‘in need’ of such access to
international sources of knowledge input compared with firms in earlier stages
(Britton, 2003). This is because firms in declining industries experience
diminishing returns from localization economies (i.e. local labor, supplier, and
knowledge spillover) (Potter and Watts, 2011), hence for staying innovative
these firms need to refresh their knowledge stock through networks of
international trade (Blundell et al, 1999; Britton, 2003). Therefore, not only large
firms in declining industries are more ‘capable’ of engaging in international
trade, but also they are in fact ‘in need’ of such engagement.
In summary, since imports and exports can increase the innovation propensity
of firms (in general) and given that firms in the declining industries are assumed
to (i) be able to and (ii) have more incentives to engage in import and export
(stemming from their need to such engagements), it can be hypothesized that:

Hp3: Engagement in export and import is more important for innovation
propensity of the firms in declining industries than the firms in earlier stages of
ILC.

2.2.Determinants of innovation intensity
For those firms who become innovative, the interesting phenomenon to be
studied is how much innovation, i.e. innovation intensity, they accomplish. The
classical determinant (input) of innovation intensity has been recognized as
R&D investment (Griliches, 1979). Oslo Manual (OECD, 2005) extends this
classical input to six investment categories (i.e. innovation inputs), such as
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investment in internal R&D, investment in external R&D, acquisition of
machinery, and the training of employees47.
The crucial concept for achieving the higher innovation intensity is the return
on investment (here referring to the six investment categories). The argument of
this paper here is that in the growing stage, the return on investment for
innovation is greater compared with later stages. This is because of the lack of a
dominant design in the growing stage, which creates abundant room for
innovation (especially for product innovation) (Klepper, 1996). This simply
means firms in growing industries face higher technological opportunity to
innovate, lower barriers for innovative entry, and therefore higher return on
investment for innovation (Gort and Klepper, 1982; Klepper, 1996; Malerba and
Orsenigo, 1997). However, it is worthy to note that most firms (entrants) in the
growing stage are small, lack in-house resources, and presumably have
difficulties to invest heavily in innovation inputs. Therefore, it is fair to say if
firms in growing industries succeed to invest in innovation inputs, it is expected
that they can benefit from higher proportion of return on investment (especially
towards product innovation) compared with firms in later stages of ILC.
On the other hand, the innovation portfolios of the firms in mature and
declining industries are characterized mostly by process and organizational
innovations. While innovation inputs are crucial in these stages, too, however
the expected return on investment is lower compared with growing industries, as
dominant design is already achieved, barriers to innovation is higher,
opportunity condition is lower, and market share of large firms is more stabilized
(Malerba and Orsenigo, 1997). This argument is reinforced by the empirical
evidence showing that the innovation inputs rise less than proportional to size
(Fritsch and Meschede, 2001). This means those small firms (occupying
growing industries, based on Schumpeter Mark I) who engage in R&D
47

Oslo Manual (OECD, 2005) defined six investment categories (called ‘innovation inputs’ in this
paper) for a given firm as being: internal R&D, external R&D, acquisition of machinery, training
for employees, engagement in market introduction of innovation, and engagement in other
external knowledge.
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investments and other types of innovation inputs tend to be more innovative than
large firms (occupying mature/declining industries, based on Schumpeter Mark
II) who commit to the same amount of investments.
To sum up, while innovation inputs are crucial for innovation intensity
(output) of all firms, its role seems to be more pronounced for those firms that
operating in the growing industries compared with later stages, basically because
of higher return on investment in growing industries.

Hp4: Innovation input of the firm is more important for innovation intensity of
the firms in growing industries than the firms in other stages of ILC.

3. Empirical methods for identification of ILC stages
Perhaps the explicit endeavor to develop an empirical tool to identify the stages
of industry life cycle can be traced back to the seminal work of Gort and Klepper
(1982). They used the data on annual number of producers of 46 new products
from 1887-1960 in US to classify the (product) life cycle to five stages based on
net entry of firms in any given product. Subsequently, there have been several
studies developing empirical tools for the identification of the stages of given
industry, product or cluster (reviewed in Appendix A). These methods are based
on (again) net entry (Klepper and Graddy, 1990; Karlsson and Nyström, 2003),
rate of growth in the number of the firms (McGahan and Silverman, 2001),
innovation intensity together with the size (large/small) of dominant innovators
(Audretsch and Feldman, 1996), maturity index (Neffke et al, 2011), and
employment growth (Otto and Fornahl, 2010).
Some of these methods are not applicable in Sweden, for the purpose of this
paper, because of the limitation of available data. For instance, unlike US, there
is no time series data capturing the annual net entry available in Sweden since
the early 20th century, in order to make it possible to do what Klepper has done.
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Nevertheless, inspired by previous methods, three methods are developed in this
section for the purpose of this paper, which are summarized in Table 1.
As Karlsson and Nyström (2003) noted, there can be several reasons for a new
plant to enter in an industry: a totally new firm might enter (greenfield entry) or
an already existing firm might want to increase their production capacity,
expand the geographical market, or diversify their activities. An exit is reported
when the identification number disappears. This is something that happens when
a plant ceases to exist (closedown exit) or when a plant totally changes its
original activity to an activity that is not covered by the collection method used
for this data source. An example of this is when a manufacturing plant becomes
one involved in producing services48.
The data regard to industry dynamics used in this paper is obtained from
Statistics Sweden (SCB). It covers the number of plants49 and their employments
per year for all Swedish industries in 2-digit NACE code in the period of 1990 to
2004. Total number of 59 industries in 2-digit over the 15 years period provides
885 observations (i.e. number of plants/employments per year per industry over
the period 1990 to 2004). Then following measures are obtained over 15 years:
(i) number of positive net entry and negative net entry (i.e. net exit) per industry,
(ii) average net entry/exit per industry per year, and (iii) number of employment
growth (measure by the Birch Index) per industry per year. These three measures
are the basis for the three methods reported in Table1, for classifying any given
Swedish industry to fall into one of triple-based classification of the stages of

48

A firm, especially MNE, can shut down one (or several) of its plant in Sweden and start several
plants in other countries (e.g. in case of offshoring) and in fact start to grow and so the industry.
Nevertheless, the industry “in Sweden” show the exit pattern and this is what this paper is
concerned with, i.e. country-specific pattern of net entry/employment growth of industries
“within” Sweden as a country.
49
It is important to note the distinction between a plant, which refers to a production entity, and
a firm, which is a legal entity. This means that the plants identification number is connected to
the geographical location of the plant and therefore the identification number will not change
even if firms are merging or changing owners (Karlsson and Nyström, 2003). This is an advantage
for the empirical analysis of this paper, since in the case of merger and acquisition the ILC
classification of this paper still can be valid.
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industry life cycle, i.e. growing, mature, or declining, in the time of study50. The
descriptions of the three methods are presented in Table1.

Table 1. Three empirical methods for identification of the stages of industries in Sweden
(ILC classification methods)
Method

Methodology

I

All sectors (at the 2-digit NACE) were
allocated to one of 15 groups (because
there were 15 years of study period, i.e.
1990-2004), depending upon their
different patterns of net entry. Group 1 had
positive net entry during the studied
period. Group 2 had positive net entry all
but one year during the studied period.
Group 3 had positive net entries all but
two years, and so on. Group 15 is
corresponding to industries that had a
negative net entry during the whole period.
Then, Group 1–5 is regarded as growing
industries, group 6-9 as mature industries,
and group 10-15 as declining industries.

II

All data regard to annual net entry rate of
all sectors (at 2-digit NACE) is divided
into three equal quartiles. A given sector is
identified to be as growing if average net
entry to that sector over the 15 years
(1990-2004) fall in the 3rd quartile (i.e. it
must be among top 33.3% of all annual net
entry data for all sectors for all years). A
given sector is identified to be declining if
average net entry to that sector over the 15
years is among lowest 33.3 % of all annual
entry data (in the 1st quartile). The
remaining (in the middle) sectors are
mature.

III

Inspired by

Karlsson
and
Nyström
(2003)

Gort and
Klepper
(1982)
Klepper
and
Graddy
(1990)

The same as method II, but instead of
annual net entry, annual employment
growth (measured by Birch Index) is used.

Otto and
Fornahl
(2010)

Outcome

Remarks

Distribution of
industries in 3
phase of growing,
mature, declining
is as follows:
18, 27, 14

23 sectors (out of
59) show the
same ILC stage
compared with
method II & III.
Only 6 sectors
show substantial
variation compare
with method II &
III.

Distribution of
industries in 3
phase of growing,
mature, declining
is as follows:
11, 23, 25

The outcome is
similar to method
III

Distribution:
14, 24, 21

The outcome is
similar to method
II

Notes: The three methods are own elaboration of author, inspired by previous methods. ILC refers
to Industry Life Cycle

50

Concerning the “growth” phase, it is useful to note that a growing industry could be either an
emerging industry or a mature (or declining) industry which is rejuvenated after a radical
innovation that transforms the industry back into a growing stage. The data at hand in this paper
only allows for considering the rejuvenated industries. Nevertheless, the basic characteristics are
still the same, whether an industry is really new or just rejuvenated (Neffke et al, 2011).
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As it is shown in Table 1, the outcomes of three applied methods are similar
(particularly methods two and three). The detailed classification of industries
into stages of ILC based on the above three methods is reported in Appendix B.
Out of 59 industries, 23 industries are insensitive to the choice of ILC
classification method, i.e. these industries are classified to the stages of the ILC
exactly the same by the three methods. For instance, ‘Agriculture and hunting’
classified to be ‘declining’ by all three methods. The rest of the industries
(except for four) are classified in a way that two methods always reveal the same
results and the third one has slightly different results. For instance, ‘forestry and
logging’ is classified as a mature industry by method I and as a declining
industry by method II and III.
Having 23 industries to be insensitive to the choice of the ILC classification
method is an indication that the three adapted methods in this paper are
somehow measuring the same phenomenon, i.e. an indication for robustness of
the three methods. On the other hand, there are the rest of the industries which
are classified slightly different by the three methods. Nevertheless, this is indeed
expected, because each method measure different thing (i.e., number of positive
net entry, average net entry, number of employment growth). But the important
point is that although each method of ILC classification classifies the Swedish
industries in slightly different way, nevertheless the estimation results of
innovation models (Heckman) are the same, regardless of using which ILC
classification method (estimation results are presented in section 4.2). This is
indeed a robustness check showing that the arbitrary choice of ILC classification
is not driving the result of this study and thus the results are robust.
For the sake of brevity in the subsequent estimation of innovation model,
Method I is chosen for classification of ILC stages: out of 59 active Swedish
industries in 2-digit NACE code, 18 sectors are identified to be growing, 27
sectors are mature, and 14 are declining. Then, based on 2-digit NACE code of
any given firm, 1058 firms identified to be in growing industries, 1591 in mature
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and 453 in declining industries (out of total 3102 firms in CIS4 dataset)51. The
estimation results for method II and III are reported in Appendix D1 and D2.

4. Empirical analysis of innovation model
4.1. Data and model
The data regard to innovation model of this paper is based on the 4th Community
Innovation Survey (CIS4) for Sweden with 3309 observations52. The survey was
conducted in 2005 by Statistics Sweden (SCB) and asked the participant firms
about their innovation-related activities during 2002 to 2004. Nevertheless, the
dataset is a cross-sectional one with a single point in time, i.e. 2004. Out of
18266 of total firms in Sweden with 10 or more employees, a stratified sample
of 5081 is chosen and the questionnaire was sent to them53. The response rate
was 66 percentages, which yields the original dataset of CIS to have 3361
observations (firms). This dataset covers both manufacturing and business
service firms. CIS dataset provides interesting and new information on firmlevel innovation activities, both in terms of measuring innovation itself
(propensity and intensity) and also explanatory variables for innovation. In terms
of the former, the survey provides the direct measure of innovation, i.e. amount
of sales due to innovative products (not routine products). This measure is
argued to be superior compared to the commonly used indirect measure of
innovation, such as patent application or R&D intensity (Kleinknecht et al, 2002;
Smith, 2005). In terms of the later, CIS provides interesting explanatory
51

All 59 industries are used in order to classify the Swedish economy into three stages of ILC.
However, only manufacturing (NACE 15 to 36) and service sectors (NACE 50 to 74) are used in the
regression, because CIS data covers only this range (See Appendix B). Classification of the
Swedish economy only based on manufacturing and service sectors did not change the main
results of the regression.
52
The CIS(4) is a pan-European cross-sectional survey which consists of micro-aggregated data.
For an overview of a growing group of empirical studies employing CIS-data see Hall and
Mairesse (2006).
53
Those firms with 10-249 employees have a stratified random sampling with optimal allocation.
All of the firms above 249 employees are covered.
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variables such as whether a given firm collaborated in its innovation activities or
not, and also whether the innovation activities have been persistently pursued or
not. In addition, the dataset allows extending the classical innovation input (i.e.
R&D investment) to five more categories of investment (see Appendix C). This
is particularly important since it is shown that R&D can work best as only part
of the innovation input, and it is not even the most important innovation input
(Smith, 2005). The information on innovation activities from CIS is
supplemented with registered data on sales, physical capital, human capital,
employment, export, import and corporate ownership structure from Statistics
Sweden (SCB) for the firms in question54.
First, by using all of the observations, the following analysis will highlight the
relative importance of determinants of innovation propensity (the likelihood of a
firm to be innovative), based on the stage of ILC that the firms belong to
(introduced in section 3). A given firm is perceived to be innovative in this paper
if its innovation investments (input to innovation process) and its innovative
sales55 (output of innovation process) are positive (Mohnen et al, 2006; Lööf and
Heshmati, 2006; Lööf, 2008). Second, for those firms who declared to be
innovative, the analysis will go further and investigate the relative importance of
the determinants of their ‘intensity of innovation’, measured as the amount of
sales income due to innovative products per employee, again over the ILC.
The reason for choosing such two-step estimation strategy can be summarized
in three points: the first two concern econometric issues and the last one is a
theoretical issue. First, CIS data are collected in a way that it raises the selection
bias (Mairesse and Mohnen, 2010). The dependent variable in innovation
intensity equation (amount of sales income due to innovate products per
54

For the sake of merging registered data with survey data, some observations are dropped from
CIS, which leaves a sample size of 3102 observations. There has been similar data cleaning in
(Lööf, 2008). Moreover, limiting the sample to include only manufacturing and service (instead of
the whole economy) does not change the result of this study.
55
‘Innovative sales’ is a self-reported data by firms answering a question about the “the portion
of turnover due to new or improved products (to the market or firm) introduced during 20022004”.
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employee) is the function of, for instance, innovation inputs and doing
continuous R&D. But there are many missing values of the dependent variable,
i.e. the dependent variable is not observed (i.e. not selected by firms to answer)
in those missing values. The point is that these missing values are not randomly
missed and the likelihood of ‘being innovative’ (likelihood of innovative sales
being observed) is itself the function of other underlying factors, such as
ownership structure or size of the firm. Heckman (1979) considers this situation
as some sort of “omitted variables” and called it “selection bias”, which he then
corrects for such bias by means of two-steps estimation procedure56.
Second, if all explanatory variables of propensity and intensity are included in
a single OLS regression, the estimates would suffer intensively from
endogeneity problems. For instance the higher import and export can lead to
higher innovation intensity and vice versa. It has been argued that if one instead
plugs-in import and export (and other variables explaining propensity) in a
probit estimates of likelihood of being innovative, the overall model would
suffer less from endogeneity (Mairesse and Mohnen, 2010).
Third, the division of explanatory variables into two groups of propensity and
intensity (equations) is motivated by the theory, too. For instance there is more
theory (and related empirical evidence) attributing the engagement in
international trade to the likelihood of being innovative (propensity) rather than
to the intensity of innovation (Mairesse and Mohnen, 2010).
Therefore, and in line with Mohnen et al. (2006), this paper adopts a Heckman
two-step estimates of innovation model, consists of two equations, where the
first one is a probit equation (the selection equation) determining whether a firm
innovates or not. This equation is responsible for not only estimating the
determinants of innovation propensity, but also generating a selection corrector
56

To rephrase the existence of selection bias, this paper is interested to estimate the
determinants of innovation intensity, but there is only access to innovation intensity observations
for those firms who declared themselves innovative. Since these self-declared innovative firms
are selected non-randomly from the population, estimating the determinants of innovation
intensity from this self-selected subpopulation might induce selection bias.
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variable (to be used in second equation). The second equation is the output
equation (corresponding to intensity), which is a linear regression explaining
how much the firm innovates (conditional on being innovative). The dependent
variable in the first equation, y1i, is an innovation dummy indicating whether
firm i is an innovative firm or not:
{

(1)

where y*1i is assumed to be a latent innovation decision variable measuring the
propensity to innovate for firm i, which is generated as follows:
(1’)
where X1i is the vector of explanatory variables, i.e. human capital, size, and
three dummies for import and export. Z1i is the vector of control variables, i.e.
corporate ownership structure, capital structure, and industry dummies57 (precise
variable definitions is reported in Appendix C). Coefficient b1 is a vector of
parameters for interested explanatory variables to be estimated, and u1i is a
random error term. Equation (1´) is interpreted as saying that if y*1i is positive,
incentives to innovate are large enough for a given firm to actually innovate (y1i
= 1). In practice, y*1i is not actually observable, instead, all that can be observed
is a dummy variable, y1i, with value 1 if a given firm select itself to be innovative
(y*1i > 0) and 0 otherwise.
The dependent variable in the second equation, y2i, is (log) amount of sales
income due to innovative products per employee. This is a common way of
measuring innovation intensity in CIS data (Mohnen et al., 2006; Lööf and
Heshmati, 2006; Lööf, 2008). The second equation of the innovation model
(output equation) is expressed as follows:

57

The choice of these explanatory variables is restricted to the available data.
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{

(2)

Where it is assumed that there is a latent variable y*2i for firm i that is generated
as follows:
(2’)
Where X2i is the main explanatory variable, i.e. innovation inputs (measured as
the sum of expenditures in six innovation activities). Coefficient b2 is a vector of
parameters to be estimated. Z2i is the vector of control variables, i.e. size, doing
continuous R&D58, doing cooperative innovation activities59, industry dummies,
and an additional independent variable called Lambda (i.e. inverse Mills’ ratio),
which is generated by saving the unobserved effects in the probit estimation in
order to isolate the effect of selectivity bias in the output equation (Heckman,
1979)60. If coefficient of Lambda turns out to be significantly different from zero
(see Table 2), it means u1i and u2i are correlated, hence selection bias indeed
exists. In this case, adding this additional independent variable in the second step
of the Heckman model can accommodate the potential selection bias concerning
the non-randomness of the sample (which is some sort of omitted variable bias)
(Heckman, 1979).

58

Doing continuous R&D can be seen as a measure of knowledge capital of a firm (Klette and
Kortum, 2004) or absorptive capacity of a firm (Cohen and Levinthal, 1990) which is shown to
have positive effect on innovation output of firms.
59
One could include all X1i and Z1i in the Z2i, too. However, additional analysis showed that most
of X1i and Z1i are not appeared to be significant in the second step, and also the results for X2i
remained the same.
60
Inverse Mills’ ratio is the ratio of the probability density function to the cumulative distribution
function of a distribution. In the case of Hackman 2-step, it is calculated at the point of X1i b1+ Z1i
ω1.
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4.2. Results
Based on the stage identification of any given sector and subsequently any given
firm in the data set (in section 3), it is possible to breakdown the whole sample
to three subsamples of firms, i.e. firms who belongs to growing, mature and
declining industries. Then, the innovation model (equation (1) and (2)) can be
estimated not only for whole sample size, but also dedicatedly for firms in
growing, mature, and declining industries. This is reported in Table 261.
The classification of firms (and their industries) in Table 2 is based on method
I of ILC classification (method I in Table 1). Lambda is always significantly
different from zero; not only in all sample size, but also even after breaking
down the total sample to three subsamples (growing, mature, and declining).
This clearly shows the existence of selectivity bias in the sample and the
necessity of using Heckman’s two-steps procedure.
With regards to innovation propensity (IP) columns, Human capital has a
highly significant and positive effect on the probability of being innovative,
which is expected. The notable point is that when the sample is broken down
based on the stages of ILC, such significance is only observable for the firms in
growing and mature industries. However, unlike the expectation, based on the
magnitude of the coefficient, human capital seems to be more influential on
mature industries than in growing (and it is robust in all methods of ILC
classifications). This is confirmed based on the t-test (mean comparison test) of
the two samples. This implies that the null of the 1st hypothesis cannot be
rejected. Possible explanation could be with the concept of capital circulation by
Harvey (1982). He emphasized that while firms (especially MNEs) together with
their belonged industries become mature, they are in need to refill their (human)
capital to be able to stay competitive and innovative.
61

An alternative way for estimation strategy is to avoid breaking down the sample to three subsamples, instead, always using the whole sample by employing the interaction terms (e.g. sizegrowing, size-mature etc.). However, this alternative way revealed high multicollinearity issues,
so it is not employed.
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Table 2. Heckman two-steps estimates of the innovation model, over the stages of ILC
(Based on “method I” of ILC classification)
All industries
Variables
Human capital

IP

IN

Import

Import and
Export
Uninational
firm

1.971***

0.587

(0.174)

(0.238)

(0.311)

(0.526)

0.0329

0.0769 0.159*** 0.0158

-0.0320

0.0625

(0.036)

(0.052)

(0.06)

(0.11)

(0.03)

Capital struct.

(0.03)

(0.042)

0.172

-0.0764

0.220

0.608**

(0.114)

(0.187)

(0.165)

(0.245)

0.0492

-0.128

0.0209

0.844***

(0.011)

(0.145)

(0.153)

(0.263)

0.557***

0.462***

0.631***

0.694***

(0.000)

(0.126)

(0.114)

(0.230)

0.103

0.156

-0.0286

0.343*

(0.096)

(0.117)

(0.097)

(0.182)

0.334**

0.101

0.192

(0.078)

(0.137)

(0.113)

(0.232)

0.0489

0.0334

-0.0808

0.368

(0.084)

(0.147)

(0.114)

(0.282)

0.0934

0.306

0.0540

-0.128

(0.115)

(0.209)

(0.155)

(0.337)

Domestic MNE 0.219***

Foreign MNE

Declining
industries
IP
IN

1.257***

(0.021)
Export

Mature
industries
IP
IN

1.370***

0.091*** -0.0460

Size

Growing
industries
IP
IN

0.181***

0.237***

0.173***

0.141*

inputs

(0.024)

(0.040)

(0.034)

(0.073)

Continuous

0.0624

-0.0908

0.127

-0.269

R&D

(0.09)

(0.164)

(0.113)

(0.302)

0.0286
(0.083)
-0.712***
(0.135)
YES

-0.0970
(0.154)
0.426**
(0.214)
YES

0.0224
(0.104)
-0.332*
(0.192)
YES

0.00815
(0.288)
-1.11***
(0.398)
YES

Innovation

Coop. innov.
Activities
Lambda
Industry dummies
Pseudo R2

Total Obs.
Uncensor.Obs.

YES
0.140
3102

YES
0.146
1058

1115

354

YES
0.135
1591

657

YES
0.158
453

104

Notes:


The dependent variables are innovation propensity (IP) and innovation intensity (IN). See
Appendix C for definitions.
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The table reports two-stage Heckman selection estimates. The first step estimates the
equation (1) with the dependent variable IP (innovation propensity). This is for the all
sample size. The second step estimates the equation (2) with the dependent variable IN
(innovation intensity). This is only for innovative firms.
The ILC classification is based on method I of ILC classification (proposed in section 3).
The table reports coefficients of estimates with standard errors in parentheses,*** p<0.01,
** p<0.05, * p<0.1
Using the Maximum Likelihood Estimation (MLE) version of the Heckman model reveals
similar results.
Lambda (inverse Mills’ ratio) is always significantly different from zero. This shows the
existence of selectivity bias and necessity of using the Heckman’s two-steps procedure.

Size has a highly significant and positive effect on the likelihood of being
innovative, which is expected based on previous literature (Patel and Pavitt,
1995; Janz et al, 2004; Mohnen et al, 2006). The point is when the sample is
broken down based on stages of ILC, such significance is only observable for
the firms in mature industries, confirming the 2nd hypothesis. This result is again
quite robust in all of three methods of ILC classification. The effect of size is
insignificant in two other stages, which is in line with the Schumpeterian
literature (Mark I). Especially in growing industries, the effect of size is
insignificant in all three methods. This is also perfectly in line with the
Schumpeterian literature, noting that small firms have innovative advantages in
growing industries (Acs and Audretsch, 1987). This means size does not have
obvious explanatory power for explaining the innovativeness of the firms in
growing industries.
Engagement in both import and export is always significant and positive; in all
industries and in any stages of ILC. But if a firm is a one-way trader (only
engaging in import or export) the impact is not significant in the all sample size
(all industries together), growing, and matures industries. This is somehow in
line with other Swedish empirical evidence showing that firms engaging in both
export and import (i.e. two-way traders) are more productive than the one-way
trader (Andersson et al, 2008). The interesting point is in the declining
industries. If a firm is in a declining industry, not only being a two-way trader
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can increase the likelihood of the innovation, but also even being a one-way
trader has a similar effect. It means it does not make a difference if one chooses
only import dummy, or only export dummy, or both. In all cases, there is the
positive and highly significant impact of engagement in import and/or export on
being innovative, showing the relative importance of international trade in
declining industries, i.e. confirming the 3rd hypothesis. The results are not
sensitive to the choice of ILC classification, and are hence robust.
Looking at innovation intensity (IN) columns, innovation inputs is significant
and positive in all stages, as was expected. The interesting point is that it has its
strongest effect in the growing industries, based on magnitude of coefficients as
well as the t-test (mean comparison test) between each pair of samples. This
confirms the 4th hypothesis. Therefore, breaking down the total sample to three
stages of ILC reveals that firms in growing industries are the ones who benefit
more than firms in any other stages (and even more than the whole sample in
average) from innovation inputs, ceteris paribus. This result is again quite robust
in all of three methods of ILC classification. As already noted in the related
hypothesis, this result can be explained by the stylized facts that in the growing
industries there are higher opportunities and lower barriers to innovate (Malerba
and Orsenigo, 1997), hence, there is higher return on investment compared with
other stages of industry evolution. This simply implies the relative importance of
investment in innovation (innovation inputs) in the growing industries.
Among control variables, there is one robust result worth noting. In corporate
ownership structure variables, being a domestic MNE seems to have a positive
impact on likelihood of being innovative for two models: (i) all industries and
(ii) growing industries. The former is in line with previous studies in Sweden
(Andersson and Lööf, 2011). The latter result is probably more novel. This could
be because in growing industries there is a need for swift and effective
communication between the producer with customers and suppliers (verticallylinked segments of the industrial value chain) and even competitors
(horizontally-linked), in order to overcome the uncertainty (Vernon, 1966). And
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it is found elsewhere that such swift collaboration is more likely to happen for
domestic MNEs compared with other type of corporate ownership structures
(van Beers et al, 2008; Johansson and Lööf, 2008).
Three robustness checks are performed. First, the choice of industry
classification is arbitrary and may drive the results of estimations. Therefore,
beside method I for ILC classifications, method II and III are also used.
Nevertheless, the Heckman estimation reveals the same results (They are
reported in Appendix D1 and D2). This implies that the choice of ILC
classification method is not driving the results of the estimation of innovation
model, which is the indication for robustness of the estimation results. Second,
some studies used somewhat looser criterion for identifying the innovative firms
(Lööf and Heshmati, 2006), i.e. an alternative dependent variable in the first
equation (with probit estimate). It is a dummy variable receiving value one only
if a firm has positive share of innovative sale. This alternative variable put
somewhat looser criterion for recognizing an ‘innovative firm’ compared with
the innovation dummy used initially, i.e. it encompasses only output part and not
input part of the innovation process. Nevertheless, using this alternative
dependent variable, the results remain the same and also insensitive to the choice
of ILC classification methods62. The last robustness check is concerned with
time-series nature of ILC classification methods versus cross-sectional nature of
innovation model. There might be a risk that an industry which is identified to
be, for example, growing over a 15 years period (1990-2004), is not really
showing a pattern of a growing industry in the last 2 years, where cross-sectional
innovation model is actually estimated. Therefore, a narrower time window is
used, which includes only the last 5 years (2000 to 2004). Nevertheless, almost
all industries show the same pattern as they were showing already with a 15
years’ time window.

62

The results for this robustness check are available upon a request.
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Overall, out of the proposed four hypotheses in this paper, three of them are
confirmed and one is rejected. Nevertheless, the confirmed hypotheses are with
regard to both innovation propensity and innovation intensity. This means that
this paper highlights the relative importance of at least some of the determinants
of both aspects of firm’s innovative behavior (propensity and intensity).
Furthermore, there is at least one confirmed hypothesis per stage of ILC.

5. Conclusion
The literature suggests several determinants explaining the innovative behavior
of firms. But the central question in this paper was whether these determinants
are equally important if one takes into account meso-level context in which
innovation happens, i.e. the stages of industries in which firms operate and
innovate. There are number of novelties in this paper: (i) it brings together micro
level (firm-level innovation studies) and meso-level arguments (ILC literature)
in which innovation happens, and testing them in a common empirical setting.
(ii) It employs firm-level Community Innovation Survey (CIS) data, allowing for
a direct measure of innovation and a distinction between determinants of
innovation propensity (probability of being innovative) and intensity (the
amount of innovation sales), respectively. (iii) It employs various established
methods to empirically identify stages of industry life cycles.
The results suggest that the relative importance of the determinants of firms’
innovation propensity and intensity indeed differ based on the stages of ILC.
Regard to propensity, size and human capital shown to be the most influential
determinants for the firms in mature industries (compared with firms in other
stages of ILC). Engagement in network of international trade is the most
influential determinant for firms in the declining industries. Regard to innovation
intensity, innovation inputs is the most important determinant to explain the
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innovation intensity of firms in growing industries. Results are robust based on
various robustness checks.
In summary, this paper highlights the relative importance of the factors
explaining both aspects of innovative behavior of firms, namely innovation
propensity and innovation intensity, based on the stages of the industries that
firms belong to. Such analysis can provide fruitful insights for firms to define
their innovation strategy contingently in line with the evolutionary stage of the
industry in which they are operating and innovating. Therefore firms will be able
to avoid defining their innovation strategy with the myopia of micro-dynamics
of their own enterprise. To be more specific, a task of the firm’s strategic
management would be first to identify which industry the firm belongs to.
Second, which stages of ILC that industry belongs to. Then there are three
scenarios to be considered for improving the innovation propensity/intensity of
firms. Scenario one: if a given firm belongs to a growing industries (like
computer and related activities), it is generally better to have offensive
innovation strategy by investing in several types of innovation activities, such as
internal and external R&D, training of employees, acquisition of machinery, and
market introduction of innovation (Freeman and Soete, 1997) 63. This is because
the return on investment in innovation activities is higher in this stage compared
with other stages of ILC. Scenario two: if a firm belongs to a mature industry
(like manufacture of pulp and paper), it is better to invest in human capital. This
may be achieved by recruiting high-skilled individual rather than investing
heavily in training of employees. Scenario three: if a given firm belongs to a
declining industry (like manufacture of office machinery), it is better to invest in
exploring the international market. This would create new channels of learning
from customers abroad, which eventually can enhance firm’s innovation
(Clerides et al, 1998; Castellani, 2002; Andersson and Lööf, 2009). Such

63

Beside an offensive strategy, a given firm in growing industry may also have a defensive
innovation strategy by trying to have incremental innovation and be a second-mover, but it may
not pursue an imitative or dependent strategy (e.g. licensing) (Freeman and Soete, 1997).
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investment would be specifically helpful in the case of “disruptive innovation”.
As Clayton Christensen argued, a suitable approach to handle the disruptive
innovation is to try to find a “new market” that values the characteristics of the
disruptive technology (Christensen, 1997) and one way to find the new market is
to explore the export markets, especially if domestic market is not big enough
(as in the Swedish economy) or the local institutions are not favorable for
introducing the disruptive innovation. Kodak is a famous counter-example
which was in a declining/mature industry that faced the disruptive innovation,
i.e. emergence of digital photography. Unlike its life-long competitor Fujifilm,
Kodak was not fast enough to respond to the quick change of the industry due to
disruptive innovation (The Economist, 2012). Kodak could have accepted the
emergence of disruptive innovation in industry faster and accommodate it by
searching for new markets (i.e. export market), if the emerging disruptive
innovation did not fit to its mainstream market immediately. The investment in
exploring the export market should be usually feasible for those survivors firms
in declining industries (like Kodak before its bankruptcy), because they are
presumably large and productive enough to overcome to the associated costs of
entering the export market (Melitz, 2003). At the end, it should be noted that this
paper had a focus on the innovation ‘determinants’ over stages of ILC. Future
research may focus on the dynamic patterns of innovation propensity versus
innovation intensity themselves over stages of ILC.
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Stages

5 stages of
developme
nt

Grow,
Decline
(shake out),
Stability

Author

Gort &
Klepper
(1982)

Klepper &
Graddy
(1990)







The stages are defined in terms of net entry (i.e.
changes in the number of producers). Stage I
encompasses the interval in which the number of
producers in the market remains relatively small
(usually between one and three) for a given product.
Stage II is the interval from the 'take-off' point of net
entry to the time that net entry decelerates drastically.
Stage III is the ensuing period of low or zero net
entry, and Stage IV is the subsequent period of
negative net entry. Stage V represents the new
equilibrium in the number of producers (again zero
net entry).
The decomposition of each product into stages is
done in two steps. First, for a given product,
intervals that clearly show the characteristics of each
of the five stages are identified by visual inspection
of the plotted series (pre-classification). This could
preliminary shows that each product has reached to
which of 5 stages so far. Second, the remaining years
- that is, those for which the entry rates could have
been associated with either of the two adjacent stages
- is then classified into four additional 'in-between'
stages. Then, those in-between years is allocated to
one of the initial 5 stages by means of
‘standardization’ of net entry for all years and using
standard discriminant analysis.
Stage 1 ends when the number of firms reaches a
peak. Stage 2 ends in the year, denoted by t*, after
which the average annual change in the number of
producers is greater than -1.0% of the peak number
of producers in each of the following periods: t* to

Methodology (for life cycle segmentation)










The same as Gort &
Klepper (1982)

Used data: annual
number of producers of
46 new products
Data source: Thomas'
Register of American
Manufactures
Period: 1887-1981
Coverage: 46 major new
products introduced to
market initially ranging
from 1887 1960

Data characteristics







Remarks

This method use “cumulative moving
average” (as the starting point, t*, is fixed)
to identify the end of stage 2.

‘Standardization’ of entry rate (for each
year) is done to get rid of cross sectional
variation in entry rates. It is done by
dividing the value of each observation (the
number of producers in each year) for any
given product to the average entry rate in
pre-classified stage 2 of that product (stage
2 as the highest stage in terms of net entry).
We might ignore the second step, as we are
not interested on historical development of
products. We just want to know which
product (industry) reaches to which stage
now.

Appendix A- The empirical methods for identification of industry, product, or cluster life cycle– a literature review
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McGahan
&
Silverman
(2001)

Audretsch
&
Feldman,
(1996)

Emerging,
Maturity,
Decline

Introductio
n, growth,
mature,
declining















A mature industry can be identified by one of
following algorithm:
Algorithm 1: An industry hits its maturity point in
the first year in which; the number of firms grows
during a 3-year period at less than 3% of the growth
rate in the prior 3-year period
Algorithm 2: Algorithm 1 or The first year in which
the number of firms declines over a 3-year period
(algorithm 2 liberalize the algorithm 1)
Algorithm 3: it is algorithm 2, but instead of 3-year
period, it used 5-year period (algorithm 3 tightens the
algorithm 1)
An industry hits its declining point in the first year in
which the number of firms during a 3-year period is
less than 97% of the number in the prior 3-year
period.
Emerging industry is the interval before maturity
starts

Industries with high innovation intensity AND where
that innovation intensity tends to come from small
firms are characterized as introduction stage.
Industries with high innovation intensity AND where
that innovation intensity tends to come from large
firms are characterized as growth stage. Industries
with low innovation intensity AND where that
innovative intensity tends to come from large firms
are characterized as mature stage. And finally,
industries with low innovation intensity AND where
that innovative intensity tends to come from small
firms are characterized as declining stage of the life
cycle.

t* + 5, t* to t* + 10, t* to t* + 15,..., t* to t* + the
last year of the product's history. Stage 3 will be the
rest of the product's history.
















Used data: annual
number of firms
Data source: Dun and
Bradstreet Reports on
American Business
Activity
Period: 1981-1994
Coverage: all firms
operating in a specific
SIC per year

Used data: innovation
intensity and firm size
Data source: Small
Business
Administration’s
Innovation Data Base
Period:
Coverage: All firms in
210 four-digit SIC
industries
















The method is based on rates of growth in
the numbers of firms
For finding 3-year (and 5-year) period in
growth rate of number of the firms, “simple
moving average” is used.

Innovation intensity together with the size
(large/small) of dominant innovator is the
base of this method.
Four-digit SIC industries into these four
stages of the life cycle.
High innovative industries: those industries
exhibiting innovative activity in excess of
the mean.
(Low innovative: vice versa)
Small-firm innovation intensity: number of
innovations made by firms with fewer than
500 employees divided by small-firm
employment
(Large-firm innovation intensity: vice versa)
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Industry Life Cycle
Cluster Life Cycle

Emergence
and growth
Stage of
CLC65

Young,
intermediat
e, mature

Neffke et
al (2011)

Otto &
Fornahl
(2010)

Growing
stage,
Declining
stage

Karlsson &
Nyström
(2003)









The study period has been divided into 3 (almost
equal) sub-periods. Then, the Concentration Index
(CI) (for media industry) was calculated for each
sub-periods and each ‘Kreis’ (equivalent to NUTS
3). A ‘Kreis’ is defined as an emerging cluster (in
media industry) if CI<0 for one sub-period and also
above 1 in the subsequent sub-period. A growing
cluster is a ‘Kreis’ that has CI>1 and also shows the
Birch Index in the fourth highest quadrant.

All industries at the 5 digit SIC code level (in the
manufacturing sector) were allocated to one of 6
groups (because there were 6 years of study period),
depending upon their different patterns of net entry.
Group 1 had positive net entry all but one year
during the studied period. Group 2 had positive net
entries all but two years, and so on. Group 6 is
corresponding to industries that had a negative net
entry during the whole period. Then, Group 1–3 is
regarded as industries working in the earlier phases
of the product life cycle and group 4–6 are supposed
to be declining industries.
If (Normalized) Maturity Index is below -.3, industry
is young, if it is between -.3 and +.3 it is
intermediate, and if it is above +.3 it is a mature
industry.
Mature index: shows the portion of Value Added of
old plants in a given industry to the all plants in that
industry per year. (see p.11-12)




















Used data: annual
number of firms and
employment
Data source: Historic
Employment Database
Period: 1980-2007
Coverage: all plants in
western German media
industry

Used data: value added
per plant per year
Data source: SCB
Period: 1974-2004
Coverage: all plants
more than 5 employees
in Swedish economy

Used data: entry and
exit in each year for
each 5-digit code
Data source: SCB
Period: 1990-1996
Coverage: all plants
more than 10 employees
in Swedish
manufacturing sectors















This method rely on the choice of subperiod division (however unclear how to
choose those sub-period)
This method cannot identify the emerging
cluster in the 1st sub-period
Picking fourth highest quadrant in Birch
Index is an arbitrary choice
Some ‘Kreis’ are identified to be “growing”
in sub-period 2, but it is unclear what are
they in sub-period 1 and even 3.

This method has the element of year in its
calculation, i.e. for each industry, this
method reveals a separate Maturity Index.
So, maturity index for each industry is
calculated per year not per period (see p.27)

Such industry segmentation is done for the
sake of identifying the different stages of the
PLC (as PLC is assumed to be the same as
ILC64 in the 5-digit level)
The characterization was made according to
the assumption that early phases of the PLC
show a positive net entry whereas entries are
less than exits in the later stages of the PLC.

Appendix B- Classification of All Swedish industries to stages of Industry Life Cycle

#

NACE

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

1
2
5
10
11
13
14
15
16
17
18
19

13

20

14
15
16
17
18
19
20

21
22
23
24
25
26
27

21

28

22
23
24

29
30
31

25

32

26

33

27
28
29
30
31
32
33
34

34
35
36
37
40
41
45
50

35

51

36

52

37

55

Classification
methods

Industry
Agriculture, hunting and related service activities
Forestry, logging and related service activities
Fishing, operation of fish hatcheries and fish farms
Mining of coal and lignite; extraction of peat
Extraction of crude petroleum and natural gas
Mining of metal ores
Other mining and quarrying
Manufacture of food products and beverages
Manufacture of tobacco products
Manufacture of textiles
Manufacture of wearing apparel; dressing and dyeing of fur
Tanning and dressing of leather; manufacture of luggage, handbags
Manufacture of wood and of products of wood and cork, except
furniture
Manufacture of pulp, paper and paper products
Publishing, printing and reproduction of recorded media
Manufacture of coke, refined petroleum products and nuclear fuel
Manufacture of chemicals and chemical products
Manufacture of rubber and plastic products
Manufacture of other non-metallic mineral products
Manufacture of basic metals
Manufacture of fabricated metal products, except machinery and
equipment
Manufacture of machinery and equipment n.e.c.
Manufacture of office machinery and computers
Manufacture of electrical machinery and apparatus n.e.c.
Manufacture of radio, television and communication equipment and
apparatus
Manufacture of medical, precision and optical instruments, watches
and clocks
Manufacture of motor vehicles, trailers and semi-trailers
Manufacture of other transport equipment
Manufacture of furniture; manufacturing n.e.c.
Recycling
Electricity, gas, steam and hot water supply
Collection, purification and distribution of water
Construction
Sale, maintenance and repair of motor vehicles and motorcycles
Wholesale trade and commission trade, except of motor vehicles and
motorcycles
Retail trade, except of motor vehicles and motorcycles; repair of
household goods
Hotels and restaurants
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I

II

III

D
M
G
D
D
M
D
M
D
M
D
D

D
D
D
M
M
M
D
D
M
M
D
M

D
D
M
M
M
M
M
D
M
D
D
M

G

D

D

M
D
M
M
M
M
M

M
D
M
M
D
D
M

D
D
M
G
D
D
M

M

D

D

M
D
M

D
D
D

D
D
D

M

M

M

M

M

M

G
M
G
G
M
D
G
M

M
M
M
M
G
D
M
D

G
D
G
M
M
M
D
M

M

D

D

M

D

M

G

G

G

38
39
40

60
61
62

41

63

42
43
44
45
46

64
65
66
67
70

47

71

48
49
50
51
52
53
54
55
56
57
58
59

72
73
74
75
80
85
90
91
92
93
95
99

Land transport; transport via pipelines
Water transport
Air transport
Supporting and auxiliary transport activities; activities of travel
agencies
Post and telecommunications
Financial intermediation, except insurance and pension funding
Insurance and pension funding, except compulsory social security
Activities auxiliary to financial intermediation
Real estate activities
Renting of machinery and equipment without operator and of
household goods
Computer and related activities
Research and development
Other business activities
Public administration and defense; compulsory social security
Education
Health and social work
Sewage and refuse disposal, sanitation and similar activities
Activities of membership organizations n.e.c.
Recreational, cultural and sporting activities
Other service activities
Activities of households as employers of domestic staff
Extra-territorial organizations and bodies

D
G
G

D
M
M

D
M
M

M

G

G

D
D
M
G
M

D
D
M
G
G

D
D
M
G
G

G

D

M

G
G
G
M
G
G
M
M
G
G
D
M

G
G
G
D
G
D
M
D
G
G
M
M

G
G
G
G
G
D
M
M
G
G
M
M

Notes:

I, II, III are the three adopted methods to classify the industries (see Table 1).

G stands for growing, M for mature, and D for declining industry.

23 industries are insensitive to the choice of ILC classification method, i.e. these industries
are classified to the stages of ILC exactly the same by the three methods.

32 industries are classified by the three methods in a way that two methods always reveal the
same results and the third one has slightly different results.

Only 4 industries are classified in a non-homogenous way by the three methods.
 All 59 industries are used in order to classify the Swedish economy into three stages of ILC.
However, only manufacturing (NACE 15 to 36) and service sectors (NACE 50 to 74) are
used in the regression, because CIS data covers only this sectors. Classification of the
Swedish economy only based on manufacturing and service sectors did not change the main
results of regression.
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Appendix C- Variable definition
Dependent Variables (DVs):
(1) “Innovation propensity”: it is a dummy with value 1 when a firm is innovative, 0 otherwise
during 2002-2004. A firm is perceived as innovative in this paper if its innovation investments and
its innovative sales are positive during 2002-2004.
(2) “Innovation intensity” is the (log) amount of sales income due to innovative products per
employee during 2002-200466 (only observable for innovative firms).

DVs

Variables
Explanatory variables
Size

Innovation propensity
(IP)

Human capital
Import
Export
Import and Export
Control variables

Measures
Number of employees in 2004 (log)
Fraction of employees with university education of at least 3 years in
2004
Importer in 2004 (dummy)
Exporter in 2004 (dummy)
Both importer and exporter in 2004 (dummy)

Uninational firm

Domestically-owned firm belonging to a group with only Swedish
affiliates (dummy)

Domestic MNE

Domestically-owned firm belonging to a group with foreign affiliates
(dummy)

Foreign MNE

Foreign-owned firms (belonging to a group) (dummy)

Non-Affiliate

Domestically-owned firm without affiliates (dummy) (as reference group)

Capital structure

1 if (long term debt + short term debt)/( long term debt + short term debt
+ equity) > 0, 0 otherwise in 200467

Innovation intensity
(IN)

Explanatory variables

Innovation inputs

Innovation investment per employees (log). Innovation investment is the
sum of following expenditures during 2002-2004:
Engagement in intramural R&D
Engagement in extramural R&D
Engagement in acquisition of machinery
Engagement in other external knowledge
Engagement in training
Engagement in market introduction of innovation

Control variables
Continuous R&D

1 if firm performed continuous R&D during 2002-2004, 0 otherwise

Cooper. inno. activit.

1 if firm performed cooperative innovation activities during 2002-2004, 0
otherwise

66

It is calculated as: “portion of sales due to innovative products” (a self-reported data by firms in
CIS) multiplied by “total turnover of firm during 2002-2004”, divided by “number of employees”.
Innovative product is defined by CIS survey as: “the market introduction of new or significantly
improved good or service with respect to its capabilities. The innovation must be at least new to
enterprise, but not necessarily to the market”
67
Capital structure (CS) is supposed to capture the financial situation of the firm. The higher the
capital structure the more indebted the firm.
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Appendix D1- Heckman two-steps estimates of the innovation model, over the stages
of ILC (Based on method II of ILC classification)

Variables
Human capital

Growing industries
IP
IN
1.326***
(0.247)

Size
Export
Import
Import and Export
Uninational firm
Domestic MNE
Foreign MNE
Capital structure

Mature industries
IP
IN
1.555***
(0.41)

Declining industries
IP
IN
1.345***
(0.33)

0.0252

0.00683

0.138***

0.0611

0.109***

0.0165

(0.041)

(0.066)

(0.042)

(0.05)

(0.044)

(0.745)

0.0116

-0.465*

0.519***

(0.23)

(0.276)

(0.25)

-0.143

-0.392

0.488***

(0.15)

(0.257)

(0.36)

0.525***
(0.143)

0.351*
(0.178)

0.713***
(0.162)

0.232*

-0.000696

0.0564

(0.138)

(0.138)

(0.14)

0.340**

-0.0373

0.267**

(0.164)

(0.154)

(0.138)

-0.0597

-0.112

0.149

(0.173)

(0.159)

(0.162)

0.331

0.0191

0.00398

(0.239)

(0.22)

(0.21)

0.284***
(0.05)

Innovation inputs

0.177***
(0.044)

0.161***
(0.04)

-0.271

0.0929

0.118

(0.205)

(0.154)

(0.159)

Cooperative innov.
activities

-0.172

0.216

-0.0615

(0.19)

(0.143)

(0.11)

Lambda

0.400*

0.266

-0.525**

(0.242)

(0.277)

(0.25)

Continuous R&D

Industry dummies
Pseudo R2

Total Observation
Uncensored Obs.

YES
0.154
770

YES

YES
0.121
814

253

YES

346

YES
0.16
1518

YES

516

Notes:



The ILC classification is based on method II of ILC classification (proposed in section 3).
See notes in the Table 2.
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Appendix D2- Heckman two-steps estimates of the innovation model, over the stages
of ILC (Based on method III of ILC classification)

Variables
Human capital

Growing industries
IP
IN
1.367***

Mature industries
IP
IN
1.767***

(0.232)
Size
Export
Import
Import and Export

(0.571)

Declining industries
IP
IN
1.331***
(0.433)

0.0499

0.0539

0.158**

0.0945

0.116***

0.00468

(0.034)

(0.048)

(0.07)

(0.085)

(0.06)

(0.921)

-0.174

-0.293

0.519***

(0.192)

(0.403)

(0.32)

-0.177

-0.621*

0.460***

(0.142)

(0.351)

(0.22)

0.442***

0.127

0.788***

(0.125)

(0.251)

(0.22)

Uninational firm

0.193*

0.0438

0.0288

(0.117)

(0.218)

(0.2)

Domestic MNE

0.291**

0.136

0.161

(0.135)

(0.245)

(0.152)

0.0577

-0.210

0.0743

(0.141)

(0.257)

(0.224)

Foreign MNE
Capital structure

0.244

-0.199

0.0416

(0.197)

(0.356)

(0.393)

Innovation inputs

0.242***
(0.40)

Continuous R&D
Cooperative innov.
activities
Lambda
Industry dummies
Pseudo R2

Total Observation
Uncensored Obs.

YES
0.143
1054

0.171**
(0.086)

0.165***
(0.065)

-0.0650

0.0388

0.0705

(0.155)

(0.318)

(0.22)

-0.0651

0.0551

0.0244

(0.144)

(0.278)

(0.19)

0.258

0.386

-0.566***

(0.211)

(0.399)

(0.25)

YES

YES
0.19
373

395

YES

YES
0.16
1675

124

Notes:



The ILC classification is based on method III of ILC classification (proposed in section 3).
See notes in the Table 2.
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Abstract
This paper analyzes the effect of variety and intensity of knowledge on the
innovation of regions. Employing data for Swedish functional regions, the paper
tests the role of the variety (related and unrelated) and intensity of (i) internal
knowledge generated within the region and also (ii) external knowledge
networks flowing into the region in explaining regional innovation, as measured
by patent applications. The empirical analysis provides robust evidence that both
the variety and intensity of internal and external knowledge matter for regions’
innovation. When it comes to variety, related knowledge variety plays a superior
role.

Keywords: Knowledge intensity, Knowledge variety, Related variety, Unrelated
variety, Internal knowledge, External knowledge, Patent applications, Functional
regions.
JEL classification: O32, F14, R12
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1. Introduction
The role of knowledge68 is considered as crucial for the innovation of regions.
But is it the ‘internal knowledge’ generated within the region that matters or is it
‘external knowledge’ brought into the region through trade networks? Moreover,
considering either of these two intra/extra-regional sources of knowledge, is it
the ‘intensity’ of the knowledge that matters or is it rather the ‘variety’ of
knowledge? These questions have recently received attention in the literature,
but few studies try to address them in a common empirical setting. Some are still
unexplored, such as the role of ‘variety’ (related and unrelated variety) for
regional innovativeness, and are still open both in the traditional and in the more
recent literature (see Beaudry and Schiffauerova, 2009; De Groot et al, 2009).
This paper directly bears on these questions, and provides an empirical analysis
of the role of variety and intensity of internal and external knowledge for
regional innovation.
A common argument in the literature is indeed that innovation depends on the
‘intensity’ and ‘variety’ of knowledge (Audretsch and Vivarelli, 1996;
Audretsch and Feldman, 2004; Beaudry and Schiffauerova, 2009), reflecting a
general shift from cost- to knowledge-based models of regional growth.
Knowledge-based theories of regional growth and innovation (see for example
Maskell, 2001; Malmberg and Maskell, 2002) emphasize the nature of local
knowledge (Tallman et al, 2004), the intensity (and frequency) of knowledge
transfer processes among local firms (Gordon and McCann, 2000; Mesquita,

68

In this paper, “knowledge” refers to all three types of knowledge classified by Karlsson and
Johansson (2006): scientific knowledge, technological knowledge, and entrepreneurial
knowledge. Scientific knowledge has the character of a pure public good, although it is generally
only available to those with the relevant scientific training. Technological and entrepreneurial
knowledge are non-rivalrous and partially excludable goods, where the latter is often the result
of learning-by-doing. All three types are argued to be patentable and there is indeed evidence of
an increasing propensity to patent in all three types. Since the phenomenon under investigation
in this paper is actually patent application, it seems plausible to include all of them as the
conceptualization of knowledge.
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2007), and the variety of knowledge in the region (Jacobs, 1969; Glaeser et al,
1992; Frenken et al, 2007). It is further argued that the process of knowledge
generation is not only activated by means of interactions between firms located
inside regions. It can also be brought into the region from outside, through
international trade networks (Castellani, 2002; Bathelt et al, 2004; Keller, 2004).
The aim of this paper is to empirically test these theoretical arguments in a
common empirical setting. The baseline question is: what is the role of intensity
and variety of internal and external knowledge for regional innovation? This is
indeed not a novel question, but the contribution of the paper is to demonstrate
the role of knowledge for the innovation of regions by bringing together the
literature concerning regional knowledge production function (RKPF) and the
literature concerning international technology diffusion. Furthermore, the paper
follows recent literature (Frenken et al, 2007) and distinguishes between related
and unrelated variety, making it possible to empirically assess the influence of
each type of variety on regional innovation. To the best of the authors’
knowledge, this is the first attempt to implement the idea of related and
unrelated knowledge variety in a study of regional innovation69.
Using panel data on patent applications distributed across 81 Swedish
functional regions, the analyses will show that both the intensity and variety of
internal and external knowledge matter for the innovation of regions, where
related variety seems to play a superior role compared to unrelated variety.
The rest of the paper is organized as follows. Section 2 develops five
hypotheses concerning the role of knowledge on innovation. Section 3 presents
the dataset and the methodology followed in the empirical analysis. Section 4
presents the main findings of the paper. Section 5 summarizes and concludes.

69

There are previous studies showing the positive effect of the concept of related industries on
regional innovation measures (Feldman, 1994; Feldman and Audretsch, 1999; Ejermo, 2005). Yet,
this paper employs the entropy measure, which turns out to be an attractive measure, since it
distinguishes between related and unrelated variety of kowledge.
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2. The role of knowledge variety and intensity on the
innovation of regions
A number of studies, both in the field of regional economics and strategic
management, have recognized that sustained competitive advantages of regions
are related to the ability of regional firms to develop and maintain their
innovation (Grant, 1996; Krugman, 1991; Maskell and Malmberg, 1999;
Saxenian, 1996). Such innovation is furthermore argued to be dependent on the
‘intensity’ and ‘variety’ of the knowledge sources available for a region
(Audretsch and Vivarelli, 1996; Audretsch and Feldman, 2004; Beaudry and
Schiffauerova, 2009).
One source of knowledge is “internal” knowledge sources generated within a
region. A large literature on the knowledge production function (KPF) show that
new knowledge is essentially generated via the “intensity” of R&D activities
(Griliches, 1979) carried out by firms, universities, and research centers
(Audretsch and Feldman, 1996; Acs et al, 2002). The original Griliches’ firmlevel KPF framework has been translated to the regional level, so-called regional
knowledge production function (RKPF) (Jaffe, 1989; Feldman and Florida,
1994). This literature emphasizes that the relevant knowledge for many local
firms is knowledge ‘spilling over’ from local R&D activities.
In addition, it is shown that the accumulation (intensity) of knowledge per se
is not sufficient for a strong innovative performance. The “variety” of
knowledge inside a region also matters (Jacob, 1969; Saviotti, 1996).
Knowledge variety refers to that the knowledge, know-how, and expertise in a
region is most often heterogeneous. Exposure to heterogeneous knowledge
should improve both the creative potential of firms in the region as well as their
ability to develop innovation (Rodan and Galunic, 2004). This is associated with
Schumpeter’s (1934) idea of “novelty by combination”. Duranton and Puga
(2001) called the regions with available variety of knowledge as “nursery cities”,
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because these regions allow firms to try a variety of processes before finding
their ideal process innovation, without costly relocation after each trial. As a
consequence, the existence of variety of regions’ internal knowledge can be
considered as an important factor to explain a region’s innovation. In this
argument, the source of knowledge is external to the firms but still internal to the
region, highlighting the role of region (location) on innovation (Feldman,
2003)70. Drawing on above, the innovation of a region rises with both the
intensity and the variety of the internal knowledge within the region (Asheim et
al, 2011; Berliant and Fujita, 2011). This leads to the formulation of the
following two hypotheses:
Hp1: The higher the intensity of the region’s internal knowledge, the greater
will be the region’s innovation.
Hp2: The higher the variety of the region’s internal knowledge, the greater
will be the region’s innovation.
It is also expected that such variety of knowledge can have even more positive
impact on innovation, if it is a “related” variety rather than “unrelated” variety.
The notion of related variety aims to capture the balance between cognitive
proximity and distance across sectors in a region that is needed for knowledge to
spill over effectively between sectors. The unrelated variety measures the extent
to which a region is diversified in very different types of activity. According to
Frenken et al (2007), the higher the number of technologically- related sectors in
a region, the greater inter-sectorial knowledge-spillovers between those related
sectors, and presumably the more learning opportunities for them. This will
eventually enhance regional innovation (Feldman, 1994). The importance of
knowledge-spillovers for regional innovation is illustrated by the following
70

One way to enhance the variety (heterogeneity) of knowledge in the region/city is recently
suggested to be the existence of creative class and ethnic diversity, which may enhance
knowledge spillover and entrepreneurial opportunity (Audretsch and Belitski, 2013).
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statement in Audretsch and Feldman (2004, p.2719): “innovative activity should
take place in those regions where the direct knowledge-generating inputs are the
greatest [e.g. R&D investment], and where knowledge spillovers are the most
prevalent [which can be achieved by higher related variety in a region, as noted
above]”. The benefit of related variety of knowledge for innovation-related
measures is shown both in the firm-level (Breschi et al, 2003) and in regionallevel studies (Feldman, 1994; Feldman and Audretsch, 1999; Ejermo, 2005;
Antonietti and Cainelli, 2011). In the Swedish case, Ejermo (2005) finds a
positive effect of “weighted-average-relatedness of neighbours” (WARN) on the
patent applications. Such a WARN index gets higher value if the “relatedness”
between the patenting activities in a region gets higher. The unrelated variety
effect, on the other hand, captures the portfolio-effect, which functions as a
regional shock absorber (Essletzbichler, 2007). That is, when a region has a
large number of unrelated industries, it may not be too vulnerable to sectorspecific shocks, such as unemployment (Boschma et al, 2012). While unrelated
variety may be seen as a variety in general and hence beneficial for innovation,
yet, related variety is expected to be more important. The main argument here is
that the more related the industries in a region, the greater the possibility of
intra-regional knowledge spillover between these related industries, which,
consequently, may increase the chance of knowledge generation and hence
increase the innovation of the region. This leads to the following additional
hypothesis:
Hp3: The impact of related variety on the region’s innovation is higher than
the impact of unrelated variety.
Processes of knowledge generation and combination are not only activated by
means of interactions between local knowledge resources. Knowledge can also
be brought into a region from “outside” through the international trade networks.
Here, the knowledge sources are external both to the firm and to the region, i.e.
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global pipeline (Bathelt et al, 2004)71. This is in line with the literature on
international technology diffusion, which proposes that international trade is a
conduit for flow of knowledge into the local firms within the regions (Keller,
2004). This is also in line with ‘Learning-By-Exporting’ literature, arguing that
firms that trade internationally have better access to knowledge about customer
preferences, production techniques and foreign technology, which in turn may
stimulate innovation and productivity (Clerides et al, 1998; Castellani, 2002).
All of this literature emphasizes the importance of the intensity of the external
knowledge as the source of knowledge generation (and consequently innovation)
within the regions. In addition, there is recent evidence suggesting that the more
“related” import and export portfolio of the region, the more learning
opportunity within the region (Boschma and Iammarino, 2009; Boschma et al,
2012), which in turn can imply for more innovation of the region. Such
arguments lead to the following two hypotheses:
Hp4: The higher the intensity of the external knowledge brought into the
region, the greater will be the region’s innovation.
Hp5: The higher the related external knowledge brought into the region (the
more imports and exports are related), the greater will be the region’s
innovation.

To test the five proposed hypotheses, an econometric analysis on 81 functional
regions in Sweden over 2002-2007, controlling for a set of control variables, is
applied. This is presented in the rest of the paper.

71

This has been recognized as one of the stylized facts in the geography of innovation (Feldman
and Kogler, 2010).

105

3. Empirical Analysis
3.1. Data
The geographic unit in the empirical analysis is functional regions. The
Swedish Development Agency (NUTEK) has divided Sweden into 81 functional
regions, each composed of several municipalities. The basic criteria for such
division have been the common local labor market (LLM) and commuting time
(NUTEK, 2005). Andersson and Karlsson (2007) find that knowledge flows in
Sweden transcend municipal borders, but they tend to be bound within
functional regions. This is because of the fact that functional regions differ from
each other in terms of their production of and access to knowledge (Karlsson and
Johansson, 2006). This makes it plausible to choose functional regions as the
unit for the analysis of innovation, as this level of aggregation should mean that
a large part of spatial dependence is internalized within the unit of analysis.
Moreover, as it will be shown in Fig.1, patent applications in Sweden are
strongly concentrated in the "islands of innovation" rather than in neighboring
regions. This adds additional support that spatial dependency should not be a
major concern in this study72. Appendix 1 shows the map of the Swedish
functional regions.
Two sources of statistics are used to build the dataset: Statistic Sweden (SCB)
and the European Patent Office (EPO) database. Data on R&D investment, total
employment in two-digit and five-digit NACE industry, higher educated
employment, import & export, living place of inventors, and population during
2002 to 2007 all originate from Statistics Sweden. The European Patent Office
(EPO) database provides patent data for Sweden which covers the period 2002
72

However, one may argue that collaboration between the firms in the three metropolitan areas
may drive the subsequent results. Similar with previous studies (see Ponds et al, 2010), we
cannot control for this, because the only available collaboration variable (i.e. co-publications) do
not capture this type of collaboration properly. Future research might acquire the data on R&D
alliances to construct a weight matrix and test for these type of spillovers as well.
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to 200773. It accounts for up to 85% of all Swedish patent applications in this
period. A Swedish patent application is the one that has at least one inventor
with a living address in Sweden. Patents are regionalized according to the place
of the inventors. If a patent application has more than one inventor, following
Jaffe et al (1993), it is equally fractionalized based on the number of inventors.
For instance, if a patent application has four inventors, each inventor (and the
corresponding functional region that she or he lives in) receives 25% of that
patent application. The final dataset is the result of merging the data concerning
the determinants of regional innovation with patent data, which provides the
balanced panel dataset of 486 observations consisting 81 units (functional
regions) over the six years period (2002-2007).

3.2. The model and measurements
Analyzing the determinants of regional patent (or other measures of innovation
like product announcements) is extensively performed in so-called Regional
Knowledge Production Function (RKPF) framework (Jaffe, 1989; Feldman,
1994; Feldman and Florida, 1994; Acs et al, 2002). This framework shifts the
unit of analysis from traditional firm-level to the regional-level, while
maintaining the original Cobb–Douglas specification (Audretsch and Feldman,
2004). The general specification of RKPF framework is:
(1)
Where

is inventive or innovative output in region r, and

is the vector of

innovation inputs within the region r, such as R&D investments, inter-industry
knowledge spillover within a region (usually measured by the concentration of
related manufacturing industries in the region), and human capital (described in
73

It is preferable to use the EPO data rather than data from Swedish Patent Office, since in recent
years the number of Swedish patent applications in EPO is increasing relative to Swedish Patent
Office. Hence, it is assumed that EPO data can provide a richer dataset for the study period of this
paper.
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Hp1, Hp2, Hp3)74. Therefore, the main innovation inputs in the RKPF
framework have been considered to be “internal” sources of knowledge
generated within the region. This paper indeed extends the RKPF specification
by adding the “external” sources of knowledge brought into the region, as
additional inputs (explanatory variables) of innovation (output) of regions. This
is motivated by international technology diffusion theory and also by the socalled Learning-By-Exporting literature (described in Hp4, Hp5). Such extended
specification will be presented in this section, after the proper estimator is
chosen.
The negative binomial regression model is applied in order to estimate the
relationship between regional innovation, proxied by patent applications, and its
determinants presented in Section 2. The reason for choosing such estimator is
because of the special feature of the dependent variable. The dependent variable
patent application is count data.75 It also suffers from over-dispersion as the
sample variance is 273 times the sample mean76. In order to handle this situation,
the literature suggests several models such as negative binomial, zero-inflated
negative binomial (ZINB), and hurdle models (Cameron and Trivedi, 2008)77.
The dependent variable does not have many zero values. Only 24% of the patent
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The unit of analysis in RKPF has been either region-technology (Jaffe, 1989; Feldman and
Florida, 1994; Ponds et al, 2010) or region (Acs et al, 2002; Ejermo, 2005; Fritsch and Slavtchev,
2007). This paper chooses the later alternative, while controlling for industry heterogeneity
across regions.
75
It is worthy to note that, however, the patent data is a non-integer data, since the patent data
is fractionalized (based on the number of inventors belonging to different functional regions).
This could violate the usage of negative binomial regression, since this technique is designed for
count data (integer data). To avoid this possible violation, the rounded value of fractionalized
patent data is used in the regression. There are two groups of data that are in the risk of being
under/overvalued after rounding: (i) the observations with the patent value between 0 and 0.5
and (ii) with the value between 0.5 and 1. Nonetheless, the number of observations in former
group is only ten and in the latter one is only eleven. More importantly, the result of binomial
regression before and after rounding is quite similar.
76
The mean value for patent application is 24 and the variance is 6560.
77
Since the mean and variance are not equal, therefore the equidispersion assumption is
violated, which implies that the estimations based on Poisson and Zero-inflated Poisson models
are not the preferred options.
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values are zero in the sample (119 out of 486 observations), which provides little
justification for using a ZINB model.78 Indeed, a Vuong test of zero-inflated
negative binomial vs. (standard) negative binomial speaks in favor of (standard)
negative binomial. The hurdle model is not a preferred model, too, for the same
reason as for the zero-inflated models. Using the negative binomial model, the
formulation for the regional innovation, which is an extension of RKPF, is
written as follows:
Pr(

̃|

̃

)=

̃

̃ = 0, 1, 2, 3,... (2)

Where,

Where

is the number of patent applications in functional region r in year t,

is the vector of internal knowledge variables,
knowledge variables,

is the vector of external

is the vector of control variables,

parameters to be estimated, and

are the coefficient

is assumed to have a gamma

distribution with mean 1 and variance alpha, which can be estimated from the
data. Alpha is the over-dispersion parameter, which corrects for the overdispersion by adjusting the variance independently from the mean (Cameron and
Trivedi, 2008).
The Likelihood-Ratio (LR) test of panel vs. pooled has been always in favor of
panel models (reported in Table 2), hence the panel application of negative
binomial model is chosen. For the dependent variable and most of the regressors,
78

Even if there would be many zero value in the data, it does not necessarily mean that zeroinflated models can be the best option (Cameron and Trivedi, 2008, p.605), since it must be
possible to distinguish between ‘true zeros’ and ‘excess zeros’ in order to be reasonable to use
zero-inflated models. The mechanism for distinguishing these two types of zero is not clear in the
patent applications data, hence the use of zero-inflated models seems to be implausible. An
example of the a situation where it is actually possible to distinguish between true zeros and
excess zeros is when a researcher wants to explain the amount of cigarettes smoked per day,
while s/he has a survey containing both smokers (can cause true zeros) and non-smokers (causing
excess zeros) (Cameron and Trivedi, 2008, p.584).
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the vast majority of the variation in the data consists of the between-variation
rather than the within-variation. Therefore, the fixed-effects estimator may not
be very efficient, since it relies on within-variation (Andersson and Lööf, 2011).
Furthermore, it is argued that fixed-effects estimator may even wrongfully
include the impact of those variables which exhibit only slight changes over
time, i.e. in this paper Related and Unrelated Variety (Fritsch and Slavtchev,
2007). Therefore random-effects estimator (RE) is used in the panel models79.
The phenomenon under study is the innovation of Swedish functional regions.
The number of patent applications for 81 Swedish functional regions during
2002-2007 is used as a proxy for innovation (see Jaffe and Trajtenberg, 2005;
Acs et al., 2002). Patents have been found to be a good proxy of innovative
activity in general (Griliches, 1990) and for regional-level analysis in particular
(Acs et al., 2002)80. This is because patents are granted for inventions which are
novel, inventive, and have industrial application (Andersson and Lööf, 2011)81.
Based on the underlying theories discussed in Section 2, the independent
variables in this paper are grouped into two categories: (I) internal knowledge
and (II) external knowledge.
(I) Internal knowledge: To capture the characteristics of the region’s internal
knowledge, in terms of intensity and variety, three different variables are
included: the intensity of R&D activities of the region, the unrelated variety of
knowledge within the region, and the related variety of knowledge within the

79

Here ‘random effects’ apply to the distribution of the over-dispersion parameter (alpha), which
is the same for all observations in the same group (here functional region) but varies randomly
from group to group.
80
Acs et al (2002) compared the number of new products and patents across US regions and
concluded: ‘‘The empirical evidence suggests that patents provide a fairly reliable measure of
innovative activity’’ (p. 1080).
81
It must be acknowledged that the use of patents as indicators for innovation is not undisputed.
It is argued that not all patents are innovations and not all innovations are patented (Griliches,
1990). Moreover, granted patents are an alternative proxy for innovation. This is discussed in the
introductory chapter of this dissertation.
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region. The first one captures intensity aspect and second and third variables
capture variety aspect.
The measure of the intensity of R&D activity (

) is the log amount of R&D

investments of the region r in year t in Million Swedish Kroner (MSEK)82.
The unrelated variety (URV) of knowledge within the region is measured as
the entropy at the two-digit level (Frenken et al, 2007; Boschma et al, 2012). The
unrelated variety (URV) index for region r in year t is given by:
∑
Where,

(3)

is the employment share in two-digit NACE code for region r in

year t and G is the maximum number of two-digit sectors in region r and year
t83. Theoretically, URVrt gets the minimum value of 0 and maximum value of
log2G. The minimum value happens when all employees in the region working
in the same 2-digit industry, hence no variety exists at all. The Maximum value
happens when there is an equal distribution of employees over all 2-digit
industries. In this case G encompasses all 2-digit sectors of economy (Attaran,
1986).
For measuring the related variety, following Frenken et al (2007), it is
assumed that 5-digit industries are technologically related when they share the
same 2-digit class. These industries are perceived to show some degree of
cognitive proximity, because these 5-digit sectors (e.g. sub-branches in
chemicals) will share some technology and product characteristics in the same 282

The R&D investment refers to corporate R&D investment. In the Swedish case it is documented
that the corporate R&D (not university R&D) is the one that has the significant impact on
innovation of the regions (Gråsjö, 2006). Gråsjö (2006) used patent application as the measure of
innovation of Swedish regions. He found significant impact of corporate R&D (but not university
R&D) on innovation. The lack of significant impact of university R&D has been also found in
explaining the Swedish export (Gråsjö, 2006) as well as Swedish firm formation (Karlsson and
Nyström, 2011).
83
In addition to Unrelated Variety, this paper initially considered the measure of the pure variety,
which is a disentangled measure of variety in five-digit sectors within the regions (Boschma et al,
2012). Substituting the unrelated variety with pure variety measures reveals very similar results.
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digit class (e.g., chemicals). At the same time, these industries are considered to
show some degree of cognitive distance, because these sectors differ at the 5digit level. Then, the more sectors at the 5-digit level within each 2-digit level in
a region, higher the value of related variety. Therefore, related variety (RV) in
region r and time t, as the weighted sum of entropy within each two-digit sector,
is given by:
∑

(4)

Where,
∑

⁄

Where,

is the employment share in five-digit NACE code for region r in

year t,

is the employment share in two-digit NACE code for region r in

year t, G is the maximum number of two-digit sectors in region r and year t, I is
the maximum number of five-digit in the region, and all five-digit sectors i fall
exclusively under a two-digit sector Sg. Similar to URVrt, RVrt gets the
theoretical minimum value of 0 when all employees of the region in 2-digit
industry g are working within the same 5-digit industry i, where i ∈ Sg. The
maximum value, log2I, is achieved when there is an equal distribution of
employees over all 5-digit industries i, where i ∈ Sg (Attaran, 1986).
(II) External knowledge: To capture the characteristics of the region’s external
knowledge, in terms of intensity and variety, two different variables are
included: the amount of export and import, as intensity measure, and trade
related variety index, as variety measure.
The measure adopted as a proxy for the intensity of external knowledge
brought into the region relates to the amount of the international trade linkages
of each functional region (Boschma and Iammarino, 2009). It is measured as:
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(5)

Where,

and

are the value of the import and

export in manufacturing in region r in year t, respectively. The higher the value
of

, the greater is the external knowledge that flows into the region.

The measure adopted as a proxy for the variety of external knowledge brought
into the region is the Trade Related Variety (Boschma et al., 2012). It aims to
measure the extent to which the export portfolio of a region is related to its
import portfolio. Let 1 be a five-digit industry within the two-digit class I(i),
with i = 1,.., n. Then following Boschma and Iammarino (2009), trade related
variety (TRV) is given as follows:
∑
Where,

(6)

is the import entropy in five-digit industries other than 1,

but within the same two-digit industry I(i), i.e. (i

).

(i) is the relative

size of the five-digit export industry 1 (with i = 1, . . . n) in the entire provincial
export.
Several control variables are considered: population density, human capital,
manufacturing

concentration

index,

high-technology

manufacturing

concentration index, number of high-tech large manufacturing firms, and year
dummies. Population density (POPULATION) controls for the size of the
regions and captures urbanization economies. It is measured as the population
per square kilometer in each region each year. Population density is expected to
have positive effect on innovation (Feldman, 1994).
Human capital (HC) is a standard variable in KPF framework. It is shown to
have the significant and positive impact on innovation in firm level (Andersson
and Ejermo, 2005) and regional level studies (Lee et al, 2010). Such a positive
effect on innovation is motivated generally by endogenous growth theory
(Romer, 1986), and specifically by Lucas’s (1988) model, arguing that the
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ability to develop new technology depends on the average level of human capital
in the local economy. It is measured as the fraction of higher educated
employees (employees with three or more years of university education) in
region r year t.
It is shown that sectors differ in their propensity to patent. First of all, service
sector is less likely to patent its knowledge production compared with
manufacturing (Hipp and Grupp, 2005). In order to incorporate this argument,
the paper includes location quotient of the manufacturing specialization
(LQ_MAN). It is calculated as follows:

The higher the value of

(

)

(

)

(7)

, the higher concentration of manufacturing

sectors in the region. This variable controls for the fact that manufacturing
sectors have higher propensity to patent than service sectors, and expected to
have positive sign (Fritsch and Slavtchev, 2007; Paci and Usai, 1999).
Second, even within manufacturing, sectors have shown different behavior in
terms of propensity to patent, because different sectors have different technology
and innovation opportunities, and are thus characterized by different
technological

regimes

(Malerba

and

Orsenigo,

1997).

For

instance,

pharmaceutical and chemical sectors are more likely to patent because they are
in high-tech manufacturing sectors (Scherer, 1983). As for controlling this
second point, the paper includes location quotient of the High-Tech
manufacturing sectors (LQ_HT)84. It is calculated as follows:
(

)

(

)

84

(8)

High-Tech manufacturing sector is defined based on OECD classifications. It consists of
following NACE codes: 2433, 30, 32, 33 and 353. A similar classification is used in other patent
studies, for instance in Andersson and Lööf (2011).
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This variable is also expected to have positive effect on innovation85. Both
(LQ_MAN) and (LQ_HT) are controlling for heterogeneous industry structures
across regions, which stem from the heterogeneous propensity of sectors to
patent.
One would like to see if the result is driven merely by the presence of a few
large firms in industries prone to patenting activity or not. In order to account for
this, the number of large firms (firms with 500 or more employees) in HighTech manufacturing sectors in the region (LRG_HT) is included as another
control variable. It is expected that the presence and dominance of large firms
would have negative effect on regional innovation, ceteris paribus (Acs et al,
1994; 2002).
Finally, year dummies are included to capture heterogeneity between years. In
order to reduce simultaneity concerns, one year lag for all right hand side
variables is used in the subsequent empirical analysis86. The definitions of all
variables are documented in Appendix 2.

3.3. Data Descriptions and correlations
The distributions of main variables, i.e. PATENT, R&D, RV, URV, EXP_IMP,
TRV, over functional regions are illustrated in Figure 1. The values are the
average value during 2002 to 2007.

85

The value of LQ_HT is normalized by
.
is
systematically distributed between -1 and +1 (Fritsch and Slavtchev, 2007; Paci and Usai, 1999).
The same normalization is done for LQ_MAN.
86
It should be acknowledge that one year may not be the best lagging option, as other studies
use a 2 or 3 years lag (Fritsch and Slavtchev, 2007; Ponds et al, 2010), although there are indeed
one-year-lag studies, too (Crescenzi et al, 2012). However, the sample would have been
substantially smaller if the lag was increased.
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Figure 1- Distribution of main variables over Swedish functional regions (average value
during 2002-2007)
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Figure 1 (continue).

The patent applications are geographically concentrated in Sweden, which is
well in line with previous findings in the US and Europe (Audretsch and
Feldman, 1996; Breschi, 1999). In other words, it also shows clear evidence
of over-dispersion of patent applications (Bettencourt et al, 2007), with four
regions over performing than other regions, i.e. Stockholm, Gothenburg,
Malmö, and Linköping, in which the first three ones are the three Swedish
metropolitan areas. On the other extreme, five functional regions do not have
any patent application during the study period, i.e. region 66, 67, 73, 76, and
78 (see Appendix 1 for the name of regions). One interesting point is that RV
is the highest exactly among those four regions with highest patent
applications, while this is not the case for URV. This is already an initial
indication of the stronger association between RV and PATENT compared
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with URV and PATENT. Another interesting point is the regional portfolio
of Stockholm, as the highest producer of patent applications: Stockholm
develops its variety more in a related sense, rather than unrelated sense.
The correlation matrix and descriptive statistics for all variables are
presented in Table 1. Not only internal but also external knowledge sources
(both intensity and variety aspects) are positively correlated with patent
application. Interestingly RV is correlated with patent application twice as
the URV with patent application. This is again an indication of stronger
association between RV and PATENT compared with URV and PATENT,
as noted in Figure 1. The variance inflation factor (VIF) test is performed to
check for multicollinearity between independent variables. All independent
variables received a value of lower than 4 in this test and the overall VIF
score was equal to 2.16. Therefore, it is expected that multicollinearity does
not substantially bias the regression results in Section 487. In addition, we
have performed several regressions, which include and exclude various
variables, in order to avoid including highly correlated variables in the same
regression. These are presented in Section 4.

87

The VIF test is performed after the conventional OLS regressions. There is no formal
threshold for variance inflation factor test, but as a rule of thumb the VIF score below 10 (or
sometimes 5) is said to be the evidence of quite mild multicollinearity.

118

119

0.261
0.818
486

24.02
80.99

0

632

Mean
S.D

Min

Max

0.226
0.545

TRV
HC

0.294

0.455

IMP_EXP

LQ-HT
LRG-HT
Obs.

0.435

RV

LQ-MAN

0.228

URV

0.886

1
0.488

PATENT
R&D

POP

PATE
NT

Var.

11.12

2.04

6.15
1.95

0.171
0.373
486

0.002

0.535

0.174
0.449

0.361

0.403

0.192

1

R&D

4.46

2.76

4.03
0.29

0.384
0.142
486

0.117

0.380

0.359
0.479

0.484

0.678

1

URV

3.13

1.04

2.12
0.45

0.213
0.281
486

-0.21

0.607

0.461
0.690

0.654

1

RV

Table 1. Correlation matrix and descriptive statistics

24.09

0

16.27
3.23

0.143
0.351
486

-0.09

0.553

0.346
0.628

1

IMP_E
XP

0.52

0

0.10
0.13

0.138
0.209
486

-0.12

0.279

1
0.404

TRV

0.125

0.007

0.03
0.02

0.302
0.406
486

-0.06

0.671

1

HC

250.09

0.24

28.24
39.53

0.292
0.293
486

-0.16

1

POP

0.40

-0.77

0.09
0.17

0.038
-0.264
486

1

LQ-MAN

0.75

-1

-0.39
0.44

1
0.24
486

LQ-HT

14

0

0.24
1.21

1
486

LRG-HT

4. Empirical results
The results of negative binomial random effect estimation of knowledgebased determinants of patent application for 81 Swedish functional regions
over the period of 2002 to 2007 are reported in the Table 2. The first model
(column (1)) considers only the effect of the intensity and variety of the
region’s “internal” knowledge. Second model adds the intensity and variety
of the “external” knowledge. Third model controls for the size of regions by
adding POPULATION. Fourth model takes into account the industry
heterogeneity across regions by adding LQ-MAN and LQ-HT. Finally, fifth
model add LRG_HT to take into account the possible dominancy of few
(large) high-tech firms in the region. This is the full model which includes
all explanatory and control variables.
R&D investment and HC are positive and highly significant in all models,
as expected. They show the importance of intensity of internal knowledge
(i.e. generated inside the region) for innovation of the region. Human capital
in particular signifies the importance of highly educated individuals for
producing patents, and that there are positive externalities to formal
education. URV is always positive showing the importance of variety (in a
general sense) for innovation. However, its significance diminishes from
model 1 to the model 5 (full model). On the other hand, the interesting point
is that the related variety of knowledge within the regions (RV) is always
positive and significant, even after controlling for population (in model (3)),
heterogeneous industry structure across regions (in model (4)), and firms
size composition of regions (in model (5)). The robust result concerning RV
can be explained as in Hypothesis 3: A region with higher RV can enjoy the
higher learning opportunity and knowledge spill-overs between the existing
related sectors within that region (compared with regions with high URV)
(Frenken et al, 2007), which eventually lead to higher innovation for the
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region (Feldman, 1994; Audretsch and Feldman, 2004). These results
confirm hypotheses 1, 2, and 388.
The intensity of external knowledge (IMP_EXP) is positive and
significant in the all models in which it is included, thus confirming
hypothesis 4. However, unlike the expectation, the TRV measure shows
negative sign, nevertheless, the significance is weak and it is not a robust
result to explain the innovation of the regions. This means the null of
hypothesis 5 cannot be rejected. TRV indeed has shown some vague results
in previous studies: while it shows the positive and significant effect on
regional employment growth, it shows no significant impact on regional
value-added growth and labor-productivity growth, even with the negative
sign in the later one (Boschma and Iammarino, 2009).
As for control variables, population density is always significant and
positive, which is in line with previous research on RKPF framework
(Feldman, 1994). This shows the positive effect of scale or (pure)
urbanization economies. Model (4) shows that regions with concentration of
manufacturing sectors (LQ_MAN) in general and high-tech manufacturing
sectors (LQ_HT) in particular are performing better in terms of applying for
patents, as expected (Scherer, 1983; Hipp and Grupp, 2005). Moreover,
controlling for such industry heterogeneity (i.e. acknowledging different
propensity to patent in different industries) across regions did not changed
the main results concerning internal and external knowledge. Finally in the
full model, LRG_HT shows the negative sign. Hence, it seems merely a few
large firms prone to patenting activity are not driving the innovation of
regions; rather the patenting activities seem to be also spread out between
many smaller firms in the region89. This is in line with previous studies
88

Because RV and URV show a high correlation with each other (Table 1), we have run
separate regression including only one of them. The result did not change. It is available
upon request.
89
Using the Location Quotient instead of absolute number of High-Tech large manufacturing
firms revealed the same result.
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suggesting that regions dominated by small firms have higher innovation,
ceteris paribus (Acs et al., 1994; 2002). However, the coefficient is not
significant, which makes one to be cautious about interpretation.
Nevertheless, this variable controls for the possible concentration of patent
activities in few (large) firms prone to patenting, and the main results
remained the same.
Since the Maximum Likelihood Estimation (MLE) is used, one way to
compare the models with each other is to use Akaike information criterion
(AIC) or Bayesian information criterion (BIC). Both criteria become smaller
when moving from model (1) to (2) (BIC is not reported in Table 2). This
means that by adding the external knowledge variables in model (2), this
model is getting better in terms of fitness compared with model (1), which
only includes internal knowledge, while there is no evidence of over-fitting
in model (2). In other words, internal knowledge and external knowledge
together can produce the better fit for modelling the patent application
compared with including only one of them. Controlling for POPULATION
in model (3) further improved the model. While moving to model (4) did not
improve the model, model (5), which is the full model, turns out to be the
best model in terms of AIC. The same evidence is also obtained by
performing the Likelihood Ratio test of restricted vs. unrestricted models,
when moving between models90. This can be seen as fulfilling the stated aim
of the paper, i.e. to empirically test various theoretical conjectures (RKPF
and international trade theory) in a common empirical setting.

90

LR test of restricted vs. unrestricted models is not reported in Table 2 and is available upon
request.
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Table 2. Determinants of patent application (2002- 2007), panel negative
binomial estimation
Variables
R&D

(1)

(2)

(3)

(4)

(5)

0.179***

0.157***

0.113**

0.131***

0.080*

(lagged 1 year)
(log)

(0.049)

(0.048)

(0.045)

(0.046)

(0.041)

URV

0.909**

0.686*

0.900**

0.261

0.633

(lagged 1 year)

(0.383)

(0.402)

(0.389)

(0.420)

(0.403)

1.039***

1.030***

0.675**

1.413***

0.993***

(0.272)

(0.272)

(0.275)

(0.285)

(0.280)

1.440***

1.481***

1.271***

1.518***

1.336***

(0.209)

(0.211)

(0.205)

(0.203)

(0.197)

RV
(lagged 1 year)

HC
(lagged 1 year)

IMP_EXP

0.044***

0.040**

0.038**

0.030*

(lagged 1 year)
(log)

(0.016)

(0.016)

(0.016)

(0.016)

TRV

-0.211*

-0.218*

-0.200

-0.195

(lagged 1 year)

(0.127)

(0.120)

(0.131)

(0.126)

POPULATIO
N
(lagged 1 year)
(log)

0.009***

0.010***

(0.003)

(0.002)

LQ_MAN

1.641***

2.121***

(lagged 1 year)

(0.570)

(0.540)

LQ_HT

0.376**

0.259

(lagged 1 year)

(0.182)

(0.170)

LRG_HT

-0.006

(lagged 1 year)

(0.011)

LR test of
Alpha=0
LR test vs.
pooled
Observations
Nr of regions
Year Dummy
AIC

1117.86

1026.34

605.77

1019.33

448.27

(0.000)

(0.000)

(0.000)

(0.000)

(0.000)

328.65

318.99

197.59

319.16

158.91

(0.000)

(0.000)

(0.000)

(0.000)

(0.000)

405
81
YES
1922.45

405
81
YES
1891.28

405
81
YES
1882.08

405
81
YES
1883.07

405
81
YES
1869.89
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Notes for Table 2:

Dependent variable in all models: Number of patent applications in Swedish functional
regions over 2002 to 2007.

The table reports coefficient parameters with standard errors in the parentheses.

*** p<0.01, ** p<0.05, * p<0.1

For LR (Likelihood Ratio) test vs. pooled, Prob≥ χ² in parentheses

For LR test of Alpha=0, Prob≥ χ² in parentheses. Alpha: Over-dispersion parameter
estimated with pooled models.

AIC: Akaike Information Criterion

The likelihood ratio (LR) test of including alpha, over-dispersion parameter,
is reporter in table 2, too. In all models the null hypothesis of alpha equal to
zero in strongly rejected. This means over-dispersion parameter is
significantly different from zero and thus shows (again) that the negative
binomial is a preferred estimation strategy over the Poisson or zero-inflated
Poisson models. Similar estimation choice has been preferred by previous
studies using Swedish patent application data in regional-level (Ejermo,
2005) and firm-level studies (Andersson and Lööf, 2011).

5. Conclusion
This paper analyzed the effect of (i) intensity and variety aspects of internal
knowledge and (ii) intensity and variety aspects of external knowledge on
the regional innovation, measured by patent applications. As for variety
aspect, the paper distinguished between related and unrelated variety for
internal knowledge, and used trade related variety to capture the variety of
external knowledge.
The results of the empirical analysis show that the innovation of regions
rises with both the intensity and the variety of the internal knowledge. The
interesting point is that when it comes to variety of internal knowledge
within the region, knowledge variety per se (captured by ‘unrelated’ variety)
does not substantially affect regional innovativeness, but it has the robust
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and positive impact if it is a ‘related’ variety. This finding is line with
previous literature, though this seems to be the first attempt to implement the
idea of related and unrelated knowledge variety in a study of regional
innovation (see Glaeser et al, 1992; Frenken et al, 2007). The results also
suggest that the intensity of external knowledge flowing into a region has a
positive effect on innovation of a region, which is in line with international
trade diffusion (Keller, 2004) and learning-by-exporting literature (Clerides
et al, 1998; Castellani, 2002; Andersson and Lööf, 2009). The results are not
robust concerning the effect of trade related variety, aiming to capture the
relatedness of the import and export portfolio of regions. Specifically on
internal and external knowledge, these two categories together produce a
better fit for modelling the patent application compared with including only
one of them. In other words, this is fulfilling the stated aim of the paper, i.e.
to empirically test various theoretical conjectures (RKPF and international
trade theory) in a common empirical setting. Further, some of the control
variables included in the analysis provided additional insight.
In a nutshell, some regions produce more patents than others in Sweden
because of several reasons: (i) they are better in generating internal
knowledge (both variety and intensity aspects), (ii) they are benefiting more
from external knowledge flowing into the region from outside through
international trade linkages (intensity aspect), (iii) they are dominated by
High-Tech manufacturing sectors, and (iv) they are benefiting from
urbanization (scale) economies.
What conclusions can be drawn with respect to policy? The main result
shows that having related industries within a region enhances the regional
innovation (because of knowledge spillover occurring between those related
industries). This implies that regions need to be smart and develop the
portfolio of complementary sectors, e.g. by having the related variety
portfolio. Policy makers may help to this in two ways. First, one might think
of a targeted policy for attracting the related sectors to the given region.
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However, it is shown that the entry and exit of sectors to the regions is
governed by a self-selection process of firms (belonging to sectors) and
associated path-dependency process, rather than targeted policy (Neffke et
al, 2011). Instead, what policymakers may do is to look at the past industrial
portfolio of the region, identify the potential sectors that could have
contributed to the related variety portfolio of a given region (but have not yet
arrived to the region), and eventually remove the possible bottlenecks that
have resisted the entry of those related sectors to the region as of yet (Neffke
et al, 2011). Second, another way of helping a region to have the variety of
knowledge is to attract the creative class individuals into a region. Recent
studies suggest that creativity has been a missing pillar in the theory of
knowledge spillover (Audretsch and Belitski, 2013). Diversity, openness to
other cultures, and a greater portion of Bohemians all contribute to a higher
creativity level in the regions and hence higher knowledge spillovers
(Boschma and Fritsch, 2009; Audretsch and Belitski, 2013) and eventually
more innovation. In both of these ways, policymakers may help the regions
to develop the related variety type of portfolio, only in a long run. Such
policy to promote the variety in the region can be a complementary one
beside the classic policy of increasing the R&D intensity of the regions. This
means variety and intensity are two complementary aspects when developing
policies for greater regional innovation.
One may argue that the dominant and positive effect of related variety on
innovation may not be equally strong in various stages of Industry/Product
Life Cycle. Specifically, one may expect the lower effect of related variety
(and variety in general) in later stages of ILC, as the later stages are
characterized by dominant design, standardization, and less heterogeneity of
the firms and products (Vernon, 1966; Utterback and Abernathy, 1975;
Duranton and Puga, 2001). Yet, the data at hand does not allow us to
consider the effect of ILC on related variety and other explanatory variables,
leaving such interesting point for further research.
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Appendix 1-Map of Sweden divided to 81 functional regions (local labor
market)
Source: NUTEK (2005)
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Intensity
Variety
Intensity
Variety

Internal knowledge
External knowledge

Variables

Definitions/Aims

Measures

PATENT rt

Innovation in region r
year t

Number of patent applications in region r year
t, regionalized by the inventors’ living place

R&D rt

Corporate R&D
investment in region r
year t

URV rt

RV rt

IMP_EXP rt

TRV rt

POP rt

HC rt

Control variables

Independent variables

Dep.
Var.

Appendix 2-Variable definitions and measures

LQ_MAN rt

LQ_HT rt

Unrelated Variety: Degree
of sectoral unrelated
variety of region r year t
Related Variety: Degree
of sectoral related variety
of region r year t

Entropy measure in two-digit sector
Weighted sum of entropy
within each two-digit sector

Amount of import and
export in region r year t
(in manufacturing)
Trade Related Varity:
Degree of relatedness
between export and
import portfolio of the
region r in year t
Population density in
region r year t
Human Capital: fraction
of higher educated
employees (HEE) to the
total employees in region
r year t
Manufacturing
concentration index:
Share of manufacturing of
region r year t to the total
economy employment
Hi-Tech Manufacturing
concentration index:
Share of Hi-Tech
manufacturing of region r
year t to the total
economy employment

Weighted sum of import entropy
within each two-digit sector, excluding the
same 5-digit export

(

)

(

)

(

)
(

)

LRG_HT rt

Number of Large HighTech firms

Number of Large High-Tech manufacturing
firms (employee>=500 and NACE code: 2433,
30, 32, 33 and 353) in region r year t

YEAR
DUMMIES

Capturing heterogeneity
between years

y2002-y2007
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Abstract
This paper analyzes the role of innovation on the export behavior of firms.
Using two waves of Swedish Community Innovation Survey (CIS) data
merged with register data on firm-specific characteristics, I estimate the
influence of the innovation activities of a firm on its export propensity and
intensity, respectively. I find that the innovation output of firms (measured
as amount of sales due to innovative products) has a positive and significant
effect on export behavior of firms, while innovation inputs (innovative
efforts) does not have a (direct) impact. Moreover, there is also strong
association of productivity and ownership structure of firms with export
propensity and intensity of firms. The results are robust when unobserved
time-invariant heterogeneity of firm and also potential endogeneity of
innovation-export are taken into accounted.

Key words: Innovation output, innovation input, export propensity, export
intensity
JEL classification: O31, O33, F14
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1. Introduction
There are well-established macro-level theories predicting a positive
association between innovation and export performance. The earlier
technology gap models (Posner, 1961) and product-cycle models (Vernon,
1966; Norton and Rees, 1979; Krugman, 1979) recognized (exogenous)
innovation as a key driver of exports. Subsequent models considered the
possibility of a reverse effect, i.e. export induces higher innovation, within
the trade models of the endogenous growth framework (Grossman and
Helpman, 1991). It is only recently that micro-level models have been
developed, which are able to explain the effect of innovation on export
behavior of firms (Melitz, 2003; Caldera, 2010; Bustos, 2011). The basic
idea is that product innovation is a key factor for successful market entry in
the Schumpeterian growth models based on creative destruction. Such
product innovation would create the competitive advantages for firms to
penetrate the competitive export market, based on differentiated products.
Accordingly,

micro-level

empirical

studies

have

provided

the

microeconomic evidence of the interaction between innovation activity and
exporting (Wakelin, 1998; Sterlacchini, 1999; Roper and Love, 2002;
Lachenmaier and Wößmann, 2006; Harris and Li, 2009; Ganotakis and
Love, 2010; Cassiman and Golovko, 2011; Becker and Egger, 2013).
However, most of these studies consider R&D and innovation as
interchangeable, and usually proxy innovation with indicators of innovative
efforts, such as R&D investment (Aw et al., 2007; Girma et al., 2008; Harris
and Li, 2009)91. Indeed, several of these studies have found an insignificant
relationship between R&D investment and export behavior of firms (e.g.
Lefebvre et al., 1998; Becchetti and Rossi, 2000; Sterlacchini, 2001; Van
Beveren and Vandenbussche, 2010).

91

The study by Ganotakis and Love (2010) is among the few exceptions.
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This paper argues that what really matters for firm’s exports is the actual
innovation output (in the forms of the amount of sales due to innovative
products) rather than innovation input (e.g. R&D investment), because the
ability to enter the export market is eventually influenced by the firm’s
capacity to compete internationally (through introducing new products, for
instance), rather than its mere innovative efforts such as investments in R&D
(Ganotakis and Love, 2010). Moreover, it is known from the innovation
literature that R&D works best as (part of) the innovation input and it is not
necessarily even the most important innovation input (Smith, 2005) and
cannot guarantee the proportional innovation output (Grillichez, 1979). In
addition, considering R&D as a measure of innovation excludes those
smaller firms who do not have any separate R&D department (and hence no
formal R&D investment records), yet who nevertheless innovate (Pavitt et
al., 1987; Wakelin, 1998). Therefore, in this paper I consider the association
between the actual innovation output and exporting, thanks to the availability
of micro-data. While in recent micro-level trade literature there is relatively
rich evidence on the positive association between productivity and export
behavior of firms, there are fewer studies dealing with the role of innovation
for export behavior, especially when innovation is considered as the actual
innovation output of firms.
The purpose of this paper is to analyze the effect of innovation on export
behavior of firms by empirically testing the predictions of product-cycle
models of international trade with micro-level data. The main contribution is
the use of the actual innovation output as a measure of innovation, while
taking into account several sources of endogeneity in the innovation-export
association.
The empirical analysis is based on two waves of Swedish CIS data which
are merged with registered data on firm-specific characteristics. I find microevidence that innovation output (not input) of firms has a positive effect on
their export behavior. Specifically, innovation output leads to an increase in
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later export propensity and intensity of firms, up to 23% and 2.7%,
respectively. The main results turn out to be robust when unobserved timeinvariant heterogeneity of firms and endogeneity of innovation are taken into
accounted.
The rest of the paper is as follows. Section 2 provides the theoretical and
empirical background on innovation-export association. Section 3 discusses
the empirical strategy and introduces the empirical model. Section 4
describes the data. Section 5 presents the empirical results. Section 6 offers
summary and conclusion of the paper.

2. The Innovation-Export association
This section provides theoretical background concerning the InnovationExport association in both the macro- and the micro-level (section 2.1).
Empirical evidence of the theoretical background is presented afterward
(section 2.2).

2.1. The theories on Innovation-Export association
Traditionally, there are two types of macro-level models that have been able
to explain the innovation-export association: (i) the technology gap and the
product life cycle model (Posner, 1961; Vernon, 1966; Rees, 1979,
Krugman, 1979) and (ii) trade models of endogenous growth theory and the
Learning-By-Exporting literature (Grossman and Helpman, 1991; Castellani,
2002). Technological gap and Product life cycle models are probably the
first models (dating back to 60s) that explicitly recognized the positive
association between innovation and export behavior. The main argument in
these models is that developed countries (specifically the US) are able to be
pioneer in innovation, which leads to export of their differentiated products
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to less developed countries (Posner, 1961; Vernon, 1966; Rees, 1979,
Krugman, 1979)92. Subsequently, trade models of endogenous growth theory
have been developed which recognized the reverse direction of the effect
(Grossman and Helpman, 1991), i.e. exporters will be more likely to
innovate in principle because of three reasons: (i) the competition in foreign
markets forces firms to invest in innovation activities in order to improve
both products and processes and hence remain competitive, (ii) the learningby-exporting effect: exporters are more exposed to some knowledge inputs
from foreign customers, which are not available to firms in the domestic
market93, (iii) the scale effect: exporting extends the market and as R&D
investments are largely fixed costs, such investments may be compensated
over a larger sales volume. This helps productivity and provides greater
incentives to invest in R&D and other innovation activities presumably
leading to improvement in innovation (Grossman and Helpman, 1991).
Apart from macro-level models concerning the innovation-export
association, recently micro-level models have been developed to explain the
likely positive effect of innovation on export behavior of firms (Melitz,
2003; Bustos, 2011; Caldera, 2010). Melitz (2003) developed a dynamic
industry model with heterogeneous firms (in terms of resources and
productivity), the so-called self-selection literature. The main argument of
this model is that productive firms (not explicitly innovative firms, though)
can overcome the sunk cost associated with entering the export market. In
this model, the productivity heterogeneity of firms is given exogenously.
Bustos (2011) and Caldera (2010) extend Melitz’s model by endogenizing

92

Technology gap model was more concerned with trade behavior of the homogenous
developed countries, rather than distinguishing between developed and less developed
countries as in PLC models. The main argument in technology gap model is that trade is
caused by the existence of some technical know-how in one (developed) country, which are
not available in other developed countries (Posner, 1961).
93
Accordingly, so called Learning-By-Exporting literature has emerged providing (micro)
evidences concerning the higher productivity (not innovation) due to prior export behavior
(Castellani, 2002).
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the exogenous productivity heterogeneity of firms. Following Romer’s
model of endogenous growth, they propose the possibility that firms may
invest in innovation inputs both to upgrade their technology (product
innovation) and to reduce the marginal cost of production (process
innovation), hence endogenizing the productivity heterogeneity of firms.
Alternative model is proposed by Johansson et al (2014) showing the effect
of various types of knowledge on export behavior.
These models, in principal, predict that innovating firms are more likely to
participate in exporting than non-innovating firms, because innovators find
exporting more profitable than non-innovators. Although innovating and
non-innovating firms face similar fixed costs to enter export markets, the
innovating firms generate a greater expected profit from exporting, which
makes them more likely to export. This argument is in line with the notion of
“asset-exploiting”, which is an internationalization strategy of firms
(Castellani and Zanfei, 2006).

2.2. The empirical
association

evidences

on

Innovation-Export

Early empirical studies provided macroeconomic evidence showing the
positive impact of innovation on export behavior at the country-level (see
Fagerberg (1988) for OECD countries and Greenhalgh (1990) for UK). Later
studies provided the microeconomic evidence for such a positive association
at the firm- or plant-level, thanks to the availability of micro-data. Most of
these studies, however, used R&D expenditure as the indirect measure of
innovation (in other words innovation input). As noted in the introduction
section, the results of these studies using innovation input as the measure of
innovation are inconclusive: some of them found a positive and significant
effect of innovation on export behavior (Hirsch and Bijaoui, 1985; Ito and
Pucik, 1993; Braunerhjeim, 1996), while others found no significant effect
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(Lefebvre et al., 1998; Becchetti and Rossi, 2000; Sterlacchini, 2001; Van
Beveren and Vandenbussche, 2010).
These studies show that there is no conclusive evidence concerning a
“direct” or “immediate” effect of R&D investment (and innovation input in
general) on the export behavior of firms. The most recent micro-level studies
have used survey data, which allowed them to use direct measures of
innovation (in other words actual innovation output). Most of these studies
have been concerned with the effect of product versus process innovation
(measured by dummy variables) on the export behavior of firms (in terms of
“propensity” measured as the probability of exporting and “intensity”
measured as the export value per employee). Generally speaking, these
studies provide evidence that product innovation has a positive effect on
both export propensity (Wakelin 1998; Basile, 2001; Nassimbeni, 2001;
Roper and Love, 2002; Becker and Egger, 2013) and export intensity
(Basile, 2001; Roper and Love, 2002) by increasing the chance of opening
new markets and competitiveness. Evidence of the effect of process
innovations, however, is inconclusive: some studies found no relationship to
export propensity (Nassimbeni, 2001; Higón and Driffield, 2011), some
found a positive effect on both export propensity and intensity (Basile, 2001;
Van Beveren and Vandenbussche, 2010).
When it comes to measuring product innovation output, it is worth noting
that there are at least two other measures. One attractive measure is the
number of new product announcements. It is based on the survey conducted
by Edwards and Gordon (1984) for the U.S. Small Business Administration,
which was used to observe the innovation activities of U.S. companies in
1982. This survey initiated some fascinating US studies (Acs and Audretsch,
1988; Feldman and Florida, 1994), but remained as cross-sectional analyses.
Although a similar initiative was started in Europe in the early 1990s, it has
not become systematic as of yet, hence is not available to be used. Another
measure of innovation output is “new variety triplets”, which is developed
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based on a novel combination of “firm-product code-export destination”
(Andersson and Johansson, 2012; Johansson et al., 2014). This measure used
somewhat looser criteria to identify innovation output for a given firm
compared with “sales due to innovative products”. This is because a firm can
be identified as innovative only if it chooses a new export destination, even
if the product is exactly the same.
The reviewed literature in this section suggests that while there is no
conclusive evidence concerning a “direct” or “immediate” effect of R&D
investment (and innovation input in general) on export behavior of firms,
there seems to be actually more conclusive evidence on the direct effect of
innovation output on export behavior of firm. It is worth noting that an
alternative conceptual framework suggests that innovation input affects
innovation output and then innovation output may affect export. However,
there are few studies testing such framework in a common empirical setting
(Antonietti and Cainelli (2011) is an exception)94. Instead, there is more
evidence on the “innovation input-to-innovation output” relation. Indeed, a
stream of literature on the “two faces of R&D” shows that not only R&D
(innovation input in general) stimulates innovation (output), but also R&D
can facilitate the imitation of other discoveries (by increasing the absorptive
capacity) (Griffith et al, 2004). The first face of R&D is a somewhat older
argument, dating back to at least to the Knowledge Production Function
(KPF) framework, which provides evidence that R&D investment stimulates
the introduction of various measures of innovation at the firm level
(Griliches, 1979). The second face of R&D is a more recent argument,
dating back to at least the arguments on the positive effect of absorptive
capacity of a firm (or knowledge capital of firm) on imitative capacity of
firms and eventually innovation (Cohen and Levinthal, 1990; Klette and
94

Similarly, there are few studies suggesting that knowledge (internal and external) can
positively affect the export behavior of firms (Johansson et al, 2014). We are relying on an
alternative conceptual framework, saying that innovation (input or output, HP1 and HP2)
may affect export behavior of firms.
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Kortum, 2004). However, considering either faces of R&D, innovation
process (transforming innovation input to innovation output) is heavily
characterized to be an uncertain and risky process. This is why I believe that
innovation input per se may not be sufficient to positively influence
exporting (HP1). On the other hand, innovation output (which of course was
fed by innovation input in the past) can have the direct impact in export,
because of product differentiation, among other reasons (HP2). The above
reviewed theoretical and empirical background on innovation-export
association leads to the following two hypotheses:
HP1: Innovation output of firms has a positive and significant (causal)
effect on their export propensity and intensity.

HP2: Innovation input (innovation efforts) of firms may not have a
significant (direct) effect on their export propensity and intensity.

The following sections will test the two proposed hypotheses empirically.

3. Empirical strategy
This section provides the empirical strategy to test the proposed hypotheses.
The basic model to be estimated is introduced (section 3.1). Next, the
potential endogeneity of innovation-export association is discussed and
explicitly taken into account (section 3.2).
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3.1. Basic model
The aim of the empirical analyses is to estimate the effect of innovation
output and innovation input on export propensity and export intensity of
firms. In order to do so, the basic model is formulated as follows:
(1)

Where

is the export propensity and also export intensity of firm

i in year t. Export propensity is a dummy variable which gets value 1 if firm
i is an exporter in year t, 0 otherwise. Export intensity is measured as the
amount (value in SEK) of export per employee for firm i in year t.
is the innovation output of firm i in year t measured as
the

amount

of

sales

of

innovative

products

per

employee95.

is the innovation input of firm i in year t measured as the
sum of six categories of investments in innovation efforts (expenditures).
is the vector of other (exogenous) firm-characteristic variables, i.e.
productivity, size, ownership structure, physical capital, and a cooperation
dummy (the precise definitions of all variables is documented in Table A1).
is sector-specific component that measures differences between sectors,
for instance in terms of export market opportunities or technological
capabilities.

is time-specific component that takes into account

macroeconomic effects and business cycles that may affect the export
decision and intensity.
time-invariant

firm

is a firm-specific effect which captures unobserved
heterogeneity

(such

as

managerial

ability

or

organizational culture) that may affect the export decision and intensity.
is an idiosyncratic error term.
Innovation output and innovation input are the main variables of interest
(based on the two proposed hypothesis in Section 2). As noted earlier,
95

Innovative product is defined as a new or significantly improved product. It could be new
or significantly improved to the firm or to the market (OECD, 2005).
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innovation input is included because many previous studies have used
innovation input (more precisely the R&D intensity) as the measure of
innovation (Ebling and Janz, 1999; Aw et al, 2007; Girma et al, 2008; Harris
and Li, 2009). Although I do not consider innovation input as the true
measure of innovation output (as discussed in Section 1 and 2), it is useful to
include it as a right hand side (RHS) variable for the sake of comparability
with previous studies. Moreover, there are sound reasons to include the
vector of (exogenous) firm-characteristic variables in the model.
Productivity is included because the firm-selection literature provides strong
evidences on the positive association between the productivity level and the
export behavior of firms, as discussed in Section 2 (Bernard and Wagner,
1997; Delgado et al, 2002; Melitz, 2003)96. Size is included in order to
control for firm’s capacity and internal resources (Lachenmaier and
Wößmann, 2006; Caldera, 2010; Higón and Driffield, 2011). Physical capital
is another size variable which is also expected to a have positive effect on
export behavior (Ebling and Janz; 1999; Lachenmaier and Wößmann, 2006;
Andersson and Lööf, 2009). Ownership structure (being a non-affiliated,
being a uninational, being a domestic MNE, or being a foreign MNE) is
included in order to take into account the internal linkages to export markets
(Basile, 2001; Roper and Love, 2002). Being part of the group (either being
uninational, domestic MNE, or foreign MNE) could increase the knowledge
of export markets, especially those export markets where a MNE has a
branch. Cooperation is included in order to take into account the external
linkages to export markets (Nassimbeni, 2001). It is an external linkage
because a firm can learn from external agents (especially the customers) in
the local or exporting market. Furthermore, not including the above control
96

According to learning-by-exporting argument, productivity is suspect to be endogenous in
the equation (1). However, the empirical evidence is weak, with Andersson and Lööf (2009)
as an exception. Indeed the recent surveys of literature show that there is little evidence in
favor of learning-by-exporting argument (Wagner, 2007; Greenaway and Kneller, 2007).
Nevertheless, in the subsequent analysis, Hausman-Taylor estimator is applied, which allows
for endogeneity of productivity in the export equation (in Table 2).
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variables in the model specification would lead to omitted variable biases.
For instance, there is empirical evidence showing that productivity is not
only positivity associated with export behavior, but also with innovation
output. Hence, not including productivity in the model specification can lead
to biased estimations of the effect of innovation output on the export
behavior of firms.

3.2. Endogeneity in the Innovation-Export association
A new export products can be either those products that have been
established on the domestic market for some times (and not included in
recent innovation sales data) or alternatively it can be those products that has
been recently introduced for the first time (hence included in recent
innovation sales data). Therefore, conceptually speaking, at least one factor
that can “lead” to promoting the export behavior of firms is innovation
output. When it comes to empirically testing such a causality link, there are,
however, theoretical arguments and empirical evidence showing that
innovation is endogenous in the export equation. This implies that simply
using Ordinary Least Square (OLS) as the estimator may at best provide a
correlation association between innovation and exports and not any causal
association. There are (at least) two sources for endogeneity of innovation.
First, there might be unobservable firm-characteristics that can affect both
innovation and export (an omitted variable bias). Second, the causation
between innovation and export can work in both directions. In the other
words, there might be a simultaneity bias because firms usually make their
innovation and export decisions simultaneously (Van Beveren and
Vandenbussche, 2010).
The first source of endogeneity is accommodated by applying panel
estimators, assuming that unobservable heterogeneities are time-invariant
(Caldera, 2010; Cassiman and Golovko, 2011). This turns out to be possible
146

thanks to the merging of two waves of the Swedish Community Innovation
Survey (this will be discussed further in section 4). However, the panel is
short (2 years), nevertheless a similar empirical strategy was chosen in Van
Beveren and Vandenbussche (2010), arguing that the relatively short nature
of the panel can be compensated by detailed information on firms’
innovation characteristics.
The second source of endogeneity is stemming from the dual-directional
relationship between innovation and exports, which is motivated by
theoretical arguments as well as corresponding empirical evidences. As for
the theoretical argument, there are two explanations for the innovation and
export association. On one hand, the technology gap and product-cycle
models of international trade predict that innovation is the driving force for
the exports of industrialized countries (Posner, 1961; Vernon, 1966;
Krugman, 1979). On the other hand, endogenous growth models predict that
export contributes to innovation and growth (Grossman and Helpman, 1991).
This means there is the issue of endogeneity of innovation with respect to
export. Hence analyzing the effect of innovation on export simply by OLS
would be biased. Indeed, it is shown that considering innovations as
exogenous may lead to downward-biased estimates of the impact of
innovations on firm-level exports (Lachenmaier and Wößmann, 2006). There
might be several estimation strategies for disentangling the causality
association between innovation and export. First, some studies used the
Granger-causality test to see which of the innovation effect or the export
effect comes first chronologically in panel data studies (Bernard and
Wagner, 1997)97. Second, Becker and Egger (2013) explicitly take into
account the self-selection of firms into innovation (both product and process)
in order to avoid the assumption stating that firms innovate randomly. This
way, they endogenize product and process innovations when estimating their
97

These studies are usually on productivity-export association, rather than innovationexport association.
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impact on exports. Third, an Instrumental Variable approach is used to
endogenously identify the effect of innovation on exports in cross-sectional
studies (Lachenmaier and Wößmann, 2006; Harris and Li, 2009; Ganotakis
and Love, 2010). For instance, Lachenmaier and Wößmann (2006) used
exogenous innovation impulses and obstacles as instruments for actual
innovation in the export equation. They argue that innovation impulses and
obstacles affect innovation but they do not affect exports, hence providing a
reliable instrument. I pursued this third option to identify the variation in
innovation that is reliably exogenous to exports. Moreover, since exporting
activities tend to be persistent over time (Aw et al., 2007; Andersson and
Lööf, 2009), a causality inference would be difficult when past exporting
experience is not properly controlled for (Van Beveren and Vandenbussche,
2010). In order to further accommodate this source of endogeneity, I used an
alternative measure of export propensity, i.e. the export starter, instead of
merely engaging in export activities. Using this alternative measure allows a
clearer causal inference compared to using a dummy variable indicating a
mere engagement in export activities. This is because, for example, a firm
reporting export activity in 2008 may have been a persistent exporter, since
several years ago. But if a firm starts to export in 2008 for the first time ever,
then its prior innovation output in 2006 can be interpreted as a causal effect
on its exporting activity, conditional on controlling for other important
factors. In order to construct such an alternative measure of export
propensity, i.e. the export starter, I have merged the two waves of CIS with
the registered data on export, which allows to trace back the exporting status
of the firms in CIS sample up to 2002. Hence, the dummy variable export
starter gets value 1 if a given firm starts to become exporter in 2006
(&2008) since 2002. I cannot trace the firm’s export status further back than
2002 in the current dataset. However, since firms are persistent in their
export behavior (Andersson and Lööf, 2009), it may safely be assumed that
if a firm has not been an exporter since 2002 and then becomes exporter, for
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instance, in 2008, then the firms actually starts to become an exporter for the
first time in 2008. The result of such an alternative estimation is reported in
Table A4 in the appendix.
Another way to discuss the second source of endogeneity is the
simultaneity bias, since firms usually make their innovation and export
decisions simultaneously (Van Beveren and Vandenbussche (2010). In order
to handle this bias, one stream of studies use simultaneous equation systems
to disentangle the determination of exports in an export equation from the
determination of innovation in an innovation equation (Aw et al., 2007;
Girma et al., 2008; Higón and Driffield, 2011). In these studies the
innovation (or sometimes R&D) and export equations are simultaneously
estimated either by bivariate probit models or 3SLS (depending on
dependent variable) or alternatively with Maddala (1983)’s 2-stage
procedure. Such models can allow the error terms of the two equations to be
correlated, since the dependent variable in each equation is among the RHS
variables in the other equation. Using a simultaneous equation approach
requires meeting some conditions: one needs to (i) find proper exogenous
variables in each equation, (ii) consider the rank condition, and (iii) there
should not be the same economic agent in both equations (Wooldridge,
2009). However, these conditions are not always easy to motivate in the
empirical work. Furthermore, the aim of above mentioned studies using the
simultaneous equation was indeed different than the aim of this paper. They
were interested in the bi-directional effects in the innovation-export
association, while this paper is interested in the causal effect of innovations
on exports. Instead, I follow another stream of studies that used lagged RHS
variables in order to mitigate the simultaneity bias (Van Beveren and
Vandenbussche, 2010; Caldera, 2010).
When the concern is endogeneity issue, it is also fruitful to note the
contribution of CDM models. Crepon et al (1998) consider a reduced form
of the model to overcome the problem of endogenous explanatory variables
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in the innovation input-to-innovation output and also innovation output-toproductivity associations. Lööf and Heshmati (2006) advanced the method
and instead used the Instrumental Variable approach. This is indeed the
approach that I adopt in this paper, despite focusing on a different
association compared with the family of CDM model studies.

4. Data and descriptives
The innovation related data in this study comes from two waves of the
Swedish Community Innovation Survey (CIS) in 2004 and 2006. The CIS
2004 covers the period 2002-2004 and CIS 2006 covers the period 20042006 for both manufacturing and service firms in Sweden. Only firms with
10 and more employees are covered in these two CIS waves. Among them,
the stratum with 10-249 employees has a stratified random sampling with
optimal allocations and the stratum with 250 and more employees is fully
covered. The response rate in both waves was close to 70 percentages. I only
use manufacturing firms in order to avoid the complication concerning the
export behavior of service firms. This yields approximately 1800
manufacturing firms in each wave. In addition, I only kept those firms that
participated in both waves, because I am interested in tracing the same firms
over time in both waves. This yields 1586 firms that are appearing in both
waves (88% of 1800 firms) and in total 3172 observations. Finally, the
innovation-related data is merged with other firm-characteristics data (e.g.
export, productivity, size) coming from registered firm data in Statistic
Sweden (SCB)98. The descriptive statistics and correlation matrix is reported
in Table A2 in appendix. The mean VIF score is 1.64 and all individual
variables get a VIF score of below 3. This implies that multicollinearity is
98

In terms of data cleaning, only export intensity is subject to transforming the missing
values to zero. Moreover, only two observations got negative values after logging the export
intensity.
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mild and may not bias the subsequent regression analyses in Section 5.
Moreover, Table 1 shows the cross tabulation of innovation status and export
status of the firms in the sample.

Table 1- Cross tabulation of innovation status and export status of firms in the
sample
Exporter
(t=2004, 2006)

Total

Exporter
(t=2006, 2008)

Non-Exporters
(t=2006, 2008)

Firms

% of total
sample

Firms

% of
Innovator
/ noninnovator

Firms

% of
Innovator
/ noninnovator

Firms

% of
Innovator/
non-innovator

Innovators
(2004)

689

43%

553

80%

556

81%

133

19%

Non-Innovators
(2004)

897

57%

524

58%

524

58%

373

42%

Innovators
(2006)

623

39%

505

81%

503

80%

120

20%

Non-Innovators
(2006)

963

61%

575

64%

564

59%

299

41%

Table 1 shows that 43% of the total sample were innovative firms99 in 2004.
80% of these innovative firms were already exporter in 2004. This is an
initial indication that there is strong association between being innovative
and being exporter. Moreover, there was a 1% increase in being an exporter
among these innovative firms two years later in 2006. Although a tiny
increase, it is an initial indication of a possible positive effect of the
innovation of firms on their later export behavior. Looking at year 2006,
39% of the firms in the sample were innovative. 81% of these innovative
firms were already exporters in 2006. Again this is an initial indication that
there is a strong association between being innovative and being an exporter.
Moreover, there was a 1% decrease in being an exporter of these innovative
firms two years later in 2008. This is indeed a tiny decrease in export
behavior of these innovative firms. Nevertheless, it seems as if the economy
99

In line with previous CIS studies in Sweden, a firm is perceived innovative if it has a
positive value in both the innovation investments and the sales of innovative products (Lööf
and Heshmati, 2006).

151

as a whole generated less exports in 2008 compare with 2006 data because
the number of exporters who were non-innovative in 2006 dropped more
dramatically between 2006 and 2008 by a 5% decrease. Hence once again,
being an innovative firm seems to benefit firms in terms of their export
behavior. However, this is just an initial indication and for a solid
interpretation other important factor should be controlled for. This is done in
the next section.

5. Results
This section provides the results of the empirical estimation of several
models: the basic model that takes into account unobserved time-invariant
heterogeneity, the model that takes into account the potential endogeneity in
innovation-export association, and finally a model that uses an alternative
measure of export propensity.

5.1. The basic model
As argued in the empirical strategy (Section 3), there might be some
unobserved time-invariant heterogeneity in the basic model, i.e. an omitted
variable bias in the relation between innovation and export (Caldera, 2010).
There are two common choices of panel estimator, i.e. Fixed Effect (FE) and
Random Effect (RE). The Hausman test speaks in favor of FE estimator.
However, as discussed by Baltagi (2008), we should not automatically
interpret a rejection of the null hypothesis in a Hausman test as a rejection of
the RE-model, since there are quite strong assumptions underlying this test. I
indeed prefer not to use FE for three reasons. First, most of the explanatory
variables have considerably lower within variation compared to their overall
and between variations. And considering that FE operates through within
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transformation, it is expected that FE will not work well in the case of this
paper (Wixe, 2014). Second, FE wipes out the time-invariant RHS variables.
If I use FE, among other things, three ownership structure variables will be
wiped out, and hence we would not be able to see their effect in the analysis
anymore. Third, it is not recommended to use FE if the dataset is
characterized by the “small T, large N", which is particularly the case in the
dataset used in this paper (Nickell, 1981). This is because the demeaning
process which subtracts the individual’s mean value of each X creates a
correlation between regressor and error. Therefore I have reported RE
results. Indeed other studies similar to this study (dealing with the relation
between innovation and export) used the same choice of RE estimator (see
Caldera (2010) and Cassiman and Golovko (2011)). However, the main
drawback of RE estimator is that it does not allow for correlation between
the regressors and the time-invariant firm-specific term (ai in Equation 1),
which is a strict assumption. In order to (partly) remedy this, I add HausmanTaylor estimator (RE-HT), allowing for correlation between some of the
RHS variables with time-invariant firm-specific term (Hausman and Taylor,
1981). This way, I am accounting for the potential endogeneity of some of
the RHS variables (especially productivity, considering the learning-byexporting effect), while it is still possible to see the effects of time-invariant
RHS in the analysis. Table 2 reports the results.
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Table 2- Export determinants (Panel estimators)
Dependent variables: Export propensity and Export intensity in 2006 & 2008
Export propensity
(t=2006, 2008)
(1) Probit (2) Probit
(3) RE(RE)
(RE)
HT
Innovation output
(t=2004, 2006)

Innovation input
(t=2004, 2006)

Productivity
(t=2004, 2006)

Size

Export intensity
(t=2006, 2008)
(4) GLS
(5) Tobit
(6) RE(RE)
(RE)
HT

0.096
(0.133)

0.216*
(0.128)

0.008
(0.009)

0.088**
(0.036)

0.318**
(0.139)

0.077*
(0.047)

-0.035
(0.077)

-0.021
(0.073)

-0.002
(0.004)

0.040*
(0.022)

0.040
(0.055)

0.026
(0.020)

0.105***
(0.040)

0.811***
(0.168)

2.286***
(0.473)

0.155
(0.176)

2.004***
(0.585)
0.416**
(0.204)

0.865***
(0.223)

0.055***
(0.014)

0.186***
(0.070)

0.170
(0.127)

0.134
(0.083)

0.336**
(0.160)

0.424***
(0.161)

-0.004
(0.011)

0.046
(0.073)

0.217
(0.167)

0.150**
(0.076)

0.747*
(0.440)

-0.016
(0.060)

0.585*
(0.303)

1.425**
(0.631)

0.425
(0.278)

Domestic MNE

1.900***
(0.687)

-0.043
(0.084)

1.121***
(0.323)

3.473***
(0.596)

0.181
(0.368)

Foreign MNE

1.696**
(0.717)

0.005
(0.085)

1.365***
(0.325)

3.293***
(0.631)

0.990***
(0.375)

Cooperation

-0.486
(0.319)

-0.452
(0.311)

0.020
(0.024)

0.051
(0.114)

-0.086
(0.302)

0.060
(0.107)

YES
YES
941

YES
YES
956

YES
YES
941

YES
YES
841

YES
YES
941

YES
YES
841

(t=2004, 2006)

Physical capital
(t=2004, 2006)

Uninational

(t=2004, 2006)

Sector Dummy
Year Dummy
Observations

Notes: *** p<0.01, ** p<0.05, * p<0.1, Specifications (1), (2), and (3) report the Average
Marginal Effects (AMF) and specifications (4), (5), and (6) report the coefficients.
Conventional standard errors is reported in parenthesis for specifications (1) (2) (3) (6),
Robust standard errors in parenthesis for specification (4) and clustered standard errors on
firms in specification (5). Specifications (3) and (6) use Hausman-Taylor estimator, in which
productivity, innovation input, all three corporate ownership variables, and cooperation are
considered to be endogenous.
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When it comes to export propensity, specifications (1) and (2) reports the RE
Probit model and specification (3) reports the Hausman-Taylor estimator.
When it comes to export intensity, specification (4) reports Generalized
Least Square with Random Effect estimator, specification (5) reports
Random Effect Tobit estimator, and specification (6) reports HausmanTaylor estimator. Concerning the specification (5), I used a pooled Tobit
with clustered standard errors on firms. This is an alternative to the panel
estimator of Tobit, since the initial value was not identified for maximum
likelihood estimation.
Innovation output has positive but not significant effect on the probability
of exporting in model specification (1) and (3). Some previous studies found
similar results (Sterlacchini, 1999; Roper and Love, 2002)100. Sterlacchini
(1999) found that the extent of firms’ innovative activity (both input and
output) plays a relatively little role in explaining the probability of exporting
but is important in explaining the extent of firms’ export intensity. Similarly,
Roper and Love (2002) found no significant effects of innovative sales on
becoming an exporter (but positive and significant effect on export
intensity). Interestingly, innovation output shows significant effect only after
dropping productivity and ownership structure in the specification (2). This
shows that innovation output has positive and significant effect on export
propensity but that there are other more important determinants, i.e.
productivity and ownership structure. This is in line with well-established
firm-selection literature, which recognizes the productivity of firms as the
main driver of exporting.
Moving to export intensity, innovation output has positive and significant
effect on the intensity of exporting in model specification (4). This is well in
line with previous studies (Roper and Love, 2002; Lachenmaier and

100

However, it may not be asserted as a conclusive finding, as other studies found positive
impact of innovation on both probability of exporting and intensity of export, for instance
Nassimbeni (2001) in the sample of Italian small manufacturing firms.

155

Wößmann, 2006; Girma et al, 2008; Harris and Li, 2009; Ganotakis and
Love, 2010). There are many observations that have zero values in their
export intensity101. This suggests that GLS may not be the best estimator.
The literature used a Tobit model specification which is left-censored with
zero value to accommodate this issue (Wakelin, 1998; Sterlacchini, 1999;
Basile, 2001; Roper and Love, 2002)102. This is reported in the specification
(4) and the results remain similar to those in the specification (3). Moreover,
allowing for endogeneity of productivity, innovation input, all three
corporate ownership variables, and cooperation, the results remain the same
in the specification (6).
One interesting result is that it is innovation output (and not innovation
input) that matters for the export behavior of firms. This means that it may
not really matter how much a firm invests in innovation input, but as soon as
a firm succeeds in actually introducing an innovation out there in the market,
then its export behavior will be positively affected. I have kept innovation
input and innovation output always in the same model specification, because
I wanted to control for the level of innovation input while interpreting the
innovation output. This should not cause multicollinearity problem as the
correlation between this two variables are not so high (indeed the mean VIF
score is 1.64 and all individual variables get a VIF score of below 3).
Nevertheless, for the sake of the sensitivity analysis, I include and exclude

101

There were also several observations that had missing values in their exporting, which
were transformed to zero values.
102
Alternative strategy would be to use Heckman model. However, in order to apply the
Heckman model, one need to deal with the identification issue properly, i.e. which variable
to drop from the selection equation (Wooldridge, 2009). I do not have any strong reason to
believe that any specific variable(s) should be dropped. Nevertheless, I assumed that there
are actually some reasons to drop variable(s) from the selection equation in order to
accommodate the identification issue. Then, I have dropped several variables from selection
equation and run several Heckman estimations. However, the coefficient of inverse-Mills
ratio (lambda) has never turned out to be significantly different from zero, hence no good
reason to believe that selection bias indeed exists in the sample.
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innovation input and output, and the results remained the same103. Indeed
recent studies provide the similar insight concerning the importance of
innovation output (and not innovation input) for firm’s export, despite
methodological difference and the way that they measured innovation input
and output (Nassimbeni, 2001; Aw et al, 2007; Van Beveren and
Vandenbussche, 2010).

5.2. Endogeneity in the innovation-export association
As discussed in the empirical strategy (Section 3.2), there are theoretical
arguments and empirical evidence showing that there is a potential
endogeneity for innovation in the innovation-export association. To test the
robustness of the results, an instrumental variable approach and a 2SLS
estimator is used (following Lachenmaier and Wößmann, 2006; Harris and
Li, 2009; Ganotakis and Love, 2010; Caldera, 2010; Van Beveren and
Vandenbussche, 2010). This implies that the innovation output is estimated
using some instruments plus other exogenous variables in the 1st stage. Then
the predicted value of the innovation output (obtained from the 1st stage) is
used in the 2nd stage to yield the unbiased causal effect of innovation output
on export. The main issue in using the instrumental variable approach is
finding valid instruments(s). A valid instrument in the case of this paper is
the one which is correlated with innovation output but not with exports.
Following previous studies dealing with endogeneity of innovation in the
innovation-export association, I used six instruments104. The first three are
investments in internal R&D, external R&D, and other knowledge sources.
First of all, it is known that internal R&D positively affects innovation
103

This sensitivity analysis is available upon request. Neither dropping innovation input nor
using innovation input and output in separate regressions changed the main result.
104
There are other potential instruments that used in previous studies, but unfortunately
not available in Swedish CIS, for example governmental support, used in Ganotakis and Love
(2010) and Caldera (2010). Moreover, there are some potential instruments used in previous
studies that showed unexpected sign in this paper, therefore not used.
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output. Among all other literature, the theoretical and empirical evidence of
such claim is provided by the “two faces of R&D” literature (see Section 2).
Second, internal R&D can be considered as exogenous to a firm’s export
activity as a firm’s R&D effort is not directly affected by variables that also
affect a firm’s exporting activity (Ganotakis and Love, 2010). For instance, a
firm’s R&D department is not directly related to its sales/marketing
department (which may or may not have contacts with abroad customers)
and therefore it is unlikely that the R&D department will receive impulses
for the R&D of its products especially from overseas customers
(Lachenmaier and Wößmann, 2006). In addition, Smallbone et al. (2000)
find that firms start considering the commercial viability of a new product
and deal with marketing issues only after the R&D stage has been
completed. Moreover, Van Beveren and Vandenbussche (2010) also used
internal and external R&D investment as two instruments in their study and
argued that internal and external R&D are inputs to innovation output (so
they should be correlated), while there is no evidence that they should be
correlated with exporting. These two instrumental variables are part of the
Innovation Input in the case of this paper and indeed the effect of Innovation
Input on exporting in the analysis already turns out to be insignificant (Table
2). This provides the evidence for internal and external R&D to be valid
instruments. The fourth and fifth instruments are the obstacles for innovation
output, following Lachenmaier and Wößmann (2006)105. The two
instruments are the extent to which lack of outside funds was an obstacle for
innovation (0-3 scale) in 2004 (& 2006) and the extent to which the lack of
necessity of doing innovation due to prior innovation was an obstacle for
innovation (0-3 scale) in 2004 (& 2006). They argued that these two
instruments should have a negative effect on innovation output, while no

105

Lachenmaier and Wößmann (2006) used three obstacles and three impulses for
innovation as instruments. We only used two of them, since the rest of them are either
st
insignificant in 1 stage of 2SLS or have unexpected signs.
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effect on exporting. The last instrument is human capital, measured as the
fraction of the employees with three or more years of university education.
While there are well-established theoretical and empirical evidence that
human capital is strongly associated with innovation (Lucas, 1998;
Carbonara and Tavassoli, 2013), the evidence for an association between
human capital and exports seems to be less strong. This may qualify human
capital as a potential instrument. However, it should be acknowledged that
such a claim cannot be asserted firmly, since previous studies did not use this
instrument. Nevertheless, once we accept that at least one of the suggested
instruments is exogenous to export performance, we can test for the
exogeneity of the other instruments by applying the over-identification tests
(Lachenmaier and Wößmann, 2006). The result of the 2nd stage of 2SLS
estimation is reported Table 3 (the result of 1st stage is reported in the
appendix in Table A3).
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Table 3- Accounting for endogeneity of innovation
Dependent variables (in 2nd stage of 2SLS): Export propensity and Export intensity
2006 & 2008
Export propensity
(t=2006, 2008)
(7) 2SLS
(8) 2SLS

Export intensity
(t=2006, 2008)
(10) 2SLS
(9) 2SLS

0.198***

0.233***

2.341**

2.789***

(0.073)

(0.084)

(0.915)

(1.046)

-0.023**
(0.009)

-0.026***
(0.010)

-0.155
(0.112)

-0.199
(0.125)

0.004
(0.045)

-0.012
(0.051)

1.104*
(0.572)

0.903
(0.633)

0.016
(0.010)

0.017
(0.011)

0.204
(0.129)

0.208
(0.137)

0.013
(0.011)

0.011
(0.012)

0.124
(0.141)

0.107
(0.152)

Uninational

0.091**
(0.037)

0.093**
(0.039)

1.362***
(0.461)

1.384***
(0.492)

Domestic MNE

0.132***
(0.039)

0.128***
(0.042)

3.026***
(0.496)

2.974***
(0.531)

Foreign MNE

0.095**
(0.044)

0.087*
(0.047)

2.565***
(0.551)

2.467***
(0.593)

Cooperation

-0.055**
(0.027)

-0.061**
(0.029)

-0.331
(0.338)

-0.401
(0.365)

YES
YES
938

YES
YES
938

YES
YES
938

YES
YES
938

Sargan test

7.45
(0.281)

0.517
(0.915)

11.15
(0.083)

3.031
(0.386)

DWH test

10.56
(0.001)

12.95
(0.000)

7.11
(0.007)

9.21
(0.002)

F-test of 1st stage

5.17
(0.000)

5.57
(0.000)

5.17
(0.000)

5.57
(0.000)

Innovation output
(predicted) (t=2004,
2006)

Innovation input
(t=2004, 2006)

Productivity
(t=2004, 2006)

Size
(t=2004, 2006)

Physical capital
(t=2004, 2006)

(t=2004, 2006)

Sector Dummy
Year Dummy
Observation

Note 1: The table reports only the 2nd stage of 2SLS estimation (result of 1st stage is reported
in Appendix A3). Innovation output is the predicted value obtained from 1 st stage estimation.
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More specifically, in the 1st stage, innovation output is instrumented by six instruments in
specifications (7) & (9) and by three instruments in specifications (8) & (10).
Note 2: Sargan test is an over-identification test with its p-value in the parentheses. Except the
specification (9), the null hypothesis is not rejected, meaning that there is no evidence of overidentification in the specifications (7), (8), and (10).
Note 3: DWH test is the Durbin-Wu-Hausman test of endogeneity with its p-value in the
parentheses. The null hypothesis is strongly rejected in all specifications, indicating that the
effects of endogenous regressors on the basic OLS estimates are indeed meaningful, and
instrumental variables techniques are required.
Note 4: F-test of 1st stage with its p-value in the parentheses shows the overall fitness of
model specifications using the instruments. In all model specifications, the null is rejected,
meaning that instruments are strongly related to the innovation output.

Table 3 reports the 2nd stage of 2SLS estimation. The dependent variable in
Specification (7) and (8) is export propensity and in specifications (9) and
(10) is export intensity. The innovation output (Innovation_O) is the
predicted value obtained from 1st stage estimation. More specifically, in the
1st stage, innovation output is instrumented by six instruments in
specifications (7) and (9) and by 3 instruments in specifications (8) and (10).
The reason for having these four specifications is that the over-identification
test (Sargan test) showed evidence of over identification in specification (9).
Therefore, the insignificant IVs are dropped one by one in specification (10’)
until the Sargan test reject the null hypothesis of over-identification. This
implied dropping three instruments in specification (10’), which eventually
leaves this specification without any evidence of over-identification.
Moreover, although the Sargan test does not show evidences of overidentification in specification (7), the same three IVs which were dropped in
specification (10’) are also dropped in specification (8’) for the sake of
consistency of specifications in export propensity and export intensity
specifications. Therefore, there is no evidence of over-identification in
specification (7), (8), and (10). The results in specification (7) and (8)
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implies that if the amount of innovation output of a firm is driven by the
amount of internal R&D, external R&D, and amount of human capital, then
the probability of a firm engaging in exporting will increase by almost 20%
to 23%.

Interestingly, the null hypothesis of the DWH (Durbin-Wu-

Hausman) test is strongly rejected in all specifications, indicating that the
effects of endogenous regressors on the basic OLS estimates are meaningful,
and that instrumental variables technique is indeed required to have an
unbiased estimate.
The results in Table 3 show that the innovation output is a strong predictor
of both export propensity and export intensity. This implies a robustness of
the previous results (Table 2), when the endogeneity of the innovationexport association is taken into account. More importantly, the effect of
innovation output on the export behavior of firms may be seen as a causal
effect, since the IV approach allows for the consideration of the variation in
innovation which is exogenous to exports. Moreover, in order to further
provide the evidence for causal effects of innovation output on export
behavior, I used an alternative dependent variable for export propensity, i.e.
a firm being an export starter, as discussed in Section 3.2106. The results of
such an alternative specification are reported in Table A4 in the appendix,
which again shows the positive effect of innovation output on becoming an
exporter two years later. This can be interpreted as that the innovation output
induces a firm to become an exporter two years later.
Once again there is no positive effect of the innovation input on the export
behavior of firms in Table 3 (even a negative effect on export propensity).
Interestingly, productivity is not a significant predictor of export behavior
anymore, while ownership structure still is. All in all, the null of both
hypotheses in this paper is rejected.
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In 2006, out of 1586 firms in the sample, 1080 were exporter and 78 of them were export
starter. In 2008, out of 1586 firms in the sample, 1070 were exporter and 92 of them were
export starter.
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Finally, in order to provide insight concerning the magnitude of the effect
of innovation output on the export behavior of firms, the average marginal
effect (AME) is calculated (in case of non-linear estimators) for more
preferred model specifications. The more preferred model specifications in
the case of export propensity are model specification (2), where timeinvariant

unobserved

heterogeneity

is

controlled

for,

and

model

specifications (7) and (8) where it is possible to have (to some extent) causal
interpretations. Accordingly, a 1% increase in innovation output of firms
(sales due to innovative products) would lead to 20% to 23% increase in the
probability of engagement in exporting (export propensity), depending on
the model specification. In addition, the more preferred model specifications
in the case of export intensity are model specification (5), where timeinvariant unobserved heterogeneity as well as left-censored data are
controlled for, and also model specification (10) where it is possible to have
causal interpretations, while there is no evidence of over identification of the
used instruments. Accordingly, a 1% increase in the innovation output of
firms (sales due to innovative products) is associated with 0.32% increase in
the amount of sales due to exporting (export intensity) based on model (5).
The effect is more pronounced when the endogeneity of innovation-export
association is taken into account in the model (10): a 1% increase in the
innovation output of firms (sales due to innovative products) would lead to
2.7% increase in the amount of sales due to exporting (export intensity).
Such a more-pronounced effect of innovation on export after controlling for
endogeneity is indeed in line with previous studies (Lachenmaier and
Wößmann, 2006).
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6. Conclusion
The purpose of this paper was to analyze the effect of product innovation on
export behavior of firms by empirically testing the prediction of productcycle models of international trade with micro-level data. The main
contribution of the paper is to distinguish between the effect of innovation
input and innovation output on export behavior of firms. Accordingly, an
attractive measure of the actual innovation output as a measure of product
innovation (i.e. the amount of sales due to innovative products per
employee), was used. Moreover, the analysis took into account several
sources of endogeneity in the innovation-export association, i.e., omitted
variable bias, bi-directional correlation, and simultaneity bias. The empirical
analysis was based on two waves of the Swedish CIS data which was
merged with registered data on firm characteristics.
Both hypotheses of this paper concerning the effect of innovation input
and innovation output on export behavior of firms are confirmed. I find
micro-evidence that the innovation output of firm has a significant, positive,
and causal effect on two years later export behavior of firms, in terms of
export propensity and export intensity. This finding means that product
upgrading allows firms to differentiate their products from rival firms, which
may give a better advantage over competitors in export markets.
Interestingly, innovation input has no significant (direct) effect on export
behavior of firms. An interpretation of this finding is that what really matters
for the export behavior of firms are their actual innovation output, and not
the mere innovation efforts (measured as six types of investments in
innovation activities). A similar conclusion is made in previous studies,
however in different topic. Among others, Crepon et al (1998) conclude that
what matters for productivity of firm is innovation output and not innovation
input. In this study, I have the same argument, but instead of productivity, I
focused on export behavior of firms. Moreover, the effect of innovation
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output on export propensity (probability of entering the export market) is,
however, less pronounced after controlling for productivity level and
ownership structure of the firm. This shows the strong association of
productivity and ownership structure of firms with the probability of export
participation. Concerning policy implication, the findings of the paper
suggest that in order to improve the export behavior of firms, it is necessary
to improve the innovation behavior of firms. This is particularly vital for
small and export-oriented economies like Sweden. When it comes to
innovation, it is indeed the actual innovation output that matters for
improving the export behavior, not the mere innovation input (investment).
This triggers the attention to improve the national innovation system and
mitigating the classic Swedish paradox (Edquist, 2005).
This paper opens up two suggestions for further research. First, at the
moment, the export intensity of firms are measured based on the aggregate
monetary value of their export. Following recent studies (Andersson and
Johansson, 2012; Johansson et al, 2014), one could pursue further and
disaggregate the export value to its component, e.g. the unit export price per
product-specific per firm, and the export quantity (in kilograms) per productspecific per firm. Then it would be interesting to examine whether product
innovation output of firms would lead to higher volume-higher value of
export, or lower volume-higher value of export, or higher volume-lower
value of export. Intuitively, the first case scenario would be the most
desirable one. Second, new export products can be either those products that
have been established on the domestic market for some times (and not
included in recent innovation sales data) or alternatively it can be those
products that has been recently introduced for the first time (hence included
in recent innovation sales data). I found in this paper that the latter is at least
the case. This is means promoting the innovation output is (only) “one way”
to promote innovation propensity and intensity. In this paper I have not test
other ways that can promote export (like established products in the
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domestic market). It would be interesting to compare both scenarios and
analyze which one is the dominant force that promotes the export behavior
of firms.
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Appendix
Table A1- Variable descriptions
Variables
Export propensity
2006(&2008)
Export intensity
2006 (&2008)
Export starter
2006 (&2008)
Innovation output
2004(&2006)

Innovation input
2004(&2006)

Productivity 2004(&2006)
Size 2004(&2006)
Uninational
Domestic MNE
Foreign MNE
Cooperation 2004(&2006)
Physical capital
2004(&2006)
Time-specific
component
Sector-specific
component
IV1: RRdInX 2004(&2006)
IV2: RRdExX 2004(&2006)
IV3: ROEkX 2004(&2006)
IV4: HFout 2004(&2006)
IV5: HPrior 2004(&2006)

IV6: Human Capital
2004(&2006)

Descriptions
1 if a firm is an exporter in 2006 (&2008), 0 otherwise
The amount (value in SEK) of export per employee in 2006
(&2008) (log)
1 if a firm starts to become an exporter in 2006 (&2008), 0
otherwise
The amount of sales due to innovative product per employee
during 2002-2004 (2004) and during 2004-2006 (2006)107 (log)
The amount of investment in six innovation expenditure per
employee during 2002-2004 (2004) and during 2004-2006
(2006). The six innovation expenditure are in: intramural R&D,
extramural R&D, acquisition of machinery, other external
knowledge, training of employees, and market introduction of
innovation (log)
Value added per employee 2004 & 2006 (log)
Number of employees (log)
1 if firm belongs to group and is uninational, 0 otherwise (Nonaffiliated as the base category)
1 if firm belongs to group and is a domestic MNE, 0 otherwise
1 if firm belongs to group and is a foreign MNE, 0 otherwise
1 if firm had any cooperation with other customers, suppliers,
competitors in 2004 (& 2006), 0 otherwise
Sum of investments in Buildings and Machines at year’s end in
2004 (& 2006) (log)
Time dummies
Sector dummies
Expenditure in intramural R&D in 2004 (& 2006) (log)
Expenditure in external R&D in 2004 (& 2006) (log)
Expenditure in other external knowledge in 2004 (& 2006) (log)
The extent which lack of outside funds was an obstacle for
innovation (0-3 scale) in 2004 (& 2006)
The extent which lack of necessity of doing innovation due to
prior innovation was an obstacle for innovation (0-3 scale) in
2004 (& 2006)
Share of employees with 3 or more years of university educations
in 2004 (& 2006)

107

Specifically, it is calculated as: “portion of sales due to innovative products” (a selfreported data by firms in CIS) multiplied by “total turnover of firm during 2002-2004”,
divided by “number of employees”. Innovative product is defined by CIS survey as: “the
market introduction of new or significantly improved good or service with respect to its
capabilities. The innovation must be at least new to enterprise, but not necessarily to the
market”
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Export
Intensity
1
0.190
0.106
0.267
0.099
0.275
-0.19
0.178
0.116
0.161
3172
11.36
3.35
0
17.45

1
0.196
0.243
0.044
0.043
-0.13
0.033
0.088
0.114
3172
12.21
1.32
5.72
20.41

Innov_O

1
0.009
0.008
0.074
-0.06
0.061
-0.03
0.171
3172
2.49
4.09
0
16.34

Innov_I

1
0.246
0.203
-0.16
0.081
0.181
0.196
3172
13.26
0.50
9.59
18.51

Prod

1
0.216
-0.28
0.173
0.335
0.259
3172
3.86
1.44
0
10.44

Size

1
-0.03
0.005
0.066
0.114
3172
11.66
1.66
4.12
18.55

Physical
Cap

1
-0.37
-0.35
-0.12
3172
0.30
0.45
0
1

Uni-n

1
-0.47
0.119
3172
0.22
0.41
0
1

D.MNE

1
0.026
3172
0.23
0.42
0
1

F.MNE

1
3172
0.50
0.50
0
1

Coop

Note: The log values of continuous variables are reported (refer to Table A1). Only observed values in innovation output are reported. Few observations in
Innovation input and Export intensity get the negative value, after the log-transformation. Nevertheless, the results are not sensible to those observations.

Export Intensity
Innovation_O
Innovation_I
Productivity
Size
Physical Cap
Uni-National
Domestic MNE
Foreign MNE
Cooperation
Obs.
Mean
S.D
Min
Max

Variables

Table A2- Descriptive statistics and Correlation matrix

Table A3- 1st stage of 2SLS
Dependent variable: Innovation Output in 2004 & 2006 (innovative sales per
employees)

IV1: RRdInX (log)
(t=2004, 2006)

IV2: RRdExX (log)
(t=2004, 2006)

IV3: ROEkX (log)
(t=2004, 2006)

IV4: HFout
(t=2004, 2006)

IV5: HPrior

(7’) 2SLS
0.021**
(0.011)

Innovation Output (t=2004, 2006)
(8’) 2SLS
(9’) 2SLS
0.020*
0.021**
(0.010)
(0.011)

0.004
(0.008)

0.004
(0.008)

0.010
(0.009)

0.010
(0.009)

0.017
(0.042)

0.017
(0.042)

(10’) 2SLS
0.020*
(0.010)

-0.033
(0.082)

-0.034
(0.082)

-0.033
(0.082)

-0.034
(0.082)

1.020***
(0.383)

1.041***
(0.380)

1.020***
(0.383)

1.041***
(0.380)

0.057***
(0.022)

0.065***
(0.021)

0.057***
(0.022)

0.065***
(0.021)

0.386***
(0.107)

0.380***
(0.107)

0.386***
(0.107)

0.380***
(0.107)

-0.045
(0.036)

-0.037
(0.035)

-0.045
(0.036)

-0.037
(0.035)

0.052
(0.037)

0.050
(0.037)

0.052
(0.037)

0.050
(0.037)

Uninational

-0.031
(0.122)

-0.030
(0.121)

-0.031
(0.122)

-0.030
(0.121)

Domestic MNE

0.102
(0.129)

0.105
(0.128)

0.102
(0.129)

0.105
(0.128)

Foreign MNE

0.220
(0.136)

0.212
(0.136)

0.220
(0.136)

0.212
(0.136)

Cooperation

0.083
(0.085)

0.103
(0.082)

0.083
(0.085)

0.103
(0.082)

YES
YES
938

YES
YES
938

YES
YES
938

YES
YES
938

(t=2004, 2006)

IV6: Human Capital
(t=2004, 2006)

Innovation input
(t=2004, 2006)

Productivity
(t=2004, 2006)

Size
(t=2004, 2006)

Physical capital
(t=2004, 2006)

(t=2004, 2006)

Sector Dummy
Year Dummy
Observations
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Note 1: In addition to previous exogenous RHS variables, 6 instruments (IV1-IV6) are added in
the first stage in order to exogenously determine the innovation output.
Note 2: In the 1st stage of 2SLS, one may argue for multicollinearity between Innovation Input and
IV1-IV3. Nevertheless, removing Innovation Input from the 1st stage did not change the result.
Note 3: Sargan test in specification (9’) shows the evidence of over identification. Hence in
specification (10’) the insignificant instruments are dropped one by one until the Sargan test reject
the null of over identification. Moreover, although the Sargan test does not shows the evidence of
over identification in specification (7’), the same three IVs which were dropped in specification
(10’) are also dropped in specification (8’) for the sake of consistency of specifications.
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Table A4- 2SLS estimation 2nd stage
Dependent variable: Export starter: 1 if a firm become an exporter for the first time in
2006 (&2008) since 2002, 0 otherwise.

Innovation Output
(t=2004, 2006)

Export starter (t=2006, 2008)
0.074*
(0.041)

Innovation Input
(t=2004, 2006)

-0.013**
(0.005)

Productivity
(t=2004, 2006)

-0.053**
(0.025)

Size
(t=2004, 2006)

-0.011*
(0.006)

Physical Capital
(t=2004, 2006)

-0.002
(0.006)

Uninational

-0.000
(0.021)

Domestic MNE

-0.023
(0.022)

Foreign MNE

-0.012
(0.025)

Cooperation
(t=2004, 2006)

-0.023
(0.015)

Sector Dummy
Year Dummy
Observations
Sargan test

YES
YES
938
3.88
(0.692)

DWH test

4.953
(0.026)

F-test of 1st stage

5.17
(0.000)

Note: The 1st stage of above estimation is the same as specification (7’) in Table A3

174

PAPER 4: CRITICAL SUCCESS FACTORS AND CLUSTER

EVOLUTION; A CASE STUDY OF THE LINKÖPING ICT
CLUSTER LIFECYCLE †

Sam Tavassoli and Dimitrios Tsagdis

† This paper is published in Environment and Planning A.

Acknowledgements
The authors would like to thank Frank McDonald, Magnus Klofsten, Max-Peter
Menzel, Nigel Thrift, the three anonymous referees in the journal of
Environment and Planning A, and the participants of the ERSA 2010 congress in
Jönköping, Sweden for their useful feedback.

175

Abstract
This paper investigates the variation in the importance of Critical Success
Factors (CSFs) in the evolution of the Linköping Information and
Communication Technology (ICT) cluster in Sweden. The international
empirical evidence of CSFs in ICT clusters reported in the literature is
systematically reviewed. On its basis an object-oriented conceptual model is
developed encompassing 15 CSFs; each attributed to one or more objects, e.g.
firms, institutions, entrepreneurs. The lifecycle of the Linköping ICT cluster
is delineated and its stages segmented. The existence and importance of each
CSF in each stage of the cluster lifecycle is established empirically on the
basis of interviews with key actors in the cluster. The main findings comprise
a stage-specific group of CSFs whose importance varies across the cluster’s
lifecycle stages with different patterns. The above findings aim to stimulate
policy makers and researchers alike to further pursue the line of enquiry
developed in this paper.

Keywords: ICT clusters; Critical success factors; Cluster lifecycle, Cluster
evolution
JEL classifications: R58; O21; E61

176

1. Introduction
There is an on-going debate concerning the factors that underpin the success of
clusters, hereafter critical success factors (CSFs) (Saxenian, 1994; Sainsbury,
1999; Adams, 2005; Weil, 2009).(108) The debate is yet to reach any solid
consensus about the range of relevant CSFs even within particular clusters; let
alone about clusters in general, or of any given industrial specialization.
Moreover, the importance of CSFs throughout the evolution of a cluster is rarely
discussed (Boschma and Fornahl, 2011) and, when it is, it is often in terms of a
narrow set of CSFs; e.g. policy measures (Brenner and Schlump, 2011).
Moreover, the CSF debate is often argued either from a theoretical standpoint, or
assessed based on simulations, or secondary evidence from clusters across
different specializations.
Nonetheless, there is an emerging literature concerned with the evolution of
clusters, their life cycle, and phases/stages (reviewed in section 2.3) and indeed
empirical evidence that the “factors that give raise to the start of a cluster can be
very different from those that keep it going” (Bresnahan et al., 2001, p. 835).
However, even when it comes to clusters of a similar specialization, the
evidence is patchy at best concerning the importance of CSFs in the cluster’s
evolution. For example, a CSF of a growing company base (e.g. thriving startups) is suggested to be crucial during the birth of Silicon Valley (Adams, 2005),
while Parker (2010) reported on its importance in all phases of the evolution of
the cluster in Sofia Antipolis, France.
Although insightful, this is not a helpful situation for systematic learning, and
for the effective allocation of scarce resources in clusters that are in different
evolutionary phases. Nor does it help in identifying the range of actors and
relations that need to be targeted.
(108)

This study adopts Borrás and Tsagdis’s (2008:9ff) minimal-set of three criteria for recognizing
a cluster: “1) geographical concentration of firms, in particular industrial specializations; 2)
number of SMEs has to be larger than the number of large size enterprises; and 3) presence of
inter-firm and institutional networks”.
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This study aims to make some first steps towards filling the above gaps in the
following manner. First, a systematic review of the literature on clusters CSFs in
a given industrial specialization, i.e. ICT, is undertaken (in section 2.1). This is
used to develop a conceptual model of the entities and the relations underpinning
the CSFs of ICT-clusters (in section 2.2). This model is static, mainly due to the
fact that variation in the importance of CSFs across a cluster’s evolution is rarely
reported in the extant literature (as reviewed in section 2.1). Since there are
additional benefits from casting the dynamics of such a model (e.g. predict
cluster success, signal the kind and timing of requisite interventions) the main
strands of literature on cluster evolution are discussed in section 2.3 to inform
their empirical operationalization.
Second, to illustrate empirically the dynamics of the aforementioned model, a
successful ICT cluster in Linköping, Sweden is examined, and its evolutionary
pattern is delineated and segmented in section 3.
Third, the presence and importance of each CSF throughout the cluster’s
evolutionary stages are tested (in section 4). The findings suggest that about half
of the CSFs tend to be equally and stably important throughout the cluster’s
evolution; whereas the importance of the other half of CSFs tends to be rather
stage-specific. These, and other key findings, are discussed in the context of the
wider literature on alternative cluster specializations.
The paper concludes by delineating what can be accomplished with such data
and models, as well as relating their policy implications, and suggests some
areas for further research (in section 5).
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2. Literature review
2.1. Reviewing the international empirical evidence on CSFs
of ICT clusters
Cluster CSFs can be traced back to Marshall’s (1890) original writings.
However, it is mainly in recent years that their study has intensified,
thanks to the reports by the Sainsbury (1999) and Ecotec (2001).
Sainsbury (1999) delineated no less than ten CSFs for the development of
biotech clusters in the UK, and played an instrumental role in their
generalization to clusters of other specializations in the Ecotec’s (2001)
report as Minister for Science and Innovation (1998-2006) at the UK
Department of Trade and Industry.
This study goes further, reviewing systematically (Denyer and
Tranfield, 2006) the international empirical evidence on CSFs,
particularly in ICT clusters. This is in an effort to develop a robust, yet
flexible model, capturing how such CSFs may be inter-related and the
objects involved. However, this section is rather static, in the sense that it
reports CSFs (and their objects and relations) without acknowledging
their importance over time (this is rectified in the subsequent sections
where the requisite dynamics will be added through the use of a critical
case study).
To accomplish the above, the contemporary (i.e. 1995-2010) ICT cluster
CSF literature was initially delineated through extensive database
searches (e.g. for ‘cluster’, ‘ICT’, and ‘success’ keywords), systematic
review of periodicals, and sifting references. The identified studies were
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subsequently reviewed using scientometric and content analyses (109) in an
effort to distil generic/elementary CSFs. For example, hard and soft
infrastructure constructs were not bundled into a single infrastructure
CSF. Instead, they were disaggregated across a number of more
elementary CSFs related to physical infrastructure, innovation, and
support organizations. In addition, a quality criterion was applied
requiring that for each elementary CSF sufficient empirical evidence was
reported in at least two empirical studies, by different authors, concerning
different ICT clusters, in a range of developed economies.(110)
Turning to the ICT cluster CSFs included in this study, their first
explicit appearance in recent years is in Klofsten and Jones-Evans (1996)
who introduced the importance of having both the right vision (e.g. clear,
focused, flexible) and trust.
Starting with the right vision (CSF1), Klofsten and Jones-Evans (1996)
suggested the importance of a focused vision in the cluster’s support
organization, and in particular among its board members (constituted by
CEOs from six large cluster firms) in the development of the Linköping
ICT cluster. They noted that having focused vision was necessary, for
example, in order to communicate effectively their plans with potential
(109)

For the present purposes scientometrics should be understood as the measurement of
scientific information (e.g. number of scientific articles published in a given period); see
Leydesdorff (1995). Conversely, content analysis can be broadly construed for the present
purposes as “any technique for making inferences by objectively and systematically identifying
specified characteristics of messages” (Holsti, 1969, p.14). For this study, that is, messages
encountered in empirical studies concerning cluster CSFs.
(110)
Preliminary investigations by these authors (Tavassoli and Tsagdis, 2010; Tsagdis and
Tavassoli, 2012) identified close to 20 CSFs for clusters in different industrial specializations. Thus,
it should be informed that the 15 CSF reported in this study are a true subset of CSFs shared
across several industries, and that for clusters in other industrial specializations this list would
simply be added to with CSFs such as addressing or avoiding negative lock-ins, skilled labor, and
proper political setting. For example, there is positive and counterfactual empirical evidence for
lock-ins as a CSF in industrial specialization like the Ruhr district in Germany (Grabher, 1993) and
Silicon Valley (Benner, 2003).
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investors (ibid. p. 192). However, in a subsequent study of another ICT
cluster, i.e. Silicon Valley, Benner (2003, p. 1815) reported that such
developmental networks can take the form of joint ventures constituted by
firms and government.
In terms of trust (CSF2), Klofsten and Jones-Evans (1996, p. 192)
reported on the importance of firm trust on the cluster’s formal
association. In recent years, Bramwell et al. (2010) recognized the ability
of key actors to develop the underlying conditions of trust as the
important factor for the development of the Waterloo ICT cluster in
Canada. The aforementioned studies also suggest that trust (CSF2), unlike
vision (CSF1), is of a different nature since it is not a mere property of
one or more object(s), but also a relation between such objects; e.g. policy
makers, firms, and higher education institutions (HEIs).
It should thus not be surprising that geographical proximity, expressed
in terms of both inter-firm proximity and firm proximity to other actors,
has also been reported as a CSF(3). In terms of firm proximity to other
actors, increased emphasis has been placed on HEIs, for instance, in the
case of the Mjärdevi Science Park in Linköping, Sweden (Etzkowitz and
Klofsten, 2005) and in Silicon Valley (Sölvell, 2008, p. 92; Weil, 2009, p.
12). It can be argued that CSF3 manifests both as a property of a single
object, (e.g. when a firm chooses to locate near other firms) as well as a
relation between other objects, especially HEIs (further discussed below).
Moving to CSF4, a number of subsequent studies identified pre-existing
knowledge to be a property of the cluster-hosting region. Hi-tech and
creative forms of pre-existing knowledge (mediated through formal
educational programs) in the region were reported by Hallencreutz and
Lundequist (2003, p. 540ff) as underpinning the success of the
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Eskilstuna’s information and graphic design cluster in Sweden. Similarly,
across the Atlantic both Adams (2005) and Weil (2009) reported the
often-neglected importance of the pre-existing knowledge in the region
for what later became known as the Silicon Valley success story.
This last point also highlights the importance of a cluster’s brand-name
(CSF5) not just for Silicon Valley, but for other ICT clusters too. For
example, Lyons (2000, p. 894) reported that the brand name of the
Richardson ICT cluster, i.e. ‘Telecom Corridor’ was a registered
trademark by the Richardson Chamber of Commerce, not just to market
the cluster, but also to define its geographic boundaries. Moreover,
Lundequist and Power (2002, p. 699) found that branding in the
Stockholm ICT cluster (Kista) strengthened its competitiveness.(111) They
further suggested that the “public sector’s access to broad channels of
communication and the legitimacy its involvement confers” has been
important to the Stockholm ICT cluster. More recent evidence by Sölvell
(2008) from the Silicon Valley pointed out that mass media (e.g. by
creating ‘stories’) and the government (e.g. by creating initiatives), also
contributed to the enhancement of a cluster’s brand. These studies thus
render this cluster property as being dependent on mass media, cluster
supporting organizations, and the government. They also seem to imply
that a government’s vision (CSF1) may have a relation of dependency to a
cluster’s brand (CSF5).
Building on the above, the presence of at least one strong actor within
an ICT cluster has also been identified as a CSF(6). Among the earlier
studies, Klofsten et al. (1999) as part of discussing the Triple Helix of the
(111)

This is accomplished by fulfilling three main functions: a) “the attraction of investment,
venture capital, and skilled workers”, b) “unite[d] actors in a shared purpose and identity”, and c)
“complement[ed] firms’ marketing and collaborative-marketing activities” (ibid.).
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Linköping cluster, highlighted the important role of the Linköping
University as a strong actor. Subsequent studies added supports on the
importance of HEIs and/or firms as strong cluster actors. The latter are
often referred to as anchor or lead firms (Wolfe and Gertler, 2004, p.
1074; Sölvell, 2008, p. 40). Raines (2000, p. 32) reported on the
importance of both kinds of actors as CSFs of the ICT clusters in East
Sweden and in Tampere, Finland, as well as in the semiconductor cluster
of Scotland. Adams (2005) made similar observations concerning three
ICT clusters in the US, i.e. in Silicon Valley, Route 128, and the Research
Triangle. The benefits from such strong actors also abound in the
literature. For example, Harrison et al. (2004) reported some additional
benefits, like attracting and retaining highly skilled employees, from
having both kinds of strong actors (which he termed “magnet
organizations”) for the success of the Silicon Valley North in Ottawa,
Canada. Although HEIs and firms (especially MNEs) are the main
identified strong actors in the literature, some studies also pointed towards
the involvement of additional actors that appear to be crucial for a
cluster’s success; especially during the birth/formative stages of a cluster.
For instance, the government forming ex novo the HEIs and large firms
that became subsequently the strong actors in the Hsinchu semiconductor
cluster in Taiwan (Parker, 2010, p. 254). This suggests that CSF6 may be
a property of clusters, firms, HEIs(112) and support organizations like those
mentioned above.

(112)

As Bresnahan et al. (2001, p. 847) cautioned, “putting a university at the centre of the cluster
can help, but it is neither a necessary nor a sufficient [success] condition”. This applies mutatis
mutandis to all CSFs in this study as (i) it is argued that it is their combination that underpins
success, and (ii) CSFs can have varied instantiations; in terms of CSF6, for example a firm could
act as the sole strong actor.
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This last proposition also provides a preamble to CSF7, i.e. networking
(collaboration); e.g. between HEIs and SMEs firms as highlighted by the
Expert Group (2002) in the case of the Finnish ICT cluster.(113) Borrás and
Tsagdis (2008) reported on multi-level governance (MLG) support for
establishing firm networks in the Scottish ICT cluster; whereas a year
later, Weil (2009) reported on the importance of networking between
firms as well as between firms and HEIs in the success of Silicon Valley.
Finally, the Parker (2010, p. 251) study of the Sophia Antipolis ICT
cluster in France provided evidence suggesting that collaboration through
networks “is the real value added”. Even though clubs and associations
may have originally promoted networking, it was such networks that once
fully developed, transformed the institutional context, and resulted in the
evolution of the cluster. The above studies suggest that CSF7, besides
being a property of the firms and the cluster, is also dependent upon
support organizations, HEIs, and the government (MLG).
The above studies also bring to the fore the importance of physical
infrastructure (CSF8). As elaborated in the Link and Scott (2003) study
of the Research Triangle Park (RTP) in North Carolina, US, it was such
infrastructure that spurred innovation. More recently, the Lerch et al.
(2007) study of ICT clusters in the Baltic metropoles regions (i.e. Berlin,
Oresund, Helsinki, Stockholm, Riga, and Tallin) expanded on the
requisite physical infrastructure as including technology parks, research
institutes, and support facilities for the organization of conventions and

(113)

Although Saxenian (1994, p. 161) elaborated on the role of networking in ‘reinventing’ Silicon
Valley and provided counterfactuals for Route 128 earlier than the above studies; the Expert
Group (2002) appears to have been the first study that explicitly elevated networking to a cluster
CSF.
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fairs. Taken together these studies seem to suggest that CSF8 is a regional
property with a dependency on entrepreneurs and the government.
Of course infrastructure and several other CSFs are also inexorably
linked to finance (CSF9). It is thus not surprising that during this period
studies such as those by Charles and Benneworth (2001) reported on the
importance of government-based financing (in the form of militaryprocurements) for development and success of the Thames Valley ICT
cluster in England. Subsequent studies (e.g. Adams, 2005) identified
alternative finance providers especially for HEIs, i.e. the government and
the industry on the basis of evidence from the early years of Silicon
Valley. Weil’s (2009) more recent and comprehensive study on this
matter (using Silicon Valley as the case par excellence) added support to
the aforementioned possibilities by suggesting CSF9 to be both a property
of financial institutions (relating to firms) and the government (relating to
both firms and HEIs). Based on the above evidence, finance as a CSF can
be construed as a property of the government, firms, and financial
institutions; that is provided to both firms and HEIs.
These actors also underpin the innovation/R&D capacity (potential).
Among the studies exploring this CSF(10) it is worth singling out Lyons
(2000, p. 905ff) and Bresnahan et al. (2001, p. 849) since they elaborated
on the relation between innovation and (self-sustaining) growth in several
ICT clusters in Ireland, India, Israel, Taiwan, US, UK, and Scandinavia.
The former study goes as far as to conclude that the Richardson ICT
cluster may be the result of innovation rather than its cause. Taken
together, these and other studies (e.g. Chaminade, 2001, p. 105) of CSF10
seem to suggest that it should be treated as a firm, HEI, cluster, and/or
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regional property with an additional dependency of firm innovation on
HEIs.
Bridging the previous with the next CSF is entrepreneurship (CSF11)
at the individual, organizational, and collective levels (e.g. culture) that
can be stimulated among others by venture capitalists, and support
organizations such as science parks. For example, studies by Link and
Scott (2003) on the Research Triangle Park (RTP), Adams (2005) and
Weil (2009) on Silicon Valley, and Bramwell et al (2010) on Waterloo
ICT cluster in Canada, provide ample empirical support to that effect.
These studies also suggest that although ‘entrepreneurship’ can be
exhibited by several objects (e.g. HEIs and regions) it is actually the
property of an entrepreneur with a relation of dependency to financial and
other support organizations (further discussed below).
A number of studies also reported on the necessity of a growing
company base (CSF12) for cluster success, highlighting the role of both
start-ups and established companies, which implies that this CSF should
be construed as a cluster property. Adams (2005), for example, observed
this CSF in Silicon Valley, praising Prof. Terman of Stanford University
as its father and facilitator of such company creation during the formative
stages of the cluster. This implies that CSF12 could also be dependent on
entrepreneurs. More recent studies of the Sofia Antipolis ICT cluster by
Parker (2010, p. 251) highlighted the link between a growing company
base and cluster success, acknowledging two sources of such growth: “an
influx of national and international investments from large firms” and
“local-led” as well as dependency relations to government (e.g. for
physical infrastructure provision, tax-breaks).
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A necessary part of a growing company base is staff attraction (CSF13)
from outside the cluster. This has been portrayed in the reviewed
literature as the responsibility of a cluster’s successful firms, albeit
acknowledging the overall attractiveness of the region hosting a cluster
(e.g. in terms of quality of life, natural beauty). For example, Weil (2009)
and Parker (2010, p. 255) provided recent empirical support from the
Silicon Valley and the Hsinshu ICT clusters concerning the regional
property dimensions of this CSF respectively. This suggests that it is a
property shared among the cluster firms and the region hosting the cluster,
with the underlying dependency on the government, when it comes to the
attractiveness of the hosting region.
The outside cluster relations per se have been further emphasised as a
CSF (14) summarized in this study under the notion of external links.(114)
Bresnahan et al. (2001) for example, highlighted the importance of
openness to international markets and knowledge sources in several ICT
clusters in Ireland, India, Israel, Taiwan, US, UK, and Scandinavia;
whereas Britton (2003) emphasized the importance of external sources of
knowledge inputs, and the strength of distant market connections in the
Toronto ICT cluster. More recently, Sölvell (2008) classified the external
links in terms of factors and goods.(115) These studies collectively suggest
that CSF14 is a relation between external markets, a cluster, and its firms.
Finally, and although a number of the studies reviewed in this section
alluded to various degrees towards the importance of support
(114)

The narrower notion of ‘pipelines’ was introduced in the Bathelt et al. (2004) study to refer
to external knowledge flows, in particular. Although their study reported that pipelines provide
cluster advantages, they did not claim nor was there evidence that they are a CSF for ICT clusters.
(115)
Goods markets are import or export destinations of product-related goods such as raw
materials, components, and final products; whereas factor markets are import or export
destinations of production factors such as skilled labor and inward investment (Sölvell, 2008, p.
43).
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organizations in ICT clusters, it was Lundequist and Power (2002) that
explicitly elevated them to a CSF(15) due to their key role in the
Karlskrona Telecom City in Sweden.(116) Support organizations frequently
cited in the reviewed literature (e.g. Klofsten et al., 1999, Lyons, 2000,
and Benner, 2003) as crucial to the success of ICT clusters (e.g. in
Linköping, Richardson, and Silicon Valley respectively). When these
studies are considered in light of the rest of the literature reviewed in this
section, they suggest that support organizations, as an object, can exhibit
the properties of a right vision (CSF1) and those of a strong actor (CSF6)
as well as underpin four other CSFs; i.e. brand name (5), networking (7),
physical infrastructure (8), and a growing company base (12).

2.2. Development of the conceptual model for cluster CSFs
In this section a conceptual model is developed based on the systematic review
of the literature in the previous section. This will convert the rich empirical
evidence concerning the generic/elementary CSFs (gleaned from the above
literature) into a more robust yet flexible model (Tashakkori and Teddlie, 2003).
This model can be used both for policy (e.g. diagnosis, intervention) and
research (e.g. hypothesis testing, prediction) purposes.
As a first step, the systematic review was undertaken within an object-oriented
(Coad and Yourdon, 1991; Graham, 1991)

(117)

mind-set in order to describe the

respective range of objects and relations involved (e.g. properties and
dependencies). Then, a set-theory logic was applied (e.g. using a Venn diagram)

(116)

For example, coordinating an increase in R&D, inter-firm and firm-HEI cooperation, fostering
spin-offs, attracting new entrants, and marketing the ‘TelecomCity’ brand (ibid., p. 694).
(117)
An approach to modelling a system as a group of interacting objects, with each object
representing an entity of interest in the system being modelled.
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to clarify the object classes involved, which made their unique and shared
properties more visible. The Venn diagram was subsequently converted into a
property matrix depicting the relations (e.g. dependency, encapsulation) between
object classes and properties. These were finally translated into the conceptual
(object-oriented) model of Figure 1. Due to space limitations, these interim
stages of the model’s derivation are not discussed any further in this paper but
are freely available upon request.
The model depicts the complete set of reviewed relations between CSFs and
their implicated objects along with any dependency relations. Moreover, it is
scalable and open ended so to be easily and rigorously revised at the face of
additional evidence. The model of Figure 1 goes a long way in depicting the
state (e.g. properties, relations) of the objects involved. However, for their
behavior to be understood a dynamic study is required. This implies to involve
the time and in particular a cluster’s evolution over time, which will be
discussed next.
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Figure 1. A conceptual (object-oriented) model of ICT clusters’ CSFs

Notes: A box refers to an object (object names appear in bold and underlined) which may
contain one or more CSFs. CSFs that are properties of the relation between two or more
objects are indicated with a solid line. Solid lines can be uni- or bi-directional, depending
on the directionality of the relations between the objects. A dotted line indicates a
dependency relation between objects and CSFs, or among CSFs. An arrow in a dotted line
indicates the direction of the dependency.
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2.3. Clusters over time
Time is not always a great healer when it comes to clusters, and ICT clusters in
particular. The Saxenian’s (1994) contrasting stories of the Silicon Valley and
Route 128 clusters should be suffice to illustrate that within the same industry,
time-period, and nation, ICT clusters can follow very different paths; i.e.
growing or declining respectively. A literature has thus been emerging which
grapples with the evolution of clusters over time. It consists of studies that can
be divided in two broad categories: (i) those dealing with specific stages or
episodes in cluster evolution; e.g. birth/emergence, expansion (Brenner, 2004;
Braunerhjelm and Feldman, 2006; Fornahl et al, 2010), and (ii) those
investigating longer evolutionary periods. Since it is the latter that are relevant to
the task at hand, the rest of this section is focused upon them. It may thus be
explicitly stated here that explaining cluster evolution lies beyond the scope of
this study, whose main task is to segment such evolution in a rigorous, robust,
and replicable manner. This is required to assess the importance of each CSF in
each of these segments.
It also needs to be cautioned that the studies in question tend to be theoretical
(i.e. lacking in empirical operationalization) and utilize alternative evolutionary
models; e.g. based on complex adaptive systems, population ecology, networks,
triggers, and firm heterogeneity. Representative examples are reviewed below
concluding with the one most suited to the context of this study (and thus
operationalized in the following section).
Starting with complex adaptive systems (CAS), as their name suggests, that
adapt to events in their environment, a typical example can be found in Press
(2006). It made use of labor co-ordination and division as the internal cluster
mechanisms for survival, and adaptability to change-events. More recent and
advanced CAS models were proposed by Martin and Sunley (2011) that made
use of an adaptive cycle. In such models, a cluster is viewed as an adaptive
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process with different possible outcomes, based on episodic interactions of
nested systems involving a range of mechanisms (e.g. resilience, innovation).
The next strand of models draws on ideas of population ecology (Carroll,
1984). One of the earlier models, by Maggioni (2006), suggested that entry rates
are expected to increase with cluster size, until a threshold is reached where
competition and congestion costs outweigh the benefits of locating in the cluster.
More recent population ecology models; e.g. by Suire and Vicent (2009), take
into account mimetic/herding behaviors and reputational effects according to
which firms enter a cluster not necessarily because of agglomeration and colocation economies, but rather for the legitimizing reasons of being in a given
location.
The next model developed by Ter Wal and Boschma (2011) can be regarded
as an attempt to improve upon the limitations of the previous models, by
conceptualizing cluster evolution through the co-evolution of networks, firms,
and clusters throughout the industry life cycle. Similarly, Li et al. (2012) develop
a systematic interrelationship and feedback between context (e.g. institutional
and economical structures), networks (e.g. social and economic relations), and
action (e.g. agent behavior, opportunity exploitation by individuals, collectives,
and firms). Nonetheless, this later model is rooted in a rather unique context,
even by its authors’ own admission.
Overcoming context specificity could be found in the strand of models based
on systematic reviews of the literature. Two such studies by Bergman (2008) and
Belussi and Sedita (2009) can be mentioned as examples to delineate the range
of possibilities. The former, adopted previously labelled cluster lifecycle phases
as a discussion template, and used extant concepts to investigate each phase and
their transition but with limited guidance in the way such phases could be
empirically delineated. Belussi and Sedita (2009) on the other hand, adopted a
meta-analytical design, in which the extant literature of a dozen Italian industrial
districts was used to identify the range of triggering factors between the
transitions of a priori defined evolutionary phases, i.e. formation, development,
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maturity, and decline or renewal. Although this approach seems more apt to
directing empirical work in the segmentation of the Linköping ICT lifecycle, the
lack of extant literature on its evolution rendered it inapplicable.
Finally, the Menzel and Fornahl (2010) model is based on the evolutionary
concept of heterogeneity among a cluster’s firms and organizations, and the way
they exploit this heterogeneity. This suggests that evolutionary stages ought to
be understood in both quantitative (e.g. employment dynamics) and qualitative
(e.g. knowledge heterogeneity) terms. According to Frenken et al. (2011, p. 16)
this is the most comprehensive framework of cluster lifecycle, which will thus to
guide this study. Its operationalization is discussed next.

3. Data and methods
As introduced at the opening of this paper, this study adopted a critical case
study approach (Bryman and Bell, 2003, pp. 53-6). That is, a purposeful sample
of a single case study was selected, i.e. the ICT cluster located in the Linköping
Municipality at the central eastern (NUTS2) region of Sweden. The vast
majority of firms are located in the Mjärdevi Science Park, established in 1984
with governmental support. In the latest census, November 2012, the cluster
comprised of 260 firms with approximately 6,100 employees.
It was purposefully selected as the critical case study for the following
reasons: (i) ready access to interviewees, (ii) long spanning time series of freely
available secondary data for the cluster, the municipality, and the region, and
(iii) being a successful cluster. The successful performance of the cluster and its
region was reported in a series of studies by Klofsten et al. (1999), Etzkowitz
and Klofsten (2005), Hommen et al. (2005), and Feldman (2007)(118) .
(118)

Although these studies and the Linköping/Mjärdevi Science Park literature in general
provides evidence that this is a successful cluster and identifies some of the CSFs investigated in
this study, it has yet to draw any strong conclusions about their variation across the cluster’s
lifecycle.
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In addition, the performance of the region was established across a series of
indicators, e.g. industry and service labor productivity (Tsagdis and Alexiadis,
2009), GDP per capita, qualified labor, and labor employed in advanced sectors
(Tsagdis, 2010). The cluster also fulfilled the Sölvell (2008, p. 16ff) cluster
success criterion

(119)

of going through a complete lifecycle, i.e. birth, growth,

maturity, and re-birth (renaissance) upon which the cluster enters a second loop.
In order to establish the importance of each CSF at each stage of the
Linköping ICT cluster lifecycle, the actual stages need first to be identified. To
that effect, this paper follows the Menzel and Fornahl (2010) theoretical
framework (introduced in section 2.3), and operationalizes its quantitative and
qualitative dimensions. Two respective secondary datasets were used in the
operationalization. The first one concerned employment in the Linköping ICT
cluster during 1984-2009, obtained via the Mjärdevi Science Park’s official
website, which is checked and confirmed with Statistics Sweden. This dataset
concerned the quantitative dimension, and was used to draw the employment
curve of Figure 2 and identify the precise points of stage transitions (further
discussed below). The second dataset concerned employment for all ICT
specializations in the Linköping Municipality during 1990-2009, which was
obtained from Statistics Sweden (disaggregated at 13 two-digit and the 48 fivedigit codes, available upon request). This was used to build an index for
knowledge heterogeneity (discussed below). Not only was the latter dataset used
to satisfy the needs of consistency with the adopted theoretical framework of
Menzel and Fornahl (2010), but also to demonstrate the empirical support
concerning the qualitative for the segmentation of the cluster’s lifecycle
developed on the basis of the first dataset.
The task of segmenting the cluster’s lifecycle required the identification of
three ‘transition years’ from: (i) birth-to-growth, (ii) growth-to-maturity, and (iii)
(119)

Alternative cluster success criteria can be found in the literature; e.g. “annual double digit
growth” in firm number and export indicators (Bresnahan et al, 2001, p. 838). However, such
criteria refer to one or two lifecycle stages and a narrow period, whereas the adopted one covers
all stages, and thus, a much longer time span.
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maturity-to-rebirth. The transition year (ii) was identified first through the use of
a quintic function that was fitted to the cluster’s employment data, and gave the
best R2 as reported in Figure 2. The second derivative of this function was used
to compute the inflection point (i.e. the point that the increase in employment
shifts from an increasing to a decreasing rate) of the employment curve, which
turns out to be in the year 2000. This was considered as the end of the cluster’s
growth stage, because the curve shifts from concave-up to concave-down
(Bergman, 2008, p. 118). For obtaining the transition years of (i) and (iii), the
sharpest changes in employment in all pairs of adjacent years were computed
using the Birch Index (BI) in the following manner:
(1)

⁄
Where

is employment in year t in the Mjärdevi Science Park (host of the

Linköping ICT cluster), and t ranges from 1984 (emergence of cluster) to 2009;
following Otto and Fornahl (2010). Among the candidates for the transition year
(i) (i.e. all the years before inflection point (ii)) year 1994 showed the largest BI,
meaning that the change in employment was the sharpest in this year. Hence,
1993 to 1994 was selected as the transition from birth-to-growth. Applying the
same procedure for all the years after the inflection point (ii), year 2005 showed
the largest BI, hence, 2004 to 2005 was identified as the transition (iii) from
maturity-to-rebirth, i.e. when employment started growing again.(120)
Turning now to the operationalization of the qualitative dimension, the
empirical examples provided by Frenken et al. (2007) and Boschma et al. (2012)
were followed. According to them, knowledge heterogeneity was approximated
through diversity measures of related variety (RV) and unrelated variety (URV).

(120)

The above procedure was developed by these authors as a method to identify the exact
transition years between stages empirically, since there is no widely accepted cluster lifecycle
segmentation method available in the extant literature.
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RV measures the extent of variety of related industries and unrelated variety
measures the extent of variety of unrelated industries in a given region.
Therefore, it is the URV that seems to better capture what Menzel and Fornahl
(2010) intended with their theoretical notion of knowledge heterogeneity.(121)
The URV index in year t was computed based on the equation 2 as below:

(2)

∑

Where,

is the employment share in the two-digit ICT specializations in the

Linköping Municipality in year t, and G is the maximum number of two-digit
ICT specializations.
Figure 2 shows that employment increased during the birth and growth stages;
stagnated, and then slightly declined during maturity, only to increase again
during rebirth. Correspondingly, the URV declined during the birth, and growth
stages (i.e. knowledge heterogeneity was reduced), fluctuated during maturity,
and decreased once again during rebirth. Both evolutionary patterns are
consistent with Menzel and Fornahl (2010), and corroborate the aforementioned
segmentation.(122)

(121)

Nonetheless, RV was computed, following the above examples, as the weighted sum of
entropy within each of the cluster's two-digit sectors it showed a similar pattern to URV; apart
from a somewhat expected growth during the re-birth phase of the cluster. Due to space
limitations RV results are not further discussed in this study but can be made available upon
request.
(122)
For example, the URV fluctuation during maturity peaks almost to the same height it had
during birth while the extent and slope of its drop thereafter is rather similar to that during the
1991-1996 period (i.e. late birth-early growth stages).
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Figure 2. The employment and URV evolutionary patterns of the Linköping ICT cluster

Notes: The employment curve is estimated by fitting the employment data with the
quintic function of y = 0.0236x5 – 1.4467x4 + 29.772x3 – 226.66x2 + 684.55x – 392.8,
which gave the best R2 of 0.9628 with y referring to employment and x to time (year).
The URV curve is obtained on the basis of equation 2. As the respective data are only
available after 1990 the dotted URV curve segment is a retrojection.

Having detailed the precise segmentation of the cluster’s evolution, this
investigation proceeded to establish the importance of each CSF in these
segments. This required primary data collection that also involved two steps.
During the first step, in the spring of 2009, semi-structured face-to-face
interviews were conducted with eight key cluster actors (i.e. the firms’ CEOs,
HEI and other institutional representatives) each lasted about one hour, detailed
in Tavassoli (2009). These were used to: (i) test the presence of the CSFs
gleaned through the systematic review of the literature, as reported in section
2.1, and to validate and calibrate the conceptual model introduced in section 2.2,
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(ii) obtain quantitative observations concerning the importance rankings of each
CSF in each of the cluster’s lifecycle stages (using the five-point Likert scale
reported in Table 1), and (iii) gather in-depth qualitative observations concerning
the importance of each CSF throughout the cluster’s evolution. During the
second step, in the autumn of 2012, a follow-up self-administered questionnaire
was emailed to the same eight interviewees that confirmed the results from the
initial interviews, which reflected no changes in the CSF importance rankings.
Although the number of interviewees may appear to be low at first glance (e.g.
given the size of the cluster), there are indeed less than 20 senior individuals
(e.g. SMIL123 board members, company CEOs, research center directors) that
have continuously participated in the cluster’s evolution so to be able to make
judgments about the importance of each CSF throughout the cluster’s evolution.
This reduces substantially the target population, rendering the eight interviewees
into 40% of targeted population. It also ought to be informed that a vast majority
of the interviewees have been holding multiple positions (e.g. firm CEO and
SMIL board member), and thus offered high quality reports of their experiences;
e.g. from multiple and balanced perspectives.
The findings relating to the importance of each CSF throughout these stages
are discussed next.

(123)

SMIL stands for "Stiftelsen för Småföretagsutveckling I Linköping" (in Swedish). The English
equivalent is "Foundation for Small Business Development". SMIL is basically a network for
business development of small and knowledge-intensive firms (mostly of an ICT specialization) in
the city of Linköping.
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4. Empirical findings and discussion
The presentation of the findings starts from the quantitative evidence relating to
the importance of the CSFs throughout the cluster’s evolution and proceeds to
the qualitative evidence. The former is summarized in Table 1.
The quantitative ranking preliminary suggests that there may be a set of CSFs
whose importance appears rather stable throughout the cluster’s evolution, e.g.
trust (CSF2) and networking (CSF7); whereas other CSFs should be expected to
exhibit some variation in importance due to the reported quantitative changes in
the cluster.
The first set of observations worthy of report concerning Table 1 is that all
cells have a value greater than one. This suggests that the set of 15 CSFs has
been rather correctly compiled. Nonetheless, there is some small variation in the
mean importance rank per stage (last row), which follows a downward trend
from birth (4.0) through growth (3.8) to maturity (3.4), only to increase during
rebirth (3.7) to a similar level encountered during the

growth stage. This

provides an initial level of support to the main argument of this study concerning
CSF variation across the cluster’s evolution.
Above we have described the most important set of observations relating to
Table 1, highlighting the fact that most CSFs exhibit substantial variation. These
CSFs are henceforth referred to as stage-specific, in contradistinction to those
being stable (stable-CSFs hereafter). Here lies the main argument of this study,
in that there is a difference between the importance of a CSF (and there are
plenty of studies suggesting a range of CSFs as important) and the variation in
this importance throughout the cluster’s evolution.
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15

11
12
13
14

10

9

8

7

6

5

4

3

2

1

CSF

3
3.8

4.0

4
5
4
4

5

2

4

4

4

3

4

4

4

3

Growth

5

4
5
4
4

4

4

4

4

4

2

4

4

3

5

Birth

3.4

3

4
4
4
4

4

2

4

3

2

3

3

4

4

3

Maturity

3.7

3

4
4
4
4

4

4

4

4

2

4

3

4

4

4

Rebirth

Notes: In the first four columns (Birth, Growth, Maturity, Rebirth), each cell contains the CSF mean rank (rounded at one decimal point) reported by
the eight interviewees. The last column (All stages) contains the mean of each CSF. *LIU refers to Linköping University. Scale: unimportant (1), of
little importance (2), moderately important (3), important (4), very important (5).

a focused, clear, right vision in the policy makers, firms, cluster support organizations, so to be able for
example to communicate effectively with investors, firms, and other actors.
trust between the cluster firms, between the firms and LIU*, and/or support organizations.
geographical proximity between the firms and between the firms and other actors (e.g. LIU*, policy
makers, financial institutions).
pre-existing knowledge (e.g. due to an engineering tradition or the presence of a relevant HEI) in the
region prior to the formation of the cluster.
the cluster’s brand-name; e.g. in strengthening the attraction of investment, venture capital , skilled
workers, new firms, uniting cluster actors, complementing the marketing of cluster firms.
of strong actor(s) in the cluster (e.g. lead/anchor firms and organizations like the LIU*, or trade
associations) in providing for example technical expertise, incubation space, diffusion of best practice,
innovation, attracting and retaining skilled labor.
local and extra-local networking (collaboration) between: firms, firms and other actors (e.g. HEIs, support
organizations, policy makers) to increase knowledge integration and value added.
physical infrastructure (e.g. transport, airports, communication, laboratories, research institutes,
conventions/fairs hall, company and employee facilities) within the region.
finance (e.g. from the government, financial institutions, venture capitalists, the industry) to firms
of innovation/R&D within firms and LIU* as well as importance of LIU as catalysts for firm
innovation/R&D.
entrepreneurship at individual, organizational, and collective levels (e.g. entrepreneurial culture).
growing company base; e.g. thriving start-ups, mature companies as models
staff attraction (due to firm or government efforts, and/or regional ambience) from outside the cluster.
external links from the cluster and its firms to outside markets (e.g. for knowledge, labor, goods)
cluster support organizations (e.g. SMIL, LIU*, business development centers) in training, coordinating
R&D projects, inter-firm and firm-LIU* cooperation, and fostering spin-offs.
Mean

Importance of :

Table 1- Importance rankings of CSFs in the Linköping ICT cluster lifecycle stages

3.7

3.5

4.0
4.5
4.0
4.0

4.3

3.0

4.0

3.8

3.0

3.0

3.5

4.0

3.8

3.8

Mean

However, Table 1 should at best be treated as an illustration, due to the small
number of observations involved. Therefore, further statistical analysis could
add some precision, but not necessarily any accuracy. As both precision and
accuracy are required to establish validity, the latter is subsequently pursued
based on the qualitative evidence provided by the interviewees, and other (e.g.
secondary) sources of data, while reliability will be demonstrated by placing
such evidence in the context of the wider cluster literature (e.g. of other
industrial specializations).
Still it ought to be remembered that the extant cluster literature has not been
very explicit or systematic about the importance of CSFs in different stages. It
was, after all, this unsatisfactory state of affairs that gave birth to this study.
Thus, although what follows below may appear patchy, it is comprised of
nonetheless the best wider evidence available.
Starting thus from those stage-specific CSFs that exhibit decreasing tendencies
in Table 1, and in particular clear vision (CSF1) that ranked its highest during
the birth phase, while its importance declined thereafter until the rebirth stage,
during which its importance increased. This appears to be a reasonable finding,
if one considers the top-down nature of the Linköping cluster, in which the
policy makers initially intervened explicitly in cluster’s genesis. In such a
situation, clear vision among policymakers (and other private actors) is expected
to play a key role in the success of a cluster; especially during its earlier stages.
For example, as interviewee-1 reported:
“We always have had the right vision here in the Linköping cluster, which is
‘being a globally competitive ICT cluster’. This is thanks to both public and
private actors. As a public actor, the Linköping Municipality has been
instrumental in establishing formally the cluster in 1984 [birth] and providing a
supporting vision ever since, e.g. support for creation of the HomeCom project
in 2000 [maturity]. The public sector’s vision has been complemented by strong
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visions from private sector leaders; e.g. Nokia established its head research
office for Home Communications in 2000 [maturity and thereafter]”
Pre-existing knowledge (CSF4), strong actors (CSF6), and the growing
company base (CSF12) exhibit a somewhat different pattern to vision (CSF1),
though still decreasing. Their difference lies in the fact that these three CSFs
appear to be more important in the earlier phases (birth and growth) relative to
later phases (maturity and rebirth). In the case of pre-existing knowledge, this
change manifests in the statements of interviewee-2 who said:
“I think Linköping University [founded in the late 1960’s] has been a
fundamental actor to create pre-existing knowledge for the cluster, specially
physics and electronic departments, which has been mostly useful in the early
stages of cluster evolution in the late 80s and the beginning of 90s through
successful university-based start-ups [birth and growth]”.
These patterns are encountered for example in the reports of interviewee-3
concerning the decreasing role of strong actors after the end of the growth stage:
“Besides Linköping University and SAAB as historically strong actors in the
region, Eriksson arrived in 1987 [birth] and Nokia in 1989 [growth] …they also
extended their facilities later, e.g. Ericsson in 1995 [growth]… thereafter their
importance somehow decreased.”
A succinct statement by the same interviewee about the growing company
base conveys the greater importance of this factor during birth and growth
stages: “The growing company base of the cluster was very much reinforced by
the arrival of Eriksson in 1987 [birth] and of Nokia in 1989 [growth]”. Whereas,
the relative decrease in importance of the aforementioned CSFs during a
cluster’s later stages may be due to the fact that during such stages a cluster
becomes self-reinforcing, as suggested for example by Brenner (2004).
Moreover, Brenner and Schlump (2011) used secondary evidence and
mathematical modelling to demonstrate the importance of thriving start-ups (i.e.
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a growing company base) specifically during the early stages of a cluster.
Concerning the importance of strong actors in the earlier stages in particular,
Giuliani (2011) observed in wine clusters the key role of gatekeeper firms as the
important sources of learning during their earlier stages.
The last CSF with decreasing tendencies; i.e. support organizations (CSF15)
exhibits a further variation to the above patterns, in that it is of utmost
importance only during the birth stage, while decreasing and then remaining
stable during the next three subsequent stages. This is detailed by interviewee-4:
“Since the beginning, SMIL [established in 1984] has been one of the main
support organization in the development of new technology [birth] … in 1994 the
Technology Bridge Foundation was established to support the firms [growth].
Tiny Tots opened its international preschool to serve the children of multilingual
employees in 1997 [maturity]… in 2005, the Soft Landing scheme for foreign
companies wishing to locate in Sweden was launched together with Rivstart,
which offered young companies furnished facilities and mentoring [rebirth]… we
have seen several support organizations emerged in different stages of cluster
evolution, but perhaps the earlier ones were more crucial to anchor the cluster
when it was still fragile.”
The elevated importance of CSF15 at birth is also encountered in other
specialization, like shipbuilding in Korea, where Shin and Hassink (2011)
reported, for example, on the importance of “support organizations” for building
firm capabilities during the cluster's early stages.
Turning now to the only CSF in this study that exhibited increasing tendencies
of importance, i.e. brand (CSF5) or cluster identity, interviewee-2 asserted:
“The brand name of Mjärdevi Science Park AB was developed in 1993 as a
limited company responsible for the development and marketing of the cluster. It
was especially important in the mid-90s and afterward [growth and thereafter] to
be able to establish ties with world leading technology parks…”.
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This finding also seems to be in line with recent findings of CSFs in lifecycles of
clusters in very different specializations; e.g. in clock-making and medical
instruments reported by Staber and Sautter (2011).
Last, but not least, two CSFs appear to exhibit some fluctuations, i.e. finance
(CSF9) and innovation (CSF10) albeit of a different kind. Finance received its
top rankings during birth and rebirth, and lower rankings during the interim
stages. As interviewee-4 described:
“We have seen the emergence of financial institutions that helped the start-ups
to grow. An example is Novare Kapital that was first established at Mjärdevi
Science Park in 1993 to provide risk capital to new companies [birth].
Innovations Kapital, another venture capital firm, moved into the cluster in
1999. These financial institutions helped the cluster when it was struggling to
escape from the IT-crises in early 21th century [re-birth].”
The elevated importance of finance during rebirth has also been reported in
Silicon Valley (Bresnahan et al., 2001) as well as in different contexts, like the
aforementioned shipbuilding cluster in Korea.
Innovation (CSF10) however, exhibits another kind of variation. Although
ranked highly in all stages, it was considered of greatest importance during the
cluster’s growth phase. As interviewee-2 pointed out:
“Since the beginning the Linköping University acted as the catalyst for
stimulating the growth of innovation capacity in the cluster… the evidence is the
several successful university-based start-ups throughout all stages of cluster
lifecycle…innovation was considered vital throughout all stages, especially in
late 90s [growth] where the cluster really boosted.”
The elevated importance of innovation during growth has also been
theoretically highlighted (Brenner and Schlump, 2011), as well as empirically
tested in studies across a number of cluster specialization, e.g. automotive,
television receiver, and tires (Klepper, 2007).
204

5. Conclusions, policy implications, and areas of further
research
Previous studies of the Linköping ICT cluster highlighted its success stories, and
revealed several CSFs. However, similar to the general pattern encountered in
the wider cluster-CSF literature, these previous studies of Linköping appear
ambiguous in several respects, particularly concerning the empirical evidence
about the importance of CSFs throughout the different stages in a cluster’s
evolution. As a starting point, to shed light on such ambiguity, a systematic
review of this literature was undertaken, which makes it possible to develop a
robust, yet flexible, model of elementary/generic CSFs for ICT clusters, and
unearth their implicated objects. This conceptual model could be used to:
1. Identify gaps in the existing literature, such as the lack of relations between
objects. For example, the literature is silent on the declining importance of
vision as a CSF in the lifecycle of ICT clusters, and in particular what happens
to the ‘vision’ as expressed in the relations between policy makers, firms, and
support organizations during the post-birth phases.
2. Diagnose the extent of CSF presence/absence in clusters that are allegedly
successful, and also the importance of each CSF in the different lifecycle stages.
This formed the main thrust of this study. To that effect, the Linköping ICT
cluster was used as a critical case study, and a rigorous technique was devised,
and successfully applied to segment its lifecycle. The technique was applied to
secondary independent data and required relatively simple computations. This
technique can thus be applied to study other clusters. The key cluster actors were
subsequently interviewed in 2009, with a follow-up in 2012 so to improve
validity. The actors ranked the importance of each CSF in each of the identified
stages. This hybrid research design, making use of primary and secondary data,
allowed the presence of all CSFs and their patterns of importance across the
cluster’s lifecycle stages to be established. Thus, even with the limited data and
computation involved in this study, it was possible to establish that while a CSF-
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constellation may be stable (i.e. equally important for all lifecycle stages), the
importance of other CSFs may be stage-specific (i.e. vary across lifecycle
stages).

For

example,

geographical

proximity,

physical

infrastructure,

entrepreneurship, staff attraction, and external links, are among the stable-CSFs
which are recognized to be of equally great importance throughout the evolution
of the cluster. It was further identified that the vast majority of the stage-specific
CSFs exhibited decreasing tendencies in importance (i.e. vision, pre-existing
knowledge, strong actors, a growing company base, and support organizations);
with only one CSF (i.e. brand-name) exhibiting increasing tendencies in
importance. Moreover, two CSFs (i.e. finance and innovation) were identified as
experiencing fluctuations in importance with rather different patterns.
3. Measure the impact of actual CSF-constellations on cluster success. Although
not directly engaged with in this study (due to space limitations) one could easily
surmise, for example, that the impact of the aforementioned constellation of
stable-CSFs on the cluster’s success could be argued to have been consistently
high. Obviously, further research, as discussed below, could produce more
precise and accurate measures of impact.
4. Predict cluster success in subsequent stages of its lifecycle, based on the
presence/absence of the particular constellation of CSFs in its earlier stages.
Even with the limited data of this study a series of predictions could be made.
For example, one could predict threats to the future success of the Linköping
ICT cluster (i.e. post-rebirth) on the basis of detecting difficulties in the entities
and relations underpinning the present constellation of CSFs. One could even
attempt more bold predictions, based on the established CSF constellations and
their patterns, concerning the success of other ICT clusters in different lifecycle
stages. The making and testing of such predictions, as part of further research,
should enhance the present theorizing.
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5.

Inform, support, redirect, and target policy/intervention efforts, e.g. when
resources are misplaced on irrelevant CSFs. For example, the present findings
seem to warrant the policy implication that no additional resources should be
committed to cluster-branding (CSF5) in Linköping. It could also be argued that
the relations underpinning the CSFs that are of increased importance during
maturity should be closely monitored after the rebirth stage, and targeted
intervention undertaken in case difficulties are observed in their underpinning
relations (as depicted in Figure 1).
The possibilities thus from pursuing the line of inquiry developed in this paper
appear to be rewarding for both policy makers and researchers alike. Since this
is a single case study, its limits of generalization cannot be asserted with
certainty, nonetheless, several implications can be discerned. For example,
clusters could grow, and ultimately become successful, in less than perfect
conditions, or that at least not all CSFs are equally important throughout a
cluster’s evolution for its ultimate success. This raises further implications for
specific CSFs; for example, during birth the focus should be on attracting the
giant firms as well as developing incubators, nurturing start-ups, and spin-offs
(CSF12), while in later stages increased attention should be placed on
developing the brand name of the cluster (CSF5). To such effects, the model of
Figure 1 provides a generic map of the entities and relations that should be
monitored and targeted during interventions aiming to enhance particular CSFs.
The above also delineate at least three key areas for further research. First,
further research could enrich and refine the conceptual model (e.g. addition of
CSFs, objects, relations) to the extent that subsequent versions can be safely
transferred to other ICT clusters, as well as to clusters in other specializations.
To that effect, this study could act as a blueprint for investigations, not only in
ICT clusters, but of any industrial specialization, to which its toolkit may also
come handy. The second area of further research concerns the extent to which
the demarcation between stable and stage-specific CSFs, and the patterns within
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the latter group are context-dependent. These could be investigated further
using, for instance, large scale surveys of the Global Entrepreneurship Monitortype. Thirdly, since this has been an exploratory study, highlighting the varied
importance of CSFs throughout the evolution of clusters, its main effort has been
to chart this unexplored territory, rather than explain at any great length why
certain CSFs were ranked higher or lower than others, or their specific variation
in certain direction. Thus, further research is suggested to investigate at greater
detail the causes of the aforementioned patterns.
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Abstract

Innovation and technological change is the major
factor of production, renewal, and competitiveness of firms and nations in the contemporary
“knowledge economy”. The overall purpose of
this dissertation is to investigate the innovative
behavior of firms in various sectors and regions.
In particular, I have analyzed the determinants
(driving forces) of firms’ innovation on the one
hand (in paper 1 and 2), and the effect of firms’
innovation on the other hand (in paper 3 and 4).
In addition, a central concern in this dissertation is
that context, in which firms operate and innovate,
matters for innovation. I take into account several
contexts in the analyses of both the determinants
and effects of innovation. These contexts are: the
regions in which firms are located, the dynamics
of industries, and the dynamics of cluster in which
firms belong to.
This dissertation consists of four separate papers plus an introductory chapter. Each paper can
be read independently, but all of them deal with
either determinants or effects of the innovation
of firms.
The first paper analyzes the effect of various
firm-specific determinants on firms’ innovation
output. It also considers the stages of the Industry Life Cycle (ILC) as a context in which firms
operate and innovate. Using the Community Innovation Survey data for manufacturing and service
sectors in Sweden during 2002-2004, I find that
the importance of various determinants of firms’
innovation depends on the stages of the ILC in
which they operate.
The second paper again investigates the determinants of innovation, but this time incorpora

2014:10

tes another context that affect the innovation, i.e.
the regions that firms belong to. Using the patent
applications data as a measure of innovation in all
functional regions in Sweden during 2002-2007,
we find that both the internal knowledge generated within the region and the inflow of external
knowledge matter for innovation of firms located
in the regions. Moreover, the extent of related variety of knowledge in the region has the superior
role to promote innovation.
The third paper examines the effect of a firm’s
innovation output on firm’s performance. Export
behavior of firms is chosen as a performance
indicator. Particular attention is devoted to distinguish between innovation input and innovation
output and to isolate their effects on export behavior of firms. Using two waves of Swedish Community Innovation Survey data during 2002-2006
merged with registered firm-level data, I find that
what really matters for enhancing the export behavior of firms is the innovation output of firms,
rather than the innovation input (mere efforts in
investing in innovation activities).
The fourth paper also analyzes the effect of
innovation on performance measures but this
time incorporates another context, i.e. the life
cycle of the regional cluster that firms belong to.
This paper delves into a particular cluster, i.e. Linköping ICT cluster. Using data collected through
interviews during 2009 and 2012 on key cluster actors, we find that innovation is among the
factors that are always highly important at any given stage of the cluster’s evolution, however, it has
slightly greater importance during the “growing”
stage.
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