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Manufacturing
Andrea Vaona
Mario Pianta

ABSTRACT. The paper investigates the differences between

small, medium-sized and large firms regarding their perfor-

mance in the introduction of new products and processes. After

a review of the relevant literature, two models are proposed and

tested in search for different business strategies and innovation

inputs connected to product and process innovations. The

empirical analysis uses innovation survey (CIS 2) data at the

industry level for 22 manufacturing sectors, broken down in

three firm size classes, for eight European countries. Special

attention is devoted to tackling the issues of possible endoge-

neity of the regressors and of unobserved sectoral heterogene-

ity. The results – strengthening the findings of previous studies –

show that product and process innovations, though having

some complementarities, are associated to different innovative

inputs and strategies pursued by firms. Systematic differences

also emerge between the behaviour of large firms and SMEs.

KEY WORDS: product innovation, process innovation,
firm size, determinants of innovation, European industries.

JEL CODES: L11, O31, O33, L26.

1. Introduction

How different are large and small firms in their
innovative performance? Do they pursue differ-
ent strategies in terms of product and process
innovation? Do they use different inputs to
introduce innovations? Such questions have been

addressed by an extensive literature that has
moved from the simplifications of the
‘‘Schumpeterian hypothesis’’ (Schumpeter, 1942)
and the limitations of R&D and patent data, to
careful studies of the types of innovations
introduced, of the influence of market structure,
of industry and country specificities, and of the
variety of factors affecting innovative perfor-
mances (Acs and Audretsch, 1990).

This paper proposes a model where a clear
distinction is made between different technolog-
ical strategies by firms and industries. Product
innovations are assumed to result from a search
for technological competitiveness, based on ef-
forts for market-oriented innovation, such as a
strategy of market expansion and patenting
activity. Process innovations are assumed to
emerge from a strategy of active price competi-
tiveness dominated by a search for efficiency,
rooted in the pursuit of production flexibility,
larger markets and more investment in innova-
tion-related machinery (Antonucci and Pianta,
2002; Pianta, 2001). In the product based strat-
egy, small firms are expected to rely more on
innovative dynamics, while large firms are
expected to rely more on market power strate-
gies. In a strategy based on process innovations,
small firms critically depend on greater produc-
tion flexibility, while large firms may invest more
in new machinery and search for larger markets.

Differently from much of the literature that
considers individual firms, this paper carries out
the study at the industry level, considering 22
sectors covering all manufacturing industry.
Information for each sector is broken down for
small, medium-sized and large firms. This
approach makes it possible to identify systematic
patterns within manufacturing, showing the
importance of firm size, in combination with
sectoral and country specificities. Data are drawn
from theCommunity Innovation Survey 2 (CIS2)
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and cover eight European countries. A major
strength of the results is that they refer to the
whole of manufacturing in a large number of
European countries.We also address in detail the
problems of possible endogeneity of the regres-
sors and of unobserved sectoral heterogeneity.

Section 2 of this paper offers a brief review of
the relevant literature. The database used is
illustrated in section 3. Section 4 is devoted to
econometric issues. Section 5 shows the estima-
tion results. Section 6 concludes. The Appendix
offers further details on the data and on the
methods adopted in this analysis.

2. Concepts and literature

The nature of innovation and the role of firm
size have been addressed by two streams of
literature that have rarely overlapped. Both will
be briefly reviewed in this section, pointing out
the possibilities for integrating the two
approaches.

2.1. The distinction between product and process
innovation

Building on a crucial Schumpeterian distinction,
and on a well-established literature (Antonucci
and Pianta, 2002; Cohen and Klepper 1994;
Edquist, Hommen and McKelvey, 2001; Pianta,
2001; Scherer, 1991) we argue that a clear con-
ceptual distinction can be made between product
and process innovations, and we test its strength
in the empirical estimation of our model. Prod-
uct innovations, either incremental or radical
ones, developed through internal (and external)
innovative activities, increase the quality and
variety of goods and may open up opportunities
for firms� growth in output through larger
quantities and/or prices. Conversely, process
innovations lead to improvements in the effi-
ciency of production of particular goods, low-
ering their prices, and are associated with
investment embodying new technology.

Early studies of innovation in firms of different
sizes have pointed out that the share of process
R&D relatively to that of product R&D increases
as firm size grows (Scherer, 1991) and that in
R&D intensive industries the same share rises as
markets becomemore concentrated (Link, 1982).

Building on such evidence, Cohen and Klepper
(1994) have argued that, as the benefits of inno-
vation to firms are mainly in increased output
(due to appropriability constraints), large firms
tend to have an advantage in process innovations
because their innovation costs can be spread over
larger volumes of output.

In fact, although the two types of innovation
are closely interlinked, and in many innovative
firms they are often present together,1 they are the
results of separate innovative processes, pursuing
different objectives with different means. Product
innovations are usually associated with a search
for technological competitiveness, based on high
productivity rooted in quality advantages in
niche markets for small firms, and in the control
of new and dynamic markets for larger firms. On
the other hand, process innovations mainly
emerge from a strategy of active price competi-
tiveness dominated by a search for efficiency,
where productivity growth is rooted in the
increase of the capital intensity of production
processes, thanks to the acquisition of new
machinery in small firms, or to cost-cutting
restructuring in large firms (Pianta, 2001). Such a
distinction provides a new perspective for the
analysis of firm size and innovation.

2.2. The relationship between firm size
and innovation and its qualifying factors

A very large literature has explored the rela-
tionship between firm size, market structure and
innovation, showing a frequent polarisation
between a creative destruction view, where
innovation leads to concentration and market
power of new dynamic firms – a Schumpeter
Mark I perspective – and the cumulative
perspective emphasising that high present out-
put leads to high future output and innovation is
incremental – a view closer to a Schumpeter
Mark II model.

The literature on this issue has developed at
the plant, firm and industry levels, and includes
analyses of the factors affecting the relationship
between firm size and innovation, such as mar-
ket concentration and the knowledge environ-
ment, and contributions assessing this direct
link, using different indicators for innovative
performance.
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A first line of research has emphasised the
role of industry factors, especially the evolution
of the industry life cycle, as key determinants of
the relationship between innovation and firm
size (Rothwell and Dodgson, 1994; Rogers,
2004). According to Rothwell and Dodgson
(1994, p. 323) the role of small firms is more
relevant where entry costs are lower and niche
markets exist, although the forms of interaction
between firms of different sizes (from subcon-
tracting to licensing and to collaborative inno-
vation) influence the final results. Along an
industry life-cycle, this relationship is likely to
evolve from a more favourable environment for
small firms in the early stage, to a mature situ-
ation where a higher concentration is found in
both innovation and markets.

The role of market conditions has emerged in
different studies. Considering innovation counts,
Acs and Audretsch (1987) found that large firms
are more innovative in monopolistic markets and
concentrated industries with high barriers to
entry, whereas small ones perform better in
competitive markets. Using the same indicator,
Love and Ashcroft (1999) shifted the attention
from firm to plant level data, considering 3000
manufacturing plants in Scotland, and found
that market structure is less relevant for inno-
vation than corporate structure. Their findings
point to the fact that plant size, foreign owner-
ship and the presence of R&D enhance innova-
tion.2

Considering the share of R&D personnel on
total employees, the analysis of a panel of Dutch
firms (van Dijk et al., 1997) showed that con-
centration has a positive effect, regardless of
firm size, while market growth is very important
for large firms and irrelevant for small ones.

The knowledge environment in which firms
operate has also emerged as a factor influencing
the relationship between firm size and innova-
tion. Small firms appear to be better at exploiting
external economies deriving from a more inno-
vative environment, due to the proximity toR&D
centres of large firms and to universities (Acs
et al., 1994; Audretsch and Vivarelli, 1994).
Similar results were obtained by Rogers (2004)
using Australian survey data; he finds that in
manufacturing small firms are better at capturing
the benefits of networking for innovation,

whereas the opposite holds for non manufactur-
ing firms.

A second body of work has investigated the
direct link between innovation activity and firm
size, and has evolved alongside the availability
of different indicators of innovation. At first,
studies had to rely on R&D as a proxy for
innovation, and found that, at the firm level,
R&D increased more than proportionately than
firm size up to a threshold point, when a direct
relationship emerged (Scherer, 1965). This has
been explained by the size advantages of large
firms in terms of internal knowledge, financial
resources for innovation, sales base and market
power (Cohen and Klepper, 1996).

When patents and innovation counts are
considered as indicators of innovative output, it
emerges that R&D productivity tends to decline
with firm size either when measured as patents
per R&D (Bound et al., 1984), or when mea-
sured by innovations per unit of R&D (Acs and
Audretsch, 1990, 1991).

Studies focusing on industries rather than
on firms or plants paint a somewhat different
picture. Here the large firm advantage in R&D
efforts tends to disappear ( Scherer, 1984; Soete,
1979) innovative output (in terms of number of
inventions) tends to fall as concentration grows,
while the returns to R&D inputs decrease with
firm size (Acs and Audretsch, 1988), suggesting
that industry specificities are key factors in
affecting innovative performances (Cohen,
1995).

This line of analysis has led to emphasize the
importance of technological regimes as determi-
nants of both market structures and the innova-
tive performances. Technological opportunities,
appropriability conditions, sectoral innovation
systems, growth potential and actual demand are
likely to shape at the same time innovation and
market structure (Malerba, 2004).

2.3. Integrating firm size with product and process
innovation

Further progress is now possible using the evi-
dence of European innovation surveys that pro-
vide data on a variety of aspects of innovation.
LikeCrepon et al. (1998) andLoof andHeshmati
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(2002), we use a direct indicator of innovation
(the share of firms that have introduced a product
or a process innovation over a three year period),
capturing the actual innovative performance of
firms. Building on the evidence from innovation
surveys, in this article we bring together the two
streams of literature reviewed above: the dis-
tinction between product and process innova-
tions and the relationship between innovation
and firm size. We argue that innovation perfor-
mances of sectors and firm size classes are asso-
ciated to separate types of innovative efforts
aiming at the introduction of new products or
new processes. We expect that different resources
and strategies are connected to the different
innovative performances that can be observed in
small and large firms across industries. In the next
sections we develop a model and an empirical
analysis that moves beyond the state of the art in
the following directions:

– we conceptualise the distinction between the
dynamics and strategies leading to the emer-
gence of new products and new processes, and
we introduce it in the analysis of the relation-
ship between firm size and innovation;

– we search for a better identification of the
determinants of innovation, in terms of firms�
objectives, strategies and resources;

– we carry out an industry level analysis, with a
breakdown of industries by three size classes,
with an econometric specification that explic-
itly accounts for the group structure of the
dataset, moving beyond OLS or Least Squares
Dummy Variables (LSDV) models. While they
are pervasive in the reviewed literature, they
are not always the best econometric tools in
order to deal with unobserved heterogeneity.
We also directly address the issue of the possi-
ble endogeneity of the regressors.

3. The model

Technological change opens up opportunities
for a variety of innovative strategies of firms,
associated to particular competitive strategies
in given markets. A strategy of technological
competitiveness, associated to a dominance of
product innovation, requires substantial

internal innovative efforts (research, develop-
ment, design, as well as new investment), a
strong inventive activity reflected in patenting,
a stream of new products, with the objective
of increasing market shares and opening up
new markets. A strategy of active price com-
petitiveness, rooted in process innovation, fo-
cuses on increased efficiency achieved through
innovation in cost-saving processes, introduc-
tion of new machinery, larger markets asso-
ciated to a decrease in price, with a key
relevance of the objective of increasing pro-
duction flexibility.

While there is a complementarity between
innovation in products and processes (as shown
by the evidence of European innovation sur-
veys), the determinants of success in either
strategy are different and should be investigated
separately. Therefore this article proposes two
separate models and tests whether these two
types of innovation are associated with different
strategies and activities rooted in different
models of innovation.

3.1. Product innovation

In the first model we propose, we aim to identify
the determinants of product innovations
(PDIN), measured as the share of firms that
have introduced a product innovation in 1994–
1996. The presence of product innovation is
expected to be associated to a deliberate market
expansion strategy and to the presence of
patenting activities for the protection of firms�
inventions, that are preliminary to the intro-
duction of new products.

The variables we intend to use in the model
include the following:

– M: the share of firms declaring the aim of
opening up new markets or increasing market
share, that is a key condition for the emer-
gence of product innovation;

– P: the share of firms that have patented an
invention in 1994–1996. While not all patents
turn out as new products in the market, the ef-
fort devoted by firms to inventing and patent-
ing is a good indicator of the capabilities,
competences and determination to introduce
product innovations.
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In the analysis of different firm size classes, it
will be possible to identify which factors domi-
nate the innovative performance of each group.
The model is the following:

PDINdij ¼ kþ aMdij þ bPdij þ e

with firm size classes d, sectors i, countries j; k is
the constant; e is the error term.

3.2. Process innovation

In the model for the determinants of process
innovations (PCIN), measured as the share of
firms that have introduced a process innovation
in 1994–1996, the key determinants are a strat-
egy for making the production process more
efficient and flexible, and for expanding markets
(mainly through the price reduction made pos-
sible by new processes), while a key role is
played by the resources available for the acqui-
sition of new machinery and equipment.

The variables we intend to use in the model
include the following:

– F: the production flexibility objectives of firms,
that is measured as the share of firms declaring
that increasing production flexibility is very
important or moderately important;

– M: the share of firms declaring the aim of
opening up new markets or increasing market
share, that is a key condition for the emer-
gence of product innovation;

– K: the amount of innovative expenditure in
new machinery and equipment per employee in
1996, that quantifies the economic resources
invested in new processes.

The differences across firm size classes will make
it possible to identify the relative importance of
each variable. The model is the following:

PCINdij ¼ kþ aFdij þ bMdij þ cKdij þ e

with firm size classes d, sectors i, and countries j;
k is the constant; e is the error term.

These basic models for the determinants of
product and process innovation will be used
both for the pooling of all three size classes, and

separately for small, medium sized and large
firms.

4. The econometric method

The dataset used in this paper collects observa-
tions referring to three groups: countries, sectors
and class sizes. It is well known in the literature
that the presence of unobserved variables for
each of the groups of a dataset can lead either to
correlation between the regressors and the
errors, or to correlation between the errors. In
both cases OLS is misleading: it provides biased
estimates in the first case and biased standard
errors and unreliable significance test statistics
in the second case.

The econometric tool developed to cope with
these problems is the error components model
(ECM). Balestra and Nerlove (1973), Wallace
and Hussain (1969), Amemya (1971), Nerlove
(1971a, b), Mazodier (1972) and Fuller and Ba-
tese (1973) developed the one- and two-way
ECM for balanced datasets, distinguishing
between the fixed effects (FE)3 and the random
effects (RE) models. In order to check which
model best fits the data, Hausman (1978)
suggested to compare the two estimators above,
on the ground that in the first case they are
‘‘distant’’, because the random effect estimator is
biased, and in the second case they are ‘‘close’’,
as under this hypothesis they are both consistent.

Traditionally, the debate between fixed effects
and random effects focused on the question
whether the error components should be
considered as random variables or as fixed
parameters. In the context of sectoral studies of
innovation this has led to interpret sectoral
dummies as indexes of technological opportu-
nities. A FE model is generally recommended
when regressors are correlated with the errors
due to group unobserved variables; whereas a
RE model when unobserved variables induce
correlations between the errors, but not between
the regressors and the errors. In the present
study the Hausman test points to the random
effect model as the most suitable to our dataset.
However, this should not be interpreted as
implying that either industries, or countries, or
firm size classes play no role: their role is not
that of introducing a bias in the point estimate
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of the regressors, but rather of increasing the
variance of the residuals (Wooldridge, 2001).4

One of the shortcomings of the econometric
literature discussed above is that practitioners
often have to deal with datasets with missing
values and with more than two groups of
observations. Regarding the first aspect, Baltagi
(1985) and Wansbeek and Kapetyn (1989)
developed respectively the one- and the two-way
ECM for unbalanced data. Finally, Davis
(2002), that is the main methodological refer-
ence for this paper, showed that the one- and the
two-way ECM for unbalanced data are only
special cases of a multi-way ECM; he provided
the FE, the RE and the Maximum Likelihood
(MLE) estimators for unbalanced datasets.5 In
essence the model we are going to estimate is the
following

ydij ¼ aþ bxdij þ cd þ ki þ lj þ mdij

where y is the dependent variable, a is the con-
stant, x is the vector of regressors, c is the class
size effect, k is the sector effect, l is the country
effect and v is the error.

The RE estimator is just a GLS estimator,
correcting the variance covariance matrix of the
residuals by allowing for within group correla-
tion. Like all GLS estimators, what is actually
possible to compute are their Feasible GLS
(FGLS) counterpart and many possible routes
have been proposed (reviewed in Baltagi, 2003).
Here, a quadratic unbiased estimator (QUE)
and a minimum norm quadratic unbiased esti-
mator (MINQUE6) have been computed in
order to check for model misspecification by
comparing the two results. The QUE estimator
is reported in the Appendix, together with the
OLS and the FE estimators.7 This approach
makes it possible to take into account the pres-
ence of the three dimensions of our study – firm
size classes, industries and countries – while
obtaining a sound econometric relationship.

A second econometric problem is the possible
endogeneity that might come from correlation
between the regressors and the residuals mdij. In
order to tackle this problem, we follow Davis
(2002) using a GMM error component model.

The choice of the instruments is discussed in the
section with the econometric results.

5. The database

The empirical analysis uses the SIEPI-CIS2
database developed at the University of Urbino,
based on CIS 2 data at the industry level for 22
manufacturing sectors, broken down in three
firm size classes (20–49; 50–249; above 250
employees).8 Eight European countries are
considered: Austria, France, Italy, Norway, the
Netherlands, Portugal, Sweden and the United
Kingdom.

The innovation survey data provide infor-
mation on quantitative and qualitative aspects
of firms� innovative activities, including product
or process innovations, the variety of innovative
efforts (research, design and engineering and
investment related to innovation), the objectives
pursued by firms� innovative strategies (Euro-
pean Commission-Eurostat, 2001, 2004).

The main innovation indicators involved in
the present study are:

– the percentage of firms introducing at least one
product innovation in the period 1994–1996;

– the percentage of firms introducing at least one
process innovation in the period 1994–1996;

– the percentage of firms which have applied for
patents between 1994 and 1996;

– innovation expenditure per employee due to
acquisition of machinery and equipment linked
to innovations;

– the percentage of firms perceiving the objective
of opening up new markets or increase market
share as moderately important or very impor-
tant;

– the percentage of firms perceiving the objective
of improving production flexibility as moder-
ately important or very important.

An overview of descriptive statistics on these
variables may be helpful in order to highlight
the differences along the three dimensions under
study – countries, firm size classes and sectors.
Table I shows the average values of the vari-
ables by country. They confirm the well
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established picture that Southern European
countries are less innovative than Northern
European ones. Austria, the Netherlands and
the UK appear to be the most innovative
countries, whereas Italy and Portugal are among
the least innovative ones. Countries are closer
when we consider variables reflecting a strategy
of active price competitiveness, such as innova-
tion expenditure per employee due to the
acquisition of machinery and equipment, or the
percentage of firms perceiving the objective of
improving production flexibility as moderately
important or very important. Conversely, cross-
country differences are larger in patenting
activities.

Table II shows the firm size breakdown. A
clear direct relationship emerges between firm
size and innovative performances, with the
exception of the expenditure for new machinery,
which is lower for large firms and higher for
medium and small firms. This is hardly
surprising, as this is a major source for intro-
ducing (process) innovation in smaller firms,
while large firms can spread the investment over
a larger number of employees.

Finally Table III is concerned with sectoral
differences. As in Table I, differences among
values are greater when we look at variables
reflecting a strategy of technological competi-
tiveness, such as product innovation, patenting

TABLE I
Descriptive statistics per country

Country % of firms
introducing
a product
innovation

% of firms
introducing
a process
innovation

Expenditure for
innovation-related
new machinery per
employee (hundred
of thousands of euro
per employee)

% of patent
applicants

% of firms
aiming at
opening
new markets

% of firms
aiming at
improving
production
flexibility

Austria 0.73 0.59 0.022 0.41 0.72 0.60
France 0.48 0.39 0.007 0.21 0.51 0.31
Italy 0.44 0.50 0.024 0.18 0.43 0.32
Netherlands 0.69 0.56 0.021 0.26 0.53 0.46
Norway 0.43 0.44 0.026 0.14 0.48 0.40
Portugal 0.14 0.21 0.008 0.12 0.41 0.42
Sweden 0.53 0.42 0.018 0.25 0.55 0.44
United Kingdom 0.62 0.43 0.028 0.21 0.76 0.60

Total 0.51 0.45 0.019 0.21 0.54 0.42

Note: The table contains the average values for each country of the variables used in the present study.

TABLE II
Descriptive statistics by firm size class

Size % of firms
introducing a
product innovation

% of firms
introducing a
process innovation

Expenditure for
innovation-related
new machinery per
employee (hundred
of thousands of
euro per employee)

% of patent
applicants

% of firms
aiming at
opening new
markets

% of firms aiming
at improving
production
flexibility

Large 0.68 0.62 0.016 0.40 0.68 0.56
Medium 0.51 0.44 0.021 0.18 0.55 0.42
Small 0.36 0.32 0.021 0.08 0.41 0.31

Total 0.51 0.45 0.019 0.21 0.54 0.42

Note: The table contains the average values for each firm size class of the variables used in the present study.
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and the percentage of firms aiming at opening
up new markets. As expected, Machinery and
Equipment, Electrical and Optical Equipment
and Chemicals are among the most innovative
sectors, whereas Textiles, Wearing, Leather and
Footwear and Wood, Pulp, Paper and Printing
among the least innovative ones.

6. Tests and results

6.1. Tests and procedure

The first analysis to be carried out concerns the
test on the presence of systematic differences
between the relevance of product and process
innovations. In a first model, we have included
all the variables listed above in order to explain
the shares of firms introducing product or pro-
cess innovations, testing the hypothesis that the
same set of factors is affecting both types of

innovative behaviour. The results are contained
in Table IV.

While some commonalities emerge in the re-
sults, there are strong differences in the signifi-
cance and relevance of the coefficients, leading
to suggest that we are facing two distinct models
of innovation. Looking at the independent
variables, patenting is significantly correlated
with the share of product innovators and not
with that of process innovators. The opposite
happens for the percentage of firms aiming at
introducing production flexibility and for the
expenditure in innovation related new machin-
ery and equipment. Finally, the percentage of
firms aiming at opening new markets or
increasing market share is positively related with
both, but with a higher coefficient for product
innovation. The importance of product and
process innovation across European industries
and firm size classes appears to be associated to

TABLE III
Descriptive statistics by sector (Nace 10 Classification)

Sector % of firms
introducing
a product
innovation

% of firms
introducing
a process
innovation

Expenditure for
innovation-related
new machinery per
employee (hundred
of thousands of euro
per employee)

% of patent
applicants

% of firms
aiming at
opening
new markets

% of firms
aiming at
improving
production
flexibility

Food and Beverages 0.47 0.48 0.020 0.09 0.53 0.46
Textiles, Wearing, Leather
and Footwear

0.31 0.30 0.008 0.09 0.38 0.34

Wood, Pulp, Paper,
Publishing and Printing

0.36 0.41 0.025 0.12 0.44 0.37

Coke, Refined Petroleum
Products, Nuclear Fuel,
Chemicals

0.65 0.51 0.020 0.29 0.63 0.39

Rubber, Plastics and other
Non Metallic Mineral
Products

0.54 0.46 0.025 0.24 0.55 0.44

Basic Metals and
Fabricated Metal
Products

0.46 0.45 0.016 0.19 0.53 0.42

Machinery and
Equipment

0.69 0.46 0.012 0.37 0.67 0.47

Electrical and Optical
Equipment

0.68 0.53 0.020 0.31 0.66 0.49

Transport Equipment 0.53 0.45 0.021 0.26 0.54 0.43
Manufacturing NEC
and Recycling

0.49 0.49 0.027 0.22 0.53 0.43

Total 0.51 0.45 0.019 0.21 0.54 0.42

Note: The table contains the average values for each sector (Nace 10) of the variables used in the present study.
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two largely separate sets of variables, confirming
the approach discussed in section 3 above, that
has led us to propose two distinct models.

In order to estimate the two models for
product and process innovation, we build on
these preliminary results by dropping insignifi-
cant variables and by computing, for the
regression pooling all firm size classes, the OLS,
FE, QUE RE and MINQUE RE estimators. We
perform a Hausman test to detect whether the
FE estimator is better than the RE estimator,
concluding that the random effect estimator
better suits the data for both the product and
process innovation models (Tables V and VI).

In order to exploit the computational
advantages of the RE estimators without

incurring into misspecification problems, we
support our estimates with an Standardized
Lagrange Multiplier (SLM) test9 for each of the
components of the error, in order to check
whether group variances were significantly dif-
ferent than zero. Following the results of these
tests, we impose the appropriate group variances
to be zero.

We also check for possible biases that can
arise due to endogeneity of the regressors. Once
detected that the RE estimator suits our data
better, we estimate a GMM MINQUE RE
estimator, following Davis (2002). Given that
our dataset is a cross-section of firm size classes
within sectors belonging to different countries,
we used an instrument set very similar to that
used by both Berry (1994) and Davis (2002),
both dealing with cross-sectional datasets.

In order to identify the coefficients of the
estimated model they partitioned their data into
nests and, for each observation, they instru-
mented their regressors by using the data of the
other observations belonging to the same nest. In
the same fashion, we divided the ‘‘Nace 22’’
sectors of our dataset (see the Appendix) into
high and low innovation industries, following
the procedure of Crespi and Pianta (2005). For
each country we defined two nests: all the firm
size classes of high innovation industries and all
the firm size classes of low innovation sectors.
Considering 8 countries, we ended up with 16
nests. However, alternative definitions of the
nests (e.g. including only the firms of the same
size class as instruments) did not prove to sig-
nificantly alter parameter estimates. This strat-
egy allowed us to test whether the coefficient
estimates are affected by a large endogeneity bias
comparing the MINQUE RE and the GMM
MINQUE RE estimates.

For example, it is possible to argue that pat-
enting and the introduction of new products are
often two faces of the same coin: a new product
is patented, so one firm is both an applicant and
an innovator. However, this problem can be
easily overcome by instrumenting the percentage
of patent applicants with that of sectors having
similar innovative features, that is belonging to
the same nest as defined above. Another possible
example concerns the percentage of firms aiming
at opening up new markets. Its positive effect on

TABLE IV
The determinants of process and product innovation in

European industries

Process
Innov.

Product
Innov.

Constant 0.29* 0.31*
t-stat. (6.57) (8.70)
Percentage of firms aiming
at opening new markets
or at increasing
market share

0.16* 0.30*

t-stat. (5.78) (9.76)
Percentage of firms aiming
at improving production
flexibility

0.12* 0.02

t-stat. (2.53) (0.47)
Expenditure for
innovation-related
new machinery
per employee

0.52* 0.32

t-stat. (2.24) (1.66)
Percentage of patent
applicants

0.02 0.23*

t-stat. (0.46) (5.13)
R2 0.56 0.78

Dependent variables:
Process Innov.: percentage of firms introducing a process
innovation on the total number of firms by class size and
industry, 1994–1996.
Product Innov.: percentage of firms introducing a product
innovation on the total number of firms by class size and
industry, 1994–1996.
Method: LSDV.
*significant at the 95% level.
Countries: Austria, France, Italy, Netherlands, Norway,
Portugal, Sweden, United Kingdom.
Number of observations: 357.
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product innovation can be interpreted as a sign
that firms aiming at opening up new markets
introduce new products, but it may also be the
other way around: once a firm has a new
product, it wants to open up new markets. So in
order to isolate the exogenous part of our
regressors we instrumented the share of firms
aiming at opening new markets in each firm size
class within a sector with those of the sectors
belonging to the same nest. The same reasoning

has been applied to the other regressors, that
have all been instrumented in this fashion.

Finally, in order to check whether pooling
over the three size classes is a good approxi-
mation and does not impose too much bias on
the coefficients of the regressions, we performed
a Roy-Zellner test after Roy (1957) and Zellner
(1962) and, according to the obtained results, we
have carried out separate regressions for small,
medium and large firms.

TABLE V
The determinants of product innovation in European industries by class size

Pooling Pooling GMM Small Firms Medium Firms Large Firms

Constant 0.13* 0.22* 0.18* 0.21* 0.18*
t-stat. (2.97) (2.06) (2.81) (2.95) (2.67)
Percentage of patent applicants 0.29* 0.19* 0.30* 0.26* -0.01
t-stat. (8.82) (2.35) (2.73) (3.39) ()0.31)
Percentage of firms aiming at opening
new markets or at increasing
market share

0.57* 0.49* 0.44* 0.46* 0.72*

t-stat. (17.18) (7.16) (7.56) (7.37) (11.73)
rl 0.01 0.01 0.02 0.02 0.02
rk 0.01 0.01 0.06 0.01 0.01
rc 0 0.02 – – –
rm 0.01 0.01 0.01 0.01 0.01

Hausman 4.44
p-value (0.28)

SLMl 18.34 8.79 4.80 3.18
p-value (0.00) (0.00) (0.00) (0.00)
SLMk 7.33 2.33 2.34 2.12
p-value (0.00) (0.02) (0.01) (0.03)
SLMc 0.47 – – –
p-value (0.63) – – –

Roy-Zellner 10.28
df1 6
df2 380
p-value (0.00)

J-test for Overidentifying Restrictions 1.06
p-value (1.00)

Dependent variable: percentage of firms introducing a product innovation on the total number of firms by class size and
industry, 1994–1996.
Method: pooling column, three way unbalanced error component model (MINQUE Random Effect); pooling GMM column,
three way unbalanced GMM error component model (MINQUE GMM Random Effect); Small Firms, Medium Firms and
Large Firms columns two way error component model (MINQUE Random Effect). SLMl is the Standardized Lagrange
Multiplier test for rl, SLMk is the Standardized Lagrange Multiplier test for rk, SLMc is the Standardized Lagrange
Multiplier test for rc.
*:significant at the 95% level.
Countries: Austria, France, Italy, Netherlands, Norway, Portugal, Sweden, United Kingdom.
Number of observations: 389.
Number of instruments in the GMM Column: 63.
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6.2. The results for product innovation

Table V shows the results for the estimation of
the model on product innovation. In the first
column, the pooled regression provides an
overview of the key relationships among the
variables. The relevance of a market expansion

strategy and the presence of patenting activity
are all positive and significant.

In order to test for endogeneity, the GMM
estimator is presented in the second column; the
results of the instrumented variables do not
substantially change the results,10 and therefore

TABLE VI
The determinants of process innovation in European industries by class size

Pooling Pooling GMM Small Firms Medium Firms Large Firms

Constant 0.13* 0.14* 0.11* 0.14* 0.14*
t-stat (1.61) (1.63) (2.42) (2.25) (2.04)
Expenditure for innovation-related
new machinery per employee

0.79* 0.64* 0.67* 0.88* 1.57*

t-stat (4.16) (2.20) (2.36) (2.99) (2.21)
Percentage of firms aiming at opening
new markets or at increasing
market share

0.33* 0.34* 0.23* 0.21* 0.49*

t-stat (8.23) (5.36) (3.45) (2.80) (5.88)
Percentage of firms aiming at improving
production flexibility

0.25* 0.23* 0.29* 0.33* 0.16

t-stat (5.14) (3.39) (3.57) (4.29) (1.54)
rl 0.01 0.01 0.01 0.02 0.01
rk 0 0.01 0 0.01 0
rc 0.02 0.02 – – –
rm 0.01 0.01 0.01 0.01 0.02

Hausman 3.03
p-value (0.38)

SLMl 31.60 6.77 12.95 5.10
p-value (0.00) (0.00) (0.00) (0.00)
SLMk 1.46 0.01 2.89 1.65
p-value (0.14) (1.00) (0.00) (0.10)
SLMc 28.28 – – –
p-value (0.00) – – –

Roy-Zellner 11.32
df1 8
df2 377
p-value (0.00)

J-test for Overidentifying Restrictions 1.21
p-value (1.00)

Dependent variable: percentage of firms introducing a process innovation on the total number of firms by class size and
industry, 1994–1996.
Method: pooling column, three way unbalanced error component model (MINQUE Random Effect); pooling GMM column,
three way unbalanced GMM error component model (MINQUE GMM Random Effect); Small Firms, Medium Firms and
Large Firms columns two way error component model (MINQUE Random Effect). SLMl is the Standardized Lagrange
Multiplier test for rl, SLMk is the Standardized Lagrange Multiplier test for rk, SLMc is the Standardized Lagrange
Multiplier test for rc.
*:significant at the 95% level.
Countries: AT, FR, IT, NL, NO, PT, SE, UK.
Number of observations: 389.
Number of instruments in the GMM Column: 97.
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the non-instrumental variable estimators are
preferred. The Hausman test points to the
superiority of the random effect estimator and
the SLM test shows that the variance of the firm
size error component is not statistically different
from zero.

The effects due to country, industry and firm
size differences (shown by rl, rk and rc in
Table V) suggests that most unobserved heter-
ogeneity comes from the variety of country,
followed by that of sectors, without affecting
coefficient estimates.

Finally the Roy-Zellner test rejects poolability
across firm size classes and therefore additional
tests are carried out separately for small, medium
and large firms in the last three columns of the
table. Considering separately the three firm size
classes, we find a general confirmation of the
results, with some qualifications. The coefficients
for small and medium firms appear to be rather
similar, while large firms have a more distinct
behaviour. The strategy of opening new markets
is a key factor for product innovation in large
firms, where patenting loses its significance. For
larger firms, with greater financial resources, a
market power strategy may be dominant over a
technological strategy based on patent applica-
tions, which appear to be less associated with the
effective introduction of new products.

6.3. The results for process innovation

Table VI shows the findings for process inno-
vation. In the pooled estimation, the aims of
production flexibility and opening new markets,
and the expenditure for innovation-related
machinery are positively and significantly asso-
ciated with process innovations, confirming the
expectation of our model.

The test for endogeneity, with the GMM
estimator in the second column, shows that the
instrumented variables do not substantially
change the results11, and therefore the non-
instrumental variable estimators are again
preferred.

The Hausman test again prefers the RE
model to the FE one. The SLM test supports a
zero variance restriction for the sector error
component, and the values of rl, rk and rc

show that most unobserved heterogeneity comes

from differences in firm size, followed by those
among countries, without affecting coefficient
point estimates.11 Again, pooling is rejected by
the Roy-Zellner test, and separate regressions
for firm size classes are carried out.

Greater similarities emerge between small and
medium-sized firms than between them and
larger ones. For introducing new processes, the
former ones rely more on strategies for pro-
duction flexibility. Large firms, on the other
hand, show a greater role for the acquisition of
new machinery and for strategies aiming at
opening new markets, pursued through the cost
reductions made possible by new processes. This
last finding is convergent with that of the pre-
vious table, and points out the importance of
market power strategies for large firms when
introducing both product and process innova-
tion. For large firms only, to some extent, the
distinction between the two may be less rele-
vant.12

7. Conclusions

The results provide solid evidence on two
important dimensions of the innovation-firm
size issue: the differences in the determinants of
product and process innovation, and the pat-
terns emerging across firm size in European
manufacturing industries. Both are made possi-
ble by the use of innovation survey data that
provide a variety of detailed measures of firms�
innovative activities and performances. More-
over, our study has suggested improvements in
the econometric techniques that are most
appropriate to detect whether industrial un-
observed heterogeneity has an effect on the
parameter estimates or on their variability, and
to deal with endogeneity.

The first finding confirms the conceptualisa-
tion of the differences between strategies of
technological competitiveness relying on new
products, and those of active price competitive-
ness, based on new processes. While product
innovation is explained by a growth-oriented
strategy, described by the relevance of firms
pursuing new markets and carrying out patent-
ing activities, process innovation is associated to
the acquisition of new machinery, the restruc-
turing of production, based on a search for
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flexibility and on strategies of market expansion.
These distinct models identify two trajectories
for innovation that are largely separate from
one another, although some complementarities
exists and they are stronger for large firms.

The second finding is that firm size does
matter in identifying the determinants of both
product and process innovations (and in fact
pooling was never accepted in our tests). While
small and medium sized firms (below 249
employees) largely behave in similar ways, with
patenting leading to new products and the
search for flexibility leading to new processes,
innovation in larger firms appears to be
characterised by a crucial role of market
expansion strategies, with the acquisition of new
machinery having a major effect in the case of
process innovations. These are the specific
mechanisms that can be identified in European
industries behind the evidence that large firms
perform better than medium sized and small
ones in both product and process innovations.

The main policy implications of these results
are that innovation policies should explicitly
identify their major objective and target group
of firms. First, efforts for stimulating new
products should favour the strategies of market
expansion by firms, through, for instance, an
expansionary demand policy, organisation of
new markets and targeted procurement. At the
same time, when innovation in small and med-
ium sized firms is targeted, the effectiveness
shown by patenting in the introduction of new
products suggests a strong policy potential of
actions stimulating research and invention
efforts by SMEs. This appears to be particularly
important in countries, such as in Southern
Europe, where SMEs and low innovation
industries are over-represented, and the indus-
trial structure has a relative weakness in the
innovative activities capable to support the
introduction of new products and the growth of
new markets (European Commission, 2003).

Second, a policy for greater industrial effi-
ciency based on new processes should rely – as it
already does in many countries – on the role of
the acquisition of new machinery incorporating
process innovations, via incentives and credit for

such investment. While such a mechanism has
appeared to be effective for large firms in
particular, it could be equally effective for
SMEs, once appropriate policy tools and
financial arrangements are put in place. New
processes are often the results of strategies
searching for greater flexibility and organisa-
tional change in firms. This is the typical path
followed by SMEs that have less complex
organisations and can develop strong network
relationships. Policies in this direction could
provide firms with greater access to knowledge
and to more skilled labour, taking advantage of
the complementarities with ICTs pointed out by
the large literature on skill biased technical
change (see, for instance, Berman, Bound and
Machin, 1998). In parallel, favouring the diffu-
sion of new organisational arrangements (see,
for instance, Black and Lynch, 2001) could
contribute to spreading in large and small firms
new and more efficient production processes.
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Appendix

Data

The data used in this paper come from the SIEPI-
CIS2 database produced at the University of
Urbino, a product of the SIEPI project ‘‘The
structure of innovation and economic perfor-
mance indicators’’ partly fundedby theEuropean
Commission (contract HPV2-CT-2002–00017).
National sources have provided innovation
indicators from the CIS2 (Second Community
Innovation Survey for 1994–1996) for 22
industrial sectors – Nace Rev.1 subsections – and
for 10 European countries – Austria, Germany,
France, Italy, Norway, Finland, Spain, Sweden,
theNetherlands and theUK.Data were available
for three size classes: 20–49 employees; 50–249
employees; 250 employees or more.
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The sectors included are the following:

1. Food and Beverages (Nace Rev. 1 classes 15);
2. Textiles, Dressing and Leather (17);
3. Wearing Apparel, Dressing and Dying of Fur

(18);
4. Leather, Leather Products and Footwear (19);
5. Wood and Products of Wood and Cork (20);
6. Pulp, Paper and Paper Products (21);
7. Printing and Publishing (22);
8. Coke, Refined Petroleum Products and Nu-

clear Fuel (23);
9. Chemicals and Chemical Products (24);

10. Rubber and Plastics Products (25);
11. Other Non-Metallic Mineral Products (26);
12. Basic Metals (27);
13. Fabricated Metal Products, except Machinery

and Equipment (28);
14. Machinery and Equipment, (29);
15. Office, Accounting and Computing Machinery

(30)
16. Electrical Machinery (31)
17. Radio, Television and Communication

Equipment (32);
18. Medical, Precision and Optical Instruments

(33);
19. Motor Vehicles, Trailers and Semi-trailers (34);
20. Other Transport Equipment (35);
21. Manufacturing NEC (36);
22. Recycling (37).

The dataset has many missing values, mainly
due to the privacy policy of the statistical offices
taking part to the CIS2 survey.

Methodology

In order to have a better grasping of the
methodological procedure we adopted, it is
worth considering Table VII, that refers to the
model explaining product innovation. As a first
step we performed an OLS estimation. The
results are very nice: all the variables are posi-
tively correlated with product innovation and
they all have a high level of significance. How-
ever, the niceness itself of these results is suspi-
cious as Moulton (1986) showed that OLS

standard errors can be downward biased in
presence of unobserved group variables.

In order to detect if unobserved group vari-
ables generate correlation between the regres-
sors and the error term or within the error term
and to check for model misspecification, we
computed the FE and two RE estimators. The
result is that the FE and the RE estimators are
not far from one another implying that the latter
two better fit the data – as showed also by the
two Hausman tests computed both for QUE
and MINQUE – and also that specification er-
rors do not cause any harm. Therefore, we

TABLE VII
The determinants of process innovation in European

industries by class size: pooled model, various estimators

OLS WTN QUE
RE

MINQUE
RE

Constant 0.12* – 0.15 0.14
t-stat (5.72) – (1.33) (1.78)
Expenditure for
innovation-related
new machinery per
employee

0.81* 0.70* 0.71* 0.73*

t-stat (3.17) (3.56) (3.63) (3.78)
Percentage of firms
aiming at opening
new markets or at
increasing
market share

0.37* 0.31* 0.31* 0.31*

t-stat (7.31) (6.83) (6.93) (7.21)
Percentage of firms
aiming
at improving
production flexibility

0.26* 0.24* 0.25* 0.25*

t-stat (4.45) (4.83) (4.88) (4.93)
rl 0.02 0.01
rk 0.01 0.01
rc 0.02 0.01
rm 0.02 0.01 0.01 0.01
Hausman 2.93 3.03
p-value (0.40) (0.38)

Dependent variable: percentage of firms introducing a
process innovation on the total number of firms by class
size and industry.
Method: OLS, WITHIN, MINQUE RE, QUE RE.
*Significant at the 95% level.
Countries: Austria, France, Italy, Netherlands, Norway,
Portugal, Sweden, United Kingdom.
Number of observations: 389.
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concluded that the Random Effect model is the
most suitable for the datasets used in this paper.

Notes

1 In the third EU Community Innovation Survey, for the
years 1998-2000, 41% of all EU firms were successful
innovators, of which 23% were both product and process
innovators; 10% innovated only in products and 7%
innovated only in processes. In the second EU Community
Innovation Survey, for the years 1994–1996, used in the
empirical analysis of this paper, 51% of firms were inno-
vators, of which 31% were both product and process
innovators; 13% innovated only in products and 7%
innovated only in processes (European Commission-Euro-
stat, 2001:20; 2004:18).
2 Similar results were obtained in the case of Swiss firms
by Arvanitis (1997) and of Dutch firms by de Jong and
Vermeulen (2004
3 Also known as LSDV.
4 It is also worth recalling that sticking to a fixed effect
estimator when the Hausman test favours the random effect
estimator would be against the general econometric prin-
ciple of ‘‘love for parsimony’’, as one includes dummy
variables when they are not necessary. This would imply
judging the significance of the regressors on the ground of
biased standard errors, loosing degrees of freedom and
trying to extrapolate economic information from dummies
that are often estimated on the basis of few observations
only.
5 It is also worth recalling that Davis (2003) provided a
multiway system ECM estimators for unbalanced datasets.
6 In its MV3 variant, as labelled by Davis (2002).
7 Davis (2002) performed Montecarlo Simulations and
concluded that the maximum likelihood estimator (MLE)
is computationally more intensive, has a higher mean
squared error than RE estimators when the group vari-
ances are different from zero, but offers huge advantages
when some of the group variances are equal to zero. The
FE estimator displayed a much worse performance than
all alternatives.
8 It should be emphasised that the EU CIS boundaries of
firm size classes differ significantly from other classifica-
tions. In Acs and Audrestch (1988) small firms are those
with less than 500 employees; van Dijk et al. (1997) defines
small firms as those from 10 to 100 full time equivalent
employees.
9 After Moulton and Randolph (1989).
10 It is worth noting that the J-test did not reject the
overidentifying restrictions.
11 Further tests of the models have been carried out
introducing dummy variables for industries, when the
SLM test did not find a significant variance for the
industry error component, and the results show little
change. The sectors with an above average impact include
for process innovation and small firms Manufacturing
NEC and Recycling; Wood, Pulp, Paper, Publishing and
Printing; Rubber, Plastics and other Non Metallic Min-

eral Products and Food and Beverages. For process
innovation and large firms they include Food and Bev-
erages; Coke, Refined Petroleum Products, Nuclear Fuel
and Chemicals; Basic Metals and Fabricated Metal
Products; Transport Equipment and Manufacturing NEC
and Recycling.
12 An interesting addition is the interpretation of the
size of the estimation coefficients. If we consider the
results for process innovation in large firms, the lowest
values of the variables are found for Norway in the
sector ‘‘Wood, Pulp, Paper, Publishing and Printing’’;
here the percentage of firms introducing process inno-
vations was 8%, and this outcome was associated to
e1096 per employee spent for new machinery related to
innovation, and a percentage of firms aiming at opening
new markets or at enlarging their market share that was
14% only. If we consider the equations of the model, we
can observe the quantitative effect of each coefficient. If
expenditure for new machinery had been equal to the
average value of e 1934, then the associated percentage
of firms introducing process innovations would have
moderately risen to 9.32%. By the same token, if the
percentage of firms aiming at opening new markets had
been equal to the average value of the sample, 54%,
then the associated percentage of firms introducing
process innovations would have substantially increased
to 27%.
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